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Abstract.  The subject of study is the creation process of an artificial intelligence system for automatic license plate 
detection. The goal is to achieve high license plate recognition accuracy on large camera angles with character extraction. 
The tasks are to study existing license plate recognition technics and to create an artificial intelligence system that works on 
big shooting camera angles with the help of modern machine learning solution – deep learning. As part of the research, both 
hardware and software-based solutions were studied and developed. For testing purposes, different datasets and competing 
systems were used. Main research methods are experiment, literature analysis and case study for hardware systems. As a 
result of analysis of modern methods, Mask R-CNN algorithm was chosen due to high accuracy. Conclusions. Problem 
statement was declared; solution methods were listed and characterized; main algorithm was chosen and mathematical 

background was presented. As part of the development procedure, accurate automatic license plate system was presented and 
implemented in different hardware environments. Comparison of the network with existing competitive systems was made. 
Different object detection characteristics, such as Recall, Precision and F1-Score, were calculated. The acquired results show 
that developed system on Mask R-CNN algorithm process images with high accuracy on large camera shooting angles. 

Keywords:  license plate detection; object detection; machine learning; deep learning; convolutional neural network; 
region based convolutional neural network; Mask R-CNN.  

 

Introduction 

Intellectual computer systems are everywhere in our 

lives: from online shopping to space exploration. One 

example of many such systems are automatic license plate 

recognition systems (ALPR). ALPR allows making our 

life easier, more comfortable and most important safer. 

According to Ministry of Internal Affairs of Ukraine [1] in 

2022, 237 smart cameras are installed (Fig. 1). Main core 

of these systems is ALPR module, which makes possible 

extraction of license plate number. These systems can be 

used not only as part of speeding detection systems but 

also by automatic parking, access control, law 
enforcement or accident detection systems. Market of 

ALPR systems was assessed to be 774 million (USD) in 

2019 with rise to 1885 million (USD) in 2027 [2]. Newer 

research shows, that market price was 1050 million (USD) 

in 2021 and will be raised to 1931 million (USD) in 2028 

[3]. Both researches show that market value of ALPR 

technologies as much as their demand will grow. 

 

 

Fig. 1. Speeding detection cameras in Ukraine 

Problem statement 

In terms of Computer Vision, this problem belongs 

to object detection problems. In nutshell, ALPR task can 

be declared as procedure of finding coordinates of license 

plates on image. For creation of the system, many more 

factors should be taken into account.  

Firstly, it is important to understand, how images 

are acquired [4, 5]. Because of different camera angles 

sometimes license plate recognition simply impossible 

(Fig. 2). Another common restriction for these systems is 

weather. Snowy or rainy day images sometimes harder to 

understand than night images. 

 
Fig. 2. Camera position invariance 

 
Secondly, stages of image processing must be 

identified [6] – whatever to use preprocessing or not, how 

exactly processing of the image will look like, what about 

post-processing and so on. All these questions are part of 

main method selection. For this purpose, different 
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approaches can be applied – RGB to grayscale transition 

or histogram normalization for preprocessing, corner 

detection methods for image processing, natural 

language processing (NLP) in terms of post-processing 

for symbols extraction. Because of low accuracy of these 

methods [7 – 9], artificial neural network was chosen [10, 

11].  

Standard ANN have no practical results for image 
analysis, that’s why convolutional neural network is 

used. CNN is a class of deep learning techniques for 

Computer Vision problems. In terms of object detection, 

R-CNN is a good class of convolutional neural networks. 

More specifically, Mask R-CNN was applied.  

Mask R-CNN 

Mask R-CNN is based on region proposal networks 

and improvement over Faster R-CNN [12] for semantic 

segmentation. In presented work, Mask R-CNN used for 

license plate detection purpose.  

Mask R-CNN consist of two parts [13]. In the 

beginning, convolutional neural network performs 

feature map extraction. CNN can be chosen freely 

(VGG16, VGG19, ResNet50, ResNet101, InceptionNet, 

DenseNet or EfficientNet), in our case, ResNet101 was 

used. Simultaneously, regions are proposed. These 

regions contain the objects in feature maps. 
Second part of the network is bounding boxes 

prediction and object classification module. The module 

works once pro region obtained in stage 1.  

