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Preface

Dear Participant,

We would like to welcome you at GraphiCon’2012, a leading international conference on com-
puter graphics, computer vision, image and video processing in Russia. The 22nd event is hosted
by Lomonosov Moscow State University on October 1-5, 2012. This year we have a great pro-
gram consisting of keynote presentations and scientific papers, carefully selected by International
Program Committee, and a special poster section of of young scientist school. The International
Program Committee was formed of 53 members representing 10 countries from all over the world.
Being top experts in the respective areas, all of them have done a tremendous job reviewing on
average 3 papers out of 80 submitted. We express thanks to the committee members, who served
at a considerable personal sacrifice and with impressive collective wisdom. The final decision was
based on at least two reviews of each manuscript and ended up with 48 works selected for oral
presentation. Also 11 papers will be presented as posters at young scientist school. Keynote
presentations are made by Marina Gavrilova (University of Calgary, Canada) and Dmitry Vatolin
(Lomonosov Moscow State University, Russia). Keeping traditions, GraphiCon’2012 has not only
scientific, but also extensive educational program, which is organized in cooperation with NVidia
and devoted to computer graphics programming on modern hardware. We would like to thank our
sponsors - Russian Foundation for Basic Research and Russian Academy of Sciences, volunteers
organized by Graphics and Media Lab, Faculty of computational mathematics and cybernetics,
Lomonosov Moscow State University, and everyone who made this event happen.

We do hope you will enjoy the conference,
Anton Konushin, on behalf of GraphiCon’2012 Organizing Committee






Technical section (English)

GraphiCon'2012

October 01-05, 2012
Moscow, Russia



The 22nd International Conference on Computer Graphics and Vision

Interactive Camera Distortion Correction

B. Kh. Barladyan, L.Z. Shapiro, I.V. Valiev, A.G. Voloboy
Keldysh Institute of Applied Mathematics RAS, Moscow

Abstract

Here interactive software and algorithm of camera distortion
correction is considered. Elaboration of the camera distortion
correction is needed during car parking system design. Specific
algorithm representation as the set of six scale coefficients tables
is introduced. This representation takes into account specific of
cameras used in automobile industry and possibility of hardware
implementation of given interactively created algorithms. The
goal of the interactive software is to provide to car parking system
designer a tool for elaboration of camera with desirable
(reasonable) distortion. The scale coefficient tables are transferred
to camera manufacturer for designed camera creation.

Keywords: parking camera design, camera distortion, distortion
correction, lens design

1. INTRODUCTION

Using different cameras especially reversing cameras in the car
parking system becomes almost standard in modern cars. There
are a large number of manufacturers offering such system on the
market [1, 2 and 3]. These cameras have wide-angle objective
about 180 degree or even more to provide maximal visible area.
Typically only horizontal extra wide angle is needed in parking
systems. Moreover requirements to the visibility of the lower and
upper hemispheres are different. Typically the visibility of the
lower part of hemisphere is the most essential in parking systems
from the driver point of view. So camera makers design cameras
with asymmetrical view field. In common case view field may be
asymmetrical in horizontal direction also. It is reasonable
approach for cameras placed on the left and right bumper sides or
on side rearview mirror. The cameras with such extra wide angles
and asymmetrical view field unavoidable have large distortions, in
common case asymmetrical ones, which should be corrected to
better environment understanding by car driver. There are a
number of algorithms about distortion correction [4-9]. Some of
them are implemented in commercial software [10-12].

During design of parking system developers tune the camera
position and orientation, taking into account the given car
specific, select cameras with appropriate optical and electric
specification. To provide maximally useful and effective overview
of critical areas around the car the parking system designers
would like to have custom distortion correction for used cameras.
In general cases this correction can have own specific for each
camera depending on the camera position. Some areas in the
image should be magnified and other ones should be reduced.

The parking systems become currently a mass product, so the
most reasonable and effective solution becomes embedding of
distortion correction algorithm directly in the camera electronics.
Camera makers can now implement almost any distortion
correction algorithm in camera image processing but the
algorithm for given specific camera should be elaborated by
parking system designer and passed to the camera maker company
in acceptable form. It should be pointed that in some practical
cases camera distortions cannot be completely corrected in
principle. Typical example is the camera with the view angle
more than 180 degree. So the task of parking system designer is
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elaboration of camera image in form optimized to control the car
vicinity by car driver but not distortion correction itself. It is the
main purpose of utility where suggested algorithm was
implemented.

2. SCALE ALGORITHM REPRESENTATION

Taking into account possible asymmetric of camera distortions,
the default image produced by camera is split from correction
point of view on four parts by vertical and horizontal axes. The
axes intersection point is the fixed point of distortion correction —
the position of this pixel is not changed during correction. For rest
pixels two type of scaling coefficients are defined. For vertical
distortion the scale in given image point is defined as the function
of X coordinate — ScaleY(x). These functions are defined
separately for upper and lower sides (relatively to horizontal
splitting axis). Addition scale function ScaleY(y) defines the scale
coefficients as the function of coordinate y independently of x
coordinate. Applying the scaling of the all these three functions
does not move the pixels along horizontal splitting axis. The same
three functions are defined for horizontal image scaling —
ScaleX(y) for left and right image sides and ScaleX(x). Example
of User Interface implemented in our software where these three
functions in the table form can be set for image with resolution
800x600 is shown on Fig.1.

—Vertical distortion

I Scal v Scal
A=) T Sndewbeforbosdes || > = oo
~Upper sidh Lower sid
™ Smooth ¥ Smooth Pixel | Scale val
Pixel | Scale va~ Pixel | Scale val 0 1
1| 0513001 1 1 2 poo 03
2 |00 0577038 2 |200 254046 S ald 1
3[40 0671846 3[40 161382
4 [em0 0930835 _ 4 |sm0 1
<] | <] | Ll G
| Horizortal distortion
— ¥ Scal v Scal
ol ===t I~ Single table for both sides ol ===t I~ Smooth
- Left sid Right sid
I Smocth I Smooth Pixel | Scals valus
Pixel | Scale val Pixel | Scale val | 1 !
11 1 11 1 2 400 1
2 |s00 1 I E 1 3 |80 1
3 |40 1 3 |as0 1
4 [em0 1 4 [sm0 1
1| 1ol || 1] | ‘ l

Fig.1. Example of six scale tables.

Scale coefficients are defined for some set of pixels and are
interpolated between them. By default linear interpolation is used.
Apart linear interpolation the spline interpolation can be applied
as well. Scale functions are displayed in the graphical form as it is
showed on Fig. 2. Also it is possible to use the same scale
function for both image sides (horizontal or vertical).

Interface, presented on Fig. 1, provides edition of all six scale
functions. So, practically arbitrary distortion correction can be
created in this way.

GraphiCon’2012
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Fig.2. Scale function graphs.
3. DIRECT IMAGE CORRECTION

Specification of distortion correction in numerical form is not
very convenient for parking camera system designer. It is more
desirable to provide interface directly on image, so that user can
move the image point from one position to another one, while the
scale functions will be created for this correction automatically.
This feature was provided in our software (Fig. 3).

In direct image correction mode the auxiliary grid provides
convenient visual control how current distortion functions affect
on original image. A designer can select color and step of this
grid. Green contour provides presentation of original image size.
Also it is possible to directly move selected pixel to the new
position by mouse drag and drop. Application provides
appropriate changes of scale tables and real time image correction.
Additional slider provides convenient control of scale along X or
Y axis according selected line in appropriate ScaleY(y) or
ScaleX(x) table.

| B

| N T =
Scale along ¥ (150)

[ Resulting image

_—
[] Contour [7] Grid E] Grdstep |33 m

Fig.3. Direct image correction.

But this feature elaboration was rather complex because automatic
creation of scale functions has various reasonable solutions. The
image scale in horizontal and vertical directions can be considered
independently due to selected correction algorithm representation,
but scale in each direction in general case depends on two
functions. In horizontal direction, for example it is ScaleX(y) and
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ScaleX(x). It is hard to find reasonable and transparent for a user
proportion between these two functions of given image pixel
moving. Moreover the new X position of pixel is determined by
integral of ScaleX(x) from zero (Y axis) till its initial X
coordinate (see details of algorithm below). So the movement of
pixel can be achieved using different ScaleX(x) function. Only
corresponding integral is essential. Due to this reason the direct
image correction in our system affects on ScaleX(y) and
ScaleY (x) functions only. Even with this restriction the task is not
trivial as it is described in algorithms details below.

4. CORRECTION ALGORITHM DETAILS

4.1 Smoothing algorithm

The third order polynomial was used for smooth interpolation of
scale coefficients between points of definition. To provide really
smooth interpolation it is desirable that extreme points
(maximal/minimal scales) in linear interpolation are to be extreme
points of spline interpolation. In another words the interpolation
should be monotony between node points. This requirement is
provided in described below algorithm by special definition of
derivations in knot points.

The segment of the original polyline between all the pairs of
"knots" (x;, y;) and (Xj+1, yi+1)is smoothed by the third order
polynomial qi(x), where
Qi(X§+1) = CIi+1(lXi+1) = Yinl
Qi(Xi+1) = qir1(Xis1)
The third order polynomial q(x) for which

qx) =y
qx2) =2
q'x) =k
q'(x2) =k,

can be written in symmetrical form
q=(-t) -y, +t-y,+t-(1-t) - (a(1-t) +bt)
where
t=(x-x1)/(X2-Xp)
a=kl - (X2-x))-(y2-y1)
b=-k2-(x2-x)) +(y2-y1)
The derivatives in the knots are defined as followed:
1. For the first knot:
ki=@2-y1)/ (x2-%1) (D
2. For the last knot:
kn = (Yn - Yn-l) / (Xn - Xn-l)
For intermediate knots:
ki=0ify; <y andy; <y 2.1)
ki=0ify; 2y andy; 2yin (22)
ki = (Yi1 - Yi.1) / (Xi+1 - X;.p) for all other cases.  (2.3)
The derivations definition 2.1 and 2.2 provides that extreme
points of linear interpolation remain extreme one for smooth
interpolation also.
4.2 Output image smoothing

The scale tables described above describe transformation of any
point from original image to the corrected one, but both images
are discretized ones, i.e. consist of pixels. So we have some
freedom how pixels of output image will be constructed from
original ones. The described below algorithm was constructed to
provide relatively smooth image and minimize moiré and aliasing
effects.
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In general case the original image pixel will change its form in
output image. It will be scaled depending on its X and Y
coordinates. Scale of any pixel which don’t have its own value in
the table is calculated as a linear or smooth (see p. 4.1)
interpolation between the nearest lower and higher values.

Y min

¥ max

X min

Y max

Fig.4. Scaling a pixel
Calculated coordinates of each pixel vertex after scaling and its
bounding box drawn by red color are shown on Fig4. We
consider this bonding box as scaled original pixel which color
should be put to the all pixels of new (output) image, which it
covers as it is shown on Fig. 5.

Mew pixel

Colori
Color2

N

Cld pixels

Area? 45\————_

Fig.5. Color setting for a new image pixel.

It should be taken into account that scaled pixels (initial, “old”
pixels on the Fig.5) can have overlapping due to extension by
bounding box described above. Finally, the color of output is
calculated as the weighted sum of initial pixels colors with weight
of intersection area of old pixel with new one.

The result of image scaling for some test example is shown on
Fig.6.

Original image Corrected image
Axes locaton:
X = 100; ¥ = 100
Scals(x), upper side Scale(x), lower side Scale(y), left side Scale(y). right side
Pixel [ Scale vaue | Pixel | Scale value | Pixel | Scale vae | Pixel [ Scale value |
1 1 10 |1 1 I 1 10| |4 1 10
100 15 |2 100 15 100 05 100 05
3] D E 20 10 0 10 [30] 19

Fig. 6. Result of image scaling.
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5. DIRECT IMAGE CORRECTION ALGORITHM

The procedure assumes that the user will move any pixels from
one position (start position) to another one (end position). And the
algorithm should calculate such scale transformations so that
original pixel (correspondent pixel of non-scaled picture) will be
moved to the selected end position. This task includes two sub-
tasks:

e  determination of initial pixel position by its start
position on the current scaled image;

e  calculation of new scale table described in p.2. (or
correction of the current one) which moves pixel from
initial position to the end one.

5.1 Calculation of initial pixel

The new (transformed) pixel coordinates (xn, yn) are calculated
from the original (x,, y,) ones by the following formulae:

xn(xo: YO) =Xg + (xo - xa) . Sxy(yo) : f;;o Sxx(x)dx (3)
Yn(X0,Y0) = Ya + Vo — Ya) Syx(xo) : f;::) Syy(}’)dy 4)
Here:

Xo,Y, are original pixel coordinates;

® X,y are transformed (scaled)pixel coordinates;
Sxy» Sxxs Syx» Syy are scale functions defined in p.2;
® X, Y axis position

Y. - X axis position

5.1.1 Area subdivision and scales description.

The scale functions definition in table form described in p.2
subdivides the initial pixel image into rectangular cells. The
horizontal bounds of these cells will be y-lines passed throw the
pixels where scale functions S,(y) (left and right) and S,,(y) are
defined. The vertical bounds of these cells will be x-lines passed
throw the pixels where scale functions Sy,(x) (upper and low) and
S.x(x) are defined.

Let the bounds of i-th rectangle are Xmini, Xmaxi, Ymini and Ymaxi
Inside this rectangle we can represent integrals in (3) and (4) as:

[ Sex(dx = [[M M S (Odx + [0 Sp(0)dx (5)
f;,‘z) Syy(y)dy = f;;mmi Syy()’)dy + f;i:mi Syy(y)dy (6)

Taking into account that the S,(yo) is constant for given y, and
the Sy (Xo) ) is constant for given X, the scale transformation of
initial pixel (X, yo) to the scaled one (x,, y,) has the two following
properties:

Property 1.

If 'y, = const and X, < X, then x,; <Xpp. If y, = const and x,; > X2
then x,; > Xp. So in this case X,(X,) is monotone increasing
function. If follows from (3) and (5).

Property 2.

If x, = const and y,; <y, then y,; <yp. If X, = const and y,; > yo»
then y,; > yp. So in this case y,(y,) is monotone increasing
function. If follows from (4) and (6).

From properties 1 and 2 follow that the maximal and minimal
values of scaled coorfinates x, and y, will be achieved on the
scaled boundaries of original rectangular boundaries.

Moreover the maximum and minimum of x, will be achieved on

the rectangle vertices. If we set X, = Xy then from (3) and (5) we
have:
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Xn(Xmini» YO) =x, T Ky~ Sxy(Yo) (7)
where

K1 = (mini — Xa) * f;;mim Sxx(x)dx,

and the S,(y,) is monotone function of y, inside the given cell
(see p.4.1). So the minimum and maximum of (7) will be
achieved on the segment ends. The same statement is true for X -
Xmaxi and finally for y,,

Taking into account all these properties of scale transformation
we implement the following algorithm for calculation initial (x,
yo) pixel from (x,, y,) scaled one:

5.1.2 |Initial pixel finding algorithm.

1. Create the list of bounding boxes of scaled rectangular cells
described above. Transformed original rectangular cells will be
curved one in general case (see Fig. 3, for example) and so
bounding boxes of scaled rectangular cells will be overlapped.
Due to this reason the given scaled pixel can belong to the several
bounding boxes simultaneously.

2. For each cell from list try to determine initial pixel by the
following way:

3. If the given bouning box does not include (x,,y,) then go to the
next one.

4. Calculate scaled (X,1,yn1) pixel for center of original cell. If the
distance from (Xp1,yn1) pixel to the (X,,y,) one is lesser than 1 then
original pixel is found, (x,,y,) is center given original cell.

5. If width and height of original box is lesser than 1 then original
pixel can not be found in the given cell. Go to the next bounding
box.

6. Divide given original box on two ones by division of width or
height in half. For each half calculate box of scaled cell. For each
half cells execute pp. 3-6.

In the result we have calculated the initial pixel position.
5.2 Scale table correction

As it was pointed above the correction will not touch the S, (x)
and S,(y) functions and so the correction will be done for S,(y)
and Sy,(x) only. Corrections for S, (y) and Sy(x) can be applied
independently. So consider the S, (x) only. Firstly consider only
the linear interpolation between node points. One scale segment
for S,(x) is represented on the Fig. 7.

/ ds1
(ds
//
<0 5 s1
x0 a x1

Fig. 7. Segment of scale function.

Here the movement pixel along x = a coordinate is considered.
The point a belongs to the (x0,x1) segment. Let us denote the
scale values and its variation at the ends of the segment as s0, s,
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dsO and ds1 correspondingly. The scale and scale variation in the
point a denote as s and ds. We want to determine correspondent
changes dsO and ds1 which provide ds changing in the point a in
the linear interpolation case.

For simplicity, we will use the dimensionless coordinates.
Letx0=0and x1 =1,al =(a-x0)/(xI - x0).
Due to the linear interpolation we have:
sO-(l-a)+sl-a=s
(s0+ds0) - (1-a) + (s1+dsl) - a= s+ds

So

dsO-(1-a)+dsl-a=ds ®)
We should determine dsO and dsl via ds and a. Let us will find
solution in form:

dsO =ds - fy(a); dsl =ds - fi(a). )
From (8) and (9) we have
fo(a) - (1-a) +fi(a) -a=1; (10)
From (9) and (10) we have the following boundary conditions:
f(0)=1; fi(1)=1.
fo(1)=0; £(0)=0.
We also naturally suppose functions symmetry:
fo(a) =fi(1-a) (11

From (10) and (11) also followed that
£,(0.5) =1£,(0.5)=1
So finally we have the following conditions
{fo(o) =1 f(05) =1 f,(1)=0; (12)
fi(0)=0; f£1(05)=1 D=1
There are many functions which satisfy to these conditions. For
example we can determine fy(a) on [0.5, 1.0] as any function
decreasing from 1.0 to 0.0. In this case fj(a) will be determined on
[0, 0.5] by (11). Then we can determine fy(a) on [0, 0.5] by
substituting fi(a) in equation (10) and solving it for fy(a). We
conider the following two variants of solution:
5.2.1 1st variant of solution.

Let

fo(a)=2-(1-a)on[0.5,1] (13)
and so from (11)

fi(a)=2-aon[0,0.5] (14)

From (10) and (13) we have
fl(@)=(1-2-(1-a)’)/a on[0.5,1]
and from (10) and (14) we have
fo(a)=(1-2-a%/(1-a) on[0,0.5]

And finally:
_(1-2-a®/(1-a), on [0,0.5]
fola) = { 2-(1—a), on [0.5,1]
_(2-q, on [0,0.5]
AO={0 20 a—amya s ]

Both functions has the same maximum ~1.172 in points 1 — 0.5
and V0.5 appropriately.
5.2.2 2nd variant of solution.

Let us will find the solution in the parabola form fy(a) = k2 - a® +
k1l - a + kO on [0, 1]. According (12) this parabola should pass
through the points (0, 1), (0.5, 1) and (1.0). These restrictions
completely define parabola coefficients:

foa)=-2-a>+a+1 on [0,1]
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From (11)

fia)=-2-a>+3-a on [0,1]
fy(a) decreases from 1.0 to 0.0 on [0.5, 1.0]
It is easy to check that f; and f; satisfy the (10) equation.
Both functions has the same maximum 1.125 in the points 0.25
and 0.75 appropriately.
The less the function maximum the less will be scale values
variations in the nodes and so the resulted curves will be more
smooth. So we selected parabola for fy() and f() functions.

5.2.3 Spline case.

Described above in p.5.2.2 solution works in linear interpollation
case only. In spline case the task become nonlinear one and can
not be solved analitically. In this case the solution from p.5.2.2 is
used as initial approximation. Let us linear interpollation for given
ds gives (ds0, ds1) solution. Then the non linear solution (ds0",
ds1™) we will find by using the following equation:

ds1" K - ds0", where K = ds1/ds0; (15)
Let us denote the function which calculate the scale variation in
point a by using spline interpollation between scale table nodes as
Fgpi(x), where x is scale variation in left segment point and the
scale variation in the right sement point is defined by (15). Then
ds0" can be found by solving the following non linear equation:
Fyi(ds0™) = ds

We solve this equation by founding the solution inside segment.
The one boundary is defined by linear interpollation
approximation and for the second one is the maximal acceptable
scale if Fg,(ds0)> ds and minimal one in oposite case.

6. RESULTS

Described interactive software was implemented as additional
application (plugin) for CATIA [13, 14] CAD/PDM system. It can
process both with images produced by real cameras and with ones
simulated in CATIA by our products [14]. The plugin provides
real time design of distortion correction algorithm in form of both
scale tables and interactive resulting image modification.
Corrected image is re-drawn during fraction of a second after
parameters changing (Intel Core 2 Q9550 2.83Ghz).

The scale tables described above contains distortion correction
information in a form acceptable for camera creation by the
camera manufacturer. And implemented algorithms take into
account parking system cameras manufacturing specific. In the
result the implemented software provides effective and convenient
tool for car park system designers to develop reasonable
correction of camera images.
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Pose Refinement of Transparent Rigid Objects With a Stereo Camera
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Abstract

We propose a new method for refining 6-DOF pose of rigid trans-
parent objects. The algorithm is based on minimizing the dis-
tance between edges in a test image and a set of edges produced
by the training model with a specific pose. The model is scanned
with a monocular camera and a 3D sensor such as a Kinect de-
vice. The pose is estimated from a monocular image or a stereo
pair. The method does not require a CAD model of the object.
We demonstrate experimental results on a set of kitchen items
essential for any home and office environment.

Keywords: pose estimation, localization, transparent objects.

1. INTRODUCTION

Perception for personal robotics is a wide and important appli-
cation of computer vision. A personal robot is expected to ef-
ficiently interact with the environment. In particular, it has to
be able to detect a specific object in a scene and find its pose
for grasping and manipulation. Recent advances in object recog-
nition and pose estimation [1] demonstrate good results with a
monocular camera for textured objects. SIFT features are used to
find similarities between training and test textured image patches
and then geometric validation is used to filter out false matches.
Since the training set contains 3D coordinates of all features, pose
estimation in this approach is done by solving a PnP problem on
SIFT matches. However if an object has few textured features, lo-
cal descriptors will produce few matches and detection will fail.
Moreover, if only a small part of the object is textured, it will be
detected but there may be a substantial error in the pose estima-
tion. Also, this method does not work with transparent objects.

Both textureless and transparent objects such as cups, dishes, sta-
plers etc. are an essential part of home and office environment.
The problem of estimating the pose of such objects is important
for personal robotics. While recent developments in structured
light sensors such as Kinect shows promising results in finding
the pose of textureless objects, this type of technology does not
work with specular and transparent surfaces. Our work in this
paper is largely influenced by the methods for textureless objects
coming from industrial robotics [2] that use a CAD model of an
object to estimate its pose from a monocular camera by project-
ing the model to a test image and comparing object features with
image edges. While CAD models of manipulated objects in in-
dustrial settings are usually available anyway, CAD models of all
objects in the personal space are hard to capture.

We present an algorithm for refining 6-DOF pose of a transparent
object using edge features. The method does not require a CAD-
model, it needs a 3D scan of an object including a point cloud and
images registered to each other. We show that the method can be
used for accurate pose estimation of transparent rigid objects.

2. RELATED WORK

Transparent objects are very challenging objects in computer vi-
sion because their appearance in an image largely depends on a
background. Also it is hard to capture a 3D model or a point
cloud for transparent objects due to limitations in technologies
of existing 3D sensors and because reconstruction of transparent
objects is still a very hard problem [3].

The algorithm for detection and reconstruction of unknown trans-
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parent objects was proposed in [4]. The algorithm uses two views
of a test scene captured by a ToF camera. The algorithm is insen-
sitive to changes in illumination and it was applied for grasping of
isolated transparent objects by a robot. Grasping was successful
in 41% of reconstructed objects and failed attempts are explained
by errors in objects reconstruction and pose estimation.

The algorithm for pose estimation of transparent objects from
two views of a test scene was proposed in [5]. Accurate pose
estimation was achieved but the objects are required to stay on a
table plane and they should be separated from each other. So the
algorithm is not able to estimate 6-DOF pose.

Kinect sensor is used for pose estimation and recognition of
transparent objects in [6]. However, results are reported only
in case when objects are assumed to stay on a table plane. So
accuracy in case of 6-DOF pose estimation is unclear.

Specularities are important features when working with transpar-
ent objects and there are very promising approaches to pose es-
timation [7, 8, 9] using this cue. However, these algorithms of
pose estimation require a triangulated mesh or a CAD model of
an object and they were evaluated with textureless objects only.

Texture features like SIFT are not suitable when working with
textureless and transparent objects because such objects don’t
have their own texture. Computer vision research [10] and psy-
chological studies [11] show that edges and contours of objects
are important features and they can be used successfully for the
object recognition problem. For example, humans can recognize
objects from rough pencil sketches although texture is missing.
This cue is available both for transparent and textureless objects
and it makes the problem of pose estimation of transparent ob-
jects related to pose estimation of textureless objects.

The problem of untextured pose estimation has a long history in
computer vision. See [12] for a detailed overview of the 2D-
3D pose estimation problem. [13] shows that it is possible to
estimate a pose of a textureless object by using single-view object
detection algorithms. However the 2D object representation used
in this method is viewpoint-dependent, so a set of detectors has
to be trained for different viewpoints. Running all detectors is
infeasible in the general case so pose clustering is used [14, 13,
15], first to make a rough estimation of the pose and then refine
it by running a smaller set of detectors. The pose corresponding
to the most confident detector is returned as an estimation of the
object pose. But the accuracy of this estimation is bounded by
the number of detectors that also defines the computational cost.

General multi-view approaches and a 3D model of an object are
required to balance between the computational cost and the pose
estimation accuracy. The idea to use a 3D representation of an ob-
ject for recognition is going back to early computer vision of 70’s
and 80’s, see, for example, [16]. Approaches [17, 2, 18] utilize
this idea and they can estimate a pose of a textureless object quite
accurately. Algorithms [17, 18] find the closest training pose and
run a local optimization of it using a CAD model of an object.
High-quality CAD-models are hard to obtain and although there
are some CAD-models of typical household objects (like a cup
or a bottle), models are not available for all specific objects that
robots need to grasp in a household environment.

Our approach to pose refinement step is similar to [17, 18] and
also based on edges cue. However, it does not require a CAD
model and it is able to estimate 6-DOF pose of transparent ob-
jects.
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3. PROPOSED APPROACH

To solve the considered problem we divide it to following tasks:

1. Create a 3D model which allows to generate object edgels
(points on edges) for different poses. Our model contains
a 3D object model and a 3D edge model. The 3D object
model is a point cloud of the whole object and it is used to
generate silhouette edges. The 3D edge model is a point
cloud with points on surface edges, that is edges created by
depth discontinuities or texture.

2. Determine a cost function which estimates dissimilarity be-
tween generated edgels and the observed test data and then
minimize the cost function by varying parameters that de-
termine pose of the object.

We will address all of these steps in the following subsections.

3.1 Creation of the 3D model

There are no stable ways to estimate depth or produce point
clouds for transparent objects [3]. So we take a copy of the ob-
ject, paint it with a color and use the painted object in the model
creation pipeline.

The 3D object model is created automatically from the train data.
We scan each object on a planar surface with a Kinect device.
Two fiducial markers consisting of grids of circles are placed in
the field of view to provide accurate registration of frames. Depth
map from Kinect allows us to segment the plane and calculate the
object mask in each image.

We illustrate the algorithm of the surface edge model creation
using a textureless object that has many surface edges (Fig. 1).
First, we extract 3D points that correspond to surface edges in
each frame, then we register point clouds from different frames,
and, finally, we build a surface edge model.

Detecting edges in each frame

1. Find edges on each image of the object using Canny edge
detector . Then find edges of the object by intersecting the
detected edges with the object mask.

2. Select the points from the 3D cloud that correspond to im-
age edges. Our point cloud is interpolated to the size of the
train image and so there is a bijection between 3D points
and image pixels. As a result we get a 3D edge model for
each training image.

Registering point clouds

1. Transform all models to the same coordinate system asso-
ciated with the first frame, using the poses from the fiducial
markers. The corresponding points from different frames
would coincide with each other in the ideal case but there
are always some deviations in practice due to noise (see the
Fig. 2A).

2. Register transformed point clouds. There is a classic and
widely used algorithm Iterative Closest Point (ICP) for reg-
istration of two point clouds [19, 20]. Global approaches
like [21] are used for registration of multiple point clouds
because they can distribute registration error between all
point clouds evenly. We have a good initial alignment of
point clouds using the poses from the fiducial markers so
we have used more simple global algorithm [22] with LM-
ICP [23] to register pairs of point clouds.

Creating a surface edge model

1. Partition all transformed points into groups where each
group corresponds to the same point of the object. This
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allows to get more accurate coordinates of the object point
by its noised observations. Partitioning is done by solving
the problem of k-partite matching which is a generalization
of the bipartite matching for the case of k-partite graphs.
It is known to be an NP-hard problem [24] so we used a
heuristic algorithm based on [25].

2. For each group compute accurate coordinates of the model
point using robust estimation of location [26] e.g. the mini-
mum covariance determinant estimator (MCD) [27]. The
constructed model is given in the Fig. 2B and it repre-
sents edges of the object much better than transformed point
clouds in Fig. 2A.

3. Downsample the constructed 3D edge model. The 3D edge
model of the whole object is given in the Fig. 2C. It con-
tains many close points that don’t give additional informa-
tion. So we keep 10% of points to lower computational
costs of further processing. It is done by a trivial adaptation
of the Douglas-Peucker algorithm [28] for this task. The
downsampled model is given in the Fig. 2D.

It is important to note that as a result of the k-partite matching
the silhouette edges, which presence depends on a point of view,
will be automatically filtered out as they will not have correspon-
dences in different frames.

We group all surface edge points into contours by proximity. 3D
orientation of a contour at a point can be estimated as direction of
the tangent vector to the 3D contour at this point. We do this by
generalizing [29] to the 3D case by means of multi-dimensional
robust statistics [26]. When the model is transformed in 3D
space, orientations of points are transformed as usual 3D points.
We use the contours to calculate the orientation in each projected
edgel that can be used in the cost function.

The algorithm for constructing a silhouette model is similar. We
register dense point clouds that we obtain from a Kinect by using
the same algorithm (ICP registration with the initial pose from
the fiducial markers). The coordinate system origin is placed into
the mass center of the joint point cloud.

In order to guarantee that poses that are close to each other are
produced by close rotation and translation vectors, we place the
coordinate system origin into the center of mass for each of the
objects.

3.2 The cost function

The cost function is defined by comparing detected test image
edges with projections of 3D surface and silhouette edges that
depend on the object pose. Given a rotation and translation of
the object, we transform the point cloud into the test camera ref-
erence frame. Surface edges are projected into the image and
they give us 2D surface edges because transparent objects don’t
have self-occlusions. In order to get silhouette edges, we project
a dense point cloud into a test image, apply several closing opera-
tions to the resulting set of pixels and find the borders of the con-
nected components. These borders constitute silhouette edges.

Now we want to construct a cost function that compares two sets
of edges in an image. Let E = {e; } be a set of pixels that belong
to edges of a test image, 7' = {t;} is a set of the model points
projected into the image plane. One of the most popular cost
functions is Chamfer Matching (CM):

1

dCM(E’T):ngei%nti_ejl" &)
t; €T
where || - || is Eucledian norm. However, mean is not a robust

statistic because a single outlier can affect the final value severely.
Edge detection is an unstable operation that produces a lot of
variation, especially in edge endpoints. In order to overcome this
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Figure 2: Creation of the surface edge model. (A) All train point clouds transformed to the same coordinate system. (B, C) Refined
and denoised point cloud with k-partite matching and robust statistics. (D) Downsampled point cloud which approximates the full model
well.
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issue we use the Partial Directed Hausdorff (PDH) distance [30]:

du(E,T) = K{'cp min ||t; — e;]|. )
ejEE

Here K{'.;(X) is the Kth ranked value in the sorted set X.
Throughout the paper we use K = 0.8|T|, where |T'| is the num-
ber of elements in 7". However, this distance can be set to zero by
placing the object infinitely far away from the camera. It means
the global minimum will be achieved in the incorrect pose for this
distance. So we introduce a Normalized PDH (NPDH) distance:

1 th :
———K{l'p min |[t; — e}, 3
orc e min[lt — el 3

where C' is the covariance matrix of the projections of the point
cloud into the image.

du(B,T) =

Both CM and PDH distances are known to behave incorrectly
in clutter. Oriented Chamfer Matching (OCM) [10] is known to
handle clutter better. However, it is more computationally expen-
sive, so we use NPDH throughout the paper.

The PDH cost function is computed separately for surface and
silhouette edgels. The resulting distances are added with differ-
ent weights: 2/3 for surface and 1/3 for silhouette edges. The
weight for surface edges is higher because surface edges are more
stable: they are constructed by fusing edgels from many training
frames, so we know that each surface edge is found robustly by
the edge detector.

The cost function 3 is minimized by the global optimization algo-
rithm DIRECT [31] from the NLopt library [32] by varying the 6
parameters defining pose of the object: a translation and rotation
vectors.

4. EXPERIMENTAL RESULTS

The algorithm was tested on the base of 5 transparent objects. We
take 5 pairs of kitchen items and paint one object in each pair in
white color to make it opaque because there are no reliable way
to scan a transparent object [3]. We use the painted object to scan
it with Kinect to create object models. Each training sequence
contains 12 frames with different poses of the table relative to
Kinect. The asymmetric circles pattern from the OpenCV library
was used as the fiducial marker to estimate poses between frames.
To create test data we used the corresponding transparent objects
captured by a calibrated stereo pair of Canon EOS 40D cameras
from a distance about 1 meter. Images were resized to resolution
of about one megapixel (1166x778). Each test object is placed
exactly as the corresponding training object relatively to the fidu-
cial marker, so we know the ground truth.

The objective of these experiments it to investigate how accurate
the initial guess about the object pose should be for the algo-
rithm to produce a stable correct result. We ran the algorithm
with many different initial guesses generated randomly. In par-
ticular, the correct pose was translated in random direction on the
specified distance d and rotated in random direction on the spec-
ified angle o. Each experiment with specific values of d and
was repeated 50 times and we take 27 different combinations of
these values. All objects in the test base have rotation symmetry
and this was taken into account when evaluating pose returned by
the algorithm but this knowledge was not used by the algorithm
itself.

The example of the results is given in Fig. 3. Points of objects’
models are colored. They are projected into the image plane us-
ing initial hypothesis of objects’ poses and poses refined by the
algorithm. Initial poses are quite far away from correct poses.
However, final poses are accurate enough for grasping.

We run the algorithm on all 5 objects to see how often the al-
gorithm returns a correct pose. We consider the pose estima-
tion successful if the difference between the returned and correct
poses is less than 2 cm in translation and 10 degrees in rotation.

20

Figure 3: Images from a stereo pair with the projected poses
found with the algorithm, initial (upper row) and refined (bottom
row).

Fig. 4 shows the statistics for all 5 objects. The percent of runs
when the algorithm succeeded is plotted on the y-axis. The chart
shows that if the initial translation error is less than 2 cm, we can
successfully reconstruct the pose in more than 80% of the cases.
Black area in Kinect depth map that corresponds to specular and
transparent surfaces can give us a hypothesis about the object lo-
cation. This information can be used to generate a good initial
guess about the translation vector. If the initial error of the trans-
lation vector is 2cm, the rate of successful reconstructions (aver-
aged over all angles) is 88%, if the initial translation error is Scm,
then the rate of successful reconstructions is 77%. Note that part
of the error comes from poses that are upside-down to the ground
truth: since many objects are close to cylindrical shape, the final
result can put the top of the glass to the bottom.

See more examples at Fig. 5. Also see Fig. 6 for example of the
algorithm failure. The algorithm returned the pose which is up-
side down of correct one because the object has nearly cylindrical
shape.

-4 0.3l Initial translation
—@ 0Ocm
0.2f| #—* 2cm
o1l +—2 5cm
99— 10cm
0% 15 30 45 60 90 120 150 180

Initial rotation angle (deg)

Figure 4: Statistics of the algorithm working on rigid transparent
objects. Pose can be refined successfully if an initial pose is not
very far from the correct pose. The algorithm is robust to incor-
rect initial rotation but it is more sensitive to initial translation.

The proposed algorithm can refine poses of transparent objects in
some cases, but it has several limitations. The approach demands
good initial hypothesis of the object pose, otherwise the search
for the global minimum takes too much time. The algorithm is
unstable in clutter e.g. if the object is surrounded by other ob-
jects. But in the case of low clutter the algorithm works with
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sufficient speed and quality to be applied for pose refinement of
rigid transparent objects.

Another limitation of the proposed method is using a calibrated
stereo pair for generating test images instead of a single monocu-
lar camera. The main obstacle for a monocular camera is ambigu-
ity that cannot be resolved from a single image without additional
assumptions or priors.

There exist significantly different poses that have very good pro-
jections to a test image and it is specificity of transparent objects.
For example, two different poses of an opaque object are shown
in the Fig. 7 and there is no ambiguity between them. However, if
the same object is transparent then there are two different plausi-
ble interpretations of the same projection (Fig. 8) because trans-
parent objects don’t have self-occlusions and all edges are visible.

Figure 7: Two different poses of an opaque object. There is no
ambiguity between them because different edges are visible in
different poses.

Figure 5: Examples of successful pose refinement for different
objects. Left images are initial poses and right images are refined

poses. Only one image from the stereo pair is shown. Figure 8: Ambiguous projection of a transparent object. Two

plausible poses of the object are possible because all edges are
visible on the same image.

We evaluated the algorithm with a monocular camera on the same
dataset using only left images of our stereo test set. The statistics
of pose estimation is shown in the Fig. 9. One can see that there
is a significant degradation of accuracy compared to the stereo

case.
1.0 T T
Initial translation
0.9 e—=e 0cm ||
0.8f : : : —& 2.Ccm
A—4A 5cm
] 0.7t ¢—& 10cm

%15 30 45 60 90 120 150 180
Initial rotation angle (deg)

Figure 6: Example of the algorithm failure due to cylindrical
shape of the object. Two images from a stereo pair are shown:

initial pose (upper row) and refined pose (lower row). Figure 9: Statistics of the algorithm working when using a
monocular camera only. The results degrade significantly com-

paring to the stereo camera due to inherent ambiguity of pose
estimation of transparent objects from a single view.
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5. CONCLUSION

The paper presents the algorithm for refining the 6-DOF pose of
transparent objects. Our method only requires a calibrated stereo
pair during the online stage. Given an initial estimate that has an
error in translation less than 5cm, the rate of accurate pose esti-
mations is higher than 75%. The method allows to grasp trans-
parent objects without using expensive sensors such as TOF cam-

c€ras.
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Abstract

An algorithm for automatic swapped views detection is
proposed. No analogues in literature were found for this
problem solution. It is based on occlusion detection and motion
vectors histogram. The algorithm was tested on 780 frames
from 13 movies. The recall\precision diagrams were constructed
using two parameters. The complexity is estimated. The
drawbacks are analyzed and further directions are proposed.

Keywords: Image Processing, Stereo Vision, Swapped Views,
Channel Mismatch

1. INTRODUCTION

During a film production in some scenes left and right views
can be occasionally swapped. Our goal is to reveal such scenes
in the movies. Actually, this type of artifact is not easily
detectable by human eye from the first look, because when you
see such scene, you understand that something is wrong, but
can’t understand what exactly is. But correctness of views
arrangement can be checked on the basis of foreground-
background segmentation and inter-view optical flow analysis.

Currently we have performed early stage research and
implemented initial version of the algorithm for swapped views
detection.

2. THE MAIN IDEAS

2.1 The necessary definitions

Binocular disparity refers to the difference in image location
of an object seen by the left and right eyes, resulting from the
eyes' horizontal separation. We will call it disparity further.

To estimate disparity we used the Optical Flow (or OF)
algorithm described in the paper[4]. We treated disparity as
motion vectors between views. We will use words “motion
vectors” and “disparity” as synonyms.

By occlusions we mean regions which are presented in only one
view of a stereoimage.

Left-right consistency (or LRC) is the confidence measure for
optical flow [2]. We take the vector A in the point X in the left
image, then we take the vector B in the point A+X in the right
image. In ideal situation B+A should be equal to zero. So the
greater is B+A — the less confident is the vector in the point X.

2.2 Ideas
Two main ideas, which are used in our algorithm:

e The first idea is based on the fact that in the left view
occlusions are always leftwards the object and in the right
view occlusions are always rightwards the object (see
Figure 1).

e The second idea uses the fact that negative parallax regions
are one-third of the zone of stereo comfort perception, and

Russia, Moscow, October 01-05, 2012

positive parallax regions are two-third of the zone of stereo
comfort perception, so by an analysis of disparity
histogram we can say which disparity values correspond to
negative parallax and which values correspond to positive
parallax (see Figure 3).

=

Right view

Figure 1. Here you can see, that on the left view occlusions
are always leftwards the object, and on the right view —
rightwards. The frame is taken from the movie “Pirates of
the Caribbean: On Stranger Tides”.

An illustration of the firsrt idea is presented in Figure 2:

A
Depth *’ f

& ® x

r

Figure 2. Here rays from the left and right cameras and the
motion vector field from the right view to the left view are
shown. You can see that disparity is linearly dependent on

the depth. On the right view disparity value of an object
always is larger than disparity value of background. So,
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objects in the right view will always have occlusions
rightwards (and in the left view - leftwards).

Disparity is linearly dependent on the depth. In the right view
disparity value of an object always is larger than disparity value
of background. So, objects in the right view will always have
occlusions rightwards (and on the left view — leftwards).

So, we can use some edge detector, then count where are more
image edges, rightwards or leftwards the occlusions, and
calculate a probability that a current view is left or right.

But there are some frames, where occlusion are so thin, that
they are not detected by our algorithm, or if they are detected,
we can’t say if edges are rightwards or leftwards them. In such
cases we use the next considerations: if occlusions are thin, then
there mustn’t be foreground objects, which depth is much
different from background depth. We know that negative
parallax regions are one-third of the zone of stereo comfort
perception, and positive parallax regions are two-third of the
zone of stereo comfort perception (see Figure 3).

),
Figure 3. Stereo perception zones. Zone of stereo comfort
perception is marked with green color. You can see that

Histogram of the left view OF

marked occlusions vector field

Histogram of the right view
OF vector field
negative parallax regions are one-third of the zone of stereo
comfort perception, and positive parallax regions are two-
third of the zone of stereo comfort perception.
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So if depth of foreground objects isn’t much different from
background depth we can expect that left view will have more
positive disparity values than negative and right view will have
more negative disparity values than positive. So in such cases a
mass center of the left view disparity histogram must have
positive coordinate and a mass center of the right view disparity
histogram must have negative coordinate (see Figure 4).

Figure 4. An example of OF vector field histograms. You
can see that histograms are almost symmetric. Here we have
thin occlusions and the mass center of left OF vector field
must be rightwards the mass center of right OF right vector
field. taken from the movie “Pirates of the Caribbean: On
Stranger Tides”.

3. THE ALGORITHM
3.1 Steps of the algorithm

1. Preprocessing step: for each view estimate a necessary
data :

e  Estimate occlusions using left-right consistency
thresholding.

e  Estimate image edges using Canny edge detector[1].
e  Estimate image L*a*b* gradient using Sobel filter[3].
e  Estimate a disparity histogram.

2. For each view for each occlusions side (left or right)
calculate a sum of products of:

e occlusion width,
e  Dborder confidence,

e inverted distance between the occlusion and the
boundary of the each occlusion row.

We will call these sums LS (left sum) and RS (right sum)
respectively. So, we obtain four numbers: LS and RS of the
left view (left LS, lefi RS) and LS and RS of the right view
(right LS, right RS).

3. Calculate a confidence sum: confidence sum = left LS +
left RS + right LS + right RS, compare it with the
confidence threshold. 1f it is less than threshold compare
moments of disparity histograms. If it is less than the
distance threshold then views are swapped, otherwise
they are not swapped.

If it is higher than threshold calculate a probability that
views of the current frames are not swapped as (left LS +
right RS) / (left LS + left RS + right LS + right RS). If it
is less than probability threshold then views are
swapped, otherwise they are not swapped.

3.2 The detailed algoritm explanation
1. Occlusions estimation

. We use LRC thresholding and then perform median filtering
of the obtained binary mask.

2. Edge detection

We tried simple and reliable Canny algorithm and it produced
satisfactory results (see Figure 5).We have chosen parameters
for Canny using 30 test sequences from 5 films. In future we
will probably use more complicated versions of edge detector.
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Source frame

Source frame with edges

Figure 5. A source image and an image with marked edges
produced by Canny detector. The frame is taken from the
movie Harry Potter and the Deathly Hallows.

3. Gradient calculation

We use gradient values as a confidence measure for edges. An
example of gradient calculated with Sobel filter is presented in
Figure 6.
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Sobel gradient

Figure 6. An example of Sobel gradient. The source frame is
taken from the movie “Pirates of the Caribbean: On
Stranger Tides”.

4. Disparity histogram

In Figure 4 examples of left and right disparity histograms were
presented. You can see that here we have thin occlusions and
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the mass center of left OF vector field must be rightwards the
mass center of right OF right vector field.

5. Occlusion-based confidence values calculation

In this step we calculate how well occlusions boundaries are
aligned with image edges. We use the next considerations:

e wide occlusions are more confident than thin occlusions

e edges with higher values of gradient values are more
confident

e the closer an occlusion and an edge are — the more likely
the correspond to one object’s border.

6. Decision making

Calculate a confidence sum: confidence sum = lefi LS + left RS
+ right LS + right RS (these values were described above),
compare it with the confidence threshold. If it is less than
threshold compare moments of disparity histograms. If it is less
than the distance threshold then views are swapped, otherwise
they are not swapped.

If it is higher than threshold calculate a probability that views of
the current frames are not swapped as (left LS + right RS) / (left
LS + left RS + right LS + right RS). If it is less than probability
threshold then views are swapped, otherwise they are not
swapped.

So we have two parameters which can be used for algorithm
tuning and recall\precision regulating.

4. RESULTS AND ANALYSIS
4.1 Results

For our test set we took 780 random frames from 13 movies, 60
frames from the each movie. These frames were manually
checked. For our task it is easy to obtain samples with swapped
channels, we need only to swap views of good frames. So we
obtain a test set of 1560 frames — 780 frames with non-swapped
views and 780 frames with swapped views.

We searched for optimal parameter values in order to minimize
false negatives, because our main goal is to find frames with
swapped channels in real films. So in our tests we preferred to
preserve high recall values and in some cases loose in precision.

Results of our tests are presented as recall/precision diagrams.

We run our algorithm on the test set varying probability
threshold from 0.01 to 1.0 with all other parameters fixed and
obtained the recall/precision diagram, which is presented in
Figure

7.
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Figure 7.The recall/precision diagram obtained varying
probability threshold from 0.01 to 1.0 with all other
parameters fixed. The test set included 780 frames from 13
movies.
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We run our algorithm on the test set varying distance threshold
from -2.0 to 12.0 with all parameters fixed and obtained the

next recall/precision diagram Figure 8.
0.99 T T T
0.98 |- ‘ D A
0.07 |- ¥\\I\‘L\; 4
0.96 | B
0.95 A
0.94 - A
0.03 ‘ . ‘ . ‘ .
0.76 0.78 0.8 0.82 0.84 0.86 0.88 . Do
Precision
Figure 8.The recall/precision diagram obtained varying
distance threshold from -2 to 12 with all other parameters
fixed. The test set included 780 frames from 13 movies.
Using our algorithm we have found swapped views in the “The
Smurfs” trailer. It’s frame number 1969 (see Figure 9).

“Right” view in the trailer (which indeed must be the left view)
Figure 9. Here is the frame with swapped views. It’s frame
number 1969 form the trailer “The Smurfs”.

4.2 Perfomance speed

Algorithm was tested on Intel Corei7-2630QM CPU @
2.00GHz, 8 cores, 8 GB RAM. The test set contained 780
frames from 13 films.

An average time of work for one frame:

SD (720x480) resolution: 13.79 sec. per frame.

HD (1280x720) resolution: 51.55 sec. per frame

Now regions overlapping occlusions algorithm is based on
Optical Flow algorithm implemented on CPU, so most of the
time takes Optical Flow computation.

The most time consuming part during the tests was Optical
Flow computation, but our optical flow also has GPU
26

implementation and with adapting algorithm to it we will
increase speed of processing. We expect speed increase near 5—
10 times.

If we apply this algorithm to the whole film, we take only one
frame from a scene, because if views are swaped, they are
swapped for the whole scene.

It would take about 8 hours to process all scenes from the whole
film in SD resolution.

4.3 Further improvements

1. We can combine methods for decision making in a more
complicated way, than simple thresholding.

2. We can use the consideration that a color of pixels in
occlusion must be similar with background color, not
with the object color.

3. There is the fact that on a left view the object with the
lowest depth value must have the highest disparity value
(if we consider disparity as a signed value, not only its
module) and all the way round on a right view — the
object with the lowest depth value must have the lowest
disparity value (see Figure 2). If we detect where an
object is and where a background is, i.e. find out what is
further and what is closer, we can make a decision based
on this knowledge.
We can use rough occlusions produced by Motion
Estimation for the consequent frames (not between
views) and their color similarity with background for
local background/foreground segmentation. Also we can
use segmentation from motion for objects detection.

5. CONCLUSION

An algorithm for automatic swapped views detection is
proposed. It is based on occlusion detection and motion vectors
histogram. The algorithm was tested on 780 frames from 13
movies. The recall\precision diagrams were constructed using
two parameters. The complexity is estimated. The drawbacks
are analyzed and further directions are proposed.
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Abstract

The paper investigates the auto-calibration problem for mobile
device cameras. We extend existing algorithms to get a robust
method that computes internal camera parameters given a series
of distant objects images. The algorithm is tested on real images
generated by several different cameras. We estimate the impact of
errors in camera calibration parameters on the image mosaicing
problem.

Keywords: auto-calibration, stitching, camera parameters, er-
rors effect, real datasets, image mosaicing.

1. INTRODUCTION

The goal of calibration is to determine internal camera param-
eters within the given projection model. The problem arises
in a number of emerging computer vision applications such as
augmented reality, 3D reconstruction, and image mosaicing (or
stitching). As academy and industry becomes gradually more
interested in using mobile devices for computer vision, the im-
portance of phone/tablet cameras calibration is clear.

Nowadays the problem of camera calibration is usually solved
by using special calibration patterns (see [3], [4], [5]). While
pattern-based methods are quite accurate, it can be difficult to
use them due to necessity of taking shots of a special calibration
object like a chessboard. Also, manual calibration harms user
experience that is considered crucial for mobile applications. As
a result software developers and researchers are very interested
in auto-calibration methods.

Auto-calibration is the process of estimating internal camera pa-
rameters directly from multiple uncalibrated images. This area
of computer vision is in active research stage. From one hand
there are papers describing successful attempts of using auto-
calibration methods in practical tasks (e.g. augmented reality,
3D reconstruction, image mosaics, see [7], [8], [9], [11], [12]).
As the topics of these papers aren’t camera auto-calibration it-
self, they don’t contain thorough investigations of the used meth-
ods with numerical evaluation, tested on challenging dataset. As
a consequence, when one faces a computer vision problem that
requires camera parameters, it’s very difficult to select a robust
auto-calibration method and reuse previous results. There is re-
search that is directly devoted to the auto-calibration problem
(see [10], [13]). Unfortunately, these papers either don’t compare
with state-of-the-art pattern-based calibration methods or provide
evaluation for synthetic datasets only. Some of these papers de-
scribe results for real datasets, but obtained under almost ideal
conditions like no noise, no hand shaking, see [13]. So to the best
of our knowledge we are not aware of a research paper that de-
scribes an auto-calibration method and provides sufficient exper-
imental evidence showing robustness for practical applications.

While classical calibration methods are well studied, they suf-
fer from some drawbacks, which follow from the fact that these
methods use some extra information. For instance, there are cal-
ibration methods (see [1]) which require location of vanishing
points (i.e. points where infinite lines are terminated under pro-
jective transformation) as input, but finding of these points auto-
matically is a difficult problem.

This paper shows that under moderate assumptions an autocali-
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bration algorithm for rotational cameras presented in [1] can be
used for practical applications with a necessary pre-processing
step. We evaluate an implementation of the method for both sim-
ulated datasets and real image sequences generated by mobile
phone cameras.

2. PROBLEM STATEMENT

We use the following camera model which describes how a 3D
scene point (X, Y, Z)T is projected into an image pixel with co-
ordinates (u,v)”:

" X
wlv| =K@ |}
1
1
fz 0 ¢
K=(0 fy, ¢
0 0 1

where K is camera matrix of internal parameters (fz, fy are focal
lengths in pixels, ¢z, ¢y are principal point coordinates); 2, T are
camera rotation 3 X 3 matrix and translation 3-dimensional vector
(external parameters); w is scale factor.

The class of auto-calibration methods that we will consider re-
quires an existence of homography mapping between all input
images. The easiest way of generating a sequence of images with
homography relashinship using a mobile camera is to take shots
of distance objects. Hence, within the scope of this paper we will
make an assumption that camera translation 7" is negligibly small
compared to the distance to the objects. We will call a device with
T = 0 a “rotational camera”.

We formulate the auto-calibration problem in the following way:
given keypoints in input images taken by a rotational camera, and
the keypoint correspondences between images, find the camera
matrix K.

3. CAMERA MATRIX ERRORS EFFECT

The estimation of K is never the final goal of a computer vi-
sion application. So, in order to understand how precise an auto-
calibration method has to be, we need to consider a specific ap-
plication. This section contains a theoretical and experimental
analysis for the image mosaicing problem and provides exper-
imental evaluation on the stitching module of OpenCV library
[18]. Throughout this section we make an assumption that f
equals to f, for the sake of simplicity and without loss of gen-
erality, as images always can be scaled to achieve of unit pixel
aspect ratio.

It is possible to stitch images without involving camera matrix.
In that case a user wouldn’t be able to select another surface
for projection except for plane, that can be inappropriate for big
panoramas because of big deformations. A plane projection sur-
face generates deformations in the panorama image are visible
when the vector of camera orientation differs a lot from the pro-
jection plane normal. The most convenient projection surface for
the case of rotational cameras is a sphere.
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Below we analyze warping errors when the projection surface is a
sphere. To compute the error for each image we do the following:

1. For each pixel ¢ = (z,y,1)7 of the source image we find
a ray, passing through the corresponding scene point from
camera center, as r = K 1q, where K is the camera ma-
trix.

2. We find the intersection point (X,Y, Z)T of the ray with
the unit sphere centered at the origin. This point spherical
coordinates u, v after scaling by constant s are point coor-
dinates on the final panorama (s is usually selected being
roughly close to the focal length in pixels):

w=s-tan () )
Y
v=s-(m cos 1(W)) 2)

3. To calculate per pixel error we project points using the
ground truth camera matrix

f(gt) 0 Cégt)

Kt — 0 f(gt) ngt)
0 0 1

and its estimation

f(gt) f(rel) 0 C(xgt) cgrel)
K(est) — 0 f(gt)f(rel) Cglgt)cg(fel)
0 0 1

1 ! .
where f(reD | {reD c(yr'E ) are estimated camera parameters

relative to the ground truth. The distance between two
points obtained using K 9% and K (¢*") is the warping error
in the pixel p.

According to the presented algorithm we first get two ray direc-
tions:

x (gt)

T(gt) — Y(gt) 1

T
o =(K“) |y 3)
7(gt 1

X(est)

7.(6375) — Y(est) 1

X
=(K“) " |y @)
7 (est) 1

Then we use (1) and (2) to get pixels coordinates (u(9%), v(9)T
and (u®*®) v(e)T The differences between these pixel coor-
dinates are:

(gt) (est)
1 Cyx 1,Z Cx
Uerr = S(tan (W) tan (W))
(gt)
Verr = $( cOS 1( Yy S )+
Vo dpe (o
y C(yest)

cos (

Ve 2@y )2+ (o)

The final pixel warp error equals to /u2,, + v2,... We assess
warping errors for the case of 2048 x 1536 images and using the
following camera matrix as a reference:
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where W and H are image width and height respectively. The
warping error function charts for 5% relative errors in camera
internal parameters are shown in figures 1, 2, and 3.
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Figure 1: Pixel warp error for (" = 1.05.
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Figure 2: Pixel warp error for ¢ = 1.05.
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Figure 3: Pixel warp error for ¢{“") = 1.05.

We can see from charts, that when relative error in camera pa-
rameters is 5% warp error reaches 60 pixels, that seems to be
high enough for leading to visible artifacts.

In order to evaluate the artifacts, we stitched 1536 x 2048 images
using camera matrix K P9 as ground truth K9%, where K ®?
was the camera matrix obtained via a pattern based calibration
method. Also we did experiments using camera matrix K (est),
where each parameter was modified (one at a time) to get 10%
error (relative to K ®Y). We got panoramas without visible ar-
tifacts, see figures 4 and 5. Small artifacts are highlighted with
red color, but the quality of the panoramas is much higher that
we could expect from theoretical analysis. Such results are ob-
tained because current stitching applications (including the one
used for testing) use seam estimation methods to minimize vis-
ible artifacts, see [14]. After estimating seams special blending
methods are used to hide discrepancies between images, see [15].
So even if the image registration step introduces moderate errors,
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a combination of modern seam estimation and blending methods
can remove a lot of possible artifacts. But if errors in camera pa-
rameters is too high then it’s almost impossible to hide stretches
and other artifacts, see figure 6 with results for (") = 0.7 (i.e.
30% relative error)

Figure 4: Left, right source images and panorama obtained with
K@t

Figure 5: Panoramas for (") = 1.1, ¢{"*" = 1.1, and cg(fe” =
1.1 respectively.

Figure 6: Panorama for f("*") = 0.7 with visible artifacts and
stretches.

Also it should be mentioned that motions between images are es-
timated to minimize overall re-projection error (that is minimiz-
ing visible mis-registration error) according to the current camera
matrix. This step is very important as minimizing re-projection
errors leads to minimizing visible artifacts even if the camera ma-
trix was estimated inaccurately. figure 7 shows stitching results of
two images with relative motion estimated using K (pt) and with
relative motions refined to minimize re-projection errors under

assumption that f(¢5 = f®®) f(rel) where fre) =1 1.

From these results it follows that if one has a high quality stitch-
ing algorithm then the effect of errors in camera matrix isn’t very
high, and methods less accurate than pattern based calibration can
be used for camera parameters estimation. This is a good appli-
cation for auto-calibration that is not as precise as pattern-based
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Figure 7: Panorama for f("* = 1.1 and refined motion vs.
panorama for f("*" = 1.1 and motion obtained using K (P*).

calibration but still generates a reasonable estimation of internal
camera parameters.

4. AUTO-CALIBRATION ALGORITHM

A robust auto-calibration algorithm faces many challenges com-
ing from data generated by a mobile device. Some input im-
ages can be noisy, can differ in illumination, and undesired ob-
jects such as user fingers can be present in the camera field of
view. All these issues can affect the quality of extracted features,
and can lead to mis-registration. Hence, let alone the core auto-
calibration problem, we have to address these issues. This is why
we start with a description of our registration algorithm.

The outputs of the registration algorithm is the images graph,
where vertices are images from the input image sequence, and
two images are connected with the edge iff we were able to regis-
ter them with a homography transformation. Here is the descrip-
tion of the registration pipeline:

1. Find keypoints and their descriptors of each image. We use
SUREF detector and descriptor implemented in OpenCV li-
brary, see [16].

2. For each image pair find matches between keypoints. We
use FLANN matcher integrated into OpenCV library, see
[17].

3. For each image pair estimate 2D homography and compute
number of inlier matches, see 4.1.

4. For each image pair determine whether matches between
these images are trustworthy, see section 4.1. The decision
is made for image pair, not for each match. So if we’re
confident then we add an edge between two corresponding
vertices into images graph.

5. Retain the biggest connected component from the images
graph. Also retain only matches for confident image pairs
and continue working with this connected component.

4.1 Computing match confidence

We follow the method proposed in [2], where it is applied to ex-
tract a subset of images from the original raw set for subsequent
stitching.

Suppose we have n s feature matches. The correctness of an im-
age match is represented by the binary variable m € {0, 1}. The
event that the i*" feature match f*) € {0, 1} is an inlier/outlier
is assumed to be independent Bernoulli event, so the total number
of inliers n; is Binomial. If m = 1 then n; has the B(n;;nys,p1)
distribution function, and B(n;;ny,po) otherwise, where p; is
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the probability that a feature is an inlier given a correct image
match, and pg is the probability a feature is an inlier given a false
image match.

Here is the final criterion used by the authors to accept an image
match

B(ni;nf,p1)P(m = 1) > Pmin )
B(ni;ng,po)P(m=0) = 1 pmin

Choosing the values for p1 = 0.6, po = 0.1, P(m = 1) = 10 6
and pmin = 0.999 gives the condition

n; > o+ pny (6)

for a correct image match, where « = 8.0 and 8 = 0.3. We
decide whether a feature match is an inlier or an outlier by com-
paring reprojection error with a fixed threshold. We used the
same value of 3 pixels for all datasets and that value worked
good enough in practice, while for each particular dataset another
threshold value can be better.

The value —"— is used as the measure of confidence that it

a+pBn
makes sense to uge matches between an image pair. If it’s greater
than 1 then an image match is correct, false otherwise. In some
practical cases it could be useful to increase this threshold as was
found in experiments.

Figure 8 shows how reprojection error threshold affects on aver-
age camera parameters estimation relative error () for one of real
datasets.

1 Te re Te Te
Q= JUAY UHIA AL 1+ 1) @)

camera parameters avg. rel. error Q (%)
3
55
\L

22 1 1 1 1
0 10 20 30 40 50

reprojection error threshold (pixels)

Figure 8: Reprojection error threshold effect on camera param-
eters estimation errors. When the threshold is too low the al-
gorithm is too sensitive to noise, while in the case of too high
threshold even incorrect matches can be classified as inliers.

4.2 Rotational camera auto-calibration

For auto-calibration we use the algorithm for the rotation only
cameras case proposed in [1]. Here is the brief description of that
algorithm:

1. Normalize the homographies H; ; between views ¢ and j
such that detH; ; = 1.

2. Compute w = (KK7T) * from the equations
w = H}:inj’i

for all image pairs ¢, j.
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No. of . Relative errors (%)
images | Distance (M) e tery 1 tery [ o)
T Y T Yy
6 2 8.5 11.1 4.7 4.6
7 0.5 -3.8 -2.6 -12.4 -6.2
9 2 -34 0.1 2.5 5.4
13 2 2.6 7.6 1.5 8.9
14 30 5.6 6.5 -1.9 4.2

Table 1: Relative errors for the auto-calibration of Nokia 6303C
camera.

3. Compute K solving w = (KKT) " with the Cholesky
decomposition.

4. Refine K by minimizing the re-projection error function
err(K, Ry, ..., Rn) = 32, 0 [l Hi o]

using parametrization of H; ; = KR;RT K ' over cam-
era rotations R;, R; and camera matrix K, where n is the
number of images and xgk),xg.k) are the position of k-th
point measured in the ¢-th and 7-th images respectively. We
parametrize a rotation with a 3-dimensional vector directed
parallel to the rotation axis and with the length equal to the
rotation angle.

5. EXPERIMENTS

We performed experiments on real datasets taken with Nokia
6303C mobile phone (1536 x 2048 resolution) and Logitech
QuickCam Pro 900 (1600 x 1200 resolution).

5.1 Nokia 6303C

Table 1 presents results we got using Nokia 6303C camera. We
compare the auto-calibration results with pattern-based calibra-

(est)
tion: f;z(CETT> _ fagTEl) 1= fm(pt)
gorithm gives relative errors less than 10% on 3 out of 5 datasets.
We have showed before that a relative error of less than 10%
in camera parameters is enough for getting visually acceptable

panoramas.

1. The auto-calibration al-

There are two factors affecting calibration quality. The first fac-
tor is the number of images in input dataset, because if the in-
put dataset is too small then it doesn’t provide enough informa-
tion for camera auto-calibration. The second factor is non-zero
translation presence, as the auto-calibration method we use was
designed under the rotational camera assumption. This assump-
tion is easily violated in practice as a user tends to rotate camera
not around its optical center, but around device center (or itself),
which is not the same.

5.2 Logitech QuickCam Pro 900

Table 2 presents result we got using Logitech QuickCam Pro 900
camera. For this camera we achieved the relative error less than
9% in comparison with OpenCV pattern based calibration results.

6. TRANSLATION NOISE IMPACT

We also performed experiments on synthetic data to analyze the
dependence between camera parameters estimation errors and the
translation between camera positions. We created a synthetic
scene consisting of 1000 points located randomly on a unit sphere
(uniformly in spherical coordinates) centered at the world frame
origin and a camera located at the point (0,0, 10)7 directed
to the origin. We rotated the camera randomly to generate a se-
quence of images. The number of shots was uniformly distributed
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No. of . Relative errors (%)
images Distance (m) (err) (err) C(e'm") C(err)
x Y T Yy

10 2 0.5 53 3.6 -0.3
30 2 1.2 4.4 0.7 2
57 2 0.3 3.1 L5 32
10 2 -1.8 0.7 -2.5 1.3
30 2 1.9 6 -0.3 8.6
74 2 0.1 4.3 0.2 7.6

Table 2: Relative errors for the auto-calibration of Logitech
QuickCam Pro 900.

in the region [3, 30]. Camera position translation noise was gen-
erated uniformly in range [ t,t] where ¢ € [0, 0.07] (distributed
uniformly between experiments). Experimental results are shown
in figure 9. It should be mentioned that in the case of high noise
translation error the auto-calibration method is unstable and the
method can end up with no solution. That’s why we have less
points on the figure when ¢ is high.

camera parameters avg. rel. error Q (%)

1 1 L
0 0.02 0.04 0.06 0.08 0.1

max translation noise t

Figure 9: Translation noise effect on camera parameters estima-
tion errors.

The chart implies that the camera parameters estimation errors
are highly correlated with translational noise. A 3D reconstruc-
tion from images can be done only up to a scale, so instead of
using absolute values in the chart we plot the ratio of the trans-
lation noise level to the distance from the camera to the nearest
object in the scene.

From what we said above follows, that in practice one must try to
take shots of distant objects or select images from source dataset
where objects are distant. For distant objects homography reg-
istration will be more accurate, so in principle we can filter out
close objects by high re-projection error.

According to the chart, one can say that in order to get a relative
auto-calibration error about 10% it is recommended to make sure
that the camera translation component divided by the distance to
the objects is less than %225 (according to the chart 0.025 trans-
lation noise corresponds to 10% level of auto-calibration error,
where 10 is the distance from the camera to the sphere). That
means about 2.5 cm shaking amplitude in case of 10 m distance
must be ensured to get about 10% errors.

7. CONCLUSION

In our work we investigated the problem of auto-calibration for
the case of rotational cameras and built a robust auto-calibration
pipeline, which were tested successfully on real datasets.
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We performed analysis of error in camera parameters impact on
final results in such computer vision problem as image mosaic-
ing, and showed that using modern stitching algorithms relaxes
requirements on camera parameters accuracy, when theoretically
errors in camera parameters can lead to big warping errors.

It is possible to calibrate cameras without patterns, but the main
point is that the quality of input data is important for achieving
accurate auto-calibration. For the case of rotational cameras auto-
calibration it is necessary to ensure that translation noise relative
to distance from camera to the nearest object is small enough.
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PANORAMAS

In this section we show panoramas that were obtained using
OpenCV stitching pipeline [18] with camera parameters obtained
with the described auto-calibration method.
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Abstract

This paper presents a new method for 3D object localization from
a single image. It is known that single camera provide 2D image
data, annihilating valuable 3D information about object and its
localization in space. The main new idea is to match 2D im-
age gradient to the reprojection of 3D curvature to retrieve ob-
jects position relative to the camera. The object parameters are
a-priori known and modelled by SuperQuadrics (SQ) that en-
able the calculation of the analytical form of curvature. The im-
age processing stage includes object detection and segmentation
by the Histogram of Oriented Gradients (HOG) algorithm. The
method proposed uses the dependencies between SQ curvature
and image gradient also considering the illumination model and
object contour embedded in a proper cost function. To manage
local minima we propose the use of particle swarm optimization
(PSO).

Keywords: SuperQuadrics, single camera, 3D object localiza-
tion, Histogram of Oriented Gradients (HOG), curvature match-
ing, and particle swarm optimization (PSO).

1. INTRODUCTION

Object localization is an important task of computer vision and
robotics with many applications in the fields of autonomous-
guided vehicles, robot picking and manipulation, augmented re-
ality, non-contact measurement, etc. In recent years, thanks to the
increasing interest in these fields, some different approaches have
been proposed. This work presents a new and effective method
of object localization by matching image properties acquired by
a single CCD to object curvature in 3D whose model is obtained
in analytical form by SuperQuadrics. There are some papers re-
lated to the pose estimation with SQ [1, 3, 14], but all of them
match 3D range data (point cloud) to SQs models. On the one
hand this approach becomes very efficient and robust to outliers
[22], but on the other hand it requires 3D depth cameras, lasers
rangefinders or multicamera setup. Other related papers focus
on the pose estimation from a single image. Such papers can
be divided into two main groups according to their main model
descriptors[8]: the first uses the model edges (wireframes), the
second spatial localized model features (regions). The main idea
of the edge-based methods like [5, 9, 15] is to reproject a model
contour on the gradient image. These methods are very time ef-
ficient and can be used also for object tracking, but the object’s
profile is often strongly varied along the edges due to e.g. clutter,
shading, and texture. For these reasons, the edge detection is usu-
ally performed on the maximal image gradient. The region-based
methods such as [24, 21] rely on the homogeneity of spatially lo-
calized features (e.g. RGB values, curvatures, etc.). The assump-
tion is that the features of all pixels of a region are distributed
with statistical independence according to the same probability
density function. Often this assumption leads to incorrect re-
sults if e.g. the distributions of RGB values of foreground and
background depend on the object location within the image. Fus-
ing edge-based and region-based approaches gives a more effec-
tive and robust way for objects segmentation and matching [10].
Other works have been proposed to retrieve 3D information from
set of images like [4]. In this case object identification and 3D
parameters are obtained from SIFT features. The model is stored
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with a sample image that is correlated to the real object. This
method gives good results with variegated texture.

SuperQuadrics are an extension of basic quadric surfaces,
which were introduced in computer vision by Alan Barr [2].
These mathematical functions allow the represention of a pretty
high number of elementary solids, e.g. sphere, box, cylinder,
toroids. Advantages of this formulation are compactness and its
closed-form mathematical expression. Furthermore, SQ can be
roughly described as deformation of a sphere so they are contin-
uous surfaces, even through edges.

Histogram oriented gradient (HOG) is able to retrieve objects
in the picture. Itis a stochastic algorithm that uses the distribution
of intensity gradients for object detection. This method has been
first introduced to solve the problem of pedestrian identification
in static images [17, 18]. The algorithm focuses on finding the ro-
bust features descriptor of human model, maintaining invariance
to a wide variety of articulated pose minimizing the influence of
background and illumination. HOG processes a sample image
comparing it with a inner object model. It is obtained through a
training session with several different samples of the object ac-
quired from different points of view. All data are collected for
training support vector machine that compares the sample im-
age with its model. The output is the positive detection status
and a rough localization of the object in the image plane. We
propose a novel method of object detection and localization that,
exploiting SQ analytical formulation, implements curvature re-
projection keeping into account contours, edges and region prop-
erties at once. Detection is obtained using state of the art HOG
algorithm. With this approach we rely on a wider set of infor-
mations than just edges or key points as traditional model based
approaches.

2. ALGORITHM OUTLINE

The algorithm (1) starts with the HOG object detection. The re-
sult is a detection window on the acquired image containing the
object. This defines a lower and an upper bounds for the opti-
mizer research domain. Then a first pose guess is generated by
a transformation matrix applied to the a-priori known SQ-model.
From analytical SQ formulation the curvature, the normals and
the lighting model are computed and reprojected onto the image
to evaluate the level of matching with image features (gradients)
by means of a properly defined cost function. Until the overall
cost exceeds a certain threshold, the optimization process contin-
ues, when the threshold is reached, object localization is returned.

3. OBJECT DETECTION USING HISTOGRAMS
OF ORIENTED GRADIENTS

This work focuses on the estimation of the object pose and
location with respect to the camera. The first stage of image
processing is the HOG object detection and identification of the
Region Of Interest (the Detection Window). Then the resulting
window is used to set the initial guess on object location for
the optimizer initialization). HOG involves two main phases:
features extraction and learning.
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Figure 1: The flowchart of the object localization algorithm from
static images.

3.1 Features extraction

The object images are normalized (e.g. by gamma normaliza-
tion) and then their gradients magnitude and orientation evalu-
ated. The detection window is divided into sub cells. The his-
togram of oriented gradients, weighted according to the magni-
tude of the gradients intensity, is then computed. Data are col-
lected into Blocks with an additional normalization to provide
better illumination invariance. To complete the dataset of positive
images, also negative ones are processed (i.e. images without the
target). After that HOG data are collected for all the detection
windows and then feature vectors (both negative and positive im-
ages) are combined together to be processed by the support vector
machine (SVM) for the Learning phase.

3.2 Learning phase

Images from the dataset created in the preview phase are encoded
as spatial feature vectors. This set is processed into a binary clas-
sifier for object / non-object class identification. At this stage
the detection/recognition is not robust as a high number of false
positives can be obtained from the first experimental dataset, i.e.
the non-object class in not properly acquired/described. To re-
duce the false positive detection the second sample dataset with
only negative images is prepared and processed. In this way all
positive results in this sequence are false positive, so they can
be re-introduced in the classifier as the hard negative example to
perform better non-object class description. A new classification
is finally obtained using the two classes. False positives are now
reduced by an order of magnitude.

3.3 HOG implementation

The HOG implementation is the same as described in [19]. Some
of the improvements comprised the UoC-TTI LSVM-MDPM
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entry in the PASCAL VOC 2009 comp3 challenge [6]. The
dataset chosen concerned simple objects like a box (219 x 120 x
230 mm) and a cylinder (190 x 90 mm). Training is performed
with different images of the same object (80 positives image and
30 negatives for each model). As shown in figure 2 the final
HOG result is a bounding box around the detected object. This
information provides the segmentation of the region of interest
from the background to initialize the optimizer.

Figure 2: The set of some training images (for a cylinder and
a box) and the final results of HOG detection (the red rectangle
surrounding the objects for test images).

This kind of segmentation provides information only into 2D
domain, whereas pose and/or depth information are not esti-
mated. Anyway this stage allows concentrating the optimization
algorithm attention only on a limited zone of the image thus
speeding up the subsequent steps.

4. SUPERQUADRICS FORMULATIONS

SQ surfaces can be obtained as spherical product of two paramet-
ric curves.
Given two parametric curves:

mw) = | i) |

ha(w) T<w<mw (D)

m(n) = { ma (1) ] Z<ns )

ma(n)

ol

where w and 7 are spherical coordinates respectively for the hor-
izontal and vertical curves. Spherical product is defined as:

mi(n) - hi(w)

m(n) @ h(w) = | ma(n) - ha(w) 3)
mz(n)
For SQ-representation the known explicit formula [11] is used:
x a1 cos®! ncos? w
y | = | a2 cos®!nsin®2w 4)
z as sin®! n
where X, )2 - SQ coordinate system

ai,a2,a3 - scale parameters of the object;
€1, €2 - object shape parameters;
w,n - spherical coordinates;

The implicit SQ formulation is anyway more suitable for mathe-
matical modeling:

e = ((2)+(2)7) < ()" o

GraphiCon’2012



4.1 Curvature estimation

As shown in (3), if the generative curves of the spherical prod-
uct are continuous, the surface created is also continuous. This
means that it is possible to use differential geometry to retrieve
curvature information about the parametric surface. Definition
(5) describes the different surfaces, so that, according to the scale
and shape parameters, every point on the shape is analytically
known. The leading idea of this work is to use the relation be-
tween the curvature and the object change of appearance. For
this reason the accurate evaluation of the curvature is crucial. In
this work we followed the approach of Ron Goldman’s work on
the calculation of surfaces curvature [7], especially focusing on
mean curvature and normal directions.

4.1.1 Identification of the Normals

Normal can be easily calculated starting from the evaluation of
the gradient of the parametric surfaces. Since the gradient of
F(z,y, z) is perpendicular to the level curves F(z, y, ) = const,
the gradient VF' is parallel to the normal of F(z,y,z) = 0.
Therefore we have the following formulas:

VF(z,y, z)

N(@9:2) = ¥ (z,y.2)]

(6)

where N is a set of unitary vectors in normal direction.

4.1.2 Mean Curvature

Usually mean curvature is taken as the divergence of unit vector:
Km(z,y,2) = =V -N(z,y, 2) (@)

This formulation is very compact, but it may be computationally
hard to handle so therefor formulation is suggested:

VE-H(F)-VFT — |VF|*Trace(H)
Km = 2VF[? @

4.2 SuperQuadrics Representation

The representation of SuperQuadrics is obtained from its explicit
formula 4. According with the scaling and shape parameters it
is possible to obtain the coordinates of each point by varying
the spherical coordinates w and 7. Unfortunately for an equally
spaced sampling of these coordinates does not correspond and
equally spaced sampling of z, y, z. To take this problem we fol-
lowed the approach described in [16]. The idea is to model the
surfaces like Superellipsoids to obtain a linear arc-length param-
eterization in order to provide a regular sampling along the sur-
face.

The following formulation regards to equally spaced samples
along the transversal arc 7:

k k
xS:x(1+c—;z2)(1+b—;y2)
T
baT k1 2 k2 2
L . L 9
U SUTCR. PO RN

T
k
zS:z(lJra—;a%)

where:
6r = arcsin(%)
ar = a-cos(fr) (10)
br = b- Sin(@T)

With this representation an equal distributed surface is available.
Referring to figure 3 the number of points for the first two rep-

resentations is the same, but their distributions are much more
homogeneous.
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Figure 3: The Superquadric representations: (a) - mapping from
the points calculated by explicit SQ form; (b) - mapping from a
transformed ellipsoid with algebraic manipulations (9); (c) - the
surface mapping.

5. MATCHING ALGORITHM

The image is elaborated by the object detection algorithm (par.
3.3) which detects the object on the image plane defining a confi-
dence region by means of bounding box. This information is the
starting point to retrieve the object position in 3D. By means of
the bounding box dimensions is in fact possible to roughly esti-
mate the distance.

Position and orientation of the object in 3D space relative to the
camera is parametrized with a homogeneous transformation ma-
trix containing the rotation matrix R and the displacement from
the origin T.

3 R T: oS
[ P31><1 } _ [ %xs 31><1 } { P31><1 ] (11)

Using a pinhole camera model with lens distortion compensation
[12], it is possible to re-map the model from 3D space to image
coordinates. In other words, starting from the 3D points with
their attributes (e.g. curvature, normals, and light appearance) it
is possible to match with the corresponding candidate pixel that
is a function of the coordinates transformation matrix. The goal
is to find the homogeneous transformation that best matches the
above attributes.

5.1 Curvature matching

It is well known that strong variations on images gradients are
located along edges and corners. Methods that rely only on high
image gradients along the edges while neglecting the small varia-
tions inside the surfaces, become instable if borders are partially
occluded. As already said the SQ formulation allows to obtain
a continuous surface, so that edges and corners are modelled as
local high curvature. According to the edge based methods this
high curvature can be related with high gradient intensity, on the
other side also low curvature can be connected with low gradient
magnitude regions. With our method is possible to use both in-
formations. From equation (8) it is calculated the mean curvature
for each sampled point (9). In the image domain it is possible to
evaluate the gradient. The distance between gradient and curva-
ture images is evaluated as vector norm of the matrix difference.
The lower the distance, the better the matching.

6T @) - K@)

Ee = - +IGN =KV ||~ 12)

G and K are the normalized values for the mean curvature
and the gradient. The norms to infinity count the maximum dis-
placement between curvature and gradient.
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5.2 Light appearance matching

Directions of normals are known for each point from equation
(6). If it is also supposed known the position of the light source
that makes the object illumination appearance available. The
known light position provides the information about bright and
dark sides. We used the light model of Phong [20]. It provides a
spot light source and includes a combination of diffuse and spec-
ular reflection.

I, = kqiq + (k‘d(L -N)ig + ks(R - V)nzs)

R =2(L-N)N- L (13)

ka, kd, ks are the ambiance, diffuse and specular constants; ¢q,
iq and ¢, are the respective light intensities. L is the light direc-
tion vector, R is the specular reflection vector, V is the viewer
direction, and N is the surface normals. With this information
is possible to compare the expected illumination appearance with
the pixel intensities. This time the key idea is to compute the
convolution directly among the images. [llumination model (13)
is built so as illumination values I, span from O to 1, same as
for the gray levels Lg of the normalized image. To compute the
convolution the mean value is subtracted in order to have a zero-
centred distribution. The value for the normalized convolution is
expressed by the formula:

i )- LY () "
HINIP iR

The higher the convolution the better the matching.

5.3 Normal and gradient alignment

Another method to improve the matching between the static im-
age and the re-projected model is to check the alignment of nor-
mals onto image plane with the gradient pixels orientation.

It is well known that along edges the gradient magnitude is higher
and its orientation is orthogonal to the border. Normal directions
are 3D data; anyway if we project, as in the case of the sampled
3D SQ model, we obtain normals on the image plane. Normals
will have the same orientation as the image’s gradient.

With this assumption the matching is computed by the angle be-
tween silhouette normal V,, vectors on the image and the gra-
dients orientation V. If the scalar product is considered, the
cosine of Ong is close to 1:

fo | cos(Bng(i))| > 0.9,1) (15)

Quality of matching is estimated counting the number of
approximately parallel vectors (15).

6. OPTIMIZATION

All the contributions (12 - 14 - 15) are mixed into cost function
(18). Practically we recognized that the problem is multi-modal
so square regression algorithm and other gradient based tech-
niques are not well suited as far as their result is dependent
on the initial conditions that easily leads to missing the global
minimum. That is why we implemented PSO (Particle Swarm
Algorithm) to randomize the starting point [13].

The algorithm starts form a set of agents, call particles, that move
along the trust region. This region is initialized by the centroid
of HOG’s detection window X, and its area A. From this data
we can infer a guess position X, for the object, with the formula:

k| %
Xw = = | yn (16)
Al
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where k is a fixed proportional factor. The reaching of minimum
is leaded by force F,(CS) that can be divided into two contributions.
The first is relative to cognitive behavior F,E,S) (p,(f)) focused on
the single particle experience (personal best p®). The second
is the social behavior, F,(f)(gk) focused on the swarm attitude

(global best gi ). The update of particle’s position is obtained
through a velocity with the following expression:

vih =w- v+ Cinel” - %) + Cera(ge —x(7)

F;cs) (pl(:) ) Cognitive Term F;:> (gk)  Social Term
an
Where C, C> are the acceleration coefficients, w is the inertial
weight, and 71, r2 are random variables; k is the iteration step
and (s) is particle’s index.
The goal is to achieve the transformation matrix M*. This rep-
resents the transformation from camera to object frames. Cost
contributions depend on the transformation of the SQ model onto
the image plane. Minimizing the cost function Fc we find itera-
tively the matrix M with the best matching.

E¢(M)

M =min == &0 - V(D)

(18)
The localization of the object is supposed on a plane known with
a non negligible level of accuracy. The camera position relative
to the plane is known by the calibration process by placing one of
the reference target acquisitions on the plane. Localization is per-
formed in zy direction and orientation around z-axis. Because of
plane’s uncertainty along z the search is allowed also along that
direction but for a limited displacement. The parameters that the
optimizer tries to retrieve are displayed in table 1, with the trust
region upper and lower bound settings.

As already stated, multi-modality introduces local minima is-

az Xu; Yw Zw
—7/2  Xu—|Xu|-03 Yy —|Yy|-03  Z, —0.02
/2 Xuw+ |Xw| 03 Y+ |V Zuw +0.02

Table 1: Optimization parameters initialization (first row is lower
bound, second row is upper bound). Angles are expressed in ra-
diants and translations - in meters.

sues. The use of normals alignment (15) and light (14) together
with curvature decrease the failure rate. Anyway there are still
situations in which the optimizer is “trapped” into a local min-
ima.

7. EXPERIMENTAL RESULTS

In this paragraph some results are shown with the aim to prove
detection correctness and to provide a quantitative estimation
of the localization accuracy in different conditions. We also
propose a comparison between our method and state of the art
algorithms that use RGB-d camera. For this we chose Microsoft
Kinect sensor for its high quality to cost ratio.

The setup was assembled with an RGB camera (1280 x 960) and
a Kinect sensor (ref. to figure 4 ). The camera was equipped
with a known position spot light. Both sensors were calibrated in
reference to the chessboard (origin on the top left corner). The
localization algorithm was limited to the plane estimated with the
calibration process.

A properly designed grid has been printed and used as a refer-
ence for calibration. This grid is arranged in 25 cells organized
with a fixed displacement and variable attitude. For each cell
we place the objects with a relative position accuracy of about 1
mm. We also know the absolute position with respect to the cam-
era and the Kinect thanks to the calibration. The localization’s
range is spanned from 2 to 3 m.
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Figure 4: Experiment setup layout, data are acquired both from
the camera and Kinect. Chessboard is used to estimate camera
and Kinect positions in order to provide the reference frame for
the localization.

Kinect uses IR structured light to provide full 3D data infor-
mation. From each snapshot it retrieves a corresponding points
cloud with colour information. The idea is to use the cloud of 3D
points to fit the SQ model.
A very common approach is to use robust fitting algorithm (e.g.,
RANSAC), anyway the results of these depend upon the number
of inliers and outliers allowed and its related parameters, this par-
ticularly when the number of outliers is large. To overcome this
is preferable to cluster the complete cloud of points to segment
only those corresponding to the object and then use a regression
algorithm to estimate a more accurate fitting over the selected
points.

First the initial cloud of points is processed with RANSAC to

~o —
= P
a0 <

T~ <
~ a0
e g

Figure 5: Example of SuperQuadrics fitting with depth data.

delete those lying on the floor plane (green in the picture). Then
clustering of the 2 objects in the view is obtained with k-means.
For each cluster is performed a fitting with Levenberg-Marquardt.
Final results are shown in figure 5. Figure 6 presents some local-
ization results of objects in general positions and also with oc-
clusions. Figure 6 also presents different conditions, with known
light source and without. In the same figure are also reported
some local minima solutions. In those cases is possible to note
an overlap of the figure but the orientation is completely wrong
despite good normals alignment and curvature matching. Figure
7 shows the estimated uncertainty ellipses (green - for Kinect,
blue - for our method). Each experimental sample is computed
with respect to the reference positions of each SQ centre on the
reference grid. Y-direction is aligned with the camera/Kinect
axes. The ellipses are estimated using the k factor defined in
[23] with a confidence level of 95%. To quantify uncertainty
we report the eigenvalues along principal directions for each el-
lipse (values in mm) A\ = 18.85 and \F = 27.23 (box) and
AY = 11.35and \S = 13.55 (cylinder) for our localization re-
spect to AP = 11.65 and \F = 40.56 (box) and A{ = 13.83
and \§ = 47.05 (cylinder) . The figure 8 shows the depen-
dence of the optimized cost function values on the percentage
(relative) errors. Unfortunately we found no clear correlation be-
tween errors and cost function. This we believe is an important
point to further analyze in order to find an estimate of the actual
uncertainty directly from the final (optimized) value of the cost
function.
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Figure 6: In (a) are presented some localization results in gen-
eral locations; in (b) the same is proposed for cylinders. In the
second picture a partially occluded scene is proposed while the
localization remains correct. In pictures (c) and (d) localization is
estimated without light informations. Obtained results are quite
good in (c), but in (d) the localization faces local minima prob-
lems which stuck the optimization.

8. CONCLUSION

The article presents an innovative approach for monocular ob-
ject localization. The object detection from the image has been
made with HOG algorithm in a pre-processing stage. Then 3D
localization is performed by a cost-function that considers: a) the
matching of the object reprojected curvature with the image gra-
dient; b) the convolution with object-Light appearance and the
image gray levels; c) the quantification of the reprojected con-
tours aligned with the image gradients. The 3D pose estimation
accuracy has been quantified with a calibration grid giving the
eigenvalues of the uncertainty ellipses identifying the dispersion
of data along principal directions. These data are also compared
to Microsoft Kinect. Our method gives an object localization ac-
curacy comparable and in some cases even better using only a
single camera. The algorithm is competitive in cluttered scenes
as it relies on the whole object in contrast to only edges as in the
case of edge/gradient methods. Figure 8 represent the limit of
detection: for box the percentage error is around 2-2.5% and for
cylinder is around 1.5%. Limitations are the knowledge of the
light direction and the homogeneity of the surface texture. Nev-
ertheless, in industrial fields for example, the method can cover a
broad spectrum of applications. Also outdoor, where Kinect can-
not be exploited, the use of a simple camera in combination to
our method could represent a good alternative. Optimization is a
tricky aspect. Especially the correct orientation retrieval generate
many minimal local problems (ref. figure 6.d). It is important
to point that the lowest values of the cost function always lead
to correct localization while higher values are correlated to local
minima. We are therefore confident that, automatizing the opti-
mization process, it is possible to cope with multi-modal prob-
lems.
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cylinder (b) localizations according to the reference (calibration)
grid.
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Caching (IC) technique. We achieved from 5 to 15 times acceleration compare to our naive path tracing implementation.

Abstract

This work proposes a GPU friendly irradiance caching (IC)
solution, where performance critical parts of an irradiance cache
algorithm are done completely on the GPU. We discuss some
practical problems arising in the implementation of GPU
irradiance caching, and propose solutions for them. The modified
algorithm for the GPU is different from a CPU implementation in
2 ways. The first distinction is a multi-pass construction of
irradiance cache followed by a final rendering stage and the
second distinction is to insert a large record set at once instead of
one by one, as used in traditional approaches. We also consider
some details to efficiently implement look-up operations on the
GPU.

Keywords: GPU, Irradiance Cache, Global Illumination.

1. INTRODUCTION

For the last decade Graphics Processor Units (GPUs) have made a
great advance in performance and have become fully
programmable  processors.  Several  commercial =~ GPU
photorealistic renderers are available today. Most of them use
unbiased path tracing methods in order to minimize intermediate
data creation (photon maps, lightcuts, etc). This results in tracing
up to ten times more rays than biased alternatives. Moreover, path
tracing of complex scenes suffers from highly irregular workload
(per ray)and memory access tends to be random. These issues lead
to inefficient hardware utilization. On the other hand, although
biased approaches have lower complexity they are more difficult
to implement on the GPU.

Our paper illustrates the research that we have performed for GPU
accelerated biased rendering via irradiance caching and path
tracing techniques. The key results of this research are:

e A new GPU friendly IC generation algorithm, performed
before final render pass.

e Introduction of a new method for records insertion into
octree-based cache for fast irradiance interpolation on the
GPU.

Our main contribution is a high quality IC solution that provides

from 5 to 15 times acceleration (with an average PSNR of 40

compared with a GPU accelerated path tracing.
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2. RELATED WORK

2.1 GPU ray-tracing

Although fast GPU ray tracing for complex scenes is still a
challenge we do not focus on ray tracing acceleration in this
paper. Aila and Laine's work [Aila and Laine 2009] provides
comprehensive performance analysis of ray tracing on the GPU.
Our ray tracing implementation has approximately the same
performance on diffuse rays (i.e. rays, randomly shot from the
single point over the hemisphere) although it’s of 1.5x factor
slower for coherent frustum tracing. However we have found that
path tracing rays after several bounces can be from 2 to 4 times
slower (than diffuse rays) — this is the case of poor HW utilization
due to random memory access and non-uniform workload.

2.2 CPU Irradiance cache

Irradiance caching decreases the overall cost of indirect
illumination computation by performing full hemisphere sampling
(or final gathering) only at selected points in the scene, caching
the results, and reusing the cached indirect illumination values
between those points through interpolation. It was introduced in
[Ward et al. 1988]. The algorithm can be summarized as follows:
if interpolation is possible then

reuse cached values through interpolation;
else

compute new value;

store it in the cache;
end if;

The number of irradiance cache points is usually of 1 - 2 orders of
magnitude less than the number of pixels — so the irradiance cache
is quite efficient and it can greatly speed up the whole rendering.
However, IC is a challenging algorithm, even on a CPU. It has a
lot of issues and heuristic approaches that make it practical and
suppress its artifacts [Krivanek et al. 2008]. A well-known
irradiance cache algorithm [Ward et al. 1988, Krivanek et al.
2008] cannot be implemented on a GPU in a straightforward way
because of its serial nature:

e  Trace one ray

e  Evaluate and insert one record at given “transaction”.

It is difficult to parallelize irradiance cache on multi-core CPUs,
although there are several papers available regarding parallel
irradiance caching on CPU ([Debattista et al. 2006, Dubla et al.
2009]. These papers focus on solving the problem of sharing
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irradiance cache data structure between different CPU threads and
different machines (cluster systems).

However, the problem is not only in data sharing between threads
and redistributing computational resources (for example between
rendering and IC records evaluation), but it also in the fact that IC
depends on the records insertion order. For example, irradiance
gradients [Krivanek et al. 2008] rely on a serial records insertion.
If one places two records in parallel near each other, the gradients
and, as a result, validity radiuses of these records will be different
compared to serial insertion. The more threads run in parallel, the
more serious this problem becomes so we introduce validity
clamping heuristics to solve it in our GPU implementation.

PBRT 2.0 [Pharr and Humphreys 2010] has multithreaded
implementation of IC. It does the first pass to compute the cache
and the second one to render final image. This approach needs to
be refined for the case of massive parallelism.

2.3 GPU Irradiance cache

GPU irradiance caching was introduced in [Gauton et al. 2005]
and described in details in [Krivanek et al. 2008]. These papers
mainly focus on replacing irradiance interpolation via octree
lookups with splatting to avoid traversing hierarchical structures
on GPUs. The approach used in [Gauton et al. 2005] can be used
for primary rays or interactive visualization in computer games,
however, it has one serious limitation: only one light bounce can
be evaluated either for hemisphere sampling or for final rendering.
Thus, it will be hard to have precise photorealistic result with this
approach. Besides, it was done mainly for rasterization based
engines and cannot be combined directly with a GPU path tracer.

Wang et al. [Wang et al. 2009] presents an efficient approach for
global illumination using photon mapping on the GPU. The key
aspect of this work is to use irradiance cache with photon
mapping and final gathering [Jensen et al. 2002] to quickly
compute smooth indirect illumination. Direct lighting is computed
using ray tracing and supports hard shadows from point light
sources. In this paper irradiance cache point positions are
predicted from the geometry discontinuities. Wang’s approach to
build IC was combined with path tracing in [Frolov et al. 2011] to
focus on rendering images with glossy reflections and shadows
offline. However, both of these approaches work with geometry
term and they use predictive nature without further refinement.

The radiance hints method introduces in [Papaioannou 2011] is a
stable (for animation) and a fast solution for diffuse global
illumination. The method is based on grid based radiance caching
with reflective shadow maps and can handle multiple light
bounces. This method works for interactive rendering with view-
independent algorithm so it can’t control image error that is
strictly needed for photorealistic rendering. Besides, using regular
grid will not allow one to have high precision with reasonable
memory consumption.

3. SUGGESTED APPROACH

Similar to PBRT 2.0 our algorithm consists of 2 main phases. The
first phase is “irradiance cache creation” and the second phase —
“final rendering”. The goal of the first phase is to generate a set of
irradiance cache points that will completely cover the space where
future samples can occur. This separates computing irradiance
cache from using it.

3.1 Creation of irradiance cache

IC creation process consists of multiple passes (20-30 passes, the
maximum number is user controlled). It can be summarized in the
following pseudo code:
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procedure Create IC(ic : out Irradiance_Cache) is

geomDiscMap Image;
irradDiscMap Image;
discMap : Texture2D;
candidates : array of IC_Record;
smallGroup : array of IC_Record;
candGroups array of (array of IC Record);
iterNum : Integer;
-- user controlled
MAX PASS NUMBER Integer := 30;
MIN CAND TRESHOLD : Integer := 100;
begin
geomDiscMap := CreateGeometryDiscMap () ;
discMap = Build2DMipMapChain (geomDiscMap) ;
candidates := Dithering(discMap) ;

ic.Insert (candidates) ;
iterNum := 0;
candidates.resize (MIN CAND TRESHOLD+1);

while(candidates.size() >= MIN CAND TRESHOLD and
iterNum < MAX PASS NUMBER) :

-- screen space stage

irradDiscMap := CreatelrradianceDiscMap();
discMap := Build2DMipMapChain (irradDiscMap) ;
candidates := Dithering(discMap) ;

-- insert candidates except for pixels
-- for which we already have records
ic.Insert ({candidates} \ {ic.records});

-- world space stage

candidates := SelectIfInterpErrorIslLarge();
candidates := SortWithZCurve (candidates);
candGroups := GroupRecords (candidates);
candidates := []
for group in candGroups:
smallGroup := SelectSeveralCands (group) ;
candidates.append (smallGroup) ;
end for;

ic.Insert (candidates) ;
iterNum := iterNum + 1;
end while;

end Create IC;

The ‘Insert’ procedure also evaluates irradiance for each records.
We will discuss its implementation later.

Each pass consists of 2 independent stages. The first stage works
only for visible points. The second stage works for visible and for
points that are not directly visible from the eye. During each pass
and within each stage new irradiance cache records are inserted
into the cache. The very first pass is different from the others and
works with geometry discontinuity like [Wang et al. 2009] and
[Frolov et al. 2011] do. The important aspect of the irradiance
cache generation process is that a large set of points (several
hundred or even thousand points) are selected at once, irradiance
for these points are computed on the GPU and these points are
added to the cache structure in one transaction.

3.1.1 The very first pass (coarse screen space pass)

In the very beginning of the process of irradiance cache creation
we have no information about the scene at all. Owing to this fact,
the goal of this pass is to create first approximation of irradiance
cache that will be used as a starting point for further passes. Our
algorithm tries to predict complexity of different screen parts,
using geometry discontinuity maps and image processing. It
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attempts to place more records in areas where more of them are
needed.

First, we trace rays from the eye position and store hit positions
and normals in separate full screen textures. A mip-map pyramid
for each of these textures is built. Then, each mip-level of surface
discontinuity texture map is evaluated according to this formula:
surfDisc := k*normDiff + worldPosDiff;

where worldPosDiff and normDiff is a maximum difference
between positions (and normals accordingly) within neighboring
pixels (in an appropriate mip-level). And k is a parameter that
depends on the world scale. Having a discontinuity map, we blend
all of up-scaled mip levels and perform the dithering algorithm on
the resulting image with a binary quantization (i.e. each pixel in
resulting image can have a value equal to 1 or 0). The result of
this dithering is a binary image - a set of initial points; this initial
set is our first approximation of irradiance cache (Fig. 2).

The main idea behind that binary dithering is that it allows us to
represent discontinuity maps (both geometry and irradiance) in
terms of sparse point set — potential IC records.

Dithering Implementation:

Our dithering implementation is deterministic (but we suppose
random or combined solution is also possible). For a given part of
screen it decides (based on user defined threshold) whether we
need to put irradiance cache record in each 32-d, 16-th, 8-th, 4-th
or 2-d pixel.

3.1.2 Screen space stage (1)

The same operation but for irradiance discontinuity is performed
in subsequent passes— calculate irradiance by fetching it from the
cache, build difference image, create mip-map pyramid, blend up-
scaled images, perform dithering and insert newly obtained points
into irradiance cache. This procedure is repeated several times.
Because screen space solution stops producing new points
relatively fast, we disable it after several (3-4) passes and continue
creating the cache only with the world space stage.

3.1.3 World space stage (2)

The presented screen space algorithm works on primary visible
smooth surfaces. However it cannot be used for indirectly visible
surfaces and it tends to miss tiny geometric details. The red
triangle on Fig. 3 represents viewers’ frustum. Red points are not
visible from the camera, however secondary rays can still reach
such regions.

Our goal is, to generate a set of irradiance cache points that
completely cover the space where rays can hit a surface during
path tracing process. We used an idea similar to the clustering
approach that had been used in [Gassenbauer et al. 2011].

Rays are traced from the eye and all hit points are saved on each
bounce if interpolation has unacceptable error estimation from
geometric considerations. All such points are stored in separate
buffer during ray tracing using CUDA ‘atomicAdd’ operation
similar to how DirectX10/11 ‘append buffer’ works.

However, a very large set of points is produced and we need to
select a subset of the best candidates from it. We believe several
approaches can be applied to form clusters; however we used the
simple one that can be easily ported to GPU. At first, we sort
candidates according to 3D Z-Curve [Morton 1966]. After that
we start inserting points into a cluster (around the first point in the
sorted array). However we want to keep the bounding box of the
current cluster within certain limits. If after inserting a point the
bounding box of the current cluster exceeds the maximum
bounding box size, we create a new cluster and continue inserting
candidates into it.
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Next, it is possible to select a single point from each cluster with
maximum error however it is not the best approach. Let us
consider a cluster that was formed around the corner of the
Cornell Box. The corner consists of 3 walls and if our cluster
contains points on every wall, we need to select at least one point
on each wall, otherwise we lose useful candidates, because we
know that radiance difference usually corresponds to rapid
changes of the normal field. So, from each cluster we select
several candidates with unique normals and thus, deal with corner
cases.

We terminate the creation process when the maximum number of
passes is reached or when °‘candidates.size()’ becomes small
enough (this parameter is user defined). Due to the stochastic
nature of our IC creation process (world space stage uses random
‘path tracing style’ rays) on some complex scenes there can be a
regions that were not covered by IC records and candidates are
still produced. However, if we stop IC creation process in that
case, it will not introduce a valuable error in the final image
because the probability of rays hit such regions tends to be zero.

3.2 Final rendering

After we have irradiance cache computed we do adaptive path
tracing as described in [Frolov et al. 2011] with fetching indirect
smooth lighting from irradiance cache. Thus, for fast and smooth
indirect lighting we use irradiance caching technique and we use
path tracing for other effects, such as soft shadows, glossy
reflections and refractions, depth of field and motion blur.

4. IMPLEMENTATION AND RESULTS

Our implementation is done using CUDA and C++. All
performance critical parts of the algorithm are done in CUDA.
However, such things as tree construction and some other
algorithms are implemented in C++ on the host.

4.1 Hemisphere sampling

For irradiance computations we use the progressive evaluation
algorithm with Monte Carlo path tracing. All irradiance cache
records are placed in ‘active records list’. For each active record
we use a sequence of randomly distributed (but coherent)
hemisphere samples — 4096, 16384, 65536 and etc. At first we use
4096 rays for all records in the list. If estimated error for a record
is small enough we discard that record from ‘list of active records’
and process remaining records with 16384 rays (the next value in
the sequence). We repeat this process until all records are
evaluated or the maximum number of samples per irradiance
record is achieved. Using the sequence of pre-generated samples
instead of simple random rays is important because we can save
rays coherency at least for the first bounce and have valuable
speed-up (~ 2-4 times) for ray tracing on GPUs.

To evaluate convergency for a record we use the approach
described in [Krivanek et al. 2006] accumulating odd and even
partial sums of lighting integral.

We used ‘Hammersley’ sampling technique described in [Suffern
2007] to cover hemisphere with samples. To have more coherent
groups of rays we used stratification (subdivide the hemisphere
into sectors and generate 32*k rays for each sector where k >= 1).
Actually we just need to group ‘Hammersley’ points in groups of
size 32*k. Initially we do that on the CPU in tangent space. On
the GPU we transform directions from tangent to object space to
get correct hemisphere sampling.

During the hemisphere sampling, we also calculate initial validity
radius for each irradiance cache point using ‘sphere split
approximation’ [Krivanek et al. 2008].
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4.2 Insertion records into octree

The insertion process is done on the CPU. Our implementation
inserts a set of records in one transaction, and we modified the
original insertion algorithm, described in [Krivanek et al. 2008]
and [Pharr and Humphreys 2010].
procedure Insert (
self : inout Irradiance Cache;
records : in array of IC Record ) is
begin
EvaluatelIrradiance (records);
self.auxOctree.Insert (records);
ValidityRadiusClamping (records, self.auxOctree) ;
self.mainOctree.Insert (records);
end Insert;

The problem with inserting multiple records is that in several
cases, we can find a large set of closely-located records, with
overlapping validity radiuses. This is a problem, because in those
regions octree leafs will contain a large list of points and
interpolation becomes slow. This motivated us to develop a
special algorithm for decreasing validity radiuses during insertion.
Our insertion consists of 3 phases. First, we consider irradiance
cache records as points (not as spheres!) and insert them into an
auxiliary octree. This octree will be used to speed-up location of
k-nearest points (irradiance cache records).

We call the second step ‘validity radius clamping’. It treats
irradiance cache records as spheres. The goal of this step is to
decrease validity radius for each point. For each irradiance cache
record it locates k nearest neighbors (k is 4-7) in ‘different
directions’ and if the validity radius of the current point is greater
than the distance to the farthest point, the validity radius is
clamped to this distance.

The minimum
- angle is too

small, reject

The minimum
- angle is big
enough, accept

Figure 1: Angle criterion of filtering nearest neighbors.

By ‘different directions’ we mean that while we look for
neighboring points we calculate the angle between a new
candidate and all the points that we have already found (Fig. 6). If
the angle between the direction to a new point and any direction to
a point we already found is too small, we do not consider this
point, i.e. we do not add it into the nearest neighbors list.

Last we also consider irradiance cache records as spheres. But
validity radiuses of these records were clamped by the previous
step. The goal of the last step is to insert all points into the final
octree that will be used for fetching irradiance from the cache on
the GPU. Validity radius clamping is an important part of the
algorithm. Table 1 shows performance improvements gained by
introducing our validity clamping approach.

| Scene | IC1 [ 1C2 | look-up acceleration |
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Teapot 29 ms 5.9 ms 4.9 times
Dragon 18 ms 5.0 ms 3.7 times
Conference 25 ms 4.4 ms 5.6 times
Sponza 16 ms 7.1 ms 2.3 times
Cry-Sponza 33 ms 8.3 ms 4.0 times

Table 1. The column marked IC1 presents time (in milliseconds)
required to perform one million look-up operations when validity
radius clamping is disabled. The column marked IC2 presents
time, required to perform one million look-up operations with
enabled validity radius clamping. The last column represents
acceleration factor. All measurements were done with GTX560
HW.

Thus, inspired by Krivanek’s Neighbor Clamping, we introduce a
new validity clamping radius criterion in order to accelerate look-
up operation by means of density control.

4.3 Fast Octree Look-Up

We use interpolation formula proposed by Tabellion and
Lamorlette in [Tabellion and Lamorlette 2004] and stackless
octree look-up as described in [Krivanek et al. 2008]. We have
found that the stackless approach is very efficient on GPUs if only
several irradiance cache records are stored in octree leaves. The
key advantage of the multiple reference octree is the stackless
‘root to leaf’ look-up algorithm. To find all irradiance cache
records, which validity radiuses overlaps with a given point, we
need to traverse from the root to a leaf and then just iterate
through the list of cache points we stored in a leaf.

4.4 Results overview

The results of our renderer are presented in Table 2. We target
high quality images at 1920x1200 resolution and we used world
space irradiance interpolation. As a result our irradiance cache
contains a large record set (100K-200K). Due to the high
precision requirements we usually start irradiance evaluation with
4096 Monte-Carlo samples. The “Conference Room” scene has 6
area lights under the ceiling and a significant part of rendering
time was taken by soft shadows. Due to a weak indirect
component in this scene path tracing converges fast enough and
acceleration factor is lower (only 3 times) compared to other
scenes.

“Sponza” and “Crytek-sponza” scenes (in contrast to Conference
Room) have strong indirect illumination and acceleration on these
2 scenes was even higher (14 and 18 times accordingly) than
expected. For example, having ~200K records for the last scene,
one can't expect more than 1920%1200/200000 = 11 times
acceleration. However we found that on some complex scenes
(even disregarding total triangle count), like “Crytek-sponza”
naive path tracing is inefficient and the ray tracing performance is
far from 60M rays per second. As a result grouping rays to
coherent packets, when sampling hemisphere, provides a great
advantage for GPU ray tracing performance and for the “Sponza”
and “Crytek-sponza” scenes we have super-linear acceleration.

We calculated square error (with ‘The Compressonator’
[Compressonator]) and PSNR (with MatLab) metrics to have a
numerical estimation of an image difference. PSNR, for HDR
images, is much higher (than for LDR) because absolute value of
the signal is higher on HDR images.

4.5 Quality discussion and analysis

For our current implementation we used Monte-Carlo path tracing
to evaluate irradiance. We start from 4096 hemisphere samples
with 2 path tracing bounces and continue to increase the number
of samples with our progressive evaluation algorithm. In contrast
to evaluating IC records, path tracing requires on average ~1000
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4.5 Quality discussion and analysis

For our current implementation we used Monte-Carlo path
tracing to evaluate irradiance. We start from 4096 hemisphere
samples with 2 path tracing bounces and continue to increase
the number of samples with our progressive evaluation
algorithm. In contrast to evaluating IC records, path tracing
requires on average ~1000 samples per pixel. The produced
noise is high frequency and it is filtered by the human eye.
However, when we consider irradiance cache, the error will be
splashed over the surface resulting in low frequency noise that
appear to a human eye as “dirty spots” (Fig. 3). To suppress
these artifacts we use more samples per record.

Figure 3: Top row: IC results produced with 1024 and 16384
samples per record. The bottom row: magnified difference
(x32) between corresponding IC result and path traced
reference.

4.6 Bottleneck analysis

We have measured that during irradiance cache construction
~80% of the time is spent on evaluating records (i.e.
hemisphere sampling with Monte-Carlo path tracing) and it
takes ~50-90% of the total rendering time. One way to reduce
this time is to use fewer samples with one bounce. This will
work much faster because on the first bounce we have coherent
sets of rays (and the noise is less than for 2 or more bounces).
However this will prevent us from computing indirect lighting
from multiple diffuse bounces. Another choice is to use photon
mapping with final gathering [Krivanek et al. 2008] instead of
Monte-Carlo path tracing. We believe this idea should give us a
performance benefit and we’ll investigate this in our future
research. We also think that using recursive irradiance cache
[Krivanek et al. 2008] is a promising idea; it allows tracing only
coherent set of rays to transport light from one level of the
cache to another (or even use rasterization).

