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Abstract. The paper addresses the urgent problem of social adaptation of visually impaired individuals in
Ukraine, where the number of people with visual disabilities has significantly increased due to the consequences
of military actions. The research presents the development of an intelligent software application designed to
assist visually impaired persons in independent orientation at public transport stops. The system integrates deep
learning, computer vision, and text-to-speech synthesis to automatically detect public transport vehicles (bus,
trolleybus, tram) and recognize their route numbers in real time. The YOLOvS model was employed for object
detection, Tesseract OCR for route number recognition, and pyttsx3 for offline speech synthesis. Data
preprocessing included dataset annotation, augmentation with simulated weather conditions, and the use of
OpenCV-based filters to enhance OCR accuracy. Testing under both real and simulated conditions (fog, rain,
snow, blur, low lighting) demonstrated consistently high detection accuracy (100%) and acceptable
classification performance, though recognition robustness decreased under low-visibility scenarios. The results
confirm the practical value of the proposed approach, while further improvements will focus on expanding real-
world datasets, enhancing preprocessing methods, and integrating stronger deep learning models. The system
holds promise as a foundation for wearable assistive technologies aimed at improving inclusivity and mobility
Jfor visually impaired users in urban environments.

Keywords: vision impairment, computer vision, YOLOVS; OCR; Tesseract; synthesis; object detection;
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Introduction In 2021, this number was 17,000, which

The relevance of the problem of rehabilitation indicates an increase in the number of people with visual

and social adaptation of people with visual impairments in ~ Impairments [3, 4].

Ukraine has significantly increased due to the Large cities usually have an extensive and
consequences of military actions, which lead to damage to  oxtensive system of urban roads for motor vehicles
the organs of vision in both the military and the civilian (intersections, bridges, tunnels, highways). There are
population, requiring constant attention to technologies  yarious solutions for crossing all these road elements,
that help people adapt and integrate into society [1, 2].  gych as traffic lights, underground/overground crossings,
According to the results of studies conducted in recent  4nq pedestrian crossings. It should be noted that most of
years in Ukraine, there were 19,000 citizens with visual  these measures are focused on visual identification of the
impairments in 2023. road crossing location.

© BARKOVSKA 0.Y., NECHTAYLO O.V., SERDECHNYI V.S., BATURIN 0.0., 2025

38 IKC3T, 2025 Ne3




IHOPOPMAIIMHO-KEPYIOUI CUCTEMU HA 3AJIIBHUYHOMY TPAHCIIOPTI

One of the busiest streets in Kharkiv, Prospekt
Nauki, has six intersections per kilometre, only three of
which are regulated but do not have audible crossing
signals (figure 1).
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Fig. 1. Number of intersections per 1 km on Nauky
Avenue

This shows that the conditions of the modern
urban environment remain insufficiently inclusive, as
state resources are mainly directed towards the needs of
the defence sector. The issue of orientation at public
transport stops, which is a key element of infrastructure
for visually impaired people who are unable to use private
transport, is particularly complex.

Traditional means of assistance, such as guide
dogs [5], do not provide complete autonomy, as they are
unable to provide a person with information about the
type of vehicle and route number. One promising
approach to solving this problem is the use of computer
vision technologies in combination with deep learning
algorithms and speech synthesis systems. Such
approaches allow for automatic recognition of vehicles
and route numbers in real time and broadcast the results in
the form of voice prompts. Some technological tools have
already been created to help the visually impaired, but
they have their drawbacks, which are described in the
next section of this paper.

Therefore, the development of a proprietary
software application using these technologies can
significantly increase the level of inclusion in urban
spaces, promote the principle of accessibility, and provide

visually impaired people with more comfortable and safer
conditions for travelling by public transport.

Analysis of recent studies and publications

Modern approaches to solving the problem of object
detection in urban environments show a tendency to move
from multi-step cascading architectures to single-step
fully convolutional models. Traditional architectures,
such as R-CNN, Fast R-CNN, and Faster R-CNN, have
achieved a significant breakthrough in accuracy by
integrating feature extraction and region generation
mechanisms through regional proposals (RPN) [6].
However, their use in real-time systems, especially on
resource-constrained  embedded  devices, remains
problematic due to their significant computational
complexity.