As mentioned before, Mask R-CNN is 

improvement of Faster R-CNN (Fig. 3) for instance 

segmentation. As the result, created network predicts not 

only license plate position, but also mask.  

 

 
Fig. 3. Faster R-CNN general architecture 

 

Because of the combined architecture of Mask R-
CNN (Fig. 4), accuracy characteristics of the network are 

much better, than previous networks [13]. Important to 

notice, that main advantage of chosen system is, in the 

same time, main problem – complex loss function of the 

network. 

Loss function of the network consists of three parts: 

classification loss, localization loss and mask loss and 

can be described like: 

 
Fig. 4. Mask R-CNN general architecture 

 

𝐿(𝑢, 𝑝, 𝑡𝑝 , 𝑣𝑢 , 𝑝) = 

= 𝐿𝑐𝑙𝑠(𝑝, 𝑢) + 𝜆 𝐿𝑙𝑜𝑐(𝑡𝑝 , 𝑣𝑢) + 𝐿𝑚𝑎𝑠𝑘(𝑚, 𝑢, 𝑝). 

To fully grasp this function behavior, it is important 

to look at all part losses. Each sub-loss is not so hard to 

understand separately: 

𝐿𝑐𝑙𝑠 =  −𝑢 ⋅ log(𝑝) − (1 − 𝑢) ⋅ log(1 − 𝑝);  

𝐿𝑙𝑜𝑐(𝑡𝑝, 𝑣𝑢) = ∑ 𝐿1
𝑠𝑚𝑜𝑜𝑡ℎ(𝑡𝑖

𝑝
− 𝑣𝑖

𝑢);  
𝑖∈{𝑥,𝑦,𝑤,ℎ}

  

𝐿𝑚𝑎𝑠𝑘(𝑚, 𝑢, 𝑝) = 

= −
1

𝑚2
 ∑ ∑ [

𝑢𝑖𝑗 ⋅ log(𝑝𝑖𝑗) +

+(1 − 𝑢𝑖𝑗) ⋅ log(1 − 𝑝𝑖𝑗)
] 

𝑚

𝑗=1

𝑚

𝑖=1

, 

where: 

𝑢 – class of the object; 

𝑢𝑖𝑗  – class of the object in pixel 𝑖, 𝑗; 

𝑝 – predicted class of the object; 

𝑝𝑖𝑗  – predicted class of the object in pixel 𝑖, 𝑗; 

𝑣𝑢 – real bounding box; 

𝑡𝑝 – predicted bounding box; 

𝜆 – coefficient of the localization loss function 

weight (originally is 1); 

𝑚 × 𝑚 – size of the mask; 

𝐿1
𝑠𝑚𝑜𝑜𝑡ℎ(𝑥) = {

0.5 ⋅ 𝑥2, |𝑥| < 1;
|𝑥| − 0.5, |𝑥| ≥ 1.

 

Metrics evaluation 

To test accuracy of developed ALPR system [14] 

standard Accuracy metric was used: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 , 

where: 

𝑇𝑃 – number of true positives (number plate is 

presented and detected);  

𝑇𝑁 – true negatives (number plate isn’t presented 

and isn’t detected, not applicable to the problem, equals 
zero); 

𝐹𝑃 – false positives (number plate wasn’t 

presented, but was detected); 

𝐹𝑁 – false negatives (number plate was presented 

but not detected). 

Accuracy comparison developed system to 

NomeroffNet [15] and SeeAuto (FF-Group) [16] in a 

wide range of camera shooting angles (Fig. 5) was made 

[14, 17]. 
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Fig. 5. Accuracy comparison 

 

Results show, that developed system works better, 

than competitive solutions, especially in terms of large 

camera shooting angles. 

Another way to test presented system is to use 
Precision, Recall and F1-Score metrics (Table 1).  

 
Table 1 – Precision, recall and F1 score of the model 

 
Metrics 

Precision Recall F1-Score 

Autoria Number Plate 
Dataset 

0.96 0.95 0.95 

Medialab LPR dataset 0.96 0.93 0.94 

 

For this purpose, two datasets were chosen: 

Medialab LPR dataset [18] and Autoria Number Plate 

Dataset [15]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
; 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
; 

𝐹1 = 2 ⋅
𝑅𝑒𝑐𝑎𝑙𝑙 ⋅ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
. 