We perform interpolation in the world space and as a result the
IC generation algorithm places a lot of records near tiny
geometry details. We suppose screen space IC should be used
for primary visible points.

The octree construction (insertion of records) is not a bottleneck
in our implementation; it usually takes ~15% of irradiance
cache construction time. The remaining 5% of the time was
spent on ray tracing during IC construction, building of
discontinuity maps (both geometry and irradiance), data
transfers between GPU and CPU.

Regarding the final rendering, the irradiance cache look-up
operation takes 20% in average of the total rendering time. The
ray tracing (incoherent rays) takes 60-70% of this time and the
rest is taken by the shading related works and pipeline
overhead.
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Scene Number of Number of | IC creation Render Total | Naive path Acceleration Square error | PSNR
Triangles IC records time pass time time tracing time (png) (png)

Table 2: Test setup. All scenes were rendered in 1920x1200 on GTX560 HW. For path tracing - max samples per pixel was 4000 (however, this
number was reached for the 2 last scenes). Image difference and square error were computed with ‘The Compressonator’ tool [Compressonator].
For conference Room we started hemisphere evaluation with 1024 hemisphere samples (instead of usual 4096 samples) (¥*).
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Figure 4: Path tracing compare to our IC implementation. Difference brighter by 1600% (16 times). GraphiCon’2012
High Quality images and demo program available at http://ray-tracing.ru/upload/gc2012/sandbox.zip
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Abstract

In this paper we propose new approach of automatic generating
real time content adaptive animation effects from the still
images adapted for the low-powerful embedded HW platforms.
Displayed animation behaves uniquely each time it’s played back,
and does not repeat itself during playback duration, creating vivid
and lively impression for the viewer. Adaptation of the effect
parameters according to background audio greatly increases
aesthetic impression of the viewer. Three animation effects such
as Flashing Light, Soap Bubbles and Sunlight Spot are described
in details. We propose several ways of controlling the effect
parameters by music. User opinion survey demonstrates that
majority of users are excited by such effects and wants to see
them in their devices with multimedia capability.

Keywords: animation from photo, audio-adaptive effect,
multimedia slide-show, attention zones detection.

1. INTRODUCTION

Creation and sharing of multimedia presentations and slideshows
has become a pervasive activity. The development of tools for
automated creation of exciting, entertaining and eye-catching
photo transitions and animation effects, accompanied by
background music and/or voice comments, has become a modern
trend [1]. One of the most impressive effects is the animation of
still photo, for example, grass swaying in the wind or rain drop
ripples in the water, etc.

Special interactive authoring tools, such as Adobe After Effects
and Ulead Video Studio, are used to create animation from an
image. Development of fast and realistic animation effects is hard
task itself; and it is a topical problem of modern computer

A

Star size

graphics. For example, paper [2] discusses algorithm for
generation of plausible motions animation. In authoring tools the
effects are selected and adjusted manually, which may require
considerable effort from a user. Resulting animation is saved as
video clip, thus requiring noticeable amount of space for storage.
During playback, such movie will always be the same, thus
leading to repetitiveness feeling of the viewer.

For the multimedia presentations and slideshows it’s preferable to
generate animated effects on-the-fly with a high frame rate. Very
fast and efficient algorithms are necessary to provide required
performance. It’s especially difficult for low-powerful embedded
HW platforms.

Our research was defined as development and implementation of
automatically generated animated effects of Full HD images on
ARM Cortex A8 and A9 — based embedded platforms, with the
CPU frequency 800 - 1000 MHz and without use of GPU — based
APIs, such as OpenGL. Only ARM commands were available to
use, including SIMD instructions of ARM NEON co-processor.
Creation of realistic and complex animated effects in such limited
conditions is a challenging task itself, particularly for the well
experienced in computer games on powerful PCs and play stations
users.

We have developed several algorithms for generation of content-
based animation effects from still images, such as Flashing Light,
Soap Bubbles, Sunlight Spot, Magnifier Effect, Rainbow, Portrait
Morphing Transition Effect, Snow, Rain, Fog, etc. For those
effects we propose a new approach of automatic audio-aware
animation generation.

In the paper we demonstrate our concept, i.e. adaptation of effect
parameters according to background audio, for three effects:
Flashing Light, Soap Bubbles and Sunlight Spot. Obviously the
concept can be extended to other animated effects.

Beat detected %\\

v

Figure 1. Detected beats affect size of flashing light.
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2.  RELATED WORKS

Recently, some content-adaptive automatic techniques for
generation of animation from static photo were proposed. Paper
[3] describes Animated Thumbnail which is a short looped movie
demonstrating main objects of the scene in sequence. Animation
simulates camera tracking-in, tracking-out and panning between
detected visual attention zones and whole scene.

Music plays an important role in multimedia presentations. There
are some methods towards to aesthetical audiovisual composition
in slideshow. Tiling Slideshow [4] describes two methods for
analysis of background audio in order to select timing for photos
and frames switching. First one is beats detection. Second one is
energy dynamics, calculated using root mean square values of
adjacent audio frames.

Also there are other concepts of combining audio and visual
information with the automatic generation of multimedia
presentations exists. For example, paper [5] suggests approach
that focuses on an automatic sound track selection. The process
attempts to comprehend what the photos depict and try to choose
music accordingly.

3.  ANIMATION EFFECTS FROM SINGLE IMAGE
3.1 Flashing Light

The Flashing Light effect displays several flashing and rotating
colored light stars over the bright spots on the image. In this
effect, size, position and color of flashing light stars are defined
by detected position, size and color of the bright areas on the
source still image.

Algorithm performs the following steps to detect small bright
areas on the image:

e calculating the histogram of luma channel of the source
image

e calculating segmentation threshold as luma level
corresponding to specified fraction of brightest pixels of the
image using the luma histogram;

e segmenting source image by thresholding; while
thresholding, the majority morphological filter is used to
filter out localized bright pixel groups;

e calculation of the following features for each connected
region of interest (ROI):

a. Mean color C o

b. Centroid (x.,».)

c. Image fraction ¥ — fraction of the image area, occupied
by ROI;

d. Roundness — relation of the diameter of the circle with
same area as ROI to maximum dimension of the ROI:

_2JS/x
o max(W,H)
where § is the area of the ROI and W, H are ROI
bounding box dimensions;

e. Quality — integral parameter, characterizing the
possibility of to ROI to be a light source and calculated
as following:

QL = WYmax ’ Y + WYmean ! Y

max mean

+wp K, +w, Ky

where Y. - maximum luma of the ROI,

46

Y - mean luma of the ROI,

mean

K ;. - coefficient of ROI size,
{F/FO, if F<F,
- =

, where F{ - image fraction
F/Fif F>F,

normalizing coefficient for an optimal lightspot size;
Wy max > Wymean>» Wr» Wy - weighting coefficients.
Weighting coefficients W and optimal lightspot size
normalization coefficient Fo are obtained by minimizing
differences between automatic and manual light sources
segmentation results.

e  selection of regions with appropriate features.

All bright spots, with image fraction falling within
appropriate range (Fp., Fuax), and roundness Kr is larger
than certain threshold value Kf are considered as potential

light sources. Potential light sources are sorted by their
quality value Q, . Specified number of light sources with the

largest quality is selected as final positions of “light stars”
objects.

Centroids of selected light regions are used as star positions. Star
size is determined by dimensions of appropriate light region.
Mean color of the region determines the color of the light star.
Fig. 2. shows an image with bright spots and corresponding light
stars.

b)
Figure 2. a) Bright spots on the image and b) corresponding light
stars.

Every light star is composed from bitmap templates of two types,
representing star shape elements: halo shape and star ray (or
spike) shape. These templates are alpha maps scaled
independently. Examples of templates are shown on Fig. 3.
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During rendering, the alpha map of complete star of appropriate
size is prepared in separate buffer, and then the star is painted
with appropriate color with transparency value extracted from star
alpha map.

During animation, light star sizes and intensities are changed
gradually and randomly to make an expression of flashing lights.

a) b)
Figure 3. Light star shape templates: a) Halo template; b) Ray
template.

3.2 Soap Bubbles

The effect displays soap bubbles moving over the image. Each
bubble is composed from color map, alpha map and highlight
map. The set of highlight maps with the different highlight
orientation is precalculated for each bubble. Highlight position
depends on lighting direction in corresponding area of the image.
Lighting gradient is calculated using downscaled brightness
channel of the image.

Fig. 4 shows Soap Bubble components. Color map is modulated
with highlight map, selected according average lighting direction
around the bubble, and then combined with source image using

alpha blending with bubble alpha map.

a) b)
Figure 4. Soap Bubble components: a) Alpha map b) Color map.

During animation, soap bubbles are moved smoothly over the
image from bottom to top or vice versa while oscillating slightly
in horizontal direction to make an impression of real soap bubbles
floating in the air.

3.3 Sunlight Spot

The effect displays bright spot moving over the image. Prior
starting effect, the image is dimmed according to its initial
average brightness. Fig. 5 shows an image with sunlight spot
effect. The spotlight trajectory and size are defined by attention
zones on the photo.

Russia, Moscow, October 01-05, 2012
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Figure 5. a) Frame of Sunlight Spot effect; b) Selected attention
zones.

Similar to many existing publication we find human faces and
salient regions using pre-attentive vision model. Basing on these
regions we form attention zones. In addition we consider text
inscriptions as attention zones too. For example it can be the name
of hotel or town on the background of which the photo was made.
Or, in case of the newspaper, it will be headlines.

Well-known OpenCV software library contains implementation of
face detection for front and profile faces. In general the technique
that is based on state-of-the-art Viola-Jones face detector [6]
provides good results. However it gets a lot of false positives. The
number of false positives can be decreased with additional skin
tone segmentation and processing of downsampled image [7]. We
have ported OpenCV 2.3 to our embedded platform. Time of face
detection for 480x320 images is about 0.8 s.

So far the universal model of human vision does not exist, but
pre-attentive vision model based on feature integration theory is
well-known. Since in this case, the observer is on attentive stage
while viewing photo, a model of human pre-attentive vision is not
strictly required. However existing approaches for the detection of
regions of interest are based on saliency map and they often
provide reasonable outcomes, whereas the use of attentive vision
model requires too much prior information about the scene and it
is not generally applicable. Classical saliency map building
algorithms like [9] have a very high computational complexity.
That is why researchers recently devote a lot of efforts to develop
fast saliency map creation techniques. Paper [10] compares
several modern algorithms for salient regions detection. We
implemented on our embedded platform Histogram- based
Contrast (HC) method. The time of salient regions detection for
480x320 images is about 0.1 s.
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While developing the algorithm for detection of areas with text,
we take into account the fact that text components are ordered the
same way and are similar in texture features, color. Firstly, we
apply LoG edge detector and restore missing parts using
combination of morphological operations. After edge detection
we end up with many circuits, which can be ordered as connected
tree of objects and voids

Then we filter resulting connected components based on the
analysis of the texture features. We use features from [8], as well
as analysis of geometric dimensions and relations. We merge
closely located connected components, arranged the same order
and similar in color, texture features, in groups. Then we classify
resulting groups. We form final zones with the text on the basis
of groups that are classified as text. Time of text regions detection
for 480x320 images is about 0.5 s.

Fig. 5 shows detected attention zones. Red rectangle depicts face
detected; green rectangles denote text regions; yellow is bounding
box of the most salient area according to HC method.

4. ADAPTATION TO AUDIO

What animation parameters may depend on characteristics of
background audio signal? Firstly it is size and intensity of
animated objects, also speed of their movement and rotation can
be adjusted. In addition, we investigated the question: How can
we change color of animate objects, depending on music?
Famous Russian composer and pianist Alexander Scriabin about
100 years ago proposed a theory of connection between music and
color. Colors corresponding to notes are shown on fig. 6. This
theory connects major and minor tonality of the same name.

Figure 6. Accords with the circle of fifths corresponding to
Scriabin’s theory.

On our platform we work with stereo audio signal on frequency
44 kHz. We consider 4 approaches to connect animation of 3
effects mentioned above with background audio. In all approaches
we analyze the average of two signal channels in frequency
domain. The spectrum is built 10 times per second for 4096
samples. Spectrum is divided into several bands as in
conventional graphic equalizer. The number of bands depends on
approach selected.

For fast Fourier transform computing with fixed point arithmetic
we use kiss_fft library. It is open source library distributed under
BSD license. This library does not use platform-specific
commands and is easily ported to ARM. On our platform
processing time for one buffer is about 0.004 s.

Our first approach of visualizing music by colors was inspired by
Luke Nimitz demonstration of “Frequency spectrograph —
Primary Harmonic Music Visualizer”. It is similar to Scriabin
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idea. It can be considered as a specific visualization of the graphic
equalizer. In this demonstration music octaves are associated with
HSL color wheel as shown in fig. 7 using statement:

Angle =2rlog, (l),
c
where 1 is frequency, c is origin on frequency axis. Angle defines

hue of current frequency.

origin frequency

angle

Figure 7. Color circle corresponding to each octave.

Depending on value of current note we define brightness of
selected hue and draw it on color circle. We use three different
approaches to display color on the color wheel: paint sectors,
paint along radius or use different geometric primitives inscribed
into the circle.

In Soap Bubbles effect, depending on generated color circle, we
determine color of bubble texture. On fig. 8 there is an example of
soap bubbles with color distribution depending on music. In
Sunlight Spot effect generated color circle determines distribution
of colors on highlighted spot (fig. 9).

R

Figure 8. Generated color distribution of soap bubbles depending
on music.

Figure 9. Generated color distribution of sunlight spot depending
on music.
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In second approach we detect beats or rthythm of the music. We
tried several techniques for beats detection in time and frequency
domains [11, 12, 13, 14]. We faced constraints due to real-time
performance limitation and we were dissatisfied with the
outcomes for some music genres. Finally we assume that the beat
is present if there are significant changes of values in several
bands. This method meets performance requirements with
acceptable quality of beats finding. Fig. 1 illustrates how detected
beats affect size of flashing light. If the beat is detected we
instantly maximize size and brightness of lights and then they
gradually return to their normal state until next beat happens. Also
it is possible to change flashing lights when beat happens (turn on
and off light sources). In the Soap Bubbles effect we maximize
saturation of the soap bubble color when the beat takes place. We
also change the direction of moving soap bubbles as beat
happened. In Sunlight Spot effect if the beat is detected we
maximize brightness and size of spot and then they
gradually returned to their normal state.

In third approach we analyze presence of low, middle and high
frequencies in audio signal. This principle is used in color music
installations. In Soap Bubbles effect we assign frequency range
for each soap bubble and define its saturation according value of
corresponding frequency range. In Flashing Light effect we assign
each light star to its own frequency range and define its size and
brightness depending on value of the frequency range. On fig. 10
you can see how presence of low, middle and high frequencies
affect on flashing lights.

Figure 10. Low, middle and high frequencies affect on brightness
and saturation of corresponding flashing lights.

Another approach is not to divide spectrum to low, middle and
high frequencies but rather to assing it to different tones inside
octaves. So, we work with equalizer containing large amount of
bands, where each octave have enough corresponding bands. We
accumulate values of each equalizer band to buffer cell, where
corresponding cell number is calculated using the following
statement:

(1og2(1)x360) mod 360
_ C
num = 360 +1,

length

where f is frequency, c¢ is origin on frequency axis, length is
number of cells.
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Each cell controls behavior of selected objects. In Soap Bubbles
effect we assign each soap bubble to corresponding cell and
define its saturation depending on the value of the cell. In
Flashing Light effect we assign each light to corresponding cell
and define its size and brightness depending on the value of the
cell.

Obviously, other approaches to adapt behavior of animation to the
background audio are also possible. In particular, it is visible to
analyze the left and right audio channels separately and apply the
different behavior to the left and right sides of the screen,
respectively. Other effects friendlier for music adaption can be
created.

5.  RESULTS AND DISCUSSION

The major issue is how can we implement the functions in modern
multimedia devices for real-time animation? The algorithms were
optimized for ARM Cortex A8 and A9 — based platforms with
CPU frequency 800 - 1000 MHz. Limited computational
resources of the target platform combined with absence of
graphics hardware acceleration is serious challenge for
implementation of visually rich animation effects. Therefore
comprehensive optimization is required to obtain smooth
framerates. Total performance win is 8.4 times in comparison to
initial implementation. The most valuable optimization
approaches are listed in table 1.

Table 2 contains performance data for described effects. Such
figures provide smooth and visually pleasant animation.

TABLE 1 OPTIMIZATION APPROACHES

Approach Speeding-up, times
Fixed-point arithmetic 4.5
SIMD CPU instructions (NEON) 3
Effective cache usage 1.5
Re-implementing of key glibc 1.25
functions

TABLE 2 PERFORMANCE OF PROPOSED EFFECTS FOR HD PHOTO.

Effect Initialization time, s FPS
Flashing Light 0.15 20
Soap Bubbles 0.08 45
Sunlight Spot 1.4 50

As objective evaluation of the proposed audiovisual presentation
is difficult, we evaluate the advantage of our technique through
subjective user opinion survey. Flashing Light, Soap Bubbles and
Sunlight Spot effects with octave based audio adaptation were
used for demonstration. Two questions were asked for three
audio-visual effects:

. Are you excited by the effect?
. Would you like to see that effect in your multimedia
device?

23 observers participated in the survey. Diagram on fig. 11
reflects survey results. In general, absolute majority of the
interviewees rates effects positively. Only two people said that
they do not like not only demonstrated effects, but any multimedia
effects. Some observers stated: it’s entertaining, but I cannot say
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“I’'m excited”, because such expression would be too strong.
Several participants of the survey said that they do not like photos
or background music used for demonstration. It is also worth to
notice that § of the respondents were women and, on average,
they rated the effects much higher than men.

So we can claim that the outcomes of subjective evaluation
demonstrate the satisfaction of the observers with this new type of
audiovisual presentation, because audio-aware animation behaves
uniquely each time it is played back, and does not repeat itself
during playback duration, thus creating vivid and lively
impression for the observer. A lot of observers were excited by
the effects; and they want to see such features in their devices
with multimedia capabilities.

100.00%
90.00%
80.00% |—
70.00% ——
60.00%
50.00% ——
40.00% [—
30.00%
20.00%
10.00% |[—

Flashing light
W Soap bubbles
I Sunligth Spot

0.00%
Are you excited by the Do you want to see that
effect? effectin your device?

Figure 11. Survey results.
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Abstract

Visual illusions have provided researchers with important
insights into the rules of how the visual system interprets
environmental information. In current models of lightness
perception it has been suggested that 2D visual cues in a scene
play a crucial role in lightness estimations. The role of depth
cues was investigated in some studies, but the results were
contradictory. Lately, the virtual reality (VR) techniques were
applied successfully to investigate 3D visual perception. Using
the CAVE system, we studied the strength of 3D visual
illusions. We investigated the role of 3D articulated
backgrounds in the perception of the simultaneous lightness
contrast (SLC) illusion. The results showed that the illusion
strength decreased for all 3D displays relative to the 2D
articulated version. There were no significant differences
between different types of 3D displays.

Keywords and Phrases: 3D visual illusions, lightness
perception, simultaneous lightness contrast Virtual Reality,
VR, CAVE.

1. INTRODUCTION

The problem of lightness perception is tightly connected with
the perception of lightness illusions. They were often used as
demonstrations of theoretical assumptions by different
approaches to lightness perception. Recently the anchoring
theory of lightness perception was frequently debated [4]. It
assumed that the ratios of the test surface luminance to the
luminance of other surfaces determined this process. Using
these ratios it was possible to estimate the relative reflectance
of all surfaces, which were equally illuminated. Since objects
lying in the same surfaces were illuminated uniformly in
natural scenes, it was assumed, that it was the luminance ratio
of coplanar surfaces that was a basic stimulus for lightness
perception. It allowed the relative reflectance of all surfaces to
be computed. To estimate the absolute reflectance the
anchoring rule was applied: one of relative reflectance values
anchored to some absolute value, for example, to the most
luminous object which supposed to be white [8; 4]. In
complex scenes the lightness estimation was accomplished into
two stages. At first the groups of coplanar surfaces were picked
out, and then the lightness was estimated in accordance with
the anchoring rule for each group. The anchoring rules
“worked” in the range of local and global frameworks. Local
frameworks were used to estimate the luminance ratio of the
test and adjacent background patches of a surface. Global
frameworks were used for estimating the luminance ratio of
test and distant patches of a surface. These theoretical
hypotheses were used to explain some of lightness illusions,
for example the simultaneous lightness contrast (SLC) illusion
[4; 3]. It was found that the SLC illusion formed mainly on the
anchoring rules of local frameworks. In our study we
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investigated the influences of 1) depth cues and 2) articulation
cues on lightness perception to test the anchoring theory.

The role of depth cue was tested in a number of works, but the
results were contradictory. The main idea of these studies
consisted in manipulating of 3D positions of test surfaces
relative to background surfaces. In accordance with the
coplanar ratio hypothesis it would result in a shift of lightness
estimations. Some works [9; 1] confirmed these predictions.
These results showed that the relationship between test and
background surfaces occurred only when they were coplanar to
each other. Other studies did not reveal or determined the very
weak influence of coplanar ratios on lightness estimations [2;
11]. So, the question of depth cue influence remained unclear.
In our study the strength of the SLC illusion was investigated
as a function of 3D configurations of test and background
squares. In line with the coplanar ratio hypothesis lightness
estimations were determined by the anchoring rules which had
the relative strengths within the local and global frameworks.
When the test squares were moved out of the background
squares it would result in weakening local anchoring and, in
their turn, in reducing the illusion strength.

The influence of the articulation cues on lightness perception
was proposed and investigated by D. Katz [6]. Articulation
effects were determined as the influence of the background.
complexity on lightness estimations. The term “complexity”
referred to the number of colored patches of the background.
The rule of articulation was formulated as following: the more
colored patches were located around the test patch the better
lightness estimations. This rule has been co-determined in the
anchoring theory to accommodate the modern approaches and
studies on lightness perception [5]. We proposed that
“complexity” may be considered not only as the number of
colored patches of the background, but also as 3D content of
the background. Then the rule of articulation may be
formulated as following: the more complex 3D scene would
surround the test patch the better lightness estimations and, in
turn, the high the illusion strength.

The last decades have seen a rise in usage of a new Virtual
Reality (VR) technology in psychological research. By now its
effectiveness has been proven by medicine, neuropsychology,
cognitive and social psychology data. The virtual reality
technology equips experimental psychology with methods that
have certain differences from traditional laboratory
instruments. A heated dispute of the advantages and
disadvantages of the use of virtual reality systems in
psychology has been held in all experimental and review works
carried out within this new methodology [7; 10; 12]. As for the
studies in lightness perception VR technology provides 1)
active 3D viewing enable to construct visual illusions in depth
and 2) complex 3D scenes with controlled parameters enable
to reproduce articulated effects.
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Using the the VR technology, we studied the strength of 3D
SLC illusion to find out the role of 1) the depth cues and 2) the
articulation cues in lightness perception.

Two hypotheses were offered:

1. Locating the test and background surfaces in
different space positions would result in weakening
local anchoring and, in their turn, in reducing the
illusion strength. So, the strength of 3D SLC
illusions would decrease relative to its classical 2D
configuration.

2.  The more complex 3D scenes of the background
would result in better lightness estimations and, in
turn, in high values of the illusion strength.

2. METHOD

2.1 Observers

Twenty five observers (age range 17-30) with normal or
corrected to normal vision were tested. All observers were
unaware of the purpose of the experiment.

2.2 Stimuli

The 2D articulated version of the SLC illusion (Fig. 1.1) was
used as a basic display. Three different 3D configurations of
the SLC illusion were constructed. They consisted of test
squares which were moved out of the backgrounds and
different types of 3D backgrounds. The first type was 2D
articulated patches (Fig. 1.2), the second — 3D cubes (Fig. 1.3)
and the third — 3D balls (Fig. 1.4). 3D backgrounds varied
from simple (the first type) to complex (the third type) variant
of articulation.

The average luminance of backgrounds was constant for all
types of stimuli.

The method of constant stimuli was used to estimate the
strength of the SLC illusion. The gray squares on the light
backgrounds were standard. Its lightness was 30% of white
shade in Grayscale units and was not changed during the
experiment. Seven variable stimuli were created for every 2D-
3D configuration, for which the value of lightness for the test
squares lying on the dark backgrounds decreased from 30% to
12,5% of white shade with a step of 2,5%. So, 28 stimuli were
created: four 2D-3D configurations, each having seven variable
stimuli.

2.3 Apparatus

The 2D articulated version of the SLC illusion and three types
of 3D displays were presented using the CAVE system (Fig.
2).

The CAVE system has four large flat screens (Barco ISpace 4),
which are connected into one cube consisting of three walls
and a floor. The length of each screen side is about 2.5 meters.
Shutter eye glasses are made by CrystalEyes 3 Stereographics.
Projection system is based on BarcoReality 909. The
projector's matrix resolution is 1400x1050 with 100 Hz update
frequency. Tracking system produced by ArtTrack2. VirTools
4.0 is used for software developing. It supports DX9/GL2,
HAVOK, particle systems and shaders.

52

Figure 1: Different types of 2D-3D configurations of the SLC
illusion: 1 — 2D classic articulated configuration; 2 — 3D
configuration with 2D articulated background; 3 - 3D
configuration with 3D articulated background (cubes); 4 -3D
configuration with 3D articulated background (balls).

The observer stood motionless in front of the central screen at
a distance of 2.5 m. Virtual stimulus configuration was located
before him with the background placed on the screen plane. It
subtended 30 ° of visual angle horizontally and 15° vertically.

The visual angle of the test squares in 3D configurations (2, 3
and 4) was the same as those in the 2D display (1). Thus,
when projected on the retina, 3D and 2D displays produced
practically the same pattern.
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Figure 2: The CAVE system.

The laboratory room was darkened; there were no any light
sources, except CAVE systems projectors. The luminance
range in stimulus scene was 1:230. The maximum luminance
was 5.5 cd/m?, the minimum — 0.02 cd/m>.

2.4 Procedure

The observer was given the following instructions: “Each trial
you will see two gray test squares on the different
backgrounds. Please, choose the lightest of two central
squares, using a special joystick. Try to stand motionless
during the experiment.”

The experiment included four series: 1 — 2D articulated
version of the SLC illusion; 2 — 3D articulated version of the
SLC illusion with backgrounds consisted of 2D patches; 3 —
3D articulated version of the SLC illusion with backgrounds
consisted of cubes; 4 — 3D articulated version of the SLC
illusion with backgrounds consisted of balls.

Each series lasted about 5 minutes. The stimuli sequence was
completely randomized. Every series consisted of 70 trials:
each of seven variable stimuli was repeated 10 times. The
left/right position of light and dark backgrounds was changed
randomly.

3. RESULTS

Psychometric functions for 2D and three different 3D
configurations were obtained and used to evaluate the strength
of the SLC illusion for each participant and each 2D-3D
configuration. The illusion strength was calculated as
IS = (LSt — LT) / LSt * 100%, where LSt— was luminance of
standard square; LT — PSE (Point of Subject Equality) -
luminance of test square with 50% probability of answers
“lighter”.

The results averaged across 25 observers are shown in Figure
3. The horizontal axis plots the different 2D-3D configurations.
The vertical axis plots the average strength of the SLC illusion
(%).

The significant differences were revealed between the type 1
(2D articulated configuration) and the other different 3D
configurations (p<.001). The strength of 2D classic display
was twice more than the strength of any 3D display of the SLC
illusion. As to articulation effects, there were no significant
differences between the values of SLC strength calculated for
three types of 3D backgrounds (p<.01).
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Figure 3: The strength of the SLC illusion for 4 types of
stimulus configurations: 1 — 2D articulated configuration; 2 —
3D configuration with backgrounds consisted of 2D patches; 3
— 3D configuration with backgrounds consisted of cubes; 4 —

3D configuration with backgrounds consisted of balls.

4. CONCLUSION

The results showed that the illusion strength decreased for all
3D displays relative to the 2D articulated classic display. This
result was in good agreement with the anchoring theory,
predicting the reduction of the illusion strength in the
conditions of different depth positions of the test and
background surfaces. So, our first hypothesis was successfully
confirmed.

There were no significant differences in illusion strength for
different types of 3D backgrounds. It seems that articulation
effects weakly depend on the type of 3D backgrounds. So, our
hypothesis of the influence of 3D backgrounds on lightness
estimations was not proved.

Virtual reality technologies may be effectively used in studies
of lightness perception. It enables to reproduce visual illusions
in depth and to construct complex 3D scenes with controlled
parameters to create articulated effects.
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Abstract

Nowadays stereophotography is rapidly developing, providing a
plenty of sources for stereoimages. The goal of current
technology — to provide users with possibility to get high quality
3D anaglyph prints for education and entertainment. To do so it is
necessary to agree color characteristics of glasses and printed
colors, since errors in color transmission lead to cross-talk
interference and ghosting effects. There is no easy way for user to
adjust colors of anaglyph in order to coordinate characteristics of
glasses and printer.

We propose a technique that allows generating anaglyphs with
colors adapted to given glasses and printer colors by means of
special color pattern analysis. In addition, our approach takes into
account the size of the printed anaglyph image. Resulting printed
images have a good quality that is confirmed by user opinion
survey. The images contain fewer artifacts and look better in
comparison to anaglyphs without adaptation, which are generated
in existing software applications. The technique utilizes a low
amount of memory and has low computational complexity.

Keywords: Anaglyph, stereo printing, crosstalk noise, ghosting
reduction.

1. INTRODUCTION

At present time, there are a lot of sources of stereo images: 3D
cameras, 3D movies, stereo-pairs can be created from two frames
captured by conventional 2D camera, several software
technologies allow to catch different views of the same 3D object,

1. Printing test color pattern

. | m TEmmEEE T —

2. Estimation of transmission characteristics

for example, Google Earth and parallax effect in HTML 5. 3D
books have been known for several decades, they are viewed
through glasses with different color filters, for example blue and
red. Reconstruction of three-dimensional views by anaglyphs is
one of the simplest and the most economic methods. However this
method has some disadvantages such as loss of color and
discomfort for prolonged viewing. In spite of the drawbacks,
sometimes consumers want to print 3D color anaglyph pictures for
education and entertainment. There are various user groups in
Web like Flickr and others, where the process of 3D color
anaglyphs generation is discussed [4, 9].

There are several PC and mobile software applications for
generation of anaglyphs, for example StereoPhoto Maker,
Anaglyph Maker, Anaglyph, Anaglyph Workshop, Z-Anaglyph.
They have some disadvantages: settings for ghosting effect
reduction do not take into account size of the printed anaglyph;
there is no adaptation for given glasses and printer colors.

Usually it is assumed that viewing anaglyph on a display and
adjusting of printer color profile is enough to get similarly looking
printed anaglyph. However, our experiments show that it is
impossible to get similar color perception while looking at a
display and color hardcopy produced by a laser or ink-jet printer.
From a theoretical point of view it can be easily explained,
because gamut of a display and gamut of printing devices are
rather different [2]. That is why printing devices manufacturers
are interested in rising of printing quality of anaglyph [10].

3. Stereo pair preparation

4. Anaglyph generation with adaptation
for given glasses and size of a print

5. Printing of an anaglyph image
——

-F._.;u..

Figure 1. Algorithm of an adaptive anaglyph generation
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After performing the measurements of transmission coefficient
for several glasses (t,-(1) for right filter and 7, (1) for left filter) as
well as reflection spectrum of printed colors, i.e. magenta gy (1)
and cyan gc(4), by spectrometer, and analyzing estimated
reflection and transmission coefficients, it was concluded that full
elimination of cross-talk effect is impossible. Nevertheless, it is
possible to reduce cross-talk interference by correct color setting
of a printed anaglyph. As it is evident by experiment, the primary
printed colors (cyan and magenta) aren’t transmitted well; but our
estimations show that colors selection according to given glasses
allows to decrease ghosting artifacts significantly.

In this paper we propose an adaptive to spectral characteristics of
glasses and printer’s colors algorithm for anaglyph creation.

2. RELATED WORKS

Anaglyph generation is a difficult problem. It isn’t enough to put
one color channel in a left image and another in a right image.
Contradictory problems should be solved in anaglyph generation
process, because it is needed to code two images on a single view
by colors for stereo effect making and to reproduce colors with
maximum naturalness. Due to stereo and color conflicts it appears
to be impossible to develop an algorithm for anaglyph creation
which always produces good color representation, good details,
and is permanently free from typical artifacts, such as ghosting,
and region merging.

Well-grounded technique for color anaglyph generation for
display is described in [1,3,5,8].

Several techniques have been proposed for the production of
anaglyphs for viewing on displays. In [8] three approaches are
discussed: Photoshop algorithm (PS) and its variants, the least
squares algorithm (LS) proposed by Eric Dubois, that optimizes
colors in the CIE space, and the midpoint algorithm (MID) that
minimizes the sum of the distances between the anaglyph color
and the left and right eye colors in CIE L*a*b*. Linear anaglyph
algorithms will always map several different left/right eye colors
to the same RGB color. The results show that the MID method
produces excellent color and detail for color images but may
suffer severe ghosting. Anaglyphs produced by the LS method are
normally darker with less detail and require brightening or gamma
correction but appear to have no ghosting. The PS method is easy
to implement and works well for grayscale images but may also
suffer from ghosting and poor color representation.

In [3] several methods for anaglyph enhancement are proposed
that rely on stereo image registration, defocusing and nonlinear
operations on synthesized depth maps. These enhancements
substantially reduce unwanted ghosting artifacts, improve the
visual quality of the images, and make comfortable viewing of the
same sequence possible in three-dimensional as well as the two-
dimensional mode.

The method for computing pixel colors in anaglyph images
presented in [5] depends upon knowing the RGB spectral
distributions of the display device and the transmission functions
of the filters in the viewing glasses. It requires the solving of a
nonlinear least-squares problem for each pixel in a stereo pair and
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is based on minimizing color distances in the CIEL*a*b* uniform
color space.

The method proposed in [1] is adapted to the spectral absorption

curves of the left and right filters of the anaglyph glasses. A
projection technique is used to compute the anaglyph image that
yields an image pair (after the glasses) as close as possible to the
desired stereo pair. In order to generate anaglyph it is necessary to
move into the XYZ space by transition matrix:

[Cl = iy = j 2 () d; (A)dA,

where p(1) - color-matching function, d(4) - spectrum of
standard illuminant. Reflection light from an image passes
through color filters of an anaglyph glasses and is transformed by
two transition matrixes:
[A]k; = awj = [ DD d; (D fi(D)dA (for left eye filter) and
[Ar]kj = arij; = [ DD d; D f-(A)dA (for right eye filter).
An anaglyph is generated by the following formula:
V() = N(RTMR)'RTMC,V (x),

where N is normalizing matrixes for condition I7aj €[0,1], M is
weighted matrix, which allows weighting of the Y component
more heavily than X and Z to favor reproduction of the correct

. 4 I ()
luminance, R = [Ar]’ C, = o cf

3. ADAPTIVE ANAGLYPH GENERATION

3.1 General workflow

In our paper we generate anaglyphs with a help of the method
described in [1]. The algorithm takes into account spectral
characteristics of stereo glasses. We propose a new approach for
adaptation of anaglyph colors on hardcopy to stereo glasses to
reduce ghosting effect to minimum.

Before anaglyph generation a process of transmission function
estimation is performed. For this purpose firstly we print the color
pattern (figure 1, step 1) on a target printer, then we estimate
transmission coefficients of given glasses. Detailed description of
test color pattern is present in section 3.3; and a sequence of
actions for evaluation of transmission function of glasses filters
(figure 1. step 2) by user is described in section 3.4.

Then it is needed to prepare a stereo pair (figure 1, step 3).
Preparation includes geometrical aligning, color correction and
enhancement. Stereo pair color correction is performed by well-
known method of histogram matching [7]. After that the stereo
pair is enhanced to reduce unwanted artifacts. There are two main
ideas for anaglyph enhancement: decreasing of disparity range of
a stereo pair and color component defocusing. Detailed
description of these ideas is present in section 3.2. Then anaglyph
generation is performed by method [1] with adapted transmission
functions (figure 1, step 4). Also we propose a method of disparity
correction for keeping 3D effect and reduction of ghosting effect
appearance on an anaglyph hardcopy, because anaglyph size can
be different on display and hardcopy (figure 1, step 5). It is
presented in section 3.5.
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3.2 Anaglyph enhancement

Decreasing of disparity range of a stereo pair includes estimation
of average disparity value on a stereo pair by the following
method:

argg;min Y yewl(x,y) = 10x + d, )1,

where d; - disparity with minimal value of SAD (Sum of Absolute
Differences) [6] in some region on left and right images. We
compute average disparity d after estimation of the disparity map.
Decreasing of disparity is produced by horizontal shifting of
stereo pair proportionally to d. If average disparity is less than 4
pixels, stereo pair is not changed. The main idea is that disparity
should not be too large relatively to image size. Therefore,
horizontal shift is computed as Shift = Q-d, where Q is
regularization coefficient which depends on ratio of average
disparity and image width W in pixels, as presented on figure 2. If
the value of the ratio d/W is greater than 0.03 it might inform
about erroneous average disparity estimation; and shifting of a
stereo pair should be made with a smaller value. All constants of
the empirical approach were found during a plenty of visual
experiments.

Q
0.9 & ©
0.7 —o
05 +—0 |
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\
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Figure 2. Dependence of the regularization coefficient from size
and disparity of a stereo pair.

Figure 3. The anaglyph without disparity correction.

Figure 4. The anaglyph with corrected disparity.
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Figure 3 shows the anaglyph withour disparity correction. On its
harcopy ghosting effect is present. Figure 4 demonstrates the
anaglyph with decreased disparity. For its generation stereo pair
was shifted by 5 pixels. Ghosting effect for this anaglyph
hardcopy is almost invisible.

Simple and effective way for decreasing of crosstalk noise is
defocusing one color channel for both images of stereo-pair [1].
We carry out red or blue channel or both the channels smoothing
by means of low-pass box-filter.

3.3 Transmission functions estimation by user

We propose to estimate transmission functions f;(4) and f;.(4) for
given glasses and printer colors. It allows to significantly reduce
ghosting effect and improve quality of printed 3D color anaglyph
image. For evaluation of f;(1) and f,.(1) we print the color pattern
on target printer. This pattern is a color table including all
printable colors in HSL space. This pattern reveals a dependence
of digital color components and reflection spectrum of these
colors (another dependence of three color components (RGB) and
wave length (L). Hue corresponds to wavelength, lightness is an
average between maximum and minimum values of spectrum;
saturation is distance from maximum (or minimum) values of
spectrum to lightness. Rows of the table are colors with various
saturation (step is 0.2), columns are colors with various hue (step
is 10%).

Hue
L. A L Ly 120° 1 180 bl 2400 anr 300 20
' AEEE SlEEsc . IAEEEEEEEEEEEEE
“ EEEE ENREES PN EENEREE N
oo | HE IEEEEEEENEAE B
04 EEEEE

. ™ 620 515 ] 530 510 s 40 as0 4| 05 00

Figure 5. Test color pattern.

For estimation of transmission function user should examine the
pattern through left and right filters of anaglyph glasses
separately. By visibility level of color sample through the filter,
the transmission function is evaluated and afterwards is applied
for anaglyph generation. If the color sample is invisible, it fully
passes through the filter and maximum of transmission function is
at that location.

Let’s left filter is red and right filter is cyan. Firstly user should
examine first row with maximal saturation through red filter. We
suppose that a color with hue = 10° + 10° corresponds to red color
of 700 nm £ 27.50 nm wave length range. If any color from the
band 10° + 10° is invisible, the maximum of transmission function
is in the 700 nm + 27.50 nm range. If the color is visible, user
should choose the row with less saturation (one of the lower rows)
and look at corresponding color sample once more. If the color yet
is visible, user should choose the row with the least saturation for
analysis. Value of maximum of transmission function depends on
saturation that was chosen:
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Row of color Saturation Maximum of transmission
pattern (MaxTrans)

1 1 0.90 (90%)

2 0.8 0.85 (85%)

3 0.6 0.65 (65%)

4 0.4 0.50 (50%)

5 0.2 0.45 (45%)

For cyan filter construction of the transmission function is similar.
We use cyan filter of glasses and suppose cyan color has hue =
180° +10° that corresponds to 495 nm + 3.75 nm range. User
should examine the test pattern and define visibility level of each
color by grade (0...5) which corresponds to transmission. For
each clearly visible point we give a 0 grade. Values of
transmission function depend on maximum of transmission
associated with row of color pattern and grade evaluated by
observer.

Transmission Grade Transmission Grade
MaxTrans x 1 5 MaxTrans X 0.45 2
MaxTrans X 0.85 4 MaxTrans x 0.20 1
MaxTrans x 0.60 3 MaxTrans X 0 0

User should mark only invisible or semitransparent colors. In this
way we obtain rough approximation of transmission functions for
particular glasses.

Transmission’* Forthis example MaxTrans = 0.85
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072 -
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Figure 6. Transmission function evaluated by user.
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3.4 Algorithm for selection of transmission
function of existing filter

Usage of the transmission functions in such “pure” form lead to
anaglyph image with wrong colors. We propose to use known
functions of Roscolux filters
(http://www.rosco.com/us/filters/roscolux.cfm) and calculate
functions of given glasses by selecting the nearest function to our
rough approximation. Roscolux filters are used in professional
photography.

transmission

In order to choose appropriate filter or glasses with transmission
function (F;) most similar to our computed transmission function,
we note position of maximum of function and its value.

Then, we choose F; as: ||Amax(pi)—lmax(f)||i—>min -

estimation position of the maximum. Then for the maximums with
equal wavelength we apply the following condition:

lImax(F;) — max (/)ll; = min. (1)

For example, compare f (users’ evaluation for red filter) on figure
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7 and F; (real transmission functions of Roscolux filters) on figure
8. On the top of the figure the transmission functions are
presented; in the bottom the enlarged part of the graph with
transmission function maximums area is shown. By analyzing
wave lengths which correspond to maximums of transmission
functions and according to decision rule (1) we select one of the
most appropriate filters.

0.85

0.72

0.51

0.38

0.17-

510nm 330nm 533nm 573nm 620nm 730nm
Figure 7. A part of graph of f.

.1

L

AV'ﬂa)‘.'(’:].)A‘I'I"IE)({ F4) AH’TB}((FE)

maxh 2,

Ar'rva:c(’:i)
Figure 8. Choosing transmission function of Roscolux filters.

An anaglyph on figure 9 is generated with transmission functions
of most common stereo glasses. Its hardcopy printed on Samsung
CLP-6240 printer has perceptible ghosting effect for given
glasses. An anaglyph on figure 10 is generated with transmission
functions adapted for given glasses and printer colors. Ghosting
effect on this anaglyph hardcopy is significantly reduced.

3.5 Adaptation to size of hardcopy

Anaglyph upsizing while printing leads to large disparity increase
and emerging of ghosting effect. Downsizing leads to large
disparity decrease and disappearance of stereo effect. We propose
to decrease disparity value by shifting stereo pair images relative
to each other before enlarging process.

In case of upsizing Ax = —0.3 * d, where d is average disparity
value computed for whole images of stereo pair, Ax is value of
shift of stereo pair images relative to each other for disparity
decrease. The value of constant 0.3 is chosen as a result of large
number of experiments.

Vice versa in case of downsizing Ax = 0.3 * AvrgDisp is a shift
for disparity increase.
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Figure 9. An anaglyph example for transmission function of
most common stereo glasses.

Figure 10. An anaglyph example with adaptation for given
glasses.

An anaglyph with smaller
disparity and ghosting
effect

Shifting (Remove regions

Ax = —0.3 % d)

Figure 11. Disparity modification in case of upsizing.

Ax
Shifting (Remove regions Ax = An anaglyph
0.3 * AvrgDisp) with
preserved

stereo effect

Figure 12. Disparity modification in case of downsizing.
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4. RESULTS AND DISCUSSIONS

All mentioned algorithms were implemented in software
application. User interface of the application is shown on figure 1.
We applied Windows Presentation Foundation API for nice user
interface generation. Mathematical parts of algorithms were
developed on C programming language. Proposed technique
utilizes low amount of memory and has relatively low
computational complexity. Figure 13 demonstrates plot of
processing time for anaglyph generation procedure depending on
size of stereo-pair images. The computational time data were
obtained on PC with dual-core 3 GHz CPU. It is already quite
acceptable. Some additional platform-dependent optimizations are
possible too.

Time, s

4.79

3.57

2.98

2.50

0.46 1.03 233 5.25 Size, Mpx

Figure. 13. Processing time for anaglyph generation procedure.

In order to perform benchmarking we used 5 mentioned above
solutions for anaglyph generation and our software application.
Evaluation was done by 14 observers with the same viewing
conditions and glasses. We screened the subjects for normal color
vision by Ishihara test plates. In our survey we used test set of 6
stereo pairs. Generated anaglyphs were printed on Samsung CLP-
6240 printer. We propose to calculate quality factor of anaglyph
generation as weighted sum of two subjective estimations:

E = (lel + szVz,

where V1 is subjective quality of 3D visualization, V2 is
subjective level of color naturalness, a; = 0.8, a, = 0.2. V; and
V, are changed from 0 to 1 with step of 0.2; lower V; and V, are
better. We prioritized weights a; and o, by using Analytic
Hierarchy Process [7]. Table 1 contains comparison of the
solutions for anaglyph generation obtained during our survey.

Table 1. Comparison of applications for anaglyph generation.

Average E Maximum E
StereoPhoto Maker 0.33 0.52
Anaglyph Maker 0.57 0.72
Anaglyph 0.45 0.56
Anaglyph Workshop 0.58 0.76
Z-Anaglyph 0.55 0.74
Proposed technique 0.30 0.58

In general our algorithm outperforms all tested solutions. The
anaglyph generated by StereoPhoto Maker is presented on figure
14. The anaglyph on hardcopy has well noticeable cross-talk
noise. The anaglyph generated by proposed method is presented
on figure 15. The picture looks better due to enhancements.
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Figure 15. The anaglyph generated by proposed method.
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GPU Ray Tracing — Comparative Study of Ray-Triangle Intersection
Algorithms
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Abstract

We present a comparative study of GPU ray tracing
implemented for two different types of ray-triangle intersection
algorithms used with BVH (Bounding Volume Hierarchy)
spatial data structure evaluated for performance on three static
scenes. We study how number of triangles placed in a BVH leaf
node affects rendering performance. We propose GPU-
optimized SIMD ray-triangle intersection method evaluated on
GPU for path-tracing and compare it’s performance with plain
Moller-Trumbore and Unit Triangle intersection methods.

Keywords: ray-triangle intersection, GPU programming,
Direct3D, DirectCompute, performance study, ray tracing,
bounding volume hierarches.

1. INTRODUCTION

While modern graphics cards (GPUs) allow for general
computation in a parallel manner, one of the most prominent
applications for a GPU is image synthesis. This is thanks to the
inherent parallel nature of ray tracing and other global
illumination algorithms — the decomposition of images into
pixels provides a natural way of creating individual tasks for
many parallel processors. Unlike the GPUs a few years ago,
modern ones allow us full programmability similar to general
CPUs, while the streaming computation model has its own
specific issues. This has to be taken into account when adopting
the data structures, traversal algorithms and intersection test
routines for ray tracing on GPU architecture.

Testing framework for this paper is based on formerly
published papers that implement ray-tracing with spatial data
structures in GPU. We use bounding volume hierarchies as
described in [Giin07] and few different ray-triangle intersection
methods, especially Moller-Trumbore [M6197] and Unit
Triangle [Woo005] routine. While performance of each of those
algorithms was successfully studied separately, little attention
was paid to how triangle-intersection method can affect spatial
data structure traversal performance and vice versa.
Furthermore, the performance has not been carefully compared
on a current programmable GPU architecture, especially using a
cross-vendor APIs like OpenCL, DirectCompute or C++ AMP.
In this paper we first present such a comparison study dealing
with efficiency of two different types of ray-triangle
intersection algorithms for ray tracing on GPU.

This paper is further structured as follows. Section 2
summarizes the previous work of ray-triangle intersection on
both CPU and GPU and performance comparison on those
algorithms. Section 3 describes our choices for implementation.
Section 4 shows the result from measurements on two GPUs for
a set of scenes. Further it discusses the bottlenecks of a
contemporary GPU architecture for ray tracing algorithms.
Section 5 concludes the paper with possible perspectives for
future work.

Russia, Moscow, October 01-05, 2012

Alexandre Parshin
Air Graphics
nomad {@ }renderbro.com

Figure 1: Testing scenes: Stanford Buddha, Bunny and Dragon.

2. PREVIOUS WORK

Due to important role in computer graphics plenty of research
has been done in the field of intersection testing algorithms.
Algorithms proposed by Snyder and Barr [Sny87], Badouel
[Bad90], Moller-Trumbore [M6197], Woop [Wo005], Wald and
Shevtsov et al. [She07], have been successfully compared and
studied [Seg01], [Are88], [Bad90], [M6197]. In our research we
divide algorithms on those which use precomputed data and on
those which do not. Based on previous work we decided to use
Moller-Trubmore algorithm as a minimal storage, fast non-
precomputed type and Swen Woop’s Unit Triangle Test as the
precomputed one as it requires only 48 bytes per triangle and
doesn’t need to store vertex list. In this section we describe
chosen algorithms along with BVH spatial data structure.

We omit ray-packet algorithms in our work, because the
coherence of the rays within the packet is very important since
the vector instructions are fully used only if all rays go through
the same branch of computation. In situations like physical
simulation, collision detection or ray-tracing in scenes, where
rays bounces into multiple directions (spherical or bumpmapped
surfaces), coherent ray packets break down very quickly to
single rays or do not exist at all. Ray-packets have proven
[Ail09], [Hav10] to be ineffective in the above mentioned tasks.

2.1 Moller-Trumbore’s Algorithm

The algorithm proposed by Moller and Trumbore does not test
intersection with the triangle’s embedding plane and therefore
does not require the plane equation parameters. This is a big
advantage mainly in terms of memory consumption especially
on the GPU execution performance. The algorithm goes as
follows [Mo6197]:

1. In a series of transformations the triangle is first translated
into the origin and then transformed to a right-aligned unit
triangle in the y-z plane, with the ray direction aligned with x.
This can be expressed by a linear equation

t 1 Q E;
<u> = <P T)
v P b E1 Q D

WhereE1:VI—V(;,EZ:VQ—VO,T:O—VO,P:D ><E2and
O=TxE,
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2. This linear equation can now be solved to find the barycentric
coordinates of the intersection point (&,v) and its distance t from
the ray origin.

2.2 Unit Triangle Algorithm

The so called Unit Triangle intersection algorithm performs ray
transformations and consists of two stages [Wo005]. First the
ray is transformed, using a triangle specific affine triangle
transformation, to a coordinate system, in which the triangle
looks like the unit triangle A,,,;; with the edge points (1, 0, 0), (0,
1, 0) and (0, 0, 0). In the second stage, a simple intersection test
of the transformed ray with the unit triangle is done. The affine
triangle transformation to a triangle A = (@, b, ¢) is an affine
transformation 7T)(x) =m - x + n with m € Matz(3 x 3)and n €
R’ that maps the triangle A to the unit triangle Aunit.

2.3 Bounding Volume Hierarchies

Bounding volume hierarchies were successfully implemented
on GPU. Thrane and Simonsen [Thr05] in fact compare kd-
trees, uniform grids, and bounding volume hierarchies
implemented on a GPU (2005-year hardware). They conclude
the performance of BVHs is low, however higher than the
performance of other two data structures when no ray packets
are used. Carr et al. [Car06] implemented a variant of BVHs in
combination with geometry images. Glinther et al. [Giin07] use
ray packets and yield interactive performance comparable or
exceeding CPU-based implementation, but only for primary and
shadow rays. Recently, Lauterbach et al. [Lau09] present an
algorithm for fast BVH construction on a GPU, where they
report performance comparable to kdtrees [ZhoO8] only for one
scene. Torres et al. [Tor09] published an algorithm for stack-
less BVH traversal, where the use of stack is replaced by ropes
connecting the nodes of a BVH in a sibling order.

3. IMPLEMENTATION

We have implemented a standalone compact program called
RenderBro, that does not need the support of other 3™ party
libraries along with Autodesk 3DS Max Plugin (both can be
obtained at http://renderbro.com). Standalone program is
capable of loading 3D scene form OBJ file format along with
MTL materials files. 3DS Max plugin is capable to work with
any kind of geometry loaded into editor in question. While the
data structures are built offline on a CPU, the created data
structures and scene geometry are transferred to a GPU and
used for ray tracing algorithm entirely on the GPU. This
methodology is sufficient to study the efficiency of shooting
rays with different intersection algorithms. The traversal and
intersection algorithms were implemented using Microsoft
DirectX DirectCompute (Compute Shaders). Although this
implementation limits target platforms to Microsoft Windows,
it gives freedom to choose any GPU vendor to run GPU ray
tracing, such as ATI/AMD, NVIDIA, Intel. DirectCompute
code can be translated to C++ AMP version, which can be
executed on any OS. We designed our solution to support as
many hardware as possible, though only DirectX 10 compatible
or newer hardware is supported. All shaders were compiled
using latest Windows SDK 8.0 D3DCompiler 45.

In Moller-Trumbore setting the geometry of a scene consisting
solely of triangles is represented by a list L, of vertices and list
of materials L,,, where each triangle has a list of three indices to
L, plus an index to the L. In the Unit Triangle Test each
triangle is represented directly by the affine transformation
matrix. For our tests we implemented path-trace setting with
physically-based importance sampled shading including Phong,
Blinn-Phong, Lambertian Diffuse, Oren-Nayar Diffuse,
Ashikhmin-Shirley, Glass and Perfect Mirror BSDFs.
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The BVHs were built in top-down fashion with surface area
heuristics using the centroids of bounding boxes for scene
triangles, following the paper by Giinther et al. [Giin07]. Each
BVH node consists of AABB extents and indices to child
nodes. Ifit’s a leaf node, child indices are replaced with triangle
offset along with triangle count. Those parameters are packed in
32 byte BVH node structure. As a BVH does not need to store
the min and max intersection distances along the ray, only the
node address is saved to the stack. Stack does not need to be
shortened to only several entries, which minimizes the number
of traversal steps. Serialization of write operation may occur as
threads record their information. Each BVH node can contain
any number of triangles. This hypothetically reduces the
number of nodes of a hierarchy along with GPU memory
needed and gives space for GPU traversal optimization.
Traversal is done with “while-if” method and listed in appendix
8.3.

3.1 GPU Optimized Intersections

Moller-Trumbore and Unit triangle intersection tests are pretty
straight-forward to implement and require a little knowledge of
GPU architecture (see appendix, section 8.1). Such methods can
experience poor register usage in architectures like VLIW
which is used in many AMD GPUs.

In this work we introduce a method that strongly benefit from
denser GPU register usage. The main idea is to exploit the wide
vector width SIMD (Single Instruction Multiple Data) by
testing intersection with one ray and four triangles at a time.

Firstly, at precompute time we need to try to fill BVH with four
triangles per node, so each node will contain four pointers to
triangle list. If this is not possible we would have one triangle
per node at worst. Secondly, we need to align GPU scene data
according to BVH node structure. So if particular node has only
one triangle, we need to place three degenerate triangles in a
triangle list to fulfill the alignment. Of course, this will result in
a GPU memory footprint by the means of performance. Thirdly,
when performing BVH traverse we will be able to linearly fetch
four triangles. Here we will need to construct additional vectors,
like:

// fetch triangle vertices
float3 v01, v11l, v21;
float3 v02, v12, v22;
float3 v03, v13, v23;
float3 v04, vl4, v24;

// construct per-component dir & orig vectors
floatd dirdx ray.dir.xxxx;
float4 dirdy ray.dir.yyyy;
float4 dirdz ray.dir.zzzz;

floatd4 origdx = ray.orig.xxxx;
floatd4 origdy = ray.orig.yyyy:
float4 origd4z = ray.orig.zzzz;

This allows us to compute temporary values on per-component
SIMD basis, so all non SIMD operations like scalar addition
and multiplication can be performed on each triangle
simultaneously. For example, when performing scalar
multiplication on GPU we use only one computing block while
using new approach we will perform four multiplication
operations by the same cost (see appendix 8.2 for full listing):

// one triangle per pass
float divisor = dot (pvec, el);

// four triangles per pass

float4 divisor4 = pvecx*elx + pvecy*ely +
pvecz*elz;
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. . s Quad Moller- Quad Unit
Scene # Triangles per GPU Scene Size, Moller-Trumbore, Unit Triangle, Trumbore, TENZe, Graphids
BVH node MB seconds (average) seconds (average)
seconds (average) (average)
1 9,35 103,33 103,94 - -
2 7,26 95,13 95,44 - -
Buddha
i 3 6,38 92,72 93,07 - -
100.006
triangles 4 5,89 90,91 91,17 89,67 85,36
8 5,15 92,57 94,01 - -
16 4,73 104,53 108,83 - -
1 6,51 72,18 73,52 - -
2 4,87 65,48 66,67 - -
Bunny, 3 445 62,07 63,94 - -
69.678
triangles 4 3,99 60,98 62,17 57,35 52,84
8 3,45 62,1 63,29 - -
16 3,14 69,67 70,61 - -
1 9,35 210,89 211,67 - -
2 7,26 210,71 211,61 - -
?gg%’g 3 6,35 210,68 211,44 - -
tri : 4 5,86 210,52 211,21 173,37 168,85
riangles
8 5,11 210,69 211,37 - -
16 4,65 210,91 211,66 - -
Table 1: Test scene properties, number of triangles per BVH leaf node, rendering times for different ray-triangle intersection method
for Path Trace setting with 500 samples and max ray depth of 16. GPU NVIDIA GeForce GT 240M. Image resolution: 800x600.
# Triangles per GPU Scene Size, Moller-Trumbore, Unit Triangle, Quad Moller- . Quad Unit
Scene Trumbore, Triangle, seconds
BVH node MB seconds (average) seconds (average)
seconds (average) (average)
1 9,35 49,27 49,43 - -
2 7,26 49,78 50,31 - -
'fgg%%aé 3 6,38 51,94 52,18 - -
triangles 4 5,89 54,15 55,16 34,3 31,37
8 5,15 66,3 68,64 - -
16 4,73 95,22 98,38 - -
1 6,51 33,27 33,79 - -
2 4,87 33,57 34,41 - -
Bunny, 3 445 34,68 35,55 - -
69.678
triangles 4 3,99 38,05 39,06 23,9 20,64
8 3,45 46,57 47,86 - -
16 3,14 60,26 62,56 - -
1 9,35 99,27 99,75 - -
2 7,26 99,41 100,96 - -
?58%"& 3 6,35 104,6 105,61 - -
. 4 5,86 108,35 111,5 57,99 54,91
triangles
8 5,11 132,57 138,06 - -
16 4,65 188,55 198,07 - -
Table 2: Test scene properties, number of triangles per BVH leaf node, rendering times for different ray-triangle intersection methods
for Path Trace setting with 500 samples and max ray depth of 16. GPU AMD Radeon HD 6870. Image resolution: 800x600.
# Triangles per GPU Scene Size, Moller-Trumbore, Unit Triangle, Quad Moller- . Quad Unit
Scene Trumbore, Triangle, seconds
BVH node MB seconds (average) seconds (average)
seconds (average) (average)
Buddha 4 5,89 66,59 67,07 63,87 62,13
Bunny 4 3,99 56,82 57,52 53,18 51,17
Dragon 4 5,86 84,76 85,94 80,37 78,64
Table 3: Test scene properties, number of triangles per BVH leaf node, rendering times for different ray-triangle intersection methods
for Path Trace setting with 1000 samples and max ray depth of 16. GPU NVIDIA GeForce GTX 560. Image resolution: 800x600.
# Triangles per GPU Scene Size, Moller-Trumbore, Unit Triangle, Quad Moller- . Quad Unit
Scene Trumbore, Triangle, seconds
BVH node MB seconds (average) seconds (average)
seconds (average) (average)
Buddha 4 5,89 38,03 39,41 33,43 31,35
Bunny 4 3,99 36,48 37,97 31,64 29,85
Dragon 4 5,86 65,56 67,09 56,72 54,92
Table 4: Test scene properties, number of triangles per BVH leaf node, rendering times for different ray-triangle intersection methods
for Path Trace setting with 1000 samples and max ray depth of 16. GPU AMD HD7850. Image resolution: 800x600.
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4. RESULTS

In this section we describe the results for measurement on three
different scenes. We used scenes from individual objects
courtesy of Stanford scene repository. These scenes are
frequently used to test the performance of ray tracing and global
illumination algorithms. Images were rendered in 800x600
pixels resolution. All performance results in this paper were
measured on 4 different GPUs:

1. NVIDIA GeForce GT 240M (2009), 48 CUDA cores on
1210MHz, 1 GByte of memory with bandwidth of 54.4 GB/sec.

2. AMD HD 6870 (2010), 2 TFLOPs, 1120 Stream Processors
on 900MHz, 1GByte of memory with bandwidth of 134.4
GB/sec.

3. NVIDIA GeForce GTX 560 (2011), 2.1 TFLOPs, 336 CUDA
cores on 1620-1900MHz, 1 GByte of memory with bandwidth
of 128 GB/s.

4. AMD HD 7850 (2012), 1.76 TFLOPs, 1024 Stream
Processors on 860MHz, 2GByte of memory with bandwidth of
153.6 GB/s.

The static properties of data structures for all three scenes along
with average computation time for path-tracing are shown in
Tables 1 and 2. Performance results for BVHs build with
different count of triangles per leaf node are shown in columns
4 and 5. Those results demonstrate that both the number of
triangles per leaf node and the selected intersection method
remarkably affect the performance. Results lead us to
assumption that 4 triangles per leaf node is the optimal number
for BVH traversal.

Moller-Trumbore kernel had proven to be up to 5% faster than
Unit Triangle in all tests while Quad Unit Triangle kernel
shown to be up to 14% faster than Quad Moller-Trumbore.

Our proposed Quad Unit-Triangle method brings moderate
improvements of 5% to 11% on different generations of
NVIDIA hardware except for Dragon scene setup on GT 240M
GPU where it gain about 18% (tables 1 and 3). The situation is
better on VLIW AMD/ATi hardware where it had shown to be
up to 2x times faster than Moller-Trumbore (table 2).
Furthermore we managed to analyze performance of the latest
GPU generation AMD HD 7850 (table 4). As we expected, it
showed consistent results in spite of new architecture and
showed that Quad Unit-Triangle is approximately 20% faster
than Moller-Trumbore method.

Good results are gained for VLIW architecture used in AMD
GPUs where more functional units are available and may be
scheduled by the compiler or hardware simultaneously.
According to description of VLIW architecture, it’s possible to
perform compute operations along with memory access. We
assume that this result is mainly achieved by performing more
linear memory access to GPU global memory, avoiding
branching by unrolling triangle-intersection loop and taking
advantage of denser GPU register usage.

Things are bit different for NVIDIA GPUs like Fermi which
internally operate in a SIMD manner by ganging multiple (32)
scalar threads together into SIMD warps. If a warp’s threads
diverge, the warp serially executes both branches, temporarily
disabling threads that are not on that path. Thus, ray tracing
performance certainly can benefit from loop unrolling and more
linear memory access. But the true cause of performance
improvement lies much deeper in the GPU architecture and
goes beyond the scope of this article.

5. CONCLUSION AND FUTURE WORK

We have shown that triangle intersection routines that tend to
have good performance when used separately can behave badly
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when used together with acceleration structures like BVH’s due
to incoherent memory access, lack of registers, and so on. So
we focus our work on finding the robust combination of triangle
intersection method and spatial data structure. For now it’s the
Quad Triangle intersection method used along with BVH.

As future work, the implementation could be extended by
several other data structures, such as Kd-Trees, Uniform Grids
along with few different ray-triangle intersection methods that
can be efficiently mapped to GPUs and are likely to show
unexpected results when used together.

Furthermore, shown results can hardly be called ambiguous as
they are pretty much view dependent. Dragon scene showed
18% performance improvement on NVIDIA GT 240M for one
angle of view. For different angles performance may vary,
showing both improvement and deterioration. So, a part of our
future work will be devoted to analysis of more complex and
dynamic scenes where view dependency is not that great.

Unfortunately, we didn’t manage to make in-depth performance
study on latest discreet NVIDIA and integrated Intel GPUs. We
would like to complete out research by taking this GPUs into
account as a part of future work.
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[Sny87] Snyder, M., Barr, A.H.: Raytracing complex models float3 e22 = v22 - v02;
containing surface tesselations, Proceedings of the 14th annual floats el3 = vi3 - v03;
g ’ g float3 e23 = v23 - v03;
conference on Computer Graphics, 1987, Vol.21, No.4, pp.119- float3 eld = vld — v04;
128, 1987 float3 e24 = v24 - v04;
. . float4 vOx = float4 (v0l.x, v02.x, v03.x, v04.x);
[Thr05] Thrane, N., and Simonsen, L.O. A comparison float4 v0y = floatd (vOl.y, v02.y, v03.y, vO04.y);
of acceleration structures for GPU assisted ray tracing. M.Sc. goaij VSZ = ioaﬁﬁ EV(l)i-Z' VS?ZI V(l)g-zf V22~Z;f
. . . oa elx = oa ell.x, el2.x, el3.x, eld.x);
Thesis, University of Aarhus, Denmark, 2005 floatd ely — floatd (ell.y, el2.y, el3.y, old.y):
[Tor09] Torres, R., Martin, P.J., and Gavilanes, A. Ray Casting float4 elz = float4(ell.z, el2.z, el3.z, eld.z);
using a Roped BVH with CUDA. In 25™ Spring Conference on SZZS Z§§ - ggzzj Eii ";' Zgg ';;' Zg; ";’ :23 ;;;
. . - . r . 4 . ’ . ’
Computer Graphlcs (SCCG 2009), pages 107-114, Budmerice, float4 e2z = floatd (e2l.z, e22.z, e23.z, e24.z);
Slovakia,/\prﬂ 2009. float4 dirdx = ray.dir.xxxx;
. . float4 dirdy = ray.dir.yyyy;
[Woo05] S. Woop, J. Sf:hmlttlgr, P. Slu.sallek, RPU.. A floatd dirdz = ray.dir.zzzz:
Programmable Ray Processing Unit for Realtime Ray Tracing, float4 pvecx = dirdy*e2z - dirdz*ely;
ACM Tranactions Graphics, 24(3), pp. 434-444, 2005 floatd pvecy = dirdz*e2x - dirdx*e2z;
« . . . . float4 pvecz = dirdx*e2y - dirdy*e2x;
[Wal04] I. Wald, “Realtime ray tracing and interactive global floatd divisor = pvecx*elx + pvecy*ely + pvecz*elz;
illumination”, PhD thesis, Saarland University, 2004. floatd invbDivisor = float4(l, 1, 1, 1) / divisor;
3 float4 origdx = ray.orig.xxxx;
[Zho08] Zhou, K., Hou, Q., Wang, R., and Guo, B. Real-time float4 origdy = ray.orig.yyyy:
KD-tree construction on graphics hardware. In SIGGRAPH floatd origdz = ray.orig.zzzz;
e 9NQ. . floatd4 tvecx = origdx - v0x;
Asia ’08: ACM SIGGRAPH Asia 2008 papers, pages 1-11, o
floatd4 tvecy = origdy - vO0y;
New York, NY. float4 tvecz = origdz - vO0z;
float4 u4;
ud4 = tvecx*pvecx + tvecy*pvecy + tvecz*pvecz;
u4 = u4 * invDivisor;
8. APPENDIX float4 qgvecx = tvecy*elz - tvecz*ely;
float4 qvecy = tvecz*elx - tvecx*elz;
float4 qvecz = tvecx*ely - tvecy*elx;
. floatd vi4;
8.1 Casual Moller-Trumbore GPU Ray-Triangle v = dirdx*quecx + dirdy*quecy + dirdz¥qvecz;
Intersection Routine (HLSL code) v4 = v4 * invDivisor;
floatd t4;
t4 = e2x*qgvecx + e2y*qgvecy + e2z*qgvecz;
float intersect (float3 orig, float3 dir, float3 vo0, t4d = t4 * invDivisor;
float3 vl, float3 v2) float t = -1.0f;
{
float3 el = vl - v0; if(td.x < t && td.x > 0)
float3 e2 = v2 - v0; if(ud.x >= 0 && vd.x >= 0 && ud.x + vd.x <= 1)
t = td.x;
float3 normal = normalize (cross(el, e2));
float b = dot(normal, ray.dir); if(td.y < t && td.y > 0)
if(ud.y >= 0 && vd.y >=0 && ud.y + vd.y <= 1)
float3 w0 = ray.orig - vO; t = td.y;
float a = -dot (normal, wO0);
float t = a / b; if(td.z < t && td.z > 0)
if(ud.z >= 0 && vd.z >=0 && ud.z + vd.z <= 1)
float3 p = ray.orig + t * ray.dir; t = td.z;
float uu, uv, vv, wu, wv, inverseD;
uu = dot (el, el); if(td.w < t && td.w > 0)
uv = dot (el, e2); if(ud.w >= 0 && vd.w >=0 && ud.w + vd.w <= 1)
vv = dot (e2, e2); t = td.w;
float3 w = p - v0; return t;
wu = dot(w, el); }
wv = dot(w, e2);
inverseD = uv * uv - uu * vv; A
inverseD = 1.0f / inverseD: 8.3 BVH Traversal Routine (HLSL code)
float u = (uv * wv - vv * wu) * inverseD; struct BvhCell
if (u < 0.0f || u > 1.0f) {
return -1.0f;
float4 vmin; //float3 min + uint children
float v = (uv * wu - uu * wv) * inverseD; floatd4 vmax; //float3 max + uint count
if (v < 0.0f || (u + v) > 1.0f) };
return -1.0f; bool RayIntersectScene (Ray ray)
UV = float2(u,v); {
return t; uint stack[64], stackPos = 0, node = 0;
} float t = FLT MAX;
bool intersect = false;
8.2 Quad Moller-Trumbore GPU Triangle-Ray BvhCell cellleft, cellRight;
. . BvhCell current = GetNode (node) ;
Intersection Routine (HLSL code)
while (1)
float intersect(float3 orig, float3 dir, float3 v01, {
float3 vll, float3 v21, float3 v02, float3 vl12, float3 uint count = GetNodeTriangleCount (current);
v22, float3 v03, float3 v13, float3 v23, float3 v04, .
float3 vl4, float3 v24) if (count > 0)
{ { // Leaf Node
float3 ell = v1l - v01; uint offset = GetNodeTriangleOffset (current);

float3 e21 = v21 - v01;

float3 el2 = vi2 - v02: intersect = RayTrisTest(ray, t, offset, count);

if (stackPos > 0)
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{
node = stack[--stackPos];
current = LoadNode (node);
}
else return intersected;

}

else

{
uint leftNode = GetLeftChildID (node);
uint rightNode = GetRightChildID (node) ;

float 1Min, rMin;

cellleft = GetNode (leftNode);

cellRight = GetNode (rightNode) ;

bool wantLeft = RayAABBTest (ray, cellLeft, 1Min);
bool wantRight = RayAABBTest (ray, cellRight,

rMin) ;

if (wantLeft && wantRight)
{
bool firstLeft = leftMin < rightMin;
if (firstLeft)
{
current = cellleft;
node = leftNode;
stack[stackPos++] = rightNode;
}
else
{
current = cellRight;
node = rightNode;
stack[stackPos++] = leftNode;

}
else 1if (wantRight)
{

current

cellRight;
node = rightNode;

}
else if (wantLeft)
{

current = cellleft;
node = leftNode;
}
else

{
if (stackPos > 0)
{
node = stack[--stackPos];
current = GetNode (node) ;
} else return intersected;

}

return intersected;

8.4 BVH Data Layout

BVH Nodes:
leaf
root left right

Node Triangles:

48 bytes nnz 3 ‘4‘5‘6‘7‘ ‘m‘+]‘+2
[ ——
offset count

. — degenerate triangle
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Robotic aided surgery in full knee replacement

Yuncai Liu
Shanghai Jiao Tong University, P. R. China

Abstract

Every year, thousands of patients suffer from joint diseases, such
as rheumatoid arthritis or osteoarthritis, and need total knee
replacement (TKR) surgery to recover their normal functions.
Presently, the positioning of prosthetic components in surgeries
mainly depends on clinic experiences of doctors and special
surgical guiding devices.

To avoid the limitations of jig-based TKR systems, we devoted to
develop a robot/computer assisted surgery system, which can
obtain a better operation precision and surgical quality. The
system that we developed is a CT-free visual navigated robot
assisted TKR surgery system called WATO-II. In WATO-II, both
the infrared stereo cameras and the cutting tool are fixed on the
end-effecter of the robot. During the surgery, WATO-II
automatically determines the position of cutting planes and
establishes the mechanical axis according to the infrared markers,
then guides the robot complete the surgery.

Russia, Moscow, October 01-05, 2012

In this talk, the methods of system calibration, the surgical
planning and navigation are discussed. We proposed an integrated
calibration algorithm for the cameras, the stereo rig and the robot
hand-eye, the infrared probe calibration algorithm, the tool
calibration algorithm and physiological point based femoral and
tibia positioning and calculation algorithm. WATO-II makes use
of the physiological characteristics of the knee and the stereo
navigation system, can get high-accurate locations of the femur
and the tibia and achieve high-precision cutting of the bone,
which fulfills the requirements of cadaver trials and is very
meaningful toward clinic applications.

A lot of experiments, including gesso bones and human bones
experiments, are conducted to test the efficiency and accuracy of
the system. The experimental results show that WATO-II system
can provide much high surgical accuracy and efficiency than
manual operations.

About the author

Yuncai Liu is a professor at Shanghai Jiao Tong University, P.
R. China.
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Two Approaches for Noise Filtering in 3D Medical CT-Images

Maria V. Storozhilova, Alexey S. Lukin, Dmitry V. Yurin, Valentin E. Sinitsyn
'Laboratory of Mathematical Methods of Image Processing
Department of Computational Mathematics and Cybernetics
Lomonosov Moscow State University, Moscow, Russia
?Radiology Department at Federal Center of Medicine and Rehabilitation, Moscow, Russia
!mariastorozhilova@gmail.com, 'lukin@graphics.cs.msu.ru, 'yurin@cs.msu.ru , “vsini@mail.ru

Abstract

Noise in 3D computer tomography (CT) images is close to
white and becomes large when patient radiation doses are re-
duced. We propose two methods for noise reduction in CT im-
ages: 3D extension of fast rank algorithms (Rank-2.5D) and 3D
extension of a non-local means algorithm (NLM-2.5D). We call
both our algorithms “2.5D” because the 3-dimensional NLM
algorithm is slightly asymmetric by slice axes, while our Rank
algorithms, being fully symmetric mathematically and by re-
sults, have some implementation asymmetry. A comparison of
the methods is presented. It is shown that NLM-2.5D method
has the best quality, but is very computationally expensive: its
complexity quickly rises as a function of the neighborhood size,
while Rank-2.5D only shows a linear growth. Artificial test
sequences are used for signal-to-noise performance measure-
ments, while real CT scans are used for visual assessment of
results.

Keywords: medical imaging, CT, DICOM, filtering, enhance-
ment, noise reduction, denoising, 3D image processing.

1. INTRODUCTION

The problem of noise reduction in digital images has a long
history. The first algorithms were linear filters [7], such as con-
volutions with a low-pass window function (rectangular or
Gaussian), frequency-domain filtering, Wiener filtering. The
problem with linear methods is inevitable loss of quality of the
image: loss of sharpness, blurring of edges, ringing effects.

The next wide class of image filtering methods has been intro-
duced in [15], they are called rank algorithms. The most well-
known of these methods is the median filter, which has fast
computational algorithms [3], [14], [6]. Median filter preserves
sharp edges, but rounds the corners in the image. Recently we
have proposed fast algorithms for other types of range filters
[10], [11]. Before their existence, practical applications of such
filters were limited. Unlike median filtering and linear methods,
rank algorithms reduce the contrast of edges without blurring or
changing their shape. A well-known bilateral filtering algorithm
can be roughly considered as being a rank filter too. If the exist-
ing Gaussian spatial and range kernels in [12] are replaced with
rectangular kernels, a so-called &, averaging algorithm is pro-

duced [15]. The only fast algorithms known for the bilateral
filter are approximating algorithms.

Most recent works in noise reduction show the advantage of
methods which average pixels depending on their neighborhood
statistics, not just pixel values [1], [2]. The first method, known
as non-local means, calculates averaging weights using similar-
ity of pixel neighborhoods (patches). The second one is more
complex and consists of two stages. On the first stage a rough
frequency-domain filtering is performed to facilitate the search
of similar patches. The second stage is the joint filtering of
groups of similar patches from the source image. In [2] there
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are comparisons of the proposed method with 5 other algo-
rithms.

This paper focuses on noise reduction in computer tomography
(CT) scans. CT images capture the density of a sequence of
slices of a human body. These slices are obtained with a small
fixed stride, which is perpendicular to the slice plane and is
comparable with the pixel size in each slice. Together they
represent a 3D set of data, so traditional 2D methods of image
denoising are less than optimal because they fail to exploit a
high degree of data correlation between slices. Independent
noise reduction in each slice may cause difference in color and
position of edges of objects between slices. Our main objective
is to reduce noise and avoid the loss of small low-contrast im-
age areas. Such areas may contain symptoms of an illness and it
is important to maintain sharp edges and prevent the loss of
information for them. This requirement limits the use of median
filtering and other algorithms based on the image blurring as
they may shift the edges.

Noise is always present in CT images. Interestingly, as the
noise reduction methods advance over time, one can expect
even noisier raw data to be coming from the scanner, because it
means lower radiation dose for the patient. Specialized algo-
rithms for denoising of CT images are an area of active research
[9], [13].

The noise spectrum in our images is close to white: slightly
low-pass, but without evident directionality (Figure lc). The
amplitude p.d.f. is close to Gaussian (Figure 1b). This justifies
application of standard noise reduction methods, most of which
have been formulated for additive white Gaussian noise. An-
other study of noise in CT images is given in [4], [5].

b. Noise histograrln '

¢. Noise spectrum

a. Collected noise patches

Figure 1: Analysis of noise in our CT images.

This paper proposes two approaches to noise reduction. A
higher-quality algorithm is based on a non-local means [1]
adapted to a 3-dimensional image data. We are using a fast, but
not quite symmetric variant (we call it NLM-2.5D) developed
in our previous work for video processing [8]. The second ap-
proach (Rank-2.5D) is using the adaptation of fast rank filters
which do not blur or shift the edges of the image [10], [11]. The
proposed algorithm is fully symmetric in 3 dimensions and
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comprises the direct extension of &, averaging [15] on a 3D

space, with an adaptive choice of ¢ in every point of the im-
age. This ¢ 1is calculated using another rank algorithm. Every
slice is processed using information from a collection of adja-
cent slices. The implementation of the algorithm is not symmet-
ric: it is based on sequential processing of 2D slices and 1D
filtering across slices. This allows considerable savings in
memory, but slows down the computation. The processing time
becomes proportional to the number of slices in the collection
(neighborhood). A comparison of speed and PSNR quality is
carried out on phantom images with an artificially generated
noise. Visual results on real medical images are also provided.

2. EV - FILTERING

We start with some necessary definitions, following [15]. Con-
sider the current v, and some neighborhood S of pixel v, that

contains N pixels. Frequently S-neighborhood has a square,
round or octagonal shape [15], [6].

Definition 1. A rank series {v(r)} is a one-dimensional se-

quence of N pixels from S whose elements are sorted in an
ascending  order with respect to their values:
V() <v(r+1),r=0.N-1}.

Definition 2. Pixel’s v, rank R is the position of the v, ele-

ment in the rank series. R =rank(vy) .

Let’s consider some selected pixel v, € S ; for example we can
consider v, =v,, v, =med{v(r)}, or v, =mean{v(r)}) as a

pivot. It should be noted that under such definition the pivot
pixel do not always satisfy conditions v, €S or v, e {v(r)}.

Then
Definition 3. ¢, (or EV) neighborhood is a subset of pixels set

{v(r)} whose values deviate from the value of the pivot pixel at
most by a predetermined quantity ¢ :

£,(v,) = (r):(r) v, | < &} (1

As it can be seen from the definition, &, neighborhood average

can be treated as a simplified bilateral filter [12], where bilat-
eral filter parts that depend both on distance and on pixel
brightness, are represented by rectangular functions instead of
Gaussians. For this reason ¢, filtering should keep the edges of

the objects sharp, assuming the parameter € is properly chosen.

3. 3D RANK FILTERING ALGORITHM

It is proposed to use a 3-dimensional & filtering algorithm

with an adaptive search of parameter ¢ for denoising of CT
images. Fast rank algorithms [10] are based on multiscale his-
togram approach. Either fast rank algorithms or a lazy calcula-
tions technique remain the same in a 3D case, though some
difficulties occur with column histogram maintaining [6], [11].
Thus if a 2-dimensional image with the size of 512x512 pixels
requires maintaining of 512+1 multiscale histograms, then in a
3 dimensional case we will have to maintain
512x512+1=262145 multiscale histograms for a sequence of
images with the same size. Taking into account the large size of
multiscale histograms with the specific additional information
[10], we may see that the number above is at the limit of
memory size of 32-bit computers. We propose to use a separa-
ble approach for reduction of complexity by processing 2D
images. At first, &, neighborhood average will be calculated
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separately with the same pivot for all N slices that are used for
denoising of the current image. Then the 1D variant of ¢, fil-

tering will be applied to the result. Really, if the inequality (1)
is true for a number of subsets it is true for the union of these
subsets too. &) -averaging means calculation of the ratio of

sum of values to number of elements, so it is sufficient to sum
up the sums for each subsets and the number elements in each
subsets and than calculate their ration once.

For the correct choice of the & parameter we propose to
calculate the intensity variance in a square neighborhood of
small radius R, for each pixel of the image. This step allows

determining the uniformity of an area of a specified radius
around the pixel. For a flat area with insignificantly varying
color the intensity variance value will provide the noise
variance.

The choice of Ry, is based on the fact that the noise in CT

images is almost non-correlated (white). So the neighborhood
can have an arbitrary radius. Since our main goal is to preserve
small low-contrast objects, it is essential to choose R, in

accordance with the size of the object that needs to be
preserved. Since the variance will be high on the boundaries of
areas with different colors, it is proposed to apply a some kind
of minimum filter to the variance image, using the
neighborhood of a larger radius. This allows propagating
correct values of noise variation to regions with excessive
variance.

So the next step is the min-filtering of variance by averaging x
pixels with the smallest rank of the neighborhood of a larger
radius. To completely suppress high-variance values on
boundaries it is proposed to use the neighborhood of a higher
radius 15.R iy - L US consider possible cases for location of a

boundary within the neighborhood. Since the radius of the
neighborhood is small enough, we assume that the boundary
between the objects inside the sliding window is a straight line.

In the easiest case (Figure 2a) the amount of pixels that
represent variance outside the edge area is about 30% of the
bigger neighborhood. In the worst case (Figure 2b) the amount
of pixels for the variance of the outside-edge area is about 10%.
These values can be easily proved by simple geometrical
calculations.

- --{--

!
__.i.___
v

Figure 2: The area with high variance value for a) the vertical
edge; b) the diagonal edge

Variance minimized in such a way corresponds to adaptive &
value. In order to control the degree of noise reduction it is
proposed to use a multiplier parameter M. In general the coeffi-
cient M is user-defined, but it is essential to use the range of
[2...6] in order to simultaneously suppress the majority of noise
pixels and to avoid blurring of the edges.

Then ¢, algorithm with the € value that was obtained on the
previous step and the g, —neighborhood radius is performed

for each slice. It is important to emphasize that we take not the
central intensity value of the current slice but the intensity
value of a source image with corresponding coordinates as a
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central pixel for &, neighborhood average algorithm. This

condition is important because we apply the algorithm not to a
2D neighborhood, but to the volume region.

To extend the algorithm to a 3D space, it is proposed to calcu-
late the total sum and the total number of elements involved in
the averaging for the current pixel of the current slice. As a
result, for each pixel of each slice we receive the structure that
contains the total sum and the amount of the &, neighborhood

elements.
The last step is ¢, filtering for slices. It is proposed to use the

minimized variance for the source image multiplied by A as
the value of ¢ for each pixel of the source image. The averaging
is performed with only one structure from each slice (i.e. if we
use N slices, only N elements will take part in averaging).
For the pixel j(x,y) of the source image the necessary structures

will be located at the same coordinates in the corresponding
slice. The number of slices for processing is defined automati-
cally in accordance with the distance between slices.

Let N be the number of images (slices) for denoising of one
image, /. be the source image, /; be the i-th image from the

array of image slices, R, be the radius of the variance calcu-
isp

lation window, D(/;) be the variance of the i-th image, M be
the variance multiplier, Reps be the radius for a 2D spatial ¢,
filtering. The following algorithm is proposed for CT image
denoising.

Algorithm 1. 2.5D rank denoising algorithm.

1. fori:=0,i<N do

2. for each pixel 7,(x,y) of I, do

3. Compute the variance of 7;(x,y) with the win-
dow radius R
4. Minimize variance D(/,(x,y)) for I, by aver-

aging K elements with the smallest rank using
the window radius of 1,5:Ry;;

5. Perform ¢, filtering around the current pixel’s
1,(x,y) neighborhood to obtain the total sum
and total count of elements for [7;(x,y).
e(x,y)=M -D(I;(x,y)) , the window radius is
Rgps and 1,
of the neighborhood;

(x,y) 1is taken as the central pixel

end for;
End for;
for each pixel /7, (x,y) of I,. do

R S

Perform 1D &y filtering with

g(x,y)=M-D(,.(x,y)) for N corresponding
elements /;(x,y), i=1,_N;

10. End for.

4. 3D NON-LOCAL MEANS FILTERING

Bilateral filtering algorithm is well known in image processing
for its simplicity and edge-preserving properties [12]. The out-
put pixel value 7,,(x,y) is formed as a weighted sum of pixel
values from the neighborhood Q:
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10ut(x’y): ZW ZW(X,)/,J'J)J(X*'JJH) )

i,jeQ
i,jeQ

The weights W depend on geometric distance and color differ-
ence between pixels (x,y) and (x+j,y+i) in order to facilitate
averaging of pixels with similar values:
i
-20
(Gt joy+) = 1(x,p))

) p2

W(X,y,j,i)zeXP 2

3)

-exp

Non-local means is a relatively novel method of image filtering
that builds upon a bilateral algorithm. A formula (3) for pixel
similarity in bilateral filtering considers colors and spatial coor-
dinates of two pixels. In the non-local means algorithm, this
formula instead considers the context of two pixels [1]. Specifi-
cally, instead of comparing values of two pixels, the algorithm
compares the content of image patches v around two pixels:

s+ oy ) = vx)f @
2
-2p

W(x,y,Jj,i)=exp

The squared norm of pixel-wise patch differences in formula
(4) ensures that only pixels with a similar surrounding content
are averaged together.

The extension of this method on a 3-dimensional space is
straightforward. For the standard 2D image processing, the
neighborhood Q from formula (2) is a circle or a square around
the central pixel. For the 3D filtering, we extend the neighbor-
hood to be a sphere or cube in the 3D image space: it includes
several image slices that are adjacent to the processed pixel. A
2-dimensional summation in formula (2) turns into a 3-
dimensional summation and calculation of weights in formula
(4) is adjusted accordingly: similar patches are searched among
the array of several adjacent slices. Since the compared patches
are still 2-dimensional, we call this method NLM-2.5D.

For improved speed of calculations we employ an optimization
from [8] for sparse update of weights W.

5. SYNTHETIC PHANTOM GENERATION

For testing the noise reduction capability of our algorithms we
have generated a synthetic phantom image. We don not use real
phantom images because they always contain noise due to CT-
imaging generation process. An attempt to shoot a phantom
without noise results in high-dose shooting which is radically
different from real medical imaging conditions. Our synthetic
phantom construction (see Figure 3) is described below. The
phantom body is cylindrical. It has two cylindrical “organs”
with different radioparency. These two “organs” are connected
by two thin truncated cones (“processes” or “ligaments”), with
radioparency smoothly changing from one organ to another.
Each “organ” has one truncated conic “vessel” with different
radioparency. These truncated cone shapes are used for thin
objects in order to detect the extent of damage to the phantom
along the slice axis in the process of filtering (if any).

We model all “body”, “organs”, “ligaments”, and “vessels”
with color ¢; and density function

2n
p(r>=exp{—[ff°] },r=<x,y> )

which is used smooth object boundaries, mainly to avoid pixe-
lated (aliased) shapes. The center of small objects (“ligaments”
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and “vessels”) depends on a slice position z: Ty(z), R(z), so
density function depends on all 3 coordinates po(F) = p(x,y,z).
The resulting slice image set is obtained recursively as

Io(%,.2) = Ppoay (F)Choqy
15,920 = py (0, + (1= p, (O 4(x.9.2) ©

where large objects are added first. Typical simulated phantom
images are presented in Figure 3.

Figure 3: Simulated noise-free phantom images

The sharpness of edges is n = 30 for body, n = 20 for “organs”,
and n = 4...12 for different “ligaments” and “vessels”. The size
of each slice is 512x512 pixels and the total number of slices is
100. Thin object radii R(z) are from 5 to 12 pixels.

6. RESULTS

Figure 4 shows the results of a phantom CT image denoising.
The Gaussian noise which corresponds to the real noise distri-
bution on CT images was added to the synthesized phantom
slices. The measured value is the improvement of PSNR in
decibels between processed images and the ground-truth noise-
free image. Each algorithm has been run with optimal parame-
ters which maximize PSNR for each size of the neighborhood.
The optimized parameter for Rank-2.5D was M, while the op-
timized parameter for NLM-2.5D was p. The patch size in
NLM has been set to 8x8 pixels, while the “pixel” size has been
set to 2X2 pixels.

—Hm—Rank-2.5D ®
104 | —e—NLM-2.5D /
@
—
105 <
[ |
[ |

10.0

9.5

Improvement of PSNR, dB

9.0

T T T T T
3 5 7 9 1 13

Number of slices

Figure 4: Improvement of PSNR for the phantom image fil-
tered by different algorithms, depending on the neighborhood
size N.

The maximum in the curve for Rank-2.5D algorithm occurs
when the neighborhood size is of order of smallest significant
object size (“ligaments” and “vessels”). When the neighbor-
hood becomes larger, small objects are suppressed as noise.
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It can be seen that the algorithms are able to exploit high degree
of correlation between image slices, which is reflected in PSNR
and visual quality.

° —Hl—Rank-2.5D
—@—NLM-2.5D
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Figure 5: Speed of our C++ implementation of the proposed
algorithms on a 2.8-GHz desktop.

Figure 6: Original noisy CT image, result of Rank-2.5D algo-
rithm, result of NLM-2.5D algorithm.

Figure 5 compares the speed of the proposed algorithms on a
CT scan with 515x512-pixel slices. It shows that the Rank-2.5D
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algorithm has a linear complexity growth depending on the
neighborhood size, which makes is suitable for future high-
resolution CT scanners. The NLM-2.5D algorithm’s complexity
grows much faster.

Figure 6 shows the result of real CT image denoising with
Rank-2.5D and NLM-2.5D algorithms operating on a neighbor-
hood of 7x7x5 pixels (the last ‘5’ being the number of slices).
The value of parameter M in Rank-2.5D method has been set to
3.5 for good visual results. This is lower than the value of M =
5 which optimized PSNR in our experiments.

Subjectively, NLM-2.5D approach provides more accurate and
clear image while Rank-2.5D leaves some blurred patches in
high-contrast areas.

7. CONCLUSION

Two methods for 3-dimensional noise reduction in CT images
have been presented. The evaluation shows that they are able to
effectively exploit the existing correlation between CT slices
for improvement of the resulting image quality. The presented
Rank-2.5D shows only moderate growth in computational com-
plexity depending on the size of neighborhood. It is easy to see
from Figure 5 that when the neighborhood size in slices is lar-
ger than 6, Rank-2.5D becomes faster than NLM-2.5D. The
maximum quality of Rank-2.5D is achieved when the
neighborhood size is approximately equal to the minimal useful
object size in the image.
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Abstract

Skin image segmentation semi-automatic algorithm for high-
frequency ultrasound probes with 75 MHz has been designed. The
method includes a specific image filtering procedure followed by
multiframe active contour algorithm to detect borders between the
epidermis and the dermis and between the dermis and
subcutaneous fat tissue.

Keywords: Skin, Epidermis, Dermis, Border, High-frequency
ultrasound, Snakes.

1. INTRODUCTION

Last decade showed a rapid increase in the number of new
treatments in the field of dermatology and aesthetic medicine.
However, the number of objective skin diagnostical evaluation
methods is not too big.

Figure 1: High-frequency ultrasonography study process.

High-frequency ultrasound probes with 22, 30, 50, 75 and 100
MHz is one of noninvasive evaluation methods of the skin [1] (see
an example of the clinical procedure in Figure 1). The resolution
of this method lies in the range 80-16 microns, which allows
visualization of the skin and its layers. In addition to visualization,
high-frequency ultrasound imaging allows to obtain quantitative
data on the size of the observed objects, such as the thickness of
the epidermis and dermis, as well as their acoustic density, which
increases the reliability of clinical data. High-frequency
ultrasound examination of the skin provides valuable diagnostic
information when monitoring skin tumors, in assessing the
development and regression of primary and secondary elements of
skin lesions; also it has been successfully used for monitoring of
the effects of different treatments — topical therapy,
pharmacological therapy, physiotherapy and surgery. In the
aesthetic medicine high-frequency ultrasound is used before and
after fillers injections.

Recently, ultrasonography of the skin became quite widespread. It
is used both in research and in clinical practice [2—4]. Application
of high-frequency ultrasound under the existing time limits for the
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examination of the patient makes very actual the problem of
automating the processing of ultrasound images. Particularly it is
necessary to automate calculation of dermis thickness, as well as
to detect borders between the epidermis and the dermis and
between the dermis and subcutaneous fat tissue.

The structure of the article is as follows: The statement of the
high-frequency ultrasound probes images analysis is given in
Section 2; The necessary filtering procedure for the high-
frequency ultrasound images is described in Section 3; Section 4
presents the use of the proposed multiframe active contour
algorithm for experimental images segmentation; An example of
the obtained processing results by our method is given in
Section 5.

2. CLINICAL INVESTIGATION

We studied the skin of the forearm in healthy caucasian women
35-37 years old. The study was carried out on a high-frequency
ultrasound skin imaging system DUB (tpm production, Germany).

Figure 2: Skin structure visualization. 1) is a membrane delimited
water chamber of the ultrasonic transducer, 2) is a contact gel
between the membrane and the patient's skin, 3) is the epidermis
(bright hyperechoic band), 4) is the derma (geteroechoic area,
light and dark pixels), 5) is hypoechoic subcutaneous fat, 6) is
superficial fascia. Lines: E is surface between epidermis and gel,
D is surface between dermis and epidermis, F is surface between
hypoechoic subcutaneous fat and dermis.

73



The 22nd International Conference on Computer Graphics and Vision

We used 75 MHz linear transducer for ultrasound with scanning
depth 4 mm and the width of the scanned area of 12.9 mm/ Axial
resolution was 21 microns. The epidermis, dermis and
subcutaneous fat, were visualized (Figure 2) and the thickness of
the epidermis and dermis were measured, and the level of
echogenicity were determined.

3. SKIN IMAGE FILTERING

The input noisy data have a distinct anisotropic structure (see
example of input data in Figure 3a). To suppress this artifact 1D-
vertical Gaussian blurring and median filtering are used. Median
filter preserve the brightness of image regions but small details
(especially in dark areas) can be lost (Figure 3b). Gauss blurring
with small radius (in our calculations we used value o=2)
preserve small details in image. However, the entire image
becomes blurred and the overall brightness of the image can be
lost (especially for the bright areas) (see Figure 3c).

For image filtering a combination of median filter with 3x3 kernel
and vertical Gauss blurring is used:

F(ix,y) = max{ M(G(ix,y))a G(M(ix,y)) s
where i is the processed image, M(iy, y) is the result of
applying the median filter to the image i in {x,y}, G(iy, ) is
the result of the vertical Gauss blurring with o =2 to the image
iin {x,y}.

Figure 3: Results of filters application. a) input image, b) median
filter with 3x3 kernel, c) vertical Gauss blurring with =2,
d) the proposed filtering method.

4. CONTOURS

Our goal is to measure derma thickness in a sequence of
ultrasound images. One image from the sequence is to be marked
up manually by the doctor. The necessary markup consists of
three lines roughly representing boundaries of epidermis and
derma (see lines E, D, F in Figure 2).

We track these lines through the sequence using active contours.
Each line has its own set of external forces that control the active
contour movement. See sections 4.1-4.3 for details. One force
common to all the lines is a modified gradient vector flow force
described in section 4.2. All forces act along the contour normal
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(this means that the GVF force, for example, is projected onto the
normal when applied at a control point). In our model magnitude
of all forces is less than or equal to 1.

4.1 Capturing outer boundaries of skin tissues

The outer boundaries of skin tissues separate the dense internal
region (mostly white) from exterior which is transparent for the
ultrasound and appears dark on the image. The gradient vector
flow force will, of course, generally push the contours towards
these boundaries, but other edges may be strong enough locally in
some regions. We introduce a local adjusting force that allows the
contours to overcome these local attractors.

For each segment connecting a pair of control points two adjacent
regions are examined (see Figure 4a). We calculate average
intensity in these regions. If the region on the outer side has high
average intensity, we need to push the contour towards the
exterior. Likewise, if the region on the inner side is too dark, the
contour must be pulled back. Magnitudes of the two forces that
provide such a behavior depend linearly (but are bounded) on the
average intensities (see Figure 4b). The local adjusting force is the
sum of these forces.

0 0z 04 06 08 1

b)
Figure 4. Calculation of boundary adjusting forces.

a) Patch analysis example. White line is the contour being
adjusted, the patches corresponding to the 4™ segment are
shown in solid gray. Other patches are outlined in gray.

b) Plot of forces magnitude versus average patch intensity
(assumed pixel values are in range [0, 1]). Gray line describes
the force that pull the contour down (depends on the patch
below the contour), the black line describes the opposite force.

4.2 Separating the epidermis

The boundary D between derma and epidermis is sometimes hard
to detect. First, there are regions without any significant change in
image intensity at the boundary. And there may be regions where
the epidermis is extremely thin. In the first case, the segmentation
cannot be reliably done using only an edge-attracting external
force like GVF [5]. If the second case takes place (or, ultimately,
both of them), the segmentation will likely fail, detecting the outer
boundary, E, instead of D.

In order to detect the line D correctly in all cases, we employ a
modified gradient vector flow force, and add a thickness
constraint to the active contours that track lines E and D.

The GVF force may tend to attract contour tracking the line D to
the outer boundary if the epidermis is rather thin. We propose a
modification of GVF that suppresses gradient flow through
regions with high intensity. This effectively stops attracting the
line D contour towards line E, as there is bright epidermis region
between them. From the mathematical point of view, this is
achieved by adding an additional coefficient that weakens the
smoothness constraint imposed onto the force components, so the
modified force field minimizes the following functional:

e=|f (- (V" +[Vaf )+ [VM[ - [F =0 Yty

GraphiCon’2012



where F = (p,q)" is the force field, M is the edge map, u is a
regularization coefficient, and W is the smoothness weakening
coefficient. It is defined as follows (/ denotes image intensity):
_{1—21, 1-27>0,

0 otherwise.

Prior to evaluating active contours, we measure the epidermis
thickness from the manual markup. We add a force that maintains
the distance between active contours tracking lines E and D so
that it corresponds to the epidermis thickness from manual
markup. For each control point on one of the contours, we detect
the nearest point on the other contour. The distance between these
points dictates whether a repulsing or attracting force should be
applied to the control point. An example that shows how the force
depends on this distance is shown in Figure 5.

1 F
attraction

repulsion

0 10 20 30 40 50 B0

Figure 5. Plot of the distance maintaining force against the
distance between contours in pixels. The histogram of
distances in the markup is given below the plot.

b) T :.5 ~

Figure 6: a) example of the epidermis and the dermis
segmentation result, b),d) are fragments of the result of single-
frame snakes algorithm segmentation, c),e) are fragments of the
result of our multi-frame snakes segmentation.

4.3 Cross-frame links

Since we process a sequence of frames, we expect the resulting
contours to move smoothly in time (i.e. between frames). To
achieve this, we evaluate all the contours for all frames
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simultaneously, with an additional force that links a contour
tracking a line, say line E, in one frame, to the contours that track
the same line E in the previous and the next frames. For each
control point we detect the nearest point of the corresponding
contour from a neighboring frame. Magnitude of the force that
pulls the control point towards its nearest point on a neighboring
frame is proportional to the distance between points. The forces
acting on a single control point are summed together and, like the
other forces, bounded to be not greater than 1 in magnitude.

5. RESULTS

Typical example of an image series segmentation result is shown
in Figure 6a (only one frame is presented). Obtained derma
thickness value for this series is 306.25um with standard
deviation 27.5um. A comparison of multiframe and single-frame
active contour results for border detection is presented in Figure
6b—6e. Single-frame snakes often produce inaccurate results (see
Figure 6 b, d for examples). The proposed method is much more
robust due to the use of constraints that limit contour changes in
neighboring frames and control epidermis thickness (see Figure 6
c, ).

The work was supported by federal target program “Scientific and
scientific-pedagogical personnel of innovative Russia in 2009-
2013”.
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Abstract

New method for blur detection in retinal images has been sug-
gested. The procedure includes original algorithm of edge width
estimation. A method of image deblurring with ringing control is
proposed.

Keywords: Retinal images, blur detection, edge width, ringing
control.

1. INTRODUCTION

Automatic quality analysis of medical images has become an im-
portant research direction. However, the automatic blur detection
in fundus images has not received enough attention. Fundus im-
ages are acquired at different sites, using different cameras oper-
ated by people with varying levels of experience. This results in
a variety of images with different quality, and in some of them
pathologies cannot be clearly detected or are artificially intro-
duced. These low quality images should be specially examined
by an ophthalmologist and reacquired if needed.

Current approaches for retinal image quality determination are
based on global image intensity histogram analysis [1] or on the
analysis of the global edge histogram combined with localized
image intensity histograms [2]. In both these approaches a small
set of excellent quality images was used to construct a mean his-
togram. The difference between the mean histogram and a his-
togram of a given image then indicated the image quality. Nev-
ertheless these methods cannot be used as general fundus image
quality classifiers because images of poor quality that match the
method’s characteristics of acceptable quality can be easily pre-
sented.

In [3] a correlation between image blurring and visibility of the
vessels was pointed out. By running a vessel segmentation algo-
rithm and measuring the area of detected vessels over the entire
image, the authors estimate if the image is good enough to be
used for screening. The main drawback is that the classification
between good and poor quality needs a thresholding.

In [4] a quality class classification of the images is proposed.
Vasculature is analyzed in a circular area around the macula. The
presence of small vessels in this area is used as an indicator of
image quality. The presented results are good, but the method
requires a good quality segmentation of the vasculature and other
major anatomical structures to find the region of interest around
the fovea.

This paper presents a novel approach for blur detection in fundus
images based on estimation of blur level of automatically seg-
mented vasculature. The method does not require the segmenta-
tion of optic disk or macula, and only a rough segmentation of
blood vessels is necessary. This allows us to perform the pro-
cedure of vasculature segmentation using downsampled images
and significantly decrease computational time. The method can
be also applied to noisy images or images with non-uniform lu-
minosity.

*The work was supported by Federal Targeted Programme “R&D in
Priority Fields of the S&T Complex of Russia 2007-2013”.
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2. EDGE WIDTH ESTIMATION
2.1 Edge model

We consider general edge model as a result of convolution of the
ideal step edge of unit height and a Gaussian kernel with some
dispersion o. Such assumption gives us a unique correspondence
between the edge and a numeric value, i.e. the dispersion o of the
Gaussian kernel, which we take as the value of the edge width.

We define the ideal step edge function of unit height as:

1, >0
H(z) = {07 i <0 M

The edge E,(z) (see fig. 1) is defined as

Eo(x) = [H * Go|(2). 2

. = =—ATT

Ideal edge Gg Edge

Figure 1: Edge model

Note that the function E, (x) holds

Es(x) = Ea/(;x). 3)

2.2 Edge width
For the edge width estimation we use the unsharp masking ap-
proach.

Let Us,o[Fo,](x) be the result of unsharp masking applied to the
edge Eo,(z):

Us,a[Eo](z) =

=14 a)Es(x) — aEyy * Go =

= (1 + OZ)EO—O (SL‘) - OCEW(I). (4)

Using (3) and supposing ¢ = o9 = o1, (4) holds
Usy,alEo](z) =
=1+ a)Ey (2) — aFE s, () =
V20,

=(1+4+a)Es () — aEﬂag(\/ﬁal x) = (5)
_ 92
= Uﬁz,a[EUQ](o_l x).
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The unsharp masking approach (4), due to (5), holds that the
intensity values of corresponding extrema of Uy o[FEo](z) at
Tmaz, and Tmin, are the same for all o > 0 with fixed a.
Thus, taking into account the monotonicity of Us.o[Fo|(x) as
a function of o due to (5) and the properties of Gaussian func-
tions, fixing the value of @ and Ug = max Us, ,o[Fo](z) for
some o g ‘

UUQ[EUU}(‘I”L@”G) Z UE70 < 0o

s

Us,a[Eool(Tmaz, ) < Ur,0 > ao.

s

(6)

2.3 The edge width estimation algorithm

The final edge width estimation algorithm looks as follows:
1. Given values: a, Ug, 1-dimensional edge profile Fo, ().
2. for 0 = Omin 0 Omaz : Tstep
compute U, o [Eo, (),
find local maxima Zmaz, Of Us,a[Fo,](T),
if Us,a[Eool(Tmaz, ) > Us
result = o,
stop cycle.
3. Output: result.

2.4 Automatization of the parameters of the
edge width estimation algorithm

The algorithm requires the values of o, omin, Omaz, Tstep and
Ug that is dependent on . The research shows that the best value
for o is 4 (see Table 1).

The value of Ug for a = 4 is equal to 1.24.

The value for o,4r 1s fixed and is equal to 0.5. This value is the
smallest possible value for the edge blur due to the digitization
of the image. The value of 0 is also fixed to 0.1 as this is an
acceptable accuracy for the task.

The value of 0,45 depends on the size [ of the edge profile sam-
ple. In order to reach the best approximation of the edge width es-
timation the size of the Gaussian filter with dispersion o is taken
as 8. Thus the value of omas is set to [/8.

[0Ja—= ] 2 [25] 3 [35] 4 [45] 5 |
05 06 [ 06 [ 06 | 06 [ 06 [ 06 [ 06
5 5 [ 15 | 15| 15 15 16| 16
25 25 | 26 | 26 | 26 | 25 | 25 | 25
35 36 | 35 | 35 | 35 | 35 | 35 | 36
45 45 | 45 | 45 | 46 | 45 | 45 | 45
55 55 [ 56 | 55 | 55 | 55 | 55 | 56
6.5 65 | 65 | 65 | 66 | 65 | 65 | 65
75 76 | 75 | 75 | 75 | 15 | 15 | 15
85 85 | 85 | 85 | 85 | 85 | 85 | 85
95 95 [ 95 [ 95 | 95 | 95 | 95 | 95
105 | 105 | 105 | 10.5 | 10.5 | 105 | 105 | 105
15 | 115 | 115 | 115 | 115 | 115 | 115 | 115
2.5 | 125 | 12.5 | 12.5 | 12.5 | 125 | 125 | 125
135 | 135 | 135 | 13.5 | 135 | 135 | 13.5 | 1355
145 | 145 [ 145 | 145 | 145 | 145 | 145 | 145
155 | 155 | 155 | 155 | 155 | 155 | 155 | 155
165 | 165 | 165 | 165 | 165 | 165 | 165 | 165
75 || 175 | 175 | 175 | 175 | 175 | 175 | 175
85 || 185 | 185 | 185 | 185 | 185 | 185 | 185
195 |[ 195 195 195 | 195 | 195 | 19.5 | 195

Table 1: The results of the edge width estimation algorithm for
different values of parameter o
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3. APPLICATION OF THE EDGE WIDTH ESTIMA-
TION ALGORITHM TO BLUR DETECTION IN
FUNDUS IMAGES

In order to compute the blur value of the image we use the fol-
lowing algorithm:

a) Extract vessels,
b) Preliminary blur the image in order to suppress noise,
c) Extract vessel edge profiles,

d) Compute the image blur value taking into account the
edge heights.

3.1 Vessel detection

The algorithm for vessel segmentation was previously described
in [5]. We perform vessel detection on downsampled fundus im-
ages in order to fusten the algorithm.

3.2 Preliminary blurring

Due to the way of acquisition the target images have some noise.
In the case of sharp images the noise almost does not affect the
results of the edge width estimation algorithm, but in the gen-
eral case some denoising is necessary for the correct use of the
algorithm.

The algorithm for determination of the Gaussian kernel disper-
sion for preliminary blurring is as follows:

1. Find a homogenous area A(x,y) on the image that is consid-
ered constant without noise.

2. Compute the mean M on the found area.

3. Compute the percentage P of maximum absolute deviation D
from mean in the area:

P = D/(max A(x,y) — min A(x,y))

4. Set the dispersion o to value
o = (P+1)x*P=x100.

3.3 Extraction of the vessel profiles

We analyze the profiles of the boundaries of the widest vessels.
In order to obtain these vessels’ segments, we use the following
algorithm:

1. Skeletonize the vessel mask,

2. Take only segments with the length greater than double maxi-
mum vessel width,

3. Sort the segments list in the descending order of the segment
width,

4. Take 50 of the widest segments,

5. For every segment find its center and direction. The edge pro-
file is taken as the cross-section of the segment.

3.4 Blur value estimation

In order to obtain an adequate result of two fundus images com-
parison we should take into account not only the average edge
widths, but also amplitudes of the edges. The median of the
weighted edge widths is taken as the blur value of the image.
The weights are taken as inverse amplitude of the edge 10/A.

