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Abstract

Introduction. Modern systems for active vehicle safety are designed to significantly reduce the number of road
accidents. Sensors based on monocular cameras are increasingly being introduced by the world's leading au-
tomakers as an effective tool for improving traffic safety. Modern methods of localisation and classification,
combined with semantic segmentation algorithms, allow for image division into independent groups of pixels
corresponding to each object. However, the problem of developing segmentation algorithms ensuring im-
proved quality of image segmentation remains to be solved.

Aim. To develop an automatic method for segmenting a given object during image analysis.

Materials and methods. An automatic method for segmenting vehicles in an image was proposed. The meth-
od presented herein allows semantic segmentation of the object of interest, based upon a priori information
about the bounding boxes, which frame the objects in the image. Bounding box information is used to trans-
form an image into a polar coordinate system where the pixels of the image act as the edges of a weighted
graph. A closed contour is obtained around the object of interest by using the shortest path search algorithm
and inverse transformation to the Cartesian coordinate system.

Results. The experiments confirmed the correctness of the selected area of interest based on this algorithm.
Jacquard's similarity coefficient for the Carvana open database is 85 %. Furthermore, the proposed method was
applied to different classes of images from the Pascal VOC database, thus demonstrating the ability to segment
objects of other classes.

Conclusion. The main contribution of the proposed method was as follows: 1) segmentation of the object of
interest at the level of modern methods, and in some cases in excess thereof; 2) the study presents a new look
at the way of tracking object contours.

Key words: Image segmentation, selection of the region of interest; algorithm A*; polar coordinate system;
shortest path in the graph
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MeTop aBTOMaTUYECKO CErMEeHTaLMmM TPaHCNOPTHLIX CPeACTB Ha N306parkeHnmn
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AHHOTauuA

BeBepeHune. CoBpeMeHHble CUCTeMbl akTVMBHOM 6e30MacHOCTY TPAHCMOPTHLIX CPEACTB NMPU3BaHbl CyLLLECTBEHHO
CHU3UTb KONNYECTBO JOPOXKHO-TPAHCMOPTHBIX NPONCLLECTBUIA. JaTuMK/ Ha OCHOBE MOHOKY/ISAPHBLIX Kamep Bce
Yallle BHeAPSHOTCS BeAyLLIMN MUPOBbLIMUA aBTOMPOU3BOAUTENSAMUN KakK 3PPEeKTUBHBIA NHCTPYMEHT MOBbILLEHUS
6e30nacHoOCTU ABVXKeHUs. CoBpeMeHHbIe MeTOZbl 0KaAn3aumm 1 Knaccudukaumm B COBOKYMHOCTA € anropuT-
MaMK CeMaHTUYeCKOW CerMeHTaLmn No3BONAIOT Pa3fennTb M306paxeHVe Ha He3aBMCMble TPyMnbl MUKCENOoB,
COOTBETCTBYHLLME KaXAOMY 06beKTy. TeM He MeHee SIBNSIeTCA akTyasbHbIM pa3paboTka MeTOZ0B cermeHTaumu,
obecrneuynBaroLLMX yyULLEeHNe KayecTBa CerMeHTaLmm N306paxeHnii.

Lienb pa6oTbl. PaspaboTka aBTOMATUYECKOro MeTofa CerMeHTauUmn 4eTeKTMPOBaHHOIo 06beKTa MHTepeca Ha
N306paxeHnm.