In the context of mobile or wearable devices, single-
stage detectors such as SSD and YOLO family models are
preferred. In particular, YOLOv8 provides high
throughput and real-time performance by directly
predicting classes and window coordinates in parallel [7].
This property makes it suitable for use in wearable or
autonomous systems to support people with visual
impairments.

In the sub-task of recognising public transport route
numbers, two paradigms remain relevant: classical optical
character recognition (OCR) methods, such as Tesseract,
and deep neural networks focused on scene text
recognition [8-9]. The Tesseract system, described by
Smith at the ICDAR conference (2007), involves step-by-
step segmentation, binarisation, character classification
and labelling language. This makes it effective for
processing clearly structured signs and labels with a fixed
font.

In contrast, modern approaches based on CRNN
(Convolutional ~ Recurrent  Neural Network) in
combination with the CTC (Connectionist Temporal
Classification) mechanism allow direct sequential text
recognition without prior character segmentation. This
significantly improves accuracy in conditions of
perspective distortion, motion, or low video stream
quality. The CRNN architecture combines convolutional
layers for feature extraction, recurrent layers (usually
BiLSTM) for sequence modelling, and a transcription
layer, allowing for flexible processing of variable text
structures in a frame.

The choice between Tesseract and neural network
OCR models in systems with limited computing budgets
is often driven by a trade-off between accuracy and
resource consumption. In stable conditions, Tesseract
demonstrates low latency and ease of integration, while
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CRNN provides higher resistance to noise and distortions
but requires a more powerful computing platform.

Stable video stream transmission remains a key
factor in system reliability. To achieve this, video data is
pre-processed and buffered using the OpenCV library,
which allows you to adjust the frame rate, perform size
alignment, focus, and apply filters necessary to improve
the quality of input images. In practice, this is
implemented  through  the  VideoCapture = API
(Python/C++), which is currently the standard for video
integration in real-time computer vision systems.

The final stage is the vocalisation of the results. In
accordance with the requirements for the autonomy of
systems for visually impaired people, it is recommended
to use offline speech synthesis engines, in particular
pyttsx3, which supports work with system TTS engines.
This approach minimises the delay in starting synthesis
and does not require a stable internet connection, which is
critical for outdoor use. Cloud-based TTS services, such
as gTTS, although they provide higher voice quality, are
inferior to offline options in terms of speed and reliability
in field conditions [10-11].

The above shows that a number of technological
tools have been developed to support people with visual
impairments. For  example, GPS-based mobile
applications (Seeing Eye GPS, LazarilloApp) provide
navigation in open spaces, but they have limited accuracy
indoors and in the absence of a stable satellite signal.
Other solutions are based on ultrasonic sensor technology
that signals obstacles (e.g., SmartCane), but such devices
often do not take context into account (e.g., moving
objects) and require additional user training. Computer
systems using computer vision (e.g., Microsoft Seeing
Al) are also becoming more widespread, providing object
and text recognition, but they require significant
computing resources and a constant internet connection,
which reduces their practicality.

Work [12] is a systematic review of modern
technologies designed to support individuals with visual
impairments when navigating both indoor and outdoor
environments. The authors reviewed 191 publications
from 2011 to 2020, classifying approaches, hardware, and
software solutions. Particular attention is paid to
electronic canes, robotic assistants, systems based on
GPS, RFID, Kinect, ultrasonic and infrared sensors. The
analysis showed that the development of traditional
electronic aids is gradually shifting towards the use of IoT
solutions, computer vision algorithms and multimodal
technologies.

However, the results have several limitations. The
study covers only six major scientific libraries, which
may lead to the omission of important works. Only the
decade 2011-2020 was considered, so earlier or more
recent developments were not taken into account. Most of
the systems analyzed were tested under controlled

conditions, often with a small number of users, and
without a sufficient assessment of energy consumption,
operating time, or user acceptance. Insufficient attention
has also been paid to algorithms for selecting the shortest
route and integration into urban infrastructure.

Work [13] presents a system of "smart glasses" for

people with visual impairments, combining image
enhancement in low light, DETR-based object
recognition, tactile feedback, and text-to-speech.