So the algorithm for computing the blur value of the image is as
follows:

1. Compute the edge amplitude A; and normalize every edge pro-
file so that the values belong to the interval from O to 1,
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2. For every normalized profile compute the edge width o accord-
ing to the algorithm described in section 2.3, and then compute
the value W, taking into account preliminary blur:

]2 2
W; =1/o o5,

3. Scale the obtained values by the inverse original edges ampli-

tudes and obtain the value 10% that characterizes the edge,

4. Compute the median value of the weighted edge widths of the
image.

3.5 Results

Most of the publicly available databases contain images only of
a good quality. As an example the proposed algorithm was tested
on retinal images from the DRIVE database [6]. The average blur
value for the images from this database was found as 0.29.

The method was also tested on real images from ophthalmologi-
cal practice of different quality.

The results for images of different quality are shown in fig. 2, 3.

The results show that the images with blur value less than 1 are
good enough for pathology analysis.

(RN B

Blur value estimated 0.28

Figure 2: Blur value estimation for DRIVE image 01_test.

4. DEBLURRING OF RETINAL IMAGES

After blur value estimation, we perform deblurring of retinal im-
ages. Unsharp masking is used for image sharpening. One of the
problems of the image sharpening is introducing a ringing effect
when the sharpening level is too high. We choose the param-
eterw of the unsharp masking in accordance to estimated edge
width and image ringing level.

4.1 Ringing level estimation

We use the integral approach from [7] based on Total Variation
analysis to estimate the ringing effect after applying the unsharp
mask.

Ringing oscillations are located tangential to the edge producing
them. The ratio between the average modulus of directional par-
tial derivatives with normal and tangential directions nV/tV to
the nearest edge is a good indicator of the presence of the ringing
effect.

The ringing effect is the best noticeable near basic edges — sharp
edges distant from other edges [8]. An example of basic edges
detection is shown in Fig. 4.

We calculate nV and ¢tV in the subset of basic edge area with
the distance to the nearest basic edge between d and ad where a
controls the size of ringing effect. For unsharp mask deblurring,
we use d = o and a = 2. Then we calculate the ratio Ry =
nV/tV. We use this value as the indicator of presence of ringing
effect. If the ratio is close to 1, we assume that there is no ringing
effect. If this value is significantly greater than 1, we assume
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Blur value estimated 0.63

Blur value estimated 0.82

Blur value estimated 1.09

Figure 3: Blur value estimation for real fundus images.

that there is ringing effect. To reduce the influence of noise, we
prefilter the image by Gauss filter with the radius o/2.

Figure 4: The results of basic edges detection. Left image: the
original image. Right image: the result of basic edges detection.
Green area is the area where we analyze the ringing effect.
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4.2 Unsharp masking
We use unsharp mask filter
In=1xGs+a(I IxG,)

with the value o equals to estimated edge width.

We use the maximum parameter «;, which results in ringing value
Ry less than 1.5. Example results are shown in Fig. 5.

No sharpening, Ry = 1.33

o =15 Ry =146 a=2.0,Ry = 1.55

Figure 5: The results of retinal images sharpening using unsharp
mask with ringing control, estimated o = 1.23.

5. CONCLUSION

The paper presents a solution to the problem of the detection of
blur in retinal images.

The application of the proposed algorithm to the classification of
real retinal images showed good results. The algorithm can be
used during the acquisition of fundus images and for the prelim-
inary control of input data for retinal image CAD systems.
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Abstract

This paper proposes an improved steganography approach for
hiding text messages in lossless RGB images. The objective of
this work is to increase the security level and to improve the
storage capacity with compression techniques. The security
level is increased by randomly distributing the text message
over the entire image instead of clustering within specific
image portions. Storage capacity is increased by utilizing all
the color channels for storing information and providing the
source text message compression. The degradation of the
images can be minimized by changing only one least
significant bit per color channel for hiding the message,
incurring a very little change in the original image. Using
steganography alone with simple LSB has a potential problem
that the secret message is easily detectable from the histogram
analysis method. To improve the security as well as the image
embedding capacity indirectly, a compression based scheme is
introduced. Various tests have been done to check the storage
capacity and message distribution. These testes show the
superiority of the proposed approach with respect to other
existing approaches.

Keywords- Keyless Steganography, Lossless RGB Images,
Hash Based Embedding, Information Hiding

1. INTRODUCTION

Steganography is a technique used to transmit a secret
message from a sender to a receiver in a way such that a
potential intruder does not suspect the existence of the
message. Generally this is done by embedding the secret
message within another digital medium such as text, image,
audio or video. The terms cryptography and steganography are
often used synonymously although they are essentially
distinct. In cryptography, a plain message is encrypted into
cipher text and might look like a meaningless jumble of
characters whereas in case of steganography, the plain
message is hidden inside a medium that looks quite normal
and does not provide any reason for suspecting the existence

of a hidden message. Using steganography, we need to take
care about the resource utilization, the space requirements and
the level of security. In addition, the quality of the cover
object i.e. digital medium is important after using it for
steganography.

Electronic steganography approaches use digital processing
techniques for hiding and detecting embedded information. In
case of image steganography, the secret message 1is
transmitted embedded within a digital image called a cover
image. Once the message is embedded within the image, it is
referred to as a sfego image. In a keyless steganography
approach the sender includes only the information and does
not include any cryptography algorithm. Therefore, the
reliability and the security are totally dependent on the
efficiency of the steganography algorithm itself. In this paper
a keyless steganography algorithm applicable for lossless
image formats like BMP, PNG or TIF, is proposed. Attempts
are made to improve the storage capacity while incurring
minimal quality degradation of the image. Security is
enhanced by distributing the message throughout the image.
The organization of the paper is as follows: section 2 discusses
the related works, section 3 describes the proposed algorithm,
section 4 provides details about the experimentations and
results while section 5 discusses the overall conclusion and
future scopes. This work is extension of our previous work

[3].

2. RELATED WORK

The most widely used technique to hide data is the usage of
the LSB. Although there are several disadvantages to this
approach, it is relatively one of the easiest to implement. This
method uses bits of each pixel in the image, it is necessary to
use a lossless compression format otherwise the hidden
information will get lost in the transformations of a lossy
compression algorithm. Least Significant Bit replacement
embeds fixed-length secret bits into the least significant bits of
pixels by directly replacing the Least Significant Bits of each
byte of the cover image with the secret message bits. Some
stegno analysis methods will identify the pixel difference in
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the host image very easily [6]. For a 24 bit image, 3 bits can
be stored in each pixel. To the human eye, the resulting stego
image looks almost identical to the cover image. A random
LSB insertion method in which secret message is spread out
among the image data in a seemingly random manner [11].
This is an efficient approach but changes to the MSB bits can
degrade the image quality substantially.

One of the best keyless steganography approaches is the Pixel
Indicator Technique (PIT) algorithm proposed by A. Gutub [4]
where a color channel is used as a pixel indicator and the other
two channels are used as for message embedding. The main
drawback is that one of the channels cannot be used to store
the actual message. To increase the capacity, usage of 2, 3 or 4
are proposed in [7]. A heuristic based approach for
information embedding in the form of multimedia objects or
text using steganography is proposed in [1]. In [10], the least
significant bit (LSB) of each pixel is modified sequentially. In
[2] the authors have proposed a steganographic technique by
mixing with it cryptography to increase the security layer.
There are other approaches available using Discrete Cosine
Transformation (DCT) and Wavelet Transform (WT) [5].

3. PROPOSED APPROACH

The proposed approach is described in different sections as
follows.

3.1 Motivation and Overview

The main motivation of the proposed work is to overcome the
shortcomings of the techniques suggested in [9], which is an
improvement of Pixel Indicator Technique (PIT) proposed in
[4]. The process can be made efficient by considering only a
single function i.e. randomization, instead of calculating K1
and K2. There is another shortcoming with the approach
suggested in [9] that K1 and K2 calculations are dependent
upon image size and message length. Our approach also takes
care of distribution of the message over the cover image, as an
improvement of not storing the message bits within the cover
image in contiguous pixels only in the upper portion of the
image [4]. Additionally the proposed work also attempts to
increase the security level by introducing a text message
compression at the first level, which indirectly increases the
embedding capacity of the image.

3.2 Indicator Values

The first step towards the random distribution of the message
in image is using indicator values. In the current work, we use
MSB bits of Red, Green and Blue channel as pixel indicator
values instead of utilizing an entire channel as in [4], which is
suggested in [9]. The MSBs indicate in what sequence the
message is hidden using the LSBs. In addition to this, this
scheme is applied after applying compression to the original
message. Therefore it would be make it extremely difficult to
break, even after suspicion of the message within an image.

In this scheme the MSB remains unchanged when an LSB of a
byte is utilized for storing a message. The sequences of LSB
bits containing the message are indicated in Table 1. For
example if the MSB code of channels is 001, then the message
hiding LSB sequence is RGB, but if the MSB is 100, then the
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message hiding sequence becomes BGR. This scheme enables
us to fully utilize all the LSBs of every channel of the cover
image to store the hidden message and hence improve its
capacity. Moreover the varying indicator values introduce a
security aspect as it becomes increasingly difficult to decode
the message even if its presence is suspected. We are not
changing the scheme suggested for Indicator values in [9].

Table 1. Indicator Values

MSB bits of Red, Green
and Blue channel

Sequence of channel's LSB
bits where the message bits

sequentially needs to be Hidden
000 Red, Green and Blue (RGB)
001 Red, Green and Blue (RGB)
010 Red, Blue and Green (RBG)
011 Blue, Red and Green (BRG)
100 Blue, Green and Red (BGR)

101
110
111

Green, Red and Blue (GRB)
Green, Blue and Red (GBR)
Green, Blue and Red (GBR)

3.3 Message Distribution

Instead of storing the message only in the upper portion of the
image in contiguous pixels, as in [4], there is a technique
proposed to distribute the message over the entire image in
[4]. There is a key-number generated which indicate the gap
value between two pixels containing the message to be hidden.
This key-number K2 is computed based on MessageLength
and image dimension i.e. ImageWidth and ImageHeight of the
cover image. K2 is an integer which indicates the gap between
pixels which contain the actual hidden information i.e. the
information is inserted after every K2 pixels. The potential
drawback with this is: the message distribution within the
image is fixed in order. i.e. information is inserted after every
K2 no. of pixels.

The proposed approach is based on randomization and hashing
with respect to the MSBs of the channels, to skip R numbers of
bytes. R is a generated random numbers based on the seed
value S given to a random numbers algorithm. To illustrate the
procedure, a XOR operation between the LSB bits of the cover
image and the stego image indicate the pixels which have
changed. The message is seen clustered towards the upper
portion of the stego image, while for the scheme indicated in
[9], the results for the proposed approach where the message is
seen to be distributed with skipping K2 bytes after storing
information once [9]. The result for the proposed approach,
where the message is distributed randomly (with respect to
MSBs) after storing information once, is better than the above
two approaches.

3.4 Image Quality

While using steganography, image quality is one of the most
important issues because, degradation in image quality
suggests directly towards ‘something embedded in the image’.
The quality of an image is degraded by changing the bits of an
image to store information. As the number of LSB bits used to
store the message increases, the quality of the stego image
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correspondingly degrades more. To limit this degradation the
proposed approach uses stego-1 bit LSB [7] which implies that
we are storing 1 message bit/channel, however we can use
maximum of four Least Significant bits of each channel from
an image. This improves the quality compared to the
algorithm proposed in [4] where two LSB bits are used for the
purpose. The other improvement in the image quality is due to
randomization, i.e. not all the image bytes are used for the
embedding purpose.

3.5 Message Encoding Process
The message encoding process is summarized below:

Input: Cover Image, Secret Message File.

Stepl: Take as input the cover image, message/file to be
hidden.

Step2: Compress the original secret file. (Output: .zip file)
Step3: Store the compressed file within the cover image (using
the indicator values specified in Table 1).

Step4: Calculate the random number R and skip R no. of
bytes.

Step5: Repeat steps 3 and 4 till the message embedding is not
over.

Output: Stego Image.

3.6 Message Retrieving Process
The message retrieving process is summarized below:

Input: Stego Image.

Stepl: Take the stego image as an input.

Step2: Retrieve the message from the image by generating
random number R and skipping R bytes every time, using the
table indicator values.

Step3: The output would be a compressed text file (.zip). By
uncompressing the file, we would get the original text
message file.

Output: Secret Message.

4. EXPERIMENTAL RESULTS

We resort to a number of statistical measures, to verify the
superiority of this approach. Different sizes of messages
inserted to different cover images. Table 2 shows the analysis
with respect to embedding capacities of different algorithms.
Figure 1 shows the original image and the Figure 2 is after
inserting the secret text. The sample image contains more than
1 KB data. It is clear that, the change in image after
embedding the data is not visible in the image, by bared eyes.

Here, ‘Y in Table 2 represents ‘embedding is possible’ and
‘N’ represents ‘embedding is not possible’. It can be seen from
the Table 2 that the embedding capacity of the suggested
approach is comparable to the approach suggested in [9]. In
our approach, although randomization tries to distribute
message more, compression in the first step would compress
the original message, increasing the embedding capacity of the
image indirectly. One important thing to note here is, the
cover image size should not be affected after embedding.

However, padding based approach increases the image size by
message size after embedding.

Figure 2: Stego Image

5. CONCLUSIONS

In this paper we have proposed an improved steganography
approach for hiding text messages within lossless RGB
images. The objective of this work is to increase the security
level and improve the storage capacity while incurring minimal
quality degradation. As future improvements we want to
compress the message and then store the data to increase the
capacity further. We also want to insert any message both text
and image at the same time (might be in PDF format or
WORD format). We would also like to improve our algorithm
by keeping in mind the robustness issue.
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Table 2. Embedding Capacity

Algo

MsgSize

10B 100 KB

3MB 5 MB 7 MB

Simple
LSB

Approach”

Padding
Based Y Y Y

PIT Y Y Y

Ref-10
(max = Y Y Y
2.2MB)

Suggested
Approach % % v

(max =
3.8MB)

*considering imagesize = 800*600
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Abstract

A simple but effective multiframe demosaicking method is
proposed. Its primary goal is to replace more expensive
mechanical motion compensation systems. Therefore, it is
designed to be easily implemented in hardware for consumer
devices. The described multiframe demosaicking algorithm is
suitable for mass production devices such as mobile phones or
digital cameras. It is compared to a multiframe noise reduction
of similar complexity. The comparison is based on computer-
based simulation of a camera being (unintentionally) shaken by
a human operator. The following error measurements were
taken: Mean Squared Error (MSE), Peak Signal to Noise Ratio
(PSNR) and Normalized Color Difference (NCD) errors
measurements were taken.

Keywords: demosaicking, noise reduction, bilateral filtering,
multiframe processing

1. INTRODUCTION

Digital cameras and so-called camera-phones are now widely
spread. Although, image quality from them has improved
drastically in recent years, still, it is not comparable to human
vision capabilities especially under low light conditions. One of
the main problems is sensor noise.

Current cameras perform at their physical limits and photon
noise is dominant. On a physical level, this type of noise can be
reduced by increasing the number of photons detected by each
cell on a sensor. Usually, the solutions are: increasing the
optical efficiency of a lens system or increasing exposure times.

Improving optical efficiency is expensive as the complexity of
the lens grows disproportionately relative to its quality, not to
mention that the camera often needs to be small in its
application (e.g. a camera-phone). Longer exposures, in turn,
produce motion blur which can be compensated mechanically
or electronically.

Taking into account the generally falling cost of electronic
components electronic motion compensation becomes more and
more attractive in terms of quality per unit cost.

Both frame-based demosaicking and multiframe noise reduction
are well developed areas in their own right. The combination of
these two methods only recently received a proper attention [1].
However, there is still a lack of simple but effective methods
which can be implemented in existing devices.

In this paper a new method of multiframe demosaicking is
proposed and compared to combination of simple frame-based
demosaicking and multi-frame noise reduction. The comparison
is carried out using computer-based simulation of a series of
shots which are shifted and rotated, then mosaicked. After that,
Poisson noise is added to simulate the photon noise of a photo
sensor. This algorithm is an extension of the work described in

[2].
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2. ALGORITHM REQUIREMENTS

The original prerequisite for the proposed algorithm is that it
can be put into a camera image processing pipeline without a
significant increase in cost. This leads to the following
requirements:

(a) The method should not consume too much memory (not
more than 4 image frames) even if the technique involves
merging many more frames.

(b) It should be real-time or, in other words, the user should
receive the result just after the shot (no time-consuming post
processing is allowed).

It is clear from the requirements that algorithm should be stream
based and data should be accumulated and processed “on the
fly”.

Having many images of the same scene it is possible to use a
wide variety of super-resolution algorithms. However, the
requirements for memory and computational power restrict
application of those methods inside digital still cameras and
mobile phones.

3. TEMPORAL BILATERAL DEMOSAICKING

Having the classical bilateral filtering equation for image

£(x) as in [3]:

h(x)= k7" [ [r(E)ele-x)s(r)-rlx))ae (1)

—00 —00
and normalization coefficient %, :

+00 400

kg = ] Jele=x)s(r()-rlx)ae @)
where c( —x) is the geometric closeness between the
neighborhood centre x and a nearby point &, s( f (é)— f (x))
measures the photometric similarity between the pixel at the
neighborhood centre x and that of a nearby point & .

For the task of multiframe demosaicking it is possible to
introduce an additional pixel weight coefficient responsible for
trustworthiness of a pixel w(q’). In the situation when several
frames are merged together some pixels may contain more
pixels of a particular color. The greater the number of values in
a given pixel position, the better the accuracy. Thus equations
(1) and (2) become:

+00 +00

W)=Y [ [HEwE)e-x)s(rE)-r)ie 6

1=l —00 00

and

T +ootoo

k=X [ [wlg)ee-x)s(r(&)-r(x))de @)

=1 —c0—00
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where f (E’;) are the resultant mean values of the colors in the

given locations, ¢ is the index of the frame in a sequence, T is
total number of frames available for fusion . By converting the
equation in discrete space we have

He) =5 370l 5)(r67)- 1)
(%)
and

k=35 Sl f)eli-x - v)s(F6. /)~ £(v3)  ©)

1= i=—0 j=—c0

Usually the photometric similarity function is defined as:

s(fQ;j)-f(xu0)=exp{‘[fﬂliﬁll:llzlznjz} (

20

~

)

where
3(f (1) = e y)) =) G s) = £ (v ®)

Usually, || f (i, j)— f (x, ym is selected as a suitable measure of

distance between the two color values. In the scalar case, this
may be simply the absolute difference of the pixel values or,
since the photon noise increases with intensity, an intensity
dependant version of it. It is possible to determine what the
photometric similarity function should be in case of Poisson
noise.

In order to simplify the formulae and minimize the amount of
computations the image samples can be converted to a space
where the noise has a normal distribution (i.e. Gaussian). Also,
it is assumed for simplicity that image under consideration has
only one channel. The equations below can be easily extended
for multi-channel images. The probability function relating to
the difference of two image samples which are close in space is:

_@—Q%m-%ﬂ?(%

Aoz +a7)

-b)= ! ex
P(a b) \/2]7(02_'_%2) p{

where ¢’ is variance of a random variable and g is the mean

or its expected value. The probability that these two samples
have the same value is

) e __a=b?
o bx%zuhwzn(agwg)e""{ z(a;w;)} "

It can also be demonstrated that the standard deviation of both
variables are the same

0,=0,=0
(1)
Thus
1 a-b)*
p= exp] - 420 (12)
Vamo? 40

which is similar to equation (7). For the experiment the
following conversion to the space with a normal distribution

was used
£,6ey) =1, (0) (13)

where f, are the samples with a Poisson distribution and f,

are the samples with a normal distribution.
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In order to reduce the amount of computations used a simplified
spatial penalty function was used:

CN_|L -N<isN-M<jsM
)|

0, otherwise
The multiframe bilateral demosaicking algorithm was applied
on a 5x5 neighborhood with N =M =2

(14)

The described equations can be optimized in order to minimize
memory usage on a computational device. Equations (5) and (6)
allow accumulation of the intermediate results frame buy frame.

By storing numerator and denominator k, of equation (5) as

two separate frames in memory it is possible accumulate data
frame by frame. When no more frames are expected in a
sequence the final result of computation can be achieved by
dividing accumulated numerator

35 576wl el =%, = 2)s(7 /)~ ()

1=1 i==00 j=—c0

by denominator k, from equation (6).

4. GLOBAL MOTION
MOSAICKED IMAGES

ESTIMATION ON

As the global motion estimation was not an essential part of the
comparison and the simplest exhaustive search was taken as a
basis.

It is important to stress out that there was no novelty introduced
for global motion estimation in this paper. Motion estimation
was not a goal of this research. Any state of the art research
results on global motion estimation could be used here.
Therefore the comparison of accuracy of used global motion
estimation (ME) algorithm was outside of the scope of this
paper.

The same global motion estimation coefficients were used for
both compared methods and therefore the relative accuracy of
demosaicking methods should be unaffected by the accuracy of
the global motion estimation. However, the algorithm for
motion estimation is explained below for the reproducibility of
the results.

It was assumed that global motion of the frame can be described
as an affine transform with a relatively small number of
coefficients so that for small area of image it can simply be
defined as a shift in two dimensions (see Figure 1).

Blocks with
maximum
contrast

N

Figure 1: Global motion estimation using block matching. The
proposed model assumes that if rotation is small (0°—2°) it
can be neglected for motion blocks (32x32 pixels). Only shifts
are taken into account.
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Equation (15) and condition (16) define this:

U

x a A 43
Vi|=|an an ay |y
1 0 0 1 1 (15)
where
|‘121| <<l, |a12| <<1 (16)

A limited number of blocks with maximal contrast were
selected. The target is to find shifts in these blocks and to
calculate the global motion using linear regression [4] or robust
fitting. Figure 1 illustrates this.

The exhaustive search block matching algorithm was adapted
from [5]. It was modified to introduce a penalty term for large
motion vectors. In cases where two vectors exist with an equal
cost the shortest will be selected.

The precision of motion estimation can be optimized further
with a priori knowledge that the transform contains only
rotation and shift. This condition can be described as follows:

x' cosa sina a; | |x
Y |=|-sina cosa ay |y 17)
1 0 0 1 1

As the rotation is small, the cosa component can be replaced
by 1. Let ¢ be:

c=sing (18)
Hence:
x' 1 ¢ a,||x
Y|=l-¢c 1 a,|Qy (19)
1 0 0 1 1

The number of transform coefficients is thereby reduced from 6
to 3 making linear regression methods more effective.

The difference between classical motion estimation techniques
and the proposed approach is that it is required to work with
mosaicked images. The mosaicked images can be demosaicked
before motion estimation but this is not the most precise or
most computationally efficient way. The proposed method uses
mosaicked (RAW) images for motion estimation. It will be
shown that it is possible to obtain pixel precise motion estimate
vectors using mosaicked data.

The basic operation in motion estimation is a measure of
similarity between two regions of images. In our case the mask
of existence of the given color in a given position is available,
which simplifies the task. Let us assume that the penalty is the
absolute difference between the two colors at a given pixel.
Then it is possible to say that having no particular color in the
mask should not add a penalty. This can be formalized as
follows

P(xlaypxz:J’z):
C
= lel(xl>ylsc)mQ(xz7y236)_S2(x2:y2:c)m1 (xlrylvcx

c=1
(20)

where C is number of colors used in a sensor (usually 3 or 4),
p(xl V1 Xa, y2) is the penalty term for pixels in locations x;, y;

and x,,y, respectively. Also, s, denotes a sample of the first
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image, m, is a mask value for the first image, s, and m, are
defined similarly for the second image.

For some offsets there will be situations when all pixels
between two block of image are unmatched according to color

masks. In such conditions the penalty will be zero no matter
what are the contents of the image.

In order to avoid such conditions the values of pixels are
blurred spatially (separately by color planes) together with
corresponding color masks.

The experiments carried out by the author show that Gaussian
filtering with a small 3x3 kernel of one of the images (including
mask) improves the accuracy of the motion estimation for Bayer
pattern.

Then, the penalty or difference measure P(xl V1%, yz) for the

block of pixels with dimensions N and M will be

N M
P(xl,yl,xpyz):zzp(xl+i,y1+j,x2+i,yz+j) (21)

i=1 j=1

Square blocks of pixels with dimensions M = N = 32 were used
for in this research.

The resultant motion estimation algorithm used in this research
can be described as following steps:

1. Split the first frame in the sequence into blocks 32 by
32

2. Select 50% of these blocks with maximal contrast
Let us assign the index k for each block having
kD[l...K], where K is total number of selected
blocks

4. Store integer coordinates of the centers of the blocks
as (xkvyk)

5. For each block with coordinates of the (xk, yk) find
the corresponding block on a given frame (different
from first one) with integer coordinates (x; , y;)

which minimizes P(x,,,.x,, . )

6. Using multivariate linear regression algorithm [4] on
initial and resultant sets of coordinates (xk, yk) and

(x;, , y;) find coefficients ¢, a,;, and a,, for this
frame

5. COMPARRISON OF THE RESULTS USING
SIMULATION OF NOISE AND SHAKE

There methods were compared using raw images generated
from “Kodak Image Set” [6]. Images were downscaled in order
to reduce simulation time. The aim was to reproduce the image
sequence from the real camera. Using real image sequence it is
difficult to evaluate the accuracy of described methods as it is
impossible to get the original reference image. By contrast
when using a simulation the reference image is known in
advance.

The following assumptions were used for the simulation
process:

1. Overall exposure time of a sequence of shots is less
than % second

2. There is only rotation and shift of the image taking
place (no scaling or second order distortions)

3. Rotation is no more than 5 degrees between any two
images in a sequence
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(a) (b)

(© (d)

Figure 2: From left to right: (a) original image, (b) one of the noisy images form the sequence of 9 images, (c) result of temporal
variable number of gradients demosaicking using 9 images, (d) result of proposed method using 9 images.

For error measurements MSE, PSNR, NCD formulae were
used. MSE and PSNR are:

MSE =——— 333 10(x, y.c) - B @
_WDIEC;XZ::';" o) Rlrel @2

1
PSNR =100og,, | —— 23
gm(MSEJ (23)

It is assumed that color values are within the range [0, l] .

NCD stands for Normalized Color Difference. It was used
previously to quantify the perceptual color difference and is
defined as follows:

—4- Multiframe Bilateral Demosaicking
- Temporal Variable Number of Gradients Demosaicking

0,35

0.3

0,25

>

0.2

>

0,15

H

0.1

3

Normalized Color Difference (NCD)

0,05

B

1 4 9 16 25 36 49
Number of images in a set

Figure 3: Dependence of normalized color difference from
number of images available for fusing.
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z\/(Lﬂ —L,)2 +(u0 —ur)2 +(v0 —v,)2

NCD =2 (24)

2 2 2
z La + ua + va
xy

where L , u,, v, are lightness and chrominance components of

the result image in CIELUV color space [7] at the pixel’s
location (x, y) , L,, u,, v, are the same color components that

were in the original image.

The simulation was performed for different number of frames in
a sequence varying from 1 to 49. The results are shown in
Table . The Multiframe Bilateral Demosaicking shows best
results for MSE, PSNR and NCD measures.

Variable Number of Gradients Demosaicking [8] is one of the
best non-iterative algorithms described in scientific
publications. The operational neighborhood for both these
methods is 5x5 pixels. However, the computational efficiency
of Multiframe Temporal Demosaicking is better than for
Temporal Variable Number of Gradients Demosaicking.

Reference, noisy, and processed images are shown in Figure 2.

TABLE I: ACCURACY OF THE RESULTS OF TEMPORAL VARIABLE
NUMBER OF GRADIENTS DEMOSAICKING COMPARED TO MULTIFRAME
BILATERAL DEMOSAICKING ON THE KODAK IMAGE SET USING MSE,
PSNR, AND NCD ERROR MEASUREMENTS

Number of | Temporal Variable Number Multiframe Bilateral
images in a of Gradients Demosaicking
sequence
MSE PSNR | NCD MSE PSNR | NCD
1 0.00966 20.22 0301 0.00414 24.19  0.181
4 0.00262 2590 0.154 0.00236 26.57 0.116
9 0.00151 28.38 0.110 0.00151 28.50  0.091
16 0.00111 29.80 0.089 0.00108 29.97 0.076
25 0.00091 30.76 0.077 0.00079 31.29  0.065
36 0.00083 31.27 0.069 0.00066 32.12  0.059
49 0.00077 31.67 0.065 0.00057 32.81  0.055
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As can be seen from Table 2 and also from Figure 2, multiframe
demosaicking is more effective than temporal noise reduction
for a small number of frames. As the number of frames
increases these two methods show comparable performance. On
the other hand, multiframe temporal demosaicking is at least
marginally better for each case in the simulation.

As can also be seen from the graph in Figure 3 both methods
become more effective as the number of frames in the set
increases.

It is important to note that the proposed method of Multiframe
Bilateral Demosaicking is not based on the specific structure of
a classic Bayer filter layout and can be easily adapted for
alternative filter patterns.

6. CONCLUSION

The proposed method of multiframe demosaicking has shown
an advantage over temporal noise reduction on sequences with
number of frames varying from 1 to 49. It is also simple to
implement in the hardware of modern digital camera or a
mobile phone. To get better results with a small number of
images in a set, multiframe demosaicking can be improved in an
adaptive way such as a spatial filtering kernel for uniform
surfaces and temporal filtering for edges. It should be
mentioned that one of the disadvantages of the proposed
method is absence of local motion estimation. The method can
be significantly improved by detecting the areas of local motion
between the frames. Thus, by matching the moved areas it
would be possible to reduce the noise without introducing
motion blur.
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Abstract

We discovered significant error in color in images produced by
a digital still camera used to capture scenes with a special setup
of illumination and an object. The object is small, transparent,
color-less and has light-refractive properties. Illumination is pro-
duced by a number of LEDs with known spectra. Due to light
dispersion in the object, vivid monochromatic colored flares can
be seen and captured. Images from a digital still camera cap-
tured in the described setup occasionally exhibit bright purple
(almost pink) colors, which do not correspond to any monochro-
matic color.

In this paper, we analyze the origins of this effect by examining
different properties of the setup and analyzing RAW images. We
propose a simple and efficient algorithm for correction of those
unnatural purple colors by using only final JPEG image produced
by the camera. In this algorithm, we develop a continuous trans-
form which maps all unnatural colors to the natural ones in a
perceptually uniform color space. Then, a 3D look-up table is
constructed using this transform, which in turn is used for further
correction of images captured by the camera.

Keywords: color management, color calibration, color correc-
tion, monochromatic colors, RAW-processing, perceptually uni-
form color spaces, light dispersion, digital still camera.

1 BACKGROUND

Consumer digital still cameras are very powerful tools for captur-
ing real world images. They are broadly available, well-studied
and intensively developed, that’s why they are frequently used
not only by photographers, but in many science and engineering
applications. The latter require precise, repeatable and calibrated
results.

Camera color calibration is not a trivial task since camera “sees”
world in a model-specific color space. In order to be able to pro-
cess and correctly display such an image one should be able to
convert it to a certain conventional color space, like CIE XYZ [1].
The whole chain of color processing in digital cameras including
this issue is briefly and clearly described by Adams et al. in [2].
They describe this conversion to be handled by a 3 x 3 matrix con-
verting camera-specific RGB response to universal XYZ values.
The tricky part is that camera spectral sensitivities cannot usu-
ally be represented as linear combinations of CIE color matching
functions forming XYZ values.

So this conversion matrix is usually designed to minimize aver-
aged error for a specific set of colorants. Spaulding et al. [3] used
Macbeth Color Checker [4] as a target set and an RMS error of
CIELAB AE}, color-difference measure to find an optimal ma-

trix:
> (AE?,

=0

where N is the number of color patches and
AE] = \/(L; = L)+ (af; —ap;)? + (b5 — b5,)2,
where L7, a;; and b}, are the CIELAB scene color values for the
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Figure 1: Images with regions of unnatural purple color for two
different objects.

i-th color path and L};, aj; and b, are the CIELAB reproduced
color values for the i-th color path.

Hong et al. [5] used a broader collection of colorants: an ANSI
1T8.7/2 [6] chart on Kodak Ektacolor Professional Paper and the
textile samples selected from The Professional Colour Commu-
nicator [7] using reactive dyes on cotton. They also performed a
polynomial regression with least-squares fitting to minimize the
color-reproduction error.

Thus, there are many available techniques to perform conversion
of camera RGB response to XYZ values which can generally in-
clude some non-linear transformations or multidimensional look-
up-tables. And we do not know precisely how a particular camera
model handles this conversion since most of camera firmwares
are proprietary and closed.

However, most of these techniques focus on reproduction of col-
ors usually observable in natural scenes, but not all the physically
available spectra. In specific engineering tasks, a certain spectra
can be encountered, which a camera would not be able to handle
properly. That is the case discussed in this paper.

In our task, we analyze optical properties of a transparent col-
orless object shaped as a polyhedron. Its refractive index is high
enough to make it a dispersive media. Thereby, when illuminated
by a white light, such an object appears to have colored faces.
Since colors are induced by light dispersion and the object’s faces
are small enough, color spectra of a single face is nearly constant
and virtually monochromatic. We used a consumer digital still
camera to capture images of the described scene and discovered
vivid saturated purple colors appearing under certain conditions.
Examples of such images are shown in figure 1.

However, such vivid purple colors do not correspond to any
monochromatic spectra and we weren’t able to witness the same
purple faces with naked eyes observation. Thus we have decided
that we’ve encountered the mentioned above case of a camera be-
ing unable to properly represent captured color. We analyzed this
issue and created simple a correction algorithm that works well
with our setup. While the algorithm is very specific and aimed at
our particular task, the conducted research is extensive and gen-
eral enough.
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2 INTRODUCTION

Detailed description of the used setup, including notes on il-
lumination, objects’ properties and camera model, is given in
section 3. This section also contains information on how im-
ages were obtained and how a collection of analyzed images was
formed.

Extensive issue examination is done in section 4. We analyze
the behavior of RGB response function in both output camera
JPEG image and primary camera RAW image and show the ev-
idence of error in color management process done by the cam-
era in our specific case. We did not analyze the spectra of the
faces which produced the unnatural purple colors since they are
too small (about 100 microns in diameter) to be measured by
any of the consumer spectrometers and appropriate measurement
devices were unavailable for us. We do not consider unnatural
colors to be induced by non-visible parts of spectra since we’ve
done additional tests with UV and IR filters and the difference
was barely noticeable.

Though we show that a consumer camera cannot properly handle
discussed colors, we want to be able to use our setup for further
research of described objects. So in section 5 we propose a sim-
ple correction algorithm which can be applied to JPEG camera
output images to replace unnatural vivid purple colors with ones
of a more bluish hue, which can be observed as a result of light
dispersion. This algorithm continuously shifts specific hues in
a perceptually uniform color space within boundaries estimated
from captured collection of images. Examples of images cor-
rected with the proposed algorithm are shown in section 6.

Conclusions and acknowledgements are given in sections 7 and 8
respectively.

3 SETUP AND PHOTOS

There are three essential components of the setup: illumination,
an object and a camera. All of these are enclosed in a closed box
with illumination mounted on the top, an object mounted at the
bottom and a camera placed at the front and directed at the object.
See figure 2 for schematic illustration’.

6 Light source
Came’
~600mm

The object gIN

Figure 2: Schematic illustration of the setup used. Relative sizes
of the objects and relative distances in the scene are not preserved
for illustrative purposes.

[lumination consists of a number of bright LEDs with wide
warm spectra. Camera white-balance was adjusted automatically
prior to the shooting of any images. A sample paper patch with
a neutral color was used for this purpose. There were about 50
LEDs, each of which is small enough and is supposed to approx-
imate a point light source.

An object has a shape of a polyhedron with 50-70 faces and is
4-6 millimeters in diameter. It is made of a transparent color-
less material with refractive index about 2.41, hence it introduces
strong light dispersion and its faces appear to be colored when
observed under appropriate illumination from a suitable point of
view. The object is fixed on a motorized holder allowing rota-
tion along two perpendicular axes situated in plane orthogonal to

!Camera icon designed by Go Squared Ltd.
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camera’s optical axis. Controlling this holder, one may adjust the
position of the object in which a face with a color of interest will
be observable by the camera.

The camera is mounted in front of the box and is pointed at the
object. It is plugged into and is operated by a computer, so one
can capture images of the object without touching the camera,
which can lead to undesired vibrations of the box and break down
the current dispersive pattern. In our tests we used a Canon EOS
5D Mark II digital still camera with a Canon EF 100mm {/2.8
Macro USM lens and a Kenko Teleplus PRO 300 DGX 1.4x AF
teleconverter. However, as we will show later, explored effect
poorly depends on a specific model of the digital camera.

With the given setup, the linear size of an object on captured im-
ages came out to be 400-600 pixels. To obtain images of an object
with purple faces (like the ones shown in figure 1) we simply ro-
tated the holder slightly in an arbitrary direction and made a shot
with the camera. We then studied acquired image for purple faces
and optionally suggested a direction for further rotation. The ef-
fect is not quite rare, so usually it was enough to make 3-5 shots
of the object to detect a new purple face and additional 2-3 shots
to select an appropriate exposure.

Once a purple face was detected and an appropriate central expo-
sure was selected, we made 11-15 shots of the same scene with
different exposures using a % E.V. step. In other words, by mak-
ing 15 shots we captured a number of images taken with expo-
sures from 42 to +-42 E.V. relative to the central exposure.

All in all, we captured 11-15 exposures for each of the 3-5 posi-
tions of 5 objects resulting in 254 images.

4 EXAMINATION

In this section we analyze separate sets with a number of images
of the same scene taken with different exposures. Let us examine
one particular set with 15 exposures; images in this set are num-
bered from 1 to 15 in order of the increasing exposure. Images
#4, #8 and #12 are shown in figure 3. These are conventional
output images of the camera stored as jpeg-files in the standard
SRGB color space and we will refer to them as JPEG images (in
contrast to RAW images, which will be discussed later).

Figure 3: Three out of fifteen images in the examined set.

We begin analyzing the set by manually masking the region of
the purple face on the images. Since all of the images are per-
fectly aligned, the same mask is used for all the images. We then
average colors inside the mask for each of the images. In case
there are several purple faces, we only mask the biggest one for
simplicity and consistent averaging. Colors computed in such a
way for all images in the set are shown in figure 4. We will refer
to them as JPEG colors.

Camera JPEG colors on different samples
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
sample #

Figure 4: Averaged colors of a masked purple face for different
images.

Since all these colors are from the same scene taken with dif-
ferent exposures, one can mention strange behavior of the color
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Figure 5: Per-channel values of averaged colors of purple face
for different JPEG images in the set.

transition with the increase of exposure. Blue color found in sam-
ples 1-4 changes to purple color in samples 5-9 and then to teal in
samples 10-13, finally overexposing to white in samples 14-15.
Only the last transition to white is expected, while others should
not emerge in properly calibrated color-capturing device.

Intensity values of JPEG colors in the SRGB color space are plot-
ted in figure 5. The first thing to mention is the non-monotonous
R channel. Second is the different dynamic of growth of R and
B channels in samples 1-5. Apparently, these facts indicate an
unidentified error during capturing process.

4.1 Analyzing RAW

To dig into the origins of the problem, we analyze low-level re-
sponses of camera sensors stored in camera RAW images. Un-
fortunately, Canon EOS 5D Mark II provides RAW in CR2 for-
mat which is proprietary and not open. Moreover, none of the
publicly available official Canon utilities like Digital Photo Pro-
fessional or RAW Codec provide functionality to extract non-
interpolated Bayer mosaic with primary sensor response. This
is also true for a number of well-known RAW-processing utilities
including Adobe Camera RAW, Adobe Lightroom, Apple Aper-
ture and others.

Considering this fact, we used a free open-source utility dcraw
(v9.12) with command line arguments “-d -4 -w” to obtain a non-
interpolated Bayer mosaic from CR2 files. According to dcraw
manual, the meaning of these arguments is as follows:

-d Document mode (no color, no interpolation)
-4 Linear 16-bit
-w Use camera white balance, if possible

In this way we obtain linear responses from camera sensors in the
form of pgm-files (see [8] for notes on PGM format) with 16-bit
color depth and with white balance corrected using values esti-
mated by the camera. Obtained colors are encoded in a camera-
specific color-space, let us call it CAM. Likewise, we will refer
to these images as CAM images. Cropped regions of a purple
face from CAM images are shown in figure 6. They correspond
to samples shown in figure 3.

(S

Figure 6: Linear Bayer mosaic extracted from RAW images.

Intensity values of CAM colors are plotted in figure 7. Averaging
is done by splitting grayscale mosaic according to Bayer pattern

Russia, Moscow, October 01-05, 2012
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Figure 7: Per-channel values of averaged CAM colors.
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Figure 8: XYZ values obtained with dcraw conversion matrix.

RGGB. The twin Bayer green components are treated equally.
Analyzing this plot one can state the following observations:

e Values are linear within [0; 1] range.

e Values exceeding [0; 1] range are cropped.

e Values of channel B“*™ are much greater than values of
other channels.

e Channel B“*M saturates at image #8; channel
urates at image #14.

GOAM gat-

Matching these observations with mentioned color transitions in
JPEG images we can conclude the following:

e Color is changing from blue to purple until saturation of
BCAM channel.

e Once BYAM channel is saturated, color is changing towards
teal until saturation of GA™ channel occurs.

e After that color is changing towards white.

To be done with basic RAW analyzing, we make the conclusion
that all unexpected color transitions correspond to the subsequent
saturation of CAM color channels.

4.2 Processing RAW

Since the camera converts a primary RAW image to a final JPEG
image using proprietary closed firmware, we cannot precisely re-
produce this process. However, we do know that it performs de-
mosaicing to interpolate Bayer pattern and it uses a certain con-
version matrix to obtain XYZ values from CAM values. Such a
matrix is represented in dcraw source codes. Apparently, it was
acquired by some reverse-engineering. We can use this matrix to
convert CAM values to XYZ values, which are given in figure 8.

By analyzing this plot we conclude the following:

e XYZ values are linear while CAM values lay within [0; 1]
range.

e When CAM values exceed [0; 1] range, XYZ values begin
to change nearly unpredictably.
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CAM gamut: all possible camera raw colors
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Figure 9: Gamut of CAM colors depicted on xyY chromatic-
ity diagram against SRGB triangle. Zoomed part shows pairs of
JPEG colors (inside sSRGB gamut) and corresponding CAM col-
ors (outside SRGB gamut).

e Y value is negative while CAM values lay within [0;1]
range.

The latter point is crucial. Y value of an XYZ triplet cannot be
negative by definition. Thus we consider CAM—XYZ conver-
sion unreliable. The conversion is optimized to minimize errors
in reproduction of normally observable colors and fails to prop-
erly handle values induced by purple faces. Applying this con-
version to all possible CAM colors we derive its gamut, which is
shown in figure 9. Zoomed part of the figure shows pairs of JPEG
colors against CAM colors (background is grayed out to make
luminous colors visible). Dashed lines connect corresponding el-
ements of a pair. Solid lines connect colors from adjacent images
for both CAM and JPEG series, thus creating two tracks.

It may be seen that camera’s rendering intent tends to make sSRGB
colors from given XYZ values more purple while it should be
probably mapped to blue. This intent is the final reason why we
see those unnatural colors on JPEG images. However, rendering
intent is not of a big concern since XYZ values themselves are
obtained using an unreliable CAM—XYZ conversion.

5 CORRECTION

By speaking of “correction of purple colors” we mean a scheme
which allows to obtain conventional image of the scene without
mentioned unnatural colors. Generally, it can include some kind
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of RAW-processing, installation of color filters on a camera or
certain manual adjustments. But we want this scheme to satisfy
two requirements.

Firstly, a JPEG image produced by a camera has satisfactory
quality, so we demand the corrected image to be as close to
JPEG image as possible (except for regions of purple faces). Sec-
ondly, we want this scheme to be fast, meaning that the correc-
tion should only take a small fraction of time required to perform
a shot.

RAW-processing done by camera consists of a number of propri-
etary hardware-specific algorithms such as demosaicing, sharp-
ening and postprocessing. It is unlikely that we can reproduce all
of them in a simple and efficient enough RAW-processing line.
So, in our scheme we propose to correct the resulting camera
JPEG image itself.

Since we don’t reliably know the XYZ values of the purple faces’
colors, we can chose the corrected color somewhat arbitrarily.
We suggest to simply shift the color hue of purple faces towards
blue. The exact boundaries and directions of the shift are dis-
cussed further.

5.1 Proposed algorithm

Since in our task the only meaningful information in the cam-
era JPEG image is the picture of an object, any purple color in
any region of the image can be considered unnatural. Thus, we
can apply a global correction based only on values of the par-
ticular pixel. Moreover, we can generate a 3D look-up-table to
map values of input pixels to values of corrected pixels. This
LUT transformation is very fast and since LUT itself can be pre-
computed, we don’t have to worry about the performance of the
transformation algorithm.

Now let’s deal with the properties of the color shift. Figure 10
illustrates luminance of JPEG colors plotted against normalized
exposure for every image in the set. It may be seen that luminance
is not linearly dependent on exposure. However, luminance plot
is monotonous and its dynamics is similar to the dynamics of the
exposure plot. So we will preserve the luminance value during
the correction shift.

Camera JPEG color luminances vs. image exposure
T T T T T T
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Figure 10: Luminance of JPEG colors against exposure.

Since it is impossible (within the SRGB color space) to preserve
both luminance and saturation while varying hue, we will have
to compress the color saturation during the shift. Compressing
saturation of the blue color is related to a known issue called the
“blue turns purple” problem [9, The "Blue Turns Purple” Prob-
lem?]. We don’t want to shift purple towards blue only for it to
become purple again after the compression of the saturation. In
order to avoid this issue, we use the Perceptually Uniform Lab
color space [9, Uniform Perceptual Lab’] for all of our color ma-
nipulations. Moreover, the exact rules controlling the hue shift

Zhttp://brucelindbloom.com/MunsellCalcHelp.html#BluePurple
3http://brucelindbloom.com/UPLab.html
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are much simpler in the UPLab color space than in the CIE Lab
color space.

Rotation of the color radius-vector in UPLab within the ab
plane corresponds to the Munsell hue [10] shift. Alteration of
the radius-vector length corresponds to the shift in the Mun-
sell chroma. We move pixels within the ab plane in the UP-
Lab space preserving the L coordinate to keep luminance un-
changed. Gamuts of the SRGB color space in CIELab and UPLab
are shown in figure 11.

Figure 11: sRGB gamut in CIELab (left) and UPLab (right) color
spaces (projection to ab plane with L axis directed up perpendic-
ular to the image).

We divide the ab plane with four rays outgoing from the origin
to four sectors of hues. These rays are shown in figure 12 as O A,
OB, OC and OD. Colors of the purple faces collected through
the entire collected base of images are also shown in this figure.

Figure 12: Color correction boundaries in UPLab. The points
depict all the colors of purple faces from all the images from the

entire base.

Let the color hue be in the range XY if its ab coordinates lie
inside a sector formed by the OX ray moving to the OY ray
counter-clockwise. Then hues of all possible colors are in one of
the ranges AB, BC, CD or DA.

For a given pixel, correction shift depends on its hue:

e Hues in the D A range are not changed.
e Hues in the AC range are shrank to the AB range.
e Hues in the C'D range are expanded to the B.D range.

By shrinking/expanding one range to another we mean the fol-
lowing. Let P be a point in the ab plane in the UPLab space

Russia, Moscow, October 01-05, 2012
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corresponding to the given color (with a persistent L coordinate).
Let the prolongation of the O P ray intersect the SRGB gamut at
point R. Let the correction move P to P’ with prolongation of
OP’ intersecting the SRGB gamut at point R’. Then, if the color
hue in the XY range is shrank/expanded to the X'Y” range:

(XOP (X'OP' and |OR|  |OR'|
LXO0Y  /X'0Y’ |oP| — |OP'|’

The A boundary passes near a distinctive cluster of blue colors on
the SRGB gamut. The B boundary specifies the strength of cor-
rection and passes near the “most purple” observable monochro-
matic color. It may be varied to achieve the most pleasing result.
The C boundary is selected so that all colors of purple faces col-
lected through the entire image base lie within the AC' range. The
D boundary is selected somewhat arbitrarily to space the ranges
evenly and to lie within the purple line of colors so that its hue
would not represent any monochromatic color.

The proposed correction algorithm includes intersection of rays
with 3D gamuts and conversion from the sSRGB color space to
the UPLab color space and backwards. These tasks require sig-
nificant time to be performed, but since we precompute the LUT,
the do not affect overall efficiency of the correction algorithm.
It took us about 5 minutes to construct a LUT for all possible
16,777,216 sRGB colors. We used CGAL AABB Trees [11, 3D
Fast Intersection and Distance Computation (AABB Tree)*] to
compute intersections of rays with gamuts. The size of full LUT
is 48MiB, but it can be easily compressed to ~7MiB using a
run-length-encoding technique since most of the colors are unaf-
fected by the correction and it can still be efficiently accessed in
the compressed form.

6 RESULTS

To test the proposed correction algorithm, we prepared three cor-
rection LUTs differing in strength, i.e. with different locations
of the B boundary. The feasibility of the algorithm was esti-
mated manually by analyzing results for different samples from
the base. Results for two objects under two different exposures
are shown in figure 13 with close-up on purple faces. Results for
other images from the base are available in the internet’.

Note how the rest of the image remain unchanged by correction
and how purple faces preserve small details, which are of par-
ticular interest since they can be used to estimate clarity of the
object. It is also visible, that the color of the faces in the images
taken with lower exposure remains unaffected by the correction
since it has the natural blue hue.

7 CONCLUSION

During our engineering work we have stumbled upon limita-
tions of applicability of digital still cameras, where specific col-
ors present in our scene could not be reproduced properly. We
have analyzed sources of this issue and proposed a very efficient
algorithm for its correction.

The study of the issue was conducted without access to the spec-
tra of the color of interest because of a small physical size of
an examined object. While proposed algorithm can be improved
for more accurate color correction and developed to handle more
general scenes, it suits our needs well and allows us to address
the camera’s limitations.
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Figure 13: Examples of color correction done by proposed algorithm for two different objects, two rows per object. Odd rows contain
images of the higher exposure (#8 in set) with the clearly visible purple face, even rows contain corresponding images with the lower
exposure (#2 in set) with the same face of the natural blue color. The leftmost image in each row is the initial JPEG image taken by the
camera, the second image to the right is a close-up of the purple face in this image. The remaining three images are close-ups of the same
face in images corrected with different strength settings, i.e. with different locations of the B boundary. Correction strength increases

from left to right.
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Abstract

In this paper we formulate the task of semantic image segmenta-
tion as a manifold embedding problem and solve it using graph
Laplacian approximation. This allows for unsupervised learn-
ing of graph Laplacian parameters individually for each image
without using any prior information. We perform experiments
on GrabCut, Graz and Pascal datasets. At a low computational
cost proposed learning method shows comparable performance
to choosing the parameters on the test set. Our framework for
semantic image segmentation shows better performance than the
standard discrete CRF with graph-cut inference.

Keywords: semantic image segmentation, unsupervised learn-
ing, manifold embedding .

1. INTRODUCTION

We consider the task of semantic image segmentation that implies
assigning a label from a given set to each image pixel. Various
discrete CRF models have been proposed for this task [1] [2],
[3]. It was shown that learning the parameters of CRF improves
its performance [4], [5]. In this work we propose an alternative
view on semantic image segmentation.

Methods based on graph Laplacians show state-of-the-art results
for interactive image segmentation [6] and image matting [7].
They require just a few local computations and solving one sparse
linear system, which can be done very efficiently. In this work
we propose a formulation of image segmentation task in terms
of manifold embedding and discretize the problem using graph
Laplacian approximation.

Graph Laplacian methods have the parameters very similar to
those of discrete CRFs. While a remarkable progress has been
done in the direction of learning the parameters of discrete CRFs
(see e.g. [4], [5]). However the methods for learning parame-
ters of discrete CRF are not applicable to graph Laplacian. Thus
the parameters of graph Laplacian are usually chosen by valida-
tion on hold-out dataset. The use of validation limits the poten-
tial number of parameters used. Moreover, the optimal values
of parameters can vary significantly from one image to another,
therefore choosing the parameters individually for each image is
desirable.

Our formulation of image segmentation problem leads to a novel
method for unsupervised learning of graph Laplacian parameters,
which is the main contribution of this paper. Our method is de-
signed specifically for the task of semantic image segmentation
and provides the values of parameters individually for each test
image without using any kind of supervision. Proposed method is
computationally efficient and achieves performance comparable
to choosing the parameters on the test set, which eliminates the
need of using hold-out set or cross-validation. In experimental
comparison on Graz and Pascal datasets shows proposed method
shows better performance than the standard discrete CRF with
graph-cut inference.

The remainder of the paper if organized as follows. We start
by discussing related work. In section 3 we describe the image
segmentation framework proposed in this paper. In section 4 we
present our method for unsupervised learning of graph Laplacian
parameters. We proceed to the experimental evaluation of the
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Figure 1: We formulate semantic image segmentation task as
one-dimensional manifold embedding problem. This allows for
unsupervised learning of graph Laplacian parameters individu-
ally for each image.

proposed method.

2. RELATED WORK

The task of semantic image segmentation implies assigning a la-
bel from a given set to each image pixel. Various discrete CRF
models have been proposed for this task [1] [2], [3]. Learning the
parameters of CRF can improve performance of semantic image
segmentation [4], [5]. In this work we use an alternative formula-
tion of semantic image segmentation problem that leads to using
graph Laplacian instead of discrete CRF.

Methods based on graph Laplacians have emerged recently and
proved very efficient for interactive image segmentation [6] and
image matting [7]. Graph Laplacian methods allow interpretation
in terms of MAP estimation in real-valued CRF [8]. A few other
interpretations of graph Laplacian methods have been suggested
in the literature.

In [6] Grady suggested explanation of using Laplacians for in-
teractive segmentation in terms of random walks. In [9] the
use of graph Laplacian for interactive image segmentation was
explained in terms of transductive inference. Hein et al. [10]
showed that graph Laplacian provides a good approximation for
s-weighted Laplace operator. Therefore, graph Laplacians pro-
pose a discrete alternative to the problem of finding a smooth
function such that it’s values in seed pixels are close to the asso-
ciated labels and it is allowed to vary only on low-density regions
of the input space.

In contrast to these works we derive the graph Laplacian by view-
ing image segmentation as a manifold embedding task. In con-
trast to [11] we use manifold embedding for semantic image seg-
mentation and not the unsupervised image segmentation. This
formulation of semantic image segmentation allows for unsuper-
vised learning of graph Laplacian parameters.
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The idea of our learning method is based on the properties
of graph Laplacian approximation of Laplace-Beltrami operator
studied in [12]. Coifman at al. in [13] proposed a method for
automatic selection the kernel bandwidth of graph Laplacian for
the problem of optimal manifold embedding. In contrast to [13]
we design the method specifically for the task of semantic image
segmentation. While the method proposed in [13] aims at choos-
ing one parameter (kernel bandwidth), our method can handle
multiple parameters.

3. ONE-DIMENSIONAL MANIFOLD EMBEDDING
FOR SEMANTIC IMAGE SEGMENTATION

First we discuss the task of manifold embedding and then explain
our formulation of image segmentation problem.

3.1 Manifold embedding.

Suppose we have a set of input points xi,...,xxy € R'. Let
d: R' x R' — R be a symmetrical function giving the distance
in R'. The optimal manifold embedding task is to find a smooth
differentiable function f that maps the input space R! on the em-
bedded Riemanian manifold M of dimensionality m (m < [)
(see Figure 1, left column). The function f should preserve dis-
tances between the points, such that if d(x;,x;) is small, then
| f(x:) — f(x;)|| should be small.

Let us focus on the case when the dimension of manifold M
equals one (M = R). Consider two points x,y € R'. They
are mapped to f(x), f(y) € R respectively. It can be shown
[12] that

1f(x) = F()| < dx )V f (@)]] + old(x,y)), (D)

where V f(z) is the gradient of function f(x). Thus we see that
V f(x) provides us with the measure of how far apart f maps
nearby points.

We consider the problem of initialized one-dimensional manifold
embedding when 1) M = R and 2) initial estimates y1, ..., yn
of f(x1),..., f(x~) in R are given. Suppose we know confi-
dences ¢; > 0,7 = 1,..., N that reflect our belief in initial esti-
mates of f(xi),4 =1, ..., N. Using (1) the problem of initialized
one-dimensional manifold embedding can be formulated as min-
imization the following energy with respect to f

E(f) =) ei(yi— f(xi)* + . IVFIZav, @)

K3
where the integral is taken with respect to a standard measure
on a Riemanian manifold. The first term in (2) guarantees that
corresponding one-dimensional vectors f(x;) are close to their
initial estimates y;. The second term guarantees that if the points
X3, X; are close in the input space then their images f(x;) and
f(x;) are close in M.

It follows from the Stokes’ theorem that [, ||V f|[*dV =
A M.( f)fdV, where A m(f) is the Laplace-Beltrami oper-
ator. It is a second order differential operator defined as the di-
vergence of the gradient of a function defined on M.

In many cases finding the mapping f explicitly is not required.
The goal then is to find a set of points f(x1),..., f(xn) € M
such that represent x1, ..., XN.

3.2 Image segmentation as the manifold embed-
ding problem.

For the sake of clarity first we consider the task of ob-
ject/background image segmentation. We aim to find real-valued
alpha-matting coefficients for each image pixel, the segmenta-
tion is then done by thresholding the result. Below we formulate
image segmentation problem as the problem of initialized one-
dimensional manifold embedding.

Suppose each image pixel is mapped in a feature space
X1,...,xn € RY. For example the features can include the spatial
coordinates and color of the pixels. Suppose we have defined a
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distance function between two pixels d : R! x R! — R that tells
how likely it is that both pixels belong to object/background.

Suppose that for each image pixel we know the output of some
local model 0 < y; < 1,7 = 1,..., N that tells how likely it is
that the pixel is a part of the object. Suppose also that we know
confidences ¢; > 0,7 = 1, ..., N that indicate how much belief
we put in the local model.

Our goal is to find real-valued f1, ..., fx that refine the outputs
of local model y1, ..., yn. We require that f1, ..., fv lie in the
optimally embedded one-dimensional manifold M and each f;
corresponds to x;. Therefore the problem of image segmentation
reduces to minimization of energy (2).

3.3 Approximation of Laplace-Beltrami opera-
tor.

We will now define a graph Laplacian that is an approxima-
tion of Laplace-Beltrami operator. Denote weight matrix by
W : Wi; = exp (—d (xi,x;))?) (in this work we consider only
Gaussian kernel). Let g; = Y ; Wij stand for a sum of W along
the ¢-th row. Denote diagonal matrix with values g; on diagonal
by D. Graph Laplacian is defined as a matrix L = W — D.

Belkin et al. [14] showed that graph Laplacian L converges to
Laplace-Beltrami operator in the limit N — oo. In this sense,
the graph Laplacian is a numerical machinery for approximating
a specific operator on the underlying manifold, by using a finite
subset of points.

3.4 Discretization of the problem with graph
Laplacian.

Using approximation of Laplace-Beltrami operator by graph
Laplacian the problem (2) reduces to minimization of the fol-
lowing energy function with respect to vector £ = (f1, ..., fn):

E(f) :Zq (fi —yi)2+zwm‘ (fi— 1) 3

The first term in (3) repeats the first term in (2) and the second
term in (3) is a dicrete approximation of the second term in (2)
according to [14]. Minimization of the energy E(f) can also be
interpreted as MAP inference in a real-valued CRF, which are
given by the real-valued outputs f1, ..., fn.

In the matrix form (3) takes the following form:
E(f)=(f-y)" C(f—y)+f Lf, @

where C' denotes a square diagonal matrix with ¢; on diago-
nal and y denotes an N-dimensional vector of initial likelihood
scores ;. This optimization problem reduces to solving a sparse
linear system:

(L+O)f =Cy. 5)
The object/background segmentation algorithm then consists in:
1) computing graph Laplacian matrix L; 2) solving the sparse
linear system (5); 3) thresholding the output.

Described formulation fits both in interactive segmentation sce-
nario and in semantic image segmentation scenario. In case of
interactive segmentation confidence values c; are infinite for pre-
labelled seed points, and O for a test points, y; = 1 for seeds
marked as object and equals 0 for background seeds. For seman-
tic segmentation we assume that initial estimates y; and confi-
dences c; are provided by local models (e.g. appearance model
of a specific category).

We notice that instead of pixels we can use image superpixels
without making any changes in the algorithm. In the case then
superpixels intersect we can average results of (5) for all super-
pixels that cover image pixel to obtain pixel-wise result.

This framework can be extended to a multi-class segmentation.
Let K denote the number of labels corresponding to object cat-
egories. If we solve (5) for each label [ vs all other labels
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Figure 2: Top: segmentation errors for the “fullmoon” image
from GrabCut database with respect to log € (« is fixed). Bottom:
Dashed line - logarithmic plot for the ”fullmoon” image with re-
spect to log € (« is fixed). The optimal value of € is chosen in the
point of maximum derivative of the logarithmic plot; Solid line -
sigmoid fit of the logarithmic plot.

1,---,1—1,1+1,---, K and obtain the values ygl) for all im-
age pixels; at the end, an i-th image pixel is assigned to the label

1
lmaw, Where lpae = argmaxi—,... k yf ),

4. UNSUPERIVISED LEARNING OF GRAPH
LAPLACIAN PARAMETERS

Suppose that the distance function d is represented as a weighted
sumof metrics d; : R xR — R*;i=1,... K:
K
1 2
d(xi,x;)° = = i (xi,%5)°, 6
(xi,%;) E;ak k(Xi, %;) (6)
with fixed ay = 1. Therefore the parameters of graph Laplacian
a;,i =2, ...,1 are the weights of features x,i = 2, ..., [ and the
kernel bandwidth e. Below we show that optimal value of € is
determined by the values of a;, 7 = 2, ..., [.

4.1 Kernel bandwidth ¢ selection with fixed c.

We start by fixing the parameters o;,i = 2,...,l. As shown
in [13], if we assume that L provides a good approximation of
Laplace-Belrami operator then the following condition holds:

N N2%(2r)™/?

log;w” (e) = m/2log(e) + log ( vol(M) ) , (D
where m is a dimensionality of corresponding manifold M and
w;; are the elements of the weight matrix .
Consider the logarithmic plot of log E” w;; with respect to
log e. Figure (2) shows the plot of log >, ; wij with respect to
log € and log a for one image from GrabCut dataset. According
to (7) if the approximation is good then the slope of this plot €
should be about the half dimensionality of corresponding mani-
fold. In the limit € — o0, wi; — 1,50 3, wi; — N On
the other hand, as e — 0, w;; — d;5, so Zij w;; — N. These
two limiting values set two asymptotes of the plot and assert that
logarithmic plot cannot be linear for all values of e.
Therefore in order to get better approximation of Laplace-
Beltrami operator with a4, ..., ax fixed we have to choose the

value of e from the linear region of logarithmic plot. We use the
point of maximum derivative as the point of maximum linearity.

4.2 Implementation details

We use the distance function from [9]:

P (%, %;) = [l — | n |z: — ]| ®)
1y ] 0_2 0_3 )

where 7 encodes mean RGB color in the superpixel,  encodes
coordinates of the center of the superpixel, parameters of the
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Figure 3: The plot of log Zij w;; with respect to log € and log .
The plot shown is shown in (2, bottom) corresponds to the 2-d
slice of this 3-d plot for fixed . Note that the slope of linear
region are not constant for all values of ae. We seek for o such
that the slope in the linear region equals 0.5.

method o, > 0 and o, > 0 are the scales of chromatic and
geometric neighbourhoods respectively.

This distance function {8) can be rewritten in the form of (6) as:
72 2 2
d (Xizxj):;(HT’i—TjH +alzi—zll) O

where € = 0.502 and a = o2/ 03. Therefore, the distance func-
tion has two parameters € and o.

As follows from (7) the slope of the logarithmic curve near opti-
mal value of € has to be close to m /2, where m is the dimension-
ality of manifold M. In our case m = 1, therefore the slope of
the logarithmic plot has to be 0.5. If the plot has different slope
in the linear region, this indicates that the second term in (7) is
large.

So in the first step of our learning method we should find such
a that the slope of logarithmic plot of log 3, wj(€) from € is
equal to 0.5. In the second step we use the sigmoid fit of the log-
arithmic plot. The shape of logarithmic plot can be approximated
with a sigmoid function: T'(z) = A/(B + exp(Cx + D)) + E.
Since the asymptotes of the sigmoid are set by (7) and the slope
in the linear region of the sigmoid should be 0.5 the sigmoid
has only one free parameter that controls the shift of the sigmoid
along horizontal axis. Figure 2 illustrates the choice of € accord-
ing to sigmoid approximation. In our experiments the values of
€ take values as degrees of 10 and the values of « take values as
degrees of 2.

We found empirically that usually the slope of the logarithmic
plot is greater than 0.5 for large o and is less than 0.5 for small
a. In most cases the slope of the logarithmic plot S(«) is mono-
tonic function of a.. One of the possible explanations of this fact
can be the following. Small « correspond to using only spatial in-
formation. This implies that the dimension of manifold where the
data lives is 2 and it is difficult to reduce dimensionality further.
By decreasing oo we decrease the weight of spatial information
in the distance function therefore it gets easier to find the cor-
responding one-dimensional manifold. On the other hand large
a corresponds to increased weight of color information. Infi-
nite o corresponds to using color information alone. As long as
the color space is three-dimensional and the color distribution of
object and background is complex it is difficult to embed one-
dimensional manifold in the input points. Example of the loga-
rithmic plot with respect to both € and « is shown in Figure 3.

5. EXPERIMENTS

For the experiments we used GrabCut, Graz and Pascal 2007
datasets. In all experiments graph Laplacian operated with su-
perpixels produced by image over-segmentation methods. Each
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Figure 4: Segmentation errors depending on graph Laplacian parameter € on three images from GrabCut dataset. Note that minimal
error is achieved on different values of e for different images.

(b) local model

(a) input image (c) thresholded (b) (d) Laplacian (e) thresholded (d)

Figure 5: Results of SVM and graph Laplacian method for images from Graz dataset. (a) - input images of bike”, "person” and “cars”
classes; (b) - real-valued output from local SVM model; (c) - results of thresholding the SVM outputs; (d) - real-valued output of graph
Laplacian using SVM as a local model with the parameters learnt by our method; (e) - thresholded output of our method. Note how

graph Laplacian refines the output from SVM. It doesn’t oversmooth the result and preserves fine details like the wheel of the bike and

the small figure of the person.

superpixel was linked with a fixed number of it’s nearest neigh-
bours, and the distances to other superpixels were assumed in-
finite. For all experiments we used confidences that are a lin-
ear function of the outputs of local appearance models ¢; =
0.5(1 — |p; — 0.5]).

5.1 GrabCut image database.

GrabCut image database contains 50 images of different objects
', In the experiments we used the set of superpixels which is the
union of oversergmentations provided by Colour Structure Code
and Watershed segmentation methods.

Figure 4 (d) shows the error on 3 different images from Grab-
Cut database with respect to log € (« is fixed). Depending on the
choice of € one can get different values of errors and for each im-
age, and the optimal values of € are different for different images.

We measured performance on GrabCut dataset according to stan-
dard metric [1]. We compared three versions of graph Laplacian.
First, we chose the best parameters for each image individually
by validation on the same image in order to obtain the top bound
on performance of graph Laplacian. The resulting error rate is
8.7%. In the second experiment we chose single set of parame-
ters for the whole dataset by validation on the test dataset. This
corresponds to upper bound on performance of the method with

lavailable at http://research.microsoft.com/
en-us/um/cambridge/projects/
visionimagevideoediting/segmentation/grabcut.htm
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fixed parameters. The resulting error rate is 9.9 4= 4.3%. Finally
we evaluated the performance of graph Laplacian with the param-
eters learnt individually for each image by our method. The re-
sulting error rate is 10.2 4= 4.0%. The results of graph Laplacian
with learnt parameters is very close to the upper bound of per-
formance of graph Laplacian with fixed parameters. Notably, the
standard deviation of errors obtained with the parameters learnt
individually for each image is smaller than of Laplacian with
fixed parameters.

The learning phase took from 0.5 seconds to 3 seconds, solving
linear system 5 took from 0.05 second to 0.5 seconds depending
on the number of superpixels in the image (the total number of
superpixels varied from 500 to 30000).

5.2 Graz image dataset.

Graz dataset > contains 1096 images of three classes: “person”,
”bike” and “car”. In our experiments we solved a separate bi-
nary segmentation problem for each category. To measure the
quality of segmentation we used a standard metric - percent of
incorrectly classified pixels in the image.

In our experiments we used an open-source VIBlocks toolbox
which implements the method described in [15]. We chose it for
comparison for the following reasons. First, it allows using dif-

2available at http://www.emt .tugraz.at
3code available at http://vliblocks.org/index.html
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(a) input image (b) N=0 (e) N=3 ) N=4
Figure 6: Results of using different local models. The first row shows real-valued output of local appearance models. The second
row shows results of our method. Parameter IV sets the size of superpixel neighborhood in the local model. The effect of using graph

Laplacian is better visible for smaller V.

N=0 N=1 N=2 N=3 N=4
cars bike pers | cars bike pers | cars bike pers | cars bike pers | cars bike pers
SVM 419 56.5 49.4 | 59.6 669 63.6 | 68.0 692 66.6 | 694 70.7 652 | 66.5 71.9 63.6
+CRF 43.0 57.7 493 | 602 67.1 639 | 70.1 70.2 669 | 70.7 71.0 654 | 68.8 722 64.2
+Laplacian (valid. GrabCut) 50.0 60.1 56.0 | 655 68.7 685 | 71.6 70.8 70.8 | 722 72.0 69.5 | 70.0 73.2 67.3
+Laplacian (valid.test set) 56.6 63.3 59.1 | 66.3 684 68.8 | 71.9 704 704 | 72.6 712 69.4 | 70.8 72.2 68.0
+Laplacian (learnt) 542 60.9 585 | 651 668 694 | 72.0 695 71.3 | 73.3 703 70.2 | 714 71.5 68.9

Table 1: Performance on Graz dataset at equal precision and recall rates for ’cars”, ’bike” and “person” classes. First row: local
appearance model (from VIBlocks toolbox). Second row: result of applying discrete CRF with graph cut inference (from VIBlocks
toolbox). Third row: graph Laplacian with parameters validated on GrabCut dataset. Fourth row: graph Laplacian with parameters
validated on the test set. Fifth row: graph Laplacian with parameters learnt individually for each image. For each appearance model used
in our experiments (we varied the number of neighboring regions as in [15]) the best result is shown in bold font. Underlined are the

best overall results.

ferent local appearance models. The method has a parameter [NV
meaning number of neighbouring superpixels which features are
used for classification of each particular superpixel. So we report
performance metrics for different values of N to illustrate the
performance of proposed graph Laplacian framework applied to
different local models. Second, the toolbox includes implemen-
tation of discrete CRF with graph-cut inference, which we use
for comparison. Note, this CRF model uses similar types of fea-
tures (color and spatial coordinates of superpixels) to those used
in our graph Laplacian. We used the same over-segmentation and
the same local appearance model based on SVM as [15]. To ob-
tain initial estimates y; for graph Laplacian framework we scaled
SVM outputs to [0, 1] interval for each image.

In the first experiment the parameters € and o were validated on
the GrabCut dataset. In the second experiment we validated the
parameters on the test set. In the third experiment we used our
unsupervised learning method for choosing the parameters indi-
vidually for each image. We also compared with Vlblocks im-
plementation of CRF with graph-cut inference. The strategy for
choosing internal parameters of CRF was the same as in [15].

Table 1 contains results of the comparison. Our unsupervised
learning gives results comparable to upper bound on performance
of graph Laplacian with fixed parameters from the second ex-
periment. The value of performance gain compared to local ap-
pearance model differs for different values of parameter N. The
smaller /N is the smaller neighborhood is considered by low-level
model, and the more significant is the gain in performance at-
tained by both CRF and graph Laplacian. The gain in perfor-
mance of graph Laplacian is almost uniformly higher than the
performance gain obtained by discrete CRF. Note that the gain
achieved by graph Laplacian is several times higher than the one
achieved by discrete CRF for N = 0. Figure 7 shows precision-
recall curves for local appearance models and for our method to
illustrate the gain in performance due to graph Laplacian.

Figure 5 shows results provided by local appearance model
(SVM) and corresponding results of using graph Laplacian with
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Figure 7: Precision-recall curves for bike”, “person” and “car”
classes of Graz dataset. Blue curves - local appearance model
(N=0); Green curves - graph Laplacian with learnt parameters.

learnt parameters. Figure 6 shows how the results vary for differ-
ent local models.

The running time on Graz dataset is the following: learning phase
takes about 0.2 seconds on average, solving of linear system 5
takes about 0.02 seconds on average.

5.3 Pascal 2007 image dataset.

Pascal 2007 dataset * contains 21 classes. Again in this exper-
iment we use local models from VIBlocks toolbox trained with
parameters as in [15]. We compare our graph Laplacian method
with unsupervised learning to the discrete CRF implemented in
VIBlocks toolbox. The training and testing split is defined in
the challenge. We train local model on the train set and choose
the parameters of discrete CRF on the validation set. We do not
use the validation set in the experiment with our graph Laplacian
method and use our unsupervised learning method for choosing
Laplacian parameters for each particular image.

The table 5.2 shows the results of comparison to using local

4available at http://pascallin.ecs.soton.ac.uk/
challenges/VOC/voc2007/
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Pantofaruetal. [16] | 59 27 1 8 2 1 32 14 14 4 8 32 9 24 15 81 11 26 1 28 17| 20 -
Shottonetal. [17] | 33 46 5 14 11 14 34 8 6 3 10 39 40 28 23 32 19 19 8 24 9 | 20 -
Fulkersonetal [15] | 56 26 29 19 16 3 42 44 56 23 6 11 62 16 68 46 16 10 21 52 40| 32 | 51
localmodel (N=0) | 16 17 8 9 13 8 9 9 29 15 9 12 12 7 13 5 16 16 26 14 21| 14 | 15
+discrete CRF(N=0) | 17 18 8 9 21 8 9 8 28 14 9 13 12 7 13 5 16 16 26 14 22| 14 | 16
+Qurs(learnt) (N=0) | 23 20 26 12 18 12 17 14 49 17 1 23 16 11 50 4 42 20 44 30 33| 23 | 22
local model (N=1) | 24 13 18 13 9 12 14 24 35 16 9 11 28 15 36 23 14 21 20 35 27| 21 | 38
+discrete CRF(N=1) | 42 6 16 9 6 5 11 14 56 19 4 11 16 16 55 36 24 16 8 56 21| 21 | 38
+Qurs(learnt) (N=1) | 33 11 18 14 10 13 16 26 51 16 7 9 35 22 67 29 31 25 16 60 33| 26 | 32
local model (N=2) | 39 10 22 15 11 12 18 36 44 23 8 11 33 15 53 37 17 17 16 36 28| 24 | 36
+discrete CRF(N=2) | 58 9 25 14 6 3 20 38 54 27 12 10 31 7 59 44 12 17 13 43 27| 25 | 50
+OQurs(learnt) (N=2) | 52 9 24 17 8 12 19 41 55 21 10 10 37 14 68 42 14 12 14 51 32| 27 | 46
local model (N=3) | 52 13 14 18 8 5 23 38 45 17 7 10 30 21 63 50 17 20 19 43 23| 25 | 46
+discrete CRF (N=3) | 65 10 14 15 5 2 24 40 60 13 6 8 24 19 68 55 18 19 16 46 26| 26 | 56
+Qurs(learnt) (N=3) | 63 11 15 17 7 2 22 40 60 13 5 10 32 20 71 57 13 17 14 48 26| 27 | 55
local model (N=4) | 59 6 15 18 4 0 25 44 46 17 3 4 24 20 62 56 15 14 13 38 33| 25 | 51
+discrete CRF (N=4) | 63 8 15 18 4 0 26 46 48 17 2 4 25 20 64 58 12 14 12 38 34| 25 | 54
+Qurs(learnt) (N=4) | 69 5 11 19 4 0 28 45 55 13 2 3 18 18 69 60 7 13 7 44 36| 25 | 59

Table 2: Results on Pascal 2007 dataset. Best result for each category is shown in bold.

model alone, discrete CRF and our graph Laplacian method with
unsupervised learning. For comparison we also reproduce results
from [17], [16] and [15]. On this dataset, adding graph Laplacian
improves the results significantly compared to using local model
alone, and provides a consistent boost for the accuracy as well.

6. CONCLUSION

We presented an semantic segmentation framework based on
graph Laplacian approximation of manifold embedding problem.
The main contribution of this work is a method for choosing
internal parameters of graph Laplacian in a fully unsupervised
manner individually for each test image. Proposed unsupervised
learning method has a low computational cost and shows bet-
ter performance compared to discrete CRF with graph-cut infer-
ence.
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Figure 1: Shape registration via distance field matching: top left, source image; bottom left, target image; middle, source registered onto
target, using the classic dissimilarity measure; right, source registered onto target, using the new dissimilarity measure. The target’s contour

is superimposed in magenta.

Abstract

One popular method to match two shapes is to register their dis-
tance fields as images. We discuss the well-known robustness prob-
lems of this approach and identify the noncommutativity of distance
transform and geometric transformations as a core issue. Building
on this, we propose a simple modification of the method, deriving
a new dissimilarity measure. As it involves multiple distance field
computations, we also present an efficient GPU-based algorithm for
this problem.

Keywords: shape matching, registration, distance fields

1 Introduction

Shape registration (or shape matching) is one of the fundamen-
tal computer vision problems: given two figures, transform one of
them, source, into a figure as similar in shape to the other one, tar-
get, as possible. This task arises naturally in such fields as shape
reconstruction [Levoy 2000], shape tracking [Zhou 2005], shape
interpolation [Kilian 2007], semantic deformation transfer [Baran
2009], shape recognition [Fahmi 2008], shape retrieval [Belongie
2001], and statistical shape modeling [Zhu 1996]. Combined with
intensity-based methods, it has also been widely used for image
segmentation [Tsai 2003] and registration [Babalola 2006]. Some
of the most important applications of these methods are in medical
imaging and related areas [Maintz 1998, Zitova 2003], including
data alignment [Malcolm 2008], detection of tumors and nodules
[Ginneken 2001], and guidance in neurosurgery [St-Jean 1998].
Our particular interest lies in automatic or user-assisted mapping
of experimental brain images onto an atlas (Fig. 1).

More formally, the problem of shape registration can be reformu-
lated as follows. For a pair of admissible figures A, B € T,
and a permissible set of transformations (2, find a transformation
TPt € Q) that, when applied to A, results in a shape that minimizes
a certain dissimilarity measure Fy;s, regularized by a smoothness
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measure F,,, with respect to B:
T = argmin (Fais (T (A),B) + X~ Fs (T)). (1)

We will use integral of the sum of squared second derivatives as a
smoothness measure, which is a popular, but by no means the only,
choise [Munim 2007, Paragios 2003].

Design and complexity of shape registration are largely defined by
the permissible set of transformations, or transformation model [Zi-
tova 2003]. It is usually determined by the data acquisition process
and shape variability among the objects being registered. Linear
tranformations include rigid motions, similarity transforms, affine
transforms and perspective projections; these are global mappings
defined by a small number of parameters (3, 4, 6, and 8, accord-
ingly, in the planar case). Non-linear transformations can be ex-
plicitly parameterized, usually by tens to hundreds variables, each
influencing a small region (examples include polynomial splines,
radial basis functions and partition-of-unity). Another option is to
derive the transformation from a physical model of the objects be-
ing registered, by defining external stretching forces, working to-
wards improving local similarity, and internal resisting forces, min-
imizing amount of bending and stretching — and iterating towards
the minimum energy state (popular examples of the models include
those based on elastic rubber sheet and viscous fluid).

Shape representation is another important factor. Point clouds,
spectral descriptors, parametrical curves, snake models, shock
graphs and skeletons have all been extensively used in shape match-
ing [Veltkamp 1999]. A more recent approach is to represent the
figure’s border implicitly as zero level-set of its distance field [Para-
gios 2003]. Distance field of a closed planar contour 7 is a scalar
function defined for any point z as follows:

DF (z;7) = o (x;y) - dist (z,7); ®)

for zinside 7, o (x;y) = —1; otherwise, o (z;7v) = 1.
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Figure 2: Distant fields are not robust to noise: left, source figure
and its noisy counterpart; right, first components of the gradients
of their distant fields.

Figure 3: A localized change in shape (a, c) can have a far-
reaching effect on its distant field (b, d).

The main advantage of using distance fields for shape registration is
that by discretizing the field on a rectangular support we can recast
the problem as one of image registration, and draw upon the vast lit-
erature on the subject. Dissimilarity measure for such distance im-
ages' is usually the sum-of-squared-distances (SSD), or, in case of
siginificant variation in shapes’ scale, mutual information [Huang
2006] (correlation ratio was also discussed, but not implemented,
in [Hong 2006]). Optimization methods for both linear and vari-
ous nonlinear transformations have been proposed [Paragios 2003,
Huang 2006, Liu 2011].

2 Analysis

Combining equations 1 and 2, we get the following expression for
the transformation matching contours A and B:

T = argpin (Fais (T (DF (A)), DF (B)) + Fon (1)) .
3)

This approach presents certain problems. First of all, distance fields
are not robust to small noise-like perturbations [Hong 2006]. Figure
2 demonstrates this effect: given a simple figure (a), that defines
a distance field with smooth gradients (b), we add only a modest
amount of binary noise to the figure’s contour (c), which results
in significant degradation of the gradients (d). Effects of the noise

'We’ll use DF(7) to refer to the distance image of . The image’s
dimensions are defined by the application.
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Figure 4: Two similarly shaped figures show pronounced differ-
ences in the structure of their distance fields (shown: magnitudes
of gradients, contrast-enhanced).

are not local to the contour, effectively changing the distance field’s
structure.

What’s more, you don’t need to add distortions all over the con-
tour to affect its distance field [Liu 2011]. As figure 3 illustrates,
a small localized tranformation of a contour can change values and
smoothness of a sizable part of its distance field.

A more general fact, related the previous two, is as follows: two
figures can have similar shape, but differently structured distance
fields. In figure 4, this is demonstrated by comparing a pair of
brain slices. Taken from two different brains, but in anatomically
close positions, their shape is roughly equivalent. At the same time,
their distance fields have markedly distinct features. No geometri-
cal transformation can match these fields exactly. For shape regis-
tration, this can result in slower optimization and suboptimal fit.

Limitations of the approach can be summed up by a simple obser-
vation [Liu 2011]. For any transformation 7" acting upon contour
A in a non-rigid way:

T (DF(A)) # DF (T (A)). ©)

In other words, transformation of a shape’s distance field is no
more than an estimate of the distance field of the actual transformed
shape. As a consequence, dissimilarity measure in equation 3 only
approximates the actual dissimilarity, imposed by 7.

At least three basic approaches have been employed by the research
community to improve the method’s robustness: limiting the calcu-
lation of the dissimilarity measure to narrow bands around the con-
tours [Paragios 2003]; changing the shape representation to a gen-
eralized version of distance fields (integral kernels [Hong 2006],
vector distance functions [Munim 2007]); changing the dissimi-
larity measure to a more robust one (mutual information [Huang
2006], variational chamfer-matching energy [Liu 2011]). Of these,
only the latter work addresses property 4, albeit somewhat indi-
rectly. Authors propose a symmetric variational measure, general-
izing the “narrow bands” idea (eliminating the need for a heuristic
to control the width of the bands). While their method does achieve
very promissing results, it uses complicated techniques for shape
representation and optimization, making it much more difficult to
implement than any other algorithm discussed here.
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Figure 5: Comparing dissimilarity measure used in equation 3
(warm colours) to that of equation 5 (colder palette).

3 Proposed method

Considering the importance of property 4, discussed above, we
would like to propose the following simple modification of pro-
cedure 3:

T = argmin (Fais (DF (T'(A)), DF (B)) + Fam (1)) -
®)

While both alternative shape representations and dissimilarity mea-
sures, discussed above, could be incorporated into this algorithm,
for space and clarity considerations, we shall only discuss the case
of distance fields and SSD. When calculating the smoothness mea-
sure, we found it useful not to integrate over the whole image, but
to exclude a narrow band around the contour. This usually results
in better fit and improves convergence.

Although one could match distant field images using any image
registration algorithm, most methods discussed above boost perfo-
mance rate by introducing some kind of efficient approximation of
the gradient of the dissimilarity measure, often allowing analytical
derivation. In our case, though, transformation is incorporated into
the measure in a highly non-linear and opaque fashion, which seems
to preclude this kind of approach. On the other hand, derivative-free
optimization methods remain either unreliable or difficult to tune
for expensive functions in higher dimensions. So, we have to fall
back to the use of finite differences to approximate the gradient.

Since every component of the gradient needs two evaluations of
the dissimilarity measure, we need a tranformation model that has
as little parameters as possible, while still being relatively flexible.
Ideally, each parameter should also influence only a small part of
the image, allowing to group them in batches for simultaneous pro-
cessing. Classical apparatus of cubic B-splines happens to be just
such a model [Huang 2006]. Actually, it has the following neat
property: gradient’s computational complexity is virtually indepen-
dent on the number of control points [Knott 2000]. Still, it takes
30+ function evaluations per 1 gradient evaluation. Considering the
cost of the gradient computation, as well as the significant dimen-
sionality of the search-space, we chose the limited-memory version
of the Broyden—Fletcher—Goldfarb—Shanno algorithm (L-BFGS) as
the optimizer, since it’s particulary suited to this kind of problems
[Byrd 1995]. For both L-BFGS optimization and B-spline transfor-
mations, we used the efficient implementations published by Dirk-
Jan Kroon to accompany his PhD thesis [Kroon 2011].

Unlike in previous approaches, when calculating the distance field
for a contour on a grid, we can not assume that the contour’s points
all come from the grid. Nor can we just project the points onto the
grid before the calculation, as we need our measure to be sensitive
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to small perturbations of the contour (it is crucial for the gradi-
ent approximation). Consequently, we can’t use the fast image-
based distance transform algorithms [Ciesielski 2011], and have
to calculate distance field of a polygon instead, which is a very
computationally-intensive procedure. In fact, we found that with
a straightforward implementation, it takes over 95% of the calcu-
lation time. We address this problem by introducing an efficient
GPU-based library for computing distance fields, based on NUDA
(see section 4). In this, we follow [Voronin 2009], but use more ad-
vanced and up-to-date programming libraries and techniques. Note
that we shall only discuss the magnitude of the distance field and
not the sign (o in equation 2), since its computation proceeds in a
similar way and takes only a small fraction of the combined time.

To compare the two dissimilarity measures, classic Foiq =
Fuis (T (DF(A), DF (B))) of equation 3 and proposed Fr e =
Fuis (DF (T (A)), DF (B)) of equation 5, we conducted the fol-
lowing experiment. Using a sample mouse brain contour, 16x16
B-spline control point grid (512 variables), and 200x200 distance
field discretization, and registering the contour upon a transformed
version of itself, we studied the measures in vicinity of identity
transform when all but two variables (pertaining to a single con-
trol point), are fixed. For each control point P;, we went through
32x32 regularly spaced pairs of values for variables v} and v7, and
calculated Fle., and Fyiq for each of them. Choosing from the
cases that exibited significant variation, in figure 5 we show typical
examples as surfaces (while these are all free of local extrema and
even convex, this can not be expected in general case). Notably,
Frew > Foig and ||V Fnew|| > ||V Fouql| in all cases. That Few
shows steeper behaviour indicates that it is indeed a more sensitive
measure of dissimilarity, and is also important for the convergence
speed of the optimization procedure.

Using both measures, we’ve implemented a tool for brain slice
alignment. You can see an example of its work in figure 1. While
the difference between the results may not always be as pronounced
as in this case, in our experience, the new measure consistently out-
performs the old one and is more robust. With GPU-optimized dis-
tance field computations, coregistering 200x300 slices takes, de-
pending on how different they are, 2-10 seconds.

4 GPU implementation

Nemerle is an extensible language, that is, a language which al-
lows extending its syntax and semantics relatively easily. Nemerle
accomplishes this with the help of macros, special functions which
execute at compile-time as compiler plugins, perform code transfor-
mations and extend syntax of the language. Nemerle also provides
code quoting facilities for concise creation of code trees from tem-
plates, and concise analysis of code trees passed as macro param-
eters. Nemerle macros are actually quite rich: any .NET method,
either standard or user-written, can be called from inside a macro.
Also, many features considered "built-in" in other languages, such
as loops, conditionals, locks or asynchronous execution, are in fact
implemented as macros in Nemerle.

NUDA (= Nemerle Unified Device Architecture) [Adinetz 2012,
Adinetz 2011] is a set of Nemerle extensions for program-
ming graphics processors. Extensions provided include multi-
dimensional for-like loops, sending loops to execute on GPU, used-
defined on-GPU functions and a set of loop transformations. Sim-
ple and structural types, as well as arrays, are supported for use
in GPU kernels. libgpuvm enables using of ordinary .NET arrays
on GPU with little copying overhead through lazy synchronization
and moving data to host with userspace pagefault handling. Special
array types automatically synchronized between host and GPU are
also provided, though this is currently not a preferred way of using
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Algorithm 1 Array addition in NUDA (for better readability, re-
served words are in bold type, while the comments are italicized).

// allocate arrays

def a = array(n) : array[float];
def b = array(n) : array[float];
def c = array(n) : array[float];
// ... initialization ...

// array addition on GPU
nuwork(64) do(i in n)

cli] = a[i] + b[i];

// some work with array c¢

Algorithm 2 Different versions of the distance field computation,
top to bottom: baseline; optimized for NVidia Fermi; optimized for
AMD (optimization-related annotations are undescored for better
redability).
nuwork(128) do(i in m) {

def p = ps[i];

mutable d2 = 1e38f;

do(jinnl)

d2 = min(d2, dist2(esl[j], p));

dffi] = sqrt(d2);

} // baseline version

nuwork(128) dmine(4) do(i in m) {
def p = ps[i];
mutable d2 = 1e38f;
unroll(2) do(j in nl)
d2 = min(d2, dist2(es[j], p));
dffi] = sqrt(d2);
} // version optimized for NVidia Fermi GPUs

nuwork(128) dmine(10) do(i in m) {
def p = psli];
mutable d2 = 1e38f;
unroll(2) do(j in nl)
d2 = min(d2, dist2(esl[j], p));
dffi] = sqrt(d2);
} // version optimized for AMD GPUs

data in GPU kernels.

NUDA makes GPU programming really straightforward, once the
program consists of parallel loops processing arrays. For example,
array addition, traditional GPU "hello world!", is really straightfor-
ward, see Algorithm 1. In fact, do(...) is a loop, which can be multi-
dimensional, and nuwork(64) is an annotation which sends the
loop to which it is applied to GPU; here, 64 is the thread block size,
and the total number of threads is derived from the number of iter-
ations on the GPU. The implementation of array addition on GPU
above is, in fact, near-optimal, as the problem is memory-bound,
and the implementation almost saturates memory bandwidth. For
other problems, however, such naive implementations are far from
optimal. In these cases, annotations performing loop transforma-
tions can be applied to optimize the code. Annotations include
full loop unroll (inline), standard unroll (unroll), deep loop unroll
(dmine), caching data in local memory (ulocal), loop tiling as well
as other transformations.

Distance field computation is the problem of computing distances
from a set (an array) of points to the border of a polygon, one dis-
tance per point. In the basic case, for each point, the distance is
the minimum of distances from the polygon to each of the points
in the set. There are two main approaches to distance field com-
putation. The first one is all-to-all approach, in which for each
point, distance to each of the edges is computed, and minimum dis-
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tance is found. The second approach is to use an HBV (hierarchy
of bounding volumes), e.g. BSP trees. While the second approach
is asymptotically better, it is not clear outright which one is faster,
since all-to-all approach allows more aggressive optimization and
is more cache friendly.

For our testing, we implemented both approaches on CPU and
GPU. CPU implementation was done using C++ with OpenMP and
SSE intrinsics, while GPU variant was implemented using Nemerle
and NUDA. For all-to-all approach, two versions are compared: the
trivial version and the optimized version. Here, optimization was
done using NUDA annotations without compromising readability,
see Algorithm 2. The basic GPU code version, together with anno-
tations used for optimization, is presented below. dmine(k) annota-
tion does deep loop unrolling. This means creating k copies of the
loop and zipping them together, including inner loop. It can also be
thought of as computing k elements in a single GPU thread at the
same time. For AMD, this allows benefiting from its 5-way VLIW
instructions, and it also results in less global memory bandwidth for
both architectures. unroll(k) does simple k-sized loop unrolling,
and reduces looping overhead for the inner loop on NVidia GPUs.

For the second approach, we implemented HB V-assisted distance
computation on GPU. We first construct a BSP tree using fixed-
point (at half size) recursive space subdivision, and switching sub-
division axis for subsequent subdivisions. We stop when either the
maximum depth or minimum number of edges is reached, or when
the overhead resulting from the subsequent subdivision is higher
than a certain threshold. After that, we transform the BSP into
HBYV node-wise from the bottom up, by recomputing the bound-
ing volume based on all edges belonging to a specific node. For
distance computation, we use a traditional recursive algorithm. We
first compute the distance from the point to both subvolumes in
HBYV, and then go into the nearest one. Once we have the upper
estimate for the nearest distance, we prune all subvolumes with
greater distance. Since not all current GPUs support recursion,
we’ve rewritten the algorithm, first as a stack-based traversal, and
then as a stack-less traversal by adding pointer-to-parent to each
GPU HBV node. HBV traversal is obviously less regular than all-
to-all computation, so none of the optimizations described above is
used. Each GPU thread traverses HBV for one point only.

We tested the algorithms we implemented on two GPUs. For both
approaches, all computations were done in single precision. The
first one is NVidia Tesla C2050 (nvidia) with 3 GB of GPU RAM
and 1030 GFlop/s single-precision peak performance. The second
one is ATI HD Radeon 5830 (ati) with 256 MB of GPU RAM 1792
GFlop/s single-precision peak. We performed two series of exper-
iments. Both involved computing a distance field from a uniform
2D m x me-sized grid of points to a regular polygon centered at
0.5 % m inscribed into a circle with radius 0.4 * m. In the first series
of experiments, the number of points was fixed at 102400, and the
number of vertices varied (exponentially) from 1 to 2048. In the
second series, the number of vertices was fixed at 1000, while the
number of points varied from 1 to 262144, also exponentially. In
both cases, we measured time it took to compute the distance field
for simple all-to-all, optimized all-to-all and HBV approaches. We
also computed accelerations of optimized vs. baseline and HBV
vs. all-to-all baseline approaches. We shall now discuss the results,
presented in figures 6 and 7.

In all cases, the growth of time with the number of vertices seems
to be linear. For all-to-all approach, this must be the case, while
for HBYV, this means that even 2000 vertices is too few to reach
logarithmic growth. When the number of points varies but stays
below 2K to 4K, time varies little with the number of points, as
GPU is under-saturated. After that, the expected linear growth can
be observed.
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Figure 6: Average distance field computation time for varying number of vertices, left, and points rigth. Top, NVidia; bottom, AMD.

Obviously, for all-to-all approach, the computation time does not
depend on the configuration of point field and the polygon. For
HBV approach, however, time depends on the configuration of
both. For ATI GPUs, HBV is always worse that optimized all-to-all
for the uniform point grid. For NVidia, obviously, the acceleration
increases with the number of vertices, reaching about 2 times for
2K vertices. We also tested points uniformly distributed on a circle,
with the circle being close to the original polygon. Here, HBV ap-
proach can be an order of magnitude faster that optimized approach.
Overall, HBV gives better acceleration for NVidia GPUs than for
ATI, since NVidia Fermi GPUs have cache, and are therefore better
at handling random memory accesses.

We also compared optimized all-to-all computation to simple com-
putation. Starting with a reasonable number of points (> 4K) and
almost for any number of vertices (> 4) the version optimized with
annotations described above is always faster than the baseline ver-
sion, with acceleration increasing with the number of points, and
stopping at near 2x for both NVidia and ATI GPUs. Overall, the
provided optimizations allow us to utilize GPUs efficiently, reach-
ing about 54% peak for NVidia GPUs, and 31% peak for ATI GPUs.
The times above do not include time spent on copying data (though
we found it to be negligible) and on building HBV (non-negligible).
Therefore, all-to-all approach can be significantly faster if the dis-
tance field is computed for each polygon only once, since it avoids
the costly pre-processing step.

5 Conclusion

We analized the robustness problems of the existing distance field-
based shape matching algorithms, isolating what we believe is a
core issue, and proposed a new dissimilarity measure, explicitly
designed to overcome it. We also presented an efficient NUDA-
based GPU implementation of the distance field calculation, which
makes the proposed approach computationally feasible. This is an
ongoing project, with work underway to extend the approach to 3d.
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Abstract

We present a new approach to face classification using simile
classifiers. Unlike other methods we explicitly estimate
similarity distances to the known reference people and use
these similarities as high-level features for the classification of
the test face.

We test our algorithm on gender classification problem. Our
algorithm shows classification accuracy of 92.96% on LFW
dataset.

Keywords: attribute classification, classifier training, gender
classification

1. INTRODUCTION

Attribute classification from face images is a widely studied
problem. Range of attributes includes gender, ethnicity, age,
hair style, presence of glasses and so on. Attribute
classification is used for content-based image retrieval in web,
video surveillance, audience measurement and other
applications.

A common approach to face classification is to extract some
kind of low-level features from image and then use a machine
learning method to find dependencies of the classified attribute
on the features. Such methods do not search for similar faces
or compare a test face to a set of training faces directly. If
SVM classifier is used, a number of training faces are selected
as support vectors and used implicitly. In this case the
classification results depend on distances to support vectors (in
fact, training faces), but the distances are defined by SVM
kernels and may correspond poorly to real face similarity.

We propose to explicitly train similarity classifiers to compute
distances to the selected set of people and then use these
distances as input to a second classifier, which gives the final
result. Our work was inspired by the face recognition method
[10], where it was proposed to compare people faces based on
their attributes (like age, gender, nose size, etc.) and
similarities to other “reference” people. For this task they
trained so called simile classifiers for individual face
components, like eyes or lips.

We use a similar approach, but for the task of face
classification. Figure 1 shows an algorithm illustration. We
test our algorithm on the gender classification problem and
show 92.96% accuracy on LFW dataset [8].

2. RELATED WORK

Most face classification algorithms follow the same pipeline,
which consists of face normalization, features extraction and
classification. The difference between algorithms is mainly in
specific methods, used in these steps.

A common choice for face normalization is consecutive image
rotation, scaling and cropping, so that eyes are placed into
specific pixels. As features researchers have tried raw pixel
intensities [1, 13], Haar-like features [12], Active Appearance
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Figure 1. Illustration of our algorithm applied to a gender
classification problem. Components of a test face are compared
with corresponding components of the reference people.
Classification decision is made based on similarities to these
people and their gender.

Model parameters [2, 6, 12], Local Binary Patterns [11, 17]
and Biologically Inspired Features [7, 15], which are based on
Gabor functions.

For the classification step boosting [1, 12, 17], SVM [2, 6, 9,
10, 11, 12, 13, 15, 17] and Random Forest [14] have been
used, with SVM being the most popular choice.

Several papers [4, 7] investigated an influence of one attribute
on another, for example preliminary gender classification on
age estimation [7] or ethnicity classification on gender
classification [4].

We are not aware of any face classification method, which
explicitly searches for similar faces and makes a decision,
based on these similarities. Algorithms, which use SVM, do
this implicitly by distances to the support vectors, but the used
distance metrics are defined by the SVM kernels and may be a
bad approximation to the real face similarities.

The most similar method to ours is a face recognition
algorithm of [10]. Face recognition algorithms are in general
very close to face classification algorithms and often use the
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same normalization and features. In [10] for face verification it
was proposed to use similarities to some other known people
as features. For this task special ‘simile’ classifiers are
learned, which, for example, could estimate “how similar are
these lips to Angelina Jolie’s lips” or “how similar is this nose
to the nose of Brad Pitt’s”.

One another somewhat related method to ours is a recent face
recognition algorithm of [19]. For rotated test faces they search
for the most similar components of known reference people.
During face comparison these components are switched to the
components of the found reference people, but in a frontal
view. By this trick the algorithm becomes more robust to face
out-of-plane rotation, which is possibly the main problem of
current face recognition algorithms.

We use a similar approach to face classification. We measure
similarity distances of a test person to the set of known people
and use their known attribute labels for the classification.

3. PROPOSED ALGORITHM

Our algorithm consists of 2 steps:

e Apply simile classifiers to the test face components
and find similarity distances to all reference people

e Use computed similarities as input to the final
classifier

3.1 Simile Classifiers

We follow approximately the same approach to simile
classifiers training as in the original paper [10]. Some details
can be different due to somewhat brief description of
implementation in [10].

At first a face is detected by a Viola-Jones face detector [18].
Then we find fiducial points, including eye and lips corners by
our own implementation of [3]. Then we select face
components, as illustrated on Figure 2. For each component we
train separate simile classifiers.

Figure 2. Used components illustration.

For simile classifiers a number of different low-level features
are used. Features are constructed by choosing a pixel value
type, normalization and the aggregation type. For pixel value
types we use colors in RGB and HSV color spaces, intensities,
edge magnitudes and orientation. Normalization types include
. X L. x—U
mean normalization x = — or energy normalization x = ,
u o
where x refers to the input value, ¢ and o - to the mean and

standard deviation of x, X is the normalized output value.
Aggregation types include a histogram or the mean and
variance. All these feature types are summarized in the Table
1.

Russia, Moscow, October 01-05, 2012
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RGB
HSV None None
Image Intensity Mean-Normalization Histogram
Edge Magnitude Energy-Normalization Statistics
Edge Orientation
Pixel Value Types Normalizations Aggregations

Table 1. Feature types used for simile classifiers.

For each component and for each reference person we train a
simile classifier, which recognizes similarity to this component
of this specific person. For the positive sample we take the
cropped component from different images of this person, and
for the negative sample we take the same component images
taken from random images of other persons in the training set.

We train a separate SVM classifier with RBF kernel for each
feature type, component and reference person.

3.2 Face Classification using Simile Classifiers
At this step we have a N - M - K dimensional descriptor F for
a test face, where N stands for the reference people number,

M stands for the feature type number and K is a number of
components. Each F,,; is a similarity between

k™ components of a test person and n" reference person

using m" feature type and in fact is an output of a
corresponding SVM classifier.

We consider only the case of binary face classifications. Multi-
class classification problems could be reduced to binary
problems by one-against-one or one-against-all strategy. In [2]
it was proposed to reduce age estimation problem to series of
binary classifications, which answer the question “Is a test
person older, than given age?” This strategy shows one of the
top age estimation accuracies so far.

Let /, € {~L1} be a binary label of a reference person n . We

need to estimate binary label of a test face L(F)

We have tested several classification algorithms, listed below.
The resulting accuracies are given in the Experiments section.

e The most simple option is to use a nearest neighbor
approach — to take a label of the most similar person
considering only 1 component k and 1 feature type m :

n'(m,k) = arg(max(F, ,, 1))
n

L(F)= Ly m, k)
e To use information from all components and features
types we can combine all K-M values Fyy ) mi in @

single feature vector and feed it to a single SVM classifier
with RBF kernel. To account for values of binary labels

ln’(m,k) , we switch sign of those Fy(, k) mk, Which
correspond to reference people with a label /¢, 1y =-1.
In our experiments F(, k. x Was positive for all k, m,

so this switch introduces information about label values
into feature vector.

e A logical extension is a k -nearest neighbor approach. In
this case we find p most similar reference persons for
each component and each feature type, concatenate
p-K-M corresponding F, ,,, , elements (again with sign

switching), and input them into a SVM classifier.
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e  Another approach would be just to sum all F, ,, ;
elements. We multiply on -1 those F),, s, for which

corresponding [,

=-1, and keep other F,,
unchanged.
Note, that in this case some of F), , s, as SVM outputs,

are already negative. So we treat dissimilarity to a
reference person as a similarity to a person with the
opposite label.

L(F) =sign( ) Fyi +C)

n,mk
where C is a parameter.

The more similar are the reference people with label / to
the test face, the greater the chance that the test face has
the same label /.

However F,, ,  for different feature types usually have

different variations and in z F, . Only some feature
n,m,
nmk

types would matter.
So we summed F, ,,  only with the same feature type,

and combined results for different m with AdaBoost or
SVM classifier:

L(F)= classiﬁel(z Fovks ZF"’Z”‘ ""’ZF”’MJ‘)
n,k nk nk

e Instead of a simple summing we could use a separate
classifier for each feature type. So we have a two-layer
classifier: M different SVM classifiers, that take
concatenated N -K values F,, ,, and one SVM

classifier, that takes M outputs of the previous classifiers.

e  We also test another variant of two-layer classifier. First,
we train K different SVM classifiers for each component,
where each classifier uses N-M values F,, , ;. Then we

train one SVM on top of these K outputs.

It is important to note, that in the last two cases, where we use
only classifiers, we don’t need reference people labels, because
an order of reference people in feature vector is fixed.
Classifiers automatically learn dependencies, like “similarity
to this reference person means, that the test face is more likely
to have label 1, and similarity to that reference person
probably means, that it has label -1”".

4. EXPERIMENTS

As an example of a face classification problem we chose a
gender classification because it is a well-studied problem and,
unlike age estimation, it is relatively easy to prepare ground
truth data.

Unfortunately, unlike face recognition or to some extent age
classification, there is no standard test dataset for gender
classification problem. In different papers a subset of FERET
[16], CAS-PEAL face database [5], FaceTracer [9] and LFW
databases were used.

A natural choice for our experiments was to use a face image
dataset PubFig [10] and LFW [8] database, as they were used
in the original paper [10], where simile classifiers were
proposed.
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Figure 4. Example images from PubFig dataset.

LFW database consists of 13233 images of 5749 different
persons, all images are collected from the web, and the only
condition on image is a detected face by Viola-Jones face
detector. Nowadays LFW is a standard database for face
recognition algorithms comparison.

PubFig is a complement to LFW database, proposed in [10]. It
consists of 60000 images of 200 people. The important
property of PubFig is that there are at least 50 different images
for each person and therefor it is well suited to be a reference
people dataset (as there are enough images for simile
classifiers).

Example images of LFW and PubFig are shown in Figure 3
and 4. We have manually annotated gender in both PubFig and
LFW datasets.

In our experiments we used PubFig Development Set as
reference people set (59 people, originally there were 60
people in this set, but the database is uploaded as a list of
URLs and some links are currently missing) and 5-fold cross-
validation on LFW.

For comparison with existing gender classification methods we
selected two algorithms, with testing procedure closest to our:

e In [10] a gender classification along with other attributes
classification are used for further face recognition. Exact
training and test subsets are not described, but it seems
that some parts of PubFig and LFW were used. An
accuracy of 81.22% was reported.

e In[17] a 5-fold cross-validation on a subset of LFW was
used for the experiments. The faces, that are not near
frontal and those, for which it is difficult to establish the
ground truth, were not considered. This resulted in 7443
out of 13233 images. The resulting classification accuracy
was impressive 94.81%. Authors promised to make this
dataset publicly available, but to our knowledge haven’t
done it yet.

Our results are summarized in Table 2.

Nearest neighbor approach performs poorly: 67% with 1
feature type and 1 component and 77% when combined by one
SVM. When we switch it to k-nearest neighbors approach we
gradually get better results with increasing £ .

But even simple summing of all the similarities F), ,  gives
equal result. Note that summing F, ,, 4 for only one feature

type can result in 84%. Applying classifier to these sum values
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improves the accuracy up to 89%. SVM with RBF kernel
performs better than AdaBoost.

The best approach is to use a two-layer classifier. If on the first
level we use separate SVM for each feature type, we get
91.6% (90.8% by a single SVM classifier for the best feature).
If we use separate SVM classifier for each component, and
then combine them by another SVM, we get our best 92.96%.

It is significantly better than 81.2% of [10], where the same
kind of low-level features were used. Though, as we don’t
know the exact training/testing samples of [10], it could be a
result of a smaller training sample size.

We lose to 94.81% of [17], but we have used a more complex
test sample (though maybe there is more sense in discarding
strongly rotated photos) and possibly less discriminating low-
level features.

Algorithm Classification
accuracy
Nearest neighbor, only 1 best
combination of feature and component 67%
types
Nearest neighbor and SVM 77%
K-nearest neighbors, k =2, SVM 80.5%
K-nearest neighbors, k = 3, SVM 81.6%
K-nearest neighbors, k =4, SVM 82%
Summing all £, , 4 82%
Summing all only for one (best
g n,m.k Yy ( ) 84%
feature type
Summing all 7, with the same
g n,m.,k . . 86%
feature type, boosting, 10 iterations
Summing all with the same
ST Tnmg WL TG 58 87.5%
feature type, boosting, 50 iterations
Summing all with the same
g n,m.k 89%,
feature type, SVM
SVM over N-K elements F, , ; with
e 90.8%
the same feature type (best one)
Combination of M SVMs over
N-K clements £}, ,, ; with the same 91.6%
feature type by one SVM
Combination of K SVMs over
N-M elements £, ,, ;. with the same 92.96%
component by one SVM

Table 2. Classification accuracy results by different proposed
algorithms.

5. CONCLUSION

We have presented a new approach to face classification. We
use a reference people dataset and train simile classifiers,
which estimate the similarity between a test and the reference
person.

We have tested several algorithms that use such similarity
distances to the reference people and their labels for the final
classification. Best result was demonstrated by a two-layer
classifier, which uses only the similarities, with no information
about reference people labels.

Russia, Moscow, October 01-05, 2012
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We demonstrate the effectiveness of the proposed algorithm on
the task of gender classification, where we achieve 92.96%
accuracy on LFW dataset.
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MeToa napannenbHbIX Lenen ansa pacno3HaBaHUA OAaKTUITOCKONNYECKUX
M3006paxxeHuwu

I'yaxos Bnagumup KOnseBnu

UYensbunckuii ['ocynapctBennblii Y HuBepcuret, YensOunck, Poccus

Diana@Sonda.ru

AHHOTauus

B pabore mpemmaraercs MeTOX HM3MEPEHUS HANpPaBICHUIT
CBCTOTCHEH  JIMHMH  JaKTWIOCKOIMYECKHX  M300pa)KeHHH,
YCTOHUYMBBIM K W3MCHEHHIO IIMPHUHBI JHMHUH M MPOCBETOB,
pa3pelBaM JIMHHE ®  JOpyruM  AedeKkTaM  H300paKeHHs.
Pe3ynpTaToM mMpHMEHEHUS] METOMA SIBISIETCS IOJIe HAlpaBlICHHH,
CHA0KEHHOE TOCTOBEPHOCTHIO M OTPAXKAIOIIEE OPUECHTAINIO BYX
TapaJuIeIbHBIX TSHEBBIX HIIN CBETOBBIX JIMHHIA.