MeToabl U MaTepuansl. B ctaTbe NpesnoxeH aBTOMaTUYeCKNA MeTOZ CerMeHTaLmMmn TPaHCMOPTHBIX CpeacTs
Ha n3obpaxeHunn. NpeAcTaBaeHHbIA MeTO/ MO3BO/SET NPOBECTN CEMaHTUYECKYHO CerMeHTaLmio 06bekTa 1H-
Tepeca Ha OCHOBe anpuoOpHOM MHPOPMaLMKM O rpaHMLAX MPAMOYrosbHMKa, OrpaHNYMBaroLLEro 06bEeKT Ha
n3obpaxeHnn. VIHGopmauma o0 rpaHuLax obbekTa UCMob3yeTcs A5 Npeobpa3oBaHNA M306paxeHUs B Mo-
NAPHYIO CUCTEMY KOOPAMHAT, rAe NUKCenbl N306paxeHns BbICTyNarT B ponn pebep B3BelleHHOro rpada. C
NCNONb30BaHWEM aNropmTMa nomcka Kpatyariero nyTM 1 06paTHOro NpeobpasoBaHns B AeKapToBY CUCTEMY
KOOPAMHAT BOKPYr 06beKTa MHTepeca GopMUPYeTCs 3aMKHYTbIA KOHTYP.

PesynbTaTbl. [poBeAeHHbIe 3KCMEPUMEHTbI NMOATBEPANIN KOPPEKTHOCTL BblAeNeHNst 0bbekTa MHTepeca Ha
OCHOBe MNpeasioxXeHHOro metoa. KoappunumeHT cxoactea Xakkapa Anst OTKPbITOM 6a3bl n3obpaxeHuin Carvana
coctaBun 85 %. MpeanoxXeHHbIN MeToZ Takxke 6bl1 yCneLwwHO NprUMeHeH K pasHbIM Kaccam 13obpaxeHunin 6asbl
Pascal VOC, uTo A0Ka3ano BO3MOXHOCTbL 06paboTky 06 beKTOB pPa3/InYHbIX K1acCoB.

3akntoueHme. OCHOBHO BKNaj npeasoXeHHOro metoga: 1) no3BonsieT cerMeHTUPOBaTb 06bEKT MHTepeca Ha
YPOBHe COBpPeMeHHbIX METOA0B CerMeHTaunn, a B OTAENbHbIX Cy4asx MPeBOCXOAUT UX; 2) NpeAocTaBseTcs
HOBBIV B3rNs4 Ha CNOCOH6 MNPOCNeXMBaHNS KOHTYpa 06beKTa.

KnioueBble cnoBa: cermeHTauns n3o6paxeHnii, BeljeneHne obnact MHTepeca, MoUCK KpaTyanLlero nyTu B
rpade, anroputm A*; nosspHas cmctemMa KoopauHaT

Ansa untTnposaHus: 3y6os V. . MeToz aBTOMaTUYeCKOM CermeHTaLMm TPaHCMOPTHBIX CPEACTB Ha N300paxeH
/1 N13B. By30B Poccun. PagmnosanektpoHuka. 2019. T. 22, Ne 5. C. 6-16. doi: 10.32603/1993-8985-2019-22-5-6-16

KOHq)nI/IKT NHTepecoB. ABTOp 3aaBnseT 06 OTCYyTCTBUIN KOHq)fII/IKTa NHTEPECOB.

BnaropgapHocTU. ABTOP BbipaxaeT 0Cobyt 61arofapHoCTb BbIMyCKHKY MOCKOBCKOFO FoCy4apCTBEHHOMO Tex-
HUYecKoro yHmBepcuTeta nM. H. 3. BaymaHa AmuTtputo Bagnmosnuy BopoBoMy 3a 0OKasaHHYH MOMOLLb Npwy Apo-
BEAEHWN JAaHHOTO NCCNeA0BaHNS, LIEHHbIE COBETHI 1 3aMeYaHus.

