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Abstract: This paper presents an intelligent software solution for object identification in images using deep learning
models, designed for automated interpretation of monitoring results of aviation objects and infrastructure. The proposed
approach addresses the growing demand for enhanced flight safety and improved efficiency of aviation operations. To
meet this demand, a three-level model is proposed: Level 1 performs object detection, Level 2 provides optical
character recognition (OCR) and text normalization, and Level 3 implements fuzzy matching with an object database.
Based on comparative testing of detection models, YOLOv8n was selected as the core of the three-level architecture,
providing an optimal balance between real-time processing speed and detection accuracy. A detailed analysis of model
architectures revealed specific advantages and limitations in identifying monitoring results from image data. Training
on a specialized dataset and subsequent testing confirmed the high efficiency of the proposed solution and its ability to
reliably localize objects even under challenging visual conditions such as shadows, glare, and partial occlusion. The
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obtained results demonstrate the significant potential of the proposed intelligent solution for extending computer vision
capabilities in the monitoring of aviation objects and infrastructure. The experimental results also confirm the
effectiveness of the OCR and fuzzy matching modules in improving object identification accuracy under real-world
conditions.

Index Terms: Object Detection, Artificial Intelligence, Deep Learning, Image Recognition, