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SYSTEM OF LICENSE PLATE RECOGNITION
CONSIDERING LARGE CAMERA SHOOTING ANGLES

The system of automatic license plate recognition (ALPR) is a combination of software and hardware technol-
ogies implementing ALPR algorithms. It seems to be easy to achieve the goal but recognition of license plate
requires many difficult solutions to some non-trivial tasks. If the license plate is oriented horizontally, uniform-
ly lighted, has a clean surface, clearly distinguishable characters, then it’ll be not too difficult to recognize
such a license plate. However, the reality is much worse. The lighting of each part of the plate isn’t equal; the
picture from the camera is noisy. Besides, the license plate can have a big angle relative to the camera and be
dirty. These obstacles make it difficult to recognize the license plate characters and determine their location on
the image. For instance, the accuracy of recognition is much worse on large camera angles. To solve these
problems, the developers of automatic license plate recognition systems use a different approach to processing
and analysis of images. The work shows an automatic license plate recognition system, which increases the
recognition accuracy at large camera angles. The system is based on the technology of recognition of images
with the use of highly accurate convolutional neural networks. The proposed system improves stages of nor-
malization and segmentation of an image of the license plate, taking on large camera angles. The goal of im-
provements is to increase of accuracy of recognition. On the stage of normalization, before histogram equali-
zation, the affine transformation of the image is performed. For the process of segmentation and recognition,
Mask R-CNN is used. As the main segment-search algorithm, selective search is chosen. The combined loss
function is used to fasten the process of training and classification of the network. The additional module to the
convolutional neural network is added for solving the interclass segmentation. The input for this module is
generated feature tensor. The output is segmented data for semantic processing. The developed system was
compared to well-known systems (SeeAuto.USA and Nomeroff.Net). The invented system got better results on
large camera shooting angles.

Keywords: license plate recognition system; machine learning; convolution neural networks; Mask R-CNN;
image analysis.

level, angle, image quality, etc.) [2, 3].
Today exists a big amount of different ALPR sys-
tems that can be divided into two groups — hardware and

Introduction

Automated license plate recognition systems

(ALPR) have many areas of application today. It can
be automatic accident detectors, which can call the
police and ambulances. It also can be automatic send-
ing of fines, which are already used on Ukrainian
roads, payment systems in paid parking lots, and so on.
Any of these automated systems can effectively func-
tion only with the automated license plate recognition
ability.

ALPR systems are not only present a huge practi-
cal interest [1], but also theoretical. Because of this
example, it is possible to check and analyze many dif-
ferent combinations of various algorithms. In the sim-
plest case, such a system should consist of two mod-
ules: an image-processing module and a module for
extracting the relevant information (car plate infor-
mation).

Of course, this is just a primitive overview of the
topic. If such a system should be used on real roads,
many factors should be taken into account (lighting

software systems.

Hardware ALPR systems it’s systems that process
data directly by a built-in environment (usually it’s a
camera that contains built-in software). The software
method of processing the data means a process of trans-
ferring data to another device (usually its server), for
necessary processing operations.

The main characteristics of such systems are the
proportion of correctly recognized numbers; the angles
of the license plate relative to the camera; the recogni-
tion distance and the speed of the vehicle.

Existing ALPR systems have a high quality of
recognition only in strictly defined conditions of their
application in terms of lighting, angles, and distances
for the cameras used, the size of the license plate in the
image, and so on. These restrictions are imposed on
both types of used automatic license plate recognition
systems: both hardware [4] and software [5]. Require-
ments for camera position in automatic license plate
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recognition system and restrictions [6, 7] on their use
are shown in Fig. 1.

Fig. 1. Requirements for camera position
(installation angle for vertical mounting — up to 30°,
installation angle for horizontal mounting — up to 30°,
roll angle — no more than +-5°)

Such restrictions complicate the use of modern
ALPR systems in real situations on public roads, espe-
cially in the presence of multi-lane traffic, large camera
shooting angles, bad visibility of license plates, and in
difficult weather conditions [8, 9].

