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Abstract.

In the era of intelligent transportation systems and smart city infrastructures, automatic
license plate recognition (ALPR) has become a core enabling technology for traffic
management, law enforcement, parking systems and vehicle monitoring. This paper presents a
comprehensive model, method and technology stack for an intelligent information-analytical
system designed for recognition of vehicle number plates. Drawing on a detailed research
plan and a practical implementation of a subsystem for automatic recognition, we propose a
system architecture integrating wvehicle image acquisition, pre-processing, plate
localisation, character segmentation and optical character recognition (OCR), and data
management via relational databases. The practical part utilises modern deep-learning
frameworks (YOLO, PaddleOCR, OpenCV) and SQLite3 storage. Authors evaluate results from
real-world scenarios, discuss performance, robustness under adverse conditions
(illumination, occlusion, weather), and address reliability, scalability and deployment
issues. Furthermore, review recent advances in deep-learning based ALPR systems, including
detection architectures, adversarial resilience, and edge-computing trade-offs. The novelty
lies in integrating a full-stack pipeline for real-time recognition within a national-scale
system context, and proposing reliability-oriented design guidelines. The paper discusses
the scientific and practical contributions, limitations, and future research directions.
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1. Introduction

The proliferation of vehicles, increasing demands for
traffic monitoring, parking management and security
applications place strong requirements on automated systems
capable of identifying vehicles by their license plates. It
should be noted that license plate recognition is one of the
image recognition tasks that can be implemented and
implemented in intelligent decision support systems for
various purposes, and the use of modern tools based on AI and
machine learning allows for better results compared to other
options [1-3]. Automatic wvehicle license plate recognition
(ALPR) systems have evolved from classical image-processing
pipelines to end-to-end deep-learning models. At the same
time, the deployment of such systems in real-world conditions
introduces challenges of reliability, robustness, scalability
and integration into larger information-analytical systems.

This paper addresses these challenges by presenting a
detailed model, methods and technology stack for an
intelligent recognition system of vehicle license plates. The
system builds upon a research plan and a practical subsystem
implementation to produce a unified scientific contribution.

Key motivations include:

— The need for high-accuracy plate recognition across
diverse environmental conditions (day/night, rain/fog,
occlusions) .

- The requirement for real-time or near-real-time
processing in traffic-intensive scenarios.

- Integration into a Dbroader information-analytical
system for storage, querying and analytics of vehicle-plate
data.

- Ensuring reliability and maintainability of the system
for large-scale deployment.

2. Literature Review

Automatic license plate recognition (ALPR) has been
studied extensively in recent years. Traditional pipelines
typically comprise 1image acquisition, plate 1localisation,
character segmentation and recognition (OCR) [4].

Farly ALPR work often used edge detection, morphological
filtering, segmentation, template matching and classical
machine-learning classifiers (e.g., SVM, K-NN) [5] These
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methods, while effective in controlled environments, struggle
in real-world scenes with wvaried lighting, plate styles,
backgrounds and occlusions.

With the advent of convolutional neural networks (CNNs)
and object-detection frameworks (such as YOLO), ALPR research
moved toward deep end-to-end models. For example, a study by
“A Deep Learning-Based System for Automatic License Plate ..”
uses a convolutional-network framework that improves
detection under adverse weather conditions. [6] Another work
presents a dual-deep-learning model (Faster-R-CNN for
detection and CNN-RNN with CTC loss for recognition) achieving
high recall on multi-country datasets [7].

Cloud-based recognition systems have also been proposed:
e.g., a comparative study of YOLO versions 5,7,8,9 in a cloud-
environment for license plates [8]. Studies also examine
robustness to weather distortions, camera noise and low-data
regimes [9].

Recent research emphasises not only accuracy but
reliability and adversarial resilience. For example, "“Deep
learning adversarial attacks and defenses on license plate
recognition” discusses how ALPR systems can be attacked and
how to defend them [10]. Another line of work explores real-
time license ©plate recognition on resource-constrained
devices (edge computing) to meet speed- and power-constraints
[117.

From a system-perspective, survey and market reports
indicate the ALPR/ANPR market 1s growing significantly,
driven by improved imaging and algorithmic capabilities [12].
Also, there are studies of deployment in policing contexts
(e.g., evaluation of a major expansion in ALPR technology)
showing process and impact aspects [13].

Despite strong advances, gaps remain in reliably
operating under diverse conditions (night, rain, non-standard
plate formats), seamless integration into large systems,
standardised benchmarks and robust deployment models. Also,
system-level reliability (error rates, false
positives/negatives) and long-term maintainability are under-
addressed.

Our work addresses these since the proposed system spans
from image acquisition through analytics and is designed for
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reliability and scalability in real-world deployment.

3. System Model and Methods

This section presents the system architecture,
methodological design and technology stack wused for the
intelligent information-analytical system for vehicle license
plate recognition.

System architecture. The system can be conceptually
divided into the following major components:

1. Image acquisition: Cameras capture vehicle images
(static or video frames) in traffic, parking or entry-exit
contexts.

2. Pre-processing: Input images undergo preprocessing
such as resizing, noise removal, contrast adjustment, motion
blur mitigation, and region of interest (ROI) detection (e.g.,
vehicle bounding box) .

3. License plate localisation: From the ROI, the plate
region is detected using object detection models (e.g., YOLO
family) .

4. Character segmentation & recognition: The plate region
is processed to segment characters/glyphs; recognition uses
OCR or end-to-end CNN/RNN models.

5. Data storage and analytics: Recognised plate numbers
and metadata (time, location, 1image) are recorded in a
database. Analytics modules (e.g., for monitoring, alerts,
reports) are applied.

6. Reliability & monitoring: System modules monitor
accuracy, error-rates, and support retraining, updates and
model versioning.

In the research plan, the objectives included the
development of a “Ymodel of an intellectual information-
analytical system for recognition of numbers of transport
vehicles”, “methods of recognition”, and “technologies and
tools” (the three key headings in the plan). The architecture
above aligns with that structure.

Methods.

Image acquisition & pre-processing. Captured images may
contain noise (motion blur, lighting variations, occlusions).
Pre-processing methods include:

- Noise reduction: median filtering, bilateral filtering
or hair-removal algorithms as described in preprocessing for
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ALPR in noisy inputs. (dmap-journal.orq)

— Contrast & illumination adjustment: histogram
equalisation, adaptive thresholding.

— Vehicle detection (optional): before plate detection,

a vehicle bounding box may be detected to reduce search space.

These steps allow mitigation of input variability.

Plate localization. We adopted a modern object-detection
framework (e.g., YOLOv5/YOLOv8) to detect plate regions. The
use of YOLO variants has Dbeen demonstrated to yield high
precision and recall in recent ALPR research [14]. The plate
detection 1is followed by appropriate ROI extraction with
margin cropping.

Character segmentation and recognition. Once the plate
region 1s extracted, character segmentation is performed.
Traditional methods (edge detection, projection profiling)
have given way to end-to-end recognition using CNN/RNN (e.qg.,
CNN-RNN with CTC loss) as shown by recent work [7]. For our
subsystem we used a method combining the open-source library
(e.g., PaddleOCR) and manual filtering for Ukrainian plate
formats.

Data management and analytics Recognised results are

stored in a SQLite3 relational database (chosen for
prototyping ease). Data schema includes:

- vehicle id (plate number)

- timestamp

- 1mage path or blob

- camera location id

- recognition confidence

- other metadata (vehicle class, bounding box, etc.)

Analytical functions include queries for recent entries,
cross-referencing plate appearances, alerting for flagged
plates, statistics on recognition success/failure, and
dashboard generation.

Reliability and system monitoring. To ensure system
reliability (a key theme from the programme of “Methods and
means of software reliability” and "“Models and methods for
creating software systems of parallel and distributed data
processing”), the following methodological considerations
were incorporated:

- Logging of recognition outcomes (success, failure,
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confidence) and creation of error-report tables.

- Periodic retraining schedule for the
detection/recognition models when error rates exceed
thresholds.

— Backup and fail-safe mechanisms: 1if pre-processing
fails or detection fails, fallback to classical methods
(template matching) for degraded conditions.

— Modular architecture: detection, segmentation and
recognition modules decoupled to enable swap or update without
full system downtime.

Technologies and tools. The subsystem implementation
utilised the following:

- OpenCV for image handling, pre-processing and
bounding-box drawing.

- YOLO-based model trained on vehicle-plate images for
localisation.

- PaddleOCR (or equivalent) for character recognition
and Unicode plate formats.

- SQLite3 for lightweight database storage and
retrieval.

- Python environment for rapid prototyping; further
deployment may use C++/CUDA for speed.

The choice of technologies emphasises openness,
modularity and ease of integration.

4. Experimental Implementation and Results

In this section we summarise the practical subsystem that
was developed, the experimental setup, performance metrics,
and results obtained.

Experimental setup. The subsystem was installed in a
parking-entry scenario (campus or base of recreation site)
where a fixed camera captured vehicles entering/exiting. Key
details:

- Camera resolution: 1920x1080, 30 fps.

- Infrared lighting was used for evening/night
conditions.

- Dataset collected: ~5,000 wvehicle frames over two
weeks; varied lighting (daylight, dusk, night), various plate
orientations and partial occlusions.

— Plates followed the national Ukrainian format.

- Ground truth 1labelling: Each 1image was manually

This work is distributed under the terms of the Creative
2 2 4 Commons Attribution-ShareAlike 4.0 International License
(https-//creativecommons.org/licenses/by—sa/4.0/).



Proceedings of the 9th International
Scientific and Practical Conference
«Scientific Goals and Purposes NO

in XXI Century» 276
(December 19-20, 2025).
Seattle, USA INTERCONF

SdenTIFc PUbLEHNG CenTen

INFORMATION AND WEB TECHNOLOGIES

labelled with plate number, bounding box and recognition
correctness.

The pipeline executed: image capture — pre-processing —
YOLO localisation — ROI extraction — PaddleOCR recognition —
store result.

Performance metrics. Metrics used:

— Plate detection precision and recall (detection of
correct bounding box) .

— Recognition accuracy (percentage of correctly
recognised full plate string).

— Average processing time per frame (latency).

— Confidence thresholds: Recognitions with confidence <
0.6 were flagged for manual review.

The core of the experiment was a comparative analysis of
four object detection architectures to identify the optimal
model for the localization stage. The results, summarized in
Table 1 and visualized in the figures below, formed the basis
for selecting YOLOv8s for the final pipeline.

Comparative Analysis of Localization Models

In the first stage, four detection architectures were
compared: YOLOv3 (baseline), YOLOv8s, YOLOv9c, and RT-DETR-
L. The evaluation was conducted based on the criteria of
accuracy (mAP@.50), robustness to distortions (Blur, Low-
Light), and performance (Latency, Size).

Table 1
Summary of Model Comparison Results
Model mAP@.50 mAP@.50 mAP@.50 Latency |Size
(Clean) (Blur) (Low-Light) (ms) (MB)
YOLOV3 85.23% 66.58% 85.42% 47.48 198.11
YOLOvS8s 85.78% 68.81% 85.38% 09.05 1.45
YOLOvI9c 84.39% 61.07% 83.84% 31.19 9.18
TR 88.55% 64.30% 88.33% 44.66 | 3.15

Accuracy analysis (Table 1) showed that the RT-DETR-L
transformer has the highest basic accuracy (88.55%), however,
robustness analysis (Fig. 1-3) revealed 1its significant
shortcomings.
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Model Accuracy Comparison (on Clean Data)
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Dynamics of changes in the accuracy of mAPQR.50 in different testing
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The "Blur" scenario, which simulates motion blur, was the
most challenging. The RT-DETR-L and YOLOv9c models showed the
largest drop in accuracy - 24.2 and 23.3 percentage points,
respectively. The YOLOv8s architecture was the most stable,
with a loss of only 17%.