Experiments on the Low-Light and ExDark datasets
showed competitive results in low-light conditions.
However, the system has limitations, including reduced
accuracy for small objects, dependence on a client-server
architecture, and incomplete testing in real-world
conditions.

Article [14] presents the ARTANNA+ system, which
is based on augmented reality and computer vision
technologies and is designed to support the mobility of
people with visual impairments. The system allows you to
build virtual routes without the need for physical
landmarks, and also provides interaction with the
environment through object recognition and access to
digital content. Experiments have demonstrated the
feasibility of reliable navigation in both indoor and
outdoor environments using smartphones, achieving up to
90% accuracy in identifying cultural heritage sites.

Among the limitations of the application, it is worth
noting its dependence on the accuracy of ARKit
algorithms and the performance of the smartphone's
camera, which complicates its use in conditions of sudden
lighting changes or rapid movements. Navigation
accuracy decreases when the device is positioned
incorrectly, and the object recognition process relies on a
limited amount of data collected in a specific cultural
context, which raises concerns about the scalability of the
solution. In addition, the tests were conducted under
controlled conditions, and there is a lack of extensive
testing involving users with visual impairments, which
limits the practical assessment of effectiveness.

Thesis [15] describes a "smart cane" system that
integrates Raspberry Pi 4B, a camera, an ultrasonic
sensor, and Arduino. The system combines visual
recognition (Viola—Jones, TensorFlow Object Detection)
with distance measurement to obstacles and audible
warning via a buzzer. The results showed an accuracy of
approximately 91%, positioning the device as a compact
and inexpensive solution for everyday use by people with
visual impairments.

The following limitations are inherent in the
development. First, the algorithms (in particular, Viola—
Jones) remain sensitive to noise and camera vibrations,
which reduces accuracy for small objects and in low-
quality images. Second, the system relies primarily on
simple computer vision methods, which are inferior to
modern neural models in terms of stability and scalability.
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Third, the tests were conducted mostly in controlled
scenarios, which calls into question the effectiveness of
the device in real urban environments with dynamic
obstacles.

Paper [16] presents a mobile assistance system for
visually impaired people that combines an OAK-D sensor
with stereo vision, edge Al accelerators (NCS2) and
optimised models (OpenVINO, TensorFlow Lite) for
object detection, recognition of road signs, traffic lights,
crosswalks, and changes in surface elevation. The system
is compact, has relatively low power consumption, and a
convenient voice interface, and its testing has shown
promise in real urban environments.

However, the work has certain limitations. The use
of lightweight models, such as SSD-MobileNet, results in
a trade-off between speed and accuracy, with an increased
likelihood of false positives and false negatives.
Segmentation models operate with significant delays
(0.4-2 fps), which complicates their use in real-time and
may confuse the distinction between the road and the
pavement. An additional challenge is the inability to
reliably determine height changes based solely on OAK-
D due to its low depth resolution. Therefore, the authors
resort to machine learning on RGB and depth images,
acknowledging that traditional point cloud processing
methods could yield more robust results.

Thus, the review results confirm the feasibility of the
selected software configuration for vehicle detection,
route number recognition, and real-time voice prompt
generation tasks. The use of YOLOv8 as the base
detection model, flexible selection of OCR kernels
depending on the context, an OpenCV-based video
pipeline, and offline TTS provide the necessary balance
between performance, accuracy, and affordability for
implementation in systems that assist visually impaired
users.

Purpose and objectives of the work

The goal of the work is to develop a software
application to help visually impaired people
independently navigate public transport stops, which
provides automatic recognition of the type of transport
and route number, as well as the generation of voice
prompts for the user.

The following types of input data are required to
implement the system:

- images of vehicles taken from a personal
device (frames in RGB format);

- labelled datasets containing the coordinates
of objects (bounding boxes) for transport types (bus,
trolleybus, tram) and route numbers;

- augmented data with simulated weather
effects: fog, rain, night, twilight, etc.;

- audio signals broadcast through a speaker in
response to recognition.