Increasing of efficiency of ALPR systems in real
situations on public roads is possible only through the
integrated use of technologies for optical character
recognition and artificial intelligence [10, 11].

Implementing applications like this will not be
possible without the use of artificial intelligence sys-
tems [12, 13].

There are many applications of the neural network
of various structures to detect objects in noisy images:
multilayer fully connected perceptron neural networks
[14], convolutional neural networks [15], capsular neu-
ral networks [16, 17], etc.

The main idea of the paper is the use of convolu-
tional neural network Mask R-CNN in ALPR systems.
The architecture of this neural network, its features, and
its advantages are analyzed in the work.

The following tasks can be distinguished in the
work:

- analysis of existing algorithms of similar sys-
tems;

- analysis of the principles of construction and
operation of a particular model with Mask R-CNN;

- research of model with Mask R-CNN and ana-
Iytical comparison of the proposed system with ana-
logues.

Analysis of the license plate
recognition system

Before proceeding to the analysis of ALPR algo-
rithms should briefly formulate features of the re-
searched system — it should function effectively in con-
ditions of public roads of Ukraine with the large camera
shooting angles.

The model of ALPR systems must recognize car
plates and first of all, it’s important to be familiar with
the basic structure of car numbers in Ukraine.

The types and structure of license plates are strict-
ly defined. Each plate in Ukraine has the appropriate
size and structure. All these characteristics can be found
in DSTU 4278: 2019.

The most common is type 1 (Fig. 2). It has strictly
defined characteristics: height — 112 mm; length — 520
mm; the number of characters — 8 (4 digits and 4 let-

F AK1234 AB

Fig. 2. License plate type first

All the processes of the ALPR system can be di-
vided into four main stages (Fig. 3): image pre-
processing, selection of the license plate on the image,
segmentation of the license plate into individual charac-
ters, recognition of segmented characters. The most
appropriate algorithms are used at each of these stages.

selection of the
license plate on the

image

segmentation of
the license plate

Image pre-
processing

—>

recognition of
each segment

e

Fig. 3. Block diagram of the model of recognition
of license plates
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The algorithms for image pre-processing include
the following: media filtering algorithm; equalization of
histograms [18, 19].

The media filtering algorithm consists of selecting
an image mask (for example, 3x3 pixel square), arrang-
ing the brightness values of these pixels, and determin-
ing the median value that will be applied to that mask.

If our mask is square 3x3 then the median value is
Sth and if 5’5 then 13th.

The image histogram is a discrete function of the
following type:

fi) =% )

where n; — amount of pixels of picture that has i

brightness level; n —amount of all pixels of picture.

Function f (i) normalized 0 <f (x) < 1. Brightness
values are plotted on the abscissa axis: 0 <i <255, on
the y-axis — the values 0 <f (x) <1. The equalization
method evenly increases the range between the bright-
ness values present in the image, thereby increasing its
contrast, thus the difference in the brightness of the half-
tones will be greater. According to the formula, the his-
togram is transformed so that it takes the maximum-
minimum brightness range

k
n.
Sk =9(xi) = 2_f(xi) :ZFI' )
i=0
where S, — the final brightness of the pixel,
f(xj) — the value of the histogram at the x; point,
k — range.

Sy value lie inrange 0 < S, < 1. If we want to use
0 < S, <255 range, we should multiply S, by 255.

Among the methods of the license number selec-
tion in the image, we can highlight the formula of affine
transformations:

©a-X+b-y+c
x = & X+by+c
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g-x+h-y+1 ®)
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If you use these transformations, you can convert
any quadrilateral to a rectangle. Fig. 4 shows a distorted
image of the rectangle ABCD, which is obtained from
the camera. This image was taken at a wide-angle cam-
era. The coordinates of the point k are distorted in the
image. In Fig. 4, b shows the result of the affine trans-
formation (3) — (4). There is no distortion in the ob-

tained rectangle ABCD. The real coordinates of the
point k(2,3) are obtained.