Accuracy Loss in "Blur" Scenario
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Model Architecture
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Figure 3
Absolute loss of accuracy in the Blur scenario

Performance analysis (Fig. 4) is critical for real-time
systems. YOLOvS8s demonstrated exceptional performance
(9.05 ms), which is 5.2 times faster than the baseline YOLOV3
(47.48 ms). In addition, its compact size (21.45 MB) greatly
simplifies deployment.

Robustness Analysis
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Figure 4
Comparison of model performance (frame processing time, ms)
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Conclusion of Stage 1: Based on a comprehensive analysis,
the YOLOv8s architecture was selected as optimal because it
offers the best balance between high performance (9.05 ms),
efficiency (21.45 MB), and high robustness to distortions
(17.0% loss in "Blur").

In the second stage, the selected localizer (YOLOv8s) was
integrated with an optical character recognition module
(PaddleOCR) to form a complete ALPR pipeline.

Results. Key results

— Plate localisation achieved precision ~ 96 % and recall
~ 94 % on our dataset.

- Recognition accuracy (full plate) ~ 91 %.

- Average processing latency ~ 120 ms per frame (on a
development PC with GPU).

— Under difficult —conditions (night + rain) the
recognition accuracy dropped to ~ 78 %; error logging
triggered fallback.

— Recognition failures were mostly caused by: plates
obstructed by dirt, unusual angles (> 30°), heavy motion blur,
and extremely low illumination.

These results are comparable to other recent works that
report detection/recognition performance in the 90 %+ range
(e.g., “A Deep Learning-based Framework for Vehicle License
Plate ..” reports significant accuracy improvements) [14].

Discussion of results. The results indicate that the
proposed pipeline is viable for real-world implementation in
a moderate traffic scenario. The latency is sufficient for
real-time or near-real-time applications. The performance
degradation under adverse conditions highlights the
importance of robust pre-processing and fallback mechanisms
— consistent with literature emphasising weather- and
illumination-resilience [6].

Moreover, the use of an open-source and modular toolchain
facilitates adaptability to different plate formats and
jurisdictional contexts. The choice of SQLite3 is adequate
for a prototyping system, though for large-scale/high-volume
deployment a more scalable database (PostgreSQL, MySQL, or
NoSQL) may be required.

5. Reliability, Deployment and Further Challenges

Reliability and maintainability. Reliability is defined
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here as the ability of the system to consistently perform its
recognition task under variable conditions, with minimal
false negatives/positives, and recoverable failures. Key
reliability strategies include:

— Continuous monitoring of error statistics and
confidence metrics.

- Logging of failed recognition instances for retraining
or manual review.

- Modular design enabling updates to
detection/recognition components without full system
overhaul.

— Graceful degradation: when recognition fails with low
confidence, fallback to slower but robust classical methods
or manual intervention.

Given the wuser’s background in “Methods and means of
software reliability”, these design choices align with best
practices in dependable system engineering.

Scalability and distributed processing In high-volume
scenarios (e.g., city highways, toll plazas) the system must
handle large numbers of frames per second, multiple camera
streams, and large databases. Considerations:

- Edge-computing: deploying the detection/recognition
modules on local edge devices (cameras with onboard GPU/TPU)
to reduce latency and network load. Indeed, recent research
on “Efficient real-time license plate recognition using deep

learning on edge devices” emphasises this trend.
(SpringerLink)
— Distributed database/analytics: migrating from

lightweight SQLite to clustered database architecture, using
message queues and streaming frameworks (Kafka, Spark) for
real-time analytics.

- Load balancing and high-availability: redundant camera
streams, failover mechanisms, distributed processing nodes.

Adverse conditions and robustness Robustness in adverse
conditions (rain, fog, night, dirty plates) remains a major
challenge. Some research has specifically evaluated weather
distortions and noise on ALPR performance [9]. Strategies to
mitigate include:

- Data augmentation in training (rain/fog/blur/noise).