Precision and recall are more useful than accuracy 

if some type of errors are more valuable than another. For 

instance, if it is important to minimize false detection of 

number plates – precision is the main metric.  

Unlike accuracy, F1 score is balancing precision 

and recall, and not simply saying, how accurate the 

system is. F1 is based on “wrong” answers and calculated 
through error; on the other hand, accuracy is based on 

“correct” answers. 

Hardware implementation 

Strictly speaking, there are two possible 

implementation types for ALPR systems – software and 
hardware [19]. A software implementation is a computer 

program, which receives an image as input and generates 

an array of coordinates of license plate positions. 

Hardware implementation is, for example, a smart 

speeding detection camera. Software based systems are 

more general-purpose and don’t depend on environment, 

where they installed. Hardware based solutions are more 

powerful and can perform real-time on-the-spot 

detection, but they are also more expensive. 

Another possible solution is combined 

implementation of the system [20]. It means, that camera 

transfers to server preprocessed image and main 

computational algorithm is executed on a powerful 

mainframe.  
This restriction is made, due to lack of computation 

capabilities of hardware platforms. As a platform for the 

project, Raspberry Pi was chosen, because of availability 

and community support. Most of the DIY projects are 

based on OpenCV processing, such as RGB to grayscale 

transformation and different edge detectors [21, 22]. All 

these methods don’t come even close to accuracy that can 

be achieved, with the help of Mask R-CNN. That’s why 

Raspberry Pi implementation of the proposed system was 

created (Fig. 6).  

 
Fig. 6. Scheme of Raspberry Pi implementation 

 

As expected, first results weren’t great. One image 

could be processed from 10 to 20 seconds (compared to 

average 4 seconds with Intel I7-9750H CPU). The main 

framework is TensorFlow, which makes deep learning 

possible, but it is very large for chosen platform. That’s 

why TensorFlow Lite was used. Because visualization 

part (Fig. 7) was made with the help of OpenCV, 

OpenCV Lite was selected. After all optimization steps, 
average processing time decreased to 7 seconds.  

 

 

Fig. 7. Visualization of processing result 
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Although no real-time processing is possible with 

current platform or without model optimization, realization 

of the solution can be implemented with different processor 

and build in ALPR drone (Fig. 8) [23, 24]. 

 
Fig. 8. Scheme of ALPR drone 

 

Important to notice, that processing time with GPU 
(GeForce GTX 1060TI) takes only 500 ms, it means, that 

the system is great solution for server-based recognition. 

Conclusions 

The aim of the work is analyze of theoretical 

background and practical problems of automatic license 
plate recognition systems.  

The article defines the problems of ALPR system 

creation and presents possible solution. Different 

approaches were analyzed and main detection algorithm 

was selected. Mathematical background of Mask R-CNN 

was presented and clarified. After that, developed system 

was tested in comparison to different rival systems. 

Results show that created system works better than 
compared network on big camera shooting angles. 

Different accuracy metrics were calculated to show the 

system capabilities. 

Furthermore, created system was implemented in 

different hardware environment. Results show that 

developed network can be applied in server-based 

solutions and doesn’t allow real-time analysis. 

As a result, an effective system for automatic 

license plate recognition was developed, presented and 

tested. Accuracy more than 95% was achieved for 

viewing angles up to 60 degrees. High recall and 
precision metrics show balanced identification 

possibilities of the network. 

REFERENCES 

1. Ministry of Internal Affairs of Ukraine. “Adresy kamer fotovideofiksaciji ta dozvolena shvydkistj rukhu” [Addresses of photo 
and video recording cameras and permitted speed], available at: https://mvs.gov.ua/uk/ministry/projekti-
mvs/avtofotovideofiksaciya-porusen-pdr/adresi-kamer-fotovideofiksaciyi-ta-dozvolena-svidkist-ruxu-1 

2. Verified Market Research “Global Automatic License Plate Recognition (ALPR) Market Size And Forecast”, available at: 
https://www.verifiedmarketresearch.com/product/automatic-license-plate-recognition-alpr-market/ 

3. Press Release “Automatic License Plate Recognition Market Size 2022 Report”, available at: 
https://www.marketwatch.com/press-release/automatic-license-plate-recognition-alpr-market-size-2022-report-examines-
latest-trends-and-key-drivers-supporting-regional-outlook-2028-2022-12-08 

4. Psyllos, A., Anagnostopoulos, C. N., and Kayafas, E. (2011), “Vehicle model recognition from frontal view image 

measurements,” Computer Standards & Interfaces, 2011, vol. 33, no. 2, pp. 142–151. DOI: 
https://doi.org/10.1016/j.csi.2010.06.005.  

5. Liubchenko, N., Nakonechnyi, O., Podorozhniak, A., and Siulieva, H. (2018), “Automation of vehicle plate numbers 
identification on one-aspect images,” Advanced Information Systems, 2018, vol. 2, no. 1, pp. 52 – 55. DOI: 
https://doi.org/10.20998/2522-9052.2018.1.10.  

6. Kranthi, S., Pranathi, K., and Srisaila, A. (2011), “Automatic number plate recognition,” International Journal of 
Advancements in Technology, vol. 2, no. 3, pp. 408– 422, available at: https://www.longdom.org/open-access-pdfs/automatic-
number-plate-recognition-0976-4860-2-408-422.pdf 

7. Lubna, Mufti, N., and Shah, S. A. A. (2021), “Automatic Number Plate Recognition: A Detailed Survey of Relevant 
Algorithms,” Sensors, 2021, vol. 21, iss. 9, article no. 3028. DOI: https://doi.org/10.3390/s21093028. 

8. Li, H., Wang, P., and Shen C. (2019), “Toward end-to-end car license plate detection and recognition with deep neural 
networks,” IEEE Transactions on Intelligent Transportation Systems, vol. 20, issue 3, pp. 1126–1136. DOI: 
https://doi.org/10.1109/TITS.2018.2847291. 

9. Firasanti, A., Ramadhani, T. E., Bakri, M. A., and Zaki, H. E. A. (2021), “License Plate Detection Using OCR Method with 
Raspberry Pi,” 15th International Conference on Telecommunication Systems, Services, and Applications, TSSA 2021, 18-19 
November 2021. DOI: https://doi.org/10.1109/TSSA52866.2021.9768252. 

10. Khokhar, S., Kedia, D., and Dahiya, P.K. (2019), “Toward end-to-end car license plate detection and recognition with deep 
neural networks,” IEEE Transactions on Intelligent Transportation Systems, vol. 20, issue 3, pp. 1126–1136. DOI: 
https://doi.org/10.1109/TITS.2018.2847291. 

11. Khudov, H., Makoveichuk, O., Misiuk, D., Pievtsov, H., Khizhnyak, I., Solomonenko, Y., Yuzova, I., Cherneha, V., Vlasiuk, 
V., and Khudov, V. (2022), “Devising a method for processing the image of a vehicle's license plate when shooting with a 
smartphone camera,” Eastern-European Journal of Enterprise Technologies, vol. 1, issue 2-115, pp. 6-21, DOI: 
https://doi.org/10.15587/1729-4061.2022.252310. 

12. Onishchenko, D., and Tkachenko, S. (2022), “Istorija rozvytku simejstva nejronnykh merezh R-CNN” [History of development 

of the family of neural networks R-CNN], Ukraine and the world: humanitarian and technical elite and social progress 2022, 
Kharkiv, Ukraine, pp. 640 – 642, available at: http://repository.kpi.kharkov.ua/bitstream/KhPI-
Press/60729/1/Onishchenko_Istoriia_2022.pdf (last accessed January 15, 2023). 

13. He, K., Gkioxari, G., Dollár, P., Girshick, R. (2017), “Mask R-CNN,” Proceedings of the IEEE international conference on 
computer vision (ICCV), pp. 2961-2969. DOI: https://doi.org/10.1109/ICCV.2017.322. 