Therefore, to achieve the set goal, a number of
tasks must be performed:

- collection and labelling of data for deep
learning of the YOLO model for recognising different
types of vehicles and their route numbers;

- augmenting the dataset by simulating low
visibility conditions, creating artificial weather conditions
(fog, rain, night, etc.) at different times of the day
(daylight, dusk, darkness);

- research and implementation of machine
learning methods for the task of automated vehicle
recognition in real time;

- testing and adaptation of the system in virtual
conditions.

Further development of the project involves
expanding functionality to work with smart stops (IoT
infrastructure), integrating with a mobile application to
personalize settings, and utilizing artificial intelligence
technologies to adapt the system to different users.

Scientific results obtained. Discussion of results

The study describes the software component of a
software-hardware complex designed to support the
mobility of people with visual impairments. The hardware
part is implemented on the basis of a single-board
computer Raspberry Pi 5, to which a Logitech Carl Zeiss
Tessar 2.0/3.7 (2 MP) webcam and an external Logitech
G Pro X audio card with headphones are connected,
providing real-time message playback. Power is supplied
by a 10,000 mAh portable battery, which guarantees
several hours of autonomous operation. At the same time,
it is the software algorithms — image pre-processing,
vehicle detection, and route number recognition — that
determine the effectiveness of the complex. The
efficiency of the system at various stages of its operation
is ensured by the YOLOVS framework, Tesseract, and the
pyttsx3 library.

At the first stage of the system's operation, the
incoming video stream from the camera is received, as
well as accompanying information about the external
environment, in particular, the level of illumination and
weather conditions. This data is transmitted to the
environment analysis module, which, based on the
detected conditions, initiates the application of
appropriate image pre-processing filters (e.g., contrast
correction, noise reduction, visibility improvement in rain
or at night).
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Fig. 2. Block diagram of the transport detection module

The environment analysis module performs a
preliminary assessment of the shooting conditions based
on the incoming video stream. To do this, it analyses the
brightness characteristics of the frame (determining low
light or high contrast), assesses the image noise level, and
detects artefacts characteristic of rain or fog. Based on
these characteristics, the system selects the appropriate
pre-processing methods: brightness enhancement (gamma
correction, CLAHE) in the dark, noise filtering (bilateral
filtering) in the presence of interference. The use of
defogging and deraining methods in case of deteriorating
weather conditions are further steps necessary for
implementation. Thus, the module ensures the operation
of the entire system, improving the quality of input data
before the object detection stage.

After that, the prepared image is sent to the
computer vision module, implemented on the basis of the
YOLOVS architecture, where transport objects are
detected. If the vehicle is successfully detected, the
system proceeds to localise the area where the route
number is located. The selected area is transferred to the
optical character recognition (OCR) module, built on the
Tesseract library.

If the route number is successfully read, a text
message is generated, which is then sent to the speech

synthesis module (pyttsx3) to voice the information
received. If the OCR does not recognise the characters
correctly, the system generates a voice message indicating
only the type of vehicle (e.g. "bus", "trolleybus", etc.).

The general principle of the system is illustrated
in detail in the block diagram (figure 2), which shows the
sequence of video stream processing steps and the
adaptability of the algorithm to changes in the external
environment.

Analysis of the visual characteristics of route
numbers has shown that they usually have a clearly
defined rectangular shape and are placed on a contrasting
background black or white, sometimes with
backlighting. This greatly facilitates their visual
identification by humans and, at the same time, indicates
the potential effectiveness of their automatic detection
using neural network models of object detection.

Taking these features into account, it was
decided to retrain the YOLOvV8 model not only for the
task of classifying vehicle types, but also for the task of
localising the route number area on the vehicle body. This
approach allows the area that is most likely to contain
relevant text information to be selected directly from the
frame.

The area selected using YOLOVS is transferred
to the optical character recognition (OCR) module,
implemented on the basis of the Tesseract library. Given
the peculiarities of its algorithms, which work more stably
with black-and-white or grayscale images, contrast
enhancement and color noise reduction methods are first
applied to the localised area.

These operations are performed using the
OpenCV library, which allows for the implementation of
a number of filters: conversion to grayscale, adaptive
binarisation, histogram equalisation, or contour
enhancement. The result is an image optimised for further
text recognition.

The general processing sequence and an example
of image transformation before recognition are shown in
figure 3.