Cratbsa noctynuna B pegakumio 11.07.2019; npuHaTa kK nybankaumm nocne peueH3snposaHusa 30.09.2019;
onybnvkoBaHa oHnarH 29.11.2019

Introduction. The introduction of technological vi-  ple, the Mobileye collision avoidance system [1] reduc-
sion systems into everyday life is becoming increasing-  es the risk of collision with pedestrians and other vehi-
ly widespread, with road safety comprising one of the  cles, as well as reducing the risk of diversion from a
top priorities. Sensors based on monocular cameras  traffic lane. Unfortunately, this notification system only
have proven their effectiveness in this field. For exam-  works during daylight hours.
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The use of sensors based on a monocular camera
can solve a wide range of problems. For example, it is
possible to estimate the size of the vehicle and the
distance to it on the basis of data concerning the shape
and area of the vehicle along with other vehicle design
features. Using advanced classification, detection and
segmentation algorithms, while also considering pos-
sible limitations of vehicle behaviour based on the
theory of vehicle movement, it is additionally possible
to predict vehicle behaviour. However, in order to
solve these problems, it is necessary to describe the
road scene as a composition of objects having a spe-
cific shape, area and mutually-defined location.

In 2012, the convolutional neural network
AlexNet, trained by Krizhevsky, Sutzkever and Hin-
ton, won a competition on the classification of images,
making the world community look at image analysis
methods in a new way. The method developed by
Krizhevsky et al. managed to surpass all the classical
methods of computer vision presented in the
ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) [2]. Against this background and due to the
general availability of digital cameras, one of the most
widely developed areas of machine vision has become
the analysis of images based on colour information
using a single camera. Currently, systems based on
convolution neural networks are the most accurate
approaches to image classification and object detec-
tion. With an impressive level of achievement, neural
networks have been successfully applied to various
types of problems, for example [3-5].

The vast majority of the existing object detectors
are focused on two-dimensional localisation. A 2D
object detection model provides information

(x;y; h; w), where (x; y) are 2D-coordinates of the
rectangle centre that limits the object; h, w are the

object height and width, respectively [3-10]. For each
of the bounding rectangles, the detector outputs a class

a

probability. As an example, Fig. 1 shows the bounding
rectangles obtained by the Yolo detector [3], the prob-
ability of finding a wvehicle in which exceeds 0.5
(Fig. 1, a) and 0.05 (Fig. 1, b).

It is necessary to perform segmentation for fur-
ther analysis of the detected object. Segmentation is
usually understood as the division of an image into a
multitude of disjoint connected areas (segments).
During segmentation, each image pixel is assigned a
class according to some characteristic or calculated
property, for example, by colour, brightness, or tex-
ture. The result of image segmentation is a set of
segments, which together cover the entire image.
Image segmentation permits a description of the sce-
ne as an object composition comprising shape, area,
relative position, brightness and texture parameters.

Currently, there are many methods of image seg-
mentation, such as [11-13]:

a) selection of edges and areas: Pb edge detector;

b) heuristic methods:

— region growing,

—split & merge,

— watershed,

—normalised graph cuts;

¢) clustering methods:

— K-means,

— mean shift;

d) energy methods:

— level methods,

— TurboPixels.

Methods. In this article, the object of interest is mo-
tor vehicles. When segmenting detected objects in the
relevant images, the position of the rectangle bounding
the object is regarded as a priori information (Fig. 2, a).

To solve the problem of vehicle image segmenta-
tion, the author of this article has developed an image
processing algorithm based on the search for the
shortest path in the weighted graph represented in the
polar coordinate system.

Fig. 1. Visualization of bounding boxes predicted by an object detector, if the probability
of finding objects in a rectangle is more than 0.5 («) and more than 0.05 (b)
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Fig. 2. Scaling a selected object: a — the original image of the selected object; b — the scaled image

Basic steps of the algorithm.

Step 1. Scaling up the image. The image is scaled
by means of bilinear interpolation [14] such that the
aspect ratio of the image is 1:1 (Fig. 2, b). Scaling
allows the polar pole to be centred at each point (see
Step 4 below).

Step 2. Image processing by the Canny edge detec-
tion operator [15]. The main stages of this algorithm:

1. The Gaussian filter is applied to the image:

2 4 5 4 2
L4912 94
B=—-|5 12 15 12 5|xA
94 9 12 9 4
2 4 5 4 2

where A is the pixel image matrix.
2. Image gradient projections are calculated by
coordinates:

-1 -2 -1
Gy= 0 0 |xA;
1 1

0
2
-101
-2 0 2|xA
-101

as well as the direction of the gradient:

e:arctg(Gy/GX).