Knroueesvie cnosa: Omneuamok nanvya, none HanpaeieHul,
ceemomenu, napaiienbHole yenu.

1. BBEAEHME

B xowmmnbiotepusupoBannbix cucremax (KC) wnpentudukanuio
n300paKeHuid, Kak MpaBUIIO, BBIMOJHAIOT I0cie 00paboTKU
nzobpaxkenuii [1-3, 5]. TIpu aToM omubku 00pabOTKU HAIPSMYIO
BJIMSIIOT Ha BEIWYUHBI OMIMOOK uaentudukamuu [6]. Beneacrsue
9TOro  OmMOKM  00pabOTKM  M300pakeHHs  HEO0OXO0AUMO
MHHHMH3UPOBAT.

[Ipu pacmo3HaBaHUM IAKTHIIOCKOIMYECKUX H300pakeHuid (/1)
BBIJICIISIIOT TpH3HAKH, (GopMuUpyrolue cTpykTypy camoro JU. K
TakUM OCHOBHBIM IIpM3HAaKaM, COIVIaCHO [7], OTHOCAT: moJe
HanpapJICHUH JIMHUH, I10JI€ IUIOTHOCTH JIMHUM M IIOJE KayecTBa
JUHUHA B BHUJE MAaTpHI, Pa3MEPHOCTh KOTOPBIX ONpPEIEIAeTCs
cermeHtanuein M. B sueiiky kax1oil Takoll MaTpuLbl
3aMMCBIBAIOT  JIOKAJIbHO  BBIYMCIEHHOE 3HA4YeHHE IPU3HAKa
(sIpKOCTh, KOHTPACTHOCTb, TpamueHT) [5]. DTo ciyuaiiHas
GyHKUMST BYX aprymMeHTOB (KOOPAMHAT), 3HA4YEHHE KOTOPOW
HEM3BECTHO JO MCXoAa dKcrmepumeHTa. OueBHAHO, 4YTO
ciydaiiaele o [4], reHepupyeMble 00pabOTKOM, OMPEIeISIFOTCS
pacnpeneneHueM sipkocreit Touek JIU.

Ha puc. 1 npencrasieno AU ¢ nedexramu, yBelTHUMBAIOIIMMEI
omnbku uneHtTuduKanuu [6]. DTo BBIHYXKIAeT pa3pabOTYMKOB
KC npumeHsATs HOBBIE METOABI paclio3HaBaHus [2].
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Puc. 1: N3o0paxxeHue oTneyarka majibla
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2. MOCTAHOBKA 3A0AYM

N300pakeHHe  Kak  MHOXKECTBO  JCHCTBUTENBHBIX  YHCEI
dopmupyroT B BHIE F={f(x,y)|(x,y)e XxY} B
OpsMOYrojbHOH o6macth G momHocThiO |G l=X),, TOe
X=0.x,-1 m Y=0.y,-1. CrpykrypHo
M300paKEeHHsT MPEJCTABISIIOT B BHAC MHPaMHABl R CIOEB
(npemnapaToB M300paKEHUI) U3 B3aMMOCBS3aHHBIX Hepapxuil [5].

00paboTKy

CermeHTanus / -ro ciost k -it uepapxuu Fk(l) pa30buBaer cioii Ha
X,);, HEIEPECEKAIONIMXCA KBaJPATHBIX CErMEHTOB S,(,Q (x,y) ¢
JUTHHOM cTOpoHB! 2" u BepmmHamu (x,y) € X, xY,, e k<h
u h — Homep uepapxuu; X, =0.x,—-1 u ¥, =0..y,—1. Jocryn
K Ka)K710i Touke cerMeHTa S, (X,)) 3alHCBIBAIOT B KOOPANHATAX

(u,v)e X,y <Y, :

yhk: {u+x2h7kIxGXh/\ueo..zh*"—l},
Vo= +32"F 1 yey, aveo.2F 1y,

(M

a LIEHTPBI CETMEHTOB (U,V) € X B X I}h HaxoJAT B BHJE
X,= 2" ex2" 1 xex,y,
% h-1 h
Yh= {27 +y27 |yel, i

Jlnst popmanmzanmy MeTo10B Kiaccudukarnponnoro anammza (KA)
NPUMEHSIOT —ammapar amneptyp. [IpsMonuHeiiHble —mieneBble

@)

Ay(x,y,a,w) m Toueunas  Aj (xX,y,a,w) amepTypel Kak

MHOXKECTBAa TOYEK M YIJIOB B BHJC DJIEMEHTOB YIOPSIOYCHHBIX
Tpoek (u,Vv,[3) ONpenenstoT o hopmyaam:

Ay = ()= yew plweZil,

Ay (.o w) = (v, f)=(x+w,, y+w,, B [we Z[},
e w,=wcosl@) u w,=wsin@); (x,y)€ X, xY, —uenrp
anepTypsl; (u,v) € X, xY, —Toyka amepTypbl; w — paszmep
aneptypsl; MHOkectBa Z, =l.w wu ZJ,=w; «a — yron
HAIPAaBJICHUS alepTypbl. YTOJ, ONPEACIAIOINN HApaBICHHE U3
nenTpa (x,y) B TOUKy (u,Vv) aneprypbl, HAXOJST B BUJIE

ﬂ:arctg[v_yj+7m mpu n€0..1.

u—x
AnroputMmbl IBIKeHHS 1o ToukaM JIW 3amaet oTHOIIEHHE
R={(x4y4)|d<0.7}, 4)

[OJIHOTO CTPOTO TOPs/KA 110 HANpPABJICHUIO JBWKeHUS d B 8-
cBsizanHoO# obacth, tae (1,0) ecth anmement it d =0 .
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OtHourenne R omnpenenser GyHkiuio nepexona 7, hd(x,y) B h-i1

UepapXuM B HampaBieHUH d . OYHKIMS OINMKCHIBACT CMEIICHUE
KaK OT/EJIBHOM TOYKH ¢ KOOpAMHAaTaMu (x,))e€ X, XY, Tak H

CUHXPOHHOE CMEIICHHUE MHOXKECTBA TOYCK B BU/IE

T ({0e)h) = (@b) = (x+x4, 3+ va) [ (@b) € X x Y} (5)

3ajaua 3aKII04aeTCs B IOCTPOCHUH MOMEXOYCTOIYMBOIO METOa
u3MepeHus noiel Hampasnenuit JJU ¢ onopoil Ha popmanbHbIit
anmapar (1-5).

V3mepeHue nosneii HanpaBieHnil SIBISIETCS YacThIO O0LIel 3a1aun
obpabdorku 1M, mpexcraBisieMoll B BHJE IOCIIEIOBATEIBHOCTH
mpouenyp M (QYHKUME,  CIPYNNUPOBAHHBIX  I[TOITAIHO,
OUYEepPETHOCTh  BBIMOJHEHHS  KOTOPBIX  OMNpeNelsieTcs — Ipu
paspabotke KC u pexe — oOydeHun. DTO YBS3bIBaeT CIIOU
TTPaMH/IbI R Mexay ~— coboif  3amporpaMMHpOBAaHHOM
MI0CJIEe/I0BATEIBHOCTBIO OTOOPAKEHHUS JaHHBIX.

3. METO[ NAPANNENbHBLIX LLENEN

Ha ocnoBe ¢opmammsma (1-5) paccmatpuBaeTcsi KOPPEKIUS
N300paKeHNUsI, €ro CINIaKHBaHHWE, IIOCTPOCHUE CBETOTCHEH U
HU3MepeHHe NoJIeH HanpaBIeHUH.

3.1 Koppekuus nusobpaxeHus
OO0buHON Tpoueaypoir KA sBisiercs KOPpeKLUs HCXOIHOTO
N300paKeHUsI FO(O) = {fo(o) (x, y)}: { f(x, y)}: F nas obecrieue-

HU IOJIHOI'O IMHAMUYECKOTO Auara3oHa ﬂpKOCTeﬁI

(0) _ b
A= o) {20~

, (6)

o€ fmax Y fmin — HauOoJsiblllee M HaHMEHblIEe 3HAYCHUE

SIPKOCTU M300pakeHns; b — riryouna m3oOpaxkenus [1]. Pacuer
fmin ¥ fiax MOXHO YIydIIWTh, ONMPAsACh Ha THUCTOrpaMMy

sSpKOCTe winu Moxmynaed rpaauenrta [3]. B mocnemnem ciydae
napametpbl (yHKIuM (6) OLEHHMBAIOT Ha JTame oOydeHus
MIPOTPaMMHOT0 OOBEKTA.

3.2 CrnaxuBaHue usobpaxxeHusi

Jlannass mpoueaypa BBIIONHSACTCS 10 (QopMylie JBYMEPHOMH
JIUCKPETHOH CBEPTKHU

R = {fo@) (x, y)}= {H**fo(“ (x. y)} )
C sIIpOM BUJIa
1 2 1
H=[h(ij)]=|2 4 2
1 2 1

Takast ~ QuupTpauust npuMmeHsiercs I pacOKYCHPOBKH
N300paKeHUsl, NPEUMyIIeCTBEHHO KpaeB JjmHui [1,3]. Oto
yiydmaet pe3ynbratbl KA, 0coOOeHHO s M300pasKeHHM, CHATBIX
C KCEPOKOIIMH 1 COZiepIKaIiX 00eIHEHHBIH COCTaB Ceporo LBeTa.
VY TBepKaaTh, 4TO CrIIAKMBAHUE UCXOJHOTIO N300pPaKEHUSI MOXKET
YBEJIMYUTH OLIMOKM pACIO3HABaHWs HW300paKEHUs IIPU  €ro

00paboTKe He CclenyeT, Tak Kak CJIOH FO(O), Fo(l), F0(2)

OJHOBPEMEHHO XPAHATCS B NMaMATH MamuHbl, a (yHkmmn KA
UMEIOT JJOCTYII K JIF000MY CJIOF0 ITHPaMHUIbI
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3.3 MocTtpoeHune cBeToTEHEN
CriaxeHHBIH CIIOH o ¢opmyie (7) CIyKHUT OCHOBOH ISt

(dopMHpOBaHUs CIIOEB CBETOTEHEH Fo(d+3) ={ f0(d+3) (x,y)} mo
(hopmyIe TByMEepHOI TUCKPETHOM CBEPTKH
FD — g x| ®)

e d € D=0.3 — 4eTbIpe HANPABICHUS 3aCBETKN M300paKCHUS

uepes 45°; HY —macku Cobena [5] B Buje

-1 01 0 1 2 2 1 0
H'=|-2 0 2|,H'=|-1 0 1|, ,H=[1 0 -1
-1 0 1 -2 -1 0 0 -1 -2

Uerblpe cnost cBeTOTeHeH, BeluMcieHHble i J(M, mokazansl Ha
puc.2. HymeBas peakuusi OKpamieHa CEpPbIM  I[BETOM,
I10JIO’KUTEJIbHBIE 3HAUEHUS CBETIIee, a OTPHUILIATENIbHbIE — TEMHEE.

Puc. 2: Yersipe ciost cBeToTeHEH

3.4 U3mepeHue nonen HanpaBneHUn

Hanpapnenne nuHuMu, Mo cyTH, OJIM3KO K OPHUEHTAIIMH HPOCTOU
okpecTHOCTH [5]. IlOCKOJBKY CBETOTEHH NPEUMYIIECTBEHHO
(OpMHPYIOTCS TPAaHULIAMH JIMHUH, TIPUMEHUM METOJ JIOKAIBbHOTO
aIalITUBHOTO MapajjIeIbHOTO CKAaHMPOBAHHS YKa3aHHBIX CIOEB
BIOJb TyTEH «TEHW» U «CBETa» B KadecTBe 0a30BOH OLCHKU
MaTpUll  HampaBieHud.  Belnonnsemas — mpoueaypa A
HampaBlIeHus d € D =0..3 peanusyeT oToOpakeHne

d+3
C{SE - (AL (A
rie S\ = (S8 ) | (u,v) € X}, x ¥} — MHOKeCTBO  cer-

MEHTOB C IeHTpamMu 1o (2) cloes Fo(d+3); A, =[§h (x, y)] -

Co# Fj Kak MaTpHIla HANPABJIECHUI HA CETMEHTAaX W300pakeHUs

S, ¢ yrmamun 0<0,(x,y)<7; Ah:[lh(x,y)]— CIION  Kak
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Matpuia JOCTOBEPHOCTEH A, JUIs MAaTPHIUBl HANpaBIeHAH A ;
h — HOMEp HepapXuH, Ha KOTOPOil OTOOpaXkaroTcsi CiydaiiHble
noist, U 4 € H =2..n . VI3MepeHust BRIMONHSIOTCS B IBYX KaHAIax,
03HaYCHHBIX cUMBOJIOM £ € {0,1} : 0 — kaHanm «TeHU» u 1 — KaHaI
«CBETay.

3.4.1 [epsbili aman. Tepswlii 5Tan GUKCUPYET I KaxkI0ro
0a30BOr0 CerMeHTa M 3aJJaHHOTO HAIpPABICHUS d  YeThIpe
TIO3HLIIN:

Ik Ik Ik Ik
Py =(x4,v4 )EPT,

rk rk _rk rk
Py =(xg ,yq )P,

©

rie ¢ —umHa uend; k €{0,1} —MeTka KaHala «TCHH» H

«cBeTay; [/ W r —MeTKM JIeBOH M mpaBod nosumuu; (x,y) —

KoopanHatel; P —nens. Llemn dopMupyrorcs B closx F()(d+3)

KaK BBIJIEJIEHHBIE TIOCIIEN0BATENEHOCTH TOYeK {p; =(X;,¥;)} B
HanpaBinennu se€ G ={d+1,d+2,d+3}, koTtopoe B cperHeM

NEpHEHIUKYJIIPHO HalpaBieHUI0 3acBeTkd . CyMMmupoBaHHe
BBIMOJIHSIOT 1O MOJYN0 8. OTH OTCYETHI COOTBETCTBYIOT
YeThIPEM IIPOCTBIM LEMsAM Ha TOUKaX H300pakeHMs, KaK Ha
BepuMHax rpaga. /[Be npocTbie Helu A1 «TeHW» U JIBE IPOCThIe

wenn s «csera» P¥ w P g mporecce JABHKECHUS
Pa3BHBAIOTCSI HE3aBUCUMO:

Ik Ik Ik lkyy . Ik !

PR ={pi" =0 ) i€0.grpy =p'}s

(10)
k k k ks k
P ={p;" =(x;",y{")|ie0.gnpy =p"},

rae k €{0,1} —MeTka kaHana;  — JUIMHA LEMNH; pl = (xl, yl) u

p  =(x",y") —nBe crapToBBIE TOUKM IS JIEBHIX M TPaBbIX

npoctbix meneifl. OOBIMHO CTApTOBBIC TOYKH pl u p’

pacrojaraiotcss B COCeAHMX cermeHtax. OHM Ui CErMECHTOB
S}(f”}) C IEHTpaMH {(u,v)eA;hxfh} mo (2) mpu h=2
OIIPEAEISIIOTCS METOZOM IIepeHoca TOUKH (u4,V) B HAlPaBICHUU
U 3epKaJIbHOM €My d=d+4 (cymmupoBaHHe 110 MOAYIIO 8) B
aneptype 1o (3):
1D = 14 (v A4S0 | (n,v) € Xy <y,
(Y = A (v, 45d, 0| (v) € Xy <),
rjae !/ — paccTosiHue, Ha KOTOPOE MEePEHOCUTCS TOYKa U3 LCHTpa
cermeHTa (B peammsaiun 7 €4..7). Touka ocraercst B IEHTpe

CerMEHTa, €CIIM IPU IEPEHOCEe €€ KOOPAMHATHI BBIXOAAT 3a
TPaHMLBI U300PAKEHHS.

HezaBucumoe pas3BuTHE 4YETBIpEX MPOCTHIX Lienei u

omnpexesiercs: popmyoit
d+3 d+3
183 (v = S8 (3, vi ) s (11)

e i>0; deD=0.3 — uanpasienue 3acserku; T () —

¢ynkous mepexonma mo (5); S — HampaBiIeHHE IS (QYHKIUH
Hepexo/a Kak apryMeHT BBIPAKCHUS
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RU1: Biometry

d+3) (x

argngx(fo( i»Y;)) 1pu k=0,

S =

. d+3
argmin(fo*" (x;, ;) mpu ke =1.

HWrtak, Ha Ka)XJOM LIare pa3BUTH LENH MyTh uccieayercs. I padsr

(yHKIHMIT Iepexo/10B MoKa3aHbl Ha puc. 3.

Dramn d)MKcnpyeT B KaXX/10M CETMEHTE IS TECKYLIETO HaIllpaBJICHUSA
YETBIPE TMO3UIINH, TOYHOCTbH OIpe€aACIICHUA KOTOPBIX

cyuiecTBeHHa. [T09TOMy BelMYMHA  BBIOMPAETCsS ONTHMAJIbHOM

[0 KPUTEPUIO: pPOCT NIPUBOJIUT K YBEJIIMYEHHUIO BPEMEHHU

00paboTKH, yMEHbIICHHE CHIKACT TOYHOCTH OIpPE/IeICHUS

HANpaBJICHUH Jlake Ha TUIABHBIX JIMHUIX W3-3a Hanuuus Ha JIU
0P, CKJIAJIOK, 3aJMNaHui, peIXioro (poHa cTapoil Oymard u T.n.
Jis  nuaroHanbHBIX HANpaBICHUII BBIOMPAIOT LEIYI 4YacTb

Benmunusl ¢' =¢q-0,707.

IIOHOJIHI/ITCHI)HaSI OIITUMM3alA BBIITOJIHACTCA MICBCICHUECM TOYCK

pl nu pr B BUAC YCTBHIPEX MIAroB: MIar B HAIPaBJICHUU , JABa

mara B HaIpaBJICHUH ¢ W eme mar B HampasieHnn 1o (11).

ITpu 3TOM TOUKH u pacIIenIsAoTes U 00pa3yroTCs He JIBE,

a 4eThIpe CTAPTOBBIC TOYKHU ISl PA3BUTHUS YETHIPEX HE3aBHCUMBIX
MPOCTHIX Iereit ananoruyHo (10).

. 4 . N bSE
d=0 d=1 d=2 d=3
X . o I
o A AN LR
d=4 d=5 d=6 d=7

Puc. 3: I'pader pyHKIMI TIEpEX0a0B T9 n1s d 0.7

3.4.2 Bmopol smar. Ha cerventax S, H3MepsIOTCS
nmapaMerpsl HampasieHui. M3 nemeit mo (10) 3amamum 1Ba

Ik

muoxkectsa  PF = {p* p'*) = {pq ,p;k} , Kaxnoe

MHOKECTBO COAEPIKUT JIBE TOUKH IS «TCHI» OO BE TOUYKH IJIS
d+3

«cBeTtay. Pacyer CBOIUTCS K BBIACICHUIO B CIIOSX FO( ) o (8)

OTCYETOB, OTBEYAIOLINX

B HAalpaBJICHUU seaz{d+5,d+6,d+7}.

IOCJICOA0BATCIIBHOCTAM TOYCK

MHOXeCTBO G 10 HAaNpaBIEHUAM 3ePKAIbHO MHOKECTBY G , a
CYMMHPOBAHHUE BBINOJHSIOT 10 MOayio 8. Bribop HampaBienuit
U3 G T03BONAET TPOCIEKHBATH CBETOTCHH B HAIPABJICHUM,
00paTHOM HPEUICCTBYIOLIEMY OTally. BBIJCICHHBIC TOUYKH
(HOpMHPYIOT J1BE IPOCTHIC MAapaJUIeIAbHbIC HEHH I «TSHU» U JIBE
HOPOCThIE  MapajulejbHbIC  LEMH  JUIL  «CBETa»,  IpHYeM
nmapauielbHple  Henu  (GOPMHUPYIOTCS OJMHAKOBON  (yHKIHEH
Hepexosa Ha KaxKJIOM Iiare:

plk Ik Ik Ik~ -
P" ={p;" =(x;",y; )|ie€q.3q},

_ 12)
k k k kN s (
P ={p/" =(x/",y{")|ieq.3q},
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rne ke{0,1}; 3¢g—q —nmmHa Henu; / W ¥ — METKH JIEBOI H

mpaBoii mermu. CHHTE3 Ha pemeTke JBYX KONMI IPOCTBIX
MapajuIeTIbHBIX IeTel ONpeaeNnseTcs yCIoBueM

183 v ) = LTI (i) s (13)

rne Ty () —dynkuus nepexoma mo (5); Havama ueneit
(x4.¥¢) € Pk ; S — HampaBJeHHe [BIKEHHS U1 (QYHKIUH
Hepexoja Kak apryMeHT BBIPKECHHS

s=argy§ (D Gl g )
¢ GyHKIHEH
min max(a,b) upu k=0,
seG

max min(a,b) mpu k=1
seG

Ve (ab)=

HCCIICIOBAHUA IIYTU HA KAXXAOM LIare pa3BUTU menei.
Z[HS{ OIIpeaCICHUs HaHpaBHCHI/Iﬁ «TCHU» U «CBE€Ta» Ha CEIrMCHTC

S}(Id+3) (u,v) Tpu paccMaTpUBACMBIX 3aCBETKax H300paKEeHUS
HCTIOJNB3YIOTCS TTAphl TOYEK (pék, pé’f]) anis (p;k, pgqu) HYJIeBOIt

nepapxun. CBsi3aHHbIE ¢ HIMH HaIpaBICHHS é';ldk) (x,y)eF, nna

3aJJaHHOTO HAIpPABJICHUS ¢ ONPENeNsIoTcs Mo (Gopmylie JUis
JIeBOH (WJIK TIPaBoil) Lenu:

ylk _
5}(1dk)(x,y): arct H +m | modz npune0..1. (14)
Xq ~¥3q

JleliCTBUTENTFHO, BBIOOP TOYEK JUIS pacyera HalpaBlCHUI Ierei

P* wm P'* He mMeer 3HAaueHWs, TAK KaK LENMM KaHAa &k
napaienbhel. [lokazarenemM J0CTOBEPHOCTH TaKOI'O peLIeHUs

MOTYT CIIY)KUTh BEJTMYMHBL Z(hdk)(x, y) € F), , cobupaemble B CIIOAX

JAHHBIX
1|34
A (x, ) =22 wE D Ry, 18D (e yr)|L (15)
i=q

(@43)

e TOUKH f i »; ) BblOupatorcs no (13); B -M kaHane

7
d)yHKL[I/ISI BI)I60pa TOYCK U3 HNapaJlICJIbHbIX ueneﬁ HaxXoauTcCsa B
BHJIC

max(a,b) npu k=0,

k
,b =
v(a.b) {min(a,b) npu k=1,

M —MeTKH JieBodl M mpaBoii nenei. JlocrosepHocTh A,
MOKHO PacCMaTpUBATh KaK aHAJIOT BEPOSITHOCTH, OTOOpaXKeHHOIT
HA IIKaIy 0-2° npu rayOuHe b n300paxKeHus.

Wrak, W3 [ByX MNapa/uICJbHBIX Leneil BeIOMpaeTcst oJHa, a ee
HavalbHas U KOHCYHAs BEPLIMHBI OMPEACISIFOT HAIMPABICHUC KaK
yroi. JIOCTOBEpHOCTh HAIPaBJICHUSI OLICHHBACTCS BEIMYHHAMH,
KOTOpbIC HAKAIUTMBAIOTCS B MPOIECCe PasBUTHs Leneid. OTH
BCJIMYMHBI BBIOMPAIOTCS W3 JBYX IapajuIeibHBIX Leneil Kak
3HAYCHMS, HAMMCHEE OTKJIOHSIOIIHECS OT Hy/sl. Bwibop
BBITIOJIHSCTCS HA KaKIOM IlAre pasBUTHs LICMEi M HAllOMHHACT
KOPPEJSLMI0  Lenel, CHHTE3HUPYEMbIX [PH  JBHKCHHH 10
kpurepuio (13).
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JIBe HesaBucumble nenu no (10), aBe napaulesNbHBIC LENH
(Bbimenensl) no (12) m mepeHOC IEHTpa cerMeHTa (IIyHKTHP)
IIPeICTaBIICHbI Ha pHC. 4.

q-# mar

oo o o o o ->./._ .3q_i;I tar
AV Y A

e o o o o o o opopopoPoepoe’ o o o o o
!

® e o o o s o o o o e, o o o o o o

..........Q.......

....../4.\...\\......-

e e)e o o ede o o

N X AT
N <~ V4

e o o o o o o oepoepoepepepo’ o o o o o

Puc. 4: I'pad nenet m11 d =2 , G={3,4,5} B cnoe «TeHN»

BakHOCTB TIpoLeyphl CriIaXuBaHus H300paxeHus (7) o4eBHIHA.
Ona obecreunBaeT IUIABHOCTb IeEpenanoB spkocTeill Touyek. bes
9TOr0 TOYHOCTh U3MEPEHHH yXy/IIIAEeTCs.

3.4.3 Tpemuli amari. Ha TpeTbeMm dTare ONTHMH3HDPYIOTCS
3NIEMEHTHI MATPHIl Ha 0A30BBIX CErMEHTaX S, JUli 3aJaHHOTO

d € D=0..3 noBropeHueM 3TanoB 1-2. 3aMeTuM, 4TO JABHKECHUE

Ha BTOPOM 3Tare MPOU3BOJHUTCSA B CEKTOPE, 3ePKAIBHOM CEKTOPY
nepBoro srana. M XoTs JUIMHA LenHu 1epBOro 3Tarna BIBOe Kopoye
JUIMHBI LIEM BTOPOTO 9Tama, LENH, Ka3ajloch Obl, JOJDKHBI
LEHTPUPOBAaTbCs Ha cerMeHTe. Ha camom jene 3To0  He
HPOMCXOAUT, LIENU OTKJIOHSIOTCS, U3MEPEHHsI B HAIIPABICHUH

HE COBITAJIA0OT C U3MEPCHUSIMU B IIPOTHUBOIIOJIOKHOM

nanpasiennn d =d +4 . Ho HanpaBnenuss 1 d paBHONpPABHEI
U MOXHO BBIOpaTh IJISI «TEHH» M «CBETa» HAWIydllee I10
JIOCTOBEPHOCTH U3MEPEHHE.

Onrtumu3arnus CBOAUTCA K BBIYUCIICHHIO B CJIOAX Fh BOCbMHU

MaTpULl HallpaBICHUM
dk dk
A >:[5,5 ><x,y>] (16)
nu COOTBeTCTByIOI_III/IX M BOCbMU ManI/IL[ I[OCTOBepHOCTeI‘/‘I
dk dk
Al ):[&; )(x,y)] (17)

npu k €{0,1} . [Ipu 5TOM B BepIINHY Ka)KIAOTO CErMEHTa Sl(zd+3)
cIost F}f{”g’) 3aMMCHIBAOTCS. COOCTBECHHO HAIIPABIICHHSI
8™ (xe.3) = 8750 x, )
U COOTBETCTBYIOLINE UM JOCTOBEPHOCTH
A0 e, 9) = 270 )
/e HalpaBJICHUE

9(x, y,k) = arg gag}(/l(h"“ AW yy); (18)

I, v, k)eld,d} .

HampaBnenne 9(x, y,k) MakcuMu3upyer 10CTOBEpHOCTb. IlycTh
rpadsl Lenel Takue, Kak Ha puc. 4. VI3MeHUM HampaBlieHHe  Ha

MPOTHBOIIONOKHOE eMy . HecMOTpsi Ha cOBIaJeHHE OTCUETOB
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{pl, p"}, Berucasemsix 1o (10), Tpadsl He3aBUCHMBIX Iemeii,

BEPOSTHO, M3MEHSATCS, BCICACTBHE 4Yero W rpad MapajuiesIbHBIX
Heneil Toxke M3MEHUTCA. Torxa MaTpHlbl HallpaBiIEHUH M HX
JIOCTOBEPHOCTEH ONTUMM3HUPYIOTCS. DKCIIepUMEHTAIBHO
oOHapyKeHo, 4To BbIOOp 10 (18) ymydmaer pesynbraTsl KA.

3.4.4 Yemeepmnili smar. Dto mpouexypa MNEPKOISIUN
[2,5] marpuny (16), (17) s HampaBiieHUsT d C UEpapXuu
m3mepennii /1 = min(/) Ha Goliee BEICOKUE NEPAPXUU TTUPAMHUIIBI

R . [poueaypa cBoauTCS K PEKypCUBHOMY BBIYMCICHHUIO I10
UEepapXusiM B BEKTOPHBIX TPOCTPAHCTBAX BOCBMH MaTpHIL
HarpaBJICHUN

k)

(dk):[ (dk) ]: 1 im5"
A, 0, (x,5) 5 arct reid]f) +7/m (19)

npu n €0..1 1 BOCBMH MaTpHLL 1OCTOBEPHOCTEH

N T )

heH=2.n;

Hanpasnenue d e D=0.3. JleiicTBuTensHass 1 MHHMMas 4YacTH

A = )

rie  ke0.1 —HOMEp KaHajma; Hepapxus

BEKTOPOB JUI CerMeHTa S}, ;_1(X,») ONPENeNsroTCcsa M0 MOAENIH

CJIOKEHHST BEKTOPOB C BEJIMYMHAMH MOJLYJIS (dk) L(y) wu
aprymMeHra 5}(’7]1‘) (x,y) BBUIE
re™ =5 20 () cos 28, (u,v)),
(u,v)eG
dk dk . dk
m™ =3 200 () sin( 280 (u,v)),
(u,v)eG
rue G=X}, )1 %Y}, ,_| — MHOXKECTBO TOYEK cermMeHra

mo (1); aprymeHt 6,(1711‘)(u,v) YIBAaUBACTCS IS

pacmmmpenns nonymiockoctu [0,7) no mockoctu [0,27) [5, 7];
K — k03] HULIEHT HOPMUPOBKH BEKTOPOB M3 G BUJA
dk
max lglfl)(u,v)
_ (u,v)eG
- (dk)
z/’i‘hfl (M,V)
(u,v)eG
Pe3ynbTaT CcHOKEHUS BEKTOPOB 3allOMHHAETCS B BEPIIMHE
cermMenTa. JlaHHBIE JKECTKO NpUBA3aHbl K KoopauHatam JIM Ha
pas3HbIX YpOBHAX mupamuabl . KoapduuueHT HOpMUPOBKH
MaciTabupyeT A0CTOBEpHOCTh A(X,)), KOTOpas mpu 4 >2 Kak
Mepa KOTGPEHTHOCTH HAINPABJICHHH JOCTHraeT MAaKCHMaJIbHO

BO3MO>KHOM BEJIMUMHBI IS UICaIbHOM JIOKAILHOW OpHEHTalUH, a
JUIS U30TPOIHOM CTPYKTYpBbI OHA paBHA HYJIIO [S5].

3.4.5 TNambili aman. Bemonnsercs oT6op HalpabieHUi Ha

S}(ld+3) '

CerMeHTax (DOpMaJ'[BHO AJIrOpUTM pean3yeTcs

IIOCJIC/IOBATEJIbHBIM ~ BHIOOPOM B KaHalax HalpaBlIeHHH U3
D=0.3 UL Hepapxuu H=2.n UTEPALIUOHHO
h=min(H)= H =H\{h} no ¢popmynam

Ay = [5 (x, y)] [ I (x, )], @1

Russia, Moscow, October 01-05, 2012
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Ay = e [0 )| 22)

re ke0.1 u Hx,y,k)eD — HampaBieHHe-IOOEANUTENb Ha
OT/ICNIbHOM CEerMEHTE HePapXHU /i — OIPEJIEIAIOTCS B BUJIE TTaphl

(H(x, y)k) =arg max max lgldk) (x,).
ke0..1 deD

HanpaBnenuss NOKpbIBalOT BCe MHOrooOpasue OpHEeHTalui
HNANWUBIPHBIX JIMHUH O<JS <7 TpH PaBHONPAaBHOM BbIOOpE
HaIpaBJIeHUH u d mno (18) and mpocThIX OKPECTHOCTEH.
Marpuust  {A,}, {A,} conepxar Hambonee NpaBaONONOOHBIE

HaMpaBJICHUSI M3  KaXJIOro KaHajla, HO HeoOsI3aTelbHO
KOppEKTHBIE. 31eCh Ul KaX0i uepapxun /e H QopMHpyeTcs

18 cnoen: {AY0y, (A, AP} (A} e d €0.3;

Ha stom 3akaHunBaeTcst usmepeHue rnoJieit HarpasieHuii J{1.

Marpuiusl HampaBJIeHHH W BEIMYMH MX JOCTOBEpHOCTEH
1oKa3aHbl Ha puc. 5-7.

00)
AP0 A

AR \\\\\\\\\ ANNNNNNNN
SN (10) , (10)
Sy AGYAG

LU0 (30) ,(30)
AR AC

AR A

LTIl
= T
e el
S

Puc. 5: HanpaBieHust 1 TOCTOBEPHOCTH KaHAJIa «TCHU»
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Puc. 7: OtoOpaHHble HAPaBICHUS H JOCTOBEPHOCTH

Ha puc 7 MoXHO 3aMeTHTB, YTO, HecMOTps Ha aedextsl [,
0003HaYeHHBIE Ha pHC. 1, 0TOOpaHHbIC HA OCHOBE MaKCUMMU3AIHH
JIOCTOBEPHOCTH HampaBieHUs (B BHIE YEPTOUEK) B ITHUX
Ne(eKTHBIX 00IACTSIX TOCTPOSHBI KOPPEKTHO.

Wrak, MeToq u3MepeHus mnosiel HalpaBIeHU OCHOBAH Ha OLIEHKE
BEJIMYMH OTCYETOB TPH TAPAUICTBHOM JBIKEHHH B CIOAX
CBETOTCHEH, a paszerieHue pe3ynbTaroB KA Ha gBa KaHama u

118

U300MIMe Pe3ysbTaTOB HM3MEPEHUil Mo3BoisieT yaydmuts KA
M300paKeHHsT ¥ YMEHbLIUTh owmmnOku oOpaborku AW wu, tem
CaMbIM, YMEHBLINTH OLINOKU HAeHTUUKauuu [6].

4. 3AKINKOYEHUE

[Ipennoxen Meron mapajUieNbHBIX LENed JI1 paclno3HaBaHUA
Hanpasnenuil muauit Ha JIU. On 6asupyercs Ha ¢popmanzme (1)—
(5) ¥ BBINIOJHACTCS HA OCHOBE CJICYIOLINX HOBBIX PEILICHUIA:

— OTCJIC)KUBAHUE CJIOEB CBETOTEHEH Ha OCHOBE KOPPEISALMU TOYEK
U3 mnapauieibHbX Henei (13), 3epkaqupoBaHMs HarpaBJICHUS
newkeHus 1o (16)-(18) u  BEpOATHOCTHOH  OLEHKH
JIOCTOBEPHOCTEH HarpasieHui no (15);

— MHOTOKaHaJIbHOE HE3aBHCUMOE U3MEpEeHHUe MoJiel HamnpaBieHUH
U UX JOCTOBEPHOCTEN COraacHo ypaBHeHUsM (12);

— MEPKOJISIIMI0 MATPHUILl HANPABIECHUH M MX JOCTOBEPHOCTEH Ha
Goniee BbICOKHME Mepapxuu nupamuasl R mno (19, 20) B pamkax
MTUPaMHIATIBHON MOICTI;

—oTOop Hamboiee MOCTOBEPHBIX HANpPABICHUH B KaHalax o
CHHTE3 Marpull Ooyiee BBICOKOTO KadecTBa OTOOPaHHBIX
HaIpaBJICHUH U UX JIOCTOBEepHOCTEH 1o (21, 22).

[IpennoxkeHHbIi METOJ| CYLIECTBEHHO OTJIMYAETCs OT MeTojia
MPOCTBIX OKpPEeCTHOCTEH [5] Kak 1Mo TOYHOCTH, TaK U 10 KauecTBY
H3MEpPEHUH.

B z[aaneﬁIneM IJIaHUPYETCA  pa3BUTUE METOHAA 3a CUET
IIPUMEHCHUS TPEX HapaHIIeIILHBIfI ueneﬁ 1 IMMPUCOCINHEHHNS K HUM
METO/Zia TEH30PHOI'0 aHaJIn3a IMPOCThIX OerCTHOCTefI.
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Tononoro-feomeTpnueckaa Mogenb U3o6paxeHusa Otnevartka Manbua

I'ynxos Bnagumup FOnbesny, YenssOnHckuii rocyaapcTBeHHBIN yHUBepeuTeT, Yenssounck, Poccus

diana@sonda.ru

VYimaer Oner CranuciaBopud, MHCTUTYT pobiiemM nHpopmatuku, Mocksa, Poccust

oushmaev(@ipiran.ru

AHHOTauuA

B paGote mpeiaraercst TONOJOTHYECKass MOJENb U300paKeHHs
OTIIeYaTKa Majiblla, B COCTAaB KOTOPOM BXOAAT I'€OMETPUYECKHE U
TONOJIOTUYECKHE  XapaKTEPUCTUKM  OKPECTHOCTEH  YacCTHBIX
npu3HakoB. OT H3BECTHBIX MOJIEIb OTJIMYACTCS TEM, 4YTO
CONEPXKUT  JUIMHBI OTpE3KOB HAWUIIPHBIX  JIMHMIL.
Tomnosnornyeckast MOJeNb COXpaHsAeTcs B Ma0IOHe H300paKEeHUS.
Wnentudukaiys n300pakeHUH BBITOIHACTCS 1O MabIOHaM.

Knrouesnie cnosa: mononozuqeckue 6eKmopol, coobimusi, ONUHA
ces3U, U0eHmuUpUKayus omneuamxa naivyda.

1. BBEAEHME

OObr4HO MICHTH(OUKALMS JAKTUIOCKOUYECKUX H300pakeHnit
(IN) BemonHsieTcss Ha oOcHOBe mrabmonoB [2]. Ux 6Gasmc
COCTaBJICT ONMMCAHHE YACTHBIX MPU3HAKOB, KOTOPBIE MOTYT OBITH
JICTEKTHPOBAHbl 110 CEPOMY H300PAKEHHUIO, OJHAKO IIPOCTHIX
METOJOB /IS 3TOTO SBHO HefnoctatoyHo [3, 6, 7]. Iloatomy mpu
MOCTPOCHUH 11a0JIOHa, KaK IPaBHIIO, OIMPAIOTCS HA CKEJeT,
noka3anHbiii Ha puc. 1. IIpu kiaccuyeckom moaxoze B InabioHe
JIOTIOJTHUTENIBHO COXPAHAIOT IpeOHEeBBIN cueT [6].

Puc. 1: Ckesner u yacTHblC IPU3HAKU

B Hacrosimee BpeMsi M3BECTHBI Pa3IMYHBIC MAaTEMaTHYCCKHE
MOJIEIH, MCTIONB3YEeMbIe ISl JI0KA3aTeIbCTBA HHANBUIYaIbHOCTH
y3opa [7]. Kaxxmas u3 Takux Mozeieil HallelieHa Ha TOBBILIICHUC
TOYHOCTH MACHTH(GHKALUM, OJHAKO HEU3BECTHO HU OJHOIi
Jydqineid, cBoOOTHOH OT HEeTOCTATKOB Mojenu [6].

Russia, Moscow, October 01-05, 2012

MaremaTrueckass MOZAENb JOJDKHA COAEPXKATh HEOOXOIUMMOE M
JIOCTaTOYHOE  KOJAWYECTBO  TPH3HAKOB  JUISI  YBEPEHHOTO
pacnozHaBaHus m3oOpaxenuit [1, 3]. B maxrtumockonun oObIYHO
BBIICISIOT OOIIME TPH3HAKH, YAaCTHBIC NPH3HAKM U TPEOHEBBIH
cuer Mexay HuMH [6]. OmgHako rpeOHEBBI cUeT, SBIAACH
MOP(OJIOTNYECKOH METPHKOH, HE BBIAEPKMBACT KPHUTHKU.
JIeHCTBUTENIBHO, B CHIYy HPEIIHCAHHOTO IIPaBHIA H3MEPSTh
TpeOHEBBI CYET BHOIb HPSIMOM OT TOYKM [0 TOYKH, OH HE
cBOOOJICH OT CIEIYIOMUX HEJOCTaTKOB [2, 8-10]:

— IIpU MyTallM¥ OKOHYAHUs B PA3BETBIICHHC MM Pa3BETBIICHUS B
OKOHYaHUEe TPeOHEBHIH CYET MOXKET N3MECHUTH 3HAUCHNC,

— IIpU U3MEPEeHHH TIpeOHEeBOro cuera BJONb KPUBBIX JIHHUH €ro
3HAUCHNE HEOTIPEIEICHHO;

— IIPH CMEIIEHUN YaCTHBIX IPU3HAKOB BIOJb JIMHUI TPEOHEBBIH
CYeT MOXKET NU3MEHHTH 3HAUCHUE;

—ecnu TpsiMasi, BAOJNB KOTOPOH W3MepseTcss TPeOHEBBIH Cuer,
MPOXOANT BONM3M APYroro YacTHOTO IPU3HAKa, TO 3HA4YCHHE
rpeOHeBOro cYeTa HeOJHO3HAYHO;

— MHOXKECTBO YACTHBIX IIPH3HAKOB, 1O KOTOPBHIX H3MepseTcs
TpeOHEBBI CYeT MI1 JAaHHOTO YacTHOTO NpHW3HAKa, WIN
HEOTIPEIEICHHO WIIH YCIOBHO OTPaHUIEHO (PagnyCc-BEKTOP).

B ycrmoBmsax momex M OmeparMoOHHON HEONpPENeNCHHOCTH 3TO
IPUBOAUT K YBEIUUCHUIO OMIMOOK MACHTH()UKAINH W CHIDKCHUIO
MIPON3BOJUTEIBHOCTH OHOMETPHUUCCKUX CUCTEM [5].

IlepBass momBITKAa TIPEOJONICHUS YKa3aHHBIX HENOCTaTKOB Ha
OCHOBE Iiepexofia OT MOpP(OJOTHYECKHX XapaKTEePUCTHK K
TOTMoJIOTHYeCKUM xapakTepuctukam I wm3noxena B [8-10]. B
MaHHOII paboTe mpemiaraeTcsi pasBHTHE TOIOJIOTHYECKOTO
MIO/IX0/1a Ha OCHOBE MIA0JI0HA H300paskeHNsI B BHJIE OTOOPaKEHHS

TR} = Ly, Ly, Ly} (1)

rie Fo(m) = [fo(m) (x, y)] —ckener JU; L, — CHMCOK YaCTHBIX

MPU3HAKOB, L, — CIHCOK OOMIMX TPU3HAKOB; L, — CIIUCOK

A v

TOIIOJIOT'MYCCKUX BCKTOPOB JUI HaCTHBIX IIPpU3HAKOB,
CHAOKEHHBIN JJIMHaAMHU OTPE3KOB NallWUIAPHBIX JIMHUH.

2. LHABNOH U3OBPAXEHUA

B pa6ore mabmnon AW mo (1) mpeacraBinsieTcss MHOKECTBOM H3
TPEX CIUCKOB JaHHBIX. PACCMOTPUM 3TH CIHUCKH IO MOPSIIKY.

2.1 CNMUCOK YaCTHbIX NPU3HAKOB

Crucok OKOHUaHUH U pa3BETBICHUIN

L, = {Mi = {(xia)/i)aaiafiasiaviﬁiapiahi}| i Glu”l}’ )

HaxXoadAT B BUJIC

rae M; —9acTHBIA NIPU3HAK; |Lm| =1 — MOLIHOCTb CIIMCKA; | —
MHJIEKC YACTHOTO MpU3HaKa; (X;,);), &, b, 8;, v;, 0;, p; u

h; — KOOpJMHATEI, HANpaBleHUE, TUII, METKA COMHHUTENILHOCTH,
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BEJINYMHA ¥ HANpaBJIeHHE KPUBH3HBI, BEPOSITHOCTh U IUIOTHOCTD
JIMHUH B OKPECTHOCTH YacTHOrO IpU3HaKa. YacTHble NPU3HAKU
JNCTEKTUPYIOT B HH(POPMATHBHOW oOmacTu wu3oOpaxenus [2],
KOTOpas Ha puc. | 3aTeMHeHa.

Koopaunarel (x;,y;) YacTHOro npusHaka M; onpeaenstorcs

KOOp/JMHATaM1 BEpIIUHBI ckeneTa [6]. Hanpasnenne a; kak yroin

OIIPEAEISETCS IPOCTOM LIEMbIO BEPIIMH CKEeJIeTa JUlsl OKOHYAHUS U
TpeMsl NPOCTBIMHU LiensamHu it pasBersienus [2]. Tun ¢ € {0,1}
YCTaHABJIMBACTCS BAJICHTHOCTHIO BEPIIMHBI CKEJIeTa KaK BEPIINHEI
rpada [4], rae 0 — pa3BerBienue u 1 — okoHuanue. KoopauHaTh

, HalpaBJICHUE U THUII ti ABJIAKOTCA OCHOBHBIMHU

napameTpamMu  M; , UCHONB3yeMbIMU Ui uAeHTH(uKaumu JIU
[1,6,7].

Metka comuurensHoctd s; € {0,1} ompenensercs IOJI0KEHHEM
YaCTHOTO IpU3HAKa, OJIM3KMM K HEHH()OPMATHBHBIM 00JIACTSIM
(pony), mpuuem 1 o3Havyaer comHHUTENbHOCTh. Ha rpanuie
HenH)OpPMATHBHBIX ~ oOjacTell  4YacTHble  NPU3HAKM  HE
JETEeKTUpPYIOT. BenuuumHy v; W HampabjieHue 6; KPUBH3HEBI
OTIPEAENAIOT TI0 U3MEHEHHIO HANPaBICHUN JTUHUI B OKPECTHOCTH
£ YaCTHOIO IpU3HaKa [6]. BeposTHOCTL p; paccUMTHIBAIOT
Kak OTHOIIEHHE CpeJHell  BEIWYMHBI OIEHOK KauecTBa
n300pakeHNs B OKPECTHOCTH K HAaWITydIlIeil OLleHKe KayecTBa B
unpopmaruBHoir obmactu JW [2]. IlnotHocTs sMHMK K
PacCUUTHIBAIOT KaK CpeJiHee KOJIMIECTBO JTHHUN, yMEIIAIOIINXCs B
OKPECTHOCTH Ha TIPSIMOH, TPOBEJCHHOH IepHEeHANKYISIPHO
muHuAAM [2]. Anroputm obOpabotku AW omnpexpenser pasmep
OKPECTHOCTH

2.2 Cn1cokK oOWwmx Npu3HaKkoB

CIIMCOK IIeTellb, AeNbT U 3aBUTKOB L, HaXOIsT B BUIE
Ly =18, ={(, )i tisipi by li€lamy |, 3)

rae S; —obwuii npusHaK; |LS|=n2 — MOLIHOCTh CIHCKa; I —

WHJIEKC OOIIero MpH3HAaKa; s . S, " -
KOOPJIMHATHI, HANpaBJICHHE, THII, METKAa COMHHUTEIBHOCTH,
BEPOSITHOCTh W IUIOTHOCTh JIMHUHA B OKPECTHOCTH OOIIECro
npu3Haka. BennymHa W HampaBiCHUE KPUBU3HBI JJIsI 0OIIErO
MpU3HAKa TEPSIOT CMBICI M HE UCMOJb3YyITCs. B 1enom crimcok

noxo6ex crucky L, 1o (2).

KOOp,I[I/IHaTI)I O6H_[el"0 Ipyu3HaKa OIpEACIAIOTCA

KOOpJIMHATAMH LIeHTpa (uryp (3aBUTOK, II€TIS M JEJbTa),
BIMCAHHBIX B  COOTBETCTBYIOILYIO OOJIACT  M300pa)KeHUs.
Hampasiienne ¢; €S; onpenensercs NpociaeKHBAaHUEM XO0Ja
IMHUI, a THI ¢; € {s,,,5;,S,;} OHpEIeNieTcs 0 Xapakrepy u3rubda
IMHMH, TA€ S, —3aBUTOK, §; —Ie€TId, S, —JeapTa [2].

KOOp)Z[I/IHaTI:I , HalpaBJICHUE u TUIl SABJIAKOTCS

0a30BbBIMI napameTpamu S UCII0JIb3yEeMbIMU npu

i
uaeHtudukanuu J[M mo odumm npusHakam u THIy yzopa [6].
MeTka  COMHHUTEIBHOCTH omnpesessieTcsl  Kak
BEPOSITHOCTh , MCHBIIAs 3aJaHHOW BEIUYUHBI, MpHYeM |
03HAYaeT COMHUTEIBLHOCTb. BEpOATHOCTh p; U INIOTHOCTb JMHUH
pacCUMTHIBAIOTCA aHAJOrMYHO (2), HO OKPECTHOCTh

BBIOMPACTCS 3HAYUTEIIBHO GOJIBIIIETO pa3mepa.
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2.3 CNnCOK TONOJIOrMYeCcKNX BEeKTOPOB

DTOT CIHCOK Lv BBIUUCIAIOT HA OCHOBC CIIMCKAa 4YaCTHBIX

m
IIPHU3HAKOB , CJIOA CKEJICTa FO( ) U ApYTrux MaTpull, 5JIEMCHTDI

KOTOPBIX OTOOpaKaroT JIOKallbHBIe cBolicTBa (M.
JInst KaXkJIoro dYacTHOTO IIpHU3HAKa CHHTE3UPYIOT OAWH

TOTOJIOTHICCKHI BEKTOp Vl . MHOXECTBO BCEX TOIOJOTHYCCKHX

BEKTOPOB 3allMCbIBAIOT B BUJC

L={vi={ep o lictn,jetm), @)
rae — TOTIOJIOTMYECKUI BEKTOpP st ; |LV|=|Lm|=n1 —
MOII[HOCTb  CIIMCKA; — WMHIECKC TOIOJOTHYECKOTO BEKTOpa,

COBMAJIAIONIMKA C HMHJEKCOM YacTHOTO IMpH3HaKa, j — HOMeEp

CBSI3U B TOIOJOTHYECKOM BEKTOPE; € — cobbITHE, a l/ — JUTMHA

CBsA3H, CCI)OpMPIpOBaHHaﬂ YaCTHbIM IIPU3HAKOM € HOMEPOM nj;

m; — KOJIMYCCTBO CBﬂSeﬁ, 3aBUCAIICC OT TUIIa YaCTHOI'O
IIprU3HaKa

OnuieM npoueaypy NOCTPOSHUs TOIOIOINYECKUX BEKTOPOB.
B o6mactm scuHoro JIM BBAENSAIOT JMHHM M (OPMHUPYIOT
CTHIN30BAaHHOE W300pakeHHe B BHAE CKenera. llo ckenery
JICTEKTUPYIOT [Ba TUIA YAaCTHBIX IIPU3HAKOB: OKOHYAHMs MU
pasBerBieHus [6]. Ha puc. 1 mokasaHsl HalpaBlICHHUs YacCTHBIX
npu3HakoB. Hampapnenwme Kkak yroia ykasblBaeT B 00JacTb
yBeaMueHus uucia auHui. OHO NapajuleNbHO KacaTelbHOH K
HNaNWULIPHON JIMHUY B MaJIOM OKPECTHOCTH YacCTHOIO IPHU3HAKa
Kaxnplii yacTHBI IpU3HAK HYMEPYIOT U OINUCBIBAKOT

KOOpANHATAMH, HAalpaBJIeHHEM, THIIOM, METKOIl COMHUTEILHOCTH,
BSJIMUMHON ¥ HANpPABICHHEM KPUBHU3HBI, BEPOSTHOCTBIO H
IUIOTHOCTBIO JIMHHH B OKPECTHOCTH YacTHOTO INpH3HaKa (2).
3areM OT KaXAOr0 YacTHOTO NpHU3HaKa (QHUKCHPYIOT JiBE
NPOCKIMU: BIPABO U BJIEBO MEPINEHANKYJSIPHO HAIPABICHHIO
YaCTHOrO IIpU3HAKa Ha CMEXHBIC CKeNeTHble JuHMM. Ha puc. 2
NPOCKIMU [0Ka3aHbl IYHKTHPOM, a [BE COOTBETCTBYIOILNE
BEPILIMHbI CKeJIeTa Ha JIMHUAX | M 2 3aKpaluBalOTCS «IBETOM
HPOCKLIUNY.

Puc. 2: [Ipoexiuu OT OKOHYAHUSI U PA3BETBIICHUS

BriGepeM oOfMH 4YacTHBIM MpPU3HAK U TpPOBEIEM uepe3

KOOPIMHATHI BIPaBO M BIEBO CEUYEHHE HA TIIyOUHY

HECKOJBbKUX JMHUA m TEPNeHAMKYIIPHO KacaTelbHbIM K
nepeceKaeMblM  JIMHUSAM W IPOHYMEpyeM [0  CHHpaH,
Pa3BOPAUMBAIOILENCS 110 YaCOBOM CTPEJIKE, PACCEUEHHBIE JIMHHM,
KOTOpble Ha3zoBeM CBs3siMH. CedeHue NPOXOIUT, OTCIICKUBAs
HalpaBJIeHWe KPUBU3HBI JiMHUEA [2]. TiyOuna cedeHus
00BIYHO BapbUpPYyeTCs OT OAHOI 0 BOCEMH JIMHUII BIOPaBO M TaK
ke BiueBo. OnHa NWHUA B CEYCHHH 0OpasyeT JBE CBS3H.
KonmdecTBo cBsi3eil B TOMOIOTMYIECKOM BEKTOPE PACCUUTHIBACTCS
o ¢opmyie

4m+1, ecnu t; € {l} — okoHYaHUE

my = ®)

4m+3, ecnu t; € {0} — pa3BeTBICHIC.
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Tomonoruyecknii BEKTOp ONPEIENSIOT MO0 CEYCHHUI0 METOAO0M
CJIeKEHUs 332 XOJIOM KaXIOH CBSI3M OT CEYEHHs 10 BCTPEUH C
JPYTUM YacTHBIM TPHU3HAKOM, PACIIOJIOKEHHBIM Ha CBSI3U, WU C
NpoeKue oT Hero Ha CBs3M. [lpu HTOM Ha  CBA3SX
JETEKTUPYIOTCS CIIEAYIOIINE BO3MOJXKHBIE COOBITHS, MOKa3aHHbBIC
Ha pUC. 3 ¥ MpeJICTaBICHHbIE B JIBOUYHOM KOJIE:

0000 — Ha cBS3M HET HU YACTHOIO NPHU3HAKA, HU MPOEKLHUHU OT
Hero (JIMHUS 0OpBIBaeTCs Ha Kpako OTIeYaTkKa);

1101 — Ha cBS3W MPOCKUMS OT OKOHYAHUS, PACIIOJIOKESHHOTO
cIpaBa I10 X0y CBS3M, HalpaBJICHUE OKOHYAHUsSI OPHEHTUPOBAHO
HaBCTpEedy X0y CBS3U;

1001 — Ha cBSI3W MPOCKLMS OT OKOHYAHUS, PACIOJIIOKESHHOTO
cIpaBa I10 X0y CBS3M, HalpaBJICHHE OKOHYAHUS OPHECHTHPOBAHO
IO XOJ1y CBSI3H;

1110 — Ha cBS3W NMPOCKLUMS OT OKOHYAHUS, PACIIOJIIOKESHHOTO
cjieBa M0 XOJy CBA3M, HANpaBJICHUE OKOHYAHHS OPHEHTHPOBAHO
HaBCTpEUy X0y CBS3U;

1010 — Ha cBs3W MPOCKLMA OT OKOHYAHUS, PACIOJIOKESHHOTO
cjieBa M0 XOJy CBA3M, HAIpaBJICHHE OKOHYAHUS OPHEHTHPOBAHO
10 XOJy CBSI3H;

0101 — Ha cBA3M HPOEKUUS OT PA3BETBICHHSA, PACIIOIOKEHHOTO
crpaBa IO XOAy  CBSI3M,  HAlpaBJIEHHE  Pa3BETBICHHSA
OPHEHTUPOBAHO HABCTPEUY X0y CBA3HU;

0001 — Ha cBA3M HPOEKLUS OT PA3BETBICHHSA, PACIIOIOKEHHOTO
crpaBa IO XOAy  CBSI3M,  HANpaBJICHHE  Pa3BETBIECHUS
OPHEHTUPOBAHO I10 X0y CBSI3H;

0110 — Ha cBA3M HPOEKUUS OT PA3BETBICHHSA, PACIIOIOKEHHOTO
cleBa MO XOAY  CBSI3M,  HAmpaBlIEHHE  pa3BETBIECHHS
OPHEHTUPOBAHO HABCTPEUY X0y CBA3HU;

0010 — Ha cBA3M HPOEKUUS OT PA3BETBICHUSA, PACIIOJIOKEHHOTO

clieBa 1O XOLy  CBS3M,  HAIPaBICHME  Pa3BETBIICHUS
OPHEHTHPOBAHO T10 X0y CBSI3H;
0011 — pas3BeTBICHHE HA CBSA3M, HANpPaBICHHUE KOTOPOIO
OPHEHTHPOBAHO 10 X0y CBSI3H;
0111 — pas3BeTBICHHE HA CBA3HM, OOPAa30BaHHOM JHHHUEH,

KacaTelbHas K KOTOpOH 00pa3yeT MHHUMAJBHBIA Yyroia Mpu
MIOBOPOTE HAPABJIECHNS Pa3BETBICHUS IPOTHB YaCOBOI CTPETIKHU;
1011 - pasBeTBICHME Ha CBSA3U, OOpPA30BAHHOW JHMHUEH,
KacaTenbHas K KOTOpoH o0Opa3yeT MHHUMAJIbHBIH Yroa mpu
TIOBOPOTE HAMPABJICHHs Pa3BETBICHNUS 110 YaCOBOI CTpEKe;

1111 - okoHuYaHHE Ha CBS3W, HaIpaBICHHE KOTOPOTO
OpPHEHTUPOBAHO HABCTPEUY X0y CBSI3U;
1100 — cBs3p MO JMHHM 3aMbIKA€TCS, KaKOM-ITHOO YacCTHBIN

MIPU3HAK WM MIPOEKLHUS OT HETO OTCYTCTBYET.
C coObITHEM KaK [BOMYHBIM YHCJIOM, JAETEKTHPOBAHHBIM Ha
CBSI3M, aCCOLUMPYIOT HOMEp JaCTHOTO MpU3HaKa,
MHULUUPYOUIEro 3T0 coObitue. CoOBITHE MPUBSA3aHO K HOMEPY
cBa3u. ns coObiuit 0000 u 1100 HOMepa YacTHBIX MPH3HAKOB
OTCyTCTBYIOT. HyMmepoBaHHbBI Ha0Op cBsA3el C 3agaHHBIMU
COOBITHSIMH M HOMEpPaMU YaCTHBIX HPU3HAKOB €CThb 0a308blil
mononocuveckuii 6exkmop (9KOHOMHBINH). CoObITHE M HOMEp
YacTHOTO NpHU3HaKa o0pa3yroT ymopsaoueHHyro mapy. CoObiTne
MOXET OBITH JIOMOTHEHO IJIMHOM CBSI3H OT CEUEHHUS JI0 TIO3HIHH, B
KOTOpOil geTektupyercsi 3To coOwitie. Tak ¢opmupyercs
pacuupennvlii  monoaoeuyeckuil  gekmop. CoObiTHE, HOMEP
YAaCTHOTO TpH3HAKa M IJIMHA CBSA3M 00pasyloT YNOPSAOYCHHYIO
Tpoiiky. s coOprruit 0000 u 1100 mmmHBI CBSA3€i ONMUCHIBAIOT
“HPOPMATHBHBIE 00JACTH, CBOOOIHBIE OT YAaCTHBIX MPHU3HAKOB.
[Ipu >ToM ANMHBI CBsI3€il, OOPBIBAIOIIMXCS HA Kparo OTIEYaTKa,
YCTOHYHUBEI B TOM CMBICTIE, YTO HE YKOPAUMBAIOTCS TPH MONHOI
MIPOKATKE MabIia.
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RU1: Biometry

MecTtomnonoxenne OUTa B JBOUYHOM YHCIE OIPEICIIeT THII
YaCcTHOTO IPU3HAKA, €ro HalpaBjeHHE [0 OTHOIICHUIO K
HAIPaBJICHUIO XOJa CBSI3M, €r0 MECTOIIOJIOKEHHUE 110 OTHOIICHHIO
K CBs3H U Ap. (cM. puc. 3). CoOBITHS MO3BOJISIIOT ONEPATHBHO
COMOCTaBUTh  (MIPOCTHIMM  KOMIIBIOTEPHBIMH  OTIEpAIIUSIMM)
BOKHYIO  JICTAIbHYI0  HMH(QOpPMAIHMIO, HEOOXOAMMYIO  JUIs
CKOPOCTHOM U HAJICKHON HACHTHU(DUKALMH y30pa.

4 . - b

1101 1001 1110 1010
0101 0001 0110 0010

0011 0111 1011 1111

S

1100 0000

Puc. 3: CoObITust, 1eTeKTHpyeMble Ha CBS3H

CedeHue paspe3aecT JIMHUU Ha CBSI3U, IIPOHYMEPOBAaHHBIE IIO
CIupajy, pa3BopaduBaroieiics mo yacoBoi crpenke. Ha puc. 4 u
puc. 5 cedeHuss 1okazaHbl IyHKTHpoM. JUIMHBI  CBA3ei,
COOTBETCTBYIOIINE CCUCHUSIM, IPEACTABICHEI B Ta0n. 1 u Tadu. 2
CHUMBOJIAMH.

[Ipu mymayusx 4acTHOro NpHU3HAKAa OKOHYAHUE 3aMBIKaeTCi B
pa3sBEeTBICHUE, a pa3BETBICHUE pAa3pbIBACTC B OKOHYAHUE.
Benencrsue mymayuii  cBA3M NEpEeHyMEpOBBIBAIOTCA, HO UX
colepxkaHue coxpassercs. Tak oxkoHuaHue Ha puc.4 mocie
MyTallil B  pa3BeTBICHHE MPHOOPETaeT TOIOJOIMYECKYIO
CTPYKTYpY, IOKa3zaHHyI0 Ha puc. 5. HecnoxHo cuHTE3upoBaTh
3aKOH IIepeHyMepalluu CBs3eil UI1 COOTBETCTBYIOLICH MyTaluu
YacTHOrO Npu3HaKa. Tak B Tabum. 1,2 BHIHO, Y4TO TPEThsS CBS3b
JUIs  OKOHYaHMA IIEPEHyMEpOBaHA B HYJIEBYIO CBs3b Ul
pa3BeTBICHUS 03 N3MEHEHUsI COJIepIKaHus, HyJIeBasi — BO BTOPYIO
UT.H.

CHHTE3 TOIOJIOTUYECKOr0 BEKTOPA BBINOIHIIOT U KaXJOro
YaCTHOIO IpU3HAKA, a IOCIEeJOBAaTEIbHOCTh JACHCTBUH — B
nHOpMaTHBHOI 00JAaCTH, TJE MNPOCIEKHUBACTCI XOJI CBSI3U.
ITosToMy HeoOXxo/MMa CErMeHTAIHS y30pa Ha HHPOPMATHBHBIE
HenH(OpPMATHBHBIE 00JIACTH.

Ha sTOM cuHTe3 cHcKa TOIOJIOTMYECKUX BEKTOPOB 3aBEPILIALOT.
ba3oBblil TOmoJOrMYecKuil BEKTOpP MHBAapUAHTEH K IOBOPOTY U
nepenocy JIW, macmrabuomy npeobpasosanuto JIW, miuHEHHbIM 1
HenuHeWHbIM  nedopmarmsim AWM [2, 10].  Pacmmpennsrit
TOIOJIOTHYECKUH BEKTOP OTpakaeT MOPQOIIOTHYECKHe CBOWCTBA
y30pa U TepsAeT «TONOJIOTUYECKY0 YUCTOTY». Eciu He yunuThiBaTh
HECOBEPIIEHCTBO  METOAOB  pAaclO3HaBaHUS, TO W3MEHUTH
coziepkaHne 0a30BOTO TOIIOJOTMYECKOTO BEKTOPA MOTYT TOJIBKO
nedexTsl m300paxkenns. Tak Kak He M3BECTHBI METO/IBI, HJICAITBEHO
oOpabaThIBaronie IPOU3BOJILHBIE HCKAXEHHs y3opa [6], To mpH
[IPOYUX PAaBHBIX YCJIOBHUAX TaKOWM TOIOJIOTHUECKUN BEKTOP
ONTUMAJICH.
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Ta6auna 1. Tonoxornyeckuit BEKTOpP Uil OKOHYAHHUS

Howmep cBsizu | Cobbitue | Muneke | JliuHa cBsi3u
0 1110 22 lo
1 0001 21 l
2 1110 23 l
3 1001 24 /5
4 1111 22 Iy
5 0011 21 I
6 1111 23 ls
7 1010 24 I,
8 0010 25 I3
9 0010 21 Iy
10 1010 20 1o
11 1010 26 IR
12 0011 25 I
13 0000 — —
14 1001 20 /14
15 1111 27 /15
16 0001 25 /16
( 13 114
/ 1 A
: *o—
9 110 20
A | A
: 1
21 !
: 1 :
v 112 \%
i
0o
7 i
20 4 13
: 1
v $17 9
A : A
: \ 26 L —
>25 12 , 11 \"
|
V 16 !'15
1
1

Puc. 4: Ceuenue 1j11 OKOHYAHUS

Ha puc. 4 B ceyeHun ais okoH4YaHUS 19 TIPOHYMEpPOBAHBI CBS3U
0-16, a COOTBETCTBYIOIINI TOMOJOTHYECKUI BEKTOP MPEICTABICH
B Tabn. 1. Hymepanus cBszell HauMHAeTCs ¢ JTMHWHU, HA KOTOPOU
nexxuT okoH4yaHue (cBsizb NeO Ha puc. 4). [Ipu rmyOuHe cedyeHUs
m=4 J1u1 OKOHYaHMS (OPMHUPYETCSl CEMHAIIATh CBs3ei
m; =17 1o (5).
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Ta0auna 2. Tononorudeckuii BEKTOp 11 pa3BETBICHUS

Howmep cBsizu | CoObitne | Mupeke | Jlnuua cBsizu
0 1001 24 Iy
1 1111 22 A
2 1110 22 L
3 0001 21 I
4 1110 23 Iy
5 1010 24 I5
6 0010 25 Is
7 0011 21 1
8 1111 23 I
9 1010 26 Iy
10 0011 25 1o
11 0010 21 I
12 1010 20 I
13 1111 27 I3
14 0001 25 Iin
15 0000 — —
16 1001 20 i
17 1100 — —
18 1100 — —
( 15 16
2 : A 20
1 | oo
11 112
A | A
: 1 :
H 1 :
>21 7 : 8 o3
!
v 3 14 v
|
20
2 e 1 Mo
v 6 15 vy
A
26 &——

<<
—_
N
Ju—
w
[\
=

1
1
|
1
: i
% 10 19 /
|
|
1
1

Puc. 5: Ceuenue 11 pa3BeTBICHHSA

Ha puc.5 B ceuenum s pasBeTBieHHS 19 mpoHyMepoBaHBI
cBsizu 0-18, a COOTBETCTBYIOIIMH TOMOJOTUYECKHH BEKTOP
npescTasiieH B Tabi. 2. Hymepaiys cBsi3eil HaUMHACTCS C JIMHUH,
KOTOpasi paculieruisieTcs Ha jaBe Apyrue juHud (cBsizp NeO0 Ha
puc. 5). Ilpm riyOune cedeHuss m =4 s Pa3BETBICHUS
dopmupyercs aAeBaTHAUATE CBA3el m; =19 corsacho (5)
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[Ipennaraemelif 6a30BbId TOMOJOIMYECKUN BEKTOP pa3BUBAET
paboty amepukaHckoro uzobperarenst Sparrow [8-10], mepBbiM
HaMeTHBILIEro Yyka3zaHHblH mnoxaxon. Ilpocroe comocraBieHue
nyOnukanuii - Sparrow ¢ mpeajiaraeMoil  MOJENbIO  BBISIBIISIET
CIIeyroIUe IPEUMYIIECTBa TOMOJIOTHYECKUX BEKTOPOB 1O (4):

— CHUpAIEBUAHBIA CHOCOO0 HyMepaluu IO3BOJIICT COXPAHUTH
MOHOTOHHOCTb POCTa HOMEpPOB CBSI3€H NpPH NPOU3BOJILHOM
HN3MCHCHHUU l"J'lyGI/leI CCUCHUA m ,

— BHYTpEHHHME CBA3M C HomepoM je€0.4 yuyacTByloT B

(OpMHPOBAaHUK  TOIOJIOTHYECKOTO BEKTOPa, YTO TMO3BOJISET
CHHTE3UPOBATh OJHO3HAUHBIC IpaBHIA IEPEHYMEpaluH CBs3el
MIPH Pa3HMYHBIX MYTaIMSIX YaCTHBIX TIPU3HAKOB;

— CEYCHUE OTCJICKMBACT HAIPABICHHUS KPHBHU3HBI y30pa, UYTO
MOBBIIACT  YCTOWYMBOCTH  TOIMOJOTHMYECKOTO BEKTOpa MpHU
HEJIMHEHHBIX 1e(OpMaIisiX y30pa;

—COOBITUSL  TIPENCTaBICHBl  Hamboliee  TOJHO 33  CYeT
WCTIOJIb30BAHUS TIPOCKITHIA;

— TIOJIHOTA COOBITHH IMO3BOJISIET OJHO3HAYHO OMPEICIUTh COCTAB
MHOKECTBA YaCTHBIX MPU3HAKOB, OTPAKCHHBIX B TOMOJIOTHYECKOM
BEKTOpe ¥ ONpeJelsieMbIX CTPYKTypoil H300pakeHus, a He
YCIIOBHBIMH I'€OMETPUYCCKUMH XaPaKTCPUCTUKAMI,

— YUCIIOBasi  XapaKTCPHCTHKA  COOBITUS HE  3aBUCHT  OT
nedopmanuii  M300pakeHMs, TaK Kak CCUCHUE OTCIEKHBAET
HaIpaBJICHUE KPUBU3HBI JIMHUIT,

— JUTMHBI CBSI3CH JIOTIONHSIFOT TOTIOJIOTUYECKHE BEKTOPHI HOBBIMH
JIAaHHBIMH, KOTOpPBIC HEBO3MOXKHO paccyWTarb Ha OCHOBE
FEOMETPHYCCKUX XaPAKTEPUCTUK YaCTHBIX NPU3HAKOB, TaK Kak
YYUTHIBAIOT NCKPUBICHHOCTD JIMHUIA.

Tonosoruyeckuit BEKTOp HeceT HH(POPMAIMIO HE TOJIBKO O
BEJINUMHE TPEOHEBOrO CUeTa B BUJIC HOMEpa CBS3U, HO U HOBBHIC
JTaHHBIEe, HEJOCTYIHBIE NIPH HCIIOJIb30BAHUM I'PEOHEBOrO CYeTa.
Tak wu3 rpeOHeBoro cuera B OOWmEM ciydae HEBO3MOXHO
ONpENeNIUTh, HABCTPEYY WM 110 XOAY CBS3H OpPUCHTHUPOBAH
YacTHBI TNpPU3HAK, a TaKkKe CIpaBa WM CIeBa OT CBSI3M OH
HaxomuTcs. JIeHCTBUTENBHO, MPU aHAJIHM3E YacTHBIX MPU3HAKOB,
PACIIONIOKEHHBIX 110 Pa3HBbIC CTOPOHBI METIIM WM 3aBUTKA (JTMHUH
3aKpy4YHBAIOTCS), TCOMETPHYCCKAE  XAPAKTCPUCTHKH  HE
MI03BOJISIIOT OJHO3HAYHO PACCYHMTATH COOBITHE, MOITydaeMoe IIpH
NIPOCIICKUBAHUN CBSI3U. ['peOHEBEI cueT 37ech He paboraer.
HoBble naHHBIC B BUJIE COOBITHI 00CCIICUMBAIOT OoJice TOIHYIO
nHdopmammio o QparMeHTe y3opa, 4YeM TPEOHEBBIH CHUET:
COOBITHSI, JTOTTOJHCHHBIC YACTHBIMH IPU3HAKAMH, MO3BOJISIOT
pexoHcTpyuposath ckenet /IW B Bune nomansix tuHuii [ 10].
Homep ogHOTrO 4acTHOTO MpH3HAKA MPHCYTCTBYET B PA3IHYHBIX
TOIOJIOTHYECKUX BekTopax. OOpasyeTcs CHIIBHO CBSI3aHHBIH Tpad,
10 KOTOPOMY MOKHO IEpPEXOJUTh OT OJHOTO TOIOJIOTMYECKOIro
BEeKTOpa K JpyroMy. OTo o0ecnedWBaeT NEJIOCTHOCTh H
ycToiuuBOCTh onucanus ysopa. KomudectBo ceszeit m, 1o (5)

UrpacTt BaXHYIO POJib. X xonmmyecTBO BIMSET Ha BEPOATHOCTH

TOrO0, 4TO rpad ¢ BepIIMHAMU V; CBA3aHHBIN.

Tononoruyeckue BEKTOPBHl MO3BOJIIIOT  OHHMCATh  CTPYKTYPY
n300paKeHusl Ha pazn4yHOM ypoBHe. [1o cytu, oHu GopMupyroT
0aHK JaHHBIX JETAJIFHOTO OIHMCAHUS NANWULIPHBIX Y30pOB.
JIeHCTBUTENIFHO, KPIOUOK 0O0pasyeTcs pa3BETBICHUEM, IS
KoToporo cobObitne 1111 HaxoauTcs Ha INEpBOM WM BTOPOH
CBSI3M, a JUIMHA CBsI3U Maja. OparMeHT JUHUK 00pa3yeTcst ABYMsI
OKOHYaHUSIMHU, 3aMbIKAlOUIUMHUCA JApPYr Ha Jpyra HyJEBbIMU
cBA3sIMH ¢ Manod JummHOWM. [masox oOpasyercst  IByms
Pa3BETBICHUAMM, IIEpBasi U BTOpas CBSI3M KOTOPBIX 3aMBIKAIOTCS
Ha 9TH pa3BeTBieHus ¢ coobrTrsivu 0111 1 1011 n umerot Manyio
qmHy. MocTtuk  oOpasyercst AByMs Ppa3BETBICHUAMHM, Ul
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RU1: Biometry

KOTOPBIX MepBasi WM BTOpas CBsI3b SBIACTCS OOIICH, a THHA
CBA3M Maja. OTH YacTO BCTpedaeMbie (parMeHThl y3opa
npescTaBiieHbl Ha puc. 6. [lox manol AIMHON CBSI3U MOHUMACTCS
BEJIMYMHA, COM3MEpUMasl C JIOKAJILHO YCPEIHEHHBIM IEPHOIOM

.

KPIOYOK dbparment IJ1a30K MOCTHK

Puc. 6: JleranpHoe onmcanue GpparMeHTOB y30pa

OueBuaHO, 4YTO OaHK  JAHHBIX  JICTAJIBHOTO  OIHCAHHS
HNaMWUBIPHBIX Y30POB YIydiiaeT HHPOPMATHBHOCTD MTPU3HAKOB U
ToyHOCTh HIeHTH(UKauuu [6,7]. Ho 3T0 He enuHCTBEeHHOE
IPEeUMyLIECTBO MoJenu. PacnonoxeHHble B  ONpPENeICHHBIX
obnactsix [1W, atn nuHdopMaTHBHBIE MPU3HAKKA MOTYT HOPOXKAAThH
CHTHATYPBI, MO3BOJIAIONIME YCKOpUTh uieHTudukamuio U B
JIECATKH Pa3.

3. PE3YJIbTATbI 3KCMEPUMEHTOB

Mo pesynbraram uccnenoBanuii B komnanuu Sonda Technologies
pa3paboTaHO IporpaMMHOE OOecleueHne JUisl PacIo3HaBaHUS
n300paKeHNH OTIIEYaTKOB IAJBIIEB U UX CJICJIOB, COAEpIKaIee
¢yHKIMIO 00paboTKH M300pakeHUs ¥ (QYHKIHIO UICHTH()UKANH
n3o0paxkeHnil 1o mabiaonam. OyHkMsS 00pabOTKH TeHEpUpyeT
m1abIoHEl, CHAOXKEHHBIE TOIOJIOTMYECKHMH BEKTOpAaMH IS
YAaCTHBIX NPH3HAKOB, a (QYHKIHS HICHTHOUKANN BBIUHCISCT
cTeneHb monobmst mabiaoHoB. OIeHKa KadecTBa PabOTHI ITHX
¢(yHKuMit Ge3 BBIYMCICHWS JUIMH CBS3€il BBHINOJHEHA HA TECTE
FVC 2004 [11], ma xotopom 43 pa3paboTyMka IIPOTpPaMM
npeacraBund 67 anroputMmoB pacnos3HaBaHus JIM. Pesymnbrars
oneHok B Busie DET-kpuBBIX ITOKa3aHbl HA puUC. 7.

FNMR
1

FMR1000
FMR100

B

i
gl
I

f

101

102

103 '
10 10+ 103 102 101 FMR

Puc. 7: Pe3ynbTarsl 9KCIIEPUMEHTOB
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Ha puc. 7 xpuBasi, oTMeueHHas CHMBOJOM 1, paccuWTaHa Ha
OCHOBE TOIIOJIOTUYECKUX BEKTOPOB, HE COAEPKAIIUX JJIMHBI
cea3eil. Ona mocrpoeHa Ha Tecte FVC 2004 mno 0Oaze
n300pakeHHii O0THeYaTkoB naibiieB DB1, CHATBIX ¢ ONTHYECKOTO
cercopa V300 ¢upmer CrossMatch. BumHo, 4YTO airoputm,
UCIIONB3Y IO TOIOJIOTHYECKUE BEKTOPBI, JIOIyCKaeT
MHMHHMaJIbHbIe OIMOKH pacriozHaBanus J{1 naxe 6e3 ydera JUIMH
cesizeil. KpuBas, oTMeueHHas CUMBOJIOM 2, TOJyueHa Ha TOM ke
6aze m3obOpaxenuit DB1, HO ¢ yueToMm JUIMH CBs3edl B COCTaBe
TOITIOJIOTHYCCKHUX BEKTOPOB. 3Ta KpuBas l'lOJ'Iy‘[eHa B
11a00paTOPHBIX YCIOBUSX. BenmuuuHbl OMIMOOK HMACHTU(DHKALNH
CyLL[eCTBeHHO yMeHbIJ_lI/lJ'[I/ICb.

4. 3AKIIOYEHUE

[Ipenoxena Tomonornyeckas MOJIEIb, sl IOCTPOCHHS KOTOPOH
TpeOyeTcss BBITIONHEHWE CPAaBHUTEIBHO HEMPOCTBIX METOJIOB
obpaborku AW [1-3]. DTta Monmems coxpaHsercss B malIoHE
n3o0paxenus. ['pad kaxaol Mojaenu CHIBHO CBs3aH M 00JamaeTt
BBICOKOW CTENEHBI0 M30BITOYHOCTH, a pebpa rpada MmoMeveHbI
JUIMHOM CBSI3H.

B Tomonoro-reoMeTpruuecKoil MOJENU HCIOJB3YIOTCS HOBBIC
cniocoObl mpezcraBienns mabnona M. O6bemom mrabiona 1
MOJYKHO YIPaBISITH BBEIOOPOM 0a30BOT0 WM PACHIMPEHHOTO

TOIIOJIOrMYCCKOT'O BEKTOpa. I[.IIS{ HCKOTOPLIX PEKUMOB
HIIGHTHq)HKaHHH JA0CTAaTOYHO OJIHOT'O CIIMCKa HaCTHBIX
IIPU3HAKOB.

OKCIIepUMEHTAIBHO J0Ka3aHo, 4To wuaeHTHhuKamus JU nHa
OCHOBE IIA0JIOHOB, B COCTaB KOTOPBIX BXOMASAT TOIIOJIOTO-
TEOMETPUYECKHE BEKTOPHI C JJIMHAMHU CBSI3€H, MOXKET OBITh
BBIIOJIHEGHA C I[OBBIIICHHOW TOYHOCTBIO M  HAJCKHOCTBIO.
[Ipeumymectsa HOBOM MoJend 10 CpPaBHGHUIO C paHee
HCII0JIb30BaHHOM T0Ka3aHbl Ha npuMepe tecta FVC 2004.
JanpHeiimee pa3BuTHE padOT IUIAHUPYETCS B HAINPABICHUH
TOIIOJIOrO-F€OMETPUYECKOr0 IOAXOAA IJIs ONMCAaHHsS OTPE3KOB
JINHUH, a HE TOYEK.
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I'Iony'-leHMe YCTOVI‘IVIBOI'O KpMnTorpadeecxoro Kno4ya n3
GMOMeTpM‘-IeCKOﬁ XapakKTepnuCctTukun M306pa>|<eHm| oTneYyaTtkoB narnbueB

Ymmaes O.,C., Ky3nenos B. B.

Wucruryr npobnem nndopmarnku PAH,
oushmaev@ipiran.ru, ikuvlad@gmail.com

AHHOTaUuA

B crarbe paccmaTpHBaeTCs METOA W3BJICUCHHS YCTOWYMBOU
JIBOMYHOW CTPOKH M3 U300parkeHus oTnedaTka nanpia. Ocodble
TOYKH OTIEYaTKa — MMHIOUMH — M MX CBSI3U JPYT C APYroM
(OpMHPYIOT TOIOJIIOTHYECKOE ONHCAHWE MIa0JIOHAa OTNevYaTKa
Hajpla, KOTOPOE CTaBUT B COOTBETCTBHE KAXIOW MMHIOLMHU
88-OutHplli OuHapHBIA BekTop. Tormomoruyeckoe OIMMCaHUE
camMo mo cebe sBusercs rpadom, M A1 BBEJCHHS Ha HEM
nopsiika pa3paboTaHbl TPH METOJA: C BBEACHUEM BHYTPEHHETr O
HOpsIJIKa Ha MHOXKECTBE BEPIINH, C ITyOIMKaleil KOHTPOIBHBIX
TOYEK, a TaKKe METOJ, OOBEAMHAIONMI 00a HpeablIyIInX.
IpemioxxeHHble METONBI MO3BOJISIOT CTPOMTH BEKTOp IJIMHOU
600-1728 OwuroB, coxepxamuid okono 25% OMHUOOYHBIX
no3unumit. Jlnst ucnpaBiieHUs OMMOOK HCHONB3YIOTCS KOIbI
Anamapa, a TaKkXKe KacKaJHOE€ KOJUPOBaHHE, BKIIOYAIOILIEe
BUX-konp! u perukanuoo. TakuM 00pa3oM C BEPOSTHOCTHIO
okoo 90% HaxomuTcsl UCXOAHBIN Kitou ¢ 3HTporuei B 20-36
6uTOB.

Knwuesvie cnosa: 6uomempuueckas uoeHmu@urayusi;
omneyamKy narbyes; 3auUeHHas UOeHMUPUKAYUS.

1. BBEOEHUE

Pa3BuTHe TENCKOMMYHHKALMl MOCACAHHMX JIET MPHBEIO K
HPOHUKHOBEHHIO HHTEPHET-TEXHONOTMH B  IOBCEIHEBHYIO
JKH3Hb. BMecTe ¢ 3THM BO3HHKIA MOTPEOHOCTH B yHaJCHHOM
JOCTYIIe K YCIyraM, KOTOpbIe OZHOBPEMEHHO MPENoaraloT 1
HaJKHOCTb AyTCHTU(UKALMKM, ¥ AHOHUMHOCTH JOCTYNa
nosp3oBaTens. sl HaJeKHOCTH MOATBEP)KACHHS JIMYHOCTH
BCE dYalle NpUOErarT HEeMOCPEICTBEHHO K HCIONB30BAHHUIO
OuoMeTpHH, OAHAKO el TpUCYIIM CBOM IpobieMbl. B
CIOXHUBLIMXCS Ha MPAaKTHKE CHCTEMax OHOMETPHYCCKOH
UaeHTHOHUKAUUMH  OMOMETPUYECKUH  HIA0NOH  MONHOCTBIO
pacKpbIBaeT JIMYHOCTh YEJIOBEKa, YTO CHIBHO 3aTPyAHSET
HpPUMEHEHHE OGuoMeTpHIeCcKOM UICHTH(HKALHN B
MaclTaOHbIX HH(POPMALMOHHBIX CHCTeMaX. Tarke MOXKHO
OTMETHTb  CIOXKHOCTb ~ HHTETPAlldM B  TPAJIULHOHHYIO
unppacrpykrypy umbppoanus/OLII u  HEBO3MOXHOCTH
nepeBblIaul (HanbCHGUIMPOBAHHON KITIOYEBOH HH(OpMALMH.
Pemmte 3TH NpoOGJieMbl MO3BOJISET TEHEPALHUs OT3HIBAEMOrO
KpHUnrorpapuueckoro (Wi HACHTH(PUKALMOHHOI0) KIIIOYa,
KOTOpas HCIONB3YeT OHOMETPHIO TIONb30BaTeNs, HO HE
BKJTIIOYAET ee.

2. OB30OP CYLWUECTBYIOWKUX METOOOB

OcHoBHasi mpoOiieMa BceX OHOMETPUYECKHX IPU3HAKOB
COCTOUT B HMX OTHOCHUTEJIbHON HECTaOMJIBHOCTH, T.€. B JIBYX
TOCJIE/IOBATEbHBIX NPEIBABICHHUAX UX 00pa3bl OyayT MOOUTHO
HeycToHuMBbIMU. Kak crieacTBue, HEBO3MOXKHO NpPUMEHEHHE
muppoBaHus ¥ OOBIYHBIX XelI-QYHKIUH ¢ Tochenyromen
HPOBEPKOH PE3yJIbTaTOB PA3HBIX MPEIbABICHUNH Ha PaBEHCTBO.
Jns  pemeHust 93TO  TpoOJIEMBI B MHpPOBOH  IIPaKTHKE
CIOXKWINCh JBa MOIXOAA: «HedeTkoe XpaHwiuie» (“fuzzy
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vault”) u «Heuetkuit skcrpakrop» (“fuzzy extractor”) [2, 5].
OOBeIUHACT UX HCIONIB30BaHUE HHPPACTPYKTYPHI OTKPBITOrO
XeJrepa, AHAJIOTMYHOW  TOW, YTO  WCIONB3YeTCs  TpU
U(POBAHUH C OTKPHITHIM KITF0YOM. Ha OCHOBE mapbl «xenmep
— MOPEIbSABICHHBIM HACHTHOUKATOPY TpU ayTCHTHHUKAINH
MPOMCXOMUT  MOCTPOCHHE  KPUNTOrpauueckoro  KIroda.
Pasnuurie MeXIy HEYCTKUM XPAHWIHIIEM M HEYCTKHM
SKCTPAKTOPOM COCTOHMT B TOM, YTO B MEPBOM CIIydae OTKPBITHIN
XeJIrep MpeCTaBisieT coboi MHOKECTBO MPOU3BOIBHOTO BH/IA,
B TO BpEMsl KaKk BO BTOPOM — KOHEYHOMEPHBIH BEKTOp. 3alura
OT pasrjalieHdss GHOMETPHYECKOrO HACHTH(HHKATOPA COCTOUT
B TOM, YTO HH OTKPBITBIH XeJrep, HH KpHITOrpaduuecKuit
K04 ~ HE  TO3BOJSIOT  BBIYHCIUTH  MOJIB30BATEIBCKYIO
Oouomerpuro. Kak cieacTBHe, HEBO3MOXHO YCTAHOBHTH
JMYHOCTH MYTEM aHaiu3a APYruX OHOMETPHUECKUX CHCTEM, HO
OpH  3TOM  BO3MOXXKHO  TOATBEPAHWTH, UYTO  JIAHHBIC,
OpPEIBABICHHBIC MPH PETHCTPALMH U ayTeHTH(HKAIIUH,
NPHHA/JICKAT OJHOMY YEJOBEKY C JOCTATOYHOM CTEMEHBIO
nocroBepHocTH. Ilpm  sTtoM o0bGa TOAXOAa  MO3BOJISIOT
MePEBBIIATh KIFOYEBBIC JIaHHBIC B HOBOM CECCHH PETUCTPAIIHH,
Oiarogaps dYemy I0 yAOOCTBY HCIOJBb30BAHUSI OHOMETPHS
CTAQHOBHUTCS OJIMKE K MMApONIF0 M APYTHM IEpPEBbIIaBACMbIM
UICHTH(PHUKATOPAM.

BONBIIMHCTBO MpEeABIAYIMX HCCIEA0BAHUH, IOCBSIEHHBIX
COBMEILIEHHIO Kpunrorpadpuu ¢ OHOMETpUEH OTHNEYaTKOB
HaJbLEB, UCIONB30BAIM MOAX0/ HEYETKOro Xpanuwirma [4, 6,
7], a eIUHCTBEHHBIM ONMCaHHBIM B JHUTEpaType HEUYCTKHH
9KCTPAKTOP MMEET BBICOKYIO HyBCTBHTEIBHOCTb K mIymy [1].
Takoii gucOamaHc B  KOJNMYECTBE NYONMKALUiA  CBsI3aH
TPaJMIMOHHBIMH  METOJAMH  IIOCTPOEHHMS W  CPaBHEHHs
mabioHoB  ornedaTkoB. CTOUT OTMETHTh, YTO HPOOJIEMBI
COBMEIIEHHS OWOMETPUH M KpUNTOrpaduu HE MOMyNSAPHEI

CpeM  OTEYECTBEHHBIX  MCCIICIOBAaHMH, TP  aHaIu3e
JUTEPATYphl YIAJIOCh HAUTH TOJBKO J1Be paboTHI [3, 9].
3. HEYETKUHA OKCTPAKTOPA anda

OTNEYATKA MNMAJIbLA

B nanHoli pabore paccMaTpUBaeTCs HEYETKHH 3KCTPAKTOpP IS
OTIICYaTKOB  MaJbLEB, T.€. AITOPUTM HpeoOpa3oBaHUs
U300pakeHHss OTHeYaTKa B IOOMTHO YCTOWYMBBIA BEKTOP.
CTpyKTypa 3KCTpaKkTOpa HpeICTaBiIseT coOod 00beaUHEHHE
JBYX AJITOPUTMOB! HOCTPOCHHS 3aIlIyMJICHHOT'O
OMOMETPUYECKOr0 BEKTOpa U KOppeKUMH omuOoK. [l
MOCTPOCHHS 3aLIYMJICHHOIO OHOMETPHUYECKOr0 BEKTOpa U3
U300pakeHHsl OTIeYaTKa Majblla Ha CETOJHAIIHWHA JICHb HE
CYIIECTBYET OOIICNIPUHATOrO IIOAXOJA, 4YTO CBA3aHO C
0COOEHHOCTSIMU I11a0JIOHAa OTIeYaTKa MNajbla. TpaJuIiMOHHO
ma0JIOH OTNEYaTKOB MPEJICTABIACTCS KOHTPOIBHBIMHU TOUYKAMHU
(pa3BeTBICHUAMH M OKOHYaHUSAMH NANWUIAPHBIX JIMHUA) U UX
JOKaNbHBIMU  arpubyramu. [J100aNbHO 3Ty  CTPYKTYpY
HEBO3MOJKHO OIMCAaTh KOHEYHOMEPHBIM BEKTOPOM, OJHAKO
JIOKaJIbHbIe OCOOEHHOCTH KOHTPOJBHOW TOYKH JIOMYCKAaroOT
nogo0HOE  ONMCaHWE C  WCHOJIb30BAaHMEM  TOMOJOTHH,
omucaHHOM B coBMecTHOoW cratbe O. C. VYmmaea u
10.B.I'ynkosa [3]. Tonosnorus ONUChIBaeT OTIEYATOK Kak rpad,
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B KOTOPOM KOHTPOJIBHBIE TOYKU CBSA3AaHbI ONMMKANIIIUMK K HAM
ManmwuIAspHbIMU  JIMHUAMMU. DOTO MO3BOJIAET  JOMOJHUTH
JIOKaJIbHBIC OnHrCaHus KOHTPOJIBHBIX TOYCK BEKTOPOM
(HaSLIBaeMLIM TOHOJ'IOFI/I'-IGCKI/IM), ONMKCBIBAIOIIUM CBA3b C
JAPYruMHu TOYKaMH. Ha ocHoBe sTux onucanuit peaIn30BaHbl
JBa METOJAa MOJYy4YCHUSA ycTOfI'-IPIBOFO KpI/Il'ITOFpa(i)I/I'-IGCKOFO
KJII0Ya: C BBEJICHUEM KaHOHHUYECKOU HyMepauuu 0COOBIX TOUYCK
qepes Hy6J'II/IKaLII/I}O 4aCcTu KOOpAUHAT (MCTO,H C BBCIACHUEM
BHCIIIHETO HOprI[Ka) U METOA C BBEACHHUEM BHYTPEHHEIO
MopsAAKa B NIPOCTPAHCTBE TOIOJIOI'MYECKHUX BEKTOPOB.

3.1 MeTon c BBegeHUeM KaHOHMYECKOMN
HyMepauumu

Meron C BBCICHUEM KaHOHUYECKON HyMepauuu
IpeaycMaTpmuBacT Hy6J'II/IKaLII/I}O KoopauHaT HECKOJIBKHUX
KOHTPOJIBHBIX  TOYECK. Nx KOOpAWHATBI UCIIOJIB3YKOTCA B
Ka4€CTBE TOYKH OTCUCTA IJIsI BBEIACHUA HAa OTIIEYATKE CUCTEMbI
KOOpAUHaT, 6J1aroz[apﬂ YeMy IOABIIACTCA  BO3MOXHOCTH
3aHYMEpPOBaATh MNalMWIAPHBIE JHWHUA W KIHOYEBBIC TOYKU
KaHOHUYCCKUM o6pa30M. Kanonuueckas HyMeEpanus 1o3BOJIACT
COIOCTAaBJISTh 0COOBIC TOUKH B PasHbIX NPEABABIICHUAX U U3 UX
TOIIOJIOTUYECKUX BEKTOPOB (l)OpMI/IpOBaTL KOHe‘IHOMepHLIﬁ

BEKTOp  (Ha3bIBaeMbli  OMOMETPHYECKHM)  OTHOCHTEIBHO
Oonmpmioil  pa3MepHOCTH — BIWIOTH g0 704  GuTOB.
buomerpuueckne  BekTOpa ~ HE  SABISAIOTCA  MOOWTHO

YCTOMYMBBIMM: B cpeiHeM, ommnOka HaOmomaerca B 22%
6utoB.  OTKpBHITBIH ~ XeJmep  BKIIOYAET  KOOPAWHATEHI
KOHTPOJIBHBIX TOYEK I8 IO3UIMOHUPOBaHHUA (OT MATH [0
BOCBMH) " pe3ynpTar JIOTHYECKOro CIIOXKEHUS
OHOMETPUYECKOro BEKTOpa C KPUOTOrPahUUECKHM KITFOUOM.
Bo Bpemst ayreHTH]HKALMK O TOYKaM M3 OTKPBITOTO XeJepa
BBOZIUTCS HyMEpaLHsl NaNIWIAPHbIX JIMHUI HAa PEAbABICHHOM
OTIIeYaTKe, CTPOUTCS OHOMETPUYCCKHH BEKTOp, KOTOPBIi
CKJIaJIbIBACTCSl ¢ BEKTOPOM-CYMMOW M3 XeJepa, U pe3ysbTaT
nojBepraercss dTaly KOPPEKIMH OmMOOK, YTO JieJaeT
BO3MOYKHBIM HOCTPOCHHE HEIOCPE/ICTBEHHO
KPUNTOrpa)M4eCcKoro Kioya.

3.2 WUcnpaBneHue owmnbok

HcnpaBneHue oOmMOOK peaqu30BaHO C  HCHOJIb30BAaHUEM
KacKa/HOro KOAMPOBAHMs, BKIIOYAIOLIET0 KOIMPOBAaHUE C
HOCJIE/IOBATEIIBHBIM NIPUMEHEHUEM KOPPEKTUPYIOINX KOJIOB
Bboysa-Hoynxypu-XokBuHrxema u  permukamuioo.  Takoe
KOJMpOBaHHE OOYCIOBICHO CTpyKTypoil ommbok: BUX
KOPPEKTHPYIOT —IIYMOBBIE OIIMOKM, B TO BpeMs Kak
pEIUTHKALS TTO3BOJIACT CHPABIATHCA C OJOYHBIMU (CBA3aHHBIX
C «BBITAJACHUEM) MHHIOLIHN).

3.3 MeTop c BBegeHuem BHYTPEHHEro nopsigka

Mertos, OCHOBaHHBIH Ha BBEJCHWM BHYTPEHHETO MOpSIKa,
COCTONT B  pa3OMEHHWM TIPOCTPAHCTBA  TONOJOTMYECKHX
BEKTOPOB Ha Kiactepbl. Kaxkaplii OMT OunOMETpHUYECcKOro
BEKTOpa COIOCTABJIACTCS ¢ KJIAacTepoM. B kauecTBe MCXOIHBIX
JAHHBIX BBICTYIIAET MHOXKECTBO TOIOJIOTHYECKHX BEKTOPOB
obpabaTpiBaeMoro ormedyarka. Jind  Kaxmoro  BekTopa
Haxonarcs k Ompkaiinx B MeTpUKe XEMMHHIra KIacTepoB.
butel OMOMETPHUYECKOr0 BEKTOpA, COIOCTaBJICHHBIE C ATUMHU
KJIacTepaMH, I0JIaraloTcs €IMHHYHBIMH. B KauecTBe LEHTPOB
KJIaCTEPOB  HCHOJNB3YIOTCS  BEKTOPA-CTONOLBI  MaTPHIIBI
Anamapa, 4TO JieNlaeT pacrpesiesieHHe BEKTOPOB IO KilacTepam
Oonee yCTOMYMBBIM K IOMEXaM. BHOMETpHUYECKHH BEKTOp
COIEPXKHUT B cpetHeM 35% ommOo4HbIX OUTOB, HO PH 3TOM OH
umeeT Oonpuryto qmuHY (1o 1024 OHTOB) M 3HAYUTEIHHO
ycroiiuuBee K OJOYHBIM OIIMOKaM. OTambl PErucTpaluy,
ayTeHTH(HUKALMN U KOPPEKLUH OLINOOK, B IIEJIOM, aHAJIOT HYHBI
HpebIIyIeMy METOY.
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Hnsa xmroya jmHOM 30 OMTOB MHEpBBIH METOJ IIO3BOJISIET
jgoctuub ypoBHs omn6ok FRR < 19% npu FAR < 0.01%.
Bropoii meron B Tex ke ycnmoBusix jmaer FRR = 37% mpu
FAR = 3%. K ToMy e peryampoBKa OCYLIECTBISETCS
non0opoM MapaMeTpoB 3Tana KOPPEKIUH OIIHMOOK, YTO JAJICKO
He Bcerjga ontuManbsHo. C Apyroi CTOPOHBI, IPU OTHOCHTEIBHO
GOJIBIIOH SHTPONMH METOJ C BBEICHHEM BHEIIHErO INOpsijKa
nmeer oxonoHyneBo FAR, Ho Beicokuit ypoBeHb FRR, u
UMEET CMBICH CHHU3UTh IIOCICIHUHA IIEHOW HEKOTOpOro
YBEJIMYEHHS YPOBHS JIOKHOrO Jlomycka. Jlns pemieHust 3Tod
3374l OBUIM TPOAHAIU3UPOBAHBI OHOMETPUYECKHE BEKTOPA,
Ha KOTOPBIX METOJ| C BBE/JCHHEM BHEIIHEro MOpsIKa JaeT
OIIMOKY JIOXKHOTO HEIOIMyCKa, M ObUIO YCTAQHOBJIEHO, YTO
OOnblIas 4acTh M3 HHUX CBfA3aHA C OJIOYHBIMH OIIMOKAMH.
JleficTBUTEIBHO, NaXe eClIH OMOMETPHYECKUH BEKTOP CTPOUTCS
U3 BOCBMH MHHIOIMH, M3 KOTOPBIX BBINANAIOT IBE, TO 3TO
OrpaHMYMBAET CHHU3Y YHCIO OIIMOOYHBIX OHTOB 25%, uTO
HaxoouTcs Ha rpanunie Bo3MokHoctedt BUX (mpu ycnoBuu
HOJIHOTO OTCYTCTBHUSI JAPYrMX IIYMOBBIX ommnOok). OcHOBHas
unes 60prObI ¢ GJIOYHBIMH OIIMOKAMH COCTOMT B COBMEIICHHU
OMOMETPUYECKUX  BEKTOPOB, IOJNYYCHHBIX METOAAMHU C
BBEJICHHEM BHYTPEHHEro mnopsijka (yCTOHYMBBIX K OJOYHBIM
ommOkaM) u BHemHero mnopsaka. Ilockonbky B pabore [8]
OblIa TIPOJIEMOHCTPUPOBAHA CBA3b 3()(HEKTUBHOCTH KOPPEKIIMU
OMOOK € METOAaMM TpYNIIHPOBAaHUS OWTOB C pa3HOM
BEPOSTHOCTBIO EAMHUYHON OMMOKH, B PaMKaX IOCTPOCHHUS
UTOrOBOr0 METOJa OBUIM MCCIIEJOBAHbI PA3IMYHBIC AT OPUTMBI
oObeauHeHHs: BeKkTOpoB. IlepBBI airopuTM 3aKioyaics B
NPOCTOM ~ KOHKAaTGHHPOBAaHWM  BEKTOPOB, BTOPOH — B
THIOCJIE/IOBATEIIBHOM YEPE/IOBAHUN OHUTOB M3 Pa3HBIX BEKTOPOB
(nanpumep, npu 00bEMHEHUH BEKTOPOB PABHOW JUTHHBI OUTHI
nepBoro  OHMOMETPUYECKOrO  BEKTOpa 3alMyT HEYETHbIC
NO3MIMH, a BTOPOIO — YETHBIC) M IIOJHOCTBIO CIy4aiHBII
HOPSIIOK  cliejoBaHust OuTOB. bblna moka3zaHa Koppemsus
Mexay S(OQEKTUBHOCTBIO KOPPEKUMHM OMHOOK B paMKax
BBIOPAHHOTO ~alNrOpUTMa KOAMPOBaHMA. Pesymbrarsl Uit
COBMEIIEHHS BEKTOPOB PAaBHOM JUIMHBI MPHBE/CHBI B TAOIHIIAX
1-5. Takum obpasom, mns kioda ¢ 3HTponwmeil B 30 OGuToB
OblTa TMOKa3aHa BO3MOXKHOCTb Oojiee YeM JIBYKpAaTHOrO
YMEHBLICHHUS OMINOKH JIOXKHOTO HEIOMYCKa 3a CUET YBEINUCHHS
FAR na 0,8%.

4. 3AKNIOYEHUE

Paccmotpennslit METOx MOTy4eHUS YCTOHYUBOIO
KpUNTOrpa)M4eckoro Kiro4a B TOJHOH Mepe OTBeYaeT
NpeabsABIseMbIM TpeOOBaHUSM B 00JACTH aHOHMMHOCTH
ayTeHTH(UKAMU " UCIIOJb3YyeT CYILECTBYIOILLYIO
UHQPPACTPYKTYpY MHM(PPOBAHUA C OTKPBHITHIM KitouoM. CTOUT
OTMETHTb, 4YTO HAa  HENOCPEACTBCHHO  HCIOJIb3yeMBIi
KpUNTOrpa)M4ecKuii KJIFOY HE HAKIAABIBACTCd HHUKAKHX
OrpaHMYEHUH, U OH MOXET OBbITh OTO3BaH M IICPEBBIJAH B
caydae Ganbcupurauu. OTO 00eCneunBacT MPEHMYILIECTBO
nepes  CyIIECTBYIOUIMMH CHCTEMaMH INM(POBaHUS M B
HEPCIEKTHBE JIaeT BO3MOXKHOCTh 3JIEKTPOHHOIO JIOCTYNa K
yciayraMm, TpeOyIOIMM aHOHUMHOTO JIOCTYNa, TaKUM Kak
npouexypa  TaHOro  rosmocoBaHus.  IlokaszaH  crmocod
nocTpoeHuss ~ Oonmee  yIOOHOro  BapHaHTa  HEYETKOro
9KCTPAKTOpPa, OAHAKO HE pElLICHbl MPOOJIEMbl MOTEHIHATIBHON
yTeuku MH(OpMaLUK Yyepe3 OTKPBITHIN Xemrep.
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OHTponus Kiro4a, GUTOB:

26 30 36
FAR, % 0 0 0
FRR, % 19,3 19 19,8
Tabnuua 2: Pe3ynbTatsl Ui METOAA C BBEJIEHUEM
BHYTPEHHET 0 MOpsKa
FAR, % 11,2 3 1,4
FRR, % 30 37 46,8
Ta6muua 3: Pe3ynbratsl 1151 00beANHEHHsT KOHKAaTeHAIMEH
FAR, % 5,6 2 0,8
FRR, % 6,8 9,9 13,6
Tabnuua 4: Pesynbratsl U1 00beIMHEHHS YepEIOBaHUEM
FAR, % 4 0,8 0,3
FRR, % 7,8 8,5 10,6
Ta6muua 5: Pe3ynpTatsl 171 ciiyd4aifHOro 00beANHEHUS
FAR, % 3,8 1,1 0,2
FRR, % 5,1 9,5 13,3

Ta6m/1ua 1: Pe3yJ'ILTaTLI 1A ME€Toda C BBEACHHUEM BHECIIHETO
TopsaAKa
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AHHOTauuA

Mertox mpoeKUHOHHON (ha30BOil KOPPENSLMH HPUMEHSETCS B
KITIOYEBBIX TOYKaX paayKHO# obomouku ria3a. CpaBHeHHE
KJIIOUEBBIX TOYEK IPOUCXOAUT IO JIOKAJIbHOM I/IHcpopMaLu/m
OKPECTHOCTEH KJIFOUEBBIX TOUEK.

KiroueBble TOYKM BBIAENSIOTCS METOJOM CBEPTOK (DYHKIHH
WHTCHCUBHOCTH HM300pakeHHs C BbIOpaHHOW  (yHKuuMeit
npeobpazoBanus Opmura. IS COMOCTaBIEHHS KITIOUEBBIX
TOYEK BBIYUCIIAETCS TPOCKIMOHHAs (a3oBas KOppeIIHs
JIOKAJbHBIX  OKPECTHOCTEH  B3ATHIX  KIFOYEBBIX  TOYEK.
Koppensuust BBIYUCISIETCS [TyTEM pasiokeHus QYHKUUH B psij
mo ¢yskmmaM  Opmuta. [Ipm  HeOonpmmx  pasMepax
OKPECTHOCTEH  KJIIOYEBBIX TOYEK MPEIJIOKCHHBI METOJ
MO3BOJISIET  M30ekKaTh  OMIMOOK, CBSI3aHHBIX C  JIOKHBIM
OKOHTYpHBaHHEM, BO3HHKalOIIMX B  Meroxe  (ha3oBOit
KOPPEJSIHUH.

[IpennoxeHHbIil METOA YCTOWYMB K HAJIMYMIO BEK, PECHULl U
OMKOB Ha WM300paKCHMH, a TaKXKe K JIOKAIbHBIM CIBHIaM
qacTel U300paKeHusL.

Kniouesvie cnosa: pacnosnasanue no paoydicHoli 060104Ke
enasza, ¢hazoeas roppensayus, @yukyuu OIOpmuma, Kiouegvle
mouKu, 6uomempust.

1. BBEOAEHUE

OpmHEM K3 MOAXOMOB K IMapaMeTPHU3alUd NAHHBIX palyXKHOU
000JIOUKH SIBIISIETCSI BBIACNICHUE HAa HM300payKCHUH KITIOUEBBIX
TOYEK — TOYEK, B KOTOPBIX PHCYHOK paxyXHOH 000JIOYKH
UMeeT TeKCTypHble ocobeHHoctn [1-4]. Jlamee mpoumcxogut
CpaBHEHHE M300paXEHUI pagy>KHBIX O0OJIOUEK MO KIFOYEBHIM
TOYKaM.

B pabore [1] wItOYeBbIE TOYKH BBIACISIOTCA C IOMOIIBIO
¢unpTpa I'abopa. B kadecTBe BekTOpa CBOMCTB pamykKHOI
000JIOYKH BBIYHCISIIOTCS PACCTOSHHS MEXIY KIIOUEBBIMU
ToukaMu. [Ipn cpaBHEHNM paJyKHBIX 000J0YEK CPABHUBAIOTCS
UX BEKTOpHl cBoicTB. OnHaKo B ciy4ae IONagaHHs Ha
U300paKCHUE paIy’KHOM O00OJNOYKH OJUKOB, BEK, PECHHII
MOXET OTCYTCTBOBATh OOJIBIIOE KOJWYECTBO KIIIOYEBBIX TOUEK
pay>KHOH 000JIOUYKH.

B pabore [4] ximo4eBble TOYKH BBIACTSIOTCA C IOMOIIBIO
CBEpTOK C BBIOpaHHOW (yHKUIMeH mpeoOpa3oBaHUS DpMHUTA.
CpaBHEHHE KIIOUEBBIX TOYEK IPOHUCXOAUT IO METOdy
XsmmuHra. M3o6paxenne pazouBaeTcs Ha OJOKM, M 3HAUCHHE
6510Ka paBHAETCS €AMHUIIE, €CITH TaM NPHUCYTCTBYET XOTs OBl
OJ[Ha KJII0UEBast TOUKA U PAaBHACTCS HYJIIO B IPOTHBHOM CITydae.
Mepoii «mOX0KecTH» H300paKCHUH SBISETCS KOIUYECTBO
coBnagaromux 6;1okoB. OmHAaKo, B CiIydae JIOKAIbHBIX CABHIOB
n300paxkeHuil [5] cooTBeTCTByOUIME APYT OPYTY KIIOYEBBIC
TOYKU H300pa)XEHHUH OJTHOTO IJIa3a MOTYT MOMaJaTh B COCEAHHE
6soxu. Ecnu ke r71a3a pasHble, TO B OXHOM U TOH ke obnacTu
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MOTYT OBITh KJIIOYCBBIC TOYKH, COOTBETCTBYIOIIHUE Pa3HBIM
TEKCTYPHBIM OCOOCHHOCTSIM.