The type of transport and its number are
announced until the transport leaves the device's field of
view, so that the user can understand that the transport is
still in front of them.

To ensure that the system operates in real time,
the voice announcement module is implemented using an
asynchronous approach. The voice message is generated
in the background, which does not interrupt the video
frame processing cycle and minimises delays. This
approach allows for continuous operation regardless of
the duration of the voice announcement.
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Fig. 3. Block diagram of the route number detection
module

The message generation process is a key stage in
the system's interaction with the user. A generalised
description of the algorithm for voicing the detection
results includes a sequence of actions from receiving the
classified result to initiating speech synthesis, and also
provides for the processing of exceptional situations, in
particular cases where no route number is recognised.

In order to ensure the feasibility of the proposed
approaches, a specialised dataset was prepared and
labelled, including the following classes of objects:

- Dbus;
- trolleybus;
- tram;

D
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- route number.

The annotation was performed in YOLO format,
where the coordinates of the bounding box and the
corresponding class label are specified for each image.

The initial sample consisted of 756 images, which
were supplemented with augmentation to increase the
model's resistance to changing external conditions. The
following methods were used:

- change of lighting (brightness, contrast);

- adding noise (Gaussian, Salt & Pepper);

- simulation of rain;

- simulation of fog;

- simulation of night conditions (reduction of
global brightness + local glare).

A specialised dataset was created for training the
system, consisting of 756 source images of vehicles (buses,
trolleybuses, trams) and route numbers. The clas-ses are
distributed approximately evenly: 260 examples of buses,
248 trolleybuses and 248 trams. To improve the
generalisation ability of the model, augmentation was
applied, resulting in an almost twofold increase in the size
of the dataset. The proportion of real data in the final set
was about 60%, and the proportion of syn-thetically
generated images (simulation of fog, rain, night conditions,
etc.) was 40%.

A classic distribution scheme was used to form the
samples: 70% of the data was used for training, 15% for
validation, and 15% for testing. This division ensured the
representativeness of the test sample even with a relatively
small number of examples and prevented the "spillover" of
augmented data from the training into the test subset.

This expansion of the training dataset is necessary
to increase its representa-tiveness and ensure reliable model
performance in a real-world environment.

It should be noted that route number markings
require special attention — these areas are usually located
on a contrasting rectangular background with back-lighting,
and they have a characteristic shape that allows them to be
effectively iden-tified using the YOLOVS model, provided
that they are correctly annotated during training (figure 4).
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a)

b) 9]

Fig. 4. Example of frame marking for different vehicles: a) for a bus, b) for a trolleybus, c) for a tram

At the current stage, the system is focused on the
route number formats represented in the dataset.
Contextual  constraints  (number location  zone,
characteristic string length) are used to reduce the number
of false positives. To avoid errors, a simple contextual
filter is used: the location of the digits in the frame (for
example, a characteristic area on the windscreen or on the
transport display) and the format (1-3 digits, sometimes
with a letter) are checked. Thus, the system does not
announce numbers that fall outside these parameters (e.g.,
4-digit on-board codes). In case of changes in the formats
of route displays, the dataset is expanded and the model is
retrained. Vehicles are classified based on visual
characteristics specific to each class: the presence of poles
and contact wires (trolleybuses), rail chassis (trams), and
the absence of these elements (buses).

The Roboflow platform was used to label the
images, which provides a complete set of functionality for

annotation, dataset version management, and export in the
required formats, in particular for YOLO models.

During the formation of the dataset, situations
that often occur in real conditions were taken into
account, such as the presence of several vehicles in one
frame, particularly at public transport stops. Such scenes
are often accompanied by partial overlap of vehicles,
which complicates the detection task.

In such cases, it is worth performing an
approximate annotation of their boundaries, taking into
account the shape of the object and the context of the
scene (figure 5).

This approach improves the generalisation of the
model and ensures its stable operation in complex
situations, particularly in urban environments.