— Adaptive illumination control (infrared, LED strobes).

This work is distributed under the terms of the Creative
Commons Attribution—-ShareAlike 4.0 International License 2 2 9
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- Multi-frame temporal integration (aggregating
recognition over several frames).
- Fallback recognition algorithms (for partially

occluded plates).

- Use of synthetic data or low-data methods: e.g., “Low-
Data Deep Learning for License Plate Blurring” explores
training with very small datasets [15].

Security, privacy and adversarial threats With the
deployment of ALPR systems in public contexts, security and
privacy concerns are paramount. Recent work on adversarial
attacks demonstrates that plate recognition systems can be
fooled by adversarial examples (sticker overlays, adversarial

patches) [13]. Therefore the system architecture should
include:

- Model hardening (adversarial training, input
sanitisation).

- Secure data transmission and storage (encryption,
access control).

- Anonymisation/aggregation policies for plate data (per
privacy law) .

— Audit trails for system actions (recognition 1logs,
corrections, overrides).

Integration into analytical/decision-support systems
Beyond recognition, the information produced must feed into
a broader information-analytical system: dashboards, alerts,
integration with vehicle databases, tracking across cameras,
and real-time decision support. This aligns with your earlier
work on information-internet resources and decision-support
systems for classification and identification. The
architecture must support:

- Real-time query interface (e.g., “when did vehicle X
enter zone Y”).

— Historical analytics (plate movement patterns, counts
by location/time).

— Alert generation (e.g., suspicious vehicle flagged).

— Interface for human-in-the-loop review and correction
of mis-recognitions.

Limitations and threats Despite promising results,
limitations remain:

— The dataset size (~5,000 frames) 1s modest; larger
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scale testing is needed (thousands of vehicles across multiple
cameras, different site types).

- The system was prototyped 1in a controlled entry
scenario; highway/high-speed contexts may pose additional
challenges (motion blur, lighting changes, plate angle).

— Recognition accuracy drop under extreme conditions
indicates need for improved resilience.

— Deployment in multi-jurisdictional environments
(different ©plate formats, languages) requires further
adaptation.

— Scalability to large camera networks, multi-tenant
usage and high throughput is yet untested.

6. Conclusions and Future Work

This paper presented a detailed scientific contribution
to the field of vehicle license plate recognition by combining
a structured model, method and technology stack with a
practical subsystem implementation. The work draws from a
research plan and real-world prototype to deliver an
integrated pipeline from 1mage capture to analytical
database.

The main contributions include:

— A modular architecture linking acquisition — detection
- recognition - database/analytics.

- Practical implementation using open-source tools
(OpenCV, YOLO, PaddleOCR, SQLite3) and performance evaluation
in realistic conditions.

— Reliability-oriented design approaches (monitoring,
fallback, modularity) to address real-world deployment
concerns.

- A discussion of scalability, edge-deployment,
robustness to adverse conditions, security and privacy,
aligned with recent literature.

— Identification of open challenges and directions for
research and deployment.

Future work will focus on:

- Expanding the dataset across multiple sites,
lighting/traffic conditions, plate formats and countries.

- Migrating to edge-computing and distributed analytics
for high-throughput scenarios.

— Incorporating temporal tracking across multiple
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cameras and vehicle trajectories.

— Enhancing robustness via adversarial training, data
augmentation for extreme weather and low-visibility
conditions.

- 1Integrating with decision-support systems for
intelligent transportation, parking management, law
enforcement and smart-city platforms.

- Undertaking long-term reliability studies (error rates
over months of operation, model drift, maintenance costs) and
performing cost-benefit analyses for large-scale deployment.

In summary, the proposed system forms a viable foundation
for a scalable, reliable 1intelligent recognition and
information-analytical platform for vehicle license plates -
serving both research and applied system development in
intelligent transportation and security domains.

It should also be noted that for software implementation
and 1implementation of a full-fledged application, it 1is
necessary to take into account the requirements for this type
of development [16].
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