B naHHO#t paboTe mpeyiaraeTcsi CpaBHEHHE KITIOYEBBIX TOYEK C
MOMOIBIO  MAPAMETPOB,  XapPaKTEPU3YIOINX  JOKAJbHBIE
OKPECTHOCTH KJIIOYEBBIX TOYEK. [IpHM CpaBHEHHH KIIOYEBBIX
TOYEK BBIYUCISAETCS TNPOEKLMOHHAs (a3oBas KOppEIALHs
MEX/y JIOKaJIbHBIMU OKPECTHOCTSIMHU B3SITHIX KIIFOYEBBIX TOYCK.
370 mo3BoJIET HOOUTHCS XOPOIINX PE3yIbTAaTOB CPABHEHHS U
u30exkaTh OMIMOOK, CBSI3aHHBIX C JIOKAJIbHBIMH CIBHTaMHU
yacTed H300paKCHMIl M C HaJIMYMeM BEK M PECHHI[ Ha
HM300paKCHUSX.

2. NPEOOBPABOTKA U30BPAXEHUA
PAOYXHbIX OBOJIOYEK INA3

CHavana Ha U300paKeHMU pPagyXHOM 00OMOYKM TIa3a
BBIICIISICTCS] MacKa pafyKHOW 000JIIOYKH — 00JacTH pamy’KHOI
000JIOYKH, HE 3aKpBITBIE PECHHUI[AMH, BEKaMH U OJIHMKaMH.
Janee pamyxHas 00OJIOYKa MEPEBOAUTCS B MPSMOYTOJIbHOE
HOpMaJn30BaHHOE H300pakenue (puc. 1) [4].

Puc. 1. Briienenue Macku pasykHoi 0007104KH

Ilepen TeM, Kak TPOBOAUTH MapaMETPU3AIMIO H300paKEHHS,
HEoOX0aMMO yOpaTh HEPOBHOCTH OCBEHMIEHHOCTH. [IIsi 3TOTO
MPUMEHSAETCS bOX-(QHUIBTP, T.e. 3HAYEHHUEC WHTECHCHBHOCTH B
KaXIOW TOYKEe H300pa)KEHWUsl YCpPENHSETCS IO OKPECTHOCTH
16x16 mmkceneit (puc. 2(0)). [danee m3oOpaxkeHHe cpemHeit
MHTEHCUBHOCTH BBIUMTAETCS W3 HcxomHoro (puc. 2(B)), u
KOHTPACTHOCTh TOJIYYEHHOTO H300pa)KeHHsl yBEIUYUBACTCS C
nmoMoIbi0  pactsaruBanuss  rucrorpammbel  (leveling) ¢
OT6paCbIBaHHCM OJIHOT'O npoueHTa HU3IIUX U BBICIIIUX
3HAYEHHI TUCTOTpaMMBlI (puc. 2(T)).

(@

©

®)

®)

Puc. 2. BripaBHUBaHHE OCBEUIEHHOCTH Ha HOPMAJIN30BAHHOM
n3o00paxeHun: (a) UCXOJHOE H300paxkeHue; (0) M300pakeHHe
CpellHEH OCBEICHHOCTH; (B) H300paXKCHUE C BHIPOBHCHHOW
OCBEIICHHOCTHIO; () Hn300paxKeHne TTOBBIIICHHOMN
KOHTPACTHOCTH.
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3. METO[ KNKOYEBbIX TOYEK

[Mocie npenoOpaboTKH N300paKeHUs payKHOH 000JI0UYKH, HA
N300paKEHNH BBIACISIOTCS KIIOUEBBIE TOYKH IPU ITOMOIIN
CBEPTKH ¢ (yHKIMeH npeodpazoBanmst DpmuTa [4].

Oyukuun npeodpaszoBanus dpmuTta [6] 3agarorcst HopMyIIoii:

2
X

2" nlx

0, (x,0) = H,(Z), n=0123,.. e
o

H, (x) - nomuHOMBI DpMHTa:

Hy(x)=1, H{(x)=2-x,

H,()=2xH, (x)=2-(1=1)-H, ().
JlBymepHble QyHKIuMM npeoOpaszoBanus Opmwura (puc. 3)

MOXXHO TIPEJCTaBUTh B BHJAE IPOU3BENCHUS OJHOMEPHBIX
byHKMiL:

(/Jm,n(x=y3o-x’o-y):(Om(x’o-x)'(/’n(yso-y)-

Puc. 3. Oynxumn npeobpazosanus IpMUTa @9 U @y -

Tekcrypa pajyKHoi 00OJIOYKM IJIa3a CHIIbHEE M3MEHSAETCS B
TOPH30HTAIEHOM HaNpaBJICHAN HOPMaJIM30BaHHOTO
n3obpaxenus. Ilostomy OyneM paccmarpuBath —(GyHKLIMH
npeoOpasoBaHus DPMUTA @, ) -

Ceeprkoit ¢ GyHKuMEHl @, MOXHO BBIIEIUTh TOYKH,

JeXampe ~ Ha  TpPaHUIE  TeKCTYpHBIX  OCOOEHHOCTEH
nm3obpaxkennit  (Bmomb  OX), T.e. TOYKH, B KOTOPBIX
MIPUCYTCTBYET CKAYOK WHTEHCHBHOCTH BJOJIb TOPH30HTAIBHON
cocTaBisiome n3obpakenus. Ha puc. 4 depHBIM IBEeTOM
o003HaYeHBl TOYKH, B KOTOPHIX CBepTka  (QyHKIHUH
WHTCHCHBHOCTH  HM300paKCHUS  PAJy’)KHOH  OOONIOYKH ¢
¢ynkuueir ¢, Gonbwe moporosoro 3uauenus p=10, a

OeapIM IBETOM — TOYKH, B KOTOPBIX CBEPTKa MEHBIIC
-p=-10.

Puc. 4: (a) HOopMmManu3oBaHHOE W300paKeHHE paALYKHOU
obonoukn mocne mnpenobpaborku; (0) Ha U300paxKeHHH
BBIZICJICHB 00JAaCTH CO 3HA4YEHHMSMH CBEPTOK ¢ (yHKuHUei
@10(x,y,0,,0,) Gonble noporosoro 3Hayenus p=10 u

Mmenblre —p =—10, 118 0, =3, o, =3.

Ceeprko#i (wmu Koppemsnmed) ¢ QyHKUMEH @, MOXKHO

BBIICIIHUTh CAMH  TEKCTYPHbIE OCOOCHHOCTH  pajy’KHOM
obosouky rnasa. Ha puc. 5 BbIAGNECHBI TOYKHM, B KOTOPBIX
CBepTKa M300paXKeHUs! Paay’KHOM 000JI0UKH ¢ QyHKIMEH ¢ ()

GosbIie TPETU MAKCUMAJIBHOI'O 3HAY€HUS CBEPTKH. Ha puc. 5
TAaK)XXE€ II0Ka3aHO BJIMAHUE TIapaMe€Tpa O© Ha BBIACICHUC
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obuactei n300pa)keHus ¢ HAaNOOJIBIINMH 3HAYSHUSIMU CBEPTOK.
[anee Bo Bceit pabote Oynem cuuTaTh 3HaUCHHE O, =3 .

Puc. 5. Brinenenasle 001acTH ¢ HAHOOJBIIMMH 3HAYCHUAMA
CBEPTOK ¢ (yHKUMed @, (X,¥,0,,0,), TAe 0, =3, a

y=1,0,=3,0,=5,0,=7, 0, =10 COOTBETCTBEHHO.

JInsi HaxOXKICHHs KIIOUEBBIX TOYEK palyKHOH OOOJOYKH B
KOKIOH TOYKEe HOPMAJIM30BAHHOTO H300paKEHHS pPajyKHOM
000JIOUKH BBIUHMCIISICTCS CBEPTKA JAQHHOTO H300paXKEHUS C
(ynxuueii npeoGpasosanus dpmuta @, ) :

Flxo.y0) = e * o0 e .

Jlns momcka KIIIOYEeBBIX TOUYCK B JaHHOW paboTe BHIOMPAIOTCS
TOYKH CO 3HAUCHUSIMHU CBEPTOK ¢ (pyHKIHEH mpeoOpa3oBaHUs
Opmura ¢, ((x,¥,3,3) Ooiblle TPeTH MaKCHMAIBHOTO
3HAa4YeHHUs CBEPTKH, ¥ OTCTOALIME JPYT OT APyra Ha pacCTOSHUE
He MeHee k=3 muxceneit (puc. 6). KmroueBbiMM TOuKamu
cunratorcss N BeIOpaHHBIX Touek (N <150 ) ¢ HaumbompmuMu
3Ha4YEHUSAMH CBEPTOK.

Puc. 6. KiroueBble TOYKM Ha HMCXOJHOM HOPMAaJIM30BAHHOM
n300paXeHUH, OJTyYEeHHBIE ¢ IOMOILIBIO CBEPTOK ¢ (YHKIHEH

npeobpa3oBaHus Dpmura 0r0(x,y,0,,0,), rie
o, =3, o, = 3.
4. METOO NPOEKLMOHHOU ®A30BOU
KOPPENALMN

Meton ¢a3zoBoii koppensiuu [7, 8] BBIUHCISIET MeEpy
«IIOXOXKEeCTH»  n3o0pakeHWH.  [lnms  1OBYX — JTHUCKPETHBIX
m3obpaxennii  f(x,y) u g(x,y), pasmepa M xN

BBIYUCIISIOTCS UX HpeoOpaszoBanust Oypee F(u,v) u G(u,v) .
Hanee mns cnektpaibHbix  ¢GyHkumid  F(u,v) u  G(u,v)
BBIYHCIISIETCS MX B3aUMHBIN (DAa30BBIi CHEKTP

F(u,v) G(u v)
F(u,v) G(u,v)‘

Rpg (u,v) = o' (or ()=, v))

T.e. CHIeKTpayibHas (yHKUMS C CSAMHUYHBIM MonyneM, (asa
KOTOpOil paBHa pasHocTH (a3 Pynkmmid F u G . Hdanee or
GyHKUMKH  B3aUMHOTO  (pa30BOr0  CIEKTpa  BBIYUCISCTCS
obpatHoe npeobOpaszoBanne @Dypre — momydaercs GYHKIHSA
(azosoii koppessiuu (POC-dyHkus):
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POCy (x.9)=F " [Rg (u,v)].

B cnywae «moxoxux» unzobpaxkenuii POC-dyHkims nmaer
YEeTKUI MUK, BBICOTA IHKA ONpENENsieT MEpy «IIOXOXKECTU»
M300paKeHUH, a IOJOXKEHHE MHKA COOTBETCTBYET CMEIICHUIO
OHOTO M300pakeHHs1 OTHOCHTENbHO apyroro. Ecmu ke
¢dyHKIMN «HE TOX0XN», To POC-QyHKIUS HE JaeT 4YEeTKOro
UKa.

B merone mpoekimoHHO# (a3oBoil Koppesiuuu [5] mpsiMoe u
obpatHoe mpeoOpasoBaHua Dyppe MPOM3BOAATCS IIyTEM

Ppa3noXKeHus HCXOIHBIX HETIPEPBIBHBIX yHKIMI
HWHTEHCUBHOCTH n300paKeHU o TIOJIHOM
OpPTOHOPMHUPOBaHHOW B L,(R,) cucreMe QyHKIMiIt Dpmura
W (X,y), ABIAIOIMXCA  COOCTBEHHBIMH  (QYHKIHMAMU

HeTpeprIBHOTO IpeodpazoBanust Pypoe [9].

OpnHoMmepHble  (OYHKIMH OpMHUTa 3aJalOTCS  CICIYyROIIeH
bopmynoii:

xZ

1 e 2 H (), n=0123,..
(e

¥,(x,0) :—'—z" T

JIByMepHbIe (QYHKIMH DpMHUTAa MOXKHO IPEACTABUTH B BHIE
MIPOM3BEICHUS OJJHOMEPHBIX:

‘//m,n(x:ysax’ay) =Vm (xwax)'l//n (y,Ey).
ITycts uccnenyemsie ¢ynkuuu f(x,y) u g(x,y) 3amaHsl B
npsiMoyronbHuke D = [—A, A]x [—B, B] , IPOJIOJDKUM UX HyJIEM

B R, \D ¥ paccMOTpUM YaCTHYHYIO CyMMYy Pa3JI0KEHHUS B PSII

10 QyHKuuaM Dpmuta v (x,y), i= O,_m, j= (),_n

SN =T = DY 6 vy(x..5:.5,), o)

i=0 j=0

rze ko3 GHUIHEeHTE DpMuTa

Ci,j :J. SNy, j(x,y,0,,0),)dxdy.
RZ

Jlanee i1 mpuOMMKEHHBIX  (QYHKIWI f(x, y) n g(x,y)
npuMeHsieTcs MeTo]] (a3oBoi koppensnuu. OyHKnun JpMuTa
SIBISTIOTCSI ~ COOCTBEHHBIMH ~ (DYHKIMSIMH ~ HEHPEPHIBHOTO
npeoOpazoBanus Oypbe ¢ COOCTBEHHBIMH 3HAYCHUSAMH +1,+7 :

F(l//n) = (_i)n‘//n .
npeoOpazoBanus Pypre UMEET CIeLYIOUIIA BUI:

FIf1=F izc, vi(xy) |= izn:cl,(—i)”f Vi (x,y).

i=0 j=0 i=0 j=0

CJ'IeHOBaTeJILHO, alrpoKCuManus

Jlns mozcuera (yHKIUH MPOEKIMOHHOH (ha30BoH KOppemsimun

HPPOCfg(x, y):F‘l[RFG(u,v)] HCIIOJIB3YETCS  CHEAYIOIIEe

cBoiicTBO: f(X,))= F! [F(u, v)] = F[F(—u,—v)] .

B paGote [5] OpUTO MOKa3aHO, YTO HPH HEOOJBLIMX pa3Mepax
N300paKEHNH METOJ HPOEKIMOHHOH (ha30BOH KOppemsun
nmaer Oojee TOYHBIE peE3yNbTaThl, 4YeM MeToJ] (a3oBoOi
Koppensiuud. JTo cBsizaHo ¢ TeMm, urto merox HPPOC we
TpeOyeT NepHOANYEeCcKOro IPONODKEHHS H300paKkeHnil s
BEIYHCIICHUST mpeobpazoBanuss Dypee (B  oTiaMume OT
metona POC), u mostomy B Metone HPPOC He Bo3HMKaeT
OIIMOOK OT CKaYKOB HA IPaHHIAX (JOKHOTO OKOHTYPHBAHHE).
B cinyuae wu3o0paxkeHMH MaleHBKOrOo pa3Mepa OLIMOKH B
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Metozne POC, cBs3aHHbIE C JIOXKHBIM OKOHTYpPHBAHUEM, MOTYT
MIPUBOJIUTE K HEBEPHBIM pPE3yJIbTaTaM.

5. CPABHEHUE W3OBPAXEHWUW PALOYXHbIX
OBOJIOYEK TINA3 B KIMOYEBbIX TOYKAX
METOAOM NMPOEKLMOHHON ®A30BOM
KOPPENALUN

B nmanHO# paboTe MpeaiokeH METOJ CpaBHEHUs N300pakeHHi
pamy>XHBIX 00OJIOYEK IJ1a3, OCHOBAHHBIA Ha aHamu3e (a3oBOit
KOppEJSIINK  OKPECTHOCTEH KIIIOYEBBIX TOUYEK Pajy>KHBIX
000I104eK.

B kaxgol kioueBOM  TOUYKE  BBIAENAETCS  JIOKaJbHas
OKPECTHOCTh pasmepa 80, X80, MHKCEIeH C LCHTPOM B
JIAHHOW TOYKE, T.. OKPECTHOCTb, MBAXbI MPEBBIMIAIOIIAS 10
JUIMHE W IOUpUHE  00NacTh  JoKanmu3anuu  (QYHKIUH
npeobpasoBanus  OpMmuTa @54 (X,y,0,,0,). [anHoe

u3obpakeHne packnagpiBaercs B cymmy (1) mo ¢GyHKIpsM

Opmura y; ;.

Bo3nukaer Bompoc o BbIOOpe umcna (yHkmmi Opmura

(m w n) v 3HaueHuit o, U G, ANA paznoxeHus. Bospmem

y

0y =0, 0,=0,. llo Teopeme Commna [10] dyHnKums

Opmuta ¥, (x,0) COIEPKUT BCE CBOM TOUKHM Ileperuda Ha

[—5 2n+1, Ev2n+1].
[—E(\/Zn F1+1), c(2n+1+ 1)] OyzmeM TmonpasyMeBaTb IIOJ
00J1acThIO byHKIIN

HEOOX0MMOe YHCIO m (YHKIUH DpMHUTA, JIOKATU30BaHHBIX
Ha OTpe3Ke JIBOIHOM JUTHBI

[—25(\/2n +1+1),20(W2n+1+ 1)]: [— c(W2m+1+1),0(2m+1 +l)]
m=4n+2+22n+1.

napaMeTpu3aly KIFOUeBbIX TOYeK OepyTcs (YHKIUH DpMHUTa
c Homepamu m =0,1,...,15, n=0,1,2,3,4 .

oTpe3ke Otpe3ok

JIOKATTH3AITUH v,(x,0). Torma

paBHO: Takum  oOpazom,  aist

Janee xaxnas KIOYEBas TOYKA OJHOTO H300paXKeHMs
COTMOCTAaBJIACTCd C KaXIOW KIIOUEBOM TOYKOHl BTOpPOTO
n3o0paxeHust u3 okpectHoctw 40 Ha S5 muKceneu, T.e.
CUMTAETCS, YTO BO3MOXEH IOBOPOT IJia3za Ha yroj o £28°.
ComocraBieHre  MPOMCXOJUT  METOJOM  IPOEKIMOHHON
(ha30BOI1 KOPPEISILIMU OKPECTHOCTEH TaHHBIX KIIIOYEBBIX TOYCK.
Ecmn  orHomenne mwmka HPPOC-dyHkmymm xo BTOopomy
JIOKUIPHOMY MaKCUMyMy OTOH (GyHKIMHM OoJibllle 3Ha4YeHHS
k=3, To cumTaercs, 4TO KIIFOUEBbIC TOYKH COOTBETCTBYIOT JPYyT
npyry. Ilpumep anropurMa COINOCTABIEHHSI KIIOYEBBIX TOYEK
1oKasaH Ha puc. 7-9.

v e
o 3
(®) ® By

Puc. 7. ComnocraBieHne KIIOYEBBIX TOUYEK IBYX H300pakeHHH
OJIHOTO TJIa32 METOAOM MPOEKIHOHHOHN (ha30BOH KOPPESIHU:
(a), (6) HCXOJHBIE HOpMaJIM30BaHHbIE n300paKeHus.
BeineneHsl  cpaBHHBaeMble JAB€ KIIIOUEBBIE TOYKH; (B)
OKPECTHOCTh  (YBENIMYEHHAs1) KIIOYEBOH TOYKH MEpPBOTO
n300paxkeHus; (I) OKPECTHOCTh KIIOYEBOH TOYKH BTOPOTO
n300paKeHus; (m) HPPOC-¢pynxuuns IS JAHHBIX
OKPECTHOCTEH.
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B cnywae w3o0pakeHuid ojHoro rnasza (puc. 7) A
COIOCTABISAEMBIX KJIIOUEBBIX TOUeK ecTh ueTkuii muk HPPOC-
¢ynkumu. B ciydae n3o0paskeHuWid pasHbIX Iia3 (puc. 8) st
COIOCTABIISIEMBIX KJIFOYEBBIX TOYEK HEeT 4eTkoro nuka HPPOC-
dyHKUIUH.

Puc. 8. ComocraBieHne KIOYEBBIX TOYEK (OJH3KUX 10
MECTOPACIION0KEHNIO) H300paKEHHH pa3HBIX TJ1a3 METOIOM
MIPOEKIMOHHO#1 (ha30BOl KOppEISIUHL.

Ha puc. 9 npuBeneHs! ABa H300paKEHHs OJHOTO IJa3a H
[PHUBEACHO HX COMOCTaBICHHE METOJOM MPOCKIMOHHON
¢azoBoii  koppemsiuuu. Ha  pHCyHKE UepHBIM  IL[BETOM
0003HauYCHBI KIIOYCBBIC TOYKH, HE HMEIOLINE COMOCTABHMbIC
KIIOYEBbIE TOYKM Ha JOPYrOM H300pOKEHHM METOIOM
IIPOCKLIHOHHON (ha30BOH KOppessLuy. bensle TOYKH — TOYKH,
HNMEIOIIME COMOCTABHMbIE KJIIOUEBBIE TOYKH Ha IPYyroM
n3o6paxenny. Ha pucyHke Takke MOKa3aHO, YTO YeM MEHBIIE
mopor k otHoueHuss nuka HPPOC-¢pyHkumu ko BTOpOMY
JIOKaJbHOMY MakCHUMyMy OToH (yHKUMH, TeM Oouiblie
KJTIOUEBBIX TOYEK OyIyT ABJIATHCS CONOCTABHMBIMH.

k=3 — wucmonp3yercs NpU aHaju3e pe3yJbTaToB paboThI
MeTo/a B pazzedne 6.

k=4

Puc. 9. CormocraBieHne KIIOYEBBIX TOYEK H300paXkeHHi
OJJHOTO TIJIa3a METOJOM IPOEKLMOHHOH (ha30BOH KOppeauu
IIPY Pa3IMYHBIX Oporax k .

IIpu cpaBHEHUH KJIIOYEBBIX TOYEK METOAOM Xd3MMUHra [4] B
cllydae JIOKIBHBIX CABUTOB M300pakeHHWI COOTBETCTBYIOLIHE
IpyT IpyTy KIIOYEBBIE TOYKH H300pakKEHMH OJHOTO Tjasa
MOT'YT TIONaaaTh B cocennue Onoku. B ciyuae momamanus Ha
H300paKeHNe paxyKHOW 000JOUKM OJMKOB, BEK, PECHHIL
MOXET OTCYTCTBOBAaTh OOJIBIIOE KOJHYECTBO KIIIOUEBBIX TOYEK,
MIPUCYTCTBYIOIINX Ha IPYTOM M300pakeHHH TOH Ke palyKHOU
obonouku (puc. 10). Ecnu ke rna3a pasHsie, TO B OJHOW U TOM
)K€  o0nacTh  MOryT  ObITh  KIIOYEBBIE  TOYKH, HO
COOTBETCTBYIOIE PAa3HBIM TEKCTYPHBIM OCOOCHHOCTSIM.

Russia, Moscow, October 01-05, 2012
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Ha puc. 10 nmpuBenens Te xe n3o00paXkeHus, 4To ¥ Ha puc. 9, u
IIPUBEJCHO  CONOCTaBJIIEHHE  KJIIOYEBBIX  TOYEK  3THUX
N300paXeHU  MeTOZOM  XOMMHUHTAa -  COIOCTaBJICHHE
TIOJIOKEHUsI KJIIOYEBBIX TOYEK BTOPOTO HM300paKeHUSI MO
CPaBHEHMIO C TIIOJIOKEHHEM KIIOYEBBIX TOUYKAMH IEpBOTO
n3obpaxkenus. KiroueBble TOYKM TIEPBOrO  M300pakeHHS
0003Ha4YeHBl YEPHBIM IBETOM, BTOporo — OenbiM Pazo0bem
NIPUBEJCHHbIE W300paKeHHs Ha TpU YacTH. BuaHO, 4To B
MpaBOM dYacTH W300paKeHWH KIIOYEBBbIE TOYKM Ha JABYX
HN300paKEHUSIX COOTBETCTBYIOT Jpyr Jpyry. B menrtpe
n300paKeHUH  3aMETHO  CMELIEHHE  KIIOYEBBIX  TOYEK

n300pakeHUd (3TO  CBA3aHO C JIOKAJIbHBIM CMEILEHHEM
LEHTPAJIBHBIX 4acTell wu3o0paxenus). CieBa Ha BTOpOM
N300paKeHUN MPUCYTCTBYET BEKO, MIO3TOMY TaM OTCYTCTBYIOT
KJII0YEBbIE TOYKH, IPUCYTCTBYIOIINE HA IEPBOM N300paKCHHH.

Puc. 10. ComocTaBieHHe KIIOYEBBIX TOYEK H300pakeHHit
OJIHOTO TJIa3a METO0M X3MMHUHTa.

6. PE3YINIbTATDI

JInst OLICHKH Ka4yecTBa MPEIOKEHHOTO METO/A UCCIIE0BANIUCH
n3obpaxenuns a3 6a3pl manHbix CASIA-TrisV3 [11]. B
aHHOW pabore ucmonb3yercss 4acTh 0a3pl JaHHBIX CASIA,
colepkamas Hu300pakeHHMss Tia3 mepBeix 20 Jromeit B
6aze: 224 rna3, oOpasyrommx 40 MHOXecTB M ,..M 4

(KaXK10€ MHOXECTBO COJEPKUT M300pakKeHHsI OZHOTO M3 ABYX
a3 oxHoro u3 20 mojeit). B 3Toi 6a3ze MaHHBIX IS KaXIOu
mapsl  M300paKeHWH  COIOCTABILSIIOTCS  KIIIOYEBBIE  TOYKH
METOJOM TPOEKIMOHHOH (a3oBoil  Koppemsinuu. Mepoit
ITOX0XKECTI» N300paKeHUH SIBIISIETCS KOJIMYECTBO
coBHajaomuxX (C TOYKM 3pEHHs MEeToAa IPOCKIMOHHON
(azoBoii KOppeEIALMH) KIFOYEBBIX TOUEK.

Pesynbratel paboTel anroputMa mpuBeAeHs! B Tabuuie 1 u Ha
puc. 11.

e B mepBoii cTpoke TaONUIBI — Mepa «IIOXOXECTH» d
U300paKeHUH, T.e. KOJIMYECTBO COBIMABIIMX KITIOYEBBIX
TOYEK IPH CPaBHEHUH N300paKeHHUH.

e Bo Bropoil (TpeThei) CTpOKE — KOJNMYECTBO IIap
N300paKeHNH OJHOrO IJasa (pasHBIX IVa3), MMEIOMNX
JAHHYIO Mepy HOXOXECTH.

e B ugerBeproif  (mATOH)  CTpoKe  —  BeIMYHMHA
oum6Oku I (II) poma, w3MepeHHas B IpOLEHTax, MpU
JTAHHOM Mepe «IOX0XKecTH» d .

d 0 1 2 3 4 5 |...
inner 0 0 4 2 15 13
outer 42615 4771 362 22 2 0 0

FAR (%) 0 0 0.18 0.27 0.96 1.5
FRR (%) 10.7 0.8 0.05 0.004 0 0 0

Tadmuna 1. Pe3ynpTaTs! paboTHI alropuT™Ma.
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JI1s OLleHKH KauecTBa METO/la UCIOJIb3YETCs aHAIN3 BETUYUHBI
EER (Equal Error Rate), rne EER — Bennunna ommokn paboTst
MeTtona, Ipu kKotopoit ommbkw I u 11 pona paBubl. s gaHHOrO
Merona BenuuuHa EER mnpumepno pasna 0.1% mnpu mepe
«moxoxxect» d =2.

Ha puc. 11 mo ocm OX oTioxkeHa Mepa «IOXOXecTn» d
n3o0paxenuit, mo ocu OY — KOJIMYECTBO Map H300paKEHHH
OJJHOTO IJa3a, WMEIOIUX [aHHYI0 Mepy «IIOXOXKECTH»
(3HaYeHUs U3 BTOPOH CTPOKH Tabimier) [12].

Mean = 31

o 1 75 150
Mepa NoxoEecTH

Puc. 11. Pe3ynpratel pabOTHI alTOpUTMA.

7. 3AKIIOYEHUE

B pabore Meron mNpoeKUMOHHOM (a30BOH  KOppEesLHUn
MPUMEHSETCS B KIIOYEBBIX TOUKAX PaJy’KHOW 00OJIOUKH IJia3a.
TakuM 00pa3oM, CpaBHEHHE KIIIOUEBBIX TOYEK HMPOHCXOAUT IO
JIOKAJIbHOW HMH(OpPMAaIi OKPECTHOCTEH KIIIOYEBBIX TOYeK. B
METOZIe HE WCIOJb3YIOTCd HHMKaKHE COOTBETCTBHS MEXIY
KJIIOYEBBIMH TOYKAMH OJIHOTO M300pa)KeHMs, CBA3aHHBIC C UX
B3aUMOpACIONoKeHUuEM. [103TOMy MNpennoXKeHHbII MeEeTon
YCTOMYMB K HAIWYUIO BEK, PECHUI] U OJMKOB Ha N300paKEHUH,
a TaKXKe K JIOKAJIbHBIM CJIBUI'aM YacTell H300pakeHHsI.

Pabota BpmomHena mpu moanepxkke rpanta [lpesunenta Pd
M/1-72.2001.9 u rpanta PODU 10-07-00433.
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Hermite Projection Phase-Only
Correlation Method in Iris Key Points

Abstract

The Hermite projection phase-only correlation method in iris
key points has been proposed. The local information of areas
around key points is used for key points matching.

The iris key points are selected using the Hermite transform.
The Hermite projection phase-only correlation of areas around
taken key points is calculated for key points matching. The
correlation is calculated using Hermite projection method of
expansion of intensity functions into series of Hermite
functions. In case of small local images the proposed method
allows avoid errors of Phase-Only Correlation method like
Gibbs effect.

The proposed method is robust to eyelids, eyelashes, glares and
local shifts of parts of images.

Keywords: iris recognition, phase only correlation, Hermite
functions, key points, biometrics.
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Moaudukauma anroputma knaccudgpukaumm BospacTta nogen no
M300paKeHU1o Nuua Ha OCHOBe MeToa paHXUpoBaHUA

Awnppeii Peiounnes, Tatesna Jlykuna, Banum Konymimn, Auton Konyima
JlabopaTopusi KOMIBIOTEPHOU TPadUKH U MYJIbTUME A

@akynbTeT BEIYUCIUTENEHON MaTEMaTHKH U KHOSPHETHKH

MI'Y nmenu M.B. JlomonocoBa, MockBa, Poccust
{arybintsev, tlukina, vadim, ktosh}@graphics.cs.msu.ru

AHHOTaUuA

B oroii  pabore paccMaTpuBaeTcs 3ajaya  ONpeeNeHHs
BO3pacTa 4esioBeka o u3o0paxeHuto guua. [peamaraercs psy
MOmUGUKAIMI JUIs  aJropuTMa Ha OCHOBE MHOXECTBA
OuHapHbIX KiaccHUKaMi. OKcHepuMEHTalbHas IpOBEpKa
MOAN(HUIUPOBAHHOTO aNropuTMa Ha TectoBod 0aze MORPH
NOKa3ajla yMEHbIICHWE CpeIHeH OMmMOKM  OnpeneseHus
Bo3pacta ¢ 6.07 10 4.52 u 5 net npu BpeMeHH KIacCUPHUKAIIN
3.21 u 0.32 cek. Ha OOHO W300pa)keHHE B 3aBHCHMOCTH OT
UCIOJIb3yeMbIX TAPAMETPOB.

Knwuesvle cnosa: Knaccupurxayus eospacma uenosexa no
uzobpasicenuio nuya, Jloxanvhvle bunaphvie uabnonvl, Memoo
ONOPHBIX 6EKMOPOS.

1. BBEOEHUE

WHTepec Kk 3amade KiIacCHPUKALMM BO3pacTa 4YeloBeKa IO
M300paXCHHIO JIMIA B TOCICAHHE TOABI HEYKIOHHO PAacTer.
OnHOW W3 TNaBHBIX MPHYHH SBISETCS CTPEMHUTEIBHOES
yBeIMYGHHE  4YWcia  u300paxkeHnit B MHTepHere H
HEeOOXOIMMOCTh MX aBTOMAaTHYECKOH aHHOTAUMK Ui 3ajad
noucka. YenoBeK SBISETCS CaMBIM  PaCIpPOCTPAHEHHBIM
00BEKTOM, 3areyaTaéHHBIM Ha ¢dororpadusx, u
aBTOMAaTHYeCKasl OLIEHKA BO3pPAacTa YeNOBEKa MOXET IOMOYb
GbuIBTpOBaTH BHIIABACMbIC TIOMCKOBHUKOM PE3YJIBTATEL.

JlpyruM TpUMEHEHHEM  aBTOMAaTHYECKOH Kiaccu(puKanuu
BO3pacTa SBJIAETCS aHAJIM3 BO3PACTHOI'O COCTaBa ayIHTODPHH,
YTO MOJIE3HO IS aHaN3a 3()PEKTHBHOCTH PEKIIAMBI.

B Oymymem kmaccudukanus Bo3pacta Takxke HaWm€T cBoé
MECTO MpH CO3JaHUM TaK Ha3bIBaeMbIX «a()(EKTHBHBIX»
YeJOBEKO-MAIINHHBIX HHTEp(ElCcoB, B KOTOPHIX IOBEJCHHE
cucreMbl ~ OygeT — ToOACTpaMBaThCs — 1OA  KOHKPETHOIO
HOJIb30BATENsA, OPUEHTHUPYSCh, B YHCIE NPOYEro, M Ha €ro
BO3pACT.

B st0ii pabore mpennaraercss psax MOmUGUKALMI U OZHOTO
U3 Jy4IIMX Ha JaHHBIH MOMEHT aJIOPHTMOB OLIEHKH BO3pacra
yenoBeka 1o Qortorpaduu, B3sToro u3 crateu Chang et. all
«Ordinal Hyperplanes Ranker with Cost Sensitivities for Age
Estimation» [4]. [lis MOBBINIEHHS TOYHOCTH aJrOPUTMA MBI
npeiaraéM 3aMEHUTh HCIOJIb30BaHHBIH B HCXOIHOH pabore
JIECKPUITOP Ha JIOKaJbHble OnHapHble mabnoHbl. ITockombky
9TO TaKXe MPHUBOANUT K CYIIECTBEHHOMY YBEIMYEHHUIO pa3zmepa
KIacCU(UKATOPOB U YMEHBLICHUIO CKOPOCTH  PaboThI
JITOPUTMA, MBI IIpeIaraeM psx MOAU(GUKALUH Ul peLIeHUS]
3TOH IPOOIEMBI.

2. CYLLECTBYIOWMUME METObI

BonpumHcTBO aJIrOPUTMOB KJ'IaCCI/I(l)I/IKaLII/II/I BO3pacTa 4€JIOBEKa
1o 1/1306pa>1<eﬂmo Jiiga CoCTOAT U3 Tpex a1aroB: HOpMaJIu3amus
1/1306pa>1<eH1/1;1 Jmga, BBIYHCIICHUE JACECKpHUIITOpA,

Russia, Moscow, October 01-05, 2012

Puc. 1. IIpumepsr n3obpakenuii u3z 6azst MORPH Album 2.

KJ'IaCCI/I(bI/IKaLII/Iﬂ. Paznuuatorcs AJI'OPUTMBI B IIEPBYIO OUYEPEb
peaﬂmaunef/i OTZCJIbHBIX YKa3aHHBIX IIaros.

Ha mare HopMmanmu3anuu CTaHOAPTHBIM PELICHHUEM SIBIISIETCS
MOBOPOT, MAaCIITA0OMPOBAaHHE U 00pe3aHHe N300PaKSHUS TAKHM
o0pa3om, 4TOOBI ri1asa (YroJiKy WM LEHTPHI TJ1a3) HaXOAUIIUCh
B 3a/IaHHOM TIOJIOKEHUH HAa OJIHOW TOPH3OHTAJIBHOW JIMHHH.
JlpyruM MeTOIOM  HOpMAaIU3alUH SIBISETCS HCIIOJIb30BaHHE
appuHHOrO mpeoOpasoBanus U AedopMalMd Ha OCHOBE
Tpuanryasaiuu Jemnone [16]. {15 NOBBIIEHNS YCTOMYMBOCTH K
TOYHOCTH  BBIJCNICHUs ~ LEHTPOB  TIJla3 W JPYrux
AQHTPOIIOMETPHYECKUX TOYEK B TPEHUPOBOYHYIO BBIOOPKY
MOXXHO J100aBJSATh HEMHOTIO CMEIICHHBIE H300pakeHus1 ¢
HETOYHON HopManu3zanueit [12].

B kauecTBe mMpH3HAKOB M300pa)K€HHs MOTYT HCIOJIb30BATHCS
HETIOCPE/ICTBEHHO HMHTEHCHBHOCTH IIMKCENEH, dallle BCero ¢
MOCJICAYIONIMM TTOHIDKCHHEM Pa3MEpHOCTH, HampuMmep, ¢
MOMOIIBI0  METOZa TPOCKIHWH, COXPAHSIONMX CBOMCTBO
nokameHOocTH  (Locality — Preserving  Projections)  [6];
TEeOMETPUYECKUE TPU3HAKH, HAIPUMEpP, PACCTOSHHS MEXIY
AQHTPOIIOMETPUYECKUMHU ToukaMu [13]; mapameTpbl «AKTUBHOU
Mozenu BHemHocTH» (Active Appearance Models) [7],
JoKanmbHbIe OuHapHble mabmoner [11]. B [9] Obum
MPEUTOKEHBI TaK Ha3bIBacMbIe «OVOIOTHYECKH
obycnoBnenneie npu3Haku» (Biologically Inspired Features,
BIF), ucnons3oBaHue KOTOPBIX MO3BOJWIIO JOCTHYL OAHH W3
HAWIY4IIMX pPe3yJlbTaTOB Ha 3ajave KiacCH(pUKALUK IoNa U
BO3pacTa.

Hns  coOctBeHHO — KimaccUdUKalMy — Bo3pacta  OOBIYHO
ucronb3yercst au00 perpeccus [9], mo3Borsonas OLEHUBATH
TOYHBIH ~ BO3pacT  4YejoBeKa, JIMOO  MHOTOKJIaccoBas
kiraccudpukamus  [8, 9], MpeJCKa3bIBaIOIIasl BO3PACTHYIO
IpyNIy 4YenoBeka. B KauyecTBe airopuTMOB Kiaccu(pUKanuu
HCTIONB3YIOT HelponHble cetu [10], ciy4aifHblil Jiec nepeBbeB
[13]. Haubonee mmpokoe MpUMEHEHHE HAILeNl B 3TOM 3amade
METOJ OIOPHBIX BeKTOpoB [3, 4, 7, §, 9].

B crarbe [8] npeanoxuiu BHavane KIacCU(PUIMPOBATH TIOJ U
NPUMEPHBIH BO3PACTHOM JAMANa30H YeJOoBeKa, MOCie 4Yero
NPUMEHATh CHELHAIN3UPOBaHHbBIA KiIacCU(UKATOp BO3pacra
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JUIl  JTaHHOW MOJIOBO3PACTHOM Tpymmbl. ABTOpBI  CTaTbU
MOKa3aJl, YTO TakKas JBYXCTyNEHuaras Ipoleaypa 3aMEeTHO
HOBBIIIAET TOYHOCTh UTOTOBOH KJIaCCU(HUKALIUH.

B [3] 3amaua ximaccudukaupmy Bo3pacTa denoBeka ObLia
cBefieHa K Habopy OMHapHbIX Kinaccudukarmid. g xaxaoro
BO3pacTa CTPOMTCH KiIacCU(UKATOp, KOTOPBIH ONpenesser,
crapiuie JIM  4eJOoBEK, H300paXeHHbIH Ha  TECTOBOM
n300pakeHNH, YeM 3aJaHHbIIl BO3pacT, WM Miaame. Bospact
YejgoBeKa Ompejensercs Kak YHCIO  KJIAcCU(HKAaTOpOB,
BBIJIABILIHX TOJIOXUTEIBHBIA pe3ynbTaT. [IpeoxenHas cxema
nokaszajia 0ojee BBICOKYH) TOYHOCTh KJIACCH(UKALUM, HeM
CYILECTBYIOIHE aHAJIOTH.

B [4] nannblif MeTon momyuun pa3BuTHe. B yactHOCTH, B [3]
UCIIONb30BAJIC METOJl OINOPHBIX BEKTOPOB, M OWHapHbIE
KI1acCH(HUKATOPbl OTIINYAINCh MEXTY COOOH TONBKO CABHUIOM
paszensioniell MOBEpXHOCTH, B TO BpeMs Kak B [4] OuHapHbIe
Kinaccu(UKaTOpbl 00ydaNuch HE3aBUCHMO JIPYT OT Jpyra, H B
Ka)K/I0M KJIaccU(UKaTOpe MOIJIO HCIOIb30BaThCA CBOE S/PO.
Tarke OBUIO NPEIJIOKEHO BMECTO MHHHMH3AIMH OLIMOKU
Knaccu(pUKalul MUHUMHU3MPOBATh LEHYy ommOku. s sToro
UL KaXIOW W3 JABYX HCIOIb3YyeMBIX METPHK KayecTBa
aropuT™Ma  OBIIM  NPEUIOKEHBI  CreUUaibHble  (QYHKIMU
pacuéra LIeHbl OIIMOKH.

3. BA3OBbI/ AIITOPUTM

Ilo pe3ynbraTaM MpPOBEJEHHOro 0030pa  CYIIECTBYFOLINX
METO/IOB MBI BBIOpaNM Ul TOCIEAYIOIIeH MOAH(UKAIMH
anmroputm Chang et. all «Ordinal Hyperplanes Ranker with
Cost Sensitivities for Age Estimation» [4] kak noka3zaBmmii
OfIMH W3 JIY4IIHX PE3y/lbTaToB. [103TOMY B JaHHOM CEKIHH
OIHIIIEM €ro MoipoOHee.

O603HauMM [ -bIii TPEHMPOBOYHBI MpUMEP M3 OOydaroueh
BBIOOPKH KaK X; , & Yepe3 ); - COOTBETCTBYIOIIMI €My BO3DACT,
e y,e{l,...K}, K-

KonkpeTHoe 3Hauenre K 3aBHUCHT OT MCIONb3yeMON 0asbl, B
[4] B34t paBHBIM 80.

MaKCHUMaJIbHBIN BO3pacT.

Jlns xaxzoro Bospacta Kk moctpoum 2 BhIGOpKH X 1:’1/1

X, cnenyromum o6pasom:
X,: ={(x;,+*D ]y, >k}
Xi ={(,=D ]y, <k} (1

+ - .
Mo osrum BeiGopkam X, u X, obyaum OuHapHbii
KnaccuUKaTop, KOTOpBIH OyneT oTBedaTh Ha BONpPOC, Oonblire

3a/lTaHHOMY Y€JIOBEKY, YEM k JIET, WX HET.

T.x. Ha NpaKkTHKe BAXHOCTb, T.C. II€HA, PA3HBIX OLIMOOK
OTJIMYAETCsA, TO BBOAUTCS ByHKUMs croumoctd cost, (/) , rae

k,l=1..K. Ora QpyHKuus nokassIBaeT ILieHy HETPABHIBHON

Knaccmbm(aunn npumepa BO3pacra l 1A k -ro
KJ'IaCCI/I(bI/IKaTOpa " 3aBUCUT OT PICHOJ'IL3yeMOI>i MEPBI KaveCcTBa
HTOIr'0BOI'0 aJiropurMa.

HanGonee uyacrto mnpuMeHHMMOH Mepodl KayecTBa B 3ajaue
onpeneneHus: Bo3pacra sBiseTcs MAE (mean absolute error),
KOTOpasi ONpeeIIeTCs CIEIYIOIUM 00pa3oM:

MAEzi‘)_zj —y,lim,

J=1
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rae V- npeacKa3aHHbI Bo3pact, ) e WCTUHHBIN BO3pacT,

M - KOJIMYECTBO TECTOBBIX H306pa)l(eﬂldﬁ.

HJ’IS{ 3TOU MEPBI B KAUECTBE (I)yHKLII/II/I CTOMMOCTH IIpeajiaracTcs
HCIOJIB30BATh MOAYJIb Pa3HOCTH MEXY BO3pacTaMu:

cost, (1) =|I |, )

T.K. 9YeM OoIbIIIe pasHula MEX1y UCTUHHBIM U NIPEJICKa3aHHbIM
BO3pacTOM, TEM OorbIie BKJIaJl B UTOI'OBYIO OH.II/I6Ky

Bropoii mmpoko ucnonb3yemMoidl Mepoil kauecTBa SBISETCS
cymMMapHbIi cuér («cumulative score»), KOTOpBI MOKa3bIBAET
YHCIIO MPUMEPOB ¢ OMIMOKOH NpeAcKa3aHusl HWXKE 3a7aHHOTO
YPOBHS:

CS(L)=(M,_, | M)*100%,

e<L

rae Me<L_ KOJIMYECTBO TECTOBBIX INPUMEPOB C OIIHOKOM

MNpeacKkazanus € MEHbIIIE L JIET.

T.x. st 5TOM Mepbl pasHuIA 10 L JIeT He BHOCHT BKJaj B
o0uIyto OmHuOKy, TO MOXXHO B (DYHKI[MHM CTOMMOCTH CIeJaTh
LIeHY TaKol OIIMOKU HYJICBOH, a LIEHY BCEX OCTAJIbHBIX OMIMOOK
OJMHAKOBOM (HampuMep, eAUHUYHOM):

0,if [-L)<k<(l+L)
t.([)= (3)
cost; (/) 1, otherwise

Jst o0ydeHus kmaccudukaTopa UCIoNb3yeTcss METOJ] ONIOPHBIX
BekTopoB ¢ RBF sinpom. Bec kaxmoro npumepa u3 obyuaromieit
BBIOOPKH 3a7a€TCsl C MOMOIIBIO (DYHKIIMM CTOMMOCTH OILIHOKH.

HJ’IS{ OINpeaCIEHUs BO3pacTa Y€JIOBE€Ka HY)XHO IPUMEHHUTH BCE
K —lKHaCCI/I(bI/IKaTOpOB, IoCJIE 4Y€ro HuToroBas OLCHKa
CYUTACTCA paBHOﬁ quciy TIOJIOKUTEIIbHBIX OTKJIMKOB
KJ'IaCCI/I(bI/IKaTOpOB TUTFOC OJIUH:

r(x)=1+ Z_:ka(x) >0, )

e f, s (x) - Beixon k -ro knaccubuxaropa, ”” paBHa 1, ecru
BHYTPEHHEE yclloBUe BepHO, 1 () HHave.

B kauecTBe NpH3HAKOB HCIOJB3YIOTCS TMapaMeTpbl AKTHBHOM
MOJIEJIM BHEIIHOCTH [S].

s TecTupoBaHus anroputMa ucnonb3oBantuchk 6aza FG-NET
[1] u yactp OGompmeit mo pasmepy ©Oazst MORPH [15].
Tlpumepsr m300pakennit n3 6azst MORPH mnpuBenensl Ha
pucyHke 1.

Ucnonezyemass 4vactp 6azst MORPH  comepxur 5492
n300paxkeHus Jroael B Bozpacte oT 16 go 77 met. Bo Bpems
TECTHPOBAHUS UCHONb3yeMas BEIOOpKa cirydaitHeIM oOpazoMm 30
pa3 pazbuBanach Ha JBe 4acTH - 80% IaHHBIX HCIOIB30BAINUCH
st obydennss u 20% juia tectupoBaHus. [{ns mopbopa
napaMeTpoB Ha 0Oyyarolied BbIOOPKE HCIONB30BAJICA METO[
KpOCC-BaJIMJAIMHU C pa30MeHneM Ha 5 cerMeHTOB. Pe3ynmbraThl
yepenusiiich o BceM 30 pa3OuenusM. HTOroBbli anroputm
nokasan omoky MAE B 6.07 ner.

4. NPEANOXEHHbLIE MOOAUD®UKALIUU

4.1 JlokanbHble OMHapHbIe WabNOHbI

Bwmecto ucnons3yemsix B [4] mapameTpoB AKTUBHOM Mozaenu
BHEIIHOCTH MBI MpelaraéM HCIONb30BaTh B  KayecTBE
MPU3HAKOB JIOKaJIbHbIE OMHApHBIE Ma0IoHskI [14], Xopomio ceds
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3ap€KOMEHAOBABIIME B 3a/ladyax paclio3HaBaHUsA YE€JIOBEKa I10
I/I306pa)KeHI/I}O Jmga.

JlokanpHple OWHapHble IMIAGJIIOHBI  BBIYUCIAIOTCS — IyTEM
NPUMEHEHHs OIPE/EIEHHOrO ONepaTopa K KaXIoMy MHKCEIT0
u300pakeHus. DTOT OrepaTop paboTaeT CIeAyIOIUM 00pa3oM.
BHavane 3HaueHHe MHTEHCHBHOCTH B IHKCEJE CPaBHHBAETCS
CO 3HAYEHMSAMH BO BCEX IHUKCENAX U3 HEKOTOPOH OKPECTHOCTH,
HampuMmep, pasMepoM 3X3 mukcens. PesynpraT cpaBHEHHS
3anuceiBaeTcd Kak 0, eciM 3HAuYeHHE paccMaTpUBAEMOrO
MHKCEJIsl MEHbIIIE IIEHTPAJIbHOTO, M KaK 1 B IIPOTUBHOM CITy4ae.
Jna paccmaTpuBaemoil okpectHocTd 3 Ha 3 momy4aercs 8
udp, 13 KOTOPBIX COCTABIACTCS JBOUYHBIH BEKTOpP, KOTOPBIi
HHTEPNPETUPYETCs KaK JIBOMYHAs 3aIliCh IIEJIOro 4ucia. JTo
YHUCIIO W SABJISAETCA PE3YIbTaTOM IIPUMEHEHHs omeparopa K
nuKcento. VIToroble NpU3HAKYU IOJYYalOTCs Mociie pa3OHeHus
BCEro M300pa)K€HMS PEIIETKOH Ha NPSAMOYroibHble 00JIacTH,
HOJCYETa THUCTOIPAMM YacTOT MOSBJICHHS 4YHCENl B KaXHOH
00J1aCTH ¥ KOHKATEHAllMd THUCTOrpaMM MO BceM 00JacTsAM B
onuH BekTOp. IIporecc BBIYMCIEHHS JIOKAJIbHBIX OWHApPHBIX
111a0JIOHOB TIOKa3aH Ha PHCYHKe 2.

43 1]0]0
'y — [1] [o|—— 10001111 —— 143
19]7] 1{1]1

= THCTOTPAMMEL

BEKTOP

Puc. 2. BbluncieHHe JIOKaNbHBIX OHHAPHBIX IIAGIOHOB:
BBEPXYy — M1 OJHOTO MHKCENs, BHH3Y — UL LIEJNOro
N300paKEeHUSL.

ot TNpU3HAKU ycTOfI‘IPIBLI K HEOOJBIIUM H3MEHEHHUSIM
OCBCIICHHOCTH H HEOOBITUM CABUraM B IIOJIOXKCHHHU JIMLA.
Orta ycTOfI‘IPIBOCTL JOCTUTACTCA 3a CYET TOIro, 4YTO IOACYET
BEIACTCAd HE HWHIAUBUAYAJIBHO JUIA KaXXJI0ro IIUKCEIId, a
HCIIOJIB3YIOTCA 00JIaCTH 3HAYUTEILHOTO pa3smepa.

Ipu 3ameHe B 6a30BOM ajIropuTMe HCIOIb3YyEeMBIX NPU3HAKOB
Ha JIOKaJbHble OMHApHBIE IIAOJIOHBI, a TAKKE HMCIIOIB30BAHUU
JUHEHHOr0o MeToJa OIOpPHBIX BEKTOpoB, omuOka MAE
anroputMa Ha BbIOOpke n3 6a3p1 MORPH nonmsunace ¢ 6.07
g0 4.61. Ilpu »ToM wHcHoOnb30Bajach TOYHO Takas iKe
npoleaypa TeCTUPOBaHUS, Kak U B [4].

B  mocnenyrommx ~— 9KCIIEpUMEHTaX  Mbl  HCIOJNB30BAJIH
YIPOLIEHHYIO NPOLeAypy TecTupoBaHus. [lapamerpsl MonenH,
TaKMe KaK IapaMeTpbl METofla  ONOPHBIX  BEKTODOB,
HoAOMPAINCh € TIOMOIBIO KPOCC-BAIMAALINY € 5 pa30HEeHUAMU
OJIHOKpaTHO Ha Bceil BeiOOpke. [locne atoro Bes BhIOOpKa 30
pa3 ciydaitHeiM oOpazom gaemmnack Ha 80% u 20%, Ha
Gospluel yacTH 00y4auch KiacCu(hUKaTOPhI, 8 TECTHPOBAIUCH
Ha 20%. [JlaHHas mpoleaypa CyLIeCTBEHHO ObICTpee HCXOAHOM,
HO3TOMY OHA JIy4IlIe TMOAXOJUT JUIS TECTUPOBAHUS Pa3IUYHBIX
Moz(UKaIMIl aIropuT™a.

OCHOBHBIMH HEJOCTaTKaMH HCXOIHOTO QJITOPUTMA SIBIISIOTCS
BBICOKHE TpeOOBaHUS IO TNaMATH W JUIUTENIBHOE BpEMS
Knaccu(UKauy 1M3-3a OOJBIIOTO KOJIMYECTBA HE3aBUCHMBIX
ki1accudukatopos. B pabGore [4] wucnoms3oBamocs 80
ki1accuukatopoB. [lpm 3amMeHe mapaMeTpoB AKTHUBHON
MOJIETIM BHEIIHOCTH Ha JIOKaJbHbIE OWHApHbIE I1a0JIOHBI
JaHHas npoblieMa 3HAYMTEIBHO 000CTpseTCsS, T.K. pa3Mep

Russia, Moscow, October 01-05, 2012

TIPH3HAKOB

RU1: Biometry
BEKTOp-TIpU3HAKA yBENUYMBACTCS B HECKOIBKO pa3, ¢
HECKOJIbKUX JCCATKOB HJIH COTEH r[apaMeTpOB1 1o 2065.
4.2 ToBbiWeHNe TOYHOCTU Knaccudukaumm

I[anee HaMH OBLIH MPEAJTIOKEHBI IBE MOZ[I/I(bI/IKaLII/II/I, Jaroume
JIOTIOJTHUTEJIbHBIN TMPpUPOCT B TOYHOCTH KJ'IaCCI/I(l)I/IKaI_II/II/I.

HepBaﬂ MOZ[I/I(bI/IKaLII/Iﬂ 3aKII0YacTCd B HCHOJB30BAHUU
BEPOATHOCTHOI'O  BBIXOJa KJ'IaCCI/I(bI/IKaTopa. B 6asoBom
aJIrOpuTMeE TNOACYUTBIBACTCA HHUCI0 KJ'IaCCI/I(i)I/IKaTOpoB,

KOTOpBIE BBIJAIOT pe3ynbTaT Ooinbiie 0, T.e. BCEX TeX, KOTOpbIE
CUMTAIOT 4YeJOBEeKa CTaplle, 4YeM CpPaBHHBAaEMBIH BO3pAcT.
JlaHHast cxema Oblna Obl NMpaBHIIBHOW, eciaM Obl BCE NEpBbIE
Ki1accH(MKaTOPbl BbIIAaBaIH Obl MONOKUTEIBHBIN PE3yJIbTAT, a
HOCJIe ONPEIeNIEHHOr0 BO3pacTa — OTpUUATeNbHbId. OgHaKo
Ha IPaKTHUKE B OKPECTHOCTH MPaBHIIBHOI'O BO3PACTa YeJOBEKa
Knaccu(UKaToOppl  MOTYT — JaBaTh  pa3HbId  pe3ysbTar.
Hampumep, cpeaum coceaHUX OTPULATENBHBIX PE3YIbTaTOB
MOJKET BCTPEYAThCS U MOJIOKUTEIIBHBIN.

HO3TOMy MBI IIpeajraraéM CyMMHPOBAThb HENOCPEACTBEHHO
BepOﬂTHOCTHLIﬁ BBIXO/] BCEX KHaCCI/I(bI/IKaTOpOBZ

P =1+ fi(x)

IpenBaputensHO K BEPOSITHOCTHBIM BBIXOZIaM
Ki1accH(pUKaTOPOB NPUMEHSAETCS MeIHaHHast QUIbTPaLHs.

Tawke Mbl IpemiaraeM H3MEHHTb (QYHKLIHIO CTOMMOCTH.
Ucxonnas ¢ynkums croumoct (2) JMHEHHO 3aBUCHUT OT
OIIMOKKM B OLIGHKE BO3PACTa, BHE 3aBUCUMOCTH OT 3HAYEHHUS
Bo3pacra. IIpu 3TOM ofHA M Ta e pa3HULA B BO3pacTe ULt
Jereid 0OBIYHO TOpa3fo 3aMeTHee, YeM Ul MOXKWIBIX JIIOACH.
ToaTomy MbI IpeIOXKUIN MOAUGHUIIMPOBAHHBII BapUaHT STOU

¢byHKIMH:
cost, () =a-(K—k)-|[[ -k,

rre K- MakcuManbHBIA  BO3MOXKHBI

HaCTpanuBaeMblil Tapamerp.

Bo3pact, & -

CyMMapHO, yKa3aHHbIE MOMU(HKAIMK YMEHBIIAIOT OIIUOKY
MAE 150 4.52 ropa.

4.3 YcKopeHue anroputma

Kak ObLITO CKa3aHO BBIIIE, OCHOBHBIM HEIOCTAaTKOM
HCIOJIB3YEMOI'0  aJIrOpUTMa  SABJISIETCA OOJIBIIION pasmep
KnaccmbHKaTopa 1 MEJICHHas KJ'IaCCI/I(i)I/IKaHI/Iﬂ.

HaunbGonee HPSIMOJIIUHEHHBIM pelieHneM SBJIACTCS
HEIOCPE/ICTBEHHOE yYMEHBIIICHHE YHCIa KJIacCU(PUKATOPOB.
HampumMep, MOXXHO OCTaBHUTH JIMIIb YacTh KJIACCU(PHUKATOPOB,
pa3IMYarOMMXCs Ha N JIET APYr OT Jpyra. OTO aBTOMATHYECKU
BIeu€T 32  co0OM  yMeHbIIEHHE  pa3smepa  oOILiero
Knaccu(puKaTopa M YCKOpeHHe BpeMeHH o0paboTku B n pa3. B
tabnune 1 ykazaHa TOYHOCTH aJrOPUTMA, MCIIONB3YIOIIETO BCe
MOIU(MUKAIMY U3 MyHKTa 4.2, €CIIU OCTABJIATD JIMIIb KaXKIbIH
n-blit KaccupuKaTop.

Pa3ymHO ObLTO GBI HPEAIONOXKHUTH, YTO ONTHUMATBHBEIA HAaOOp
BO3PACTOB, KJIACCH(UKATOPBI KOTOPBIX CTOUT OCTAaBHTb MPH
3aaHHOM KOJMYECTBE KJIACCU()UKATOPOB, OTIMYACTCS OT
HPOCTOro BbIOOpa KaXkaoro n-oro. s BeIGOpa ONTHMANBHOTO
Habopa BO3PAaCTOB Mbl HCCIEJOBATH NMPUMEHHMOCTh YKaJHOTO
QIITOPUTMA, KOTOPBIH MO OJHOMY «BBIKHIBIBACTY OTACIbHBIC
KJIacCH(HUKATOphl TaK, YTOObI OHmIMOKAa  KJIacCH(pHUKAIMN
ocraBagacb ~MHUHAManbHOW. OfHaKO 3TO MPHBOIUT K

1 .
TouHbIi pa3mMep BeKTOp-NpH3HaKa B [4] He yKka3aH.
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n=1(sce n=2 n=3 n=4 n=>5
KJIaCCU(HUKATOPHI)
4,52 4,61 4,65 4,72 4,96

Taomuma 1. Cpennsisi omrbka KiaccupUKay BO3pacTa Ipu
UCIOIb30BaHUH KaXJI0r0 N-ro KiaccupuKkaTopa

nepeoOydeHHI0, T.K. aJrOPUTM eCTECTBEHHBIM 00pasoM
BBIKM/BIBACT T€ BO3PACTHI, A1 KOTOPHIX B BBIOOPKE MEHBLIC
Bcero (Qororpapmit. Takum 00pa3oM, JKaTHBIA aJTOPHUTM
MOXHO TpPUMEHSITh TOJBKO TNPH HAIMYMH  I[IONHOCTBIO
PaBHOMEPHO BBIOOPKH.

Tarwke 1 yckOpeHHs KiacCM(GHUKAlMM BO3pacTa MOXHO
NPUMEHATh HE BCE KIACCU(UKATOPhl, a JHIIb 10 TOro
MOMEHTa, KOrJa N TMOCIEeIHUX KIACCH()UKATOPOB HE NamyT
OTpHLATENbHBII pe3ynbTaT. CyMMHPOBATh PE3YIbTaThl HY)KHO
TaKKe TOJIBKO 110 NPUMEHEHHBIM Kiaccudukaropam. [Ipu sTom
Heb3s  HCIONB30BATHCS  BEPOATHOCTHBIE  BBIXOABL, U
npuUxoAnTcs: oKpyriaATh ux 1o 0 u 1. B TabGnuue 2 npuseneHb!
pe3ynbTaThl paboThl arOpUTMa MPH Pa3IMYHBIX N.

B rabmuue 3 moka3zaHO CpaBHEHHE YyKa3aHHBIX BapHaHTOB
QITOPUTMOB JIPYr C JAPYrOM M C MCXOJHBIM aJTOPHTMOM.
Tlockonmbky B wucxomHod pabore [4] He ykazaH pa3mep
Knaccu(UKaTOpoB M BpeMeHa paboThl, 3TH MHapaMeTpsl B
Tabnune He NpUBOAATCA. Bpems yka3aHo ais peann3anuu
anropuT™Ma Ha Marinabe, HENOCPEeICTBEHHO KiacCH(pUKAIUL
peammzoBana Ha C++ B BHAe mex (YHKIUA Hna
KJIacCU(HKaIMU HCIIOIb30Bajach onbmuoreka lib-svm [2].

n=1 n=2 n=3 n=4 n=>5

Paswep Bpewms knaccu- MAE,
Anroputm KJIaccH-
(uxaropa, T'6 ¢ukanuw, c. ner

Hcxonnbrit ) . 6.07
ANTOPUTM ’
Mlyuii o 1,17 321 4.52
TOYHOCTH

Y CKOpeHHEIH 0.29 0,40 4.72
BapuaHT 1

YckopeHHbIH 0.29 0.32 5
BapHaHT 2

4,75 4,7 4,65 4,63 4,62

Taomuma 2. Cpennsisi omubka KiaccupUKay BO3pacTa Ipu
OCTaHOBKE KJIacCH(HKAIMK TOCNIE N OTPHLATEIBHBIX
pe3ynbTaToB

TakuM 00pa3oM, IpH OCTaHOBKE MOCIE 3 OTPULATENBHBIX
pe3yNnbTaToOB CpeAHss OMMOKa yBenudymiach 10 4.65, npu sTom
cpelHee BpeMs KiIacCH(UKAUUM YMEHBLIWIOCH Oonee uem 2
paza. OfHaKO YMEHBIIIEHHE BPEMEHH MPOHCXOMUT IO-Pa3HOMY
JUIL  pa3IMYHBIX BO3pacToB. /[l  CTapIMX — BO3pacToB
YMEHbLIEHHE BPEMEHH MEHblLIEe, T.K. NPUXOIUTCS MPHMEHSThH
GoJbllee KOJIMYECTBO KJIACCU(PHUKATOPOB.

Eciy sxe ckOMOMHHMpPOBAaTh OIMCAHHBIE ONTHMHU3ALUK BMECTE,
HalpuMep, HCIONb3Ys JIMIIb KaxAbld 3-H Kiaccudukarop u
OCTaHOBKY  KjaccuuKanuu 1mocie 2  OTPULATENbHBIX
pe3yNbTaTOB, MOXKHO HOOUTHCS 8-KpaTHOrO YCKOpeHHS U 3-
KpPaTHOrO  YMEHBIIEHHMS pa3sMepa KiaccupHuKaTopa IpU
YBEJNYEHHUH OLIMOKH OmpeiesieHns Bo3pacra 1o 4.72.

Haxonen,, eme oaHMM CrocOOOM — YCKOPEHHS — SIBIISIETCS
UCIONb30BaHUWEe OuHapHoro moucka. Ilpm s3TOoM BHauane
npoBepseTcst cpeaHuid Bo3pact. Ecim kimaccuduxarop naér
HOJIOKUTEIIbHBIA  pe3yabTaT, TO HPOBEPACTCS — CTapuias
TIOJIOBUHA BO3PACTOB, €CIM OTPULATENBHBIH - TO MIiaamias
nonopuHa. [Ipu 3TOM Takke MOXHO HCIOIb30BaTh HE BCE
KIaccU(HUKATOPbl, a TOJBKO KaAbld n-bld. IIpoBeneHHbIE
9KCHEPUMEHTHI TI0Ka3ald, YTO IIPU 3TOM MOXHO B 3 pasa
YMEHbUINTh KiIaccupukarop W B 10 pa3 CHU3HTH BpeMs
Ki1accu(UKaIMK IPY YBEIUUCHUN CpeiHel OmMOKH /10 5 JeT.

4.4 BbiBOoAbIl

HauOonpmieli TOYHOCTH oOmpeneneHHs BO3pacTa  yaaJloch
JOCTHYb NPH  HCIONB30BAHMM  JIOKAJIBHBIX  OMHapHBIX
ma0JIOHOB, CYMMHpPOBAHHUSI BEPOSTHOCTHBIX  BBIXOJIOB U
MOIM(UIUPOBAHHON (QYHKIIMH CTOUMOCTH.

Kommpomuce Mex1y yBENHYEHHEM TOYHOCTH M BpPEMEHEM
KIaccH(HUKAUK MOXHO O00€CHEeYHTh 3a CUET HCIIONIb30BAHMS
Ka)K/IOr0 TPEThEro KiaccH(UKAaTopa W OCTAaHOBKM mocie 2
OTPHLATENIBHBIX PE3yJbTaTOB (0003HAYNUM 3TOT AJITOPUTM Kak
«YCKOPEHHBIH BapWaHT 1») WIM 3a CYET 3aMEHBI OCTAHOBKH
nocyie 2 OTPHIATEIbHBIX PE3YJbTaTOB Ha OWHApPHBIA IOHMCK
(«ycKOpeHHBII BapHaHT 2»).
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Taomuma 3. CpaBHeHHE pa3NuYHBIX MOAU(PHUKAIIN
QJITOPUTMA Ha OCHOBE OMHAPHBIX KJIacCU(PUKATOPOB.

5. 3AKJTIOYEHUE

B nanHo#i craTke npemnaraercs psj MOAUGUKALUKA anropuTMa
[4] onpenenennst Bo3pacTa uenoBeka Ho ¢ororpaduu JHIA.
bnaronapst 3ameHe nmapameTpoB AKTHBHOW MOJENIN BHEITHOCTH
Ha JIOKaJIbHble OWHAapHbIE INAOJOHBI B Ka4yecTBE IMPU3HAKOB

JOCTUTHYTO CYHIECTBEHHOC TNOBBILICHUEC TOYHOCTH
KJ'IaCCI/I(bI/IKaLII/II/I BO3pacTa, OJHAKO TIIpU DSBTOM aJIrOPUTM
CTaHOBUTCA MCIJICHHEC u CYLIECTBEHHO oonee

TpeOoBaTeNbHBIM K 00beMy HeoOxoamMmoi mamstu. Jlns
o0ecreyeHHsT KOMIIPOMHUCCA MEXIy IOBBIILICHHEM TOYHOCTH,
BpeMeHeM PabOoThl M TPEOOBAaHMSAMH MO MAMATH MPEITIO0KEHO
HECKOJIBKO IOTOJTHUTEIBHBIX MOAU(UKALIIH.

B nmanbHeilneM mUIaHWpYeTCS HCCIEAOBaTH  BOSMOXKHOCTB
HOBBICHTh TOYHOCTh KJIAacCCHM(HKAIMK 32 CHET HCIIONB30BAHUS
JOTIONHUTENBHBIX ~ TPU3HAKOB,  ITIOMCKAa  ONTHMAaJbHOIO
pa3OMeHuss Ha BO3pacTHbIE TPYINBl, a TaKkKe MPOBECTU
TectupoBaHue aiaroputma Ha 6aze FG-NET [1].
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Pacno3HaBaHuMe pacTpoOBbIX TEKCTYPHbIX U300paXeHU Ha OCHOBe
napamMeTpuyecKMX aumKnmMyeCcKMX MapKkoBCKUX Moaenen

Cepreii [IBoenko, Ilanr Iunp
Kadenpa aBromaTtnku u TeneMeXaHUKA

Tynbsckuii 'ocynapcrBennsiii YHusepeuret, Tyna, Poccus
dsd@tsu.tula.ru, dvietsang@gmail.com

AHHOTaUuA

B 3amage pacmo3HaBaHUS PacTPOBBIX TEKCTYPHBIX H300paske-
HHUI 9acTo TpeOyeTcs! BBIMOIHUTH CETMEHTAINIO MO U300pa-
JKEHHs Ha 00J1aCTH OAHOPOIHBIX B HEKOTOPOM CMBICIIE TEKCTYP.

Ipennonaraercsi, YTO MAacCHUB JAaHHBIX IIPEACTaBICH B BHIC
JIByXKOMITOHEHTHOTO MapKOBCKOT'O CIIy4aifHOT'O MOJISI CKPBITBIX
KJIaCCOB TEKCTYp M HaONII0aeMbIX IMPU3HAKOB. Tpedyercst Boc-
CTAQHOBHUTh HEM3BECTHBIE MAapIHHAIbHBIE PACIIPEICTICHUS BEpPO-
STHOCTEH CKPBITBIX KJIACCOB.

BsanMmocBs3u MexIy TOUKaMH pacTpa, 00pa3yromie HCX0JHbIH
LUKIMYECKHH Tpad cocelcTBa IEMEHTOB MAacCHBa B BUJE pe-
LIETKU, alNIpOKCUMHUPYIOTCS HAOOpPOM AalMKINYECKHX TrpagoB
COCEJICTBA.

IIpennaraercst MapruHaNbHBIE PACHPENEICHHS CKPBITHIX Kiac-
COB OTHOCHUTEIBHO MCXOIHOM pPELIETKHM 3aMEHUTb JIMHEHHON
KOMOMHAIE! MaprHHaIbHBIX PacHpeNelIeHH OTHOCHTEIBHO
3a/IaHHBIX AlMKINYECKHX IpadoB COCEICTRA.

MapKOBCKHE MAaTpHLbI IIEPEXOJ0B MEXAY KIACCaMH TaKKe
SBJISIOTCS apaMeTpaMu alMKINYECKUX MOJIENIeH U MOTyT ObITh
OIIPEJIENICHBl TOJIBKO OJHUM JHArOHAJIbHBIM 3JIEMEHTOM, KOTO-
PBIit TpeOyeTcst ONPEAETUTb.

Knrouesvie cnosa: epaguueckue modenu, mapkosckue o,
meKkcmypHuvle uU300padicenus, MawuHHoe obyueHue, pacno3Hd-
6anue, ceeMeHmayus, UHMEIEeKMYaibHblll AHAIU3 OAHHBIX.

1. BBEAEHME

B uHTENMIEKTYaIbHOM aHAN3e TAaHHBIX U MAITUHHOM O0YYCHUH
B HACTOAIIECEC BpEeMs HMHTCHCHBHO pPa3BHBACTCS HANpaBJICHUE,
MOJTy4HBIIee Ha3BaHWe rpaduueckux Mojesel, onuparomeecs
Ha rpadbl COCECTBA 3JEMEHTOB MHOXECTBA ISl MOCTPOCHHUS
3¢ (GEKTHBHBIX aITOPUTMOB PACIIO3HABAHUS H 00Pa0OTKH, B TOM
YHCIe U n300pakeHui [9].

HyCTB MAacCCUB MAaHHBIX MPEJACTABJICH B BHUJAC ABYXKOMIIOHEHT-
HOT'O MapKOBCKOI'O CJ'[y‘IafIHOFO TOJIs1  CKPBITBIX KJIACCOB 3JI€-
MCHTOB MacCCUBa M HUX Ha6J'IIO,I[a€MLIX IPU3HAKOB. I/ICXOZ[HI)IB
B3aUMOCBSA3U MEXKY 2JIEMECHTaMU MaCCUBa B PCAJIbHBIX NaHHBIX
AlMmpOKCUMUPOBAHbI Ha60pOM AUKINYCCKHUX Fpa(i)OB cocencT-
Ba DJICMCHTOB MaCCHBa.

Tpebyercs 1O NpeabsBICHHBIM HAOIIOJEHUSIM BOCCTaHOBHUTH
CKPBITYIO KOMIIOHEHTY CILy4aiiHOTO HOJI.

W3zBectHo, 4TO U1 TrpadoB OOLIEro BHAA C LUKIAMH 3aaada
pacro3HaBaHUsI MApKOBCKHUX CIydalHBIX ITOJIel 00JIagaeT cBOii-
cTBaMu 3aj1auu kiacca NP [4, 6, 7]. Kak npasuio, crangapt-
HBIM CIIOCOOOM SIBIISIETCS PEIISHNe JAaHHOM 3a/aull B TEPMHUHAX
THOOCOBCKHX SHEPrHi, IJle MHHUMH3AIMS THOOCOBCKOM 3HEp-
THH CKPBITHIX COCTOSIHUIM MapKOBCKOTO CIIy4aifHOTO ITOJISL JOC-
TaBIsIET ~ MakCUMyM  HMX  HEU3BECTHOMY  COBMECTHOMY
arloCTEPHOPHOMY ~ PACIpEIeNICHHI0 Ha OCHOBE  TEOPEMBI
Xammepcau-Kimdpopna [6].
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B nanHO# cTaTtbe pa3BUBAaeTCs MOJAXOJ, OCHOBAaHHBIA HA YHC-
JICHHOHN OLIEHKE MaprMHAaJbHBIX paclpeneiaeHui BepOSATHOCTEN
CKPBITBIX KJIACCOB, I'I¢ HEU3BECTHBIE MAPIHHAJILHBIE pacIlpe/e-
JICHUSI BEPOSATHOCTEH CKPBITHIX KJIACCOB OTHOCUTENBHO HCXO[-
Horo rpada COCeACTBa 3aMEHSIOTCS JIMHEHHOW KoMOWHaIuei
MapruHajJbHbIX pacnpeneneHnﬁ OTHOCHUTECJIBHO 3alaHHBIX
aIUKIHYeckux rpagos cocencraa [ 1-3].

MapkoBcKkue MaTpuUllbl IEPEXOI0B MEKIY CKPBITBIMU KJIacCaMH
SIBJISIIOTCSL TIapaMeTPaMu TaKUX alMKIMYECKUX MOJCIEH H, Kak
IMOKa3aHO B jlaHHOI\/JI CTaTbC, MOI'yT 6bITl> ONpe€ACICHbI TOJIBKO
OJIHUM JIMarOHAJILHBIM DJIEMEHTOM, KOTOpbIH panee [1-3]
0OBIUHO 32/1aBAJICS IBPUCTUUECKHU.

B nanHO# cTaThe HMOCTPOEHBI AJTOPUTMBI TOUCKA MAPKOBCKUX
apaMeTpOB OJHOBPEMEHHO C MOUCKOM BECOB alMKIMYECKHX
rpadoB cocelcTBa B MX JIMHCHHONW KOMOWHAIMH C IETbI0 3¢-
(eKTUBHOTO YIyYIIIEHHs] KA4eCTBa PacliO3HABAHMSI.

HpVIBe}leHbI pe3yabTaThl CPaBHUTCIIBHBIX JKCIICPUMCHTOB B
3a71a4e CerMEeHTALMU PACTPOBBIX TEKCTYPHBIX U300paKEHHH.

2. AUMKITMYECKME MOMOENMM MAPKOBCKOI'O
nond u AINNMFOPUTMbl PACNMO3HABAHUA

Ilycts MaccuB 7 B3aUMOCBSI3aHHBIX OOBEKTOB f€ T mpen-
CTaBJIEH KaK JIByXKOMIIOHEHTHOE city4aitHoe noyie (X,7Y) .

Hab6monaemass komnoneHta Y =(y,,tz€ ) NpUHUMAaeT 3Haue-
HMS M3 MHOXECTBa y, € @, ONpEeNeNeHHOr0 NPHPOIOH UCTOU-
HMKa JaHHbIX. CKpbITast KOMHOHEHTa X =(x,,/€ T) HOICKUT
BOCCTAHOBJICHHIO M B 33/laue€ PAcliO3HaBaHHs NPHHHMAeT 3Ha-
YeHHss HOMepOB KiaccoB 00bekToB Q = {l,..., m} . Habmronenus
YCIIOBHO HE3aBUCHUMBI OTHOCHTEIBHO DPEAM3alMH CKPBITOrO
Clty4aifHOTO oIS Ki1accoB 00bekToB ¥, (y, | X) =, (y, | x,) -

Ha mHOXkecTBe 21eMeHTOB f€ 7 MacCUBa JaHHBIX OIPEICICHO
CHMMETPUYHOE aHTHpedIeKCHBHOE OMHApHOE OTHOLICHUE,
MpPEACTaBICHHOE B BHUJIE HEOPHEHTHPOBaHHOTO rpadga G 0e3
nerenb, pedpa KOToporo (s,¢)€ T COEIUHSIOT COCEIHHE die-
MeHTHI MaccuBa HaHHBIX s€T u teT . I'padp G sBmaercs
JIEPeBOM WM LIETBI0, T.€. HE COCPIKUT LIMKIIOB.

CkpsiToe Tone X sBJIAETCS MAPKOBCKHM, €CIU JJIst BceX f€ T

BBIONHEHO ¢, (X, | X)) =¢,(x, | X)) , TAe IpHHsTE 0603HAYe-

must X, =(x,,s€T\1), X(Ot)z(xs,se T\t,(s,1)e G).

JpeBoBunneiii rpa¢p G pazdbHBaeT OKPECTHOCTH HETEPMHUHAIb-

HOIo JJIEMCHTa X Ha JBEC IIPON3BOJIbHBIC JacTu

t
0 _ -0 +0
X(r) _X(r) UX{,) :

€CTECTBEHHBIN HUCXOAALIMN U BOCXOAIMHA MOPSIIOK TPOCMOT-

Bepumna "€ T B KaueCTBe KOPHs 3a/Ia€T

pa, ompesiensis OKPECTHOCTH X =X, W3 OZHOTO JIEMEHTa,
NPE/ECTBYIOMEro X, , B OKPECTHOCTh X ) HEIOCPEACTBEH-

HBIX IIOTOMKOB X, .
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MoxHo noka3zats [1-3], 4To Takoe anpHOpHOE IOJE SABIAETCA
OJHOCTOPOHHHM MapKOBCKHM ¢, (x, | X 8)) =q,(x,|x).

MoxHo Tarke nokazate [1-3], 4To amocTepHOpHOE CKPBITOE
HOJIE OTHOCHUTENBHO TOro xke rpadga G ocraercss OJHOCTOPOH-
HUM MapKOBCKHM pl(xt |X(z)a Y) = pz(xt |xr7 Yz+) , TAC YtJr -

noaAepeBo € KOPHEM B 'y, , BKJIt04as €ro.

Jna pemenuit o mone X MOKHO HCIOJB30BATh, HAIpUMeEp,
GaifecoBckoe mpawio X, (Y)=argmax p,(x,|Y), te T, rne

X €
p,(x,|Y) — nmoKalbHBIE aNOCTEPHOPHBIE MAPTHHAIIBHBIE pac-

MpENeNIEHUs] BEPOATHOCTEH CKPBITBIX KJIACCOB B AJIEMEHTax
maccuBa te T .

BoccranoBnennas xommnoHenta X (opMHpYET CBs3HBIE 00-
JaCTH OJMHAKOBBIX HOMEPOB KIIACCOB, 00pa3ys CEerMEHTALHIO
ol HaOJIONEHUH, HampHMep, pacTpOBOrO H300pakeHHs Ha
00J1aCTH C pa3HBIMU THUIIAMH TEKCTYP.

BazoBblit anropurm. IIpouenypa BOCCTaHOBIEHHS CKPBITON
KOMITOHEHTHI Ha3BaHa 0a30BBIM AITOPUTMOM pPAaCIIO3HABAHUS.
CxkpslToe nosie X pacro3HaeTcs B 00LIeM cilydae 3a TPH Hpo-
xofa no aepeBy G [2, 3].

1. 3amaercs Hauano 0OpabOTKM B KOPHE {* M ampHOPHOE pac-
npenenenne q,.(x.), x.€ Q. Hucxomamum nmpocMoTpoM Uit
BCeX f€ T BBIYUCIIIOTCS AllPHOPHBIE pacHpeieNeH s KIacCoB
— +0
qs(xs)_ Z qs(xs |xl)ql(xt) > X €Q > S€ 7—('1) °
xeQ

2. BocxoasmmuM mpocMOTPOM OT TEPMHHAIIOB K KOPHIO BBIYHUC-
JSTIOTCS  «(QUIBTPAI[MOHHBIE) AalOCTEPUOPHBIE MapTrUHANbHbIE
pacrpeneneHns KJI1accoB

pt(xt |Yt+)°cpt(xt |Y(:))pt(xt|yr)’ xle Q’ te T’

s (5 1x)
P 1 E) < [T pa 42 se e,

s xEeQ

rae Y — noiuepeBo ¢ KOpHeM B Y, , BKIIFOUas ero. Anocrepu-
OpHBIE MaprHHAJbHBIE pacnpenencHus p,(x, |y,) MOTydeHsl HA
JTane He3aBUCHMOro oOydeHHs. B TepMHHAIBHBIX BepIIMHAX

npurnmaercs p,(x, |Y,) = p,(x, |y,) .

3. Ha nocnenHeM BOCXOJAIIEM IIare pacrpeseleHue B KOPHE
omupaercs Ha Bce HabmomeHus p.(x.|Y0)=p.(x.|Y),
X, € Q. Takoe «MHTEPHOIALMOHHOE» allOCTEPUOPHOE MaprH-

HaJbHOE paclpeiereHue 3HAu€HUHl KOPHEBON IepeMeHHOU
MO3BOJIACT IPUHATH PELICHUE O KJlacce
;Ct*(Y) = argmaxpt*(xt* | Y) .
x€Q
4. HucxonmsgmuMm mpoCMOTPOM OT KOpHS 1l BceX t€ 1 BHI-
YHUCISIFOTCS UHTEPIOJIALMOHHBIE allOCTEPUOPHbIE MaprUHallb-
HbIE paclpeieIeHus
+0
ps(xs | Y) o< z ps(xs |x,,Y)p,(xt |Y)9 X e » € T(‘t) ’
x,eQ

95 (x5 1x0)

+
p(x, [ X, Y) e p (o, | Y)g, (x) =
U IPUHHAMAIOTCS PEIISHNs O Kitaccax
x,(Y) =argmax p,(x,|Y).
X, €Q

HUrepauuonnsiii aaropurM. s 3aganHoro Habopa amuKIu-
yeckux rpagos cocencrtsa G,, k=1,..., K , annpoKCUMHUpYIO-
IMUX UCXOJHBIN rpad coCenCcTBa AEMEHTOB PeaTbHOTO MacCHBa
JAHHBIX, UTEPALOHHBII aJTOPUTM PAaCHO3HABAHMS MOCTPOCH
Ha OCHOBE 0a30BOT0 aJITOPUTMa M UMEET cieayromuii Bux [3].

Russia, Moscow, October 01-05, 2012
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1. nsa xaxporo anukiaudeckoro rpada G, 0a30BbIM allrOPUT-

MOM  (opMHupYIOTCS pacrnpezeneHus
pi(x |Y), k=1,...,K, te T, u Ha ux ocHose GopMUPYIOTCS

anoCTepUOPHBIE

K
armocTepHopHbIe pacnpeneneHus p,(x, |Y)= Z G pix 1Y),
K
te T s 3aJaHHBIX BECOB W, 20, Zk:l w,=1.

2. Tonpko uTO HaiifieHHBIe pacmpeneneHus p,(x,|Y) npunu-
MaloTCsl 3@ HCXOJIHBIE BMECTO pacmpeselieHuit p,(x, |y,) u 1

KaXIOTO allMKJIMYECKOro rpada coceacTBa B OTAEIBHOCTH Oa-
30BBIi AJITOPUTM IIPUMEHSETCS] BHOBb.

3. UTepaliOHHBIA aNTOpUTM OCTaHABIMBAETCS, KOTJa pacipe-
JEeTIeHHs] ePECTal0T U3MEHSTHCS, MO3BOJSIA MPUHATH PELICHHS
oxnaccax x,(Y), teT.

Cxema I'aycca-3aiigessi. Beca rpadoB cocencrsa B JTHHEHHON
KOMOMHAIIMK ONpeneNsioTess o cxeme [aycca-3aiigens, rae
usMeHenne Beca rpada G, B auanasone ot 0 mo 1 cuuraem

aHaJIOrOM ITOKOOPAWHATHOTO BapbUpOBaHUs [3].

1. Ha HayanmpHOM IIare pacmpefelieHHe BecOB BceX rpadoB
m3mensierca ot 1/(K -1),...,0,...,1/ (K -1), xorga rpadp G,

MOTHOCTRI0 McKmoueH, 10 0,...,1,...,0 , Korga ecThb TOJBKO
rpa¢ G, . lllar 3akaH4MBaeTcCs MOCIEe BapbUPOBAHHS BCEX Be-

COB H BBIOOpa TOrO rpada, yei Bec oOecmedr MHHUMATBHOES
YHUCIO0 OWMOOK pACIO3HABAaHUS HA OOYYAIOIEM MHOXECTBE
H300pasKeHUH.

2. Ha ouepennom mare Bapsupyercs Bec 0< p <1 rpada G, .
Hopmuposannslii Bec rpada G, B JuHeHHOH KoMOMHaLUU
uMeeT 3HayeHue w, = p . OcrasnpHble rpadbl UMEIOT K JAHHOMY

mary nocTosHHsle Beca [, i=1,..,K, i#k, rae ux cymma

K :
TaK)Ke MOCTOsSIHHA L = Z l., i # k. IXx HOpMUpOBaHHBIE Beca

=11’

w, =[,(1- p)/ L n3menstorcs oT w, =/, /L 1o w,=0.

Kaxnoe mpoOHoe BappupoBaHHE MpPOBEPSETCS OTHOKPATHBIM
KOMOMHHMPOBAaHHEM YK€ BBIYHUCICHHBIX MaprHHAIBHBIX pacrpe-

nenennit pt(x,|Y), teT, k=1,..,K ¥ pacro3HaBaHHEM C

TIOZICYETOM YHCIIa OMNOOK I pemennii x,, te T .

llar 3akaHYMBaeTCs MOCTIE BApbUPOBAHHUS BCEX BECOB M BBIOOpPA
HOBOTO Beca TOro rpada, A KOTOPOTO MOTydeHO MUHHMAb-
HOE€ YHCII0 OMHUOOK.

3. YACTHAA MOJEJIb MAPKOBCKOI'O MoJiA

MapxkoBckoe anpuopHoOe ciydaiiHoe moje kjaaccoB X ompe-
JeseT ero OAHOCTOPOHHEE CBOMCTBO B BHAE YCIOBHBIX pac-
MpeJieIeHUuil BEpOSITHOCTEN HAa MHOXECTBE 3HAUEHUN IEepeMeH-

HOH x,€ Q OTHOCHTENLHO OGO NepeMeHHON x, € X, u3

MapKOBCKOH OKPECTHOCTH X, .

Jlnia kaxnoi mapsl BepimH (7, ¢)€ G, COGTUHEHHBIX peOpoM,

q,(x,[x,) m
q,(x,|x,). BblObop HEKOTOpOIl BepIIMHBI B KayeCTBE KOPHS

ornpenecieHa Inapa YCIOBHBIX pacnpeneneHHﬁ

t"e T 3amaeT HUCXOMALIEE W BOCXOMSAIIEE HANPABICHUS IPO-
cMoTpa.

OIHOCTOPOHHSST MapKOBCKAasi MOZENb MONs X SBISAETCS OIHO-
pOIHOM KOHEYHOW MapKOBCKOM LIEMbIO ¢ HEM3MEHHBIMHU YCIIOB-
HBIMH PACTpefeleHUsIMH B BOCXOJSIIEM M HHCXOJSIIEM Ha-

npasneHusx, rae ¢q,(x, |x)=q(x, |x,), q,(x |x)=q(x|x),

 ompeneneHa AByMst Matpuiamu Q(mxm) u  Q(mXxm) ye-
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JIOBHBIX BepoOsiTHOCTEeHl nepexonoB. OAHOCTOPOHHSSI MapKOB-
cKas MoJenb noyd X SABJISIETCS 3PrOAMYECKON Hepa3iokKUMOMN
MapKOBCKOM IETbI0 M HMeeT (PUHANBHOE pachpeaeneHue
p(x),xe Q B kopue ¢°. Jns HEPasIOKUMOU MApPKOBCKOU

eru Matpunsl QO U Q CBA3aHI uepes (PMHANBHOE pacmpese-
neHue BeposiTHocTel ¢(x,|x,)=q(x, |x,)p(x,)/ p(x,). B Ta-
KOM MOZeNN HayaabHOE alpHOPHOE MAaprHHAIBHOE pacIpese-
JeHue BepoATHocTell ¢,(x,) MOXKHO 3a[aTh B 000K BepLIMHE
teT, Torga COOTBETCTBYIOLIME MapruHajbHBIE paclpeese-
HHS OKa3bIBAIOTCSI M3BECTHBIMH BO BCEX OCTAJIBHBIX BEPIIMHAX
nepesa G, B TOM 4YHCIIe U B ero kopae. Kopens ¢ ecrect-
BEHHO CBS3aTh C Ha4ajJoM 00pabOTKH, a HadalbHOE pacrpese-
JIEHHE CHIENATh KOPHEBBIM (. (X, ), X, € Q.

Ecnu mpeanonoXuTs, 4To anpHOpHOE pacrlpeereHne KIaccoB
B KOpHE {° ABJISETCA PABHOMEPHBIM (PUHATBHBIM pacrperee-
HUEM ¢,.(X,.)= p(x,.)=1/m, TO MapruHajbHblE AIPHOPHBIE
pacrpeneneHuss BEPOSTHOCTEH CKPBITBIX KJIACCOB BO BCEX OC-
TalbHBIX JJIEMEHTAaX TaKKe pPaBHOMEpHH. B 3ToM ciyuae
q(x [x,)=q(x, |x).

310, B YaCTHOCTH, TO3BOJISIET BHINOIHUTH MIPUBECHHBIN BBIIIE
6a30BbIi AITOPUTM BCETO 3a JABa MPOCMOTPA, UCKIIOUUB TIEp-
BBl IIPOCMOTD.

B wntore, ocraercst TOMTBKO OJJHA CHMMETPHYHAS M JBAX/BI CTO-
xacTuuHas Matpuua nepexogos Q. Ilpenmnomaraercs, uTo Ta-
Kast MaTpuia 0 HMMeeT OJMHAKOBBIC AWArOHaJIbHBIE HIIEMEHTHI
W OJMHAKOBBIE HEAWArOHATbHBIE 3JIE€MEHTHL. Torma B Tako
4yacTHOW Mojenu marpuna () 3amaercs TOJBKO OIHUM 3Haue-
HHEM e€ AMAaroHaTbHOTO 3JIEMEHTa ¢ , KOTOPBII OKa3bIBaeTCs
€IMHCTBEHHBIM MAapKOBCKHM I1apaMeTpoM, TpeOYIOIIMM Ha-
CTPOMKH.

3aMeTHM, YTO TEOPETHYECKH JUIs YIIyJIIeHHs KadyecTBa pacro-
3HABaHUA 110 CPABHEHUIO C PE3yJIbTaTOM HE3aBHCHMOI'O PAacCIIO-
3HaBaHMUsA HeoOXoauMo obecneunts ¢ >1/m . Panee »Bpucru-
YECKH NPEAINoaranock, YTo JUIsl Paclio3HABaHUs MPOTSHKEHHBIX
obylactell OZHOTO THIA TEKCTYyphl IOCTaTOYHO, HAIpUMeEp,
obecrieunts 0,95 < ¢ <1, HOITy4HB OTHOCUTEIHHO PEIKO Iepe-
KJTIOYAIOIIYIOCS. MapKOBCKYIO 1iernsb [ 1-3].

4. AlITOPUTMbI MOUCKA MAPKOBCKUX
NAPAMETPOB

Pacmmpum cxemy I'aycca-3aiinens morcka BecoB rpadoB s
OJIHOBPEMEHHOTO IOMCKa ONTHMAJIFHOTO 3HAYEHHUS HaroHab-
HOTO 3JIEMEHTa MaTPHIIbI IIEPEX0I0B. 3aMETHM, YTO TPU OJHO-
KPaTHOM PpAcIO3HABAHWM Al BapbUPOBAHMS HArOHAIBHOTO
JJIeMeHTa B auanasoHe 1/m < g <1 oxa3bIBaeTCsl BHIPOXKIEH-
HBIM, T.K. IpU JIOOOM Ha0Ope BECOB aIMKIMYECKHX TpadoB
YBEIMUCHNE [MAaroHAIbHOTO JJIEMEHTa IIPpH YCIOBHH ¢ <1
MOHOTOHHO YMEHBIIIAeT YHUCIIO OIIMOOK pacro3HaBaHus. YToObI
3a/1a4a MOMCKa HE OKa3ajach BHIPOXKACHHOM, B HOBBIX aJlrOPUT-
Max Ioucka OyneM NPUMEHATb MHOTOKpPAaTHOE Paclo3HaBaHHE
MIPY OLICHKE YHCIIa OMHOOK.

Adaroputv 1. Tlouck eIUHCTBEHHOT0 IHATOHAJIBLHOIO 3Jie-
MeHTa M BecoB. Bce anmuximueckne MapKOBCKHE MOJEINH, CO-
orBercTBytomue rpadam G, k=1,..., K , onpenensiorcs oj-

HUM OOIIMM JHAaroHaJIGHBIM 31eMeHTOM ¢ . CHauania Bce Beca

OIMHAKOBBI W ={w,=1/K, i=1..,K}.
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1. IIpoBapbupyem ¢ U HaiiieM €ro 3HauyeHUe NPU MUHUMAaJb-

HOM wuciie omubok E @ ¢" =argmin E(W', q) .

1/m<qg<l1
2. lllar BappHpOBaHHs BECOB MO BceM rpadam. Bapwupyercs
Bec w, ouepenHoro rpada G, B gmamazoHe 0<w, <1 mpu

MacIITaOMPOBAaHUU BECOB OCTaNbHBIX TpadoB. Kaxkmoe mpob-
HOE BapbUPOBAHHE TPOBEPSIETCS MHOTOKPATHBIM PACIIO3HABA-

HHEM C TOACYETOM 4ducia ommbok E(w,q"). Jna kaxmnoro
rpada G, ompelneauM YHMCIO OUIMOOK M ONTHMANIbHBIH BEKTOp

BECOB W, = (Wjyerus Wyenny W)

E, = min E(w,q"), w, =argmin E(W,q").
0w <1 0<w <l

3. Cpemu Bcex HabopoB Ww,, k=1,...,K Haiinem HaGop

* * * : * ~
W =Ww,,, k =argmin E_, obecnieynBmuii HaMeHbIIEE YKC-
1<k<K

JI0 OLIHNOOK.

4. loBropum maru 1-3 10 Tex mop, MoKa YMUCIO OIMIHOOK pac-
NO3HABaHMS HE MEPECTAHET U3MEHSTHCS.

Aaroput™m 2. IlepBasi cxema mOC/JeI0BATEJBLHOIO MOHCKA
AUArOHAJABHBIX JJIeMeHTOB M BecoB. Kaxmomy rpady
G,, k=1,..., K cooTBeTcTByeT alHUKIMYECKas MapKOBCKasg

MOJIENb CO CBOMM JHAroHaJdbHBIM 3JIeMeHTOM ¢, k=1,...,K .
Chauaia Bce Beca oquHakoBel W' ={w, =1/K, i=1,...,K} .

1. IIpoBapbupyemM OJHOBPEMEHHO BCE JHArOHaIbHbIE 3JIEMEHTHI
q, =9, k=1,..., K uHailnem 3Ha4eHue ¢ TpH MMHAMAJTLHOM

yuce omubok E: q" =(q’,...,¢")=argmin E(W',q).

1/m<q<1
2. lllar BappHpOBaHHS BECOB MO BceM rpadam. Bapwupyercs
Bec w, ouepenHoro rpaga G, B amanazoHe 0<w, <1 mpu

MacIITaOUPOBAaHUU BECOB OCTaNbHBIX TrpadoB. Kaxkmoe mpob-
HOE BapbUPOBAHME TPOBEPSIETCS MHOTOKPATHBIM DPACIIO3HABA-

HHEM ¢ TOACYETOM 4ducia ommbok E(w,q”). Jnsa kaxmoro
rpada G, OmpeNeNuM YHCIO OHIMOOK M BEKTOp BECOB

W, = (Wyeens Wiaenny W)

E, =min E(w,q"), w;=argmin E(w,q").

0wy <1 0<w, <1

3. Cpemu Bcex HabopoB W,, k=1,...,K Haiinem nHaGop

W =w,,, k =argmin E, , obecrieuMBIIMil HauMeHblIEE UKC-
1<k<K

JIO OLINOOK.

4. Illar BappHpPOBaHHS BCEX AHATOHAIBHBIX 3JIEMEHTOB. B mna-
nasone 1/m<gq, <1 BapbUpyeTCs TUaroHalbHBI dJIEMEHT ¢, ,

cooTBercTBytomuii rpady G, . OctanbHbIM rpad)aMm COOTBETCT-
BYIOT JIEMEHTHl ¢,, i=1,...,K, i# k, HaliieHHbIe 10 BapbU-
pOBaHHUA ¢, , KOTOPBIE OCTAOTCA IOCTOSHHbIMM. Halinem 3Ha-
YeHHE ¢, IPH MUHUMAJIbHOM YHCIE OMINOOK:

g, =argmin E(w",q).

1/m<gq; <1

HoBoe 3HaueHHe ¢, MPUMEHSETCS IPH BapbUPOBAHUU OCTAIlb-
HBIX IUArOHANbHBIX SIEMEHTOB ¢, ;,..., J; - B UTOrE, IOTy4UM

ONTHMANbHEINA BEKTOp q .

5. INoBTopuM maru 2—4 10 TeX mop, NOKa YUCIO OMMOOK pac-
MO3HABAHMS HE MEPECTAHET U3MEHSThCS.
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AJIFOpHTM 3. BTOpaSI cxeMa napauiejJibHOro noucCKa auaro-
HAJIbHBIX 3JICMEHTOB U BECOB.

Kaxnomy rpady G,,k=1,...,K COOTBEICTBYEeT OT/eIbHAsL

aIMKIIMYeCcKas MapKOBCKas MOJENb CO CBOMM JHaroHaJbHBIM
aneMeHToM ¢,k =1,...,K . CHadana Bce Beca OJMHAKOBBI

w ={w,=1/K, i=1,..,K}.
1. TIpoBapsrpyeM OAHOBPEMEHHO BCE AUATrOHATIBHBIC HIEMEHTHI
g, =¢q, k=1,..., K u HaiineM 3Ha4eHHE ¢ NPH MUHUMAILHOM

umcne ommbox E: q' =(q’,...,q") =argmin E(w',q) .
1/m<g<1

2. llar BappHpOBaHHSA BECOB M JHATOHAIBHBIX 3JIEMEHTOB IO
BceM rpadam. Bapeupyercs Bec w, ouepennoro rpaga G, B
quanasone 0<w, <1 mpu MaclITaOUPOBAHMU BECOB OCTallb-

HBIX TpadoB. Kaxmoe mpoOHOE BappHpOBaHHE MPOBEPSETCA
MHOTOKpAaTHBIM PacIlo3HaBaHUEM C IOACYETOM YHCIa OMIMOOK
.
E(w,q ). OmpemenmuM 9ucno oOmuOOK ¥ BEKTOP BECOB
W, =Wy Wyse sy W)
N .

E; = min E(w.q"), w, =argmin E(w,q") .

Swi S 0<w, <1
Janee Bapbupyercs JJIEMEHT ¢,, COOTBETCTBYIOIIUH rpady
G, , B quanasone 1/ m<gq, <1. OcTanbHbIM TpadaM COOTBET-

CTBYIOT
BapbUPOBAHNUA ¢, , KOTOPEIE OCTAOTCA NMOCTOAHHBIMU. Haiinem

JNIEMEHTl ¢, i=1,...,K, i#k, HaliieHHbIE 0

3Ha4YCHUC ¢, NPU MUHHUMAJIbHOM YHCJIC OIIHOOK:

g, =argmin E(W,,q) .

1/m<q; <1
3Ha4YeHHE ¢, OMPENEISAET BEKTOP q, = (preevs Gpoervs Gy ) -
3. Cpemu Bcex map (w,,q;), k=1,.., K Haiizem napy

W.,q)=(W.,q;.), kK =argmin E(w,,q,), obecrne4nsuiyio
1<k<K

HauMEHbIIIEe YHCIIO OIIUOOK.

4. [oropum mraru 2—3 10 TeX MOp, MOKA YHCIO OUIHOOK pac-

MO3HABAHMS HE MEePEeCTaHeT U3MEHSITHCSL.

5. CPABHEHME AINTOPUTMOB

Pemanace 3amaya cermentamyu 100 MOZETBHBIX PaCTPOBBIX
n3obpaxenui (puc. 1) pasmepom 201x201 nmkceneii.

P2
o

i<

Puc 1: [Ipumep TEKCTYpHI ¥ 3aJaHHBIX CETMEHTALUH.

TekcTypbl TpeX KJIacCoB ObUTH MPECTABICHBI PeaH3alUsIMU
TpeX HOPMAJbHO PACIPECICHHBIX CITyYaiHbIX BEIHYMH C He-
MHOTO OTJIMYAOLIMMUCS CPEHHUMH B IMPOCTPAHCTBE KPACHOW U
3eJIeHON KOMIIOHEHT (Ha pHC. 1 B rpajanusax ceporo IpeicTaB-
JIEHBL: ClIeBa — IIPUMEp HEePBOro U300paXKeHus, CIpaBa — 3a1aH-
Hasi CErMEHTalls TEKCTYp Ha MepBbiX 4eThipex u3 100 Tecro-

Russia, Moscow, October 01-05, 2012

RU2: Vision

BBIX n300pakenuit). Taknum 00pa3oM, MHOXECTBA TOUEK pacTpa
TpeX KJIacCOB OUYCHb CHIIBHO IIEPECEKINCh B INPOCTPAHCTBE
LBETOBEIX RG-KOMIIOHEHT.

PesynpTaThl HE3aBHCUMOTO pACIIO3HABAHUS JTAIOT HE MCHEE
30% ommOOK CErMEHTHPOBAHMUS TIOJIS PacTpa.

Ha puc. 2 nmokasansl arukiIn4eckue rpadsl cocecTBa, KOTOPHIE
YIOOHO HCIIONB30BATh ST 3aMEHBI PEUIETOK PACTPOBBIX TEK-
CTYPHBIX H300paKeHHH.

= =7

CTyneHd. aepeso Crnmpans Topms. 3mefika  Bept. sMeiika Jlmar. 3Meiika

Puc 2: Aumknnyeckue rpadbl COCENCTBA.

CpaBHHBAIKCh YETBHIPE aIrOPUTMA MOWCKA MMApaMETPOB AIHK-
nmgeckux MapkoBckux Mogeneit (I'-3 — cxema ["aycca-3aiinens
ITOMCKA BECOB 0€3 MOMCKA JUaroHajabHOro sjaemeHTa, Al — mo-
HMCK €IMHCTBEHHOI'0 AMAarOHAIbHOI'O 3JIEMEHTa M BECOB, A2 —
mepBasi CxeMa MOKCKA AUArOHAIBHBIX 3JIEMEHTOB M BECOB, A3 —
BTOpasi CXeMa IOKCKa JUArOHANbHBIX JJIEMEHTOB M BECOB) U
anroputM TRWS [5, 8, 10].

Wzo0paxkeHnsT MpPOCMATPUBAIKCH B CIy4ailHOM TMOpPAIKE, H
cpenHsist omuOKa pacro3HABAHMS BBIUUCIANACH KKOBIA pa3
nocie Jo0OaBIeHUsT O4EPeJHOrO M300paKeHHs: K IIPOCMOTPEH-
HOMY MHOXkecTBY. Ha puc. 3 mokazaHbl KyMyJIsTHBHBIE JTMHHU
CpefHHX OMMOOK I OJHOH U3 CIydalHBIX MOCIEJOBATENIBHO-
cTedl 3amaHHBIX H300paxeHuil. Ha puc. 4 mokasaHsl JTHHHA
OTKJIOHEHHS JIONH CPEIHUX OIIMOOK pa3pabOTaHHBIX aIrOPUT-
MOB OTHOCUTENIBHO JIMHUU J10JH cpeanux ommnbok TRWS, mo-
Ka3aHHOHM Kak TOPU30HTaIbHAs KOOPAWHATHAS OCh.

==eeeee- [lomGop BecoBmO -3

Al - Exmc TReHHEDT 278 MEET
A2-Cxemal

A3-Cxeal

—— TRWS

Gica (%4 )

Cpepy
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1 12 23 34 45 56 67 B 89 100

Puc 3: Cpennee uncno omuboxk (%).

0.05

rep. o1 o1 TRWS (V)

f TRWS
k"w”\f"’

0.4 +++ TogPop secor o T-3

0.2

Al- Epmcrsemsmni stevest | 005

Al-Cxena |

1 E 100 Ad- Crem 2

AT T T T T T O T T e <001

1 12 23 34 45 56 67 R 85 100

Puc 4: OTKJI0HEHHS JTUHUN OIIHOOK.

Jlerko yBHAETh OJMHAKOBBIM XapaKTep KyMYJISATHBHBIX JIMHUH
CpeIHMX OIIMOOK Ul BCEX AITOPUTMOB. AJITOPUTMEI C MOUC-
KOM MapKOBCKHX mapameTpoB (A1—-A3) pe3ko yiaydInaroT Kade-
CTBO PAacliO3HABAaHHS 110 CPAaBHEHHIO C AITOPHUTMOM IO CXeMe
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Taycca-3aiinens (I'-3) 6e3 Takoro moucka (MoKa3aH Ha Bpe3Ke).
Hanpumep, anroputm TRWS He sBnsercs oAHO3HA4YHO JIyd-
UM, T.K. Ha 9acTH M300paXEHUH OH YCTyINaeT 10 KadyecTBY
pacro3HaBaHMsI.

OueBUIHO, YTO XapakTep IOBEAEHMSA TaKUX KyMYJSTHUBHBIX
XapaKTePUCTHK M3MEHSETCS C YBEIMYEHHEM pa3Mepa BBIOOPKH,
CTaHOBsICH Oosiee IUIaBHBIM. Ha puc. 3 BUIHO, YTO anroputM
Al cucTemMaTHdecKd INPOHWIPHIBAET 110 CpeaHel ommoOke oc-
TaJIbHBIM ajlroputMaMm. TeM He MEHee, Ha HauyaJlbHOM Y4acTKe
BUJIHO, YTO Ha Ka)KJIOM OTJEIHHOM H300pa)XEHHH OH MOXET
BBIUTPHIBATh B KaUeCTBE, JlaBasi MEHbIIee YiciIo omubok. Tak n
MPOUCXOANT: BCe cpaBHHBaeMble anroputmbl (A1-A3, TRWS)
JIOCTAaTOYHO 4acTO YCTyHaaW ApPYyr ApYTy B KaduecTBe Ha pas-
JIMYHBIX OTAENBHBIX N300paKEeHHSX.

B uactHOCTH, IpU cpaBHeHuu ¢ anroputMoM TRWS okasanocs,
yro anroput™M Al Obul mydmre Toiabko B 35 cimywasx u3 100,
crenaB cyMMapHO Ha 1721 ommbky Gosrbine; anroputM A2 ObuT
aydmie yxke B 55 ciywaax uz 100, cmenmaB cymmapHo Ha 17
ommbok Oosbie; anroput™ A3 6bul myume B 50 cioydasx u3
100, coenaB cymmapHO Ha 43 omubku GostbIe.

B wurore, oka3zanock, 4TO aJrOpUTMEI C TIOMCKOM MapKOBCKHX
[apaMeTpoB CPaBHUMBI 110 Ka4eCTBY MEXTy COOOH W C anro-
purmMoM TRWS, koTOpbIi ceromHs cuuTaeTcs OJHUM M3 d(-
(heKTUBHBIX aITOPUTMOB 00paboTKM nm3o0pakenuit. Hanpumep,
npu ypoBHsX 3HaummoctH ¢« =0,001;0,01;0,05 wu, BOOOIIE,

npu & <0,3788 (T.e. ANA BceX 3HAUCHUN MPaBOil T'paHMIIBI

Z,,>0,88 nBYXCTOpOHHEH KpUTHYECKOH obnactn (yHKUMM

Jlannaca, rae | Z,,;, |=0,88 cOOTBETCTBYET MakCUMAILHOMY M3

3Ha4YeHMIl KpUTEpHs, MOMyYeHHOMY Ul anroput™a Al) rumo-
TE3a O PABEHCTBE CPEIHEr0 YPOBHS OLIMOOK aIrOPUTMOB C
MoUCKOM MapKoBckux napameTpoB (Al — A3) u TRWS =e ot-
Bepraercs.

BusyansHO pe3ynbTaThl CErMEHTAlMi PasHBIMH aNTrOPUTMAaMHU
OTJIMYAIOTCS JMIIb MEIKUMH JIETASIMU M BBITJIAIAT MPAKTHIE-
CKHM KaK 33laHHbIE CETMEHTAIINH, HapuMep, Ha puc. 1.

Hmxe B Tabnuie mokasaHsl IapaMeTpbl HACTPOHKH aJITOPUTMOB
Ha MIPHMepe HEKOTOPBIX n3obpaxkenuit nz 100.