Fig. 5. Example of marking with several objects overlapping each other

To improve the model's generalisation ability,
synthetic image augmentation was implemented. This
allows the model to learn to recognise public transport

objects in different weather conditions and in low light
(figure 6).
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©)

d)

Fig. 6. Conditions for dataset augmentation: a) rain; b) snow; c) darkness; d) blurring

To assess the functional suitability of the
developed software and hardware complex, testing was
carried out in conditions as close as possible to the real
operating environment. The main goal of the experiment
was to determine the accuracy of vehicle detection and
route number recognition.

To simulate changing environmental conditions
(fog, rain, night shooting), the OBS (Open Broadcaster
Software) programme with the OBS Virtual Camera
function was used, which allowed a video stream with
simulated scenes, including buses, trolleybuses and trams,
to be fed into the system.

Table 1. — Table of test results in real and simulated conditions

The model was trained using the Adam
optimiser, with a batch size of 16, 200 epochs, and an
early stopping mechanism applied if no improvement was
observed on the validation sample for 5 epochs. On the
training part of the dataset, the average accuracy was
97%, which is consistent with the test results.

The use of virtual video streaming made it
possible to test the system in scenarios that were difficult
to implement physically during the summer. This
approach allowed us to evaluate the adaptability of
algorithms to complex visual conditions without losing
accuracy.

Experimental conditions Number of | Object recall | Precision of | Accuracy of route number
P frames, pcs. (TPR), % transport type, % recognition, %
Simulation, daylight (100-
10,000 Ix) 30 10 95 89
Simulation, fog 30 98 95 84
Imitation, rain 30 100 100 85
Simulation, snow 30 100 100 90
Simulation, blurring
(reduced sharpness) 30 06 95 80
accuracy in detecting vehicles (mainly 100%), which
Based on the results obtained, it can be indicates the reliability of the YOLOVS algorithm in the

concluded that the system demonstrates consistently high

task of object detection. Only in foggy conditions (98%)
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and blurred images (96%) did the indicators decrease
slightly, which is associated with a decrease in the

Assessment of system efficiency under

Daylight

Rain

Blur

Snow

Experimental conditions

Fog

contrast and sharpness of the input data (figure 7).

100.0
97.5
95.0
92.5
=~ 90.0
- 87.5
- 85.0
-82.5

-80.0

Metric

Fig. 7. Heat map of the results of experimental testing of the developed system

The accuracy of vehicle type classification ranged
from 95 to 100%, with the best results observed in rainy
and snowy conditions, where the contours of objects
remained sufficiently clear. At the same time, in cases of
fog and glare, the accuracy decreased to 95%, indicating
the sensitivity of the model to blurred contours and loss of
local features.

The higher accuracy in adverse conditions (100% in
rain/snow) compared to daylight (95%) is explained by
the uneven distribution of test examples: the number of
examples in "difficult" conditions was smaller, which
could artificially increase accuracy. In future work, we
plan to balance the dataset and conduct a series of new
experiments. It is also worth noting that some of the
"adverse conditions" (rain, snow, fog) were generated
using augmentation methods and reflect simulation
scenarios. This could have affected the results and given
higher accuracy compared to daylight conditions. The
actual performance of the system in similar weather
conditions may vary, which also requires further field
experiments using real data.

The most problematic stage was the recognition
of route numbers, where the accuracy ranged from 80%
(blurred image) to 90% (snow, daylight). This is because
the OCR system is highly dependent on the clarity of the
characters and the quality of the frame pre-processing.
Thus, further development of the system should be aimed

at improving image pre-processing algorithms to increase
the reliability of OCR in difficult visibility conditions.
Conclusions

During development, the software part of the
intelligent module was created, combining deep learning,
computer vision, and speech synthesis methods. To detect
public transport, the YOLOv8n model was used, which
demonstrated high accuracy in daytime conditions and
acceptable speed on a single-board computer. Route
number recognition was implemented using the Tesseract
OCR module, which allowed the necessary text
information to be obtained from video frames. The
pyttsx3 library was used for rapid voice output of results,
which ensures offline operation without an Internet
connection and minimal delays.

Testing of the software component confirmed the
effectiveness of the chosen solutions: the system
consistently recognises vehicles and their numbers and
correctly announces the results. At the same time, analysis
showed that in low visibility conditions (twilight,
darkness, blurred images), the accuracy of OCR and
transport type classification decreases. This determines
the directions for further work: improving image pre-
processing algorithms, expanding the dataset with real
examples from different weather conditions, and using
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more powerful deep learning models. As a result, the
software component has proven its practical value and can
be the basis for full integration into wearable systems to
assist the visually impaired.