3. The resulting gradient direction value is
rounded to one of the four corners: 0, 45, 90 and
135° [15].

4. Pixel selection, where the gradient is the local
maximum relative to adjacent pixels. These pixels
are considered as candidates for the formation of the
object boundary.

5. Two-threshold filtering allows all selected pix-
els of an image fragment to be split into three sets:

— many pixels having gradient values exceeding
the upper threshold;

— many pixels having gradient values less than
the lower threshold;

— set of pixels having gradient values between
the two thresholds.

The pixels of the first set belong to the object
boundaries, while the pixels of the second set make
up the boundless areas of the background or object.
Decisions on the third set of pixels are made accord-
ing to the results of further processing.

6. Pixels of the third set belong to the object bound-
ary if they are adjacent to the boundary pixels. If these
pixels are surrounded only by non-boundary pixels,
they are non-boundary pixels.

7. The boundaries are finally determined by the
trace operation. In this case, the thickness of borders
is reduced to one pixel, gaps are filled, and branches
of borders are processed. Tracing is performed by a
cumulative analysis of the surroundings of each
boundary pixel. As a result, the Canny edge detector
is used to form the final representation of the object
boundaries of the original image (Fig. 3).

Step 3. Polar transformation. The following trans-
formation is used to describe the position of the point

M (X, y) in polar coordinates r and ¢ around the cen-
tre of the rectangle bounding the detected object:

r=\2+y?; (1)
9o =y/x, )

where r is the pole (distance from the point M to the
origin); ¢ is the angle formed by the beam OM with
the polar axis.

The origin of the coordinates is the centre of the rec-
tangle limiting the detected object, i.e. (1) and (2) have
the following form:

r=\/(x+w/2)2+(y+h/2)2; 3
tgp=(2y+h)/(2x+w), 4)
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used Canny detector

where h and w are the height and width of the bound-
ing rectangle, respectively.

Using (3) and (4), let us convert the image from the
Cartesian coordinate system to the polar one (Fig. 4).
Following this transformation, the object contour is
located in the area 0 << 2m.

Step 4. Finding the shortest path in a weighted
graph. Let us imagine the image as a graph, the ver-
tices of which are the pixels of the image in the polar
coordinate system. Based on the fact that the detect-
ed object occupies the largest part of the image, its
outer contour is formed by pixels having the highest
radius values. Then the weights of the edges separat-
ing the two pixels in the point with the coordinates o,
r can be represented as follows:

Mmax I 1(@, 1)=0;

weight (¢, r):{rmax —r, if 1(p, r)=0,

where I (¢, r) is the intensity of the pixel at the co-
ordinates o, I.

Assuming that the outer object contour is located
in the area 0< @< 2w, and the graph weights depend

on the value of the polar radius and intensity of pix-
els, the segmentation task can be represented as a
search for the shortest path in the weighted graph.

Graph traversal starts at the vertex (¢=0, r) and
ends at the vertex (¢ =2mx, r).

From the existing variety of methods using graph
theory, the algorithm of searching for the shortest path

A”* has been chosen [16]. This algorithm finds the path
of the lowest cost from a given starting point to the tar-

get node (from one or more possible targets). A* fol-
lows the path of the lowest known heuristic costs:

f(W=gW)+jv),

where v is the current vertex; g(v) is the smallest

distance from the starting vertex to the current posi-
tion; j(v) is the heuristic function (Manhattan dis-

tance) of approaching the distance from the current
location to the final target.

Fig. 5 presents the resulting path with the lowest
weight, calculated according to the algorithm A* for
the image from Fig. 4.

Step 5. Conversion of the received path into a
Cartesian coordinate system with subsequent filling.
Using the inverse transformation of expressions (3),
(4), let us translate the obtained path into the Carte-
sian coordinate system. Since the shortest path ob-
tained in Step 4 is a closed path describing the object
of interest, the filling of the area inside this path can
be used to get the object mask. Comparing the mask
with the original image, a segmented image is ob-
tained (Fig. 6).