[TapaMeTpbl HACTPONKH AJITOPUTMOB
H300- Al A2 A3
paxe- | Beca q Beca q Beca q
HHE
0,04282 0,03947 | 0,90 | 0,02000 0,75
0,20338 0,23684 | 0,89 | 0,09287 0,93
1 0,24000 | 0,86 | 025000 | 091 | 0,36836 0,92
0,25690 0,23684 | 0,90 | 0,25939 0,89
0,25690 0,23684 | 0,89 | 0,25939 0,89
0,16894 0,17000 | 0,89 | 0,16000 0,89
0,09034 0,17000 | 0,80 | 0,12643 0,89
2 0,18863 | 0,89 | 0,17000 | 0,90 | 0,20205 0,87
0,36209 0,32000 | 0,90 | 0,33540 0,88
0,19000 0,17000 | 0,91 | 0,17612 0,90
0,06643 0,17408 | 0,70 | 0,09000 0,82
0,19373 0,15105 | 0,88 | 0,19376 0,92
3 0,30135 | 0,89 | 027079 | 091 | 0,19376 0,92
0,23849 0,23000 | 0,89 | 0,32872 0,79
0,20000 0,17408 | 0,91 | 0,19376 0,92
0,17953 0,21000 | 0,89 | 0,17225 0,90
0,09995 0,08208 | 0,73 | 0,16000 0,88
4 0,30963 | 0,90 | 023597 | 093 | 0,22966 0,91
0,23089 0,23597 | 0,90 | 0,29854 0,90
0,18000 0,23597 | 0,81 | 0,13955 0,89
0.16486 046511 | 0.37 | 0.15000 0.36
0.23356 0.13000 | 0.61 | 0.21329 0.89
52 0.23356 | 0.89 | 0.14111 | 0.90 | 021329 0.89
0.25000 0.14111 | 092 | 0.21329 0.89
0.11803 0.12267 | 0.82 | 0.21012 0.94
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Jlerxo YBUACTH, YTO MAaPKOBCKUE IMapaMeTpPhI HaCTpOﬁKPI OTJIU-
HarTCsd OT IMPEAIroJaracéMbiX IO YMOJYAaHHUIO 3BPUCTHYECKUX
3HAYCHUI. HpI/I IIOHUCKE CIAWHCTBCHHOI'O JHAroOHaJIbHOI'O 3JIC-
MCHTA €r0 3HAYCHHUC OKa3bIBACTCA IOCTATOYHO 6OJ'II>H_II/IM, HO
MCHBIIEC, YEM 0OBIYHO npearnojaarajioCb 3BpUCTUYCCKHU.

IIpu mnoucke nuaroHajgbHBIX 3JIEMEHTOB, COOTBETCTBYIOUIMX
K2XJIOMYy U3 alMKINYeCKUX rpadoB COCEICTBA, UX 3HAYCHHS,
HanpuMep, Ha TEPBBIX YETHIPEX H300PAKCHUAX TAKXKE JIOCTa-
TOYHO BEJIMKH, HO CHOBA MEHBIIE, YeM IPEAINoIarajoch BpH-
crrdeckd. OcOOCHHO 3TO 3aMETHO, HAPHMED, Ha N300paKECHHN
52, I KOTOPOTO UaroHaJbHBINA AJIEMEHT, COOTBETCTBYIOIIUN
mepBoMy Tpady cocenctBa (CTymeHYaToe JAEpeBO), OKazajcs
OTHOCHUTEIHbHO HEOOJIBIIIMM.

6. SAKNIOYEHUE

B naHHO# craThe Ui pacro3HaBaHHS B3aUMOCBS3aHHBIX 00b-
€KTOB, OPTaHU30BAHHBIX B €IWHBIA MAaCCUB JAHHBIX, IPUMEHSI-
eTCsI amnmapar CKPBITHIX MapKOBCKHX Mojenei. [TokasaHo, 4To
MOJIeJIb MapKOBCKOM LIEMH YIACTCsl HEMOCPEACTBEHHO HpHMe-
HHUTH JUIS OIKCAaHHs Kjacca 3aBUCHMBIX OOBEKTOB C TOpasiio
Ooyiee IMUPOKHM pPa3HOOOpA3UEM CBOWCTB, MPEICTABICHHBIX
MapKOBCKUMH IOJISIMH, HAIPUMED, JJIsl PACTPOBBIX TEKCTYPHBIX
N300pasKeHUH.

BBenenue ogHocToOpoHHEH MapKOBCKOM Mozenu Ajsl aluKiInye-
CKHMX Tpad)oB COCeACTBa B3aHMMOCBS3aHHBIX DJIEMEHTOB B Mac-
CHBE JaHHBIX ITO3BOJISIET IIOCTPOHUTH 3(P(EKTHBHBIA 0a30BEIi
HEUTEPALMOHHBIN allrOPUTM PACIIO3HABAHUS.

Tem He MCHEEC, B pC€aJIbHbIX NaHHBIX rpa(bm coceacrea OOBIYHO
COACpIKAT LMUKIIbI, KaK, HAIIpUMEP, PEHICTKU COCEACTBA Ha U30-
6pa)KeHI/IFIX. Anmknmaeckast arrpoKCcuManusa UCXOAHBIX Fpa(i)OB
coceacraa Hen30e)KHO HCKaXkaeT XapakTep B3aMMOCBSI3E MEXK-
Ay SJIEMEHTaAMH MaCCHUBa JaHHBIX.

B HaHHOfI CTaTbC MNPEAJIOKEHO PEAYLHUPOBAHHOC MHOKECTBO
B3aUMOCBSI3CH CKOMIICHCUPOBATh pacHIMPpCHUEM CaMOI'0 MHO-
JKECTBa allUKIIMYCCKUX I‘pa(i)OB coceacrna. Pa3pa60TaHI)I COOT-
BCTCTBYIOIIUC HUTCPAIITMOHHBIC aJITOPUTMbI pACIIO3HABAHUST U
NPpUBEACHBI PE3YJIbTAThI SKCIEPUMCHTOB.

Cremyer oT™MeTHTb, uTO anroputM TRWS pemaer riobansayio
3a/1a4y BOCCTAHOBIICHUS CKPBITOrO MAapKOBCKOIO IOJA B Tep-
MHHaX IHO0COBCKUX SHEPrHi B3aMMOJACHCTBHS Ha KIMKax Ipa-
¢a cocencra obmero Buma. B ciydae pacTpoBbIX m300paxke-
HUM 3TO — TOJIBKO MApHBIC KIIUKH.

Anroputmsl Al — A3 pemnraiot, BooOIIie roBOpS, IpYyryIo 3a1ady
BOCCTaHOBJICHUS CKPBITOTO MAapKOBCKOI'O  alOCTEPHOPHOIO
IOJ B BUAE COBOKYIHOCTH HENOCPEACTBEHHBIX YHUCICHHBIX
OIICHOK JIOKAJBbHBIX allOCTEPUOPHBIX MAapTHHAIBHBIX paclpese-
JICHUH BEPOSITHOCTEH CKPBITHIX KiIaccoB. Tem He MeHee, MOKa-
3aHO, 4TO, HECMOTPSI Ha OTPAaHUYEHHOCTh YAaCTHOH IOCTaHOBKH
TaKOHM 3a/lau¥l, TaKKe JOCTHUTaeTCsl BHICOKOE KAadeCTBO PE3YIIb-
TaTOB PACIIO3HABAHUSL.
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BbicTpbin Anroputm O6HapyxeHus lNewexonos no BuaeoaaHHbIM
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AbcTpakT

B pabore mnpexacraBieH airopuTM IOMCKa IIEIIEXOJ0B Ha
U300pakeHMH B pEaJbHOM BPEMEHH. AJITOPUTM OCHOBaH Ha
NpUMEeHEeHNH Metoaa kinaccudukanun AdaBoost coBmecTHO ¢
HOG npusnHakamu, mpu 3TOM pa3Mep OKHa IIOMCKa
JUHAMMYECKH M3MEHSAETCd B 3aBHCUMOCTH OT MOJOXKECHHS
JIMHUY TOPU30HTA HA H300PaKCHUH.

Knrwouesvte cnosa: obnapysicenue neuexo008, KACKAOHbIll
anzopumm, HOG npusnak, 1unetinas uHmepnoaayus.

3ajava moucka Joel Ha N300paKeHUH SIBISIETCS BaKHeHmen
COCTaBISIOLICH  Pa3HOOOpAa3HBIX  NPHUKIAMHBIX  CHCTEM
KOMIIBIOTEpHOTO  3peHus. [logoOHBIE  CHCTEMBI  MOXKHO

paznenuts Ha 3 rpynmsl: (1) cucTeMbl BHAEOHAOMIOACHUS, B
KOTOPBIX KaMepa 3a()MKCHPOBAaHA U CIEIUT 3a OIpeelIEHHBIM
Y4aCTKOM MeECTHOCTH; (2) CHCTEMbI IIOMOLIM BOAUTENIO B
YIpaBJIEHUH aBTOMOOWJIEM, B KOTOPOM YCTaHOBJIEHa Kamepa,
HamnpaBJIeHHAass Ha JOpOry IO XOAy JBIXKEHHS; (3) CHCTEMBI
HoHCKa poOOTOM YeloBeKa, B KOTOPBIX KaMepa BCTPOEHa B
poboTa M €€ MOJOKEHHE OTHOCHTEIBHO CHCTEMbl KOOPIUHAT
pobGora MoxeT u3MeHATbed. Jlanee st ymobcrBa Oynem
UCIIOb30BaTh TEPMHUH «IICIIEX0» BMecTo Ooiee oOmiero
«HeNOBEeK», TEM CaMbIM BBIJETAA OCHOBHOH  Crocod
NPUMEHEHNUsS Hallell CHUCTEMBbl, B KauecTBE COCTABIIAIOLICH
KOMIUIEKCOB ITOMOIIY BOJUTEIIO B YIPABIECHUH aBTOMOOHIIEM.

OOHapyXeHHe MELIeXOA0B CUMTAETCs CIOKHOM M JI0 CHX HOp
He pelEHHOU 3ajadyell KOMMbIOTEpHOro 3peHus. lIpuumHoii
3TOro SBISIETCS IIMPOKOE pPa3HOOOpasue BO BHEIIHEM BHE
TMEMIEXO0/I0B, 3aBUCAIIEM OT MHOXeCTBa (DaKTOPOB, TAKUX KakK:
no3a, Ofeknaa, ocBelleHue, QoH. B kauecTBe anropurma
MAalIMHHOTO OOY4eHHs B CHCTEME OOHapy)KCHHs IICIEeXO/0B
npumensics AdaBoost Ha ocHOBE JiepeBbEB 3a1aHHOH BBICOTHI.
B kadecTBe TPEHHPOBOYHBIX JAHHBIX MBI HCIIONB30BaIH 0a3zy
“Daimler Chrysler Benchmark Dataset”, cocrosiyio u3 15660
n300paKeHU memexonoB pa3mMepoM 48x96 mukceneir u 6744
u300pakeHU HE cozepKallluX MemexonoB. TecroBas Oa3a
OblIa TMpeacTaBieHa 27-MM MHHYTHBIM BHJIE0, KOTOpOE OBLIO
CHSATO C KaMepbl YCTaHOBJICHHON Ha aBTOMOOMIIE U Pa30UTO Ha
21790  wuzobpaxenuit  640x480. Kaxnomy TecroBoMy
U300pa’KeHHIO COOTBETCTBYET 3amluch B (aile ¢ pa3MeTKoH,
cofepxalle MHPOPMAIUIO O KOJIMYECTBE, IOJOXKEHUSAX U
pasMepax MelIexo/0B, HPHUCYTCTBYIOIIMX Ha H300paXCHUH.
TMonmHoCTBIO BUAMMBIC, BEPTUKAIBHO CTOAIME IELIEXOABI, HA
paccrosHUAX OT 12 1o 37 MeTpoB, IOMEUYECHBI B pa3MeTKe Kak
Te, OOHapyKeHNE KOTOPBIX 0053aTeIbHO.

2. OB30P
NEWEXOOOB

CUCTEM OBHAPYXEHUA

IlpuBeném KpaTkuil 0030p HECKONBKHX, Ha HaIll
B3I, Hanbosee 3HauuMBIX pabdoT. C Gosee MOoTHBIM 0030pOoM
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paboT Mo OOHAPYKEHUIO MEUIEXOI0B MOXKHO O3HAKOMHUTHCS B
cratsx [2] u [4]. Kpome Ttoro, B pabore [2] mpuBoauTcs
CpaBHEHHE KauecTBa U CKOPOCTH pabOTHI, OMHCAHHBIX CHCTEM
Ha 6a3e “Daimler Chrysler Benchmark Dataset”.

2.1 KackagHbi anropuTMm OCHOBaHHbIM Ha Haar
wavelet npnsHakax

ABTOpsl  paboThl [2] wucmonp3oBanmy AT OOHAPYKEHHS
MENeX00B  KacKafgHeli anroputM Buomelr - JIkoHca,
ocHoBaHHbIi Ha Haar wavelet mnpusHakax. IlompoGHoe
OIMCaHWE 3TOr0 MeToia mpuBeAeHO B pabore [8]. Kpatko
ONHMIIEM CYTh KAaCKaJHOIO ajlropurMa. B anropurme nowck
MEHIEXO0/I0B  OCYIIECTBISIETCS CKaHMPOBAaHUEM H300paXKEHUS
CKOJB3AIIMM  OKHOM  (OKHOM  OOHapyXeHus), IUIOTHO
3anonHeHHoM Haar wavelet mnpusHakamu. B anropurme
UCIOJB3YIOTCS NPH3HAKM DPA3JIMYHBIX THIIOB, Pa3JIUYHBIX
MaciitaboB U nonokenuit (puc. 1). BHyTpu okHa oOHapyXeHHs
TaKUX MPHU3HAKOB rerepupyercs conee 100,000.

ISP MES I E & @ 1)@

Pucynoxk 1: Tuner Haar wavelet npu3nako. U€pHas 3akpacka
COOTBETCTBYET IOJIOXKUTEJILHOMY Becy, Oeast -
OTPHLATEIILHOMY.

HroroBblii  Ki1accMPUKATOp TNPEACTABIAET COOOH IIEMOYKY
ypoBHeH (puc. 2), KaXAbli U3 KOTOPBIX TPEHHUPYETCS C
nomomipto anroputma AdaBoost [3] na Haar-eiiBnerax . B
kauecTBe cnaboro kimaccudukaropa, HCIONB3YyeMOro B
AdaBoost, TpUMEHSJINCh JepeBbs PEUICHHH eIUHUYHOM
BbICOTHI. KpuTepuii kauecTBa kaxa0ro ypoBHs — 50% I0OXKHBIX
cpabarbiBannii 1pu 99.5% OOHapy)KEHHBIX MELIEXOOB.
HatpenupoBaHHBIN KacKaaHbIH Ki1accudukaTop cocTouT u3 15
YPOBHEM, UCTIONB3YIOMUX OT 15 10 727 NpU3HAKOB.

All Sub-windows

Further
Processing

Reject Sub-window

Pucynok 2: Cxema kackaaHoro kiaccudukaropa. Kaxmnoe
OKHO OOHapy)KeHHUsI IPOXOMIUT Yepe3 LENOouKy ypOBHEH,
KaK/IbII N3 KOTOPBIX OTCEKAET OOJIBIIYIO JOTI0 HEraTUBHBIX
npuMepoB. Ha cresyrorine ypoBHH MOCTYIAIOT OKHA, HE
oTceuEHHbIE Ha NpeablayeM. Kpurepun oTceuenus ypoBHel
3a/1a10TCS TIPU TPEHUPOBKE.

2.2 HOG anroputm

B 2004 roxy B pa6ore [1] ObLIO MpPEeATIOKEHO HCHOIB30BAThH
HOG (Histograms of Oriented Gradients) aeckpunTopsl B
3aj1aue OOHApY)KeHHUs nemexonoB. Vues sToro noaxona B ToM,
4yro (opMa M BUA OOBEKTOB Ha M300payKEHHH MOTYT XOpOLIO
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OIMCBIBATBCA  pacHpeaACSIEHUEM  OTHOCUTEJIBHBIX  BEJIHMYUH
Tpaiu€HTOB (I)yHKLII/II/I HUHTCHCUBHOCTH, XapaKTEPU3YIOIINX
HarpaBJICHUE I'PAHUI] 00BEKTOB.

Ha nmpakTuke Takod MOAXOA peanM3yeTcsl —CIEeIyIOLUM
obpasom. Bcé€ BxomHoe wu300pakeHHMe pa3OuBaeTcs Ha
MAaJeHbKHE PETHOHBI - <YEHKN», KaXIOH W3 KOTOPBIX
COOTBETCTBYET OJHOMEpHas THCTOrpaMMa  HampaBJeHUH
rpagueHtoB (opueHTanuu pEbep). Kaxaplii OuH  93TOM
THCTOTPAaMMBI  COOTBETCTBYET —ONPEACIEHHOMY —HANa3oHy
HAaIpPaBICHUIl U COASPIKUT CyMMAapHYIO (110 MUKCETSIM STYCHKH)
MarHUTyAy TpaideHTOB COOTBETCTBYIOLIETO HAINpaBJICHUS.
COBOKYITHOCTh BCEX TaKHX THCTOrpaMM o0pasyeT oOliee
npeactaBieHne o péOpax Ha  n3obpaxenmn. s
WHBApUAHTHOCTH K TepenafaM OCBEIICHHS IPOU3BOAUTCS

HOPDMUPOBKAa 3HAYeHUH B  IIONYYEHHBIX THCTOrpaMMax
OTHOCUTEINIBHO HEKOTOPOH obracruy, cofepiKariei
paccmartpuBaeMyro fueiiky. s 3TOro coceaHue sMEHKH
O0BEIMHAIOTCS B TpYyNHbl - «OJNOKW», a 3HAUCHUS B

THCTOrpaMMax BCEX f4eeK BHYTpU OJIOKa HOPMHpYIOTCA Ha
CyMMapHOe€  3HAUeHHE  MAarHUTYIAbl  TPaJUEHTOB MO
paccmarpuBaemMoMmy — Onoky.  HopmamuzoBaHHble — OJ0KH
HazpiBatoTcst HOG  neckpunTopami, a MHOXKECTBO TaKHX
OJIOKOB,  JIOKQJIM30BAHHBIX B  KOMIIAKTHOM  pETHOHE
U300pakeHus, 00pa3ylT «OKHO IMOMCKa». WTOroBbll BEKTOp
NPU3HAKOB OOpasyeTcss W3 KOHKaTEHAIMH JICCKPUIITOPOB
BHYTpH OKHa IIOMCKa. B KayecTBe airopurma MaIIMHHOIO
00y4eHUs MCIIONb3YeTCs JIMHEHHAs! MallliHaA ONOPHBIX BEKTOPOB
(Linear SVM) [6]. OTMeTHM, YTO HaTPEHUPOBAHHOW MOJEINBIO
nuHeHoro SVM sBiisieTcsl MI0CKOCTh, HAWIYYIIMM 00pa3oM
pazzaensonias 0ObeKThl OT HETaTHBOB B 00yJaroell BEIOOpKe.

Pucynok 3: Cxema popmupoBanust HOG npuzHaka.
I'paaueHTbl, BBIYNCIEHHBIE HA BXOAHOM H300paXKEeHUH (CHHETO
[IBETa) TUCKPETU3UPYIOTCS B THCTOIPAMMBI 110 sT4eiikam
(>x€nroro nBera). SI4eliku rpyMIUPYIOTCS B
HepeKphIBAIOLINeCs MeXy co0ol Oy10KH (3e1€Horo 1BeTa).
KoHkaTeHanus Bcex rHCTOrpaMM BceX OJIOKOB BHYTPH OKHA
00pa3yeT UTOrOBBIH BEKTOP MPH3HAKOB.

B pabore [1] pekoMeHIyeTCs WCIIONB30BaTh CIEAYIONIHE
napaMeTpbl MeTofia Kak onTuMainsheie: [-1, 0, 1] - puasTp s
BBIYMCIICHUS TPAJUEHTOB Ha U300paXKEHNH; KOINYECTBO OHHOB
B THUCTOrpaMMax — 9; pasmep sueilku B mukcemsix — 8 x §;
KOJIMYECTBO sUeeK B OJIOKe — 2 X 2; TUI HOPMAJIM3ALUK SYEeK B
O70Ke — KBajJpaTH4HAs C YCEYEHHEM MajbIX 3HAUCHWH; mIar
OJIOKOB B MUKCENSIX — 8 X 8 (COOTBETCTBYET pa3Mepy sMSUKH).

CornacHo 0030py [2], omucannbiii HOG anroputm obianaer
CaMbIM BBICOKMM KauyeCTBOM OOHAPYKEHHUs, 3HAYMTEIbHO
orepexast Kacka/IHbIH aJlIrOpUTM, OCHOBaHHbIH Ha Haar wavelet
HpHU3HAaKaxX

Russia, Moscow, October 01-05, 2012

RU2: Vision

2.3 KackagHbii anroputMm, OCHOBaHHbIN Ha
HOG npusHakax

ABTOpHl  paboThl  [8] COBMECTWSIM JIydlIM€ CTOPOHBI,
OIMCAHHBIX BBIIIE METOAOB (CKOPOCTH PabOTHI KacKaJHOro
anroputMa M KadectBo obHapyxkeHus HOG anropurma), B
KacKaJHOM anroputMe, ocHoBaHHOM Ha HOG mpusnakax. B
KauecTBe MPHU3HAKOB HCIOIb30BAINCH OJIOKHM, cocTosiiuue u3 4
SIYeeK, 3aNOJTHEHHBIX HOG MIpU3HAKaMH,
JMCKPETH3UPOBAHHBIMU 110 9 OGuHaMm. Takum o0pa3oM, Kaxabli
npusHak (6J0K) mpeacTaBisiercs 36-TH pa3MEpHBIM BEKTOPOM
HOG mnpusnakoB BHyTpu Onoka. J{nst OBICTPOro BBHIYHCICHHS
HOG mpusHakoB i KaXIOro H300pakeHHUsI CTPOHUTCS
UHTErpajibHasg THCTOIpaMMa TPajHeHTOB [5], mo3Bonsromias
BBIYMCIIATH NMPU3HAK 32 HECKOJBKO MPOCTEHINNX onepanuid. B
paccMaTpHBaeMOM JITOPUTME OKHO oOHapyxeHus
3amojHAeTcs OnokaMu TPEX THUNOB B 3aBHCHMOCTH  OT
COOTHOIIICHHS! IUPHHBI O6J10Ka K BeicoTe (1:2, 1:1, 2:1) . Pazmep
U TOJOXKEHHe OJIOKOB CHJIBHO BapbUPYIOTCS BHYTPH OKHa
obHapyxeHHs1. BHyTpr okHa oOHapyxeHHs pazMepoM 64x128
nukceneid rexepupyercss 5,031 ONOKOB, M3 KOTOPBIX JUISt
TPEHUPOBKM CIy4aiiHeIM 00pazoM BbIOupatorca 5% (250)
0JI0KOB.

Kaxxaplii ypoBeHb Kackaaa TPEHUpOBAJICA (KaK M B KacKaJHOM
anropuTMe Ha ocHoBe Haar wavelet MpHU3HAKOB) C MOMOIIBIO
anmroputMa  AdaBoost. OpnHako B KadecTBe — crnaboro
knaccudukaTopa, ucrnonsdyemoro B AdaBoost, mpumMensuiach
nuHelHas SVM.

Kpurepuii kadecrBa kaxgoro ypoBHI — 70% JOXHBIX
cpabarbiBanuid npu 99.75% OOHapy)KEHHBIX MELIEXOOB.
HarpenupoBaHHbIN KackaaHbIH KiaccudukaTop coctouT u3 30
YPOBHEH.

IlpyuMeHeHne MaHHOTO TOAXOAA IIO3BOJIMIIO  CYIIECTBEHHO
YCKOPUTb TpoLiecC OOHAPYXKEHHUS MELIEXOA0B MPU COXPAHCHUH
BBICOKOIO KauecTBa OOHapyXCHHs, OIM3KOro K pe3yibraram
HOG anropurma /lanana.

3. MOAND®UKALUA
AJITTOPUTMA

KACKAOQHOIo

Crenys pabore [8], MBI MOMBITAINCH COBMECTHTh KaCKaIHBIN
anroput™M Buonsl-/bxonca ¢ HOG mnpusHakamy, BHecs
cnenyronme u3MeHenus. B pabore [8] B anropurme AdaBoost
B KauectBe cnaboro Kiaccu(MKaTopa  HCHOIb30BAIUCH
nuHeiHple SVM. CnaObiii knaccupukatop (pOpMHpOBAIICS T10
OJIHOMY 36-pa3MepHOMY BEKTOPHOMY TpH3HaKy (OJ0Ky). Mbl
pa3OMIM BEKTOpPHbIE NMPH3HAKM Ha CKAJSPHBIC, a B KayecTBE
crnaboro Kiaccu(ukaTropa HCIONb30BAIM JEPEBbS pEIICHHIH
3a/1aHHOW BBICOTHI. TakuM 00pa3oM, KaX<Iblii YPOBEHb HAILETO
KackaJa HpeJcTaBiIsieT coOol aHcaMOib JIepeBbEB 3aJaHHOMN
BBICOTBI, KQXK/IbIIl Y3€J1 KOTOPBIX COOTBETCTBYET Pa3OMEHHIO MO
OZIHOMY M3 CKaJIIPHBIX NMPH3HAKOB 110 BceM Oyiokam. J[ins okHa
obHapyxeHuss 48x96 mmHKceneld TeHEpUPOBANIUCH OJIOKH B
nrana3oHe pa3mepoB oT 16x16 mo 48x96. Illar 6510k0B BHYTpH
OKHa COCTAaBIUI 8§ TMHMKCeneil, a camu OJIOKH COIJIACHO
COOTHOLICHUIO IIMPUHBI U BBICOTHI TPEX THUIIOB: BBITSHYTHIC
BBepx (1:2), kBagpatueie (1:1), BeITAHYTHIe N0 mupuHe (2:1).
OO0iee KonMuyecTBO OJIOKOB - 894, a ofIiiee KOJIMYECTBO
npusHakoB — 32184 (894x36). Kakx u B pabore [8] mis
yckopeHust BeluuciaeHus HOG npusHakoB Uit KaxJI0ro
00pabaTbiBaeMOro HM300paKeHHsl CTPOWIACh HHTETpajbHas
rucrorpaMma [S5], mMO3BOJSIOIIAs BBIYUCIATH NPHU3HAK 3a
HECKOJIBKO TPOCTEHIINX apu(METHIECKUX OIePALH.

TpeHupoBka alnropurMa  OCYIIECTBISUIACH HAa  JAHHBIX,
cocrosmx u3 15660 memexomoB u 10000 ¢parmenToB
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n300paKeHW, He CcoIepKamMx nemexonoB. Kpurepuid
KauecTBa Ka)X10ro ypoBHs — 50% J0XKHBIX cpabaThIBaHUH IPU
99.75% oOHapyxeHHbIX nemiexonoB. B anropurme AdaBoost
HCIIONIB30BANIUCH AEPEBbs pelIeHu BBICOTHI 1(stump), 2, 3 u 4.
WHrerpanbHble  rHCTOrpaMMbl  cozjepskaT 9 OWHOB,
OTBEYAIOLIMX HampaBieHusAM rpaaueHToB or 0 1o 180
rpaxycoB. HarpeHupoBaHHbIE KackalHble Ki1acCH(UKATOPHI
coctosT u3 18 ypoBHeil, ncnonp3yromux ot 1 10 39 npusHakos.

Peanuzanmst Hamero KacKaJHOTO aJrOpPHUTMA HAXOAUTCS B
6ubmmrorexe koMmnbiotTepHoro 3peHus OpenCV [9].

4. UICNOJIb3OBAHUE NHOOPMALIUU o
NONOXEHUU NUHUN TOPU3OHTA

B Momu¢pukanuu KackaJHOrO airOpuTMa Mbl HCIONB3yeM
JJAHHBIE O TOJIOXKEHWH JMHWM TOPU30HTA HAa M300pakeHUH, a
TaK K€ CYMTaeM M3BECTHBIMH MUHHMMAJBHBIH 1 MAKCUMAIbHbINA
pa3Mepbl MemexoioB. Mbl HCIONB3YeM JOMYLIEHHE, YTO
pa3Mepbl IeIeX00B JHHEHHO pacTyT OT MUHHUMAJIbHBIX (Ha
JaJbHEM IUTaHe, BOJIM3U JIMHUM TOPH30HTA) 10 MaKCUMaJbHbBIX
(na 6mmxHeM iaHe) (puc. 4). s oGHapyXeHHs HelIeXo10B
pa3IMYHBIX ~ pa3MEpOB  INIPUMEHSETCS  MacIITaOupoBaHHE
MOHUCKOBOTrO OKHa. [lycth min, max — pa3Mepbl MOHCKOBBIX
OKOH, COOTBETCTBYIOIIMX MHUHHUMAJIBHOMY M MAaKCHUMaJIbHOMY
pasmepam remexozoB. IlonckoBoe OKHO Oolblero pasmepa
HONY4aeTcsl yMHOXKEHHEM Pa3MEpOB TEKYyIIero OKHa Ha
BennuuHy factor, 00O3HAuYaroOlIyl0 OTHOIICHHE COCEIHHX IO
pasmepy OkoH. KoaM4ecTBO n IOMCKOBBIX OKOH Pa3iIMYHbBIX
pa3MepoB B JMamna3oHe [min, max| onpezaessercss BeIUUYNHON

TIE.
(108 factor s |

VY4acTok BXOJHOrO n300paXkeHus oT JuHUK ropuzoHTa (yHor)
no Huza (H) pazbuBaercs Ha n paBHbIX monoc. Kaxnoe i — e
TIOMCKOBOE OKHO CKaHHpYeT 3a/laHHoe KonuuecTBo moisoc (1)
u3obpakenus. TouHee, i — My OKHy JOCTa&Tcsl BEPTHKAJIBHBII
(parment nzobpaxenus B nuanasone [yHor +1i * h, yHor + (i
+ 1)*h], rme h = (H - yHor)/n BbicoTa onHO#i monockl. Takum
00pa3oM, KaxJas I0JIOcCa CKAaHMPYETCs C MOMOIIBIO CepHU U3
MOMCKOBBIX OKOH. OTO HEOOXOIMMO JUIsi TMOKOCTH CHCTEMBI
OOHapyXKeHHs K HE3HauuTeIbHBIM HW3MEHEHUSM penbeda
JIOPOTH.

IIpyMeHeHHe ONMMCAHHOTO MOJXO/A TO3BOJIWIIO 3HAYUTENILHO
COKPAaTHTh KOJIMYECTBO IOMCKOBBIX OKOH. COBMECTHO ¢C
UCIIOJb30BAaHUEM HHTErpPabHBIX THUCTOrpaMM I OBICTPOro
BoryncineHnss HOG npu3HaKOB 3TO MO3BOJWIO YCKOPHTH
npouecc oOHapyxeHHss Ha mopsnok. Kpome Ttoro, 3a cuér
YMEHbLIEHUS! O00JIaCTH IOMCKAa MEIIEXO0/I0B, YMEHBIIMIOCH
KOJIMYECTBO JIOXKHBIX CPabaThIBaHUIl QJIrOPUTMA, YTO TIPUBEIIO
K TIOBBIIICHUIO KauecTBa pabOThl CUCTEMBI B LIEJIOM.

Maximal detection window Minimal detection window
Horizon line
; Stip height ()
e
S| by S S
i

Pucynok 4. Cxema noucka nemexo 0B UCIONb3YroLast
HUH(OPMAIHIO O MOJIOKEHUH JINHUU TOPU30HTA Ha
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1/1306pa>1<eH1/n/1. HJ’IS{ OIpeAeCICHUs TIpeanojaracMoro pasmepa
MEenIEeX00B MPUMEHAETCA JIMHEHHast HHTEPNOIALNA pasMEpPOB
Nemexoa0B OT MUHUMAJIBHOT'O 10 MaKCUMaJIbHOI'O.

5. SKCNEPUMEHTbI

Jlnst cpaBHEHHMs KayecTBa CHCTEM OOHApYKEHHUs MEIIeXO/0B
HNPUMEHSETCS HOJIX O, noapoOHO OIMCAHHBIN u
UCTIONB30BaHHBIA B padore [2]. B aToM moxmxone k cucremam
OOHapyXKeHHSI TIPeAbSBIECHbl E€CTECTBEHHbIE TpeOOBaHMU,
(dopmupyroLIHe BYXKPUTEPHATIbHYIO 33/1auy onTumu3anuu. C
OIHOH CTOPOHBI JIOJDKHO COBEPILIATHCS KaK MOXKHO MEHbIIee
KOJIMYECTBO OLIMOOK BTOPOrO poja, TO €CTh, KaK MOXHO
OornbIras 1o 00bekToB (detection rate - DR) nomkHa ObITH
obHapyxeHa. C apyroil CTOpOHbI JOIDKHO MHUHUMH3HUPOBATHCS
KOJIMYeCcTBO omnboK nepBoro poxaa (false positives per frame -
FPPF), T.e. KomuuecTBO JIOKHBIX cpabarbiBanuid. J{is
BU3YaJIM3alMU KayecTBa paboThl cucTeMbl ucnoibiyores ROC
(Receive operating characteristic) — KpuBBI€, ONHCHIBAIOLINE
MHO)ecTBO [lapero, Hameil ABYXKpUTEpHAIbHOW 3anadd
ontumuzauuu. Kaxnas touka ROC— kpuBOH cOOTBETCTBYET
Hekoropoir mape (FPPF, DR) mpu ¢uxcupoBanHoM mopore
KnaccupukaTopa  cUCTeMbl  OOHapyxeHus. B kadectBe
TECTOBBIX JaHHBIX, KaK U B pabore [2], ucnonb3oBanuch 21790
pa3medeHHbIX u300paxkeHnid u3 6a3pl “Daimler Chrysler
Benchmark Dataset”.

Bcee sxcnepumentsr npoBoamuck Ha CPU — IntelCore 17-2600
(3.4GHz), RAM - 8Gb, OS — Windows 7 Professional (64-bit).

Ha pucynke 4  npuBeseHO  CpaBHEHME  KacKaJHbBIX
KIacCH(UKATOPOB, HATPEHHUPOBAHHBIX C  HCIIONB30BAHHEM
JIepEeBbEB peLICHUI pa3nuuHbIX BbIcoT (1, 2, 3 u 4) B KauecTBe
cmabbix  kiaccugpukaropoB. B rtabmmme 1 ykazaHbI
COOTBETCTBYIOILIIME MM KOH(UIypaluy NapaMeTpoB M CKOPOCTh
paboThI.
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FPPF
— Jlepeess pemenuii BeIcoTsl 1 —— Jlepepns pemeHHH BEICOTEI 2
— Jlepersa pemenuii BeIcoTs 3 —— Jlepepns pemeHHH BEICOTE 4

Pucynok 5: CpaBHeHune kauecTBa paGOThI KaCKaIHbIX
QJITOPUTMOB Ha OCHOBE JIEPEBBEB PELIEHHIT Pa3INYHbIX BBICOT.

Taomuma 1. CpaBHeHHE CKOPOCTH PaOOThI KaCKaJHBIX
QJITOPUTMOB Ha OCHOBE JIEPEBbEB PELICHUIT Pa3INUHBIX BBICOT

JlepeBbst JlepeBbst JlepeBbs JlepeBbs
peteHuit pemieHuit petieHuit pemieHuit
BBICOTHI | BBICOTHI 2 BBICOTBI 3 | BBICOTHI 4
Har 1.05 1.05 1.05 1.05
Maciradba
[ar o
msoGpare- | (4,4) .4) .4) . 4)
HUIO
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Bpems na
00paboTKy

~0.140 ~0.151 ~0.156 ~0.162
n3o0paxe-

Hus (CeK)

C yBemM4YeHHEM BBICOTBHI JIEPEBbEB JO 3  KauecTBO
oOHapyxeHust ymydmaercs. [Ipu panbHeiIIeM yBeJIMYEHUH
BBICOTBl ~ JI€PEBbEB  POCT  KauyecTBa  HPEKpalaercs.
3aTpauMBaeMOe BpeMS C POCTOM  BBICOTBI  JICPEBBHEB
yBEIMYMBAETCA HE 3HA4YMTENbHO. [lo 3TMM npUYMHAM B
JAJbHEHIINX SKCIIepUMEHTaxX Oy/eM MCIOIb30BaTh KAacKaIHbIH
KI1accH(UKATOpP, UCTIOIB3YIONINI AePEBbs PELICHUIT BBICOTHI 3.

Ha pucynke 5 u B Tabmuue 2 mpeACTaBICHO CpaBHEHHE
KauecTBa UM BPEMEHH KacKaJHOIo aJropuTMa C €ro
Mo UKayer, ucnonb3yromeil nHGopManuio 0 NOI0KEHUH
JMHHUY TOPU30HTa Ha M300pakeHWsX. JIMHUS ropu3oHTa Ha
TECTOBBIX H300paKeHHAX pa3MeueHa BpPYYHYIO, OJIHAKO
JorycKaeTcss MOAM(UKAUMs, B KOTOPOH JIMHHMSA T'OPH30HTA
3a71a€TCsl OMHAKOBOM Ha BCEX TECTOBBIX JIaHHBIX, COTJIACHO
HAaIpaBJICHHUIO KaMepbl.
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FPPF
— Kackannslii anropurm
— MopudmuporasHEIH KacKaIHbIH aANTOPHIM
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Pucynok 6: CpaBHeHue kauecTBa pabOThI KaCKaHOTO
ITOPUTMA ¢ MOAU(DHUIIMPOBAHHBIM KaCKaJHBIM aJIrOPHTMOM,
UCIOJIB3YIOIINM HHPOPMAIHIO O TOJIOKEHUHU JTMHUH
TOPH30HTA.

Taomuna 2. CpaBHeHHE CKOPOCTH PabOThI KACKaIHOTO
ITOPUTMA ¢ MOAU(HUIIMPOBAHHBIM KaCKaHBIM aJIrOPHTMOM,
UCIOJB3YIOIINM HHPOPMAIHIO O TOJIOKEHUH JTHHUH

TOPHU30HTA.
Kackagubiit MonuduupoBaHHbIH
AJIrOPUTM KacKaHbIif alrOpUT™
[lar maciutaba 1.05 1.05
IHar no
1300 paskKEHHIO “4.4 4,4)
Bpems na
oopaboriy ~0.156 ~0.034
n300paxeHus
(cex)

Hcnonb3oBanne nHGOPMALMU O MONOKEHUH JINHUN FOPH30HTA
HE TOJBKO TO3BOJIMJIO CYIIECTBEHHO YCKOPHTb MPOLECC
0OHapyXeHusl, HO M YIIYUIIIHIIO Ka4eCTBO OOHAPY)KCHUS.

Ha pucynke 7 m B Tabmuue 3 npuBeneno cpaBHenune HOG
ajropuT™a u3 padotsl [1] ¢ MOAMUIMPOBAHHBIM KaCKaIHBIM

Russia, Moscow, October 01-05, 2012

RU2: Vision

QITOPUTMOM, HCIOJB3YIOUIUM HHOOPMALMIO O HOJOXKEHHH
JIMHUM TOpU30HTa Ha m3obpaxkeHuu. s tectupoBanus HOG
JIropuT™Ma HCIIOJIb30BAJICS HPOrpaMMHBIN KO,
peanu3oBaHHbI aBTOpaMu 3Toro airopurMa — H.Jlamamoit u
Bb.Tpurrcom.
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‘7 Mozudrminpoeassslii kackagasii anropurM — — HOG a.n:ropmM‘

Pucynok 7: CpaBHeHHe KauecTBa pabOThI
MOAN(HUIMPOBAHHOTO KackagaHoro anroputMa ¢ HOG
anroputMoM B peanuzauun H.J{anana, b.Tpurrca.

Taomuma 3. CpaBHeHHE CKOPOCTH PabOTHI
MOAN(HUIMPOBAHHOTO KackamHoro anropurMa ¢ HOG
anropurMoM B peanuzauuu H.Jlanana u b. Tpurrca.

Kackagubiit HOG anroput™
AIIrOPUTM
Hlar maciuTaba 1.05 1.05
Llar no u3obpaskeHuro
(B MUKCEISX) 4.4 4,4)
Bpewms Ha 00paboTky
n300paxeHus (CeK) ~0.034 ~1

Kackanguplii  anroputM, Ucnonp3yronmid HHOGOPMAIHMIO O
TIOJIOKEHUH JIMHUM TOPU30HTA CYLIECTBEHHO ornepexaer HOG
QJITOPUTM T10 CKOPOCTH PabOTHI U CPABHUM C HUM IO Ka4eCTBY
OOHapyKEHHSI.

6. 3AKIMIOYMEHUE

PeanuzoBan xackanublil anroputm Ha ocHoBe HOG npu3Hakos,
UCIONB3YIONMI B KauecTBe ciaboro kiaccupukaTopa B
anmroputmMe AdaBoost nepeBbst pelieHHH 3aJaHHOH BBICOTHI.
Ipumenenne nHbOpPMALMK O MOJOKEHHUH JIMHUM T'OPH30HTA
COBMECTHO C HCIIOJIb30BAHMEM MHTETPAIBbHBIX THCTOIPAMM JUIS
yckopeHHoro  Bbiuucinenns HOG mnpu3HakoB — IO3BOJIMIIO
YBEIIMYUTH CKOPOCTh OOHapyxkeHus 10 30 KaapoB B CEKyHIY.
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PacwunpeHHbIN HAbOp xapakTepucTUK Xaapa

I'ne6 FOxakoB
PakynabTeT a9POKOCMHUYECKUX HCCIIEIOBAaHUM

MockoBckuit pusuko-rexandeckuit UHCTUTYT (['Y), Joaronpyausiii, MockoBckas 06iacts, Poccust
glebyu@gmail.com

AHHOTaUuA

B Hacrosimiee Bpemsi OOJBIIYIO H3BECTHOCTb HPHOOpET
anmropuT™M  OBICTPOrO  J€TEKTUPOBaHHA  OOBEKTOB  Ha
YCKOPEHHOM KacKajie »dJIEMEHTapHBIX XapaKTePHCTUYECKHX
KIIacCU(HUKATOPOB, N3BECTHBIN Kak MeTox Buonsl u xonca. B
IaHHOI paboTe OyzeT paccMOTpeHa TeXHHKa BEIOOpa Hanbomee
UH(GOPMATHBHBIX XapaKTEPUCTHK M3 PaCIIUPEHHOro Habopa
xapaktepuctuk Xaapa (haar-like features), mcronb3yembIx B
JTAHHOM METOJIE.

Kniouesvie cnosa: Xapaxmepucmuxu Xaapa, Memoo Buonvt u
[orconca.

1. BBEOAEHUE
B 2001 romy II. Buoma m M. [Ixouc [5] mnpencraBmmm
MHOTOITAIIHYI0 ~ HpOLenypy  KiIacCHpUKamuH,  KOTOpas

MO3BOJIMJIA CYIIECTBEHHO COKPATUTH BBIYMCIUTEIBHOE BpEMSI.
ITpm 5TOM Ka4ecTBO OCTAJIOCh COMOCTABUMO CO MHOTHMHU Ooee
MeUICHHBIMU u CJIO’KHBIMHI OJTHOATAITHBIMU
KJIaccu(pUKaTOpaMy, TAKUMH KaK MallliHa OTOPHBIX BEKTOPOB
(SVM), cnydaitneiii nec (Random Forest) u HeiipoHHbIE ceTH
(ANN). Oramamu anropurMa Buonslr u JIKOHca SBISIOTCS
KiIaccupukaTopsl OycTuHra [2] Haj pelarouMy JepeBbsIMY,
UCTIONB3YIONIMMH B KauecTBE IPU3HAKOB XaPAaKTEPHCTUKU
Xaapa.

OmpenenuM  XapakTepHCTUKY Xaapa Kak O¢yHKIUIO f OT
CyMMapHOI MHTEHCHBHOCTH I, M Ip JBYX TNPSIMOYTOJNBHBIX
y4acTKOB M300paxkeHust A 1 B, TAKHUX 4TO y4aCTOK B BIIOXKeH B
ydactok A. IIpsmoyromnpHas popma y4acTKOB BBIOpaHa 3aTeM,
9TOOBI MOKHO OBUIO TPHMEHHUTh TEXHHUKY WHTETPaTbHBIX
n3o0pakenui [4, 5] a1 pacuyeTa CyMMapHBIX HHTEHCHBHOCTEH
B HHUX.

B coBpeMeHHBIX paboTax MCMOIb3YeTCs XapakTepUCTUKa BHA
f(A,B) =al, +Blg, tne @ u B — KOHCTaHTHL IlodTOMY

npuMeHeHue anroputMa Buonst u JlxkoHca  TpeOyer
KOPPEKTUPOBKU OCBEILCHUS:
I1(x,y) —
I'(x,y) = M_C > 0.
co

3neck 1(x,y) — MHTEHCUBHOCTH B TOUKE (X,Y), 0 — OLEHOYHAs
Jcnepeust, (L — OLEHOYHOE CpeiHee 3HaueHHe UHTEHCHBHOCTH
110 HEKOTOPOH OKPECTHOCTH, C — TOJIOKHTEIbHAass KOHCTAHTa,
KOTOPYIO OOBIYHO TT0JIaraloT paBHO AByM [4].

BMmecto 3TOTO B MaHHOW paboTe /Ui YNPOIICHHS pealTu3alliu
anropuTMa HCTIOJIb3YETCS OTHOILIEHHE CyMMapHbIX
HHTCHCUBHOCTEH:

HOCKOJ’II:Ky B JIaHHOW cCTaTbe TMPOU3BOAUTCA CpPaBHCHUE
HECKOJIBKUX I1OJIX010B (bOpMI/IpoBaHI/IH XapakTEpUCTUK, TO 3Ta
MO}:[I/I(i)I/IKaI_[I/ISI HE MOXKET CYIICCTBCHHO ITOBJIMATH Ha BHIBOBI.

Kpome Toro, B MCXOAHBIX padoTax [5] MCIIOIB30BANOCH JIHIIbL
HECKOJIBKO THUIIOB XapaKTepUCTUK Xaapa (PUCYHOK 1).

Russia, Moscow, October 01-05, 2012

1. XapakTepHCTHKH yria 3. XapaKTepUCTHKH LIEHTpa

Ll - -

(@) (a)

2. XapaKTepUCTHKH JIHHUH E

(2 () (© @

Puc. 1: ba3oBblif HaOOp XapakTepucTUK Xaapa.

B Gonee mo3muux paborax [4] Habop xapakTepucTuk Xaapa
OBLT JONOJTHEH HAKJIOHHBIMHU XapaKTePUCTHKaMU (PUCYHOK 2).

1. XapakTepuCTHKH yria 3. XapaKTepHCTHKH IIEHTPa
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2. XapaKTepHCTHKH THHHH
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(@ © @ @ @ O

Puc. 2: lononHeHHBIH HAOOp XapakTepHCTHK Xaapa.

B nmanHoli paboTte mnpemnaraeTcs OTOHTH OT HMIEH YETKOTO
3aJaHus  HECKOJBbKHMX THIIOB XapaKTePUCTHK Xaapa U
paccMOTpeTh XapaKTepUCTUKHM Oosee 0OIIero Buzaa, Koraa
y4acToK B mMeeT mpou3BOIbHOE MOJI0KEHNE BHYTPH ydacTKa A
(pucyHok 3).

2. ONMNCAHUE XAPAKTEPUCTUK

PaccMOTpHM  CKOJIB3fillIEE OKHO, Pa3bHTOEe MpPSMOYrOJIbHOI
cetkol W X H, BHyTpH KOTOpPOro TpeOyeTcsi IpOBEpUTH
HaJU4Yhe H300paXeHHs HCKOMOro ooOwekrta. ITycTh umeercs
NPSAMOYTONbHHUK, 3aJaHHBI  4epe3 KOOPAHHATBHI  JIEBOTO
BEPXHETO YyIyia, IMMPUHY M BbIcOTy, T = (X,Vy,wW,h),
0<x<W-w,0<y<H-hO<w<W,0<h<H,I()
— CyMMa HHTCHCHBHOCTU HMKCEIOB B IPSIMOYTOJBHUKE T
HCCIIETyEMOTO U300pakeHHs. Torna MHOECTBO
XapaKTepHCTHK Xaapa MOXHO MPe/ICTABUTH B BUJIC

F= {Igr,) T C r,-}.

KonuuecTBo Takux XapakTepUCTHK onpeaesnsercs no Gpopmyie

W H
n= Z Z (W = wa + 1D)(H — hy + Dn(wy, hy),
wa=1hy=1
wa  hy
Z Z (WA — Wp + 1)(hA _hB + 1)
wp=1hg=1

Orcrona

1
n=goe —WW +1)(W? + 5W + 6)H(H + 1)(H? + 5H + 6).
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Ho ux cnuimkom MHOro, Tak Kak Ipu pa3Mepax ceTku 24 X 24
YHCIIO XapaKTepUCTUK pocturaeT 3HadeHus n = 308002500.
IMosTromMy mpemmaraercst —crenmanbHas TEXHMKa BbIOOpa
HauOosjee WHPOPMATHBHBIX  XapakTEpUCTHK  Xaapa 3a
MPUEMIIEMOE BBIYUCIUTETBHOE BPEMSL.

3. BbIMUCIIEHUE XAPAKTEPUCTUK

ITon nanbonee MHPOPMATHUBHBIMU XapaKTEPUCTHKAMU Xaapa
NOHUMAIOTCS T€, HA KOTOPBIX JOCTHIAeTCS MAaKCHMyM
KPUTEPHs, XapaKTEePHU3YIOIIETO Ka4eCTBO pas/ieeHNs] 00bEKTOB
Ha TOJIOKHUTENbHBIE U OTPHULIATEIIbHBIE.

Tak kKaK XapakTepHCTHK CIHIIKOM MHOTO, TO TEXHHKa BbIOOpa
Haubonee MHOOPMATHBHBIX XapaKTEPUCTHK COCTOUT M3 TPEX
KITI0YEBBIX MOMEHTOB, MO3BOJISIONIMX COKPAaTUTh BPEMEHHBIE U
BBIYHCITUTENBHBIE 3aTPaThI:

1) yrouHeHHe pa3Mepa XapaKTepHCTUK;

2) B3ATHE CIy4alHOTO MOAMHOKECTBA MCCIIETyEeMbIX
XapaKTepPHUCTHK;

3) anmpoxcuManuel oOyuaromeil BRIOOpKH 00ydaronum
MOZIMHO>KECTBOM.

Paccmotpum ux Oosee noapoGHo.
3.1 YTOouHeHue pasmepa xapakTepucTuk

[TycTs mMeeTcst Be CETKH, KOTOPBIMH Pa30MBAIOTCS STaJIOHHBIE
npumepsl: W X H u 2W X 2H. Torma mnox yTO4HEHHEM
MOHMMAeTCs CIeAyIoNas NpoLeaypa:

1) cocraBneHue MHOXeCTBa U3 k Hanboiee
UH(POPMATHUBHBIX (IPYOBIX) XapaKTEPUCTHK JUIS CETKH
W X H;

2) NOCTpOEHHE XapaKTepUCTHK Ha ceTke 2W X 2H,
HPHOIMKACMBIX HOJIy4E€HHBIMU IPYOBIMH
XapakTepUCTUKaMU;

3) BBIOOp M3 ITHX XapaKTEPUCTUK Hauboee
nH(OPMATHBHBIX (TOYHBIX) XapaKTEPUCTHK.

1
Ay

A A,

B, B,

By By

As Ay

Puc. 3: YTounenue pazmepa yuactkoB A u B.

Ha pucynke 3 npsmoyronbubie yaactku A (A14,434,) u B
(B1B,B3B,) obpasyior rpy0yio XapakTepucTuky Xaapa. Jls
YTOYHEHHs] PAacCMaTPUBAIOTCS BCE BO3MOXKHBIE CMEIICHHS
BEPIINH COCTABISIOMINX IPyOyI0 XapaKTEpPUCTHKY Y4acTKOB Ha
NOJIOBUHY pa3Mepa sueliku cetku W X H. B pesymbrare
obpasyiorcst yuactku Buxa X;X7 X X, rae i,j,k, 1 = {0,1,2},
X = {A, B}. Takum 00pasom, Kaxaas rpy0as XapakTepUCTHKA
obpasyer 10 9* = 6561 yTOUHSAIOMMX ee XapaKTePHUCTHUK.
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ITockonbky TpeOyeTcs, YTOObI y4acTOK B ObuT BIOXEH B A,
YTOYHSIIOIIMX XapakTepUCTUK Oyner MeHble. B ciydae
rpyboro pasmepa cetku 12 X 12 B cpegHem uX 4uciio Oyner
okoo 3000. Ilpm »3TOM 4HCIO pasIUYHBIX (TPYOBIX)
XapakTepucTuK Xaapa Bcero n = 1863225.

3.2 B3aTtue cnyvyarMHOro NnoAMHoXecTBa
uccrneayembiX XapakTepucTuk

ITyctp kaxpgas n3 BO3MOXKHBIX XapaKTEPUCTHK Oepercs B
pPaccMOTpEHHE C HEKOTOPOH BEPOSTHOCTBIO p. B TakoMm ciyuae
OKHJ]aeMO€ KOJIMYECTBO XapaKTEPUCTUK CTAHOBUTCS MEHBILE:
Ny, ~ pn. TlockonbKy BBIOOp XapAKTEPHCTHK IMPOM3BOAMTCS
IpH  KaKIOM OOYYEHHH SJIEMEHTApHOIo KiaccupuKaTopa,
JaHHas IIpoLeaypa B CPEOHEM HE YXyJIIIaeT KadecTBO
KiaccupUKanuy, HO  yMEHbIIaeT  BpeMs  OoOydeHUs
KJaccudukaropa.

3.3 Annpokcumaumsa obyyarowen BbIGOpKU
oby4yaroLwmmM NogMHOXEeCTBOM

Eme oxHMM METOJOM YCKOpeHHs BbIOOpa  HamboJee
HH()OPMATHBHBIX XapaKTEPUCTHUK SIBISETCS AaNMpOKCHMALIUS
BCell 00ydaroleil BEIOOPKH HEKOTOPBIM €ro MOJMHOKECTBOM.
Tak KaK y KaxI0ro o0ydJaromero npruMepa UMeeTcsi CBOH Bec,
TO menecoobpa3Ho B oOydaroliee MOJIMHOKECTBO BBIOHpATh
NpUMEpbl ¢ MAaKCHMaJbHbIM BecoM. Pasmep oO0yd4aromiero
MOJIMHOYXECTBA SIBIIsIETCS (PUKCHPOBaHHBIM. B ciydae, korzma
HUMEETCs. HECKOJBKO MPHMEPOB, MPETEHIYIOMUX IONacTh B
obyuaromiee IOJMHOKECTBO W HMMEIONIMX paBHBIC Beca,
pelienye 00 UX MPUHATHHA IPUHUMAETCS CIyYaiHo.

[Iycts umeercss nonoxuTenbHas X, M oTpuULaTenbHas X_
oOyuaromre BeIOOpku. OnuineM mporeaypy Beibopa Haubosee
MH(POPMATHBHBIX XapaKTEPHCTHK C YIETOM ampOKCHMAIIHHU:

1) cocraBmsitoTcs 0oOy4aromnye noaMHoxecrsa Ty © X,
nT_ c X_ onpeneneHubix pasmepos n, = |Ty| u
n_ = |T_[;

2) omnpezensercs m HauOosee HHHOPMATUBHBIX
XapaKTepUCTUK Xaapa Ha MpUMepax U3 00ydaromux
TIOJIMHOYKECTB;

3) BBIOMpaeTCs HECKOJbKO Hanboiee HHPOPMATHBHBIX
XapaKTepHUCTUK Xaapa U3 3TUX M, HO Y)Ke Ha
IIpUMepax U3 BCEro o0ydJaronero MHOXecTsa Xy 1
X_.

Tenepb ocraercss Ha BBIOpaHHBIX XapaKTepHCTHKax Xaapa
HOCTPOUTH OUEPEIHOM AIIEMEHTAPHBIN KiaccudukaTop.

4. SKCMNMEPUMEHTAJNBbHbIE PE3YJIbTATbI

PaccMOTpyM anropuTM OBICTPOTO JETEKTUPOBAHUS OOBEKTOB
Ha YCKOPEHHOM KacKajae KiIacCH(UKaTOpoB OYCTHHTa HaJ
pEUIAIOIUMI  IEPEBbSIMU, HCIONB3YIOIMUMH XapaKTePHUCTHKU
Xaapa. Ha pucyHke 4 mnpuBeneH CpaBHUTEIbHBIH aHAIU3
KauecTBa (rpaduk TOYHOCTH OT MOJNHOTHI precision — recall)
paboThl JaHHOTO AIrOPUTMA JICTEKTHPOBAHUS B 3aBHCHMOCTH
OT HCIOJIb3yeMOro MeTo/ia Bbibopa Hanbonee nHHOPMAaTHBHBIX
XapakTepucTHK Xaapa Ha ceTke pasmepoM 24 X 24 (B ciydae
HPUMEHEHHS YTOYHSIOIIEr0 MeTosia Opanach ceTka pa3mMepom
12 x 12).

B pabGore wucrnonp3oBamuck OTKpBITEIE BBIOOpKH LFW [3] m
VOC [1]. B xkagecTBe HCTOYHUKA TTOJIOKUTEIBHBIX 00YUYarOIINX
U TECTOBBIX NPHUMEPOB ObLIa B35ATa OTKpbHITas BeiOopka LFW,
colepkamiasi Juna. B KadecTBe MCTOYHMKA OTPHUIATENBHBIX
00y4aroLMx 1 TECTOBBIX MpUMepoB Obuia B3siTa BeiOOpka VOC,
He coxeprkamas juna. [TonoxurensHas oOydaromiasi BeIOOpKa
cocrosma w3 1000 mnpumepoB, tecroBas u3 300. Oo6e
OTpHLAaTeNbHbIe BHIOOPKU cocTosiin u3 S00 HecoBHaTaroIux
N300paKeHUH, Ha KOTOPBIX IPOM3BOAWICS ITOUCK HCKOMOTO
00BEKTa  BHIOPOCOB COOTBETCTBEHHO.
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Puc. 4: CpaBHUTEIBHbIE PE3y/IbTaThl Ka4ecTBa PabOThI
ITOPUTMa JICTCKTHPOBAHUS B 3aBHCHMOCTH OT MeTO/ia BbIOOpa
Hanbosiee THGOPMATHBHBIX XapaKTEPUCTUK Xaapa.
HHpopmarus o COOTBETCTBHH L[BETa KPHUBOM U METO/Ia
cozepxurcs B Tabiuue 1.

Ta6ua. 1: CpaBHUTEIBHBIE PE3YIbTAThl AJITOPUTMOB
JIETEKTUPOBAHMS JIMI[ B 3aBHCUMOCTH OT METOJIa BEIOOpa
Hanbosee HHPOPMATUBHBIX XapaKTEPUCTUK Xaapa (Ha3BaHHA
oJIel TaOJIUIBI YTOUHEHBI HUKE).

Meron [Tnomans mox | Bpems Bpewms
rpadukoM obpabotku, | oOydeHus,
MC 4acoB
Cunnit 0.918 25.0 6.2
Tlomy6oit 0.942 22.8 4.5
KpacHsrit 0.917 27.6 4.0
3eneHblit 0.921 28.4 33
®duoneroswiii | 0.945 23.7 6.3

B mepBoM cronOie TaONUIBI COMEPXUTCS WHPOPMAIHS O
COOTBETCTBUM METOJa M [BETAa, COOTBETCTBYIOLIETO €My
rpa¢uka TOYHOCTH OT MOJHOTHI Ha PHCYHKe 4. A HMEHHO,
CHHEMY LBETY COOTBETCTBYET IOUCK Haunbouiee
MH(QOPMATUBHBIX ~ XapakTepUCTHUK Xaapa, HCIOJIb3YIOMINI
pacIIMpeHHBIH HA0Op C YTOUYHEHHEM M CIIyJailHBIM B3STHEM
(10%), romybomy — paclIMpeHHBIII HaOOp C YTOYHEHHEM,
KpacHOMy — 0a30BbIii HabOp, 3€IeHOMY — JOIOJHEHHBIH
HAaKJIOHHBIMH ~ XapaKTepHCTHKaM Habop, ¢QuoneroBomy —
JIOTIOJTHEHHBIH U PacIIMPEeHHBIH HAabOp XapaKTepHCTHK Xaapa ¢
YTOUHEHHEM U CITy4aifHbIM B3STHEM.

Bo BTopoMm cronblie faHa mIomab mo/| rpah KoM TOUHOCTH OT
MOJHOTHI (precision — recall) cooTBeTCTBYIOLIETO METOIA.

B Tperbem cronbue mnpuBeAcHO cpeaHee BpeMs 00paboTKu
onHoro m3o0paxenus pasmepom 500 X 500, mpoueccop Intel
Core i3 — 2120, 3.3 GHz. [Ipu 3TOM MHUHHMMAaNbHBIA pazMep
HUCKOMOTO 00bekTa 96 X 96.

B derBeproM crosOIE NpHBEACHO BpeMs B Yacax, KOTOpOe
TpebyeTcs, 4TOOBI aITOPUTM 00yUHIICS.

N3 Tabmuupl 1 BUAHO, YTO TOYHOCTH KIAacCH(HKATOPA,
HCIIOJB3YIONIEr0 METOJ| BhIOOpa Haubosiee WH(MOPMATUBHBIX

Russia, Moscow, October 01-05, 2012
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XapaKTepUCTUK M3 PACLUIMPEHHOro Habopa XapaKTepHUCTHK
Xaapa, BbllIE, YeM y KiIacCH(UKATOPa, HCIOJIB3YIOLIEro MpH
00y4eHHUHU [IOINOJHEHHbI W 0a30BBIi HAOOpP XapaKTEPUCTUK
Xaapa, 0.942 B cpaBHenuu c¢ 0.921. Ilpu sTOM OH TpatuT
MEHbIIIE BpEMEHH Ha 00paboTKy OJHOr0o H300paxeHus, 22.8 Mc
B cpaBHeHnu ¢ 28.4 mc. Ho 3aro emy TpeOyercs Oounbiue
BpeMeHH Ha o0yueHue, 4.5 gaca nporus 3.3.

Hannmyuymee xauectBo (0.945) mokasan kimaccudukarop,
HCTIONB3YIOLIMI BCE TPU OMHMCAHHBIX METOZa BbIOOpa Hanboee
HH()OPMATHBHBIX  XapaKTEePUCTHK, XOTI OH Tpedyer U
HabosnbInee Bpems Ha oOyuenue (6.3 gaca).

5. SAKIIOYEHUE

TakuMm 00pa3oM, oONHMCaHHAs BbBIIIE TEXHHKA SBIACTCS
3¢ }eKkTUBHBIM MeTOJ0M BbIOOpa Hambosee MH(GOPMATUBHBIX
XapakTepucTuk Xaapa. B cpaBHHTENBHOM SKCIIEpUMEHTE IPU
JeTeKTUPOBaHUM Jul y Meroja Buomst u  [IxoHca,
UCTIONB3YIOLIET0 JAHHYI0 TEXHHUKY, HaOmomaercst Oosee
BBICOKO€ KauecTBO JETEKTHPOBAHUS U MEHbIIEE BpeMs,
TpeOytommeecss Ha 00pabOTKy OJHOrO Kajapa. EnuHCTBEHHBIM
HEJIOCTaTKOM, HO HE€ OYEHb CYIIECTBEHHBIM, SBIAETCS
yBEJIMYEHHE BPEMEHH 00y4eHHMs KiaccudukaTopa.
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YactnuHoe OGyyeHue ¢ Yuntenem Ha Hebonbwmnx McxoaHbix Bbibopkax
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AHHOTaUuA

B nannoit paboTe mpejuiaraeTcst anropuT™M 9acTUIHOTO 00yJIeHHs
¢ yuureneM, OSGQEKTUBHO  paboTaromMidi B YCIOBHSX
UCIIOJIb30BAHUS SKCTPEMAIbHO MAJIOM HCXOJHOM oOyuaromiei
BBIOOPKH, COCTOsIIIEH W3 HEeOOJBLIOr0 KOJMYECTBA 3apaHee
KIaCCH(UIPOBAHHBIX O0BEKTOB, M OONBIIOro, HO 3apaHee
HEM3BECTHOTO KOJHMYECTBA HEKJIACCH(PUIMPOBAHHBIX OOBEKTOB.
PaccmarpuBaeTcst mpobiemMa momaroBoro o0yIeHus, KOTa 9uciIo
00BeKTOB B 00ydJaromell BBIOOpKE HE SIBISIETCS MOCTOSIHHBIM U
yBEIMUUBAETCA MO XoAy oOydyenus. TecTupoBaHue MeToAa
MIPOU3BOJUTCS C MOMOIIBIO H300pakeHNH, CKadaHHBIX C CepBHCca
Flickr, xoTopsie He OTOMpaIMCh BpPY4YHYIO, YTO BEIET K
MOSIBJICHUIO OIIMOOK B HCXOJHOHM oOydwaromed BbiOOpke. Jlist
YCTpaHEHHsl OSTHX OMMOOK U TOBBIIIEHHS S(PEKTUBHOCTH
oOydeHHs] IIpeUIaraeTcst WCIOJB30BAaTh  Psi  CIEIHAIBHBIX
METOJWK:  IIePEeMapKUpOBKY  TOJIOCOBAaHHEM,  (DHKCAIHIO
PEe3yJIbTaTOB U (GUIBTPALMIO JAHHBIX.

Knroueevie cnoea: uacmuunoe obOyuenue ¢ yuumenem,
camoobyuenue, cosmecmnoe obyuenue, akmugHoe obyuenue.

1. BBEOEHUE

B Hactosiniee BpeMsi IepCOHAIM3UPOBAHHBIN ITOMCK BCE TITyOKe
BXOJIUT B HAIy XH3Hb. MHOXKECTBO BEO-CEPBHCOB 3aIyCKaiOT
MEXaHU3Mbl aHAlHM3a MOJIb30BATEIbCKUX MPEANOYTSHUN TS
MPEIOCTABIICHNS] CBOUM II0JIb30BATE/SIM HAaUOOJIee HHTEPECHBIX
MaTepuaioB, B TOM 4YHCIE M PEKIAMHOIr0 Xapakrepa, dTo
00ycaBnuBaeT HEO0OX0IMMOCTh BHEJIPCHUS CHUCTEM
aBTOMATHYECKOr0 OOydYeHHsT Ha OCHOBE COOpaHHBIX JaHHBIX. B
citydae, Korjaa 00bEM 3TUX JJAHHBIX JIOCTATOYHO BEJIHK, 00y4YCHUE
HE TPEJICTABISIET KaKUX-THOO0 MpoOieM, OHAKO B PCAbHOCTH,
KaK MpPaBHJIO, KOJMYECTBO JOCTYMHOW HMH(POPMALMU O KaKIOM
KOHKPETHOM MOJIb30BaTeIe OrPAHHYCHO, OCOOCHHO ITO KacaeTcs
HOBBIX MOJIb30BaTEjCii, KOTOpbIE TONBKO HEIABHO HAYaIH
rnocemaTbh Kakoi-nmubo BeO-cepBuc. B momoOHbIX ciydasx [15]
3G PEKTUBHBIM SBISICTCS UCIIOJIb30BAHUE METOJOB YaCTHYHOTO
00y4eHHsI C y4YUTEIeM, KOTrJa JUisl YCICIIHOTO OOYYeHUs
TpeOyeTcs HaJIM4Ke JIUIb HEOOIBIIOro YUclia 3apaHee PasOUThIX
Ha KJIAacChl OOBEKTOB (COOTBETCTBYIOLIMX MPEANOYTCHUSIM
MOJIb30BaTElIsl) M OOJIBIIOE YHCIO OOBEKTOB, OTHOCSIIUXCA K
HEM3BECTHBIM kiaccaM. OueBHIHO, 4TO 0a3a JaHHBIX JHOOOTO
BeO-cepBHUCa, MOTHOCTHIO YIOBICTBOPSIET JaHHBIM TPEOOBAHMUSIM,
YTO 3aMETHO YIPOIIACT MPOLECC HHTEIPALUH CUCTEMBI 00YIEHHS
nogobHoro tuma. TeM He MeHee, HECMOTPS Ha KaXyILIYICS
MPOCTOTY JAHHOTO MOJX0J]a, UMEETCS U PsJ MpoliieM, KOTOpbIe
TpeOyIOT pEeIICHHUS.

COBpeMEHHbIE aNrOPUTMbl YaCTHYHOTO OOYHYCHHS C Y4YHTEIEM
paccunTaHbl Ha HCIOJIB30BaHUE OOYYAIOMIMX BBIOOPOK 3apaHee
W3BECTHOTO pa3zMmepa, oJHAKo Oa3bl JaHHBIX BEO-CEPBHCOB, KaK
NIPaBHJIO, COAEPXKAT MHJUIMOHBI OOBEKTOB, YTO 3HAYUTEIHLHO
yBeJIMYUBaeT BpeMsi o0ydeHnsi. MoXKHO ObUIO OBl OrpaHUYMTHCS
HEKOTOPBIM  3apaHee OIPEICIEHHBIM 4YHCIOM OOBEKTOB B
oOyuatoreii BbIOOpKE, OJIHAKO UCCIICIOBAHMS TOKA3bIBAIOT, YTO C
pocToM dHcna OOBEKTOB YJIy4IIAeTCsi M KadeCTBO PabOThI
obydeHHOTO Kiaccudukaropa. B naHHOH paboTe mpemaraercst
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TIOMIATOBBIM METOJ] YaCTHYHOTO OOY4YEeHWsS C YYUTeNeM, IIpu
KOTOpOM O00BEM JaHHBIX PACTET MOCTENEHHO, a MpolLecc
o0y4yeHusl 3aKkaHYMBAaeTCs B TOT MOMEHT, KOI/a JajbHeiiiee
yBennueHne 00bEMa BEIOOPKH IepecTaéT NMETh CMBICIL.

Bropast npobiema 3akiro4aercss B TOM, 4TO MCXOJHasi BBIOOpKa,
COCTOSIII[asl U3 TPOMAPKUPOBAHHBIX OOBEKTOB M OTPAXKAIOIIAst
MPEANOYTCHUsS]  TI0Jb30BATEIS, MOXET HMMETh OMIMOKA —
NPOMapKUPOBAaHHbIE OOBEKTBHI, KOTOPbIE HE OTHOCATCS HH K
OJHOMY M3 HMEIOIIUXCS B CHCTeMe KiaccoB. M3BecTHO, dTO
omnOKH MOJOOHOTO pOJA HETaTHBHO BIHUSAIOT HAa KauecTBO
00yueHus, TI0ITOMY yCTpaHEHHE UX BIIHMSHHS SIBISICTCS OJHON U3
B@KHBIX 3a/1a4.

Hakonen, Tperbs mnpoOmema Kkacaercsi OOBEMOB MCXOAHBIX
(IpOMapKUpPOBAHHBIX ~ BPYYHYIO  YEJIOBEKOM)  OOY4YaloIIUX
BblOOpok. Kak mpaBwigo, B HCCIEIOBATENBCKUX paboTax
paccMaTpuBaeTCs CUTyalus, KOIJla UCXOJHas BbBIOOpKa COCTOMT
13 HECKOJBKMX COTE€H OOBEKTOB, OJHAKO B PEAILHOCTH OHA
MOXET COJeprKaTh BCEro JIMIIb HECKOJIBKO IECSTKOB OOBEKTOB,
YTO 3HAYUTEIBHO 3aTPyJHSACT HCHONB30BAaHHE aITOPUTMOB
YaCTUYHOTO OO0YYEHHUS C YUUTEIIEM.

Jnst  pemeHnss 3TUX MpoOneM HaMH  Tpeiaraercs — psf
CNIEIMAbHBIX ~ METOJIOB:  MEepPEeMapKHpPOBKa  TOJIOCOBAHUEM,
(ukcanus pe3ynbTaToB ¥ GUIBTPALNS JaHHBIX.

2. OB3O0P CYLUECTBYHOLIUX NYBNUKALMUNA

CylecTByeT MHOKECTBO aJITOPHUTMOB YAaCTHYHOIO OOYHCHHs C
yuureneMm [15]. B pamkax maHHOH paboThl OBLIO HPUHSATO
petienne cokycHpoBaThCs Ha Haubosiee MOMYJISPHBIX M3 HHX:
camooOyuennn (self-trainnig) [9] u coBMecTHOM 0OyueHnu (co-
training) [1].

OcHOBHasi ujes MEPBOrO W3 HUX COCTOMT B  CICIYIOLIEM:
MEPBOHAYATBHO KiaccuukaTtop oOydaercsi Ha HEKOTOPOH
HUCXOTHOM BBIOOpKE, cocToAmed M3 HEOONBIIOro  Yucia
MIPOMAapPKUPOBAHHBIX (xmaccuUIPOBAHHBIX ) YeJI0BEKOM
00BeKTOB. 3areM 0Oy4eHHBIH KiacCH(pUKATOp yXe 0e3 rmoMorn
4eJoBeKa MAapKHpyeT JIpyroil — OoibmIMii — HAabop OOBEKTOB,
KJIacChl KOTOPBIX HEW3BECTHBHL. JIBa TONyd4eHHBIX Habopa
00BEKTOB, KaO)KIbIH u3 KOTOPBIX Terepb cTai
MIPOMapKUPOBAHHBIM, OOBEIUHSIOTCS BMecTe, (OpMHUPYS TeM

caMbIM  HOBYIO  OOYydYalomIyl0  BBIOOPKY, Ha  KOTOpPOii
knaccupukarop — obydaercs  moBTopHO.  llocme  aToro
KIaccHpUKATOp  3aHOBO  MapKHpyeT Bce  OOBEKTHl B

00beTMHEHHOM 00yyaromieil BEIOOpKE U CHOBa mepeolydaercst Ha
Heil. Ilpouecc mpoxoautr [0 TeX IMOp, I[OKAa MapKUPOBKa
OT/ICNBHBIX 00BEKTOB HE MEPECTAHET MEHSTHCS.

MeTo/1 COBMECTHOTO 00y4ueHMs paboTaeT, B LIEJIOM, aHAJIOTHYHBIM
00pa3oM, OJJHAKO BMECTO OJHOTO KJacCH(HUKATOpa Ha OTHOM H
TOM e Ha0ope [aHHBIX Mapaie]bHO oOydaroTcs J[Ba, a
HepeMapKUPOBKa OT/IEIbHBIX 00BEKTOB OCYLIECTBIISICTCS 00 32
CUET roJIOCOBAHMS MEXKJy KIacCU(PUKATOpaMH, 11eJIb KOTOPOro —
BbIOOp HamOosee BEpHOIl METKH, MO0 Yepe3 HCHONIb30BAHUE
JIBYX HE3aBUCHMBIX OOYYarOLIMX BBHIOOPOK C Pa3HBIMH METKaMH,
KOTJa OJWH KIacCH(PHUKATOp MapKUPyeT 0Oydaroulylo BBEIOOPKY
JPYroro.
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OnHUM U3 XOPOIIO U3BECTHBIX AaITOPUTMOB  YaCTHUYHOIO
o0ydeHHs1 C y4MTeneM sBisieTcss aiaroput™ Sposckoro [S].
CymiectByer  psia MoAM(HKAUME  JAaHHOTO  alropuTMa,
MO3BOJIAIOIINX YBEIUYUTh KA4eCTBO 00yUEHHSI.

Pan pabor [4, 7] yka3bIBaeT Ha TO, YTO yBEJIMYECHUE KOJIUYECTBA
HEMapKHPOBAHHBIX 00BEKTOB B 00ydJaloleil BEIOOPKE MO3BOJISIET
JOCTUYB JIy4lIero KadecTBa paboTel Kimaccudukaropa Ipu
UCTIOJIb30BAHUM AITOPUTMOB YaCTHYHOTO OOYUCHHMS C YUHUTENeM,
OJTHAKO JTaHHBIA MOAX0M 3P (PEKTHBEH TOJILKO B TOM CIIydae, eCin
MOJIeNb JTAHHBIX, TOJydeHHast 3a CU4ET OOydUeHUs, OKa3bIBAaeTCs
07M3Ka K peasbHBIM JTaHHBIM, 4ero ObIBaeT TPYJHO JOCTHYL IIPU
HCTIONB30BAHUM MajJoil HCXOAHOW BBIOOpKH. [l perreHus
JaHHOM MPOOJIEeMBbI PEKOMEH/YEeTCsl MCIIOb30BaTh (HIBTPALIMIO
IITyMOB.

Tak ske AJA yBENMUYECHUs pE3yIbTATHBHOCTH OOYYEHHS YacTo
WCTIONIB3YETCSl METOJ] aKTWBHOTO oOydeHus [12, 13], xoropslit
MIPOMU3BOJUT TEPEMAPKUPOBKY OOBEKTOB HE B IIOJHOCTHIO
aBTOMAaTUYECKOM PEXHUME, a C y4acTHEM 4eJIOBeKa: B IIpolecce
MepEMapKUPOBKH I HEKOTOPHIX O0OBEKTOB, B  KOTOPBIX
Knaccu(UKaTop He YyBepeH, TpeOyercs pPy4HOH BBOJ METOK
KiaccoB. JIaHHBIM MOAXOJ XOPOIIO COIIacyeTcss ¢ ujeei
MOMIATOBOTO  OOy4YeHHs, TO3TOMY OH, Hapsiay C APYTUMHU
METOAaMM,  HUCIONB3yeTCs A YIydllleHHs  KadecTBa
KiaccupukaTopa.

3. CPEOA OBYYEHUA
3.1. Mogudcmkauus LIBSVM

CyliecTByeT MHOXKECTBO TOJAXOJOB K MAIIHHHOMY OOYy4YEHHIO,
TaKMX Kak HEHPOHHbIE CE€TH, HauBHBIN baiiec n mpo4ux, oJHaKo B
paMKax JaHHOW paOOTBI MCHONB3yeTCs MallldHAa OMOPHBIX
BekTOpoB (mamee SVM — Support Vector Machine), Tak kak oHa
OJTHOBPEMEHHO 00ecCIe4ynBaeT I0CTaTOYHOE OBICTpoAeiicTBHE U
TOYHOCTh [6] Kinaccudukanuu. B nmanHOit pabore SVM
peann30BaHa ¢ MOMOILBIO OTKphITON Oubmnoreku LIBSVM [3].

OcHOBHas 3a7ja4a MAIIMHBI OMOPHBIX BEKTOPOB — ATO MOCTPOCHUE
ONTUMAJBHOM pa3zensdionlell TUMEePINIOCKOCTH C HauOOJIBIINM
3a30poM (margin) MexJay KiaccaMd B MPOCTPAHCTBE BEKTOPOB C
Pa3MEepHOCTHIO PABHOW KOJIMYECTBY IPU3HAKOB.

JI1 HaxOX/A€HUSI MAaKCUMAJIbHOM pa3liensioleil TuIepiocKoCTH
MIPOMU3BOJUTCS PEHICHHE 3aJayd ONTHMH3AIHMU  CIEIYIOIIETO
BUJIA:

L0w,wo; D) = 5w, w) = Bhoy i ((w, i) = wo) = 1) — min,, ,, max;

L=0i=1,..,0

A; = 0,560 (W, x;)) —wy =y;, i =1,..,1
I'ne x;=(x;., ....x") — IPU3HAKOBOE OIICAHNE OOBEKTA X;;
w=w’,...w") € R" n w, € R — mapaMeTpbl anropuT™a; y;=y (x;) —
LieIeBast 3aBHCUMOCTD - X— Y, riie X — pocTpancTBo 0GhEKTOB,
a ¥ — MHOXECTBO OTBETOB; A=(Ai,...,A;) — BEKTOpP JABOHCTBEHHBIX
MIEPEMEHHBIX.

O4YeBUAHO, YTO pa3fCsIomas THUICPIUIOCKOCTh MOXKET OBITh
HallleHa Jajlexko He BCerja, I03TOMYy B TaKUX CIydasx
NpUMEHsIeTCST TaK Ha3plBaeéMoe sIepHOe  IpeoOpa3oBaHue,
[I03BOJISIIOLICE CTPOUTh HEIMHEHHble pasaenuteny. OcHOBHas
uaes COCTOMT B 3aMEHE BCEX CKaJLIPHBIX IPOU3BCICHMUI,
HCTIOJIB3YFOIIIXCS npu HAXOKACHUH paszzensronieit
THIEPIUIOCKOCTH, (QYHKIHMAMH sIpa — TO €CTh CKaISPHBIMH
MPOM3BEICHUAMHI B IPOCTPAHCTBE OOJBIICH pPa3sMEPHOCTH, TOe
YK€ MOXET CyIIeCTBOBATh ONTUMAJbHAS  Pa3[essromas
THITEPIUIOCKOCTD.

Russia, Moscow, October 01-05, 2012
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Hamu HCIIOJIB3YETCd MallWuHa OIOPHBIX BEKTOPOB, KOTOpas B
Ka4eCTBE MNapaMeTpa MCIIOJIB3YCT 3HAYCHHE BECa C, BJIMAOIIECTO
Ha peuieHue 3aJa4u ONTUMHU3AIUU:

. 1
min,, j ¢ EWTW +CY1 & ()

yiwTo(x) +b)=21-¢§, (3)
§i =0,

rae ¢ — QyHKIMs, HepeBoJsias BEKTOpP X; B HMPOCTPAHCTBO C
Oonpuiedt  pasmepHocThio (mpu oToM K (X3, %) = ¢(xi)T¢(xj)
Ha3bplBaeTCd (QyHKOMEH siapa); w:(w',..l,w") ER™ uw wyER —
napaMeTpbl  alirOpUTMa; y,-=y*(xy — 1eneBas 3aBHUCHUMOCTb y*:
X—Y, rne X — npoCTpaHCTBO OOBEKTOB, a Y — MHOXKECTBO
o1BeTOB; E=(&y,...,&/) — BEKTOp JABOMCTBEHHBIX MTEPEMEHHBIX.
IMapamerp C > 0 omnpefensier ypoOBeHb OLIMOKH M HCIOJIb3yeTCs
JUISL OTCEYEHMsSI 3aBEJOMO HEKOPPEKTHO KJIACCH(HIUPOBAHHBIX
00BbeKToB. B paMkax nanHoil paboTs! ucnons3yeTcs 3HaueHne C =
1, Tak KaK OTCeYEHHE IPOU3BOIUTCS APYTUMU METOIaMU.
CoBpeMeHHbIe HCCIIE0BAaHMs ITOKa3bIBAIOT, YTO HCIOIB30BAHHE
A7pa ¥~ MO3BOJISIET YBEIMYUTh Ka4eCTBO KIacCH(PHKATOPA:

(xi=yi)?
k(x,y) =1-XLit—— ()
=11
Sxityy)
IIpm »>TOM »oSKcHOHeHIMambHAs (opma JaHHOTO sapa xzexp;
OKa3bIBACTCA CILIE JIyYIle:

n
(x; — y)?
k(x,y)=exp| =y ) =] (6)
=1y (e +y0)

ITo ymomuanuto LIBSVM noanepkuBaeT HECKOJIBKO Pa3IMYHBIX
fep, HO TOMICPKKH sapa x> B 9TOil OHONHOTEKE HET.
Cy1mecTByIoT pa3nuyHbIe pelreHus oT CTOPOHHHX
Pa3paGoTUNKOB, TOOABISIONMIME °, OXHAKO OHH BCE HAIEICHBI Ha
ucnone3oBanue B cpexe MATLAB, uyro tpeOyer Hamuuus
COOTBETCTBYIOIICH MPOrpaMMHOM Cpeabl MM €€ KOMIIOHEHTOB.
Jnst penrenust nanHOW mpobiemsl B 6ubimoreky LIBSVM 6bita
BKJTIOUCHA TIOUICPIKKA AP - U xzexp.

UYroObl ompenenuTh HaubOoiee MOAXOASAIICE pelracMol 3agaue
A0po ObUI TPOBEAEH pAA TECTOB Ha BHIOOPKE CIEAYIOIIETO
00béMa — 700 nzobpaxenuit 11 odyuenus u 100 1 mpoBepku,
COOTBETCTBYIOIIMX JBYM KjaccaM CILEH: BHYTPH U BHE
nomenieHud, ckadaHHbIXx C cepBuca Flickr. [lpm Ttakom
COOTHOIICHUM  pasHMIlA B  pe3yjibTarax, IOKa3bIBa€MBIX
Pa3IMYHBIMHE SIpaMH, OKa3ajach Hanbosiee 3aMeTHa. B kadecTBe
YUCICHHBIX METPHK KauecTBa KIACCU(UKALMU HCIOIb30BAIHCH
CJIETYIOIINE METPUKH:

icinn — P . 0+ — _TIe | 0+
Precision P 100%; Recall P 100%);

Accuracy = @- 100%; (7)
I'me N — oOmee umcno m3oOpakeHHid, 7P — YHCIO BEPHBIX
cpabarbiBanuif, a FP u FN — 4uCIIO JIOKHBIX cpabaTblBaHUN U
IIPOILyCKOB, COOTBETCTBEHHO. IIpu 3TOM 371€Ch U Aajee LeIeBbIM
KJIACCOM SIBJISUICS KJIACC, COOTBETCTBYIOIIMH HM300pasKeHUSIM,
COZIEPIKAIINM CIIEHbI BHYTPH TOMEIIEHUI.

Kak u oxumanocs, sapo chxp MMOKA3aJI0 HAWITYHIIHE PEe3yIIbTaThl
(Tabmuua 1).

Ta6auna 1: CpaBHeHHE Pa3IMYHBIX sIEp

Slapo | Accuracy, % | Precision, % | Recall, %
RBF 75 75 76
1 79 76 84
Ko 82 80 86
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3.2.Pacno3HaBaHue cLeH
nomMeLleHnmn

BHYTPU U BHe

Jlns pacrio3HaBaHHs CLEH BHYTPH W BHE IIOMENICHHH MBI
HCIOJIB30BaIM ~ MeTOA  [8], KOTOpbI  OCHOBBIBae€TCS  Ha
NPUMEHEHHH HU3KOYPOBHEBBIX  I[BETOBBIX M  TEKCTYPHBIX
MIPU3HAKOB N300paKeHUIA.

OOBIYHO B KayecTBE IMCTOTPAMMHBIX MPU3HAKOB HCIOJIB3YIOTCS
3HA4YEHMS TUCTOrPaMMbl DPaA3JIMYHBIX KaHAJIOB M300paXEeHUs C
YMEHBIIECHHBIM YHCJIOM OTTEHKOB (10 16 rpamauuii Ha KaHain).
HauGonee oueBHIHBIM BAapHaHTOM SBIISETCS HCHOJIb30BAHUE
kanajoB RGB, onnako Takoit moxxon He Bcernga apQexTuBeH: B
RGB sipkocTh He OTAeNIEHa OT BETOBOTO TOHA U HACHIIIEHHOCTH,
YTO MPUBOAUT K IyONMpOBaHUIO HH(OPMAIWMHM, TaK Kak JUIst
Oompmmoro  kosmdectBa  (otorpagmii B ITOM  I[BETOBOM
MPOCTPAHCTBE B/ KaHAJIOB OTJIMYASTCS HE3HAUUTEIbHO

Msbl  ucnonb3oBanM  IBeToBoe mpoctpaHctBo  LST  [11].
[IpeoOpazoBanue mnukcena u3 mnpoctpanctBa RGB B LST
BBITJIS/IUT CIIELYIONIMM 00pa3oM:

k k
L:E(R+G+B), S:E(R—B),
T:L(R—ZG+B) (8)

V6

I'ne L — xanan ocBemiEHHOCTH, S U T OTPpaXaroT XpPOMaTHYECKYIO
nudopmarmio, a k = 255/max(R, G, B). Ocobennocts S u T
KOMIIOHEHT COCTOMT B TOM, YTO MX 3HAYCHHS HE MEHSIOTCS C
N3MEHEHHEM MHTEHCHBHOCTH MCTOYHHMKA cBeTa. [Ipu 3TOM KaHai
S ompexenseT BapuanUM IIBETOBOH TeMIIEpaTypsl OT JHEBHOTO
CBeTa JI0 MCKYCCTBEHHOT'O, CO3/JaBaeMOr0 JIAMIION HaKaJIWBaHUS,
9YTO OYEHb YJOOHO U1 paclo3HaBaHWs CLEH BHYTPU H BHE
IIOMEILEHHH.

Jlns  onpeneneHus TEKCTYPHBIX —HPHU3HAKOB  HMCIOJIb3yeTCs
NIByXypoBHEBoe wavelet-npeoOpa3oBanue kaHana L mpu nomormm
¢bwibTpOB Jlo6emm, OTIPEICIISFOIIUXCS CIICAYHOIIUMHU
ko3 uLreHTamu:

h<«>[-0,129, 0,224, 0,837, 0,483];

g <>[-0,483, 0,837, —0,224, —0,129]
I'ne h — BRICOKOUYACTOTHBIN PHUIBTP, @ g — HA3KOYACTOTHBIN.
TexkcTypHbIE PU3HAKY €1, €3, ...

9):

er =

, €g OIIPEEIIOTCS 10 hopMyIe

1 Mg Nk 2/7: - _
MkaZi=1 Z].:l ci(i,)), k=1,2,....8, (9

Tne c¢i, Jj) npencraBmsitor  coboit  KOIDPUIHEHTHI
JIByXypOBHEBOro wavelet-npeoOpa3zoBanus nzodpaxenus (puc.l).

Taxum o6pa3om, o0Iiee KOJINYeCTBO HU3KOYPOBHEBBIX IIPH3HAKOB
n300paxkeHus1 coctaBisgeT 32: 24 1BETOBBIX NpH3HaKa (Mo §
rpajanuii Ha KaHail) ¥ 8 TeKCTYPHBIX.

Puc 1: IIpumep nByxypoBHEBOTrO Wavelet-mpeodpazoBanus
N300paXKEeHUs.

154

4. NPEANATAEMbIA noaxop K YACTUYHOMY
OBYYEHUIO C YYUTENEM

4.1.06Wwmn NnpuHUUN

IIpm wncronb30BaHMM CETEBBIX XPAHMIMIL JAHHBIX — YHCIIO
00bekTOB B OOydaromield BbIOOpPKE 3apaHee HEM3BECTHO, YTO
HPUBOAUT K HEBO3MOXKHOCTH MCIIOJIB30BAaTh HTEPALHOHHOE
o0y4yeHHe Ha OJHUX M T€X K€ JaHHBIX B HaJEXKAE Ha TO, YTO
KaXIbli mar OyJer yiy4llaTh KadecTBO PACIIO3HABAHUS
kinaccugukaropa. Tak Kak JaHHBIE T00ABISIOTCS HEOONBIINMU
TIOPIUSIMH, TO HEJIb3s FAPaHTHPOBATh TOTO, YTO HOBAsI ITOPIHS HE
yXyAmuT pe3ynsTatsl. COOTBETCTBEHHO, TpeOyeTcs NPHUMEHSTh
pa3IUYHbIe JIOMOJHHUTEIBHBIE METOABl JUISI TPeOTBPAIICHHS
YXYALICHHS XapaKTePUCTHK KIacCHpHUKaTOpa.

OOmmii anroput™M o0Oy4eHHs MpPH HCIIOIb30BAHUH CETEBBIX
XPAHUJIUII MOKHO TIPEACTABUTD CIIEAYIOIMM 00pa3oM:
Audaropurm 1: [Ipennaraemslii anropuTM momaroBoro 00y4eHus
1:  Jlano: X, y”

2: JQmate {0,1,...}:

3 X+ — x (@) y 7(®

4: A= {xex| Y"1}

5: Tpenupyem kmaccudukarop ' ma (A?, Y)

6: Jlnis xaxzoro BekTopa x € X:

7 Yy = argmax; n,(ctﬂ) )

v, eciu x € A(®)
8 Yx(tﬂ) =19, ecmxeA®v ﬂ)(c“l)(}?) > %
-+, WHaye
9: Ecmu YV = Y% 1o kouew, unaue war 2
Ime L — uHCIO BOSMOKHBIX METOK (MHBIMH CJIOBAMH —

komaectBo KmaccoB); X(©) — MHONKECTBO MapKHpOBaHHBIX H
HEMApKHPOBAHHBIX OObekTOB Ha mare t; Z7 TIOpIIHS
HEMApKHPOBAHHLIX OOBEKTOB, CKaumBaeMmbix Ha mare t; AY —
MHOKECTBO MAPKHPOBAHHEIX 06BEKTOB Ha mare t; Y — dymxrms,

NPOM3BOMAMIAS MAPKMPOBKY KQXKIOr0 OOBEKTa; n,(ctﬂ) (M-
YBEPEHHOCTh B NPHHAUISKHOCTH 00BEKTa X K KJAcCy j Ha miare
t+1.

MOXHO 3aMETHTh, YTO BEPOATHOCTH BHIMONMHEHNs yemopus Y =
¥ nocrarouno mana, TaK Kak BPSUL M HACTYIIHT MOMEHT, KOTA
HU OJJHA U3 METOK OOBEKTOB Ha OYEPEIHOM IIare He N3MEHHTCS,
MOATOMY JIaHHOE YCJIOBUE UMEET CMbICI 3aMEHHUTH O0Jiee MSATKUM,
HampuMmep, Korja mpolecc OOydYeHWs 3aKaHYMBaeTCs IIpH
JOCTVIKCHUH HEKOTOPOTO 33JaHHOTO MPOLEHTa HeM3MEHUBIIHXCS
MeTOK. MOXKHO paclIMpUTh JAAHHBIH QJITOPUTM JJIS  Caydast
AKTHBHOTO OOYYCHUSI, U3MCHUB AT 8 CIICIYFOIIIM 00pa3oM:

Aaropurm 2: lllar, peanu3yroniuii akTHBHOE 00y4eHHE

v, if x € A©

(t+1) ,_
Yy =1y, ifn,(:“)(j) < oy’
9, “Haye

Te y — MeTKa, BBICTABIsEMasl BPYJYHYIO YEIOBEKOM, M 7T —
MUHUMQJIBHBIH ~ TOpPOr AN OTCTyNa,  ONPEHEsIOUINi
JOCTaTOYHYIO YBEPEHHOCTh B METKE.

4.2.NlepeMapKupoBKa ronocoBaHuem

V3HavanbHO NMPeArosaraeTcsi, YTo Ha KaykI0M HOBOM IlIare METKU
O0BEKTOB MOTYT M3MEHSTHCS IPOM3BOJIBLHBIM 00pa3zom, B
3aBUCHMOCTH OT IIOJIy4EHHOW Ha MNpPEIbIIyIleM Iiare MOJCIH
maHHeIX. OfHAKO eciM B Ciydae ajrOpUTMOB OOy4YeHHS,
HCIIONB3YIOLINX 3apaHee U3BECTHBIC BBIOOPKHU, TAHHBIH IOAXO/
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oOecrevnBaeT ONpeaeaéHHYI0 CXOIUMOCTh, TO MPU MOPIIHOHHOM
CKaYMBaHUU CXOAMMOCTh HE TapaHTupyercs. K Tomy ke MoxkeT
HAOJIOATBCSl HEKOTOPBI OTPHIATEIbHBIH 3(PHEKT: HEpeaKo ¢
Ka)KJIbIM HOBBIM IIIArOM KadecTBO paboThl Kiaccudukaropa mpu
TaKOM 00y4YEHHH TOJBKO CHIKACTCSL.

Jlns  mpemoTBpamieHuss MOJOOHBIX MPOOJIEM  11e7eco00pa3Ho
HCIIOJIb30BaTh CBOETO POJia «IIaMsTh»: IPU MapKUPOBKE 00BEKTA
3aIlIOMHHAeTCSl HE TOJBKO METKa, HO M e oTcTyn (margin). B
JIaHHOM CIIy4ae IOJ{ TEPMUHOM «OTCTYID» IIOHUMAETCSl «CTEHEHb
HOTPY’KEHHOCTH» 00BEKTa B CBOM KJAacc, COOTBETCTBEHHO, 4eM
MEHbIlIE €ro 3HaueHWe, TeM BbIIIE BEPOATHOCTh omuOKH. B
AHTJIOA3BIYHON JIMTEpaType TaK K€ 4acTO HCHOJb3yeTcs TepMUH
confidence (crenenb noBepusi). B citydae ecian Ha nocieayromeM
mare OTCTyn Oy/eT HHXKEe COXPaHEHHOTO, TO NePEMAPKUPOBKA HE
HPOM3BOJMTCSA. DTO TI03BOJSET, C OJHOH CTOPOHBI, 3aIIUTHTDH
K1accu(UKaTOp OT HEBEPHOW NEPMAPKUPOBKH, HO C JPYrod —
MOKET MPUBOJAMTH K HAKOIUIGHHIO OMMOOK, KOr[a HEBEpHO
IPHUHATOE pElIeHHe B JalbHEHIIEM 3aKpeIUIieTcs MOj BHIOM
BepHOro. TeM He MeHee, JaHHOH CHTyallud MOXHO M30€XKaTh IIPU
IPUMEHEHHH 00JIee MHTEJUIEKTYalIbHOTO coco0a BbIOOpa METOK,
UCHOJIB3YIOIIETO IIPUHIUI FOJIOCOBAHUS.
Y1 DijYijtPi-1Yi-1
yi = , (10)
i1 Pij+Pi-1

e y; - HOBas MeTKa 0OBEeKTa Ha i-M IIare; y; ; - METKa 00beKTa
Ha i-M IlIare, BBICTABIEHHAs j-M KJIaCCU()UKATOPOM; p; ; - OTCTYII
METKHM Y; j; ¥ .| - METKa oObekTa Ha i - | mare; p;_ | - OTCTyN
METKH Y; .

Hcnonp3oBanue momo0HON cXeMbl MO3BOJIIET MPEAOTBPATUTH
HAKOIUICHUE OMIMOOK, Pealn3ys MPH 3TOM 3alIUTy OT IPHHSATH
HETPaBUIBHBIX PEIICHUH B X0 MApKUPOBKH.

4.3. Pukcauma pesynbTaToB

K cosxanenuio, rnepeMapkupoBKa IOJIOCOBAaHHEM B YHCTOM BHJE
s¢dexTHBHA HaNeKo He BCerja, I03TOMY MOXET MPUMEHSTHCS U
Oosiee «KECTKHI» CHOCOO COXPAaHEHUs JIOCTUTHYTOTO KayecTBa
pacrmo3HaBaHuUS: B CIydae, €ClIM Ha OYepeqHON uTepanun paboTta
Ki1accH(UKATOpa YIIy4IINIaCh, TPOU3BOAUTCS (PUKCALNS AaHHBIX:
BCE METKH, MOJIYYEHHBIE HA 3TOM IIare, sKECTKO (UKCHUPYIOTCS
0€3 BO3MOXKHOCTU JaidbHEHIIEro M3MEHEHHs. ANTOPUTMHUYECKH
JAHHBIN TTPOLIECC BBIMTIANUT CIIETYIOINM 00pa3oM:

Anaroput 3: AJITOPUTM HOIIAroBOro 00y4eHHs ¢ pukcanuen

1. Jlano: X7, Y A,

2: daate {0,1,..}:

3: X+ — x® y z®

4: A= {xex|YV+1)

5: Tpennpyem kiaccuduxarop ! Ha (Ag U AY, Y7)
6 Jl1s kaxzoro BeKTopa x € X:

7 y = argmax; n,(fﬂ)(j)

Yx(o), ecin x € A©

8: Y(H'l) — ). t+1) 1
: x =49, ecmxeAOvr V@) > i
-+ HUHave

9:  Ecam kiaccndukarop © ! nyuie, ueM my, To mp =11,
10: A=Ay UAY

11: Ecau Y™V = Y, 1o xouew, unaye mar 2

rue Ay — MHOXECTBO O0BEKTOB ¢ (PMKCHPOBAHHBIMU METKaMU; Ty
— 3a()UKCHPOBAHHBIN KJIACCU(PHUKATOP.

Kax IpaBuiio, HE nMeeT CMBICJIa (I)I/IKCI/IpOBaTL caM
KJ'[aCCPI(bPIKaTOp, JOCTAaTOYHO JIMIIb COXPaHUTH IapaMETpPbl €Tro

Russia, Moscow, October 01-05, 2012

RU2: Vision

paboThbl, YTOOBI MX MOXKHO OBUIO CpPaBHHBATh C pe3yJbTaTaMu
npyrux xiaccudukaropoB. I[TomoOHBIME THapaMeTpaMH MOTYT
OBITH, HAIIPUMEP, accuracy, precision u recall.

4.4. PunbTpauma JaHHbIX

WzBectHo, uto SVM BecbMa YyBCTBHTEIBHBI K IIyMOBBIM
BBIOpOcaM (HEBEPHO MPOMAPKHPOBAHHBIX OOBEKTaM), IO3TOMY
(GUIBTpaIMs IYMOB SIBJIAETCS JOCTATOYHO BAXKHBIM IIPOIIECCOM,
MO3BOJIIIONIMM  3aMETHO MOBBICHTH (P(HEKTUBHOCTH PabOTHI
MalIMHBl OMOPHBIX BEKTOPOB. B 3ajauax aBTOMAaTHYECKOIO
o0yueHus el 4acTo HpeHeOperaroT, Tak Kak LIyM He OKa3bIBaeT
3aMETHOTO BJIMSHUS Ha pe3ynbTatsl. OHAKO MPH UCIIOIb30BAHUN
UTEPAllMOHHON Mojenu 0O0y4eHHs IIYMbI MOIYT HEraTHBHO
BIMSITH Ha 00y4aeMblil KiacCM()UKATOP, TaK KaK MPUCYTCTBYET
a¢deKT HaKoIIIeHHs OMINOOK, ONMCAHHbIH paHee (puc. 2).

a b

Puc 2: Ounprpanus nanubIx: a — 6e3 GrisTparym, b — ¢
¢umbTpanmeil.

MOKHO  BWJETh, 9YTO TIPU HUCIOJBb30BAHHH  (PUIIBTPALUH
onTUMaJIbHasl Pa3jeNsolas TUIEePIUIOCKOCTh, BO-TIEPBBIX, OyIeT
IMpe, & BO-BTOPBIX, YHCIO OIMIMOOYHO KIaCCU(PHUIMPOBAHHBIX
00BEKTOB YMEHbIIHUTCS. Tak ke MmiocoM (UIbTPALMHU SIBISCTCSE
TO, YTO yBEIMYUBACTCS CKOPOCTh OOYUYEHHS 33 CUET YMEHBIICHUS
qrcia 00bEKTOB B 00y4aroIieii BIOOPKE.

HawnGonee mpoctslM, HO TpH 3TOM 3()(PEKTUBHBIM, METOJIOM
OTCEYEHHsI IIIyMOB SBJISIETCS OTCEUCHUE IO ITOPOTY: €CIH OTCTYI
METKH OKAa3bIBAaeTCsl HIDKE HEKOTOPOr0 MHUHHMYyMa, TO OOBEKT,
COOTBETCTBYIOLIIMI JAaHHOH MeETKe, yaamsiercs Hu3 oOydaromiei
BbIOOpKH. OJHAKO TPH 3TOM OTCEKAeTCs M YacThb IOJE3HOU
nHopManyy, TaK KaK HU3KOE 3HAUCHHE OTCTyMa JIHIIb
CBHUJETEIBCTBYET O BBICOKOIl BEPOSTHOCTH OMIMOKM, HO He
rapaHTupyer e€ Hajanuus. TeM He MeHee, HKCIepHUMEHTAIIbHbIC
pe3yabTaThl IOKa3bIBAIOT, YTO JlaKe TAKOW TpyOBId IOIXO0J
OKa3bIBACTCS JTyUIlle, UM ITOJTHOE OTCYTCTBHE (DHIIbTPALIUH.

5. NMONYYEHHbLIE PE3YJIbTATbI

Jlnst  TecTupoBaHMS TPEATOKEHHOTO alrOpPUTMa IOMIarOBOTO
oOydyenust Hamu ¢ cepBuca Flickr Opum cxauansl ¢ortorpaduu,
COOTBETCTBYIOIIME JABYM KJIacCaM: CO CLEHAMU BHYTPU W BHE
nomerenuii. [Touck dororpaduii TPoU3BOAMWICS MO TEKCTOBBIM
teram ‘indoor’ w ‘architecture’ st nM300paKeHWH BHYTpH
nomerieHuit u no tery ‘landscape’ BHe momenienuid. Hukakoro
py4HOTO [eleHHMs Ha Kiacckl B oOydwaromieil BBIOOpKE He
MPOM3BOAMIOCE. Jlist  yHuuKamum Tpomecca BBIYHCICHHS
HU3KOYPOBHEBBIX NPHU3HAKOB H300paxeHuil Bce dororpaduu
Obutn MacmTabupoBaHbl 70 pasmepa 500x500 mmckcenoB, mpu
9TOM B@XHBIM MOMEHTOM SIBJISICTCS HOPMAJM3alUsl JTHX
TIPU3HAKOB: Kak ObLI0 1mokaszaHo B [10], oHa MO3BOJIAET yIydIINTh
Ka4yecTBO pacro3HaBaHus. OJHAKO Tak Kak B cly4ae 3apaHee
HEU3BECTHOIO 4YMCIa OO0BEKTOB B oOywaroumiell BbIOOpKe
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HOPMaJIM30BaTh BCE IPHU3HAKMA JIOCTATOYHO 3aTPYAHHUTEIBHO,
OBUIO MPUHATO PEUICHHE MPOW3BECTH JIUIIb IPHOIH3UTEIBHYIO
HOpMaJIM3allMIo, KOIJIa 4YacTh 3HAYCHUH MOXKET BBIXOIUTH 32
rpaHdibel  3amanHoro muanazona [0, 1]. s obecmedeHus
KOPPEKTHOCTH  pE3yJIbTaTOB  TECTUPOBAHHS  HaMu  ObUI
chopmupoBan Habop u3 30,000 m300pakeHWil ABYX KIIACCOB.
HcxomHass oOydaromasi BeIOOpKa (cocrosimias u3 Qororpadumuid,
KJIacChl KOTOPBIX M3BECTHBI) cocTostma u3 20 wu300paxkeHHi
(pucyHoK 4).

Puc 3: M3o0paxenns ncxoaHoi oby4aromieit Beioopku. Kak
MO’KHO BHJIETh, HEKOTOPbIE U3 HUX (2-4) HeNb3sl OTHECTH HU K
(ororpadusiM, CoaepIKaIINUM CLIEHbI BHYTPH IIOMEIICHUI, HU K

¢dororpadusiM, CoepIKAIINM CLIEHBI BHE TIOMCILCHUI.
[Ipu 5TOM B maHHBIX HaOOpax KOJMYECTBO M300paskeHHH 000X
KJIacCOB OBLIO OAMHAKOBBIM. Pa3Mep OJHOM MOPLUM CKavyaHHBIX
JIaHHBIX ~HAa KaKAOM Iare ajaropurMa cocraBisi 3500
n3o0pakeHui. JIJIst OlleHKH KauecTBa PacIio3HABAHUSI C IIOMOLIBIO
METpUK accuracy, precision u recall ncrosnb3oBaicst Habop u3
1000 ¢ororpaduii, HECBI3aHHBIX C OCHOBHOH BBIOOPKOH.
[apamerp Beca C y SVM Owpm1 paBen C=1. Ilpu »sTOM
HCIIOJIb30BAJIOCH SIIPO xzexp co 3HayeHueM napamerpa y = 0.5.
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Puc 4: Tlomarosoe camooOyuenue. [lepemapkupoBka
roJIOCOBaHUEM, (pUKCALUS Pe3YJIbTATOB U (PUIIbTPALIUS
BKJIIOUeHbl. MakcuManbHble 3HaueHus: accuracy = 51.7%,
precision = 52.4%, recall = 37.8%.

Ha mepBoM orame MBI HPOTECTHPOBAIM HAll alITOPUTM
TIOIIAar0BOTO o0yueHus c HCTIONb30BAHUEM MeToJa
camooOyuenusi. [Topor ¢umbrpamuu npu dtom ObLT paBen 0.6
(punpTpanust mpousBoamnach 1Mo mapamerpy — probability,
ucnone3yromemycs B LIBSVM kak Mepa OLIEHKH YBEpEeHHOCTH
MIPUHAIIEKHOCTH METKHM KakoMy-Tnbo kiaccy). Ha mepsoit
nuTepanuu 0610 0ThMIBTPOBaHO Mopsaka 20% u300paxkeHui, Ha
nocneayomux — okoso 1%. Kak MOXHO BUIETh Ha pUCYHKE 5,
momaropoe  camooOydeHne — okazanock  d(¢pexTuBHO  Ha
HECKONBKMX Ha4yaJdbHBIX HTepalusx oOydeHHs, OJHAKO B
JaibHelIeM ero 3 (peKTHBHOCTh CHU3UIIACK.

3areM MBI TIPOBENM CPABHEHHE pE3yIbTaTOB, MOKa3bIBAEMBIX
Mpe/UTaraeMbIM ~ aITOPUTMOM ~ TOIIAroBOTO  CaMOOOYUYCHUSI W
OOBIYHBIM ~ aJITOPUTMOM CaMOOOYUYCHUsI, pEeaJM30BaHHBIM Ha
OCHOBE MOAU(UIIPOBAHHOTO aIropuT™Ma SIpoBckoro.
TecTupoBaHKE TOCIEIHETO MPOBOAMIOCH CICAYIOIIUM 00pa3oM:
ucxonHas oOydvaromias BBIOOpKA, KaK M B CIydae IOIIAroBOrO
camoo0yueHus, cocrosna u3 20 ¢ortorpaduii, K KOTOPHIM 3aTeM
JN00ABISUIOCH ~ HEKOTOPOE  YHCIO  HEKJIACCU(HIIMPOBAHHBIX
n300pakeHHH, MOcie 4ero NpoBoAMIoch o0ydeHue. Kak MoxHO
BUJICTh Ha PHCYHKe 6, 0OBIYHOE caMOOOydeHHE, B OTJIHYHE OT
MOIIAr0BOTO, TIPH JAHHBIX YCIOBHAX OKa3ajJoCh IOJHOCTBHIO
HeadexTuBHO.