The tests showed that the software solutions
provide acceptable performance in daylight conditions,
but in twilight and with reduced lighting quality, the
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IHOPOPMAIIMHO-KEPYIOUI CUCTEMU HA 3AJIIBHUYHOMY TPAHCIIOPTI

IIporpamumii MoAyJb PpO3MI3HABAHHS MAPIIPYTHUX
HOMeEpiB y peajibHOMY 4aci JJsi BOyIOBAHMX CHCTEM
JA0IOMOrH c1ado30pum

Abstract.. YV pobomi posensoacmvca axkmyanvHa
npobnema  coyianvHoi  adanmayii  oci6 i3
nopyulenHam 3o0py 6 Ykpaiwi, KinbKicmb AKUX
cymmeso  3pocia  6HACHIOOK — BillCbKOGUX  Oill.
Ilpedocmaeneno  pospobky — iHMeNeKmyaibHO20
npocpamMHo20  000AMKy,  NPUSHAYEHO20  OJis
donomoau ciabozopum o0cobam 6 CaMOCHMIUHIU
opienmayii Ha 3VNUHKAX 2POMAadCbK020
Mpaucnopmy. Cucmema  noeowye  memoou
2NUOUHHO20 HABYAHMSA, KOMN TOMEPHO2O0 30py Md
CUHMe3Y MOGIEHHA Ol ABMOMAMUYHO20 BUABIEHHS
mpaHcnopmuux — 3acobie  (asmobyc, mponetbyc,
mpameatl) ma  pO3Ni3HAGAHHS  IXHIX  HOMepig
Mapuipymie 'y peaibHOMY Haci.
00’exmie  3acmocosano modens YOLOVS, ona
po3nizHasanus Homepie mapuwipymie — Tesseract
OCR, a 0ns o038yuenHs pe3yiomamie — o¢aaiiH
cuumesamop pyttsx3. Ilonepeons 0bpobra Oanux
BKIIOYANA AHOMAYII0 Oamacemy, ayeMeHmayir i3
MOOETIOBAHHAM NO2OOHUX YMO8 MA BUKOPUCHAHHS
@inompie na ocnosi OpenCV ons niosuwenns

mounocmi  OCR. Tecmyeannss 'y peanvHux i
3MO0ENbOBAHUX — YMOBAX  (mymaH, 00w,  CHie,
pO3MUmMMS,  HU3bKE  OCBIMIEHHs)  NOKA3AL0

cmaobinbHo 8UcoKy mounicme susenenns (100%) ma
NPULHAMHY KAACUDIKAYITIHY NPOOYKMUBHICMb, X0Yd
CMIlIKiCmb  PO3NI3HABAHHA 3HUIICYBANACS 34 YMOB
obmedicenoi  suoumocmi. Ompumani pesyrbmamu

niomeepoiCyoms NpaKmuiHy YinHicmo
3aNPONOHOBAHO20 nioxooy, a nooanbuli
B00CKOHANEHHSL 30CePeOACY BAMUMYMbCA Ha

PO3UIUPEHHT PeabHUX 0amacemis, YOOCKOHAeHHI
Memooie nonepedHvoi 00pOOKU ma
OinbUL NOMYJICHUX MoOenell 2TUOUHHO20 HABUAHHSL.
3anpononosana cucmema modice cmamu OCHOBOIO

ona CMBOpenHs NnepeHOoCHUX ACUCMUBHUX
MEXHON02IU,  CHPAMOBAHUX — HA — NIOBUWEHHS
IHKIO3U6HOCME  ma  MOOLIbHOCMI  C1aO030pux

KOpucmysauie 8 ypoaHizo8aHomy cepe0osuuyl.

Knrouosi cnosa: nopyuwenns 3opy;, Komn tlomepHuii
3ip;  YOLOvS; OCR; Tesseract; cunmes; OemeKyis
00°exmie; acucCmueHi mexHon02ii; enuOUHHe HABYAHHS
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