Fig. 4. The result of a polar transformation represented in a rectangular coordinate system

Fig. 5. The result of selection of the shortest path through the graph
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Fig. 6. The result of the algorithm operation

Results. In order to assess the quality of the de-
veloped algorithm, the segmentation results were
compared with the results of three standard methods
of image segmentation: K-Means [17], GrabCut [18],
and Mask-RCNNN [19].

K-Means is a clustering algorithm based on divid-
ing the set of vector space elements into a predefined
number of clusters with a minimisation of the standard
deviation at the points of each cluster. Each iteration
calculates the centre of mass for each cluster based on
the centres obtained at the previous iteration. Follow-
ing this, the elements of vector space are again divided
into clusters according to the closest distance to the
new centres. The algorithm ends if the cluster centres
remain unchanged at the next iteration.

GrabCut [18] is an image segmentation method
based on the GraphCut algorithm [20]. GrabCut ex-
tends GraphCut's ability to process colour images.
Initially, the set of pixels inside and outside the de-
tected object is approximated by a mixture of Gauss-
ian values representing the target object and back-
ground pixels. The resulting model is used to build a
Markov random field with an energy function that

highlights connected pixels of the same class. After
that, the optimisation method based on the minimum
graph section is launched.

Mask-RCNNN [19] is modern neural network
architecture for object segmentation in images. It can
be presented as the following modules:

— feature extractor forming a three-dimensional
matrix of features of the input image obtained by the
ResNet-50 convolution neural network [21];

— Region Proposal Network — a network of re-
gions generation with present objects;

— fully-connected layers comprise a network that
cuts out the region-specific part of the feature matrix
for each region and provides the object class and a
specified rectangle describing the object;

— generation of binary masks within the regions
of object presence.

In order to evaluate the proposed method and
compare it with the above algorithms, the Carvana
segmented image database [22] was used. This re-
source contains 5.088 vehicle images of different
classes, as well as masks for each image. Each image
was scaled to a single number of pixels 500x500
(Fig. 7, a). The rectangular area in which the object
of interest is located was selected based on the binary
mask of the image (Fig. 7, b). The image enclosed
within the frame limiting this area was used as input
for segmentation algorithms.

A binary Jaccard similarity coefficient was used
as a similarity coefficient of the masks obtained for
segmented objects:

J=|AnB|/|AUB|,
where A, B are binary masks of the image obtained

by the segmentation algorithm and the initial images,
respectively.

Fig. 7. Preprocessing of the image of the Carava database:
a —the original image; b — the scaled image with the selected area of the object
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Table 1. Comparative results of the segmentation
of the Carvana database images

. Binary Jacquard’s similarity
Segmentation method coefficient, %
K-Means 0.55
GrabCut 0.68
Mask-RCNN 0.66
Proposed method 0.85

Segmentation algorithms were applied to all images
in the database. The results are presented in Table 1.

The binary images presented in Table 2 show the
results of the algorithms of the automatic segmenta-
tion of the detected vehicles.

The proposed method was also applied to images
of the Pascal VOC database [23]. The images in Ta-
ble 3 represent the result of applying the proposed
method to different object classes in the image.

Conclusion. The article presents a new method
of automatic vehicle segmentation in the image. The
efficiency and competitiveness of the method in rela-
tion to the known segmentation algorithms of K-
Means, GrabCat, Mask-RCNNN are verified by its
testing based on the Carvana image database. The
method, also successfully applied to the Pascal VOC
image database, demonstrates the possibility of seg-
mentation of objects of different classes.

Table 2. The results of the algorithm for segmentation of detected vehicles

Source object mask Proposed method

K-Means

GrabCut Mask-RCNN

;;;
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Table 3. The result of applying the algorithm to the images of the Pascal VOC base

Segmented image Algorithm result

Source VOC database image
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