[
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Puc 5: CpaBHenne 00bIYHOTO CaMOOOYUCHNS U MTOLIIATOBOTO
camoo0yueHnsi. MakCHMalIbHbIC 3HAYCHMSI:
[MomaroBoe camooOy4eHue: accuracy = 51.7%,
OO6sranoe camooOydenwne: accuracy = 44.1%.

Curyanusi ¢ COBMECTHBIM OOydeHHEM Oblia IOJIHOCTBIO WHAs:
pe3ynbTaThl MOMIArOBOTO U OOBIYHOTO COBMECTHOTO OOydeHHS
OKa3aJINCh JIOCTaTOYHO OJNM3KH, TpPH STOM HCHOJNB30BAHHE
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JIOTIOJIHUTEIbHBIX METO/IOB YIY4IIeHHs KauecTBa OOydYeHUs,
TaKMX KaKk  IepeMapKHpOBKa  TOJIOCOBAHMEM,  (UKcalus
pe3ynbTaToB W (uubTpaiys, He Hecia MPAaKTHYSCKOW IOJb3bI:
padoTa KIacCH(pUKAaTOpa P UX HCIIONb30BAHUHU HE YIIYUIIHIACE.
Pe3ynbTaThl MONIATOBOTO COBMECTHOTO OOYYCHHS IOKa3aHBI Ha
pHCyHKe 7.
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Puc 6: Ilomarosoe coBmectHOE 00yueHue. [lepemapkupoBka
roJyIocoBaHueM, (PUKCAIHS Pe3yIbTaTOB U (QHUIbTPALIUS
BBIKJTIOUEHBI. MakcuMalbHble 3HauUeHus: accuracy = 44.1%,
precision = 44.4%, recall = 47.2%.

Hakonern, MBI IPOTECTHPOBAIN TIONMIATOBOE CaMO- M COBMECTHOE
o0y4yeHne, COBMECTUB €ro ¢ METOJ0OM aKTUBHOro oOydeHus. [lpu
3TOM BPYUYHYIO MapKHPOBAIUCH TOJIBKO N300paKeHHsl, KOTOPBIC B
MPOTUBHOM cily4ae ObutH Obl OT¢uIbTpOBaHBI 1O mopory 0.6,
ykazaHHOMy  paHee.  COOTBETCTBeHHO,  (WIbTpalus  He
HCII0JIb30BAJIaCh. Hawubosnpmas 3¢ dexTHBHOCT npu
HCTIONB30BAHUN aKTHBHOTO 00y4eHHs OblIa JOCTUTHYTA B ClTydae
MIOIIATOBOTO  COBMECTHOTO ~ aKTUBHOrO oOydeHms. MoxkHO
3aMETHTh, YTO OHO, B LEJOM, OKa3aJoCh 3HAYMTENILHO Ooiee
pE3yJIbTaTUBHBIM, 4YEM BO BCEX OIUCAHHBIX paHee CIydasx

(pucyHok 8).
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Puc 7: IlomaroBoe akTHBHOE COBMECTHOE OOyUCHHE.
[lepemapkupoBKa To0coBaHUEM U (PUKCAIHS PE3yTbTaTOB
BKJTIOUCHBI, (PUIBTpanys BEIKIOUYeHa. MakCHMaIbHbIC 3HAUCHHUS
accuracy = 54.0%, precision = 53.5%, recall = 61.6%

Kak MOXHO BHAETh, B CJydac HCIOJIB30BAHUS JKCTPEMATbHO
MaJIBIX HMCXOIHBIX BBIOOPOK TIPEIIOKCHHBIE MOIU(PHUKALIII
QITOPUTMOB TOMIATOBOTO OOYYEHHUs C YYHUTEIEM IO3BOJSIOT
OCTHYh JYYIIMX PE3YyJbTaToB, YeM XOPOIIO HW3BECTHBIC

CYILECTBYIOLIUE aJITOPUTMBI.
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Cepreii 3aBanmuiunH — cTyAeHT-TuIoMHUK HUSY «MUDN».
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O meTopax noacyeTta nocetuteneun npu 3eHUTHOM pPacnoJyIoXXeHn"n
BugeoKamMepbl

[letp Xapebos, Pycram Cannm3nbapos
Kadenpa KOMIBIOTEPHBIX CUCTEM U TEIEKOMMYHHKAIHI

[Tepmckuii rocynapcTBeHHBIN HAllMOHANBHBIN HCCIe10BaTeIbCKUN YHUBEPCUTET, [lepmb, Poccus
kharebov.p@yandex.ru, rustamse@gmail.com

AHHOTauUuA

B  Hacrosmeit  pabore  cpaBHHMBaeTCs ~ JABa  MeToja
aBTOMATHYECKOrO  IIOJICYETa IIOCETHTENEH NpH  aHaIM3e
BHJCONOTOKA  OT  3CHUTHOH  Kamepbl  (HampaBJICHHOM
BEPTUKAIBHO BHH3). [IepBhIil METOJ, OCHOBAaHHBIH Ha aHAIM3e
TPACKTOPHH JBIKEHUS, HCIOIb3yeT METObI BEIYUTAHUS (hOHA
JUISL BBIIEJICHUS JIBIDKYIIUXCS OOBEKTOB M MOMCK MAaKCUMAaJIbHO
BEPOSITHOTO Habopa TpaeKTopuid. BTopoii MeTox, OCHOBAaHHBII
Ha aHaIM3e ONTHYECKOTO IIOTOKA M  IIPOCTPAHCTBEHHO-
BPEMEHHOH KJIaCTEPU3ALMU C IIOMOIIBI0 MOJH(HIHPOBAHHOTO
anmroputMa DBSCAN. IlokazaHbl IpaHHIBl IPUMEHUMOCTH U
HPEIVIOKEH METOJl COBMECTHOTO  HCIIOJB30BaHUS  00OMX
HOJIXOJIOB JUISl YIy4ILICHUS KauyeCTBa HOJCYeTa.

Kniouesvie cnosa: Iloocuem nocemumenetl, mpexune,
onmuueckutt nomok, DBSCAN.

1. BBEAEHUE

ABTOMaTHYECKHMH IOJCYET MOCETHTENEeH IMOJIB3YeTCs] OONBIINM
NPAaKTUYECKUM U KoMmMepueckuM wuHTepecoM [4]. Iloxmcuer
MIOCETUTENICH MO3BOJAET KOHTPOIMPOBaTh  I1OCELIAEMOCTb,
NPOU3BOJUTH MOHHUTOPUHT A(P(HEKTUBHOCTH NPEANPUATHS,
MO3BOJSIET  YBEJIMYUTH Oe€30macHOCTh 00bekra. CHCTeMBbl
MOJCUETa IIOCETUTENECH YCTaHABIUBAIOTCS B TOPIOBBIX LEHTPAX,
(yTOONBHBIX CTAaIMOHAX, METPO, aBTOOYCHBIX OCTaHOBKAX,
IPYrHX MECTax CKOIUIeHus mofed [2]. Mopens Tpaduka
MOCETUTENICH MO3BOJSIET ONTHMU3UPOBATh  pacIpesesieHue
peCypcoB NPEANpHsTUS, MOXKET SBIATHCS OCHOBAaHUEM IS
IPOBEICHUA  MApKETHHIOBBIX  MEpOIpUATHH U JUId
ONEPATUBHOTO NPUHATHS APYIUX YNPABICHUECKUX PEIICHHUH.

CylecTByeT HECKOIBKO OCHOBHBIX CIIOCOOOB aBTOMATUYECKOTO
MoJIcUeTa moceTuTeNnei [4]: MexaHUUeCKHid Croco0, Ha OCHOBE
JATYUKOB (TEIUIOBBIX M MepecedeHns] HHQPAKPACcHOTO Jyda), U
Ha OCHOBE aHalM3a BHUJEOINOTOKa. [I0 cpaBHEHHIO C JPYrHMHU
METOJIaMH, aHAJIU3 BHICOTIOTOKA BHIMTPBIBAET 3@ CUET TOTO, YTO
HE 33JIepXKUBAET MOCETUTENIEH KaK MEXaHUYECKHUE TYPHUKETHI, U
MOXeT paboTaTh mpHU OONBIIEH TUIOTHOCTH JIOJCH, TIO
CPaBHEHHIO C TETJIOBBIMH U HHO)PAKPACHBIMH JaTYHKAMH.

Puc 1: 3eHuTHOE pacIoioKeHNe BUJEOKaAMEPHhI.
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3amaua  crour ciepyrommMm  obOpa3oM.  Bupeokawmepa,
PAacIOJIOKEHHAs O/ IIOTOJIKOM («B 3€HUTE»), HAaIpaBJIeHa 00
BEPTUKAIBHO BHU3, JIMOO C JOCTaTOYHO HEOONIBIIMM
OTKJIOHEHHEM OT BEpTHKaJIM. PacronoxeHue BUIEOKaMepbl B
3JaHMM  TaKOBO, YTO IIOCETUTENH, OTOOpaKCHHbIC B
BUJICONOTOKE, JBHIXKYTCS B OCHOBHOM IIapajUIe]bHO €
MOCTOSIHHOI CKOpocThio. HeoOXoauMo moacuuraTh Kajkaoro
MIOCETUTEIIS ¥ OIPEIENIUTh HANPABICHHE €T0 ABIKEHUS — BXOJ[
WIIH BBIXOJI.

Ha puc. 1 mnokasaH mnpuMep B3€HUTHOTO PACIOJIOKEHUS
BHUJICOKAaMePhl; TTOKa3aHa TaKXkKe 3aJ[aHHAsl OIEPaTOPOM JIMHHS,
KOTOPYI0 Hajo Iepeceyb, 4YTOObI OBITh 3a(UKCUPOBAHHBIM
CHCTEMOM noJjcyera u OTOOPaKEHO KOJINYECTBO
3a()MKCUPOBAHHBIX MOCETHTENEH. B MaHHOM ciydae, KOTOpBIi
SBIISIETCS. Haubouee MPOCTHIM JUIs BUCOAHANIM3a, BUACOKaMepa
pacronoxeHa HaJ BXOJOM, B KaJpe MOXeT ObITb He Ooiee
OJJHOTO 4EJIOBEKa, U ABIXKEHHE IPOMCXOAUT PEJIKO.

Puc 2: B3auMHoOe nepeceueHue noceTureneii.

HanGonee cnoxHas mpobiaema, KOTOpash BO3HUKAeT IIPU
peleHUH AaHHOM 3ajaud — 3TO Y4eT IOCETUTENeH, KOTOpbIe
MePEeKPBIBAIOT APYT Jpyra, JuUOO JBIKYTCS B Tpynme u
conpukacatorcs. Ha puc. 2 moka3zaHo HakIOHHOE IOJIOXKEHHE
KaMepbl, B TaKOM Cllydae BHJCOAHATMU3 YCIOXKHACTCA H3-3a
4acTOro MepeceueHys MOCeTUTENAMH Apyr Apyra. B ciydae xe
3€HUTHOTO PACIOJIOKEHHUsT KaMmephl IaHHas MpoOjeMa CTOHT
MEHee OCTpO.

2. CYWECTBYIOWMUE Nnoaxoabl

Mo>HO BBIIEIUTH ABa NOAXOJA K PEIICHUIO 3aJadyd MOJCcUeTa
MIPOILEALINX JI0eH — MpsIMOM U KocBeHHBIH [9,14].

[lpm npsiMOM TOAXONE K pPELICHHWIO JAHHOW 3aJa4yd JIIOIH
HETIOCPEICTBEHHO BBIJICIAIOTCS M OTCIICKUBAIOTCS, CTPOUTCS
TPAaeKTOpHUsT WX NBIKEHHs. JIaHHBIH MeTOJ]] HMPHUMEHUM IIpH
HEeOOJIBIIOM B3aMMHOM II€PEKPBHITHH JIBIDKYIIHXCS OOBEKTOB,
KOT'JIa X MOJKHO JIETKO OTAEIHUTH APYT OT JpYyra.

KocBeHHblE K€  METOOBI  HE  CTPOST  TPACKTOPHIO
HEMOCPEACTBEHHO. Onn UCTIONB3YIOT BBIYHCIICHHE
XapaKTepUCTUK OCOOEHHOCTEeH wu300paxkeHnst (Kpas, YIJIBL,
ocoOble TOYKM, HWHpopMamus o Tekcrype W T.A. [9]), wim
OIIpEENICHNE XapaKTEPUCTUK OINTHYECKOro MOTOKa. JlaHHbIe
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METO/ABl NPHUMEHHMBI JUIS IUIOTHOTO MOTOKA JIIOJEH, KOoraa
TPaJULMOHHBIE METOJBI OTCIICKUBAHUS JIBIKYIIUXCS O0BEKTOB
(TpekuHra) HempuMeHUMbl. Jlydmmid pe3ynbTaTr JOCTHUraeTcs,
KOTJa IUIOTHOCTh IOTOKA JIIOJIEH NPUOIM3UTENHFHO OJHOPOIHA,
HMHa4ye, BO3HUKAIOT OO0JIbIIKE OIIMOKHU OLIEHUBAHMS.

2.1 Mpsamon noaxon

Ot BBIOOpa MeETOHA 3aBHCHT, B KAaKUX YCIOBHSAX CMOXET
paboTaTh cucTeMa IOJCcUeTa ITOCETHTENIEH, U KaKk MOXKET OBITh
pacnonoxkeHa BHUIeOKaMepa. B ciydae  HCIIOIb30BaHHS
3EHUTHBIX KaMep, HalpaBJICHHBIX BEPTUKAJIBHO BHU3, MOXKHO
JOOUTHCS XOPOIIETo OTACSICHUs JII0JIeH ApyT OT apyra. B takom
cllydae, XOpOIIME pe3yNbTaThl OyAyT JaBaTh KIACCHYECKHe
METOJbI TPEKUHI'a, OCHOBAHHBIC HA METOJE BBIYMTaHUS (poHa
[21,22] u mpocToro cBs3bIBaHUS OMMKAMIIMX BBIIEIECHHBIX
obmacteil  mepeiHero - IUIaHA ~ HAa  II0CJIEOBATEIBbHBIX
BUieoKanpax. T.K. MepeKpBITHS JIOJeH B JaHHOM Ciiydae ObITh
MPAKTUYECKH HE MOXET, MOXXHO 3aJaTh THIHYHBIC Pa3Mephl
YeloBeka, TakuM o0pa3oM, pemas 3afady OIpeAeNCHUs
KOJIMYECTBA JIFOJIEH B TPYIIIE.

CerMeHTanuss Tpymmbl JIOAEH UL HOACYETa  KaXJIOro
MOCETHUTENIS] BO3MOXKHO HE TOJIBKO C TMOMOILBIO pa3JieieHus,
YUYHUTHIBAIOIIETO IUIOMIA/Ab, 3aHHUMAaEeMyI0 OJHUM YEJIOBEKOM
[4,7], HO W ¢ TOMOIIBIO AJIrOPUTMOB KJAcTEpU3AlLUY,
Harpumep, k-means [2].

ABTOopbl  [12] mDOKa3pIBalOT, 4YTO TOYHOCTh IIOJCYETA
npomenuux Jmoped gocruraer 99%. B Oonee  cioxkHBIX
YCIIOBHSIX, KOIJla Kamepa paclojoKeHa He CTPOro CBEepXy, U
JIOZW MOTYT IIEPEKphIBaTh IPYr Ipyra, HCIOJIB3YITCS Ooiee
CIIOXKHBIE METOJbI OTCIekKMBaHMA. Hampumep: mouck u
OTCJIC)KMBAaHUE OIIPEACNICHHBIX YacTed YeJIO0BEYECKOro Tena
(rosnoBel u ey [16,17], ronossl [15]), oTciexuBaHue 0coObIX
Touek [14], u npyrue MeTObI, UCHOJIb3yEeMBbIE IJIs PEIICHHS
3a7a4yd TPEKUHIA JBHXKYIIUXCS OOBEKTOB, O3HAKOMUTHCS C
KOTOPBIMU MOXKHO B pabote [19].

2.2 KocBeHHbIW noaxon

Hcnone3ys wuHbOpMAaLMIO O BEIMYMHE U HANPaBICHHH
BEKTOPOB  ONTHYECKOI'O IMOTOKA Ha IOCJIEA0BATEILHOCTH
BUICOKAPOB, MOXXKHO OTIPEICIUTh HATpaBICHUE ABWKCHUS W
KOJIMUYECTBO nocerutenei [5, 13].

OmnpeneneHne CTaTUCTHYECKUX XapaKTEPUCTHK OCOOEHHOCTEH
N300paKeHUsI MOXKET JOIOJHATh aHAJIM3 ONTHYECKOTO MOTOKA
[1], mmbo wucmonp3oBatbcss HezaBUCUMO [3]. YCTOHYMBOCTD
JTAHHOTO TOJAXOJa MO3BOJSET IPUOIU3UTENBHO MOACYUTATD
konmdecTBo Joaed B tonme [3,14]. Ilpu omnpenenenuu
CTaTHCTUYECKHX XapaKTEPUCTHK OCOOEHHOCTEH HM300pakeHUS
CUMTAETCS, YTO KOJMYECTBO JIOJCH B ONpeNeNeHHOH 00iIacTn
3aBUCHUT  OT  KOJNHMYECTBAa  BBIACICHHBIX  OCOOEHHOCTEH
n3o6paxkenus. O6sraHO [1,18], X0Ta M He Beeraa, KOJIMYECTBO
JIOJIed TPSIMO TIPOTIOPIIMOHAIBHO KOJIMYECTBY OCOOCHHOCTEH.
B paborax [9,10] aBTOpHI NIpe/IaraloT y4eT MepcreKTHBBI, yIeT
YMEHBIICHHS! KOJIMYECTBA JETEKTHMPOBAHHBIX OCOOEHHOCTEH
IIPY YBEJIMUEHUH INIOTHOCTH IOTOKA JIIOAEH U Jp.

B Hacrosime#t paboTe cpaBHHBAeTCs JBa METOJa IOJCYETa
nocerutenedt. [IpsMoil MeTON, ¢ TMOMOIIBIO OTCIEKUBAHUS
JBIKYIIUXCS O0BEKTOB, OCHOBAHHBIN Ha METOJE «BBIYUTAHUH
¢ona», onwmceiBaercs B TinaBe 3. KocBeHHBIH MeTon,
OCHOBaHHBII Ha aHAJM3€ ONTUYECKOTO IOTOKA, OMHMCHIBACTCS B
rnaBe 4. [TokazaHbl rpaHHIBI MPUMEHUMOCTH O0OMX METOJIOB.
B rmaBe 5 mpensioxkeH MeETOJ COBMECTHOT'O HCIIOJIb30BaHUS
000HX MOJXOIOB IS YIYYIICHNS KauyecTBa MMOICUCTa.

JlanHble MeToa OBUTM BHIOPAHEI, T.K. OHH HE TpeOOBATEIbHBI K
BBIYHCIIMTENIBHBIM pEecypcaM W MOTYT JaBaTh  BBICOKYIO
TOYHOCTb, OKOJO 89-99% mnpu 3CHUTHOM paCIOJIOKECHUH
kamepsl [12,13]. Kpome Toro, maHHble MeTOnIBI Ooiee

Russia, Moscow, October 01-05, 2012
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YCTOWYHBBI B ClIy4ae 3¢HUTHOTO PACIIOIOKEHHS KaMepsbl, a s
ONpeNeNieHUsT  OCOOCHHOCTEH  M300paXKEHUS  KEJATEeNbHO
HAKJIOHHOE PaCIOJIOKEHHE.

3. MOACYET NOCETUTENEA C MNOMOLUbIO
TPEKWUHIA

BeineneHre W OTCEXUBAaHHE IBIXKYIIMXCS OOBEKTOB C
MOMOIIBI0 METOJIOB BBIYHTAaHHs (DOHA SIBISETCS CTaHIAPTHOM
npakTukor [21,22]. Metoab! BerauTaHus (poHA HE MO3BOJISIOT
OTCIISKMBATh  MEPEKPHIBAIOIINECS  OOBEKTBHI, JUII  3TOTO
CYLIECTBYET MHOMKECTBO aJrOpUTMOB [19], HO He cymiecTByeT
YHUBEpCAJbHOrO. B HameM BapuaHTe cily4daud Ie€pecedeHHs
00BEKTOB 00pabaTHIBAIOTCSI C HOMOIIBIO MOUCKAa MAKCUMAIBEHO
BEPOATHOTO Habopa TPaeKTOpPHi, NaHHas 3ajada CBOAUTCS K
MIOUCKY MMHHUMajbHOro noroka B cetd [20]. Ilpu »stom
UCTIONB3yeTcs MHGOPMaLUsI O pa3Mepe, MOJI0KEHUH 00BEKTOB,
HaIpaBJICHUH ABV)KEHUS JI0 U TI0CTIe TIepecedeHHsI.

Oco0EeHHOCTBIO JTaHHOW 3a7a4y, B OTJIMYHE OT OOILIEH 3amaun
TPEKUHTa, SIBISIETCS «CTEPUIIBHOCTE) YCIOBUH — CTaOMIBHOCTD
3aJHEr0 IUIaHAa: WCKYCCTBEHHOE OCBEICHHE, OTCYTCTBHE
HU3MEHEHUs] TeoMeTpUM (HET OCTaBJICHHBIX U YHECEHHBIX
o0bexToB). [loaTOMy moOJCYeT Ha OCHOBE TPEKHMHra Jaer
TOYHOCTh, Onu3kyto k 100% mpu A0CTaTOYHO PEIKOM IOTOKE
MOCEeTUTENIeH, KOrJa OHH JBHXKYTCS OTAenbHO. Kpome Toro,
yd4eT HCTOPHM JBIDKCHUs (aHaIW3 TPaeKTOPHUH OOBEKTa)
MO3BOJSIET OTQWIBTPOBBIBATH OJNMKA W IIYMBL. AHaIU3
TPAaeKTOPUH TAKXKE IO3BOJIIET OT(GUIBTPOBBIBATH CHUTYAIUH,
KOT/Ia OJIVH YeJIOBEK CTOUT IIOJ KaMepoil  mepeceKaeT JINHUI0
HECKOJIBKO pa3 Tyxa-o0paTHO.

TOYHOCTB MOJCYETa CHIBHO 3aBUCUT OT IIOJIOXKEHHSI KaMepbl U
BEIMYMHBI  IOTOKa  moceruteneid.  Jlns — IOCTIDKEHHS
MaKCHMAaJIbHOH TOYHOCTH BHJEOKamepa HOJDKHA OBITh CTPOro
CBEpXy, YTOObI MHMHHMHU3HPOBATh B3aHUMHBIC EPEKPBITU
JBIKYIIMXCS OOBEKTOB APYT IPYroM, a IOTOK JIFOJEH TOJDKeH
OBITh IOCTATOYHO PEIKUM.

4. AHAJTU3 ONTUYECKOIO MOTOKA

AHanu3 ONTHYECKOI0 MOTOKA MO3BOJIIET IPOU3BOAUTD IIOJACYET
MOCETUTEIICH B YCJIOBUAX IJIOTHOI'O ABUXKCHUS.

B nanHOl paboTe MCIONB3YeTCsl METO1a MUHIMHU3ALUHA CYMMBI
a0COJIOTHOW Pa3sHOCTH OJIOKOB JUISl BHIYUCIICHHS ONTHYECKOTO
noroka [6]. ONTUYECKH IMOTOK BBIYMUCISAETCS MJIs JIMHUU
nepeceuenus [5,8,13], kak nmokazaHo Ha puc. 3.

Ha puc. 3 moka3aHbsl BeKTOpa IepeMeIleHUs] MPHU JIBIKEHUH
4eJIoBeKa CHU3Y BBEpX.

Puc 3: Bexropa nepeMenieHusl.

AHnanmu3 BCKTOPOB IMNCPEMEHICHUSA, PACIOJIOKEHHBIX TOJIBKO Ha
JIMHUU NEPECCUYCHUs, IMO3BOJIACT 3HAYUTCIBHO 3KOHOMHUTHL Ha
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BBIUMCIIUTEIBHBIX PECYpcax, T.K. BBIYUCICHHE ONTHYECKOTO
[OTOKA JUIi BCErO M300paXKEHUSI — OTO BBIYHCIHTEILHO
CIIOXKHAS 3a71a4a U, KaK PaBUJIO, OHA HE MOXET BBINOJHSATHCS B
peXKUME PeasbHOrO BPEMEHH.

Mycts L'- nuHES TepeceueHWs B MOMEHT BPEMEHH t .

Pa300bEM BCIO JIMHHIO Ha N paBHOYIAJIEHHBIX APYr OT
Ipyra Toyek u OyoeM NpOW3BOIAMTH pacyeT BEKTOPOB
HEepEeMEIICHHS ONITHYECKOT0 MOTOKA JUIS KaXKII0i TOUKH.

Takum oOpazom, lit- BEKTOp IIEPEMEILEHUs Ha JIMHUU c

uugexcoM i, i€ (1.N).

BeraucieHue  BEKTOPOB — TIEPEMEINEHUS Ul JIHHUH
MIPOU3BOJUTCS JUISl IBYX COCEIHUX BHIEOKAJPOB CO BpEMEHAMHU
tut—1.

PaccmoTtpum YIOPSAOYECHHYIO o BPEMEHU

Lt+2 Lt+3

MOCJIEIOBATEILHOCTh JIMHHH Lt,L’Jrl u 1.0 Ilpu

MePECeYeHUH  IIOCETUTENeM  JIMHMM  Tojcuyera  Oyner
HaOJIIOIaThCSl KJIACTep, COCTOSIIMI W3 THKCENOB CO CXOIHBIM
HAaIIpaBJICHUEM BEKTOPOB IepeMelleHus (CM. puc. 4).

L.t

A7 777
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Puc 4: Kiiacrepuzanys BEKTOPOB MEpeMEIEHUs IS
TI0CJIE/IOBATEIbHOCTH JIMHUI epeceueHus.
3ajauy  moacdera  IOCETHTENeH

CBCIACM K 3axaye

KJIaCTCpU3allii BEKTOPOB NIEPEMCIICHUS
[Tocetutenn JABWXXYTCSI B OCHOBHOM IEPHNEHAUKYIISIPHO JIMHUU
nepeceUCHus, " OCHOBHOM HUHTEPEC NPEACTABISICT MMPOCKIHSA Ha

MEPIIEHIUKYIISIP K JIMHAH ePeCeUeHUs lj_,- (cm. puc. 5).

i+1
Puc 5: [Ipoexuuu BekTopa nepeMenieHus

[lnomanpto  kimactepa OyaeM CUHTaTh CyMMY [POEKUUH
BEKTOPOB IE€PEMEILEHNUS, COCTaBIISIONIMX KIacTep:

S = ZIL , T7e i, - MpUHAUIeXKAT KIIacTepy.

it
B ocHOBy airopuTMa KJIAcTEepU3alMH  ObUI  IOJOXKEH
IUIOTHOCTHBIH aJITOPUTM KJIACTEPH3AI[MU IPOCTPAHCTBEHHBIX

narHbix (DBSCAN) [11]. Anroputv DBSCAN BBIOpaH, T.K. OH
He TpeOyeT anpHOpPHOTO 3HAHUS KOJMYECTBA KIIACTEPOB U
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oOnagaeT BBICOKOH ycToHumMBocThi0 K mymy [11]. Ilym
NPUCYTCTBYeT B 3HAYCHUSX  BEKTOPOB  IIEPEMELLCHHS,
BOBHHUKAIOIIMKA HM3-32 HETOYHOCTH AIrOPUTMA OINTHYECKOTO
[OTOKA M HE CTPOrOi HANpPaBJICHHOCTH BEKTOPOB IEPEMELICHUS
JIBIDKYIIErocst 00beKTa (He BCE YacTH JABIDKYILETocs 00beKTa
JIBIDKYTCSI OJHOHAINPABICHHO M C OJMHAKOBOH CKOPOCTBIO B
MOMEHT NePECeUESHUs TNHNH).

Ucnonb3oBanne anroputma DBSCAN ko Bcemy Habopy
aHAIN3UPYEMBIX JAQHHBIX Ha KaXJOM KaJpe HEBO3MOXHO H3-3a
ero OOJBIION BBIYUCIUTENBHON CIOXHOCTH. [lo3TOMYy OH OBLI
HU3MEHEH Tak, 4To 00pabaThIBaeTCsl TONBKO HEOOJNIbIIas 4acTh
HOBBIX IAHHBIX TIPH Y4e€Te JaHHBIX YK€ MPOAHATN3UPOBAHHBIX.

4.1 AnropuTMm Knacrtepusauuum

B xmaccuueckom amroputme DBSCAN [11] mis orHeceHus
paccMaTprBaeMOW TOYKH K KJIacTepy HEOOXOAUMO CpPaBHHUTH
JaHHYIO0 TOYKYy co BceMH npyrumu. Ecnm HaiineHo He MeHee M
ONM3KHMX TOUYEK (C PaccTOSHHEM MeHee & ), TO IpyIa TOYeK
CUYHMTAETCS KJIACTEPOM.

BBeneM (QyHKIHMIO pacCTOSHHS MEXAY JBYMS BEKTOpaMH
MepeMeIeHHsL:

0, ecnulill-]lf,-]zs 0
Ay, 13) = 0]
\/a-(tl —12)2 + B-(i1-i2)% ,

ecnu lilillfilz >0,

rae o, - mapamerpsl anroputMma. [IponsBeneHue mpoeKiui

tl g2
lJ_illJ_iIZ OoJbIe HYJIsI, €CJIM HNPOCKIHUU BEKTOPOB OJIHOI'O

3HaKa.
Bexktopa l,-tll u 1;% OyzaeM Ha3bIBaTh OJIM3KUM, €CIn
tl ;2
d(ly,l5)<e, 2)

rAe & - napaMmeTp ajiropurma.

Torna, uz (1) u (2):

\/a-(tl—t2)2+,8-(il—i2)2 <e A3).

3ameTrM, 4TO B HepaBeHcTBe (3) mpu JIOOBIX 3HAYCHHUAX
t1,¢2,i1,i2 Bcerja BBINOIHSIOTCS CIIEIYIOLINE YCIOBUS:

e e
1-12|<— 1-i2|<— 4).
|t t|<a u |l l|<ﬁ 4)

U3 (4) cnemyer, 4ro BEKTOpa IEpeMEIEHHS MOIyT OBbITh
OJIM3KMMH TOJIBKO MPH JOCTATOYHO ONU3KMX 3HAUCHUsX 1,72 u

il,i2, a 3TO O3HAa4YaeT, 4YTO MOXHO OIPAHUYUTH OO0JIACThH

2e 2e
TIOMCKa OKHOM pasMe€paM — Ha — .
a

H.Hf{ KaXXa0ro BCKTOpa NEPEMEUICHUA llt Ha JIMHUU Lt 6y}16M

2e 2e
HCKaTh OJM3KHE BEKTOpPA B OKHE Pa3MEPOM — HA — .
a

B

IIpu aHamu3e KaXAbI BEKTOpP IEPEMEIEHHS  MOXKET
HaXOJIUTbCS B JBYX COCTOSIHUSX: HE IpHUHAIeKAUMA HU
OJTHOMY KIIaCTEpy M NpPHHAIEKAIHMN Knactepy ¢ uHaekcoM C;.
AHamu3 TOJBKO YacTH BEKTOpOB (II0 CPaBHEHUIO CO
cragmapTHeiM  anroputMom  DBSCAN)  mpuBogur K
BO3MOXKHOCTH  TOSIBJICHHMSI  JBYX  OJIM3KOPACIIOIOKEHHBIX
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KJIACTEpOB, a HACTOSIIMA MOAM(UIMPOBAHHBIA aITOPUTM
MPeyCMaTPUBAET UX CIHSHHE.

Ecnu aHanu3upyemblii BEeKTOp HMMeeT He MeHee M Onm3Kux
BEKTOPOB, M  AQHAIM3HPYEMBI  BEKTOp  NPHHAIJIEKHUT
CylecTByIoneMy kiactepy ¢ uHAekcoM C;, TO Bce OJM3KHe
BEKTOpa TaK K€ OTMEYAIOTCs MPUHAUIeKAIUMHU Knactepy Ci.
Ecin oOHapyxuBaercst ONM3KMIl BEKTOp, NPHHAUICKALIHHA
knactepy Cj, To IPOU3BOAUTCS CITUAHHE JIBYX KIIACTEPOB.

Ecnan ananm3upyeMslil BEKTOp HE NMPUHAIIEKHUT HU K OTHOMY
KJIacTepy, TO CO3IaeTcsl HOBBIM KiacTep ¢ mHiaekcoM C; u Bce
ero ONM3KHe BEKTOpa TaK XK€ OTHOCHM K ATOMY Kiacrepy.
Taxoxke, eciu 00OHapyKHUBAETCS Onmu3Kuit BEKTOP,
OpUHAIIeXKaKMi  apyromy kmactepy ¢ unaexcom Cj, To
MIPOU3BOJUTCS CIHMSHHE JIBYX KJIACTEPOB.

5. KOMBMHUPOBAHHbIA METO[

IMpm xoMOMHaIMM [BYX MPEIJIOKEHHBIX METOAOB MOXKHO
YBEINYUTh TOYHOCTh IOJcyeTa mnocetuteneid. Ilpu anammse
TPAaeKTOPHH C IOMOIIBIO TPEKUHId, OMHMCAHHOTO B 3 TJaBe,
ucronb3yercs  MHpopMmanus 00  ONTHYECKOM  ITOTOKE
crexyromM obpazoM. Ecmu mimomans BeIIETeHHOW 007acTh
MEepeJHEro IUIaHA IIPEBBIMIACT 33JaHHBIA IOPOT, TO IS
MOZICYETa TIOCETHUTENEH HCIOIb3YeTCS AaHAIN3 ONTHYECKOTO
MOTOKa, a HMH(OpMALUs O TPAaeKTOPHAX HE HCIIOIb3yeTCs.
Kpome ToOro, anamu3 TpPaeKTOPHM HCIOJB3YETCS  JUIS
OTIPEAENeHNs TUIOIAMN KIIaCTepa, COOTBETCTBYIOLIEH OTHOMY
HOCETUTEITIO.

6. PE3YJIbTATDI

[Toxcyer moceruTeneil TecTUpoOBAJICS B JABYX BapHaHTax — C
MOMOUIbIO 3€HUTHBIX KaMep M C TOMOIIBI0 HAKIOHHBIX, Kak
mokazaHo Ha puc. 1 m 2. [Jna kaxmoro ciydas ObUIO
MPOAHAIN3UPOBAHO 4  BHJEOPOJMKA OT pa3HbBIX Kamep
JUTMTEIBHOCTBIO OT 2 10 10 MHUHYT.

L[J'ISI KaXxaoro cirydas OblIa BBIYKCIIEHA TOYHOCTH mnoacyera,
paBHasA  OTHOIICHHIO  KOJIWYCCTBA BEPHO IOACUYUTAHHBIX
MMOCETUTENICH K KOJIMYECTBY pE€aJIbHO MPOIICANINX. I[aHHaS{
BeJIMUYrHA OblIa YCpE€AHCHA 110 POJIMKAM.

B Tabmume 1 moka3aHbl pe3yibTaThl TMOJACYETa C TOMOIIBIO
METOJIa, ONMCAHHOTO B 3 riaBe. B 3aBUCMMOCTH OT YCIIOBHH,
METOJI, OCHOBAHHBII Ha aHAJINW3€ TPACKTOPUH, MOXKET HMETh
TOYyHOCTh  >99%. [l  [MOCTMOKEHHMST TAaKOW  TOYHOCTH
nepecedeHns: 00bEKTOB B Kaape MODKHBI ObITh MCKIIOYeHBI. C
JIPYroi CTOPOHBI, JAHHBIM METOJ JaeT OYEeHb HU3KYIO0 TOYHOCTh
P YacTOM TIOSIBJIGHUW TPYII JIIOJEH, KOTJa ajJrOpUTM
TPEKUHTa HE MOXKET KOPPEKTHO HANTU TPAeKTOPUU JIBHIKEHHUS.

RU2: Vision

OINTHYECKOI0 MoToKa. Ho JaHHbIN MeToI BBIMI'PBIBACT B Cl1y4dae,
€CJIM IOCETUTEIIN XOAAT IpynnamMu.

VcnoBus Pacnionoxxenue | TouHOCTh
KaMepsl

Penxoe rnosiBjieHue | 3eHHUTHas 85%
noceTflTeneﬁ, TPy | o OHHAS 80%
JIFOZIEN HET.

Heuacroe mnosiBaeHue | 3eHUTHAas 80%
TPy JONEH. Haknonnas 70%
Yacroe MnosiBjieHue | 3eHHUTHas 50%
TPy JEOZEH. Haxnonnas 30%

Taoauua 2: AHanu3 ONTHYECKOIO ITOTOKA.

KOMOHHHPOBaHHBIH ~ METOJ]  JEMOHCTPHUPYET  PE3YJIbTaTHl,
MPEBOCXOAAIINE 00a MPEIOKEHHBIX METO/A 110 OTACIbHOCTH.
PocT TOYHOCTH TOjCYeTa JIFOJCH B Clydae MOSBICHUS TPYIII
NMIOJIell CBSI3aH C TEM, YTO MEPHOANYECKH MPOXOIMIH U
OJIMHOYHBIC TIOCETHTENH, KOIJa IOJACYET IPOU3BOAMICS C
[OMOLIBI0 aHaliW3a TpaekTopuid. B ciyuae ke peakoro
MOSIBJICHHS.  [IOCETUTENIH  HCIHOJIb30BAICS METOJ|  aHaau3a
TPACKTOpPHiA, T0ITOMY TOYHOCTH HE HW3MEHHIAach (Cp. ¢
Tabmunei 1).

YcenoBust Pacnonoxxenne | TouHOCTH
KaMepsl

Penkoe MosIBJICHUE | 3eHUTHAas >99%

HOCCT\I’/ITCHCf/i, 1y T 95%

JIIOJEH HET.

Heuactoe mnosiBaeHue | 3eHUTHas 80%

TPyl JEOZCH. Haxonnas 75%

YacToe MOsIBJICHUE | 3eHUTHAas 55%

TPyl JEOZCH. Haxonnas 35%

VcnoBus Pacnonoxxenune | TouHOCTH
KaMephbl

Penxoe MosIBJICHUE | 3E€HHUTHAS >99%

r[oceTfITeneI‘/‘I, TPYII | o OHHAS 95%

JIIOJICH HET.

HeuacToe mnosBienue | 3eHUTHAs 75%

TPy MoJeH. Hakmonnas 60%

Yacroe MosIBJICHUE | 3E€HUTHAS 25%

TPy MoJeH. Hakmonnas 15%

Ta6auua 1: AHanu3 TpaeKTOPHid.

Pe3ynbTaThl mozjcueTa noceTuTeNneil Npu aHanu3e ONTHYECKOTro
IIOTOKA, MOKa3aHsl B Tabnuue 2. BugHo, 4to B ciiyyae peakoro
TIPOXOJK/ICHUS TIOCETUTENEH, NaHHBII METOJ] MMEET MEHBIIYIO
TOYHOCTb, [0 CPABHEHUIO C METOAOM aHAJIN3a TPAEKTOPU. ITO
CB3aHO C HETOYHOH paboToil MeToma  HaxOXKICHHUS

Russia, Moscow, October 01-05, 2012

Ta6auna 3: KoMOMHUPOBaHHBINA METOS.

7. 3AKNIOYEHUE

B nmanHOU paboTe MpeayioKEeH METO]| MOJCYETa MOCETHTEINEH,
OOBEMTUHAIONIMNA TIPAMOH M KOCBEHHBI ITOAXOMABI, YTO
MO3BOJMJIO  JOOUTBCA  YIYYIICHHS TOYHOCTH  IIOJCYETA.
[IpemnokeHHBIH MeTOA TMO3BONIsIET oOpabarsiBaTh 16 Kamep ¢
yacroroi 30 KaapoB/c Ha KOMIBIOTEpE ¢ mporeccopom Intel i5-
2400.

IToka3aHo, YTO METOJ, OCHOBAHHBI HA TPSMOM BBIJECIEHUN
00BEKTOB, PaboTaeT Jydllle WM COMOCTABUMO C AHAIN30M
ONTHYECKOTO  IMOTOKA  NpH  HEOONBIIOM  KOJMYECTBE
MOCETUTEIICH, NBIKYIIMXCS B Tpymax. B WHBIX ciiydasx,
aHaIIM3 ONTHYECKOTO TTIOTOKAa PaboTaeT KOppeKTHee.

B nanbHeiimeM IaHUpyeTCs YIydIIWTh AaHAIU3 TPAeKTOPHUM
MOCETUTENICH C MOMOIIbIO TIOMCKA M OTCIICKUBAHUA T'OJIOBBI U
ey Jofed, Kak ~ HamOoiiee  OTIIMYUTENBHOH  4acTH
yesioBe4eckoro Tena [17], 4To NpeanonoXUTEeIbHO, MOXKET
MIPUBECTH K OOJIBIIEH TOYHOCTH MOJCYETA B CIydae IUIOTHBIX
TPy IOCETUTEINCH.
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RU3: Visualization and modeling

Bu3yanu3au,uﬂ CeMCMUYECKHUX AAdHHbIX Ha BUPTYaJIbHOM rn06yce

Anexcannp bookoB, Auapeii Jleonos, Bukrop Uebpor
MockoBcKHH (PU3NKO-TEXHUYECKUI HHCTHUTYT,
WuctutyT nctopun ecrectBozHanus u texuuku um. C.U. Basunosa PAH,
Kamuarckuii ¢punman ['eopusznueckoit cimyx6s1 PAH
alexander.e.bobkov(@gmail.com, a.leonov@ihst.ru, chebr@emsd.ru

AHHOTauUA

B crarpe paccmarpuBaeTcs TpexMepHas BU3yalu3alus ceiicMu-
YEeCKUX JAHHBIX Ha OCHOBE IOJIYNPO3PayHOrO BUPTYAIHEHOTO
m106yca: THIOUEHTPBI', 30HBI CyOIYKIMH®, CeHCMHUYECKHE pe-
THOHBI, JaHHBIE ceiicMoTomorpaduu u zap. IIpemtoxen meron
peHaepuHTra U (GHUIBTPALIM MAaCCHBOB TOUCYHBIX AAHHBIX (Ka-
taynoroB runoneHTpos) Ha GPU, merons! penpepunra o0bem-
HBIX JaHHBIX (CeicMOTOMOrpadum) C y4eTOM KPHBU3HBI 3eM-
JIM, METOJIbI KOPPEKTHOTO PEHIEPHHTa MOTYIPO3PaIHOTO peibe-
(a corracoBaHHO C APYTHMH OOBEKTaMH, METOIBI BU3yallH3a-
LMY 1 aHUMAIMH Pa3INYHBIX MTOA3EMHBIX IponeccoB. Pa3zpabo-
TaHO MPWJIOKEHHE ISl OAHOBpeMeHHO# 3D-Bu3yanuzanum rme-
PEUHCIICHHBIX BBIIIE CEHCMUYECKUX AaHHBIX B €IMHOM KOHTEK-
CTE€ C BO3MOXKHOCTBIO THOKOW HAaCTPOHKH PEXHUMOB OTOOpake-
Hus mo0yca. [ognepxaHo 0ToOpaskeHNe B Pa3iIMYHBIX CTEPEO-
pexuMax (TOpU3OHTANIBHAS cTepeonapa, kBaapooydep).

Keywords: eupmyanvhuiii enobyc, eupmyansroe oKpyoiceHue,
2eousuKa, 3emaempsacenus, celicmomomozpapus.

1. BBEJAEHHUE

B Hactosmmee Bpemst B reo()M3HKe aKTHBHO DPa3BHBAIOTCS Me-
TOIBI TPEXMEPHOTO MOAEIUPOBAHUS INIyOMHHBIX CTPYKTYp, BU-
3yaJlbHOTO aHajJM3a JAaHHBIX, NPEXIE BCEro, MOJNyYeHHBIX Ha
OCHOBE CeTeil MHCTpyMEHTalbHbIX HabOmonennit [1][2]. Pacrer
YHCIIO CEHCMOCTAHIMH, CYIIECTBEHHO BO3pacTaeT 00beM peru-
CTPUPYEMBIX TaHHBIX. DTO CBA3aHO KaK C Pa3BUTHUEM TEXHHKH
PETHCTpaliH, TaK ¥ C YBEIMYEHHEM MOIIHOCTH IIPOTrPaMMHO-
amnmapaTHeIX CpeACTB 00paboTkm maHHBIX. OpHako B cdepe
NIPENICTABICHUS TaHHBIX MO-TIPEKHEMY HCIIOIB3YIOTCS B OCHOB-
HOM KOHCEPBaTHUBHBIC METOMBI: INIOCKHE KapThl IOBEPXHOCTU H
ceueHUs 3eMIH.

B 10 ke BpeMms, B IOCJICAHUE TOIbI 3HAYUTEIBHOE Pa3BUTHE T0-
JIyYHIIO HAMpPaBICHUE BUPTYaJbHBIX [I00YCOB, KOTOPHIE MOTYT
HCTIONIL30BAThCS IS TPEXMEPHON BH3YalH3allud TeOMpOCTPaH-
CTBeHHBIX MaHHEIX. B 2000 roxy Oputa HadaTa paboTa HaJa BHp-
TyanbpHbIM T100ycoMm Keyhole, kotopsiit B 2005 romy ObL1 BbI-
mynieH B cBoOomHoM noctyre kak Google Earth m cram ne-
(haxTo MEepBBIM BCEMHPHO HU3BECTHBIM BUPTYaIbHBIM [I00YCOM
[3]. TTo3xe mOSIBUIICS LENBIN PSil aHATIOTHYHBIX TPOLYKTOB.

PasButne BUPTYaJIbHBIX FJIO6yCOB CBA3aHO C TPEMSA OCHOBHLIMHU
npUiYrMHaAMU:

o TlosiBICHMEM MJaHHBIX JHCTAHLIHOHHOIO 30HAUPOBAHMS
3emnu (/[133) BbIcOKOTO paspemieHus (CILyTHUKOBBIX CHUM-
KOB, IIN(POBBIX MOzIeNeH penbeda), B TOM Yucie, CBOOOA-
HO JIOCTYITHBIX B HHTEPHETE;

e PacmpocTpaHeHHeM CKOPOCTHOTO JOCTyNa K HHTEPHETY,
YTO JaJI0 BO3MOXKHOCTB B PEAJbHOM BPEMEHH IIepe/iaBaTh
C yAAJICHHBIX CEPBEPOB HA JOKAJIbHBII KOMIBIOTEP JaHHBIE
J133, 00BbeMBI KOTOPBIX U3MEpSIOTCs Tepabaiitamu;

e PazBuTHEM TEXHUYECKUX U AITOPUTMUYECKUX CPEIACTB
KOMHL}OTepHOﬁ BU3yallM3alliid AWHAMUYCCKUX ITaHHBIX,

IenTpanbHas Touka oyara 3eMIeTPACEHHS
2MecTo, T/Ie OKeaHHUecKas Kopa TOTrpyKaeTcsi B MAHTHIO
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YTO TO3BOIAET HMHTEPAKTUBHO OTOOpa)kaTh Ha DKpaHe
Mozenb IIo0yca ¢ TEKCTypaMu M peibe)OoM BBICOKO-
TO pa3pelieHuss M Pa3IuYHBIMH 3(eKTaMu ¢ HaJoxe-
HHEM TCONaHHBIX W BO3MOKHOCTBIO IEMOHCTPALUH WX
MIPOCTPAaHCTBEHHO-BPEMEHHON CTPYKTYPEL.

Pacter MHTepec K HOBBIM IOAXOZaM B BU3yaJlW3allUU I'€OJaH-
Hex. Tak B 2008 rony BBIIIIa MOHOTpadUs, TOCBIIICHHAS BO-
npocaM Bu3zyanu3zanuu B reorpadun: Geographic Visualization:
Concepts, Tools and Applications [4]. B Heii paccMmarpuBatotcest
COBPEMEHHBIE TPEHMBbl B BU3yaJH3allUd T€ONPOCTPAHCTBEHHBIX
naHHbIX, 3HaYeHue Google Earth s reorpaduu, monesa 3D u
crepeo-3D TexHONOrui, UCNOJIb30BAHUE MHOTOAKPAHHBIX MPO-
SKIIMOHHBIX YCTaHOBOK JJIS BU3yaJbHOTO aHAIN3a JAaHHBIX. B
cTathe [5] paccMmaTpuBaeTCs IPUMEHEHHE BUPTAYIbHBIX II00Y-
coB B reonorun. B xxyprane Computers & Geosciences BBIIIEN
ETbI HOMEP MONHOCTBIO MOCBSIIEHHBIH BUPTYaIbHBIM III00Y-
cam [6].

B 2011 roxy BbInuIa mepsast MOHOrpadusi, MOIHOCTHIO MOCBS-
mieHHast pa3paboTke BUPTyanbHBIX m100ycoB: 3D Engine Design
for Virtual Globes [7]. B Heli paccMarpuBaroTcsi MaTteMarHde-
CKH€ OCHOBBI INI00yca, BU3yallM3alMsi BEKTOPHBIX IAHHBIX HA
MOBEPXHOCTH II00yca, BU3yalH3alHs CaMoro Io0yca Ha OCHO-
BE CITyTHHKOBBIX CHUMKOB M IU(POBBIX Mozereit penbeda, pac-
CMaTPHBAIOTCS MPOOIEMBI IIPH BU3YaIH3aI[MU IJIOOYCOB M CIIO-
COOBI X pELICHUS.

Camoe nomyJIsIpHOE TPUIOKEHHE U3 Pa3psiia BUPTYAIbHBIX [II0-
6ycoB, Google Earth, He npenHasHaueHO i MPOCMOTpA JTaH-
HBIX T10]] IOBEPXHOCTHIO 3€MIIH, U HE MOIEPKUBAET CTEPEOCKO-
MUYECKUH PexUM 0oToOpakeHus. Tarxke 3TH QYHKIMH HE MOA-
JIePIKUBAIOTCSI OOJBIIMHCTBOM COBPEMEHHBIX BUPTYAIbHBIX [J10-
OycoB. Ycuus pa3paOOTYMKOB B 3TO# 00acTH ceifyac Hampas-
JIeHBI [IaBHBIM 00pa3oM Ha YCOBEPUICHCTBOBAHHE BH3yaln3a-
IMHU JaHHBIX Ha IOBEPXHOCTHU 36MJ'II/I, IOBBIIIECHUE PCATTUCTUY-
HOCTH, pa3BuTHe 3PPeKTOB aTMOChEPHI, BOMBI, PACTHTEIBHOCTH
U T II

HekoTopsle CrenUalu3upOBaHHbIC HTPHIOKEHHS IOICPIKUBA-
IOT TI0Ka3 MPOEKIMH MOI3eMHBIX JaHHBIX Ha IOBEPXHOCTH 3eM-
11 (HarpuMep, SMUIEHTPBI 3emieTpsicenuil). Ectb crierpanbHoe
MIPWIIOKEHUE ISl BU3yallM3alliy 3eMIICTpsICeHHI Ha riobyce —
Earthquake3D [8]. OHo momnep:kuBaeT aBTOMAaTHYECKYIO ITOA-
Ipy3Ky OIEepaTUBHOrO Karajora semierpscenuil ¢ caiita USGS.
Ho oHO TOXe MOKa3bIBaeT 3eMJICTPICCHHS HA TOBEPXHOCTH IVI0-
Oyca. Jliis 00beMHOTO peHIepHHra JaHHBIX (B YaCTHOCTH IOA-
3€MHBIX JaHHBIX) CYIIECTBYET MHOXKECTBO PA3IMYHBIX HPHIIO-
JKEHHH, HO BCE OHM paboTaroT 0e3 MPUBS3KU K [II00YCY.

TpexmepHas BH3yanu3auusi JaHHBIX I10[] ITOBEPXHOCTBIO 3eM-
JM Ha BHUPTyaJIbHBIX TI0OOycax, TeM Goliee B CTEPEO-peKHMeE,
HE3aCJIy)KEHHO 000 1eHa BHUMaHHeM. ABTOpaM H3BECTHO TOJb-
KO OJIHO TIPHIIOKEHHE JUTsl PabOTHI ¢ MOA3EMHBIMU JTaHHBIMHU Ha
BupTyansHoM mio0yce - GA World Wind Suite [9], pa3paboran-
Hoe B ABcTpanmu Ha ocHoBe NASA World Wind Java SDK.

B crarbe onucaHo mpuMeHEHHE BUPTYAIbHOTO [I00yca IS To-
Ka3a CECMHUYECKUX JAAHHBIX MOJ MOBepxXHOCThI0 3emuiu. [lpen-
JO)KEH METOIl PEHACPHHTa U (QIIBTPAIH MAaCCHBOB TOYECYHBIX
nanHbix Ha GPU, metonbl peHaepuHra oObEMHBIX JaHHBIX C
Y4eTOM KPHUBH3HBI 3€MJIM, METOJbl KOPPEKTHOIO pPEHJepUHTra
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MOJTYTIPO3PavyHOro penbeda corracoBaHHO ¢ IPYIHMH O0BEKTa-
MH, METOIbl BU3yaIM3allui U aHUMAIHU Pa3IHIHBIX TTOJ3EMHBIX
nporecco. Pazpaborano mpmnoxenue mia 3D-Busyanusanym
ceficMUYeCKUX JaHHBIX C BO3MOXKHOCTBIO T'MOKO HacTpoku
pexuMoB oToOpakeHust mmobyca. [lomnepxaHo oToOpakeHHE
B Pa3IHYHBIX CTEpPeO-pPeKUMax (TOPU3OHTANbHAs CTepeomnapa,
KBagpoOydep).

[IpunoxkeHue MOXeT UCIONL30BAThCSA AN AEMOHCTPALUM Mac-
CHBOB CEHCMHYECKHX JaHHBIX, HX BH3yaJbHOTO aHAIN3a, B TOM
YHCJIe KOMIUICKCHOTO aHajM3a pa3iIM4YHBIX HaOOpOB JTaHHBIX B
€IMHOM KOHTEKCTE.

2. METOAbI
JAHHbIX

BU3YAJIUSALIMK U TIPUMEPDI

2.1 TMoctpoeHue BupTyanbHoro rnodyca

CyILIeCTBYIOT JaHHbBIC AMCTaHIMOHHOTO 30HAMUPOBAHHS 3eM-
mu cBoOOmHO moctynHele B uHTepHeTe. Crojma MOXHO OTHe-
CTH CIIyTHHKOBBIC CHMMKU Landsat-7 ¢ paspemenuem 15M B
HECKOJIBKUX CHEKTPAIBHBIX HAIla30Hax, IA(POBYI0 MOAENIE pe-
aeedpa SRTM 90M u ounmieHHYI0 U 00pabOTaHHYIO TEKCTYpYy
3emin Blue Marble Next Generation ¢ paspemenuem 500m.

PaspabarbiBaeTcss OTKPBITOE NPOrpaMMHOE OOECIeueHue Juis
noctpoerus mobyca nmo ganHeM J[33. B 2008 romy Havamach
paspabotka 6ubmmoreku osgEarth Ha s3pike C++ Ha Gase mo-
MyIsipHOTO Tpaduyeckoro mHCTpyMeHTapus OpenSceneGraph,
KOTOpasi aKTHBHO pa3BHBaeTcs 10 cux mop. Ha ocHoBe aTmx
MHCTPYMEHTOB BO3MOKHA pa3paboTka CBOEro rmodyca Ui cre-
LMaJIM3UPOBAHHBIX 3aJa4. B HalleM NpoekTe HCIoNb30Bajlach
nMeHHo Oubmmoreka osgEarth.

CyliecTByeT MHOKECTBO METOJOB pEHIEpUHra penbeda, HO B
ciaydae miodyca pekomeHayercsi ucnosib3zoBarb Meton CLOD
(Chunked LOD). OH omucan B kHure [7] W peaiu3oBaH B
osgEarth. Drtor Merox He Tpebyer mHpenoOpabOTKH CHIPBIX
TCONPHUBSA3aHHBIX U300paKeHUH, YIOOHO JIOKHUTCS Ha BIUIUTICO-
Uz, o0ecreynBacT MPUEMJIEMYIO0 TOYHOCTh B paMkax Tuma float,
1 paboTaeT Jgaxke Ha CTapoM aImapaTHOM OOCCICUCHUH Havaja
2000x rogoB. MeTon 3aKiI04aeTcs B UCIOJIb30BAaHUM KBaIPOJC-
peBa M3 TAIOB, BEICTPOSHHBIX BIOJIF MEPHUIHAHOB M ITapaJuie-
neii. Taillm — 31I€MEeHT NOBEPXHCTH, KOTOPBIH UMEET CBOIO I€0-
METPHIO U TEKCTYypPy U OTHOCHTCS K HEKOTOPOMY YPOBHIO JeTa-
nu3anuy. [Ipy npubImKeHny K Tailly OH 3aMeHseTcs Ha 4 Tail-
na Gompined neranuszanuu. Ha cTeikax Mex Iy TainamMu pasHBIX
YpOBHEH AeTalu3alyii MOTYT BO3HHKATh IIETH. DTO pelaercs
J06aBJICHUEM TI0 TIEPUMETPY KaXK/I0To Taiijla BepTHKAJILHON 1O0-
JIOCKH TPEYTOJILHUKOB, KOTOpas Ha3biBaeTca “tobka”. [Ipu stom
TailJIbl MOTYT PEHAEPUTHCS B IIPOM3BOIBHOM ITOPSIIKE.

2.2 Monynpo3pauHblii penbed

Jlns mpocMOTpa JaHHBIX IO 3eMJIeH HYXHO ClIieNaTh pesbed
HOJTYNPO3pauHbIM. IIpH 3TOM Ba)KHBIM SIBJISIIOTCS TIOPSZOK U pe-
XKHUMBI OTPUCOBKH Pa3HBIX CIOEB OOBEKTOB B IpHIIOXKEHHH. B
cirydae mio0yca 310 — penbed, 00BeKTH Ha perbede, atMoche-
pa u 3Be3abl. B 0OBIYHON cHTyamuM MOPSIOK OTPHUCOBKH Clle-
IYIOUIMH: 3B€37bl ¢ OTKIIOYEHHOH 3amuchio B Oydep MIyOuHSbI,
IIOTOM aTMoc(epa TaKkxKe ¢ OTKIIOYEHHON 3aIHCho B Oydep riry-
OHMHBI, IOTOM penbed, TOTOM BCE OCTAJIbHBIE HA/J3eMHBIE 00b-
€KTBI.

[pu nmomynpo3payHoM penbede HauHMHAIOT MPOCBEYMBAThH 3BE3-
161 1 atMocepa. Takxe BUAHBI OOBEKTHI C TIPOTUBOIOIOKHOM
CTOPOHBI IUIAHETHI, YTO BHOCHT ITyTaHuLy. [loaTomy Gbu10 TIpEn-
JIOKEHO M3MEHHTH IOPSIOK OTPHUCOBKH. Bo-TIepBBIX, pucyercs
YEepHbI HEeNpo3pauHblil IUIUIICOU] C LIEHTPOM B Hadajle MUpPO-
BOW CHCTEMBI KOOPIWHAT, KOTOpPBI MeHbIe 3eMHoro Ha 1000
KM, IIOCKOJIbKY MaKCHMaJIbHas Fﬂy6l/IHa UCIIOJIB3YEMBIX Ha JaH-
HBIIl MOMEHT B IIPHIIOXKEHUN CEHCMUYIECKUX JAHHBIX COCTABIISAET
700 kM. YepHbIil 37UTHUIICOU TTO3BOJISET BIOCIEACTBHH OTOPO-
CHUTh OOBEKTHI C JaldbHEH CTOPOHBI 3eMJIM Ha JTale TecTa Iy-
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Ounbl. Jlaiee pUCYIOTCS MOA3EMHBIE OOBEKTHI, Jajee penbed,
3Be31IbI U arMocdepa.

IIpu ucnons3oBanuu >¢dexTa Mpo3payHOCTH MPHU BU3yAIN3a-
K penbeda BO3HHUKAIOT 1MoOouHble d¢dekTrl. Kaprunka Ha
9KpaHe CTAHOBUTCS YyBCTBUTEIBHOM K IIOPAAKY OTPUCOBKH Taii-
JIOB M K HOBOPOTY KaMephl OTHOCHUTENIBHO Taiia: IpH olpese-
JICHHBIX YIJIaX HOBOPOTA KaMepbl CKBO3b TOPHCTHIC YUaCTKU pe-
nbea HAYMHAIOT NPOCBEYMBATH JApyTrHe JacTH pernbeda. Haun-
HAIOT MPOCBEYHBATh U MEIIATHCS IOOKH.

Hns yerpanenus 3Tux 3()(GeKToB OBUIO pemeHo 00KH OTKITIO-
YUTh (UIs1 MOJYNIPO3pavyHOil HOBEPXHOCTH Hpobiema Ienell He
CTOHUT TaK OCTPO), a penbed peHneputs B 2 mpoxona. B mepssrit
HPOXOJ] TIPOUCXOIHUT 3anmuch B Oydep NIyOMHBI IPU OTKIIIOUCH-
HOW 3amucu B IBETOBOI Oydep. Bo BTopoii mpoxon mpoucxonut
3anuch B Oydep uBera ToONbKO Tex GparMeHTOB, IIyOHHA KOTO-
PBIX coBnangaet ¢ nryouHoil B Oydepe mIyOHUHBI. DTO ITO3BOISAET
BBIBOJIUTH Ha JKpaH TOJIBKO OJmkaifiive K Kamepe MOJIUTOHBI
penmseda.

Ipu cMemmBaHuy 1BETa pesibeda ¢ IBETOM MOI3EMHBIX 00BEK-
TOB B IIBETOBOM Oydepe Impeiaraercsi HCIoab30BaTh CICAYIO-
myro QyHKIHIo:

C =Cy+ Cy x Ay,

rae C' — uroroBelii nBet ¢parmenra, C,, — 1BeT GparMeHTa B
Oydepe ryOunsl or noazemMuoro oobekra, Cy — 1BeT pparMeH-
Ta penseda, A, — IPO3PaIHOCTb MOBEPXHOCTU penbeda, KoTo-
PYIO MOXHO perynupoBatb. B sToM ciyuae mBer penbeda He
BHOCHT CHJIBHOTO HCKa)KEHHUS B IIBET MOA3EMHBIX 0OBEKTOB.

2.3 Pexumbl oTobparkeHus rnobyca

st Gonee HAIISIHOTO NPEACTABICHUS JaHHBIX Pealn30BaHBI
pa3iUYHBIE PEKUMBI OTOOpaXKEHUs TIo0yca:

e C armocepoii/6e3 armochepst
e C tekctypamu/6e3 TeKCTyp

e C pacTspkeHHEM IO BEICOTe/0e3 pacTsKeHUS

PexxuMBl MOTYT TpPOU3BOJIBHO KOMOHMHHpOBaThesa. Takxke Ha-
CTpanBaeTCsl NPO3PAYHOCTh OBEPXHOCTH 3EMIIU.

Jst atmocdeps! ucnons3oanack Mopesns O’Huna [10]. Ha nan-
HBIII MOMEHT OHa HE camasl peaJHCTHYHasl, HO ¥ CHIBHO HE 3a-
Ipy’XaeT BUJEOKAPTY, pECypChl KOTOPOii Ooitee HyXHBI I ceii-
CMUYECKHX JIaHHBIX.

PactskeHue 1Mo BBICOTE MTPON3BOAUTCS B BEPIIMHHOM IIeiepe.
Brruucnenue npsiMo B 1ueiiiepe BHICOTHI BEPLIMHBI HAJ| JUIUII-
COHMJIOM Ha OCHOBE €€ JEKapTOBBIX KOOPIHMHAT - 3TO JOBOJBHO
MeJUICHHasl OIlepalus U MOXET NPUBOJUTh K HETOYHOCTH M3-32
ucnionb3oBanus Trna float. [Tostomy B melinep mpocTo mepena-
eTcs JIONOJHUTEIbHBIA BEPUIMHHBIN aTpuOyT ¢ BHICOTOM.

2.4 TvnoueHTpbI

OnHUM U3 Ba)KHEHILIHMX THIIOB CEHCMHYECKUX NaHHBIX SBISIOT-
Csl KaTaJlOTH TUIOLECHTPOB 3eMIIETpsCeHHH. [MmomeHTp — 310
LIEHTpaJIbHas TOuKa ouara 3emierpsicenus. [Ipoekius rumnoneH-
Tpa Ha MMOBEPXHOCTh 3eMIIM Ha3bIBaeTcs snuueHTpoM. Karaio-
'Yl TUIIOLEHTPOB CBOOOIHO AOCTYIHBI Ha CIELHATN3UPOBAHHBIX
caifrax, Hanpumep, Ha caiite [eomormyeckoir cmyx0b1 CILIA
(USGS) [11], nHa caiite Kamuarckoro ¢unuana ['copuzudaeckoit
ciryx0s1 PAH [12], u np. Ha caiite USGS mHpOpManus o HO-
BBIX 3€MJICTPSCEHUAX BBIKJIAJBIBACTCS Yepe3 HECKOJIBKO MHUHYT
it Kamudopaun u gepes momdaca st Bcero mupa. JlaHHBIE 0
rumnoreHTpax ¢ caiita USGS MOKHO MOMy4YHTh B pasHbIX Gop-
marax: Atom, CSV, GeoJSON(P) u KML. IIpu 3arpyske maH-
HBIX C caiiTa MOXHO BbIOpaTh MO0 MI00AIBHBIN KaTajor, 1100
KaTaJor 3eMIIETPSCeHHH U 3amaHHOi oOmactu. [lomHbrid Ka-
Tajor 3emierpsicenud s Beed 3emin ¢ 1900 roga Brirovaer
0KO0JIO 1 MITH. COOBITHI.
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Crpoka Karajiora ¢ ONHCAHHEM THUIIOLEHTPA CONEPXKUT CIEmy-
IOIME TOJIS JIAHHBIX: IIMPOTA, JOJIroTa, NIyOMHa, Jara, BpeMs
(gac, MUH, cek), MarHuTyna. [1pyu BU3yann3anuy KaTaJoroB 3eM-
JEeTPSCEHUH BO3HMKACT 3amada (QMIBTPALMH 10 Pa3HbIM Iapa-
MeTpaM: [0 MarHuTyJe, [0 Jare, o peruony [13].

B TpamunuoHHOM 1oaxozne AaHHbIE (GUIIBTPYIOTCS Ha IEHTpallb-
HOM IIpOLIeCCOpe METOZoM Iepebopa MO0 ¢ HCIONIb30BAaHUEM
CIeUANBHBIX CTPYKTYp JaHHBIX. Ho Ui BU3yasbpHOTO aHanmm3a
HET HEOOXOAMMOCTH XPaHUTh Pe3yJabTarsl GuibTpanuu. Ouib-
TPALUIO MOXKHO OCYLIECTBIIATh Ha TpaduueckoM IIpoLeccope Ha
sTane peHiepuHra. IIpu HIHEIIHNX MOLIHOCTSX BHACOKAPT OT-
PHCOBKA U BBINOJHEHNE HEKOTOPBIX ICHCTBUI Aaxe HaJl MAJLIN-
OHOM BEpILIHH POMCXOAUT OYEHb OBICTPO IIPHU YCIOBHH, YTO 3TO
MIPOUCXOANT 3a OIWH BBHI30B (PYHKIIMH OTPHUCOBKU. DTO IO3BO-
JSIET 3HAYMTENBHO YHPOCTUTH KOJ IS XPaHCHHs THIIOLEHTPOB
u ux ¢unsrpanuu. braronaps napamienusMmy QuisTpanus Ha
rpagyecKoM IMpoIeccope BBINONHACTCS OBICTpee, YeM Ha IICH-
TPaJIHOM IIPOLIECCOPE.

KoopanHaTel THIOLEHTPOB KOHBEPTHUPYIOTCS M3 reorpadude-
CKOM CHCTEMBI KOOPAMHAT B NEKAPTOBY CHCTEMY KOOPIHWHAT
BHPTYaJIbHOTO II00yca M IOMEINAIOTCS B MAacCHB BEPILIHH C
HabOpPOM JIONOJTHUTENIBHBIX BEPIIMHHBIX aTpuOyTOB: IIyOMHa,
MarHuTyfa, Jara coObiThs, HoMep peruona. Yepe3 uniform-
HEepPEeMEHHbIC B IICHAEp MEpPEeiaroTCss MaKCHUMAalbHBIC W MHHH-
MaJlbHbIC 3HAYCHUS UL [TyOHHbI, MATHUTY/BI, JaThL.

B BepmmHHOM mIeliaepe Npou3BOJUTCS TOJIBKO MPeoOpazoBaHue
CHCTEM KOOPAMHAT, a BO ()parMEHTHOM IIeiifiepe — BBICTaBIIE-
Hue nepemeHHoil gl FragColor. OCHOBHBIE pacueThl MPOU3BO-
IIITCSL B TeOMETpHUYECKoM Ineiinepe. Beraucisiercst pasmep Tou-
KH, €€ IIBET, ¥ IPHUHIMAETCS PEIIeHHe 0TOPachIBaTh TOUKY TOUKY
wm Het (puc. 1, 2).

Figure 1: PernoHasnbHblil KaTanor ceCMHYECKHX COOBITHH B
paiione Kypumo-Kamuarckoit myru, mo mamaeiM K@ I'C PAH
[12]

I'myOuna 3apmaercss cBOMM peajbHBIM 3Ha4eHHEM (OT SKM [0
-700km) c¢ Tunom float m wumcmome3yercss ISl BBIYUCICHHS
I[BETa TUIMOLEHTpa. [[BeTOBOE KOAMPOBAHHE IO3BOISIET JIyd-
e ONpeleNnuTh NIYyOWHYy THIOIEHTpa HpH OOBIYHOM (He-
CTEPEOCKOTNIECKOM) TIPOCMOTPE, @ TAKXKe SBISAETCS TpaJHIH-
OHHBIM O0OO3HaueHHeM B reodusuke. LlBer Oepercs u3 nuHeil-
HOHM ManuTpel OT CHHETO Ha MallbIX NIyOMHaxX 10 KPacHOToO Ha
OONIBIINX ITyOMHAX.

Marnutyna Taxoke 3afaeTcsd pealbHbIM 3HaueHHeM oT 0 (eciau
He ompernenena) mo 9.5 ¢ tunom float. Eciim marHuTyma 3em-
JIETPSICEHUs] MEHbIIIE MMHUMAJILHOTO 3aJaHHOTO 3HAYCHHS WIIH
0OoJbIIe MaKCHMAaJbHOTO, TO TOYKa OTOpachIBaeTcCs. 3HAYCHHS
MarHuTyAbl OT MHHHMAJBHOTIO 10 MaKCHMAJBHOTO OTOoOpaska-
FOTCS Ha IUana30H pa3MepoB TOYEK OT 1T0 10 OTH MUKCENe.

DunbTpalys Mo JaTaM MPOUCXOAUT Gonee ciokHo. s xpa-
HeHUst JaT ObUT MCIONIB30BaH THH boost::ptime u3 6ubIMOTeKN
boost. Jlns nepenaun B mieiiaep Jara NPUBOAUTCS K JHANA30HY
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RU3: Visualization and modeling

Figure 2: MupoBoii karaior ceiicmuyeckux coosituit USGS 3a
1900-2011 rr, mo mamaeiM USGS [14], B penakuuu A. B. Jlan-
nepa (MUTII PAH)

Figure 3: JlokanbHas ceiCMHUYHOCTD B paifoHe JlonmuHEI reiize-
pos Ha Kamuatke B 2008-2009 rr, mo nanusiM 0. A. Kyraenko
u ap., K& I'C PAH [15]

[0; 1], rne 0 — MUHUMAaNBHAS JaTa CpeI BCEX T'MIOIEHTPOB,
a 1 — makcumanbHas fata. JInst BEIYMCIIEHUsS] 3HAYEHMS JIAThI
JUISL KOHKPETHOTO THIOIEHTPA HCIoNb3yeTcs GopMyrna: (pa3Hu-
I1a MEXIy JaTOH TMIIOLEHTPAa U MUHHMAJIBHON IaTol B CEKyH-
nax) / (pa3sHUIA MEXTy MakCHMalbHOW M MUHHMAJBHOHN JaToi
B CEKyHJax). MakcuMalibHasi 1 MUHUMAaJIbHAs 1aThl PUKCUPOBaA-
HBI JUI KaXK0To Karaiora. J[isi ¢puiIbTpanyy TUIIONEHTPOB IO
JaTe 3a7aeTcs MUHHUMAJIbHOE ¥ MaKCHMallbHOE 3HaYeHHe (QUITh-
Tpa B auarmasoHe [0; 1] 1 nepenaercs B meiaep B Buae uniform-
nepeMeHHBbIX. Jlanee B FeOMETPUUECKOM LIeiepe MPOU3BOIUT-
sl IpOBEpKa 3HAUCHUSA J1aThl HA COOTBETCTBUE 3aJjaHHOMY JUa-
Ta30HY.

OpxHako y 3TOro MOAXO0AA €CTh JBa HEJOCTaTKa. Bo-mepBhIx, u3-
3a ocoOeHHOCTeH peanu3anuu Tuma boost::ptime pasHuIa jaar
HE MOXKET MPEBBIIIaTh NpuMepHO 60 seT. {11 KaTanoros 3emie-
TpsiceHH# ¢ quana3oHoM jar B 100 yeT npuxoqurcs NpUMEHSTh
obxomHO# MaHeBp. KaTanor paz0ouBaeTcs Ha 2 4acTH 1O JaTaM.
IlepBas monoBuHa oToOpaxaercs Ha uaTepsai [0; 0.5], a BTO-
pas — Ha [0.5; 1]. Bo-BropsIx, Tun float, KOTOpPBI HCIIOIB3YETCS
JUISL XpPaHEHHUS JIaThl, IMEET TOYHOCTh — 7 JECSTUYHBIX pa3psi-
noB. [Ipu untepBane gar B 100 yeT 3T0 03Ha4aeT, YTO HIEHAEp
HE pa3iIuyaeT FMIOLEHTpPHI B mpeaenax 315 cexyHn.

Taroke nMpoUcXoguT (GUIIBTPALUsA TUIOLEHTPOB 110 PErHOHAM.
JI1s KaXA0ro THUIOLEHTpA XPaHHUTCS HACHTU(GUKATOP PErHo-
Ha, K KOTOPOMY OTHOCHUTCSI runouenTp. IIpu BbiGope anropur-
Ma GWIBTpAlK YYUTBHIBATUCH cienytomue ycnoBus: (1) peru-
OHBI HE IepeceKaroTcst U (2) OAHOBPEMEHHO MOXKHO BHIOMpAaTh
HECKOJIBKO PETHOHOB.
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Jis peanm3anuu GUIBTPAA BO3MOXKHBI 2 monxoxaa. [lepsbrit
— HCTonb30BaHHE OUTOBBIX (hnaroB. B 3TOoM moxozme uaeHTH-
(UKaTOp perroHa SBISIETCS CTEHEHBIO JIBOHKH, T.e. KaXIOMY
PETHOHY COOTBETCTBYET cBOM OuT. MneHTnduKaTops! Bcex BBI-
OpaHHBIX PETHOHOB CKJIAIBIBAIOTCS (TO K€ caMoe, 9TO M oIepa-
st ’mobutoBoe win’”). IlomyuenHnoe ymcio nepenaercs B BUIE
uniform-niepemMeHHoOl. B meiinepe npumeHsieTcs onepanus ~Ho-
OuToBOE W’ IS MPUHATHA PEIIECHHUSA: OCTAaBHTh WM OTOPOCHUTH
BepiuHy. [IpermymmecTBo 3Toro moaxona — OoJbIIasi CKOPOCTh
paboThI, HEAOCTATOK — OrPAHMYEHHUE HA YHCIIO PETHOHOB.

Bropoit nonxon — ucnons3oBanue uniform buffer. B atom mox-
X07ie HoMepa BBIOPaHHBIX PErMOHOB MEPEAIOTCS B BUJIE MacCH-
Ba B mielaep. Jlanee i Kax10i BEpIIMHBI B LIUKJIE IPOBEPSIET-
csl, 4TO ee MACHTU(UKATOP MPHUCYTCTBYyeT B Maccuse. [Ipenmy-
IIECTBO 3TOTO METOA — MOAJEPIKKA OONBIIOro YHCIIa PETHOHOB,
MHUHYC — MEHbIIIasl IPOU3BOAUTEIBHOCTb.

Hamu TtectupoBancs Habop u3 10 permonoB s Kypuio-
Kamuarckoii 1yru u mo3toMy ObUT HCIONB30BAaH METOM Ha OC-
HOBE OMTOBBIX ()JIaros.

[MpunoxxeHue Mo3BOJSIET 3arpyxarh u3 (ailyioB HECKOIBKO Ka-
TaJOTrOB OJHOBpeMEHHO. Karamorum xpaHsTcs OTOCIBHO B pas-
HBIX MacCHBax BEpIIMH. DTO CAEIaHO, YTOOBI MOKHO OBLIO JIeT-
KO BKJIIOYATh M OTKJIIOUATh OTHENIbHBIE Karajaord. s Kakaoro
KaTaJora OTAENBbHO XPAHATCSA AMAMa30HbI IIyOouH U nar. U ot-
JIENTIbHO XPaHSTCS II00aJbHbIE TUAMA30HbI U BCEX KAaTaJOroB U
JIPyTUX BUAOB CEHCMUUYECKUX JaHHBIX. DTH TI0OANbHbBIE 3HAYC-
HUS TIEPENIAOTCs B MICHCPHI, YTOOBI BCE IAHHBIC 0TOOPaXKAIUCh
COITIaCOBAHHO.

[Ipu moxas3e MaHHBIX JOKATBHOW CEHCMHYHOCTH II00yC Tpen-
CTaBIsICT BO3MOXXHOCTh BU3YaJM3allMU JIOKAJIBHOIO penbeda c
BBICOKOH JIETaIbHOCTEIO (pHC. 3).

2.5 3oHbl cyb6ayKuuH

Eme onue BaXHBII BUI MOA3EMHBIX JaHHBIX — 3TO (hopMa 30H
cyOnykuuu (puc. 4). 30HbI CyOqyKIIMM — MecTa, IIe JUTochep-
HBIE TUTHTHI TOTPY)KAIOTCSI B MAHTHIO. DTO MECTa KOHIIEHTpa-
1y 3emierpsicenuid. @opma 30H CyOqyKIMHU BBUIOKEHA Ha caii-
te USGS. [laHHBIE ITpeACTaBICHEI B BUAE IBYMEPHON MaTpPHIIBI
ny6ouH ¢ marom 0.2 rpagyca mo moarore u mmpore. [lycTeie
MOJIL COOTBETCTBYIOT OTCYTCTBHIO 30HBI CYORYKIHH B JaHHBIX
Toukax. [o HaGopy TOYEK MOXKHO JIETKO BOCCTAHOBHUTH TpEX-
MEPHYIO TIOBEPXHOCTh M3 TPEYTOIBHUKOB. [IIIsI KaXkKI0H BEpIIH-
HBI 33]1aeTCs aTpHOyT — MIyOHMHA [0 aHAJIOTUH C THIIOLIEHTPAMH.
Pennepunr mpomsBoauTcs B Imelzaepe, Ie Ha OCHOBE ITyOH-
HBI BBIYMCIIACTCS 1BET. B mieiinep takxke mepenarTcs riodaib-
HBIE 3HAYE€HHs] MAaKCHMAJIbHON N MUHUMAJIbHOH ITyOHHBI B BUAE
uniform-nepeMeHHbIX, YTOOBI LIBET THIIOLEHTPOB U 30H CYOIyK-
IUX ObIIT OMHAKOBBIM Ha OJJMHAKOBBIX ITyOMHAX.

Jlnst mor4epKUBaHys CIIOKHON (HOPMBI 30H CYOIYKIHMHA HCIIONb-
3yeTcsl 3aTeHEHHE C MIOMOIIIBI0 HCTOYHUKA CBETa, MPUBSI3aHHOTO
K kKamepe. ITockoNbKy pacdeT OCBEICHHS TPOUCXOIUT B LIeiie-
pe B BHIOBOIl cHcTeMe KOOPJHMHAT, TO BEKTOP HANpaBieHHs Ha
HCTOYHHK cBeTa Oepetcs mpocto (0, 0, -1).

2.6 CelicMuueckas perMoHaausauus

3emineTpscenus, npoucxonsaiue B paitone Kypuno-Kamuarckoit
IIyTH, UMEIOT Pa3jInuHyl0 TEKTOHHUYECKYyo npuponay. PazHooO-
pa3ue TeKTOHMYECKHX OOCTaHOBOK TpeOyeT CTpOroro paszierne-
HUSl CyLIECTBYIOIIMX W HENPEPHIBHO Pa3BUBAIOLIMXCS KaTajo-
TOB 3eMJICTPSCCHUH C BO3ZMOXKHO OoJiee TOUHOH MaeHTH(UKAI-
el MpUPOIB! KaXI0ro ceiicMuieckoro coobITusa. C 3TOH 1embio
Ha OCHOBE HAKOIICHHOW Ha CETOIHSIIHHI IeHb MH(POPMAINH
0 MPOCTPAHCTBEHHOM pacHpeeIeHHH 1 MEXaHH3MaX 3eMIIETpsI-
CEeHMI U C Y4EeTOM COBPEMEHHBIX IIPEACTAaBICHUI O HOBeHmeH
TEKTOHHKE PETHOHA MPOBEJICHA PErHOHAN3aIHs CEHCMOaKTHB-
Horo obbema Kamuarky u npuneraromux obnacteit.

CornacHo npeacrasineHusm A. B. Jlangepa (MUTII PAH), xax-
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Figure 4: ®opma 30HbI cyOayKkunu B paiioHe SImoHuw, mo gaH-
ueiM USGS [16]

IBIH PEeruoH 3ajaeTcs MpH3MaMu CIoXHOH (opmer. Kaxnas
npH3Ma UMeeT 2 KPBILIKY (BEPXHIOO U HIDKHIOK) B reorpadude-
CKHX KoopAnHaTax. Takue IMpu3MbI HAa3bIBAIOTCS 0a30BBIMHU (H-
rypamu. PeasibHble pernoHb! SBISIIOTCS PE3yIbTaToOM OyJIeBCKHUH
omnepanuii Hax 6a30BbEIMH (urypamu. OUrypsl MoxxHO 00BEIH-
HSITh, BBIYUTATh U OpaTh UX MEpeceycHHe.

IToMuMO 3amadu ONpEIENeHUs NPUHAUISKHOCTH THUIIOLEHTpPA
KOHKPETHOMY PErHOHY BCTaeT 3aJada BU3yallM3al[1 TPaHUI] ca-
Moro peruoHa. Ecnu nokaszars 6a30ByI0 GUIypy — JOCTaTOYHO
mpocrast 3a/1a4a, TO JIOTHIECKUE ONEePALiH NIPEACTABISIIOT Ope-
JIeJICHHbIE CJIOKHOCTH.

CymiecTByeT /1Ba OCHOBHBIX IOIXO0a K OyJCBCKAM OIIEPALIUSIM:
OCHOBaHHBI Ha TCOMETPUH M OCHOBAHHBIN Ha M300paXKCHUH.

[Toxxoa, OCHOBaHHBIH Ha TEOMETPHH, TCHEPUPYET MOIUTOHAIb-
Hyi0 3D-Mozens pe3yasTupyomieii Gurypsl mocie mpuMeHeH s
OyneBckux onepanuii. [IpeMmyIiiecTBoM 3TOro mnoaxona sBis-
eTCsl BO3MOXKHOCTh COXPaHCHHsI MOJTyYCHHOH Momend B (aiin
JUTSL TIOCJIEAYIOLIET0 MCIOMb30BaHus. MUHYCHI moaxoaa: 6oib-
mrasi CIIOKHOCTh U MEJJICHHOCTh AITOPUTMOB. BO3MOXHO MMOSIB-
JICHHE apTe(haKTOB B CIAOKHBIX CIIy4asx. BOJBIIYIO pOJTb UTPAIOT
OIMOKN OKPYTJICHHSL.

INoxxox, OCHOBaHHEIN Ha H300paXKCHUH, TCHEPUPYET H300pake-
HHE pe3ynsTupyoneid Gpurypsl Ha 3kpaHe 0e3 HCIOIb30BaHMS
OTIIeNIbHOU reomerpun. Pennepsitest Tombko 6a3oBble GUTYpEI B
HECKOJIbKO IIPOXOZIOB C Pa3HBIMHU IapaMeTpaMH OTPUCOBKHU (MC-
none3yercst Oydep Tpadapera). [IpeumyniecTBoM qaHHOTO TOJ-
Xofa SBIAETCS OONbIIas MPOCTOTa (XOTSA VIl BOTHYTHIX (u-
T'yp aJITOPUTM CYIIECTBEHHO yCIOXHsETCs). Takke MosBIseTcs
BO3MOKHOCTH TMHAMHYECKOTO M3MEHEHHsI 0a30BbIX QUryp. 910
0COOCHHO aKTyaJIbHO B ClIydae IIo0yca, T.K. HeOOXOIUMO H3TH-
0aTh KPBIIIKH IPU3M B COOTBETCTBHH C IMOBEPXHOCTHIO III00YyCa.
[pn npuOIMKEHNN K HOBEPXHOCTH MOXXHO IPOM3BOAUTH JIHHA-
MHYECKYIO TECCENSLHUIO KPBIIIEK.

Jlns peanu3aiuu GyneBCKHX ONEpalni ¢ BOTHYTHIMH (HUIypamMu
Hamu ObUT MoaubuIupoBaH aaroputM [omadesepa ¢ mpuMeHe-
HUEM IIeiIepoB, OCHOBaHHBIN Ha m3o0OpaxeHuu [17]. B atom
QITOPUTME KXK[BI PErMOH CHayala PEHIEPHUTCS B TEKCTYpPY C
nomoleo dpeitmOydepa, a HOTOM pe3ynbTaT NePEeHOCHTCS B OC-
HOBHOU Oydep (puc. 5).

2.7 [aHHble celicMoTOMOrpaduu

B Hacrositiee BpeMsi aKTHBHO Pa3BHUBACTCs HAIpaBICHUC CCH-
cmotomorpaduu [18][19]. Ilo anamornu ¢ METUIUHCKOW TOMO-
rpadueii ceficMoToMorpadust 03BOJIAET NONYIHUTH pacipesielie-
HHUE HEKOTOPBIX MPOCTPAHCTBEHHBIX XapaKTEPHUCTHK 3EMHOU KO-
pbI MyTEM aHaJIM3a JAHHBIX C CETH CEHCMOCTaHIINM, PErHCTPH-
PYIOIIHX CEHCMHYECKHE BOIHBI OT 3€MIIETPSICCHHIA.

3CMHeTp$IC6HI/I5[ CO31ar0T NpOAOJIbHBIE W IMONEPEYHBIC BOJIHBI,
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RU3: Visualization and modeling

Figure S: ['panuibl celicMU4eCKUX perMoHOB B palione Kypuio-
Kamuarckoit nyru, mo ganuemM A. B. Jlangepa (MUTII PAH)

KoTOpble 00o3HavatoT OykBamu P u S coorBercTBeHHO. CKO-
POCTH PacrpoCTpaHEeHHs CEHCMHUYECKUX BOJIH Pa3iIM4HBI U 3a-
BUCAT OT MOAYJS YINPYrOCTH M IUIOTHOCTH CPEABL. DTO IO3BO-
J5IeT MACHTUQUIMPOBATh HEKOTOPhIE XapaKTEePHCTHKU 3EMHOM
KOPBI Ha ITyTH CIEIOBAaHHS ceficMHYecKuX BOIH. Pe3ympraTroMm
00pabOTKH MHOXKECTBA JTaHHBIX SIBISICTCS TPEXMEpHasi MaTpuila
(BOKCENBHBIM MaccuB), B sU€HKaxX KOTOPOH 3aIllCaHO 3HA4YCHHE
OTHOILIEHUS CKOpocTeil P-BoiH 1 S-BosiH B 1aHHOM Touke. Kax-
nast sgeiika MaTpHUIb! (BOKCETh) MMEeT KOOPAMHATHI: JIONroTa,
IIKpoTa, NTyOuHa.

Jlns BU3yanm3allMM 3THX JAHHBIX ObUI HCIIONB30BaH NPAMON
obbeMHbIH pergepunr [20]. [lnsg xpaHeHUs 00beMHBIX JaHHBIX
Ha GPU ucnonesyercs 3D-tekcTypa. B Hell XxpaHutcs He 1IBET, a
yCIIOBHas ’IUNIOTHOCTS — 3Ha4deHHe mapamerpa Vp/Vs. Otnens-
HO 3ajaercs nepenarounas ¢yHkous (transfer function), xoto-
past CTaBUT B COOTBETCTBHE IJIOTHOCTYU IBET U IIPO3PAYHOCTb.

Jlns HeOONMBIIMX OOBEMOB MOXKHO CUHTATh 3€MIIIO JIOKAJIBHO
IUIOCKOW W BBIBOAUTH 00BbeM B BHAE KyOa. [Ipm sTom ObuT HC-
MOJIB30BaH METOZ OOpaTHOW TpacCHpOBKY Jiydei. J[yis kaxmo-
rO MHUKCENs KpaHa IycKaeTcs JIyd yepe3 00beM. C HEKOTOPBIM
1aroM u3 o6bemMa BHIOUPAIOTCST 3HAYEHHUS INIOTHOCTH, BBIYUCIIS-
eTcsl M CyMMHpYeTCs I[BET Ha OCHOBE TePeaTOuHOH (QyHKINH.

Hcrionb30BaHbl pa3nHyHbIe MOTU(UKANKM METO/A: IOKa3 H30-
IIOBEPXHOCTEH, NMPOEKIMHY MAaKCUMaJIbHON MHTEHCUBHOCTH. [list
aHaJM3a B3aUMHOTO PACIIONOXKEHHMS TTOA3EMHBIX CTPYKTYp C pa3-
JUYHBIMH COOTHOIICHUSIMU Vp/Vs nobapieHa MoAJepKka ABYX
H30MOBEPXHOCTEH.

Pennepunr tectupoBaiics Ha 00BEMHBIX JaHHBIX rmox Kimoues-
CKOH Tpymnmoii BynkaHoB (puc. 6). Pasmep matpuusr 121x81x46,
mar mo XY — 1 cex, mo Z — 1 kM. O0beM pacmoNokKeH He
MOJIHOCTBIO TIOJ] TIOBEPXHOCTBIO IUTUIICOUA, HO MOTHUMAETCS
HaJl HUIM Ha BBICOTY 5 kM. bonbmmas yacts Hajg3eMHoOro oobema
3all0JTHEHA MyCTBIMH 3HAYEHHAMH. MeHbIIas 4acTh COAEPKUT-
csl BHYTpH BylIKaHa. Peann3oBaHo KOppEKTHOE 0TOOpaXKeHHe pe-
nseda mosepx odbema.

st 6onpmMx 00BEMOB yKe HEOOXOOMMO YUUTHIBATH KPUBH3HY
3emutu. {71t 9TOro MeTon 00paTHON TPACCHPOBKH JIydeil moaxo-
mut xyxe. [loaTromy OBUT HCHONB30BaH METO[ ciloeB. Kaxmprit
CIIOH SIBJIACTCSA YAaCThIO JIUIUIICOMJA, NApaLICIbHOIO 36MHOMY
SIUTUTICOHTY.

B xone celicMuueckux M BYJKaHHYECKHX IPOLECCOB XapakTe-
PHUCTHKH M CTPYKTYpa 3€MHON KOPbI MEHSIOTCS. DTH U3MEHCHHUS
MOXXHO HaOJIOHaTh, CPaBHHBAsI JaHHBIC CEHCMOTOMOTpaduH 3a
pasHbie POMeXyTKH BpeMeHH. OCOOECHHO SIBHO BUIHBI H3MECHE-
HUS B 00JaCTH aKTHBHOW BYJIKaHUYECKOH AesTenbHOCTH. Hamu
MojIep KaHa TUIaBHAs aHUMAIisl 00bEMHOW KapTHHKH BO Bpe-
MCHH.

Russia, Moscow, October 01-05, 2012

Figure 6: Busyanusanus pe3yabTaToB CeHCMHUYECKOH TOMOTpa-
¢un B paitone KiroueBckoit rpymnmsl BynkaHoB Ha Kamuarke 3a
2004 rox, mo nanueiM . FO. Kynakosa (MHI'T CO PAH)

2.8 Teonoruueckue Mofenn U aHMMALUA U3BEPIKe-
HUH

KommiekcHas Bu3yanusanus CeHCMHUYECKMX IaHHBIX, CBSA3aH-
HBIX C BYJIKQHUYECKOH aKTHBHOCTHIO, MOXET OBITh JOIIOJHE-
Ha II0Ka30M I'€0JIOTHYeCcKUX Mozenei (rpaHuLbl TCKTOHUYECKUX
IUTUT, CTPYKTYPHI O4ara U KaHAJIOB) U aHUMAIMeH M3Bep KeHUH.
JIBI>KeHue MarMbl K 3¢ MHOM IIOBEPXHOCTH, COIIPOBOXKIAETCS PO-
SIMH 3eMJIETPSICEHHUH, M3MEHEHUSIMU CKOPOCTEll pacmpocTpaHe-
HUSL CeIICMUYeCKUX BOJIH IO BYJKaHUYECKUM KoMIulekcoM. Co-
ITACOBAHHBIN TTOKA3 BCEX 3TUX JAHHBIX JAAET BO3MOXHOCTH KOM-
IUIEKCHOTO aHaju3a AMHAMUKY IpoLecca.

[TonzemHast 4acTh CHCTEMBbI COCTOMT W3 KaHaja, [0 KOTOPOMY
noctynaer Marma. KaHai 3a[aeTcsi IOJIUTOHAIBHON MOJCIBIO.
[TockonbKy peainbHas (GopMa KaHana HE WU3BECTHA, TO MOXKHO
CreHEepUPOBATh TPOU3BOJIBbHBIA KaHaT MmyTeM (pakTaibHOH Je-
(dopManuK KoHyca WM LWIMHAPA. [oka3 IBMKEHUS MarMmbl B
KaHaJIe peajn30BaH Ha ypPOBHE IIeinepoB. B BepmmuHOM mreii-
Jiepe cpesaeTcsl YacTh KaHaja, 4ToObl ObUIO BUIHO CEYCHHE, U
PacCUUTHIBAIOTCS HYXKHBIE I[BETA CEUESHHS, UCXOS U3 MapaMeT-
POB, KOTOpHBIe mepenatoTcs B Buae uniform-nepemenHsix. Han-
3eMHasi 9aCTh M3BEP)KCHUS BU3YaJIM3UPYETCS B BHAE CHCTEMBI
YaCTHLL.

3. BbiBOAbI

Pa3paboTaHo NMpPUIOKEHUE JUIS BU3yaJIM3ALUH Pa3IMYHbIX BH-
JIOB cefiCMHYECKUX JTaHHBIX M CelicMHYecKuX sBICHUN Ha Oase
BUPTYaJIbHOTO I100yca. IIpuiiokeHHe HCIONb3yeT CBOOOIHYIO
onbmmotexy osgEarth s remepamum u peHgepHHra Camoro
mo0yca Ha OCHOBE IeONPHBA3aHHBIX U300pakeHuii. bputn BHe-
CeHBl M3MeHeHus B kox osgEarth s mognepsxku mpospadnoro
penbeda U NepeKIIOUeHHs] Pa3INYHBIX PEKHUMOB OTOOPAKEHHS
mio0yca BO BpeMsi paboThI NPHIIOXKEHHs (aTMocdepa, pacTsixe-
HHE TI0 BBICOTE, OTKJIFOYCHHUE TEKCTYP).

[IpoTecTHpoBaHbl PETHOHANBHBIE 1 MHPOBBIE KaTalOTH 3eMIle-
TPSCEHUH, coziepkalye 10 1 MuuoHa coobIThii. Pazpaboransl
CpeacTBa TOIJICPXKKH I 10Ka3a 30H CyOMyKINH, BBIACICHHS
00BEMHBIX 30H 3eMJIETPSICEHHH C THUIMYHBIMHM TEKTOHHYECKUMHU
XapaKTepPUCTUKAMH, TPAHMI] TeKTOHHYIECKUX IUT. Peann3oBa-
Ha BU3yalM3alys JaHHBIX ceficMoToMorpaduu ¢ TeCTUPOBAHU-
eM Ha npumepe paifona KiroueBckod rpynmsl BYJIKaHOB C IO-
MOIIBIO MPSMOTO 00BEMHOTO peHepuHra. Peamu3oBana BH3y-
anu3anys TeoJOTHUeCKuX Mopened u anmmaruu. Ilognepskana
CTEPEOCKONUYECKas: BU3yaIn3alus.

OToOpaxeHue pa3HbIX BUAOB CEHCMHUUECKHUX JAHHBIX B €IHHOM
KOHTeKcTe Ha 0a3e m1o0yca MO3BOJISET aHAIU3UPOBATH 3aBHCH-
MOCTH MEXIy HaHHBIMH. [Ipy 3TOM OKa3anoCh OYCHb BaXKHBIM
HCIIOIb30BaHHE CTEPEOCKOMMIECKOTO IIPOCMOTPA. DTO TO3BOIISI-
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€T BH3YaJbHO OTHCIHTH TPYIIIBI THIONCHTPOB MEXIy COOOH H
MOJ3eMHBIC 00BEKTHI OT 00BEKTOB, PACIIOJIIOKEHHBIX Ha MOBEPX-
HOCTH 3eMJI.

Pa3paboTanHOE PHIIOKEHHE UCTIONB3YETCs AL IEMOHCTPALNH
PEe3yIbTaToB reoU3MIECKUX HCCISIOBAHUI Ha TOCTOSHHO JEH-
crByromiei BeictaBke PAH. Ilnanupyercs nanpHeliiiee pa3Bu-
THE TIPUIOKEHMS IMyTeM H00aBICHHS HOBBIX BHIOB HAHHBIX H
MHCTPYMEHTOB aHaJIM3a JaHHBIX.
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AHHoOTauun

B mHacrosmieir pabore paccMaTpHBaeTCs AITOPUTM TPSMOI
BU3yallH3alud 00beMa, MOCTPOCHHBIN HA METONE HCIYCKaHHS
JMy4del W aJanTUPOBAHHBIA JUI MPOrpaMMHUpyeMoi rpadude-
CKOM ammapaTypbl. AJITOPUTM UCIIOJIB3YET MPEIUHTETPHPOBAH-
HyIO KJIacCH(UKaHUIo, KOTOpas 00ecHedrBaeT BEICOKOE Kade-
CTBO BH3yaJIU3allid MPU OTHOCHUTEIBHO HEOOJIBIINX BBIYUCIHU-
TENBHBIX 3aTparax. s paboThl alNropuTMa MPaKTHYCCKUA HE
TpeOyeTCsl MPEABAPUTENHLHBIX BBIYACICHHIA, YTO MO3BOJIET €rO
BCTPaWBATh B CHCTEMBI, JIOMYCKAIONINE MOTUPUKAIIUIO TIepeia-
TOYHBIX ()YHKIHUI B peabHOM BpeMeHH. [Ipemnararorcss onTu-
MU3AIMOHHBIC CTPATETHH JUTS TOBBIIICHHS KA4eCTBa M CKOPO-
cTH paboThl. [IpHUBOMATCS OLIEHKU MPOU3BOJUTEIILHOCTH.

Knrouesnie cnosa: direct volume rendering, ray casting, pre-
integrated classification, GPU, GPGPU, OpenGL, GLSL.

1. BBEOEHUE

O0bemHas BH3yasIM3alus — MeToJ (OpMHUPOBAHHS H300paske-
HUSI, KOTOPBIM AJIsl TpeXMepHOro Habopa JaHHBIX OTOOpakaeT
HE TOJBKO OOIIWIA BUJ, HO M BHYTPEHHEE CTPOCHUE TPEXMEPHO-
ro obwrekTa. B kagecTBe BXOIHOrO HaOOpa JaHHBIX YacTO BBI-
CTyMaeT MHOXECTBO IIOCKHX H300paKEHHi CIIOEB, MOIy4eH-
HBIX C TTOMOIIBIO KOMITBIOTEPHON MM MAarHUTHO-PE30HAHCHOM
tomorpaduu. OOBIYHO CJIOM UMEIOT PABHYIO TONIIMHY M OAHU-
HAKOBOE YHCIIO MHUKCeNed Ha KaxAblil cioil. Takum obOpaszom,
BXOJHbBIE JaHHBIE MOXKHO IIPEICTABUTH PETYIAPHON NMPOCTpaH-
CTBEHHON CETKOM, KaKIOMY Y3Jly KOTOPOH CTaBUTCA B COOT-
BETCTBHE 3HAUEHNE HEKOTOPOTO CKAIIPHOTO MOJIS.

CymectByer 0Oonbloe pazHOOOpa3He METONOB BHU3yalIU3aLUU
o0beMa, OJJHAKO HAWIyYIIUe Pe3yJbTaThl 00eCIednBacT ajuro-
PHUTM TPAacCHPOBKH JIydel, KOTOPBIH €CTECTBEHHBIM 00pa3oM
BBIYHCIISIET MHTETpal 00BEMHOrO peHJepHHra. 3HaYMTEIbHOE
BIIMSIHUE Ha Pe3yJIbTUpYIolIee N300paKeHUE TaKKe OKa3bIBaeT
MeTOoJ] KJIacCH(UKaINK, MOCPEICTBOM KOTOPOTO KOHKPETHBIM
3HAUEHMSIM CKAJISIPHOTO TOJISI CTABUTCS B COOTBETCTBHE HAbOp
ONITHYECKNX CBOWCTB. BpICOKOe KauecTBO oOecnedyMBaeT Tak
Ha3bIBaeMasl NpeIUHTErPHPOBaHHAs KiacCH(UKALUs, KOTOpas
Obuta mpemoxeHa B pabore [1]. OgHako nocTymHas Ha TOT
MOMEHT amnmnapaTrypa He HOJJepXkKHUBajda IPOrpaMMUpPYEMBbIH
rpaduuecknii KOHBeHep, MOITOMY MeToi OBLI pealn30BaH C
MOMOIIBIO TEXHUKHU c1oeB [2]. C pocTOM BO3MOXKHOCTEH IIpo-
rpaMMHpPYEMBIX I'padUuecKuX MPOIECCOPOB IOSBHINCH HUHTE-
pPaKTHBHBIC peaM3al[iy NPsIMOTO0 OOBEMHOTO pPEHJEepHHra Ha
OocHOBe wHcmyckaHus iaydeil [3]. B myOmukamum [4] aBTOpHI
NPECTAaBIIN NPOTPaMMHBIN KapKac CHCTEMbl OOBEMHOI BH-
3yald3alid C KCIONb30BaHUEM IIPEAUHTEIPUPOBAHHON Kiac-
cudukanuy U TakuMH dPdexTamu, Kak 0ObeMHBIE TEHH U OC-
BelleHue. MccaenoBaHuIO pa3IMuHbIX METOAOB HHTETPUPOBa-
HUS TIOCBAIIeHa padora [5], B KOTOpOH aBTOPHI HPEIUIOKHIN
UCIIOJIb30BAaTh UHTEPIOJSLUI0 BTOPOrO MOPsAKa AN alIpOK-
CHUMalUM CKaJLIPHOIO IOJIS B IpejeslaX MHTepBajla AUCKPETH-
3anuu. Hapsny ¢ 9Tum cienyer oTMeTHTh paboThl, HalpaBiieH-
HbI€ Ha TOBBIIICHHE HATJISHOCTH BU3YyaJIU3allui U YIPOILEHHE
aHanmmM3a u3o0pakeHus. B wactHOCTH, paccMaTpuBanach BH3ya-
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nmm3anys B mmpokoM quanazone (HDR), o6veMHBIe TeHU, pas-
JINYHbIE MOIeNH ocBeleHus [6]-[7].

Hacrosmast paboTa mOCBSIIEHA peann3allid BHICOKOKAYeCT-
BEHHOTO OOBEMHOTO PEHAEPUHTa, B OCHOBE KOTOPOTO JIEKHT
METOA HWCIyCKaHHUs Jydeil. PaccmarpuBaioTcst 0COOCHHOCTH
peanu3anuy NPeAUHTETPUPOBAHHONW KiIAacCH(HKAIMK HA Tpa-
(ryeckoM Ipoueccope M HCCIeAYIOTCS €€ MPEenMyInecTBa 1o
CpPaBHEHHIO C TPaJUIMOHHON mocT-kinaccudukanueit. [Ipenna-
raercs psA ONTHMH3AIMOHHBIX CTPaTErHii, HAaIlPaBICHHBIX Ha
yIydIIeHHe KadecTBa M300paKeHHs W MOBBIIMICHHE CKOPOCTH
pabotsl. IIpuBOIUTCSI CpAaBHUTENBHBIA aHANHW3 PA3IUYHBIX Ba-
PHAHTOB pealn3aliy METOAA.

2. OCHOBHbIE MOAENN N METOAbI

2.1 WUHTerpan o6bemMHON BU3yanusauum

[Ipeanonoxum, 4To Jyd X(#) mapaMeTpU30BaH PACCTOSHHUEM !
oT 00BEKTHBA BHUPTYaJbHOH KaMepbl, a W3llydaeMas SpKOCTb
intensity(x) u ko3 ¢uIMeHT 3aTyxaHus extinction(X) MOryr
OBITH BBIYMCIICHBI B JIO0OW TOUKE X MpoCTpaHcTBa. MHTErpan
o0beMHON Bu3yan3anuy [1] onuchIBaeT mporece HaKOIJICHUS
SIPKOCTH BJIOJIB JIy4a C y4ETOM €€ 3aTyXaHHs B 3aBUCUMOCTH OT
PacCTOSHUS 10 TOYKK HaGIIIOJCHHS:

1= Iintensity(x(t ))  extinction (x())
’ ()

t
X exp| —Iextinction(x(r’))dt’ dr
0
3zeck uepe3 D 0603HAYEHO PACCTOSHKE, HA KOTOPOE JIyd HpO-
HUKaeT B 00beM (B GOJBIIMHCTBE CIIy4aeB OIpPENENIAeTCs Bpe-
MEHEM BBIXO1a U3 OTPAHMYMBAIOLIEH 000I0UKN).

2.2 CkansipHoe none

Ha npakthke ckanspHoe moje s(X) 4acTo 3a7aeTcsl peryJsipHoi
TPEXMEpPHOH CETKOH, KaXIOMY Y31y V; KOTOPOH CTaBHTCS B
COOTBETCTBHE 3HAYECHUE OIS ;. [I7Isl BBIYUCIEHHS IOJIS B IIPO-
W3BOJIBHOI TOYKE NPOCTPAHCTBA BBINOJIHSACTCS MHTEPIIOISIIVL.
IMopsimox maHHON MHTEPIOJSIUM CYIIECTBEHHO BIHMSET HA Ka-
YeCcTBO TeHepupyeMoro m3oOpaxkeHus. CoBpeMeHHbIe rpadu-
YecKHe IPOIEeCCOpHI allapaTHO MOJASP)KUBAIOT TPHIMHEHHYIO
¢unpTpanuio. Jlydmme pe3yiapTaTel 00ecIednBaeT TpUKyOude-
ckast QUIBTpaIHs, KOTOpast MOXKET OBITH peajn3oBaHa depe3 8
orepanuii TpuIHHEeHHOH ¢ubTparmy [9].

2.3 MepepaTtouHble PYyHKLUMN

[IpeoOpazoBaHne CKAIAPHOTO MO S(X) B APKOCTH U3ITydacMO-
ro cBera u Ko3(GHUIUEHT 3aTyXaHHs Ha3bIBAaeTCs KiIacCu(UKa-
nueil. JlaHHOoe mpeoOpa3oBaHME BBIMOIHAECTCS IyTEM 3aIaHHS
MepeJaTOYHBIX (YHKIUH AT BBIYUCICHHS HM3Ty4aeMoH sSpKo-
ctr L(s) n ko duimenta 3atyxanus 7(s). [Ipu Hannuuu nepe-
JNaToO4HBIX (yHKUHMiT uaTerpai (1) 3amuceiBaeTcs B BUIC:

1= TL(S(X(t))) x 7(s(x(z))) x exp| — jr(s(x(t’)))dt’ de )
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B psze ciydaeB Ui BEIYHCIEHUS SIPKOCTH L(s) B KOHKPETHOM
TOYKE Jy4da X(f) MOTYT MCIOJIb30BaThCs aATOPUTMBI 3aTEHEHUS,
OCHOBAHHBIE Ha PA3JIMYHBIX MOJENAX OCBEIIEHUS (TaKUX Kak
mozenu brunna-®doura wnu Omu [yy).

2.4 Tpea- n noct-kKnaccudunkauma

B 3aBucumocTyn ot crioco6a BEMHCIICHUS TIePEeAaTOUHBIX (YHK-
IU{ BBIAGISIOT pa3iMYHbIe THNBI Kiaccudukannu. B ciydae
MOCT-KJIACCU(UKAINY TIepeiaTouHble (QDYHKIMH HPHUMEHSIOTCS
HOCJIe MHTEPHOJSILUK CKaJIapHOro mouns s(x). B ciydae npex-
KJIaccuUKaMu u3Nydaemas SpKocTb M Ko duuueHrt 3aryxa-
HHS BBIYUCIIAIOTCS Ha 3Tare NPErpoLeCCUPOBAHUS IS KaXkI0-
TO Y371 CETKH V; U MCTIOJNB3YIOTCS JUISl MHTEPIIOIALMH B IIPOU3-
BOJIHYIO TOYKY HpOCTpaHCcTBa. Ha mpakTHke NaHHBIH MOAXO[
HPaKTHYECKH HE NIPUMEHSETCS.