https://mvs.gov.ua/uk/ministry/projekti-mvs/avtofotovideofiksaciya-porusen-pdr/adresi-kamer-fotovideofiksaciyi-ta-dozvolena-svidkist-ruxu-1
https://mvs.gov.ua/uk/ministry/projekti-mvs/avtofotovideofiksaciya-porusen-pdr/adresi-kamer-fotovideofiksaciyi-ta-dozvolena-svidkist-ruxu-1
https://www.verifiedmarketresearch.com/product/automatic-license-plate-recognition-alpr-market/
https://www.marketwatch.com/press-release/automatic-license-plate-recognition-alpr-market-size-2022-report-examines-latest-trends-and-key-drivers-supporting-regional-outlook-2028-2022-12-08
https://www.marketwatch.com/press-release/automatic-license-plate-recognition-alpr-market-size-2022-report-examines-latest-trends-and-key-drivers-supporting-regional-outlook-2028-2022-12-08
https://doi.org/10.1016/j.csi.2010.06.005
https://doi.org/10.20998/2522-9052.2018.1.10
https://www.longdom.org/open-access-pdfs/automatic-number-plate-recognition-0976-4860-2-408-422.pdf
https://www.longdom.org/open-access-pdfs/automatic-number-plate-recognition-0976-4860-2-408-422.pdf
https://doi.org/10.3390/s21093028
https://doi.org/10.1109/TITS.2018.2847291
https://doi.org/10.1109/TSSA52866.2021.9768252
https://doi.org/10.1109/TITS.2018.2847291
https://doi.org/10.15587/1729-4061.2022.252310
http://repository.kpi.kharkov.ua/bitstream/KhPI-Press/60729/1/Onishchenko_Istoriia_2022.pdf
http://repository.kpi.kharkov.ua/bitstream/KhPI-Press/60729/1/Onishchenko_Istoriia_2022.pdf
https://doi.org/10.1109/ICCV.2017.322


Advanced Information Systems. 2023. Vol. 7, No. 1 ISSN 2522-9052 

58 

14. Kuchuk, H., Podorozhniak, A., Liubchenko, N., and Onishchenko, D. (2021), “System of license plate recognition considering 
large camera shooting angles,” Radioelectronic and Computer Systems, no. 4 (100), pp. 82 – 91. DOI: 
https://doi.org/10.32620/reks.2021.4.07. 

15. AUTO.RIA, “Nomeroff Net. Automatic numberplate recognition system. Version 0.2.3,” available at: https://nomeroff.net.ua/ 
(last accessed January 15, 2023). 

16. FF-Group, “SeeAuto”, available at: https://ff-group.org/seeauto 
17. Podorozhniak, A., Liubchenko, N., and Heiko, H. (2020), “Neural network system for license plates recognizing,” Control, 

Navigation and Communication Systems, 2020, vol. 4 (62), pp. 88-91. DOI: https://doi.org/10.26906/SUNZ.2020.4.088. 
18. Medialab, “LPR database”, available at: http://www.medialab.ntua.gr/research/LPRdatabase.html 
19. Padmasiri, H., Shashirangana, J., Meedeniya, D., Rana, O., and Perera, C. (2022) “Automated License Plate Recognition for 

Resource-Constrained Environments,” Sensors, vol. 22, iss. 4, article number 1434, DOI: https://doi.org/10.3390/s22041434. 

20. Chiriac, R. L. (2020), “I built a DIY license plate reader with a Raspberry Pi and machine learning,” available at: 
https://towardsdatascience.com/i-built-a-diy-license-plate-reader-with-a-raspberry-pi-and-machine-learning-7e428d3c7401 

21. Aswinth, R. (2021) “License Plate Recognition using Raspberry Pi and OpenCV,” available at: 
https://circuitdigest.com/microcontroller-projects/license-plate-recognition-using-raspberry-pi-and-opencv 

22. Kanakaraja, P., Kumar, K. S., Nadipalli, L. S., Aswin, K. S. V., and Kavya, K. C. (2022), “An Implementation of Outdoor 
Vehicle Localization and Tracking Using Automatic License Plate Recognition (ALPR),” International Journal of e-
Collaboration (IJeC), vol. 18, issue 2, pp. 1-11. DOI: https://doi.org/10.4018/IJeC.304043. 

23. Kaimkhani, N. A. K., Noman, M., Rahim, S., and Liaqat, H. B. (2022), “UAV with Vision to Recognize Vehicle Number 

Plates,” Mobile Information System, vol. 4, article ID 7655833. DOI: https://doi.org/10.1155/2022/7655833. 
24. Mokayed, H., Shivakumara, P., Woon, H. H., Kankanhalli, M., Lu, T., and Pal, U. (2021), “A new DCT-PCM method for 

license plate number detection in drone images,” Pattern Recognition Letters, vol. 148, pp. 45-53, DOI: 
https://doi.org/10.1016/j.patrec.2021.05.002. 