Image segmentation is the operation of dividing
the input image into zones of interest for future re-
search. In the system of recognition of license plates,
the segmentation process is the process of selecting each
number or letter on the plate. There are various methods
of finding special areas in the image, one of which is
segmentation based on neural networks. This method
(based on neural network Mask R-CNN) is used in the
model.

N W b

RN W N
.

Fig. 4. Transform an arbitrary quadrilateral area
into a rectangular

The last stage is the recognition of each character
on the license plate. This issue uses a large number of
different algorithms, but the main ones that find practi-
cal application are two: the method of reference vectors
[20] and the method of neural networks. The method of
reference vectors consists in transferring data into a
larger space and searching for a separating hyperplane.
A visual example of the algorithm of reference vectors
is shown in Fig. 5.

In Fig. 5 blue dots belong to one class and green
dots belong to another class. In this figure, you can see
the disadvantage of this method. The decision depends
on the training data because all three hyperplanes of this
example satisfy us.
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Fig. 5. Visualization of the method
of reference vectors

Because the method of reference vectors has this
disadvantage, our model uses the neural network tech-
nologies.

Neural network Mask R-CNN

The main part of the whole project is the architec-
ture of the neural network Mask R-CNN [21, 22]. This
architecture is derived from previous neural networks
(Fast R-CNN & Faster R-CNN) [23]. The Mask R-CNN
architecture is based on the instance segmentation prob-
lem means that the model not only finds objects of one
class in the image but also can select all segments of the
corresponding class in this image.

The model first selects specific regions, and then
uses the Convolution Neural Network (CNN) for each
of the selected regions. The general scheme of operation
of the convolutional neural network is shown in Fig. 6,
and the general scheme of work Mask R-CNN is shown
in Fig. 7.

It should be noted that there are many different
CNN architectures: VGG, ResNet, DenseNet and so on.
However, the nuclear CNN of Mask R-CNN is the ar-
chitecture of CaffeNet (AlexNet).

Selective Search is used as the main search algo-
rithm for segments that are later fed to the convolutional
network [24].

hidden layer 1
4 feature maps

image patch
1 layer

36x36

28x28

convolution max
(kernel: 9x9x1) pooling

14x14

SVM
EEOXTeR || SUME classification

[ Bbox reg || svms | SFrasilis
-Bbox reg -SVMs o Using of CNN
5 to processing
of selected
regions
Selected
regions

Regions of
interest

Input image

Fig. 7. General scheme of work Mask R-CNN

The authors of this neural network faced one sig-
nificant problem. Memory greedy learning process of
the neural network. By the way, this process needs a big
amount of processing. Because even for simple cases,
each fragment had to be stored in memory for each sub-
net separately. The combined loss-function was used for
simultaneous training of softmax-classifiers and bbox
regressor [24]:

L(p, tY, v) = L (o, u) +A[u > Ly (84, V), (5)
Lis (p,u) =—logpy, , (6)

Loox (V)= > Lt -vy),  (7)
ie{x,y,w,h}

where u — class of the object that actually present in the
region;

Lgjs(p,u) —log los s for u-class;

Vv =(Vy,Vy,Vy,Vy) - real dimensions of the frame
for more accurate capture of the object;

t"(tx, ty, tw, th) — obtained frame measurements;

Lioc — loss-function between real and obtained
frame measurements;

hidden layer 2
§ feature maps

final layer
4 class units

10x10 5x5

! toA
convolution
(kernel: 5x5x4)

convolution
(kernel: 5x5x8)

max
pooling

Fig. 6. General scheme of operation of the convolutional neural network
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L — the initial coefficient, which serves to balance
both loss functions (it should be noted that in the initial
version of the model it was equal to one);

2
Lsmooth _ 05X y |X| <1, 8
10 {|x|—0.5,|x|21. ®

This approach helps solve the object detection
problem (for the Fast R-CNN model), but not instance
segmentation. An additional segment of such an object
is used to distinguish the pixels of one object from an-
other. In fact, it solves the problem of instance segmen-
tation from the obtained feature tensor (Fig. 8).