2.5 YucneHHoe uHTEerpupoBaHue

B GonpumnHCTBE ciy4yaeB Ui OLIEHKU MHTerpaja (2) UCIOoJIb3Y-
€TCsl IIPOCTOH METOoJ NMPSIMOYTOJIbHUKOB. Bynem cuntaTh, 4TO
OTPE30K HMHTErpPUPOBaHMS DPa30MBAETCS HA 7 SJICMEHTAPHBIX
OTpe3koB paBHOW mimHBI d = D/ n. Torma crnpaBeiuBbI Clie-
IyIOIIUe KBaapaTypHbIe (OPMYJIbL:

tld

exp| - (s(x())ar” | expl - - els(x(ia )
0 3)

tld t/d

=[Jexp(-els(x(i@))d) [T~z

3[[8(31) uepe3 a; 0003HaueHa HENPO3pPavYHOCTDH i-OT0 CErMeHTa
JIy4da. PasnoxxeHrne SKCIOHEHTHI B paa Teﬁnopa TIO3BOJIACT
JOIIOJIHUTEIIBHO YIIPOCTUTH BBIPAKCHUEC!

a, =1- exp(— r(s(x(id )))d ) = T(s(x(id )))d )

[Jannas ¢opMmyna NpeAnoYTUTENIbHA B 3a]a4aX BU3yalM3allUU
pEeanbHOr0 BPEMEHH, MOCKOJIBKY BBIYMCIEHHE SKCIIOHEHIHAIlb-
HOH (YHKLIMM CYIIECTBEHHO CHWKA€T IPOU3BOJUTEIHEHOCT.
AHaNOTHYHYIO OLIEHKY MOYKHO TOJNYYUThb IJIS SIPKOCTH, U3IY-
4aeMOH i-bIM CETMEHTOM JIyya:

C = L(s(x(id )))T(s(x(id )))d (5)

B pesynprare, momydaeM CIeAyIONIyI0 ANNPOKCHMAIUIO IS
uHTerpana (2):

n i—

1
1=3c[1l-a) ©
=0 j=0
Tlomyduennas ammpokcumManus cxoxutes npu d — 0. Ha mpax-
THKE Ui TOYHOH OIIEHKH HENPEpHIBHOTO ITOJBIHTETPAIBEHOTO
BBIp2KEHHSI HEOOXOIMMO PAlIOHANBHO BBIOPATH IIAar AUCKpE-
Tu3anud. {18 MOHUMaHKS CYTH IIPOOIEMBI YMECTHO OOpaTHTh-
csi K Teopeme orcueroB (KoTenpHHKOBaA), COTIIAaCHO KOTOPOH
KOPPEKTHOE BOCCTAaHOBJICHHE aHAJIOTOBOTO CHTHANIa BO3MOXKHO
TOJBKO IO JTUCKPETHBIM OTCYETaM, B3STHIM C YacTOTOH CTPOTO
Oonpmield wacToTel HalikBrucTa (yIBOGHHOH BEpXHEH YacTOTHI
currana). CkaukooOpa3HbIi XapakTep MepeaTOYHbIX (yHKIH
HNPUBOAUT K 3HAYUTEIEHOMY HOBBIIICHUIO YacTOTHI TUCKPETH-
3aIiM, TOCKOJIBKY 4JacToTa HaWKBHCTA y ITOJBIHTETPANbHOTO
BBIDAXKEHHSI B XYJIIEM CIIydae OIEHHBACTCS MPOU3BEICHUEM
JAHHBIX YacTOT y mouis s(X) W mepenaTovHbIx GpyHKImi L(s) u
7(s). B urore KoppeKkTHOe BBIYMCIEHHE MHTErpana MOXET IOo-
TpeOoBaTh COTEH THICSY MHTEPBAIOB AUCKPETU3ALUM AN KaXkK-
Joro syua. JIns paGoThl alropuTMOB BU3yalu3allud B peallb-
HOM BPEMEHH YHCII0O MHTEPBAJIOB OrPaHHMYMBACTCSI HECKOJIBKH-
MM TBICSTYaMHM, YTO MPUBOAUT K Pa3IUYHBIM apTedakTaM B pe-
3yJbTUPYIOIEM H300paXKEeHUH.
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2.6 MpeauHTerpupoBaHHasa knaccudukaumsa

OddexkTuBHEIM crtocoboM 0GOpsOBI C BBICOKHUMH 4YacTOTaMU
HaiikBucra SIBIS€TCS NPEAHHTErPUPOBAHHAS KiacCH(UKALus,
KOTOpas MoJpoOHO paccMmaTpuBaercst B padore [1]. OcHoBHas
uziest CBOAUTCS K JCKOMIO3HMIMU BBIYMCICHUH Ha WHTETPHPO-
BaHHUE CKAIIPHOTO 10JIA S(X) U MHTETPHPOBAHNE MEPEAATOYHBIX
¢bynkumit L(s) 1 7(s). s 5T0oro Ha 3Tane npenpouneccupoBaHms
TeHEepUPYIOTCS TAaOJIMIBI, C MOMOLIBIO KOTOPBIX MOXHO IOJY-
YUTh SAPKOCTh U HENPO3PayHOCTH IPOU3BOJBHOTO CErMEHTa
Jy4a BO BpeMs BH3yanu3auuu. B obmiem ciydae Juist oOparie-
HHS K TaOJIMIIaM HCIOJIb3YeTCsl TPU apryMeHTa: 3HaYeHHe OIS
B HAuyalbHOH TOYKE CermMeHTa Sy = s(X(id)), 3HaueHue Mojs B
KOHEYHOH Touke cerMeHTa s, = s(x(id + d)) m nnmHa cerMeHTa
d. Ecnu ke Jy4un pa30MBarOTCS Ha CErMEHTHI PABHOM JUTHHBI, TO
YHCJIO apTyMEHTOB COKpamlaeTcst 10 AByX. HempospadHocTs i-
Or0 CerMeHTa BhIpaxkaeTcst hopMyJIoii:

id+d

a;(s;,s,,d)=1-exp| — If(s(x(t')))dt’

id

~1—exp —j.r((l—/l)sf + s, )dd/"t O]
0

1
= [el(1-2)s, + s, )ad2
0
AHaJIOTMYHO OLICHUBAETCS SIPKOCTH i-OT0 CETMEHTa JiyJa:

Ci(Sf,Sb,d) ~ J.L((l_/l)s,/ +/1Sb )X T((l_ﬁ“)sf' +}“Sb)
0 ) ®)
X eXp —J.'[((l—/l')sf+/1'sb)dd/1' dda

0

Takum 00pa3oMm, NMpeAUHTETPUPOBAHHAS KiIacCU(UKANUs IO-
3BOJISICT HE YBEIMYMBATh YaCTOTY JUCKPETH3ALMH JUIS CKa4KO-
00pa3HbIX mepenatouHbIx (GyHKIMil. B urore mmeercs moreH-
LU JUIS yJIy4IISHHs Ka4ecTBa BU3yalIU3al[Md U yMEHBIICHUS
YHCIa WHTEPBAJIOB AMCKPETH3allMHM Ha JSTale BU3yaln3alllu
obObema.

2.7 YnpoweHHoe npeguHTerpmpoBaHue

OCHOBHO#M HEIOCTATOK HMPEIUHTETPHPOBAHHOM KiIacCH(DUKALIIH
CBSI3aH C HEOOXOAMMOCTBIO BBIYUCIEHHS TAONUIL, C MOMOLIBIO
KOTOPBIX KajkIoMy HabOpy HapaMeTpoB Sy S, U d CTaBUTCA B
COOTBETCTBUE SIPKOCTh CErMEHTa U €ro HEeNpO3pavyHoCTh. YKa-
3aHHbIE TaOJIULBI 3aBUCAT OT MEPENATOYHBIX (YHKIHMI, 110ITO-
My TpeOyIOT HOBTOPHOTO MOCTPOEHHUS TPU UX MOAU(PHKALHUH.
JlaHHOE MOCTPOEHUE MOXKET ObITh 3P(EKTHBHO BBHINOIHEHO HA
rpauueckoM IpOIECCOope, YTO MO3BOJIUT MOAU(UIMPOBATH
niepeaTouHble GPyHKINH B peabHOM BPEMEHH.

AJIbTepHATHBHBIM BapHAHTOM SIBJISICTCS alllIPOKCHMHPOBAHHAS
MIpeMHTETPUPOBaHHas Kiaccudukanus [1], koropas 0e3 Bu-
JIMMOTO CHIDKEHHSI KadecTBa ITO3BOJISIET OTPAHUYUTHCS OBICT-
PBIM TpEeIBApUTEIHHBIM BEIMHCICHHEM JBYX HEPBOOOPA3HBIX
GbyHKIMiL:

T(s)= jr(/l)d/l &)

K(s)= j.L(/i)f(/i)d/l (10)
0

C ncnonp3oBaHreM NaHHBIX QyHKIuHA ¢opmynst (7) u (8) mo-
TyT OBITH IpeoOpa30BaHbl CIACIYIOMIM 00pa3oM:
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4,(525,,) z%[T(s,,)—T(sf)] (11)
b f

C[(s/,sb,a’)z%[K(sb)—K(s/)] (12)
f

b

Bripakenue (12) mpeamonaraer oTCyTCTBUE 3aTyXaHHS B IIpe-
Jenax OJHOIO CErMEHTa Jyda, YTO OIPaBJAHHO IIPU MajoM
UHTEpBaJIe TUCKPETU3ALHH.

2.8 CrpaTeruv BblMUCIIEHNA LBeTa
Back-to-Front

]

Front-to-Back

]

n

CIH . C()H[ , a()\][
C,a C,a
Y Cnul 3 Cm7 am

nn

] ]
¥ ¥

Puc. 1: CtpaTeruu HaKOIUICHHS IIBETA.

L

Ha ocnoBe anmpokcumanuu (6) CTPOUTCS allTOPUTM 06PAMHO20
(back-to-front) BEIMUCIICHUS I[BETa THKCEIIS:

C™" « C+(1-a)c™ (13)

Anroput™m npsamoeo (front-to-back) BBIMHCIEHUS I[BETa TAKKE
BO3MOJXKEH, OJIHAKO TpeOyeT IOIMOJHUTENBHBIX PECYpCOB JUIS
HOJICPIKKH KO3 GUIMEHTa HETPO3PaYHOCTH:

C™" «C"+ (1 - a"”)C

(14)
a®™ «—a" + (1 -a” )a

HecMoTpst Ha HCHOJIB30BaHUE OMOJHUTEIBHBIX PETUCTPOB M
0OJIbIlIEE YKCIIO ONEpaldii B IMKIE TPACCHPOBKH, aJITrOPUTM
[PSAMOTO BBIYKCIICHUS I[BETA 4acTO 0OJiee MPEANOYTHTENICH 3a
CYEeT BO3MOXKHOCTH paHHEN OCTaHOBKH Jjiyua (early ray termina-
tion). B HacTosmielt pabote peanu3oBaHbl 00¢ CTpaTErHy Tpac-
CHPOBKH.

2.9 CrpaTerumu reHepauum nyyen

B TtumoBoi peaimn3anu MeToaa 00BEMHOTO peHACpUHIa IBET
KaXXI0ro IMmUKCEIId BBIUYUCIIACTCA C IOMOIINBIO OAHOIO II€PBUY-
HOTO JIy4a, A1 OHEHKU SAPKOCTH KOTOPOI'o HCHOJIB3yE€TCA S
HWHTEPBAJIOB NUCKPETU3AIIUU. B kauectBe AJIBTCPHATUBHOTO
noaxoAaa MOXKXHO NPEAJIOKUTh I'EHEPALIUIO R Hy‘Ieﬁ Ha IMUKCCJIb,
HavaJIbHbIE TOYKHU KOTOPBIX ITOCICAOBATCIIBHO CMEIIANOTCA B
Ipeaciax HHTEpBaJla AUCKPETHU3allMh, a YUCJIO HWHTEPBAJIOB
COKpalmacTesa 10 S/ R. OLICBI/IIIHO, YTO BBIYUCIIMTCIIBHBIC 3a-
TpaThbl B oboux ClIydasxX OJWHAKOBBbI, OJHAKO BTOpOﬁ nmoaxon
HUMEECT P NIPEUMYIIECTB.

Bo-nepBhIX, MPOrpaMMHBIH KO UMeeT OOJBIIyI0 CTeNeHb Ma-
paiienu3Ma, OCKONIBKY JIydH B IIpefenax MUKcens o0padarsl-
BatoTcs HezaBucumo. lleiinepHblil KOMIMIATOP MOMYYaeT BO3-
MOXKHOCTB 3()()EKTUBHOTO pacmapanIeNuBaHusl WHCTPYKIHUH,
YTO BEJET K OoJiee MOTHOMY UCIIONb30BaHmIo pecypcoB ['TIY.

Bo-BTOpBIX, JAaHHBIN MOAXOJ MMO3BOJIIET PEAIM30BaTh MPAKTH-
4yeckH OecruiaTHOe MmonHodKpanHoe criaxusanue (FSAA). Jlns
3TOr0 KaXIbld M3 R dydeld HEOOXOAMMO NOMOJIHUTEIBHO CMe-
aTh B Mpefenax NMUKcens 3KpaHHOU muiockocTu. Ilpu 3tom
3 dexTHBHO ycTpaHseTcsl He TOJMbKO 3(PEKT CTyNeHYaTOCTH
M300paXKeHNs, HO M MeJIKHe (COMOCTaBUMBIE C pa3MEpaMH MHK-
censi) apTedakThl BU3yaIH3alHuu.
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B-Tpersux, myun B mpezaenax MHUKCEIs XapaKTepU3yIOTCs BBICO-
KON IPOCTPAHCTBEHHON KOT€PEHTHOCTBHIO, YTO MO3BOJSIET JI0-
MIOJTHUTENIFHO TIOBBICUTH ObICTpozeiicTBHe. TpaccupoBka mep-
BOTO JIyda 4Yepe3 IEHTp IMHUKCEeNs B KauecTBE MOOOYHOTO pe-
3yJIbTaTa AaeT OLEHKY PACCTOSHHSA, KOTOPOe JIyd MPEeoaosIeT B
MyCTOM TIpocTpaHcTBe. JlaHHas nH(OpMaIys MO3BOIAET Tpac-
CHPOBATh OCTATBHBIE JIyYH Cpa3y CO 3HAUMMOH 00IacTH uccie-
Iyemoro oosema. B psme ciaydaeB Takas ONTHMHU3ALUS yBENH-
YHUBAEeT CKOPOCTHh PabOThI B HECKOJIBKO Pa3, MOCKOIBKY 3HAUH-
TEJILHO COKPAIIAeTCs YHCII0 Hanboee TPy A0EMKHX ONepanuii —
BBIOOPOK U3 TPEXMEPHON TEKCTYPHI CKAIAPHOTO MO (OLEHKH
MIPON3BOUTENBHOCTH TIPUBOSTCS Aaiee).

3. PEAIIU3ALIUA ANNTOPUTMA HA 'Y

HecMoTpsi Ha MIMPOKYIO JOCTYHHOCTh TaKMX YHHMBEPCAJIbHBIX
HHCTpyMeHTOB nporpammupoBanus I'TIY kak NVIDIA CUDA
u OpenCL, B HacTosiieii paboTe AJIs ATOU LIENU UCIIOIb30BAJICS
untepdeiic OpenGL u ero meiinepusiii 361k GLSL (OpenGL
Shading Language). BoraTsiii Habop BCTPOCHHBIX THIIOB JaH-
HBIX U IIMPOKHE (QyHKIMOHAIBHBIE BO3MOXKHOCTH MO3BOJISIOT B
€CTECTBEHHOM BU/I€ 3aIIUCBIBATH aJITOPUTM HCITy CKaHHUA nyqeﬁ.
K nocronHCTBaM Moaxozia CIeayeT TAKKe OTHECTH MOJJICPIKKY
rpadM4ecKuxX YCKOpHUTENeH OT pPa3IU4YHbIX MPOM3BOJUTEINEH.
Unrepdeiic OpenGL 1 ero s3pIk LICHAEPOB SBISIOTCS MEXK-
IIAT(OPMEHHBIM CTaHAAPTOM, YTO IIO3BOJIAET HCIIOJIb30BATh
€IMHBII NPOrpaMMHBIN KO AJIS OANEPIKKU CaMbIX Pa3IMYHBIX
matdopm.

‘ Application ‘ Varying Uniform
i Variables Variables

Pixel Coords ‘ ‘ Camera

‘ Vertex Shader

|
‘ Primitive Assembly ‘ Fragment Program
: |
‘ Rasterization ‘

]

‘ Fragment Shader

}

‘ Frame Buffer ‘

Texture Memary

30 Texture ‘ Scalar Field s(x) ‘

D Texture ‘ Precomputed T(s) ‘

D Texture ‘ Precomputed K(s) ‘

Puc. 2: Cxema paGoThI alropuT™Ma BU3yATU3ALUH.

CymecTByeT CTaHIapTHBIH MOJIX0A K OTOOPaKEHHIO aJrOpuT™Ma
UCITyCKaHMs JIy4ei Ha MpOrpaMMHpPYeMBIH IpadUuecKuii KOH-
Beitep. [l MHUIIMUPOBAHWS BBIYUCICHUN CIIEyeT yCTaHOBUTH
napajjieJbHyl0 IPOEKIHI0 U HapUCOBATh IPSIMOYTOJIBHUK,
3aMOJTHSIONIMI BCIO 00JaCTh BUIMMOCTH B OKHE pasmepa N x M
nukceneil. Ha stane pacrepusanuu JaHHOTO NMPSIMOYTOJIBHHKA
Oyzaer creHepupoBaHO poBHO N X M (parMeHTOB, COOTBETCT-
BYIOIIMX NMHUKCEIIM B Oydepe kanpa. Kaxnplii creHepupoBaH-
HBII (parMeHT oOpadaTbiBaeTcsi pparMeHTHBIM IIeHIepoM, Ha
BXOJ KOTOPOMY IEPEAAIOTCsl KOOPIUHATHI MUKCENS U JaHHbIE
JUIs BU3yanu3auuu. Pacrnonarast Bceil HeoOxoanmoi nHpopMa-
e, QparMeHTHBI meldaep TeHepupyeT INepBUYHBIA Jyd
(HecKONBKO JTyuel) M TpacCHpyeT ero uepe3 o0beM COIJIACHO
u3noxeHHoMy Bblme anropurmy. Ilednepnsii sa3eik GLSL
NOJIEPKUBAET TUPEKTUBBI NIPENPOLECCOPa, C MOMOIIBIO KOTO-
PBIX MOXKHO OBICTPO TEpeKIIoYaThesl MEXAY OJIOKaMH KOJa,
peanus3yoIMMU pa3jIMuHble METOJbl BU3yanusauuu. B Tecrto-
BOW BEPCHH IPOTrPaMMBbI MOJIB30BATENb MOXKET BBEIOMPATh MEXK-
Ny mocT-KJIaccuuKanuel u IpeJuHTerpUPOBAHHOM Kilaccupu-
Kalyei, a Takke MeXIy NpPSMBIM M OOpaTHBIM ajJrOpUTMOM
MTPOX0/1a 110 JIy4dy.
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4. AHANN3 PE3YIIbTATOB

JIns omeHKHM KadecTBa M CKOPOCTH PabOTBI PAacCMOTPEHHBIX
AJITOPUTMOB HCIOJIB30BAIUCH IIUPOKO M3BECTHBIEC AAHHBIE JUIS
o0bemHOl Buiyanmmzanuu [10]. Pacuersl mpowmsBoamiucs Ha
rpaduueckoM mporeccope HadanbHOTo ypoBHS NVIDIA Ge-
Force 560 1 I'6 nox ynpasnernem OC Ubuntu Linux 10.10 u
Bupeonpaiiepa NVIDIA Linux Graphics Driver 275.36. Bu-
3yanu3anys BBIIONHIACH B PEKUMaX MOCT-KJIacCH(puKanuu u
MpeIUHTETPUPOBAHHON KIIaCCH(HUKALNM, TIPU 3TOM CpaBHUBA-
JIUCH TPSIMOM W OOpaTHBIN aJrOpUTM BBIYMCICHUS IBeTa. [l
00pabOTKH Ka)XJIO0r0 MUKCENs TeHEPHPOBANIOCh 5 Nydel, Kax-
IIBIH U3 KOTOPBIX pa3duBaics He Oonee yeM Ha 120 MHTEpBAIOB.
Takum o0pazom, oOIee YHCIO AUCKPETHBIX OTCUETOB HA MHK-
cenp He mpeBbimano 600, 9To ABIAETCS CKPOMHBIM IOKa3aTe-
JIeM 1L COBPEMEHHOU rpadmueckoit anmapatypsl. s kaxao-
TO peXXuMa BU3yallM3allM BBHINOJHSIOCH JBa 3aMepa: 0e3 mc-
MONB30BAaHNS U C HCHOJIB30BAaHWEM KOTE€PEHTHOCTH CyOIHK-
CeNBHBIX Nyueil. B cnemyromieii Tabmuie mpeacTaBieHbl Xapak-
TEPUCTHKH BXOIHBIX JaHHBIX U PE3yJIbTAThl IKCIIEPUMEHTA.

Ta6auuna 1: Pe3ynbpraTsl 3amMepa MpOU3BOAUTENIEHOCTH
(xazmpoB / cekyHIy, OkHO 512 x 512 nukceneit).

Post-classification Pre-integrated

Dimensions classification
Description
Bits Front-to- | Back-to- | Front-to- | Back-to-
Back Front Back Front
Bucky 82x32x32 | 100142 | 82/119 | 1501152 | 751140
Ball 8 bit
Daisy 192 x 180 x 168
Pollen Grain 8 bit 59/100 | 58/98 | 66/108 | 66/112
Engine 256 x 256 x 256
Block 8 bit 71/118 | 67/130 | 74/110 | 71/130
Bonsai 812x512x154 | o1 158 | 63/89 | 66/114 | 51/90
Tree 8 bit

Stanford | 512x512x381 | 55,05 | 35779 | 38/47 | 34/44

Bunny 16 bit
Orange 256"82;?”64 61/86 | 75/98 | 84/100 | 60/120

OKCHepUMeHTaNbHbIE JaHHbIE NTOKA3bIBAIOT, YTO MPEIUHTETPH-
poBaHHas KJIACCU(UKAINSA MPAKTHIECKH HE BHOCUT IONOJIHU-
TENBHBIX 3aTpaT Ha 3Talle BU3yalu3alluy 110 CPABHEHUIO C TTOCT-
Kinaccuukanuei. B taHHOM ciy4ae cKOpocTh pabOThI OTpaHu-
YHMBACTCS IPOU3BOJUTENILHOCTHIO TEKCTYPHBIX MOAYJNEH, KOTO-
pble MHTEHCHBHO HCIONB3YIOTCS JUIS BBIOOPKM M (DUIIBTpALUH
3HAUYEHHH CKaISIpHOTO mMojs. Bo Becex pexmnmax pabOTHI YMCIO
JAHHBIX OTIEPAIHii OCTAaeTCS HEU3MEHHBIM.

TIpenunaterpupoBanHas kinaccudukanus (puc. 3) odecrneynBaeT
3HAYHUTENILHO 00Jiee BBICOKOE KayeCTBO M300paKEHHS MPH HC-
nosib30BaHuK Bcero 600 MHTEpBAJIOB JUCKPETU3alMH Ha KaX-
JIbIH mHKcenb. TakuM 06pa3oM, B 0000 TPYAHBIX ciayvasx (Ipu
paboTe ¢ BBICOKOYACTOTHBIMH MEPEIATOUYHBIME (DYHKIUAMH U
CKAISPHBIM TOJIEM) OCTACTCS 3HAYHUTENBHBIN pecypc MOBBIIIC-
HUSI KaYeCTBa 32 CYET YBEIMYCHUS YKCIa WHTEPBAJIOB (BIUIOTH
JIO HECKOJIBKUX Pa3 MPU COXPAHCHHUHU PEATbHOTO BPEMEHH).

be3 wucmonb30BaHUs KOTEPEHTHOCTH CYOIHKCENBHBIX JIy4ei
HAaWIy4IlHe pe3yJbTaThl JaeT METOA INPSAMOTO HAKOIUICHHS
[[BETa C NpPEAWHTErPHUPOBaHHOHN Kiaccupukanmeir. O4eBuaHO,
YTO JaHHBII PeXXUM PabOTHl 0OECIIeYNBACT HAMIYYIIHE YCIIO-
BUS JUIS paHHEi 0cTaHOBKH Jiyya. Mcnonb30BaHne KOTepPEeHTHO-
CTU JJI OTCEYEHHUs ITyCTOTO MPOCTPAHCTBA IO3BOJISET 3HAUM-
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TEJIbHO MOBBICUTH MPOM3BOAUTENBHOCT. BennunHa ycKopeHus
CYIIECTBEHHO 3aBHCHT OT BXOAHBIX IAHHBIX M IEPEelaTOYHBIX
(yHKIMH, OOHAKO B psje ClydaeB HAOIIONAETCs MPHPOCT 1O
IBYX H Oonee pa3. Kpome Toro, ncnonbp30BaHHE KOTEPEHTHOCTH
324acTyl0 BBIBOJMT MeETOJl OOpaTHOTO HAKOIUICHHS IIBETa B
yrcio Haubosee 3Q¢peKTHBHBIX. [10CKONBKY BBIOpATh €IUHCT-
BEHHBIH ONTHMANBHBI MOIXOA HE MNPEJCTABIACTCS BO3MOXK-
HBIM, B NPHKIAIHBIX MPOrpaMMax Ienecoo0pasHO MOIASPIKH-
BaTh PA3INYHbIC PEXKUMBI BU3YAITH3AINH.

5. SAKIIOYEHUE

B Hacrosmielt pabore ObLT peaqu30BaH aIrOPUTM MPIMON 00b-
€MHOW BHM3yaJM3allud Ui MPOrpaMMHUpPYeMoil rpaduueckoit
anmapaTtypsl Ha 0a3e MeToJa MCIyCKaHHs Jyded. AJroput™
MCIIOJIb3YeT NPEANHTErPUPOBAHHYIO KJIacCH(HUKALNIO, KOTOpast
o0ecreurBaeT BBICOKYIO CKOPOCTh pabOThl M KayecTBO BU3ya-
JHM3aLUM JlaXKe JUIS HEIMHEHHBIX MepefaTO4YHbIX (QYHKUUH c
BBICOKMMHU 4YacTtotaMmu. /st paboThl adropuTMa MpakTHYECKH
He TpeOyeTcsl MpeABapUTENIbHBIX BBIYMCICHUH, YTO MO3BOJSIET
Mo (HULUPOBATh TepelaTouHble GYHKIMU B PEaIbHOM BpeMe-
Hu. [IpeioxkeHsl MOAXOAbI SKOHOMHYHOIO MOJHOIKPAHHOIO
CIJIa)KMBaHUA U OTCEYEHHMs IYCTOro MPOCTPAHCTBA OT Hayallb-
HOW TOUKHM Jy4ya 10 3HAUMMOH obmacTn oObema. PeannsoBana
TECTOBasi BepcUs anroputMma Ha 0Oase uHTepdeiica OpenGL n
weinepHoro sa3pika GLSL, koTopsle 00ecreunBaroT BBICOKYIO
MMPONU3BOAUTEIBHOCTE HaA PA3JIMYHBIX MPOTPaMMHBIX W alIa-
paTHbIX I1aTGopMax.
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Puc. 3: Iloct-knaccudukanus (nepsvie 06a cmoabdya) U IpeJAHTETPHPOBAHHAS KiIaccuuKkanus (nocieonue 08a cmoadya).
Bxonusie nannsie (ceepxy snu3z): Bucky Ball, Daisy Pollen Grain, Engine Block, Bonsai Tree, Stanford Bunny, Orange.
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KayecTtBeHHas 06 bEMHaA BM3yanusauua rmraBokcesibHbIX MacCUBOB B
6Nn104YHOM npeacTaBfieHUN Ha NpUMMepax AaHHbIX U3 MeAULUUHbI
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AHHOTaAUUA

OG6cy)IatoTcst  MOAXO[bI, TPHUMEHEHHBIE aBTOpaMH UL
JOCTHKEHUSI TIPOU3BOAUTENBHOCTH W KavyecTBa OOBEMHOIrO
pennepunra Ha GPU wmeromom Volume Raycasting,
JOCTaTOYHBIX JUISl HHTEPAKTHBHOW BH3YaJlH3al[M{ TMTaBOKCEIIb-
HBIX TOMOrpamMMm. M3/0XeHbl OCOOCHHOCTH pa3OHeHHs Ha
6JI0KH, MOPSZOK TPACCHPOBKH OJIOKOB ISt JTy4LICH TPOH3BOIH-
TEJIBHOCTH, @ TaKXKe MeTOIbl IOAaBIeHHs apTeakToB
peHIepuHra M IOBBIIICHWS  Ka4yecTBa  BH3yallM3allUH:
3alIyMJICHHE CTAPTOBBIX IO3MIMH Jydel, TpHUKyOHdYecKas
HHTEPHOJSLKS, [PEJUHTErPUPOBAHHBI PEH/CPHHT, aIalTHB-
HOe M3MEHEeHHe W JpoOieHHe miara Jjyd4a. IIpeacTaBiieHbI
pe3yNbTaThl BEIYUCIUTEIBHBIX 3KCIIEPUMEHTOB Ha BHICOKApTax
CPEIIHETO 1 BBICOKOTO KJIacca U 00CYKIAIOTCS X PE3yIbTaThl.

Keywords: GPU-Based, Volume Raycasting, split into blocks,
pre-integrated volume rendering, adaptive ray-step.

1. BBEAEHME

C pocTOM BO3MOXKHOCTEH MCTOUYHHUKOB JAHHBIX M IPapUIecKux
HPOLECCOPOB TOCTENIEHHO CIOXKHMINCH CISAYIOMINE H3MEHSHHS
B pasBUTHH OOBEMHOW BH3yallM3allMH: 1)BHHUMaHHE aBTOPOB
00paTiiIoch Ha THra- M MYJIBTHTUra-BOKCEIbHBIC OOBEKTHI,
2)OCHOBHBIM IIOAXOIOM K pCLICHHIO CTaja JACKOMITO3HIIHS
uccneayeMoro obbema; 3)BeaymuM MerogoM cran Volume
Raycasting; 4)sexnymieii mpobiemoii crana nmpodiema obecreue-
HHSI BBICOKOTO KadecTBa W (DYHKIHMOHATLHOCTH H300paKeHHs
IPH COXPAaHCHHN WHTEPAKTHBHOCTH; S)MEHSIOTCS OTHOLICHHUS B
PELICHNH 3afadd MEXAY LEHTPAIbHBIM M TrpaduuecKux
HPOLECCOPOM.

Tak, oaWH U3 NMPU3HAHHBIX ABTOPHUTETOB B 00JACTH KadecTBa
BHU3yaJM3aliy, KOMIaHus FOVia, peanns3oBaga KOMMEPUECKYIO
oubmuoreky s obowémuoro penpepunra High Definition
Volume Rendering®  (http://www.foviacom/), koropas
obecrieunBaeT BH3YaIM3alMI0 B PEATPHOM BPEMEHH IS
maccnBa 4096° wmm 64 ruraBokcens. OIMH H3 CEKpETOB
BBICOKOTO KauyeCTBAa BH3yalM3alMH - AJalTHBHOE H3MEHEHHE
mara gyda (http://www.vizworld.com/2010/10/high-definition-
volume-rendering-foviacpu/). Astoper  pabor [9] wu [3]
paccMaTpHBAIOT 3a4auyd C MAcCHBaMH [aHHBIX O0BEMOM B
8192° i naxe 16384° Bokceteil COOTBETCTBEHHO.

B cnydae wucnome3zoBanuss GPU wnpeanbHBIM - XpaHWITHIEM
00BEMHBIX JAHHBIX ABISAETCS TPEXMEPHAs TEKCTYypa, AOCTYITHAS
Opy  HMCIONB30BaHWU  paciuupennii  6ubmuorekn OpenGL.
OJHaKo, CyIIECTBYIOT OTPaHHYEHHS Ha pPa3Mepbl TEKCTYPHI:
512° Bokceneit. Hcmonb3oBaHue OIOYHOTO MPEACTABICHUS
JAHHBIX TI03BOJIIET OOOWTH 3TO OrpaHMYEHHE, XOTSA B LEIOM
npobiieMa OrpaHMYeHHOCTH NaMsITH, foctynHoi GPU, koHeuHO
ocraéresi. Pasymeercs, uto CPU Toxe Oyner ycmemrHo
OIIepUpPOBATh JIMIIb C OOBEMOM HaHHBIX, NMOMEIIAIOMIUMCS B
OIIEpPaTHBHYIO MaMsATh. [103TOMY Hzes ONOYHOrO NpeacTasie-
HMS B TOM WM MHOM BHJI€ MCIIOJB3YEeTCS MPAKTHYECKU BO BCEX
paboTax MOCJIEOHUX JIET ¥ MaKCHMaJbHO IUIOJOTBOPDHA U Ha
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CPU. Kpome [eKOMIO3UIMH Ha MPSIMOYTOJibHbIE OJOKH,
UCTIONB3YIOTCSl TaKXKe OJIOKH C MOJMTOHATBHBIMH IPaHULAMH
[4]: naxe wHeBbImykias MONMIOHANBHAS TPAHHIA CIIOCOOHA
HOBBICUTH TIPOM3BOANTEILHOCTh BBIYHCICHMH. ECTh TMOMBITKH
HPOBECTH [ICKOMIIO3HIMIO OXHOBPEMEHHO O0beMa M OKHa
BU3yaJM3alld¥  COTVIACOBAHHYIO C HAmpaBIeHHEM JIydei,
nonyuuBinee HasBanune dab-based penmepunra [8], uT0GHBI
YMEHBIINTE KIUI-IPOMAaXH JUTsl OIIOKOB, JISXKAIINX BIOJb [AKeTa
JIy4ed, HaXOJIIEerocs B pa3aesiieMON MaMATH, CTApTYIOLIETO ¢
Manoro ¢parmenta okHa. IToKa3aHO TaKKe W HEMOCTOSHCTBO
BBIMIPHIIA U €r0 orpaHnyeHHas ammuryaa (mopsaka 30%) u,
B KOHEYHOM CYETE, CIIOKHOCTD JIABUPOBAHHS MEXIY ILTIOCAMU
M MHHycaMH Meroma. B psame paboT  HCHOMB3YIOTCS
okrozepebst [3],[6]: B pabore [3] - ¢ menp0 OpraHW3oBaTh
YpOBHH  pasHOro  paspemieHus  (momobuo  [1]) s
TUTraBOKCEIBHOTO 00beMa, a B pabote [6] - st opranusanuu
CJIOKHOM ITOJIMTOHABHO-BOKCEILHOM CLIEHBI.

Meron Volume Raycasting mokasan ce0st Kak yCIHEIIHBIA
HHCTPYMEHT U YJaJIeHHUs MyCTOro MPOCTPAHCTBA HA MyTH Jiyda
[13], u mony4yeHus 3a OAMH MPOXOJ Cpa3y HECKOIBKO MOJE3HBIX
IUTsl AMACHOCTUKU TUIIOB BU3yalu3auuu [2], 1 B BU3yaIM3alliu
JAHHBIX CMEIIAHHOTO paspemieHus [1].

ITpoGnema obecredeHns: BBICOKOTO KauecTBa M (DYHKIIMOHAIb-
HOCTH H300paXCHHS MPH COXPAaHEHWH HWHTEPAKTUBHOCTH
BKJIFOYaeT B cebs JBa HampasiieHus: l)obGecrieueHne KadecTBa
BU3YaJIM3ALMH 32 CYET MUHUMHU3ALMU LIYMOB U apTe(akToB, B
TOM YHCIE 33 CYeT DAa3NIMYHBIX MOoAM(HKaLMH MeTona Pre-
integrated volume rendering [11] u craiiH-HHTEPIONANH
HCXOJIHBIX JIaHHBIX; 2)o0eclieyeHne MHOroo0pasHOro |
KayeCTBCHHOTO OCBELICHUS PEKOHCTPYHPYEMOro OOBEKTa,
obeyxmaemoro B padorax [10], [7], [5]. OuepenHoii BHUTOK
untepeca Kk ocsemiennio B 2011-2012 wne ciydaeH: OH
CIEICTBUE TOTO, YTO KaKABI M3 MEPEYUCICHHBIX BBIIIC
METO/IOB BHOCHT JIOTOJIHUTEIbHYIO CIOXKHOCTh B PEANH3ALUIO
JUISL HEro TMOJHOLIGHHOTO OCBEIIEHUS TPEXMEPHOH CIIEHBI,
OTHUMAaeT 3aMETHBIH KyCOK HMHTEPaKTHBHOCTH, TpeOyeT
JOIIOJIHUTEJILHON ONTUMHU3AIIMY BEIYHCICHUMH.

2. METOObI U AIITOPUTMbI

B namieii paGore Takke ucronssyercs Volume Raycasting u
O704YHAst JEKOMIO3MIMS [JAaHHBIX, KaK CAMHCTBCHHas WU
3¢ deKxTuBHAas BO3MOXHOCTH pPAbOThI C THIABOKCENBHBIMU
JaHHBIMU. [Ipy IeKOMIIO3HUIMHU OJIOKH JJaHHBIX 3aMHCHIBAIOTCS B
pasHble TPEXMEPHBIE TEKCTYPhI. TeKCTYpbl UMEIOT OJAMHAKOBbIE
pasMepbl, 3a HCKJIIOYCHHEM TEKCTYp IOTPaHHYHBIX OJIOKOB.
YrtoObl n306ekath apTehakToB B MECTaX COCANHEHHS, COCEAHHUE
0JI0OKM JIOJDKHBI NEPEKPhIBAThCS HA TONIIMHY KaK MUHUMYM B
oauH Bokcenb (puc.l). Droro Oymer AOCTaTOYHO, €CIH B
ANTOpPUTME PEHIEPUHIa NMpPU BHIOOPKAX 3HAYCHUH M3 JaHHBIX
HCIOJBb3YETCsl TOJABKO TPUJIMHEWHas uMHTepnojsuus. B Hamei
peanuzauuM  OJOKM TEPEKPHIBAIOTCS HA TPU  BOKCEIH,
HOCKOJIbKY, BO-TIEPBBIX, IS PeaIn3aliu JOKAILHOTO
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Puc.1: Mnmoctparyst JeKOMIIO3UIMY TaHHBIX Ha OJIOKH.

ocseneHus Mo QoHry BBIYHCIsAEM TPAJUEHT, U, BO-BTOPBIX, MBI
UCTIONB3yeM TPUKYOUUECKYI0 HHTEPIOISILIUIO BEIOOPKH BMECTO
TPUIUHEHHON, B TOM YHCIIe ¥ IPH BBIYHUCICHUH TPAAUCHTA.

2.1 Mnocbl N MUHYCbI AGKOMMNO3ULIUKN
Iniocwr:

1) BO3MOXKXHOCTH 3arpyxaTb OoNbLIME MAacCHBBI JaHHBIX,
OrpaHHYEHHbIC BMECTHMOCTBIO BUeoKapThl (npu 1 I'6 MoxHO
BH3YaJl3UPOBaTh MaCCUB JIaHHBIX pazmepom 512x512x2048).

2) JIeKOMIO3MIHs 3HAYUTENBHO IOBBIIIACT MPOU3BOIUTEIb-
HOCTh BH3YaJIM3allMH, IIOCKOJIBKY MpH peHJIepuHre OJoka
BBIOOpKA MIET U3 TEKCTYPHI MAJOTO pa3Mepa, 9TO 3HAUUTEIHEHO
OblcTpee BBIOOPKM M3 TEKCTYpHl OONBIIOrO pasmepa. biokn
BBIBOJATCSI B TOpsIKe OT HaOmomaTens: dYacTh OJOKOB
SKpAaHUPYETCs MpPOHIEHHBIMU paHee, 4YTO BBI3BIBACT paHHEE
3aBEpILICHUE JIyda.

3) TIIpocTpaHCTBO TPAaCCHPOBKM KBAHTOBAHO pa3MepaMi
610Kk0B. CTpaTerus NpoIrycka «IycThIX» obnactell peannsyema
eme mnpoussoautensHee. Hampumep, ant KT Tomorpamm
00BIYHO MOXHO oTOpocuth mopsimka 40% O10KOB, Kak He
COEPXKAIINX TTOJIE3HOH HHPOPMAIH.

Munycuor:

1) Bonee BbICOKas CIIOXHOCTh aIrOPUTMa pEHICpPUHra —
TJIABHBI  HEIOCTaTOK  OnoyHOTOo  mpencraBiueHus. Ilpwu
pEeHEpUHIe HUYETO HE M3BECTHO O [aHHBIX M3 COCETHHX
OJIOKOB 3a HCKIIOYEHHEM CJIOS MEePEeKPHITUS C COCEIHUMHU
OnokaMu. YCIIOXKHSAETCS peann3anusi OTOpachlBaHUS TEHEH,
Pa3IHYHBIX HEJOKAIBHBIX TEXHHK OCBENIEHHs, M BOOOIIE BCeX
TEXHHK, TpeOyIOMNX TeHepUPOBaHHs BTOPHUHEIX Tydel. Takxe
YCIIOKHSETCSL PEHJEPHHT NPH HCIIOIb30BaHUH AJITOPHTMOB, B
KOTOPBIX JTyd MOXKET HECTH HEKYIO 100aBOUHYIO HH(OPMAIHIO:
B Texnuke MIDA [2] nnst kaxaoro iydya, KpoMe HaKOIICHHBIX
[BETA W HENPO3PAYHOCTH, XPAHUTCSI MaKCUMalbHash HHTEHCUB-
HOCTb.

2) VcnoxHEHHE alropuTMa MyJbTH-OOBEMHOTO PEHIEPHHTa,
IpU KOTOPOM HYXHO IPOU3BOJUTH COBMECTHBIA PEHICPHHT
IBYX W 0oJee IMepeKphIBAIONINXCsl B IPOCTPAHCTBE MACCHBOB
OOBEMHBIX [aHHBIX, KaXIbII U3 KOTOPBIX HMeeT OJI04HOe
NpeJCTaBIeHHE.

3) IlepexpoiTie OJIOKOB O3HAYAET, YTO NPHUIPAHUYHBIC BOKCEIH
OyayT mpoxyOIMpOBaHBI, MOATOMY IPH CIUIIKOM MeEIIKOM
pa3bueHnn (B SKCHEPUMEHTE - MPU pa3Mepe OJIOKOB MEHbIIe
32%) sxonomus mamsat GPU cBenéres Ha HeT.

4) Tlpu CIOHMIIKOM MEJIKOM pa30HMeHHH Ha OJIOKH 3aMEeTHO
YBEJIMUUBACTCSl BpeMs, 3aTpauMBaeMoe Ha “‘IepeKiioueHue”
MeXay Onokamu. Pesynbrar peHiepuHra odepenHoro Oyoka
HEOOXOIUMO CKONHPOBaTh M3 TEKCTYpH, B  KOTOPYIO
TIPOM3BOMICS PEHJICPHHT, B TEKCTypy, W3 KOTOpoil Oyner
YUTATBCSl  JOCTHTHYTbIE 3HAa4YeHHs  (IPOHM3BOJMTENBHOCTH
3HAUUTENBHO TAJaeT yXKe IPH pa3Mepe peryisipHoro Oioka 32°
BOKCeJIEH).
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2.2 Mponyck nycTbix obnacren

Meron mpomycka IycTBIX 0O0OJacTeil mpuMmeHsieTcss HamOouiee
gacto B CPU peammsanusx o0o0BEMHOrO  peHAEpUHTa.
Hcnonb3yroTest ONTHMHU3HPYIOMINAE CTPYKTYPHL: OKTOAEPEBbS,
kd-nepeBbsi, MONMTOHANBHBIC  CETKH, OrPaHUYHBAIOLINC
TpaccupyeMelii 00bEM. B Hamem ciydae mist mro6oit mo3unun
KaMepbl OJIOK 3a/1aéTCsl OrpaHMYMBAIONINM HapajUIeIenHIIe oM,
KOTOPBI ONpezenseT HadalbHble ¥ KOHEUHBIE TOUKHU JIBIKEHHS
myded  BHyTpH Hero. Pa3smep mHOrpaHWYHBIX — OJIOKOB
MHHHMH3UPYETCS M0 pa3Mep HaOII0IaeMbIX TaHHBIX (pHC.2).

T ——

-
N
¥

-
N

Puc 2: Tloaroxnka orpaHNYMBAIOIINX MAPATUISICTHIIEIOB K
001acTsIM JaHHBIX.

[ToAroHKa MPOM3BOIAUTCS  ABTOMATHYECKH MPU  JIHOOOM
M3MEHCHHHM TOYKM HaOIIOICHUS M IEPEeAaTOYHOH (PYHKLHH
(transfer function). [lns peanusanuy paHHEro 3aBepIeHHs Jyda
OPU KaKIOM H3MEHEHHH TOYKM HabIIOACHUs uist OJIOKOB
MPOM3BOIUTCS pa3MeTKa MOpPsIIKa TPACCHPOBKH (puc.3).

Pe3ymprar TpacCHpOBKH OYEpeJHOrO OJOKa IMepemacTcst B
crenyromii 0ok depe3 TekcTtypy. bubmmoreka OpenGL
ofecrieunBaeT CpPEACTBa ISl PEHICPHHra B TEKCTYpy depe3
skpanHbii Oydep (Frame Buffer Objects). Ucnonssyrores nse
TEKCTYPBI, B OAHY M3 KOTOPBIX IPOU3BOANTCS PEHACPUHT OJI0Ka
(TekcTypa s 3amWcH), a Japyras XpaHHT —pe3yybTar
PEHIepPHHIa MPEABIAYINX OI0KOB (TEKCTypa ISl ITSHMS).

Habnopatens

Puc. 3: OuepénHocTh BbIBO/Ia OIOKOB (ClieBa) U 061acTh
9KpaHa, KOMUPyeMasi B TEKCTYPY ISl YTEHHS MOCIIE PEHIEPUHTA
o4epeHOro GJI0Ka IaHHbIX (Crpasa).

Bpemst mepekmioueHHs MekIy OJOKaMH B OCHOBHOM
ompenensercss BpPEeMEHEM KONHMPOBAHUS M3 TEKCTYPBl JUIs
3alMCH B TEKCTYpy Ansl uTeHus. Jlis COKpalleHHs BPEeMEHH
3TOrO KONUPOBAHMS MBI KOIHPYEM TOJBKO Ty YacTh 3KpaHa, B
npejenax KOTOpoi mpou3BoamiIcs peraepunr (puc.3).

2.3 MoBblweHWe KayecTBa BU3yanusaumm
2.3.1 [lodaeneHue apmeghakmos DVR

B wmerone 6pOC8.HI/IH nyl{eﬁ JIyd JABHIKETCA € HEKUM IIarom
qepes O6’béM, J€J1asd Ha KaXJIOM I[are BI)I60pKy 3HA4YCHUA U3
JaHHBIX C HCIIOJIb30BaAaHUEM KaKou-Jmoo HUHTEPIOJIAINHN.
TeKyIueMy 3HA4YCHUIO NAaHHBIX NE€pe€aaTovHas (1)yHKIII/I${ CTaBUT
B COOTBETCTBUC OIITHYECCKHC CBOﬁCTBa, KakK IpaBuJio, IBET U
OpO3pavHOCTh, KOTOPLIE BHOCAT BKJIad B HWCKOMBIH IIBET
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NUKCeIs.  Jy4  IIOIaroBo  “HakarmmBaeT’  LBET U
Henpo3padyHocTh. biarogaps BO3MOXHONH  HEIMHEHHOCTH
nepefaTo4yHoil  (QYHKIMM, Ha MHTEpBAIE MEXIY JBYMS
COCEJTHUMU OTCYETaMH JaHHBIX, LBETOBas WHTEpHpETaINsI
JAHHBIX MHTEPIIOJMPOBAHHBIX MEPEAATOYHON (QyHKIMEH MOXKeT
CYIIECTBEHHO OTJIMYATBCA MO ONTHYECKUM CBOHCTBAM OT TOUEK
Ha KOHIIAX OTpe3ka. OTO MPHUBOIUT K apTedakTam
nocrknaccudukanuu. M3-3a  peryiaspHOCTH  PaCIONOKEHUS
CTapTOBBIX MO3UIMH Jydyed OSTH apTedakTsl HUMEIOT BUJ
KOHIICHTPHYECKHX 3aMKHYThIX JuHHE (puc.4). OmmH u3
peann30BaHHBIX METOJOB OOpHOBI C JaHHBIM apTedakToM -
CABUI CTApTOBBIX MNO3UIMH Jydedl Ha COHANpaBJICHHBIN
CITly4aliHBI BEKTODP: HAKOIUICHHE 3aIIyMJIEHHBIX M300pakeHHH
mactT ycpenuéHHoe wu3o0pakenune 0Oe3 mryma. Hakoruenue
KaJIpoB 11e1€c000pa3HO MPUMEHATH NMPHU OTCYTCTBUH MOIIHOTO
rpaduveckoro mporeccopa, KOTOPHIH ObLT Obl  CHOCOOCH
MPOU3BECTH PEHJEPHHT B PEATbHOM BPEMEHH C JIOCTaTOUYHO
ManbIM 1arom Jiyda. OOBIYHO IS JAQHHBIX TOMOTpaduM IpU
mare MeHee 1/8 ot pa3mepa Bokcemst apTedakThl yxKe He BUIHBI
(puc.6).

Jns yctpanenus apTeakToB, CBS3aHHBIX C HEIOCTATOYHOM
TIAJKOCTBIO HCXOJHBIX JaHHBIX (B BHAE “cTymeHek'),
peanu3oBaHa  TPUKYOMYecKas  MHTEPHONSLMA — MCXOJHBIX
JAaHHBIX <«HaneTy». g 3TOro omyOJMKOBAHHBIH aJITOPUTM
Oukybuueckoit ¢unprparnun [12] pacimpeH Ha TpEXMEpHBIH
ciydaid. Jlns  BBIMONHEHHS OOHOM BBHIOOPDKHM C  Takou
¢unbTpanpeil HeOOXOAMMO  BBIMOJHUTH 8 BBIOOPOK €
TPUIHHEHHOHN QubTparmeii (cM. puc.4).

/ /

Puc. 4: CpaBuenue pe3ynsraroB peraepunara KT TomorpaMmsl
MIPY MCIIOJIb30BAaHUK OOBIYHON TPHIIMHEHHON HHTEPIONISALIUH
(cneBa) 1 TpuKyGHUECKOW HHTepTONALKH (CrpaBa).

2.3.2 AdanmuesHoe UsMeHeHue waaa fy4a

HecmoTpsi Ha BO3MOXKHOCTH KOMIIEHCHPOBAaTh HEJOCTATOYHO
OoNpIIION mIar Jyda TEXHHKOW HAKOIUIHHs KaapoB, Ooiee
NPaBUIbHBIM TOJXOJOM JJI DEHAEPHHTa Ha BHAEOKAapTax
BBICOKOT'O KJIacca SIBIACTCS PEHAEPUHI OJHOTO HM300paKeHUs
BBICOKOTO Ka4yecTBa, T.€. C MajbIM IIAaroM Jyda — oOBEMHBIN
pennepunr Boicokoro paspemenus (High definition volume
rendering). CoBpeMeHHBIE Tpa(uUecKHe MPOLECCOPbl MOTYT
o0ecreuyrBaTh BU3YAIM3ALUIO B PEaJbHOM BPEMEHU OOJBIINX
JMAaHHBIX C YacTOTOW BHIOOpKHM 8 Ha oauH BOKcenb. OmHAKo,
HPOM3BOJUTENBFHOCTD TAKOTO PEHAEPHUHIA MOXKHO 3HAUUTEIHHO
NOBBICHTb, HW3MEHSAA MJIMHY LIara Jiydya aJanTHBHO B
3aBHCHMOCTH OT 3HA4Y€HMS JAHHBIX B TEKyIIeH MO3WIUH, HE
yXyZLIas OPH 3TOM Ka4ecTBa PeHACPHHTa.

[IpeanaraeMslii HaMU aJITOPUTM HIUTIOCTPHPOBaH Ha Pucynke 5.
Msbl TpaccupyeM Jiyd ¢ HekuM Oombmmm mrarom (0,5 or
pa3mepa BOKCEISI) W Ha KaXAOM IIare AejiaeM BBIOOPKY H3
JAHHBIX B TEKyIIeH MO3UIMH yda. B ciydae ecam Mbl monanu B
007acTh BUAMMBIX TAHHBIX (T.C. 3HAUCHHE TEKyIUeW BBHIOOPKH
HE COOTBETCTBYET IOJHOM MPO3PaYHOCTH), TO MBI COBUTaeM
HAaIll Jyd Ha Iar Ha3aj ¥ HavYMHaeM WATH ¢ umarom 1/8 or
CTaHjapTHoro mara. Ilpm sToM Jenaerca 8 1miarop u
HaKaIUTMBAeTCsl I[BET M HEMpPO3pavyHOCTh TaK e, Kak B
OOBIYHOM PpEHJIEPUHTe C TOCTOSHHBIM ImaroM Jyda. Ha
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Bugeokapre GeForce GTX 580 mnpu mare nyya 1/8 rakas
ONTHMHM3ALMS YCKOPSIET PEHACPUHT B CpeqHeM B 3 pasa, Ipu
mare 1/16 — B 6.2 paza.

Puc. 5: Unmoctpanus ApoOiaeHus mara jy4a B 3aBUCUMOCTH
OT 3Ha4YeHMs BEIOOPKHU M3 IaHHBIX. JIyd ABUraercst ¢ GOIbIIUM
maroM (KHPHBIE TOYKH) U B CIIydae HaXOXKICHHS B BHANMOIT
obracT IPOM3BOAUTCS cepusi u3 8 BEIOOPOK Ha OTPE3Ke OT
MPEABIIYIIEro 1mara 10 TeKyIero (BockMasi BEIOOpKa
COBIA/IaeT C MO3UILHEH TEKYIIEro 1rara).

Puc. 6: CpaBHeHHe KauecTBa peHIeprHra (ClieBa Harpaso) MpH
ware siy4ya B 1 u 1/8 ot pasmepa Bokcess.

2.3.3 [pobneHue waza ny4a 6e3 ysenu4yeHus
Koruyecmsa 8bI60pOoK U3 OaHHbIX

Puc. 7: CpaBHeHnue kauecTBa o6brunoro (a) (4.6 fps) u merona
pas6uenus mara ay4a (6) (4.2 fps). Mlar nyua — 0,5 ot pasmepa
BOKCEJIS.

YMeHbIlIeHHe Iara Jiyda XOpOILIO yCTpaHseT apTeakTbl, HO
YUCIO  BBIOOPOK  MPH  STOM  3HAYUTENBHO  CHIDKAET
HPOM3BOJUTENBHOCTE. [IpeIOKeH M MCCIENOBaH Menoo
Opobaenusi waea Tyda 0e3 yBEIHYEHUS KOJIHMYECTBA BBHIOOPOK
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u3 pansbiX. lar gyua ymensiien B 20 pa3, HO BbIOOpKa U3
J@HHBIX BBIIOIHIETCS TONMBKO Kaxasle 20 mraros. Buyrpu mara
BBIOOPKH HCIONB3YIOTCS MHTEPIIONHUPOBAHHEIC 3HAUYCHHS. YIKe
JMHeWHAs HHTEPNOINMI0 AT 3HAYUTENBHOE YIIydLICHHE
kayectBa (puc.7).

2.3.4 [lpeduHmezpuposaHHbIli 06LEMHbIL
peHOepuHe (Pre-Integrated Volume Rendering)

JloBonbHO 3G (EKTHBHBIM METOJOM YCTpaHEHUs apTe(akToB,
CBSI3aHHBIX C “IPONETOM” Jyda MUMO BHAMMBIX OCOOCHHOCTEH
B MPOCTPAHCTBE, SIBISACTCS MPEAMHTErPUPOBAHHBIN 00BEMHBIN
pernepunr [11]. Wpmes 0OBEMHOrO peHAEPHHTA COCTOUT B
BBIUHMCJICHHUN MHTErpajla peHJIEPUHIa BIOJIb JIyda JUIS KaXKI0ro
MMKCENST SKpaHa METOOM NpSIMOYroibHUKOB. Vnes meroza
HPEIMHTETPUPOBAHHOTO PEHJIEPUHIA COCTOUT B 3aMEHE METo/1a
HPSIMOYTOJIbHUKOB Ha METOJ 0oJiee BBICOKOTO MOpsi/Ka. Yike
METOJl Tpameuuil NaéT 3HAYUTEIbHOE YIy4YIEHHE KauyecTBa.
TpeauHTErpHPOBAHHBIM PeHAEPHHT 0co0eHHO Xopouio (puc.8)
CKa3bIBACTCSl HA BU3YAIU3ALMH TOHKHMX CJOEB, KOTOPBIE MOTYT
OBbITH TPOMYIIEHbl B OOBIYHOM peHjepHHTe (M30aBUTBCSA OT
3TOr0 MHOTJIA HE MOMOTaeT M 3alllyMJICHHE IMO3ULHUM CTapTa
dyda - apreakThl OCTAIOTCS JaXe IpPU YCPEIHEHHH MO
JIECSITKaM KaJpoB).

JlaHHbIi METOJ OTJIMYAETCS OT MeToJa pa3OWeHus Imara Jiyda
TEM, 4TO 371€Ch MBI CTAPAEMCsl TOYHO BBIYMCIUTH MHTErpajl Ha
OTpe3Ke MEXIy COCEeAHMMH BbIOOpKamu Ha siyde (puc.9). B
JAHHOM METOJIE MCIIOJIB3YeTCs IPEANHTErPUPOBaHHAs TabIHIIa,
KOTOpast Juisi JIOOBIX ABYX 3Ha4YeHWil naHHbiXx (8, b) xpaHuT
LBET ¥ HEMPO3PayHOCTh, KOTOPBIE JODKEH HAKOMUTD JyY, IPU
HPOXOJIE 1O OTPE3KY, B HaUaJIbHOH TOYKE KOTOPOTo BHIOOpKA 3
JaHHBIX ObUTa paBHa &, B KOoHeyHoH — b. Ilpu u3MeHeHun
nepenaToyHol GpyHKIMK TabIuIa MepecYUTHBACTCS.

Puc. 8: CpaBHenue kauecTBa 00bIYHOTO (CIIpaBa) 1
MpeJUHTErPUPOBaHHOTO peHepunra (ciaesa). Illar ayya — 0,5
OT pa3Mepa BOKCEJIs.

Henocratox MIPEJUHTErPUPOBAHHOTO peHaepuHra -
HEOOXOIMMOCTb BBIUHCIATH NPEANHTETPUPOBAHHYIO TAOIHILY
BCSAKMH pa3 TpH HW3MEHEHHM IepenaroyHoi ¢ynkmuu. Ha
MIPaKTHKE M3MCHEHHE IepelaTOYHOH (YHKIMH MPOUCXOAUT B
npouecce UHTEPAKTUBHON BU3yalU3alluu MOCTOSIHHO. [Ipuuém,
B MOAXOJaX, UCIOJB3YIOMINX METOABl MHTETPHPOBaHUS Ooliee
BEICOKMX TIOPSIIKOB Pa3MEPHOCTb TaONHIIBI yBEITMYMBACTCS.
Tak, g Meroma mapabonl HyXHa TpEXMepHas Tabnmia,
KoTOpast OyIeT XpaHUTh ONTHYECKHE CBOMCTBA OTPE3KOB ITyTeH
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Jqy4a, KOTOpble OYAyT ONpENensaTbCs yxKe TpeMs 3HAuYCHUsIMU
[11].

o0

~

Puc. 9: Mmmoctparnus 0OBIMHOTO peHIEePHHTa, IIPH KOTOPOM
YacTh JIy4eil He MOMaJar0T B CHHIOK 00J1acTh (cieBa) u
[PeUHTETPHPOBAHHOTO PEHICPUHTa (CIpaBa).

2.3.5 Apmeghakmsbi Ha epaHuyax 6s10ko08

Kak 0bu10 OmucaHo BbINIE, IS YCTPAHEHHS BHIMMBIX IIBOB HA
TrpaHHUIaX COCEJHHWE OJIOKH JIOJDKHBI TEPEKPHIBATHECS HA
rpaHHIaX, B Hallel pealu3allii TOJIIWHA TEPEKPBITHS
COCETHUX OJIOKOB COCTAaBIJIICT TPU BOKCENS, YTO ITO3BOJISET
MPaBWIFHO BBIYHCIATH HA TpaHUIE 0JIOKA TPATUCHT, AaXe MPH
HCTOJIB30BaHAN TPUKYOW4ecKod WHTeprosuu. OJHAKO, JIIsS
ycTpaHeHHs apTedakToB Takke HEOOXOAWMO, YTOOBI IS
KaXJIOTO THUKCEIs HCKOMOTO HW300pakKeHHs MyTh Jyda ObLT
HenpepbiBeH. [lpn peHnmepuHre odYepeqHOro OJIOKa JIydH
JIOJDKHBI CTapTOBATh B MO3HMIMUAX, OBIBINUMH “ CIICTYFOIIAMH”
JUIE COOTBETCTBYIOIUX JIy4e MPH PEHACPHHTE MPEIBLIYIIHX
OmokoB. EnmHCTBeHHas JnocTymHas wHMoOpMamus O JIyde-

NpEeAIECTBEHHUKE — 3TO KOOPJAWHATBI COOTBETCTBYIOLIETO
TTHUKCEIIA u HaKOIIJICHHBIC OBET u IpoO3pavYHOCTb
COOTBETCTBYIOLIETO TIUKCEJIA. KOOpHI/IHaTI)I TTHUKCEIIA

HCIIONIB3YIOTCSL Ui  TEHEpUpOBaHHUSl  CIy4YalHOTO  4YHCIIa,
KOTOPOE HCIIONIB3YETCs NpU CIIydyailHOM CIIBUT€ CTapTOBOU
TTO3UIINY JTy4a sl ToaBieHus apredakTos. T.k. s jmydeid u3
pasHbIX OJIOKOB, HO HaxOJANIMXCS Ha OJHOW JIMHUH,
KOOpPJIMHATHI MUKCENsI OJHU U T€ XK€, TO U CIy4alHbIl cABUT
Uis HAX OyJeT HEW3MEHEH, 4YTO MO3BOJUT MPOJIOJIKATH
JIBIDKEHHE JTyda 0e3 pa3pbIBOB.

3. BbIMUCIIUTENbHbIE 3KCMEPUMEHTbI

3.1 MpousBogUTenbHOCTb ANA BUAeokapT
noTpebuUTenbLCKOro Knacca

Hmke mpeacTaBiIeHbl pe3ysbTaThl SKCIIEPUMEHTOB 10 3aMepy
MPOU3BOUTEIBHOCTH PEHJEPHHra IMpU BBHIOOPE pPa3IHYHBIX
pa3MepoB GJIOKOB, Ha KOTOPBIC MBI JCIMM MAacCHB JIaHHBIX. B
HalIeM CJIy4ae HCIONB3YIOTCS KyOHdeckue OJIOKH pa3zMepamu
cToponsl 32, 48, 64, 96, 128 u 256. /11 BEIOpaHHBIX TECTOBBIX
MaccMBOB JaHHBIX W Buaeokaptel GeForce GTS 250
ONTHMAaJILHBIMH pa3MepaMH oKa3aianuch 64 n 128 B 3aBucumoctn
OT JAaHHBIX. VICIONB30BaHO 5 TECTOBBIX MAaCCHBOB JaHHBIX,
KOTOpBIE O0LIEIOCTYIHBI B ceTH. KpoMe TOro, Mbl HCIIOJIb3yeM
TPH Pa3INYHBIX TEXHUKH BU3YaJIN3aLHH:

1) O6bémHBII peHepuHT 6e3 3aTeHEHUST;
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2) OOBEMHBII PEHIEPHHT C 3aTEHEHHUEM T10 JIOKATBHON MOIENH
oceleHus Ooura;

3) OOBEMHBII peHIepuHT 6e3 3aTeHEHHs C TPHKYOUUeCKON
BBIOOPKOH BMECTO TPHINHEHHOM.

B maHHBIX 9KCIEPUMEHTAX MBI [EPEKPHIBACM HAIIM OIOKHM Ha
TOJIIMHY B JABa BOKcess. Pasmepsr okna BeiBoma: 800x600
nukcenei. [lar nyya B anropurme Ray Casting: 0,34 ot [utiHbBI
JuaroHanu Bokcenst. Mcmomp3oBaHHas BuIeokaprta: GeForce
GTS 250.

Puc. 10: Tecrossie nanusie: A) hand 244x124x257 (KT
nansbie); B) Beetle 832x832x494; C) melanix 512x512x1203
(KT mannsie); D) x-mas 512x512x999 (KT éxnkn); E) vessels
5123 (MPT ToMorpamMma cOCyI0B FOJIOBHOI'O MO3Ta).

fps
60 block

size

m32
w43

w64

HS6

m128
m 256

hand beetle melanix x-mas vessels

HMuarpamma 1: Cpensisi o pa3inuHbBIM METO/IAM PEHJICPHHTa
MIPOU3BOIUTEIILHOCTD PEHJIEPUHTA ITPU PA3IMYHBIX Pa3zMepax
OyoKa pa3OHEeHUs TAaHHBIX.

fps
35,00 block
size
30,00
32
25,00 48
20,00 m6a
15,00 W96
10,00 m128
5,00 H 256
0,00
DVR shaded DVR DVR (tri-cubic
sampling)

Juarpamma 2. CpenHsisi 10 TECTOBBIM IaHHBIM
MPOU3BOIUTEIFHOCTD PEHICPHHTA IIPH Pa3IMYHbIX pa3Mepax
Onoka pazoueHus.

3.2 YcKkopeHue onTMMU3UPOBaHHbIX NOAXOA0B
Ans BUAeoKapThbl BbICOKOrO Kiacca

s cnemyrommx 3KCIEPHUMEHTOB HCIOIb30BaIach BHIEOKApTa
GeForce GTX 580, pa3mep 0Onoka maHHBIX ObLT BBIOpaH
paBHbIM 256°. Tlpu Oonee MenkoM pa3OUEHHM KOJIHYECTBO
OJIOKOB  CTAaHOBUTHCSA JOBOJBHO OOJBIIMM, YTO CHIIBHO
YBEIMYMBACT CYMMAapHOE BpEeMs Ha MEPeKIIIOYCHHE MEXIy
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6mo0KkaMu, OCOOEHHO TIpU HMX OONBLIOM KonudecTBe. Tak,
MaccuB JaHHbIXx MUlti2 Obut pa3ouT Ha 88 G0KOB pasmMepom
256° Bokceneil Kaxaplid, He cuuTasi OJIOKOB MEHBIINX Pa3MEepPOB
Ha TPaHMIAX MACCHBA. YUHTHIBAS, YTO JaHHBIC XPAHWIHCH HA
GPU B 12-6utHoM (opmare (THIHYHOM JUIS METHIMHCKHX
JaHHBIX), BeCh MaccuB 3aus 216 mamsatu GPU .

Jlnst momy4yeHus TECTOBBIX JAHHBIX OOJBIIMX Pa3MEPOB B OJUH
MaccMB  ObUIM ~ HCKYCCTBEHHO OOBEIMHEHBl  Pa3IUYHbIC
TomMorpammel. Ha nuarpammax 3-4 mpeacTaBiIeHbI Pe3ysbTaThl
3aMEpOB TPOU3BOAUTENHPHOCTH PEHAEPUHIa C MEPEMEHHBIM
MIaroM JIyda M YCKOPEHHE MpPOU3BOJUTEIBHOCTH OT 3TOM
ONITHMH3ALUH.

B ImaHHBIX 9KCIIEPUMEHTAX MBI [EPEKPHIBACM HALIM OIOKHM Ha
TOJIIIMHY B TPH BOKCENsS, T.K. IIOMHMO TPEX pPEKHUMOB
PEHIEpPHHIa, HCIOJb30BAHHBIX DPaHEee, MBI HCIONB30BAIH
PSKMM ~ PEHACPUHra €  JIOKAJIGHBIM  OCBEIICHHEM  C
TpuKyOuueckoii uHTepnomsuued (pexum cubic SDVR wa
nuarpammax  3-4). Pasmepsl okHa BeiBoma: 1920x1018
nukcenei. [lar nyya B anroputme Ray Casting: 1/8 ot mtuHb
CTOpOHBI BOKcens. Mcmonmb3oBaHHas Bumeokapra: GeForce
GTX 580 3Gb.

|

(a) (0) (8)
Puc. 11: TecroBble nannbie: a) amnesix 512x512x1624; 6)
multi1l 512x512x1981; 8) multi2 512x512x5382.

bnaromapsi TexHHKEe WM3MEHEHUMs IIara dyda MPOHM3BOIUTEINb-
HOCTb PEHJEpPHHTa TOpa3l0 MeEHee UyBCTBUTENbHA K
YMEHBIIEHUIO JUTMHBI 11ara jTy4a. Jleno B ToM, 4TO perysipHbIi
HIar JIy4a Mbl OCTaBJISIEM HEM3MEHHBIM, HO MBI YBEIUUHBAEM B
JIBa pa3a 4UCIO BBIOOPOK TOJNBKO B OOJACTSAX IPOCTPAHCTBA,
T7le JaHHble BHUIUMBL. TecTOBbIE MaHHBIE M HACTPOHKH
BU3yallM3allUd TaKOBbl, YTO JIyd OOBIYHO O4YEHb CKOPO
HaKaIUTMBAeT HEMPO3PAYHOCTh U OCTAHABIMBACTCS.

35,00
30,00 ~
25,00
B melanix
20,00 .
EPS M amnesix
15,00 X-mas
B multil
10,00 -
M multi2
5,00 —
0,00

DVR sDVR cubicDVR  cubicsDVR

Juarpamma 3. [Iponu3BOIUTEIBHOCT PEHICPUHTA C
aJalTHBHBIM IIArOM JIyda
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4,50

4,00

3,50

3,00 B melanix
YckopeHue oT 2,50 M amnesix
onTMMM3auMM 5 0 w-mas

1,50 m multil

1,00 umulti2

0,50

0,00

DVR sDVR  cubicDVR cubicsDVR

Juarpamma 4. YckopeHne peHIepHHTa ¢ aJalTHBHBIM
M3MEHEHUEM IlIara Jry4a [0 CpaBHEHHUIO ¢
HEONTHMU3UPOBAHHON BepCHEH IIPU TEX KE yCIOBUIX.

OpHako, A1 ciaydas cpelbl C HU3KOM HENpo3padyHOCThIO, B
KOTOPOH JIyd MOXET TPacCHPOBATHCS OOJBIIOE YUCIIO MIAroB M
Ha KOXIOM W3 HHUX HAKalUIMBaTh LBET M HEIPO3PadHOCTb,
TOHAIOONTCS IPpyTroil CcrIoco6 MOACTPOHKY Iara, IIpH KOTOPOM
JUIMHA Inara Oy#eT MeHAThCS OoJiee IUIABHO NPH H3MEHEHUH
ONTUYECKUX CBOMCTB Cpe/Ibl.

MaccuB JaHHBIX X-MaS OTJIMYEH OT OCTAJIBHBIX TEM, YTO UMEET
CJIOXHYIO TOIOJIOTUIO BHAUMOH OOJACTH IPOCTPAHCTBA, UYTO
3aTpyAHSCT  HUCIOJB30BAHUE  PErYJIPHBIX  YCKOPSIOMIUX
CTPYKTYp M OIpPaHMYMBAIOIIEH TEOMETpUM JUIi HpOILycKa
mycTelx oOmacrei. TexHnka W3MEHEHMs Iara Jyda He
BOCIIPUUMYUBA K TOIOJIOTUHU JAHHBIX U SIBISETCS JOCTATOYHO
YHUBEpCaJIbHOM.

4. 3AKINIOYEHUE

PaccMoTpeHBI coBpeMeHHBIE TeHICHIINN B PA3BUTHH 00BEMHOM
BU3YalM3allMd W JCTa KOMIUIGKCHOTO PEIICHHS Ui
HHTEPAKTHBHOTO BH3yalM3aTOpa TMraBOKCEIBHBIX TOMOIPAMM.
OcHOBY cocTaBmiIa MeXIuardpopMeHHas peanmsanus Ha GPU
6JI0YHON JIEKOMITO3UIIMK MMIABOKCENIBbHBIX JAHHBIX JUIS METO/a
Volume Raycasting. M3noxeHbl 0COOCHHOCTH pa3OHeHHMs Ha
610KH B YCIIOBHSIX MOJIETIMPOBAHHS OCBEIIEHUS
PEKOHCTPYHPYEMOTO O00BEKTa, YCTpaHEHHE HEeKelaTebHBIX
apTe(akToB, MOPSIOK pEHAEPUHra OJOKOB Ui Jydiieit
MPOU3BOIUTEIBHOCTH, METOIbl  IMOJAABICHHS  apTe)akToB
peHIepuHra M IOBBIIICHWS  Ka4yecTBa  BH3yallM3allUH:
TPUKyOHWYeCKass HMHTEPIOSALMS, pealu3alys OpeJuHTerpH-
POBAaHHOTO PEHICPUHIa, METOIbI APOOJICHHS W aJanTHBHOIO
HW3MEHEHHSI 1ara Jiyda.

Pesynmprats IKCIIEPUMEHTOB IOKa3aIn BBICOKYIO
MPOU3BOJIUTENBHOCTh PEHJICPHUHTA Uil BUaeokapTel GeForce
GTX 580 3Gb, jgocrarounyio Uit BU3yaIH3alUd
TUTAIHKCEIEHBIX TOMOTPAMM.

Bnaromapst MeTomam ycTpaHeHUs] apTe(akTOB W YBEIMIECHHS
4acTOTHI BBIOOPOK TIPH PEHIEPUHIEe KA4ECTBO WHTEPAKTUBHOM
BU3yalM3alMd CpaBHUMO ¢ KadectBoM CPU-peanmsarmu ot
KoMmanuu Fovia.

C pocToM 00BEMOB JaHHBIX M YCIOKHEHHEM CIICH MPOJIOJKHUT
pacT 3HaYCHUE ONTHMHU3UPYIONINX CTPYKTYP U METOJIOB, KaK 1
MaCCHUBHO-TIAPaJUIEBHBIX YCTPOMCTB, 00ECIeYHBAIONINX MTOTO-
KOBbIC BBIYHCICHHS HWKHEro ypoBHA. CleayeT OXuaaTh
ToBbIIeHus posn ogHoBpeMenHo 1 CPU, u GPU, 1, ocobenHo,
HX COBMECTHOTO IPUMCHEHHS.

Russia, Moscow, October 01-05, 2012
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AHHOTaUuA

B nanHOW cTaThe TpemnaraeTcs METOA  MOZIENIHUpPOBAHMS
JUHAMHUKH XKUIKOCTH M €€ B3aMMOAEHCTBHS C OKPYXKAIOLIUM
BUPTYaJIbHBIM MHPOM B  HMHTEPAaKTHBHBIX TpapHUIecKHX
NpUIOKEHUAX. Takoi TOAXON TNPHUMEHHM JUIl aHUMaluu
pasnmBa BOJBI HA JIOPOTe WM TOMAAaHUs 00BEKTa IOJ CTPYIO
Bojonana. OOBEM IKUAKOCTH MpeAcTaBisercs HabopoM
B3aMMOJCHCTBYIOIIUX JPYT C JPYroM YacTHL, HMOBEPXHOCTb,
(bopmupyeMas OKPYKAIOIUMH KUAKOCTh 00BEKTaMH, 3a1aETCs
KapTOd BBICOT W HOpMaJled, a MOBEPXHOCTb O KHIKOCTH
TeHepUPYETCS M OTOOpakaeTcsi KaK IOJMIOHANbHAs CeTKa.
Bricokast ckopocTh pacyéra Kazipa, O3BOJISIONIAs TIPOU3BOIUTH
AQHUMAIMI0O B pEATbHOM BpPEMEHM, MAOCTHraeTcs 3a CuéT
UCIIOB30BaHHUSI BO3MOXKHOCTEH S((EKTHUBHBIX MapalIeNIbHBIX
BBIYMCICHUI  OOIIEro  Ha3Ha4YeHHS Ha  COBPEMEHHBIX
rpadM4ecKuX IpoLEeccopax ¢ IMOMOIIbI0  IPOrPaMMHOIO
unTepdetica DirectX 11.

Knroueswvie cnosa: Mooenuposanue Kuoxocmu GPU, Kapma
Buicom, Juuamuxa Kuokocmu 6 Peanvnom Bpemenu.

1. BBEAEHUE

B COBpeMEHHBIX TPHIOKEHUSAX BUPTYAIbHOW pPEaNbHOCTH,
TpeOoBaHHS K KOTOPHIM IO KAa4eCTBY TI'€HEPUPYEMbIX
M300paKEHHH  IOCTOSIHHO  pacTyT, MOJIEIHPOBaHUE U
BU3YAIIM3alMs JKUAKOCTEH SBISETCS aKTyaJdbHOM 3amadeil.
Hcnonp3oBanue MporpaMMHpPYeMOTo KOHBEHepa BUICOKapTHl B
KauecTBE MaTeMaTHYecKoro Ccompoleccopa — OAMH U3
HEMHOTHX CIIOCOOOB TIOJNyYEHHs] HWHTEPAKTHUBHBIX CIIEH C
NPHUCYTCTBYIOIIEH Ha HUX JKUIKOCTBIO.

[Nonnast peanu3anus CUMYJSIMU Ha rpaduueckoM Iporeccope
MO3BOJIIeT  M30ekaTh  MHOTOKPATHOTO  OTHOCHUTEINIBHO
MEJJICHHOTO  KOIIMPOBAHUS  JAHHBIX MEXIY CHCTEMHOM
HaMSATBHIO U TTaMSTBHIO BUIEOKAPTHIL.

D¢ HEeKTUBHOCTD MOACITUPOBAHNUS B3aUMOICHCTBHS KUIKOCTH C
TBEP/ION TMOBEPXHOCTHIO OKPYKAIOLIET0 BHUPTYaJIbHOTO MHpa
MOJKET OBITh IOBBIIIEHA TPUMEHEHHEM TEXHUKH, HE 3aBUCSIICH
0T cr1oco0a NpeCTaBIeHUsI 00BEKTOB CLEHBL.

2. QOCTMXXEHUA B NPEOMETHOM OBNACTU

B mHacrosimmee Bpems B urpe Alice: Madness Return [5]
peanM30BaHO  MOJCIUPOBAHME  IMOAOOHBIX  SIBICHHUH ¢
ucnons3oBanueM 10 10000 wactum, omHAKo OTOOpakeHHE
JKHJKOCTH TPOBOJIHUTCS 00pabOTKOM MpOEKIHMH MOAENH Ha
9KpaH. MHOKECTBO peaM3aliii MOJCITHPOBAHUS IKHIKOCTH
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Ha0OPOM YaCTHI[ IIPEACTABICHO B PaboOTax MO HCCIEIOBAHUIO
BO3MOYXHOCTEH MapauIeNIbHBIX BBIYHUCICHUH Ha BHIEOKApPTaX C
ucnonszoBanueM CUDA [4]. Opnako B Takux 3ajadax He
U3y4aeTcsi HU  BONPOC  B3aUMOJCHCTBUS  JKHIKOCTH C
OKPYXAIOIIUM MHPOM, HH NPUMEHEHHE Pa3IMYHBIX METOJOB
BU3YaIIM3aLlH PE3YIbTaTOB MOJICIMPOBAHMS HA SKPaHE.

B craree [1] mpemmaraercs MeTon, NpH KOTOPOM BBICOTA
cronba JKUAKOCTH HE BIMAET HAa OOBEM BHIYHMCICHHH,
MOCKOJIBKY JIeTalbHOE BHHMAaHHE COCPEJOTOYEHO Ha BEPXHHX
CJIOAX JKUAKOCTH, HO IPH CHUMYJSIIMM IIPOLECCOB pPa3iMBa
XKUJKOCTH I10 TIOBEPXHOCTH IPEUMYLIECTBA TAKOTO I10X0/a He
nposiBiT cebs. B pabore [2] mnpencraBieHa TeXHHKA,
KOMOMHHpYIOLIash ~ MOJENHpOBaHWE  Ooybiioro  oObEéMa
KHUJIKOCTH YacTHLAMM M II0JIeM BBICOT, IPU 3TOM TBEpAas
MOBEPXHOCTh OKPYIKAIOIIEr0 MHpa 3amaéTcsl IOJUIOHATBHON
Mozenbto. B [7] onmceiBaeTcs airopuTM, MO3BOJISIIOIIMN
NPE/CTAaBIATh MOBEPXHOCTh JKUAKOCTH B BHae Habopa
TPEYTrOJbHUKOB, KOTOPBIH Ha KaXKJOM IIare Moguduuupyercs,
a He TeHepupyeTcs 3aHOBO, HO peaju3aluy MeToJa Obuia
IPOM3BEJICHA TOJBKO Ha LEHTPAJbHOM MpOLleccCope U Jana
YacTOTy KaJIpOB aHMMaIMH 6 Kaap/c.

3. BbIBOP TEXHONOIMA

B Hacrosmee BpeMms CyLIECTBYeT MHOXKECTBO peau3aluit
MOJIENMPOBAHHUS KUAKOCTH HAOOPOM YacTHIl Ha TrpaduIecKoM
npoueccope. B 3amauax komnbloTepHOU rpaduku riaaBHas 1ei1b
COCTOMT B PEAIUCTHYHOM BHU3YyallbHOM pe3yJbTaTe, 4YTO
MojApa3yMeBaeT He TOJBKO MOJCIMPOBAHHE JAWHAMHMKH
JKHJIKOCTH, HO ¥ OTOOpakeHHE €€ TOBEPXHOCTH.

B omimmume oT IMMPOKO NpPUMEHSEMOHl B HAyYHBIX Kpyrax
texnonornu CUDA wmmm OpenCL, pa3paboTka urp Bemércs
NPEeUMYILECTBEHHO Ha s3blke C++ ¢ HCIOJIb30BaHHEM
nporpammuoro uHrepdeiica DirectX. IlosTromy ObU1O perieHO
HCMOJIb30BaTh BO3MOoKHOCTH Shader Model 5.0 DirectX 11, B
yactHocTd, Compute Shader 5.0 ans BblUMCIEHHH o0OwIErO
Ha3HayeHus, a Take Geometry Shader 4.0 mis reHepaiuu
TEOMETPHH Ha BHJEOKAPTE 110 IPOM3BOJBHBIM JaHHBIM,
OIUCHIBAIOLIMM MOJIETb BUPTYaIbHOTO MHpa.

4. AMHAMUKA XNOKOCTU

4.1 T'mppoaMHaMmMKa crinaxeHHbIX YacTuvy,

I[J'[H MOJCINPOBAHUA XUIAKOCTH Npe€ajiara€rcsa HCIoOJIb30BaTb
npezactaBieHue €€ 00bEMa B BHIEC CHCTEMBl YaCTHIl, YTO
MO3BOJISIET ~ MCIIOJIb30BaTh  JIOCTATOYHO HPOCTYyI0  (hopmy
ypaBHeHus HaBbe-Croxkca
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v
Po = "Vp+ulv+pg. ¢))
BiusHue KakIoil dYacTHIBI Ha CBOWCTBA OLICHUBAETCS B
COOTBETCTBHM C pACCTOSHUEM [0 HWHTEPECYIOIeH TOYKH.
JIMCKpeTHbIe 4YacTHIBI MMEIOT XapaKTepHBIH paauyc h, Ha
KOTODOM  HX  CBOHCTBa  CIVIAXKHUBAIOTCS  PAAHAIBHO
CUMMETPUYHOH  QyHKIMeH sapa h). 3HaueHune
(bu3nuecKoil BeINUNHBI A B TOUKE I" ONHCHIBACTCS BHIPAXKCHUEM

A(r) = fA(r’)W(Ir—r’I,h)dr, @)

npuuéM QyHkuus W IODKHA YAOBJIETBOPATH CIEIYIOLIUM
YCIIOBUSM:

fR3 W(|r|, h)dr = 1 — ycnoBue HOPMHPOBKH.

2. fR3 A@Dlimpo W(lr —7'|,h)dr = A(r) -
BBIDOK/EHHS, T.e. Npu h — 0 BeNMUYMHA ONpeneNeHa B
O/IHOH TOUYKE MPOCTPAHCTBA.

ycIoBue

B merone ruapoaMHAMHMKU CIIIQKEHHBIX YaCTHI[ JUIS KaXXIOTO
JJIEMEHTA JKUIKOCTH OTCIIEKUBAIOTCS KOOPIUHATHI, CKOPOCTh U
IUIOTHOCTb. 3HA4YeHHWE BEJIUYMHBI B KOHKPETHOW TOYKE
MOJIyYaeTCs CyMMHUPOBAHUEM I10 BCEM OKPY)KAIOIIUM YaCTHIIAM

my
A(r) =ZAj—W(|r—rj|,h), 3)
- Pj
J
a 3Ha4y€Hue, Halpumep, IUIOTHOCTU B HHTepecy}omeﬁ TOYKE
COCTaBJIACT

p@) = ) myW(lr =], h). @
j

IIpeneOperass BIMSHHEM YHAJIEHHBIX YacTUL, BBIOHpaeTcs
Gbyukumio siapa takas, yro W (|r|, k) = 0 npu |¢[>h,. [Ipu sTOM
OTnajgaeT HeoOXOAUMOCTh TPOBOAUTH CYMMHPOBAHUE 10 BCEM
YaCTHIAM, OrPAHMYUBIINCH JIMIND OJM3IEKAINNM, YTO MOXET
3HAYUTEIHHO COKOHOMHTH BPEMS BHIUHCIICHHUH.

IIpenMyIecTBO THAPOINHAMUKH CITIAKEHHBIX YaCTHI[ COCTOUT
B TIPOCTOTE OIEHUBaHHs QUTYpHpyOUmx B ypaBHenun (1)
YaCTHBIX IPOU3BO/IHBIX, TOCKOJIBKY MX BBIYUCICHHE CBOJUTCS K
unq)(bepeHquOBaHH}o snpa:

_A(r) — ZA m] aW(lr xrll h) (5)

VA(r) = ZA]-p—{VWﬂr—r,-l,h), (6)
7 J

AA(T) = ZA]-%AWﬂr—erh). @)
- J

4.2 MopenupoBaHue cun

[Tepeitném k ¢opMynam pacuéra Ccui, JASHCTBYIOLIMX Ha
YaCTHIy B TEKYIIHH MOMEHT BPEMEHH, U IPHOOPETaeMOro Ipu
9TOM YacTULEH YCKOpPEHHUS.

fi
Cop C))
fi = pig +f§7ressure +f;iiscosity (9)

CornmacHo  ¢opmyne (3) mnpu  HUCHONB30BAHUM  METO/A
TUIPOJIMHAMUKM ~ CIJIKEHHBIX — YaCTUIl CHJIAa  JaBJICHUS
Haxoaurcs 1o popmyne (10)

FErESUTe = —vp(ry) = —Zm]-p—JVWGri —-1;|,h) (10)
7P

OpHako B TakOM CHUTyalMd CHjia JaBieHus  Oyxaer
HecMMMeTpuyHa. [Ipn B3aMMOJEHCTBHM JBYX YaCTHLI, YacTHIIA
i YYNTBIBAaeT BIMSHHE TOJNBKO YaCTHIBI j M HaobOpoT, a
NOJNy4eHHbIe 3HA4YEeHWs CHI MOTYT OBITh pPa3iIuYHBl IO
BEIIMYMHE, YTO TPOTHBOPEUHUT TpeTheMy 3akoHy HrloTona. B
JUTEpaType ONHMCAHBI Pa3iIMYHbIC PEHICHHs STOH HpOoOIeMBI,
cormacHo [3] mpuemsiemMa C  TOYKM 3pEHHS CKOPOCTH
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BBIYKCIICHUI U CTaOMIBHOCTH (OpMYyJa MOICIUPOBAHUS CHJIBI
nasienus (11)

pres __ _ p] L
e oy =3 m P
- Pj
Jj
JlaBneHre B TOYKE MpEIaraeTtcsi MOICIMPOBATH IPOCTOM
¢dopmyoii (12), rae py — MWIOTHOCTH KUAKOCTH B CBOOOTHOM
COCTOSIHUH.

vW(|r; —r;l,h). (11)

p =k(p —po) (12)
Cuita BSI3KOCTH onpezelnseTcs cootHoueHueM (13)

. V;
7S¢ = uAp(ry) = #Zm,-p—’_AW(m —7ph). (13)
- j
J

Omath e, IIsI  CUMMETPUYHOCTH  CHIIBI
MoauduIpoBanHas Gpopmyna 14:

fmsc = pbp(ry) = .uzm]

BBOJMTCS

AW(lrl rj|,h). (14)

IMonpoOHbIe 060CHOBAHMS BI>I60pa MoJeNel JeHCTBYIOMHUX CUIT
npuBonaTes B [3, 8].

4.3 ®yHKUMKM Aapa

3a Bpems NpPUMEHEHHs TMAPOANHAMHKU CIJIQKCHHBIX YaCTHIL
OBUIO TPEIIOKEHO MHOXECTBO (PYHKIMH, YIOBIETBOPSIOIINX
TpeOOBaHUSAM, ONUCAHHBIM B nyHKTe 4.1. [Ipn MonenupoBanuu
KUJIKOCTH B 3aJla4aX KOMIIBIOTEPHOH rpaduku Haubosbliee
pacrpocTpaHeHHe MONYYHIIH Clieqyromue (QYHKIHUH, KOTOpbIe
UCTIONB3YIOTCS IPH PEATH3aI[HU aJrOPUTMA.

1. JIns BBIYMCIIEHUS IUNIOTHOCTH YACTHI] UCIIOJIB3YETCS

Wyors(r h) = 6i159 {(h2 -3 ecm0<r<h 15)
mh 0, uHaue
2. s pacuéra cuibl JABJIEHUS JKUIKOCTH, JEHCTBYIOUIEH Ha
YACTHUILY KUAKOCTH, IIPUMEHSETCS (DYHKIIUS
Wiy (r, 1) = 1_5{(h —7)3,eciu0<r<h
mh® 0, uHaye
3. Anst yuéra BSI3KOCTH B XKHUIKOCTH CIIY>KUT (DYHKLIUS

r¥ r?2 h
15 (L L h

(16)

2mh3 2h3 " h?

0,r>h

IToapo6HOEe 060CHOBaHUE BBIOOPA siaep MOXKHO Haiitu [10].

Waisc(r,h) =

5. BBAUMOOEMACTBMUE C NOBEPXHOCTbIO

5.1 NpepcraBneHne NOBEpPXHOCTHU

OxpyXaromuii BUPTYaTbHBIA MUpP, B KOTOPOM CHMYJIHUPYETCS
KHUJKOCTb, MOXET OBITh INPEICTABICH CaMbIM Ppa3INYHBIMU
MoOJeNsAIMU JaHHbIX. [Ipy 3ToM yd4é€r kakaoW M3 HHUX MpH
B3aUMOJICUCTBUU  C  DJJIEMEHTAMH  KUJKOCTH  CO3HaET
HEOOXOUMOCTh CIENHAbHON MOJATOTOBKHM JOMOJHUTEIIBHBIX
JTAHHBIX XyIOXXHUKaMH, UX XPAHCHHS B MAMATH U CIICIUATbHAS
obpabotka, uto HedddektuBHO. [lo 3TOM  mpHuHMHE
MpeJiaraeTcs TOJNydYaTh JIAHHBIE O CTPOCHHH IMOBEPXHOCTU
MyTEM OTPUCOBKH MOJICIIH OKPYXKAIOIIETO MUPA B KApTy BBICOT.
Ha coBpeMEeHHBIX BHAEOKAPTAaX 3Ta OIepauusi MPOU3BOJUTCS
nocratouHo ObicTpo [11]. Bonee Toro, kapTa BEICOT 3a4acTyIO
TCHEPUPYETCsl U1 MCIONb30BaHHUS B JPYrHX alroOpuTMax,
TaKUX KaK OCBELICHHE WM OOHApyXEHHE CTOJKHOBEHUH.
Taxoke Ui pacuéra B3aUMOAEHCTBHS YACTHI[ C TIOJEM BBICOT
TpeOyeTcsi COOTBETCTBYIONIAs IOBEPXHOCTH KapTa HOpMaJIEH.

5.2 NMonck ToOUYKM KOHTaKTa

Jlns oOHapy)XeHUs CTOJIKHOBEHHUS YaCTHIIbI C TOBEPXHOCTHIO U
00paboTKM  OTpaxkeHUs  ObUT  aJANTUPOBAH  AITOPUTM
otoOpaxeHus penbedHbIX TekcTyp [9].

TpaeKkTOpHUs ABMKEHUS YaCTHUIIBI MEXKY MOJIOKEHUSIMH B JIBYX
HOCJIe/I0BATEIbHBIX MOMEHTaX BPEMEHHM sBIseTCs mpsimol. Ha

181



The 22nd International Conference on Computer Graphics and Vision

KaXXaoM  mare MoACJIUpOBaHUA — IJIA Ka)KI[Oﬁ YaCTHIbI
IMPOUCXOAUT ITPOBEPKA Ha NOoNagaHUC I1OJ IMOBEPXHOCTb. Ecmu
JacTula OKasbIBaC€TCS HUIKC ITIOBEPXHOCTHU, TO HeO6XO}Z[I/IMO
IIPOU3BECTU ITOUCK IIEPECCUCHUST OTPE3Ka TPACKTOPUU C KapTOﬁ
BBICOT. IIJ'IH 9TOI'0 UCIOJIB3YETCA METOA TUXOTOMUM.

Yrto6bl n30exaTh OMIMOKK 3TOTO METOJA NPHU MHOTOKPATHOM
HEePEeCeYCHNH TPAEKTOPUH C MOBEPXHOCTHIO (CM. PHCYHOK Ne B
LIEHTPE), CHayaja BBIIOJHACTCA JIMHEHHBIH MOHCK C
HOCTOSIHHBIM IIaroM O, pa3Mep KOTOPOTO 3aBHUCHT OT yria
MEXAY HalpaBJICHUEM JBIDKCHUS YACTHLBI U TOPU3OHTAIBHOU
TUIOCKOCTHIO. [Ipr 0OHapyXEHUU BYX TOUYEK, OJHA U3 KOTOPBIX
HaJl TIOBEPXHOCTBIO, Apyras - MOA HEH, 3aIyCKaeTcsl ajJropuTM
JIBOMYHOTO ITOMCKA.

hy
sepron

wesepan]..
mowal
he

Pucynox 1: ITouck nepeceueHust oTpeska ¢ MoJieM BBICOT
METOJIOM AUXOTOMHH (ciieBa). Bo3MOXkHBIE OMIMOKH IPSMOTO
MIPUMEHEHHs] METO/1a TUXOTOMUH (B LIeHTpe). BrinonHeHue
JIMHEWHOTO MOUCKA JUIsl HCKITIOUEHHs OIIUOKH METO/a
JIUXOTOMUHU (CIIpaBa).

Ilycts A 1 B — HauaibHOE M KOHEYHOE MOJIOKEHUE YaCTHIIBI,
npuuéM A HaXOAMTCS HaJa IIOBEPXHOCThIO, B — mox
noBepxHocThi0. bepém Touky C — cpeaHIo TOUKy Mexay A u
B u mpoBepsieM €€ MOJOXKEHHUE OTHOCHTENBHO MOBEPXHOCTH.
Ecmu touka C oka3pIBaeTcsl HaJ TOBEPXHOCTBIO, MOBTOPSEM
neiictBus 11 otpeska CB, muaue, ans orpeska AC. Cxema
paboThI AITOpUTMa MpeJcTaBIeHa Ha pucyHke Ne cieBa.

5.3 OTpaxxeHue YyacTuubl

BOm31 TOYKM CTOIKHOBEHHS JIEMEHT MOBEPXHOCTH 33IaéTcst
IUIOCKOCTBIO, ~ OPUEHTHPOBaHHOW  HopMmaiblo.  Otpesku
TPAeKTOPHM YaCTHUIIBI A0 U NOCIE OTPAKEHHs JIeKAaT B OAHOU
iockocTu. Ecnm yacTuna nepecekia nmoBepxHocTh B Touke C,
TO TOCNE YNPYroro yjaapa OHa JOJDKHA OKa3aTbCi B TOouke D,
CUMMETPUYHOI Touke B oTHOCUTENBHO MPSMOMN y, IO KOTOPOMH
MepEeCcEKa0TCsl INIOCKOCTH MaJCHUA-OTPAXKEHHS U IOBEPXHOCTH.

PucyHnok 2: CxeMa OTpa)K€HHsI YaCTULIbI OT MJIOCKOCTH

_— — .
IIycts O — Hauano xoopauHat, Toraa OA u OB — TpéxmepHble
BEKTOpPbl KOOpAMHAaT Toyek A U B  cooTBeTcTBEHHO.
OmnucaHHBIM BBIIIE AITOPUTMOM HAXOJATCSI KOOPAMHATHI TOUKH

—
C. Jlanee HEOOXOMUMO BBIYMCIUTH MOJOXeHHe OD dYacTHIBI
nociue oTpaxenus. Hraxk,

— = — = —

OD=0B+ D =0B +2
Mexnay Tem,

—_ —

=Ccosa-"=(C,7)~,

Tor/IA
e
OD=0B+2(C.")-

AHANOTHYHBIMH ~ PAcCY)KICHHMAMH  HAXOJMTCS  M3MEHEHHE

HalpaBJICHUA ABWXCHHUSA YaCTULblI IPH COXPAaHCHUU MOIYJIA
CKOpPOCTH.

182

3aMeTuM, 4YTO KOI(D(DUIMEHT TPH MHOXKUTEIE (F, )
3aKIo4aeT B ce0e CTENeHb YNPYrocTH yjaapa U MOXET
MU3MEHSATHCS B HHTepBase OT 1 10 2. AGCONIOTHO yrpyruil yaap
cooTBeTCTBYeT Kod(hduimenty 2. IIpoMeKyTodHble 3HAUYCHUS
YKa3aHHOTO HHTEpBaja CHMYIUPYIOT pa3IMYHyI0 CTEHeHb
TOTEPH DJHEPTUM YacTHLBl NPH CTOIKHOBEHMH. OfHAKo B
cllyqae MOJCNIHPOBAHUS JKHJIKOCTH 0OoJiee eCTECTBEHHBIM
BBIIJIIIUT ~ HEYNPYroe  CTOJKHOBEHHE € YCIOBHEM
HETIPOTEKaHUsl, KOIJa HOPMAaJbHAs KOMIIOHEHTa CKOPOCTH
YaCTUIIBI TOCIE KOHTAKTa CO CTEHKOW CTAHOBUTCS HYJEBOH.
Takast Mozens cooTBeTcTBYeT Kodddunumenty 1.

6. BUSYAITU3ALIUA XKWOKOCTU

Ilpu BbIOOpE MeTOAa BH3yalM3alUH KUAKOCTH  OBLIO
MOCTABJICHO TPeOOBAHHE MOJTYYSHHUS IOJUTOHAIBHONW MOMIENH
MOBEPXHOCTH KHUAKOCTH, KOTOPas B AaJbHEHIIEM MOXET ObITh
NpUMEHEHa JUIA HAJOKEHHs TEKCTYp WM IOCTPOECHHS TEHEH.
D PeKTUBHBIM pEIICHHEM IIOCTABICHHOW 3ajlauil SIBJISETCSI
MeroJ Mapmmpyoomux KyoukoB (Marching cubes) [6],
OCHOBHOI1 ITapamMeTp KOTOPOTo 3aKJIF0YaeTcsi B BEIOOpE pasmepa
SYCHKH [PH MOCTPOCHHH peuméTkd. Ha mpakTuke ObUIO
YCTaHOBJIEHO,  YTO  YIOBIECTBOPHUTEIBHBI  BU3yaJbHBIN
pe3yabTaT  OTOOPaKEHHS IOBEPXHOCTH MPH  TPeOOBaAHHU
HHTEPAKTUBHOCTH JOCTHIaeTCs IIPH pa3Mepe SYeiKd, 110
HOPS/IKY BEIMYUHBI PABHOM pa3Mepy YacCTHII.

7. PE3YJIbTATbI

Ha pucynke 3 mnpuBeneHbl pe3yibTaTbl MOJCIUPOBAHUS C
UCTIOB30BaHUEM 65 ThICAY YacTHLl M pa3MepoM sYCHKH
Mapmmpyomux KyOoukoB paBHbeIM 0,7 pa3mepa UacTHIBI.
CuMynsiuusi TPOBOAMIACE B PEXKHMME PEaNbHOTO BPEMEHHU C
94acToToM KaapoB 47 kaup/c.

Pucynok 3: Kaaps! anuManuu.

IIpu peanusanuy MpeIoKeHHOTO aNropuTMa MOJEIHPOBAHHS
JMHAMMKHM OJKUAKOCTH M €€ B3auMOJEHCTBUS ¢ TBEPIOH
MOBEPXHOCTHIO Ha rpaduueckom nporeccope NVIDIA GeForce
GTX 550Ti nocturHyra cleayromas IPOU3BOAUTEIBHOCT
(naHHbIe IpUBENEHBI B Tabnuue 1).

KonuuectBo Yacrora kaapos, Bpewms xanpa,
YaCTHII Kajp/c MC
8192 315 3,2
16384 270 3,7
32768 200 5
65536 115 8,7
131072 60 16,7
262144 25 40

Ta6auna 1: Pe3ynbraTsl H3MEpEHUA.
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8. SAKIIOYEHUE

B crathe OBbUI HPEIJIOKCH M PCANH30BaH METOJ CHMYJISALUH
JMHAMUKH JKUJIKOCTH, IPEJICTABICHHOH HabOpoM 4acTull, u eé
B3aUMOJCHCTBHUS C TBEPJOH IOBEPXHOCTBIO, 3a/1aBaEMOi
KapTOH BBICOT, YTO AEJIAET aJITOPUTM HE 3aBUCUMBIM OT MOJEIIH
HpeCTaBICHHs 00BEKTOB OKPYXKAIOIIEr0 BUPTYAIbHOTO MHPA,
C KOTOPBIMH B3aMMOJICHCTBYET JKMAKOCTh. Peamuszanus Ha
rpa)MYecKOM YCKOpHUTENie II03BOJMJIA IOIYYHTh CKOPOCTh
pacuéra Kajpa aHHMAlM{, JOCTAaTOYHYIO ISl NPUMEHEHUS B
UHTEPAKTUBHBIX ~ IpadUYeCKUX  NPHIOKEHHAX. TexHuKa
peanu3anun JIeMOHCTpHpyeT Bo3MmoxkHocTd Shader Model 5.0
DirectX 11, a Takxe HCIOIb3yeT BO3MOXKHOCTH T'€HEpally
reOMETPUYECKUX  INPUMUTUBOB  HA  BHJEOKapTe 110
HPOM3BOJIBHOH MOJENU [JAaHHBIX, ONHCBHIBAIOIIEH OOBEKT
BHPTYaJIbHOTO MHUpA.

Ha nanHoM »sTame  ObUIO  TOCTAaBICHO  TpeOOBaHME
UHTEPAaKTUBHOCTH aHUMAIUM, KOTOPOE U ObLIO JOCTHIHYTO.
OnTuMusanys IOJNYYEHHOTO pelieHus OyneT IpoBeJeHa B
JanbHelei padore Hax MPoOIeMO.
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Abstract

This paper presents an approximate approach to analysis of space-
time structures for unsteady problems in CFD (computational
fluid dynamics). The approach is based on the solution of
optimization problem combined with methods of data visual
presentation. This approach is intended for fast approximate
estimation of unsteady flow structures dependence on character
parameters (or determining parameters) in a certain class of
problems. For some cases such approach allows to obtain the
sought-for dependence in a quasi-analytical form.

Kniouesvie cnoga: unsteady problems, space-time structures,
optimization, inverse problems, visualization methods

1. INTRODUCTION

Time-dependent processes in CFD problems are often
accompanied by the presence of changeable space-time structures
(STS) in the flow, such as separation zones, circulating flows,
vortex bursts, etc. These structures cause many undesirable effects
in practice: reduced lift, airframe and control vibrations. STS can
appear and disappear defining the flow pattern and quantitative
characteristics of the flow field. Simulating these changeable
structures is therefore an important aspect of CFD.

Nowadays, modern computer hardware and mathematical methods
allow one to simulate practically any time-dependent physical
process in CFD and to obtain corresponding field of physical
values. Calculating thoroughly the flow field one can obtain a
beautiful picture of STS transformations. Nevertheless it is
evidently insufficient for practical aims. In practice the
phenomenon (physical effect) by itself is not the main point of
interest. For practical engineering it is more interesting to know
the circumstances leading to the phenomenon appearance, i.e.
how this appearance depends on the problem character
parameters, such as Mach number, Reynolds number, Prandtl
number etc. To define such dependence one should solve the
problem in optimization statement, which is based on multiple
calculations of the inverse problem.

This paper presents an approximate approach to analysis of space-
time structures. This approach is intended for fast and rough
estimation of unsteady flow structures dependence on character
parameters in a certain class of problems. The approach is based
on the solution of optimization problem combined with methods
of data visual presentation. Visualization methods are applied to
the solution of optimization problem. The solution is obtained in a
form of multidimensional array. According to classification
described in [1], such approach can be referred to data analysis
methods.
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According to [2], there are two high-priority tasks for parallel
computations: multidisciplinary problems and inverse problems.
From this point of view the described below approach is very
promising because it can be applied to a very wide range of time-
dependent processes for various practical applications. Using the
theory of optimization problems solution the approach is a
modification of method [3] (parametric space analysis).

As it is shown below for concrete examples, this approach allows
obtaining the sought-for dependencies in a form of quasi-
analytical expressions.

2. INVERSE PROBLEMS AND CFD APPLICATIONS

Numerical computation of the inverse problems in CFD is enough
difficult. One should calculate 4D problems (3D+time) in a
variational statement. It requires using high-performance
computers. The separate difficulty is to visualize the inverse
problems solutions for multidimensional case. There is a
significant lack of concepts and tools in scientific visualization
now. Nevertheless, the rapid development of computing
technologies and hardware allow us to solve this class of
numerical simulation problems.

We can solve a wide range of CFD problems using the concept
and statement of inverse problems. Typically, the practical
engineering problem is to choose the desired variants from the set
of admissible variants. This can be the choice of a geometric
shape (minimal drag), the choice of flow control (maximal
mixing), etc. According to [4,5], the inverse problems are
classified as boundary searches, coefficient searches, retrospective
inverse problems, optimization problems. In general, for practical
goals inverse problems are formulated as follows. One should find
the determining parameters for which a phenomenon of interest
occurs in a certain class of problems. It shouldn’t depend on the
details of the phenomenon appearance. It can be quantitative
appearance of the phenomenon (some variable reaches definite
value) or qualitative appearance (vortex formation, flow
separation, any other STS changing).

Let’s consider formalized statement of the inverse problem in a
general form.

The numerical solution of the chosen CFD problem is elaborated
during the computation process. The solution is defined by the
finite set of determining parameters (or character parameters) of
the problem. These determining parameters can be divided into

three main groups: A4 = (a;,...,a,) - the parameters determining

physical properties and mathematical model of problem;
B =(b,,...,b,,) - the parameters determining the numerical

method; C =(¢y,...,c;) - the parameters determining organization

of the calculation process.
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All these parameters form the numerical solution

F =F(A,B,C)=F(a;y..,a,,b;5...,,,,¢; .., ;) as aresult of
computation. So, the solution is based on the chosen mathematical
model, numerical method and the way of calculation organization.
We consider the event functional ®(F(A,B,C)) . Just as logical
variable so this functional has two values: @(F(4,B,C))=1 —if
the event of interest occurs (independently on the event details),
or @(F(A4,B,C))=0 -ifthe event of interest doesn’t occur.
Presenting d(F(A,B,0C)) in a form
D(F(A,B,C))=D(ayyeees @)y by 5eeis b,y 5 €1 5eees€)) one can
formulate the inverse problem in a general form as follows. Find
all the determining parameters (@yyeee;@,,sByseeesd,,sCpseeesc;) for
which a phenomenon of interest occurs in a certain class of

problems, i.e. @(@yyeees@pysDyseresByyyCraees;) =1 2.1

m
Considering the determining parameters
(@1 5eees @5 by ey b,y 5 Cp5eees ;) as a set of basis vectors, one can
present the space of the
L(ayyeees@,)5 by yeers by, s 1 5enes ;) having (n+m+1) dimensions.

determining  parameters

Then for general case the inverse problem can be formulated as
the problem of finding in this space L all the subdomains

L where the event of interest is observed, i.e. @(L )=1.

At the same time the problem of data filtration is solved. Setting
the ranges for character parameters one can not guarantee the fact
of appearance of the sought-for event inside the range. So if the
event does not occur for some point of space, this point is not
considered.

3. OPTIMIZATION PROBLEM AND VISUALIZATION

Using numerical or experimental modeling of unsteady
phenomenon for practical goals in mechanics we usually know the
reason of phenomenon appearance and quantitative parameter

regulating this reason (control parameter) £, " . The simulation is

ont
intended to define the control parameter dependencies on the
determining parameters (f;,..., f,) of the problem. To obtain such

dependencies f, am*( Sfises f,) I @ quasi-analytical or in a table

form is a real practical goal of research. As a matter of fact these
dependencies have been the main point of practical CFD

applications last 50 years.

This paper considers a methodological approach to obtain these
dependencies by means of numerical simulation. The approach
can be described in general as follows.

Let’s suppose that one has mathematical model of the CFD
problem and reliable numerical method for solving. Then one can
compute the straight problem of unsteady process simulation.
During this simulation some event occurs.

To study thoroughly the unsteady event one should solve the
inverse problem with purpose to find the exact value of control
parameter, when the event (STS transformation, for instance)
occurs.

To solve inverse problem one should multiply solve the straight

problem varying the control parameter fmm*( Siseees f,,) until the
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onset of the unsteady phenomenon (physical effect) of interest.
During this optimization process the set of determining

parameters (f},..., f,) is fixed.

Then the determining parameters (f,..., f,) are varied with

chosen variation step and the inverse problem is repeatedly solved
for each set of determining parameters. As a result of such
computations we obtain control parameter dependence on
determining parameters in general form of n-dimensional

array fmm* (fisees f0) -

This form is not suitable for practical goals. The most effective
way of a search of the sought-for dependence in a quasi-analytical
form is visual presentation of the array.

Analyzing the array one can decrease the dimensionality. For this
purpose one should omit those determining parameters, which do
not influence at the control parameter. If one has as a result n<3
after such decreasing, then the rest of data can be visualized. For
some cases the visualization is fast and effective way to obtain the

dependence fm