 

Надійшла (received) 08.12.2022 
Прийнята до друку (accepted for publication) 15.02.2023 

 
Подорожняк Андрій Олексійович – кандидат технічних наук, доцент, доцент кафедри комп’ютерної інженерії та 

програмування, Національний технічний університет "Харківський політехнічний інститут", Харків, Україна; 
Andrii Podorozhniak – Candidate of Technical Sciences, Associate Professor, Associate Professor of Computer Engineering 
and Programming Department, National Technical University "Kharkiv Polytechnic Institute", Kharkiv, Ukraine; 
e-mail: andrii.podorozhniak@khpi.edu.ua; ORCID ID https://orcid.org/0000-0002-6688-8407. 

Любченко Наталія Юріївна – кандидат технічних наук, доцент, доцент кафедри інформатики та інтелектуальної 
власності, Національний технічний університет "Харківський політехнічний інститут", Харків, Україна; 
Nataliia Liubchenko – Candidate of Technical Sciences, Associate Professor, Associate Professor of Informatics and 
Intellectual Property Department, National Technical University "Kharkiv Polytechnic Institute", Kharkiv, Ukraine; 

e-mail: nataliia.liubchenko@khpi.edu.ua; ORCID ID https://orcid.org/0000-0002-4575-4741. 

Соболь Максим Олегович – кандидат технічних наук, доцент кафедри інформатики та інтелектуальної власності, 
Національний технічний університет "Харківський політехнічний інститут", Харків, Україна; 
Maksym Sobol – Candidate of Technical Sciences, Associate Professor of Informatics and Intellectual Property Department, 

National Technical University "Kharkiv Polytechnic Institute", Kharkiv, Ukraine; 
e-mail: maksym.sobol@khpi.edu.ua; ORCID ID https://orcid.org/0000-0002-7853-4390. 

Оніщенко Даніїл Павлович – студент кафедри інформатики та інтелектуальної власності, Національний технічний 
університет "Харківський політехнічний інститут", Харків, Україна; 

Daniil Onishchenko– Student of Informatics and Intellectual Property Department, National Technical University "Kharkiv 
Polytechnic Institute", Kharkiv, Ukraine; 
e-mail: daniil.onishchenko@cs.khpi.edu.ua; ORCID ID https://orcid.org/0000-0002-4783-2053. 

 

Використання Mask R-CNN 

для автоматичного розпізнавання номерних знаків 

А. О. Подорожняк, Н. Ю. Любченко, М. О. Соболь, Д. П. Оніщенко 

Анотація .  Предметом дослідження є процес створення системи штучного інтелекту для автоматичного 
визначення номерних знаків. Мета полягає в тому, щоб досягти високої точності розпізнавання номерних знаків під 
великими кутами камери з виділенням символів. Завдання полягають у дослідженні існуючих технологій розпізнавання 
номерних знаків і створенні системи штучного інтелекту, яка працює на великих ракурсах зйомки за допомогою сучасного 
рішення машинного навчання – глибокого навчання. У рамках дослідження були вивчені та розроблені як апаратні, так і 

програмні рішення. Для цілей тестування використовувалися різні набори даних і конкуруючі системи. Основними 
методами дослідження є експеримент, аналіз літератури та тематичні дослідження апаратних систем. В результаті аналізу 
сучасних методів було обрано алгоритм Mask R-CNN завдяки високій точності. В роботі проведено постановку проблеми; 
перераховано та охарактеризовано методи її вирішення; було обрано основний алгоритм і представлено математичне 
підґрунтя. У рамках процедури розробки була представлена точна автоматична система визначення номерних знаків, яка 
реалізована в різних апаратних середовищах. Проведено порівняння запропонованої мережі з існуючими конкурентними 
системами. Були розраховані різні характеристики виявлення об’єктів, такі як Recall, Precision і F1-Score. Отримані 
результати показують, що розроблена система на алгоритмі Mask R-CNN з високою точністю обробляє зображення під 
великими кутами зйомки камерою. 

Ключові слова:  виявлення номерних знаків; виявлення об’єктів; машинне навчання; глибоке навчання; 
згорткова нейронна мережа; регіональна згорткова нейронна мережа; Mask R-CNN. 
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