For the approach described earlier, the general loss
function is also used, which has the following form:

L =Lis +Ljoc + Lmask - ©)

Implementation

As a programming environment, we used Py-
Charm IDE and Python 3.7 as a programming language
because as they are most common in the machine learn-
ing segment and free for an academic license.

It is also impossible to imagine the implementation
of a machine-learning model from scratch, which is why
a large number of third-party libraries were used.

NumPy is the most common library for working
with tensors (multidimensional arrays). It allows in a
short amount of time to make a large humber of com-
plex calculations with the entire tensor (the dimension
of which can reach 14x14x512 in the simplest models).
The general purpose of the library is to work with arrays
and represent high-level mathematical functions.

OpenCV is a library of open-source computer vi-
sion and machine learning. It includes more than 2,500
algorithms, which have both classical and modern algo-
rithms for computer vision and machine learning.

SkiPy is an open library of high-quality scientific
tools. SciPy contains modules for optimization, integra-
tion, special functions; signal processing, image pro-
cessing, genetic algorithms, solving common differen-

tial equations, and other problems that are solved in
science and engineering.

TensorFlow is probably the most common library
for machine learning and deep learning. It was devel-
oped by Google and includes a set of various fundamen-
tal functionalities for working with neural networks.

PyTorch is an open machine-learning library based
on the Torch library, used for applications such as com-
puter vision and natural language processing. It is de-
veloped mainly by the artificial intelligence research
team of Facebook. It is free and open-source software
released under the Modified BSD license.

Keras. Most of all modern neural networks use this
library for analysis and development in this direction.
Keras itself is an add-on to libraries that provide func-
tionality for working with neural networks (such as
TensorFlow).

When comparing this network with a similar one,
the following result was derived (Fig. 9).

An assessment of the license plates recognition
system is carried out on a test sample, which consisted
of 1040 cars photos with Ukrainian license plates, 130
images for viewing angles 0, 10, 20, 30, 40, 50, 60, 70
degrees.

100 g
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—=— Beefuto UEA
20 b | —B—Momeraft.NET

0 10 20 30 40 50 60 70
Shooting angle (deg.)

Fig. 9. Comparison of the network with analogues

Fig. 8. Solving the problem of instance segmentation using Mask R-CNN



Intelligent information technologies

87

For assessment, the quality of the model was used
classification accuracy indicator [25]. Accuracy is the
most common criteria for determination of efficiency of
classification and it’s defined as the ratio between cor-
rectly classified samples (all license plate symbols) to
total number of samples (recognizable license plates):

TP+TN
TP+TN+FP+FN’

Accuracy = (10)

where TP — true positive; FN — false negative;
FP — false positive; TN — true negative.

The accuracy was calculated for every possible
shooting angle.

The resulting quality classification of license
plates for the investigated system was over 0.95 for
shooting angles less than 60 degrees.

Because of the comparison, it can be concluded
that SeeAuto.USA [26] has worse indicators (number of
correct recognitions) than a developed system at large
viewing angles. Starting at a viewing angle of 50 de-
grees, the system shows good results (Accuracy = 0,96)
as SeeAuto.USA (Accuracy =0,5).

It should be noted that the project was based on the
network Nomeroff.Net, in which the artificial neural
network Yolov5 was used as a detector [27, 28]. The
developed system with Mask R-CNN as a detector has
better recognition results for shooting angles more than
50 degrees.

Conclusions

The work aimed to analyze the theoretical and
practical problems associated with the creation of sys-
tems for the automatic recognition of license plates. The
paper firstly shows information about Ukrainian license
plates. Then the work divides the problem of classifying
the number into several subsystems. For each subsys-
tem, a description of algorithms and methods for solv-
ing each problem is presented.

Another task was to study and illuminate one of
the most effective systems in this area — the neural net-
work Mask R-CNN, which was created to effectively
perform the task of instance segmentation.

The final part of the work presents the results of a
comparative study of the system with some of the
known software applications. Based on the conclusions
of this comparative study, it is possible to get a clear
idea of the possibilities of such a system in real situa-
tions on public roads.

The resulting accuracy of license plates classifica-
tion for the researched system was more than 0.95 for
viewing angles less than 60 degrees, similarly compared

with known analogs, and significantly better than
known analogs — for viewing angles over 50 degrees.

According to the results of the research, this li-
cense plate recognition system works optimally under
different operating conditions. Moreover, this system
shows excellent results compared to other similar sys-
tems (even at large angles and with different levels of
illumination).

As a result, an effective system for license plates
recognizing, the principles of its construction and opera-
tion were researched.

The purpose of further research is to check the ef-
ficiency of the proposed model on datasets with license
plates of other countries and other real ALPR.
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CUCTEMA ABTOMATUYHOTI'O PO3MI3HABAHHSI ABTOMOBLJIbBHUX HOMEPIB
IIPU BEJIMKUX KYTAX 3MOMKHU KAMEP

I'. A. Kyuyk, A. O. IToooposcnsx, H. 10. JTioouenxo, /1. I1. Onuwenko

CucremMa aBTOMAaTHYHOTO PO3Ii3HABaHHS aBTOMOOUILHMX HOMEpIB — anapaTHO-NPOrpaMHUHA KOMIUIEKC, SKHUH
peaitizye BIATOBIAHI aqrOpUTMH po3mi3HaBaHHsA. He3Bakarouu Ha 30BHIIIHIO MPOCTOTY 3aBIaHHS, PO3IMi3HABAHHS
HOMepiB nepeadavae BUPIMICHHS HU3KH HETPUBIAIBHUX MUTaHb. SIKIO aBTOMOOLIBHUI HOMEP pO3TAIIOBAHUI CTPO-
IO TOPU30HTAILHO, OCBITIICHHH PIBHOMIPHO, Ma€ YHCTY MOBEPXHIO, YITKO IMOMITHI CUMBOJIH, TO PO3II3HATH TaKUH
HOMEp HE Ba)XKKO. AJle MPaKTUYHO TaKi YMOBH 3yCTPIYarOThCs Ayke piako. Haifuacrime ocBiTieHHS HepiBHOMIpHE,
Ha 300pakeHHi 3 KamepH € pi3Hi mymu. KpiM Toro, HoMep Moxe OyTH pO3TalIOBaHUI MiJ CYTTEBUM KYTOM O Ka-
MepH Ta IOKPUTHH IusiMamu Opyny. Lle yckmamHioe po3mi3HaBaHHS CHMBOJIIB HOMEPHOTO 3HAKy Ta BH3HAUYCHHS
MiCLIe3HAXO/DKeHHST HOMepa Ha 300pa)keHHi. 30KpeMa, TOYHICTh PO3MI3HABAHHS ICTOTHO 3HIIKYETHCS NIPH BEITHMKHX
KyTax 3ioMKH Kamep. [isl BUpILICHHS IepeliueHnX IpooiIeM po3poOHUKAaMU CHCTEM aBTOMATHYHOTO PO3ITi3HaBaH-
HSl HOMEPIB 3aCTOCOBYIOThCSI PI3HOMAaHITHI METOAM 0OpOOKH Ta aHaii3y 300pa)keHb. Y CTaTTi 3alPOIOHOBAHO CHUC-
TEMY aBTOMaTHYHOT'O PO3ITi3HABaHHS aBTOMOOUILHIX HOMEPIB, sika 301IbIIY€e TOUHICTh PO3Mi3HABAHHS MPH BETUKHX
KyTax 3lOMKH Kamep. 3alponoHOBaHa cucTeMa 0a3yeThCsl Ha TEXHOJIOTIT po3Ili3HaBaHHs 300pakeHb 3 BUKOPUCTAH-
HSIM 3TOPTKOBHX HEHPOHHHMX MepeX. Y 3aIpONOHOBaHIN CHCTEMi BJIOCKOHAJIEHO eTaly HopMalizalii Ta cermeHranii
300pakeHHs HOMEPHOT'O 3HAKy aBTOMOOLIA. MeTa yJOCKOHAJICHHS — IMiIBUINCHHS TOYHOCTI PO3Mi3HABAHHS aBTOMO-
OiJIbHUX HOMEpIB, OTPHUMAHMX MPU BEJIMKUX KyTax 3HOMKH kamep. Ha erari HopMmaizauii nepes exkBaizaieo npo-
BOJMTHCS aiHHE mepeTBOpeHHs 300paxkeHHs. st cerMeHTauil Ta po3ni3HaBaHHS HOMEPHOTO 3HaKy BUKOPHUCTOBY-
eThcs HelipoHHa Mepexxa Mask R-CNN. Sk ocHOBHHIT alTOpHTM MOIIYKY CETMEHTIB oOpaHO anroputMm Selective
Search. [Iyist mpuCcKOpeHHs HaBYaHHS Mepexki 3aNPONOHOBaHO BUKOPHCTOBYBATH 00'eHaHy loss-dyHkiioo. BeeneHo
JIOIATKOBUI MOYJIb 3rOPTKOBOT HEHPOHHOT Mepexi /Ul BHpILICHHS 3a7adi BHYTpIIHbOKJIACOBOI cerMeHTanii. Ha
BXiJl JaHOTO MOJYJISI HaJXOOuTh chopMOBaHHMIl TeH30p O3HAK. Ha BHXOMi MOAYJIsl OTPHMAEMO CErMEHTOBaHY iH(pO-
pMartist s ceMaHTHIHOT 00poOKku. [IpoBeneHO MOPIBHSIBHE TOCTIKEHHS 3aIPOITIOHOBAHOTO MiAXOTY 3 BIIOMUME
peaizalisiMi CHCTEM aBTOMAaTUYHOTO po3mi3HaBaHHs aBTOHOMepiB SeeAuto.USA ta Nomeroff.Net. 3anpononosa-
Ha CHCTeMa IPH BEJIMKUX KyTaX 3HOMKHM KaMepH NoKa3asa Kpalili pe3yJbTaTy.

KoaiouoBi ciioBa: cucrema po3mi3HaBaHHS aBTOHOMEpIB; MalllMHHE HAaBYaHHS; 3TOPTKOBI HEHPOHHI Mepexi;
Mask R-CNN; anai3 300paskeHHsI.

CUCTEMA ABTOMATHYECKOT'O PACIIO3HABAHUA ABTOMOBUJIBHBIX HOMEPOB
IIPHU BOJIBIIIUX YI'JIAX CBEMKHU KAMEP

I. A. Kyuyk, A. A. llodoposcuax, H. FO. /Tio6uenxo, /. I1. Onuwenko

Cucrema aBTOMAaTHYECKOTO Paclio3HABaHUS aBTOMOOMIBLHBIX HOMEPOB — 3TO armnapaTHO-TIPOrpaMMHBIH KOM-
IUIEKC, KOTOPBIA peaan3yeT alropuTMbl pacio3HaBaHus. HecMOTpsl Ha BHEIIHIOO IPOCTOTY 33Ja4H, paclO3HaBaHUE
HOMEPOB TPEAIONaracT PEmIeHHus pAga HETPUBHAIBHBIX BOMPOCOB. Eciu aBTOMOOWIIBHBIN HOMEP pPacIoNIoKeH
CTPOro rOPU30HTAIBHO, OCBEIEH PABHOMEPHO, UMEET YUCTYIO IIOBEPXHOCTb, YETKO Pa3INdMMble CUMBOJIBI, TO pac-
MO3HATh TAKOW HOMEP HE COCTaBUT TpyJa. Ho Ha mpakThke Takue yCIOBHA PENKO BCTpedaroTcs. Yaie Bcero ocse-
IIEeHHEe HEPaBHOMEPHO, Ha M300pakeHUH ¢ KaMephl HMMEIOTCS pa3indHble MrymMbl. KpoMme Tor0o, HOMEp MOXeT ObITh
PAacCIIONIOKEeH TI0J CYIIECTBEHHBIM YTJIOM K KaMepe M MOKPHIT MATHAMH TPSA3U. DTO 3aTPyAHSIET PaCIO3HABAaHHE CHM-
BOJIOB HOMEPHOTO 3HAKa U ONpEJIENICHNE MECTOHAX0XKICHUSI HOMEpa Ha N300pakeHNH. B 4acTHOCTH, TOYHOCTH pac-
MIO3HABaHUS CYIIECTBEHHO MMajaeT NMpH OOJBLIMX yrilaX ChbeMKH Kamep. i perieHus NepedrcIICHHBIX MpoliieM
pa3paboTYMKaMH CUCTEM aBTOMATHYECKOT'O paclio3HABaHUSI HOMEPOB IIPUMEHSIOTCS Pa3HOOOpa3HbIe METOIBI 00pa-
00TKM M aHaNM3a N300pakeH. B craThe mpeioskeHa cucTeMa aBTOMaTHIECKOT0 PAcio3HaBaHMUsI aBTOMOOMIIBHBIX
HOMEpOB, KOTOpasl YBEJIMYMBAET TOYHOCTH PACIIO3HABAaHMS NPHU OOJNBIIMX yIJIaX CheMKH Kamep. IIpemnoskeHHas
cucremMa Oazupyercs Ha TEXHOJIOTMU pacliO3HaBaHUS M300paKEHWH C HCIIOJIb30BAaHWEM CBEPTOYHBIX HEWPOHHBIX
cereil. B mpeoskeHHOH crcTeMe yCOBEPIICHCTBOBAHBI Tallbl HOPMAJIM3AIMH U CETMEHTallMM M300paXXeHUs! HO-
MEpHOTO 3HaKa aBTOMOOWIS. llens ycOoBepIIeHCTBOBAHHS — MOBBICUTH TOYHOCTh PACTIO3HABAHHS aBTOMOOWMIHHBIX
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HOMEPOB, MOJIYYSHHBIX TPH OOJBIIKNX yIrilaX CheMKH kKamep. Ha artane HopManuzannu nepes sKBajlu3alueld MpoBo-
aurcest adpuHHOE IpeoOpa3oBaHne H300paxeHus. J{Jsi cerMeHTaly U pacrio3HaBaHUss HOMEPHOTO 3HaKa HCIIOJIb3Y-
ercst Heiponnas cetb Mask R-CNN. B kauecTBe OCHOBHOTO aJTOPHTMa IOMCKA CETMEHTOB BBIOpAH aarOpUTM
Selective Search. JInst yckopeHus 00y4eHHsT CETH M MPOBEICHHS KIACCHMDHKAIIMN TIPEUIOKEHO UCTIONB30BaTh 00h-
enrHeHHYIO loss-¢yHKuno. BBeneH NOMOTHUTENBHBI MOIYIh CBEPTOYHON HEHPOHHOM CeTH IS PEUICHUS 3a1aun
BHYTPHKJIACCOBOI cerMeHTanuu. Ha BXox MaHHOTO MOIYJS MOCTYymaeT copMHUpOBaHHEBIN TeH30p mpu3HakoB. Ha
BBIXOZI€ MOJYNS — CETMEHTHPOBaHHAsA MH(OpManus AN ceMaHTHYecKOoi oOpaborku. IIpoBeneHO cpaBHUTENbHOE
HCCIIEOBAaHNE TPEUIOKECHHOTO MOAX0Aa C M3BECTHBIMH PEATM3ALMAMH CHCTEM aBTOMATHUYECKOTO PACHO3HABAHUS
aBroHomepoB SeeAuto.USA u Nomeroff.Net. [Ipeanaraemas cuctema npu GONBIINX yriaX ChbeMKH KaMephl MOKa-
3aja JIy4Ie pe3yabTaThl.

KaroueBble cioBa: cucreMa paclo3HaBaHUS aBTOHOMEPOB; MAallMHHOE OOy4YeHHE; CBEPTOYHBIE HEHPOHHBIE
cery; Mask R-CNN; ananu3 u3o0paxeHusl.
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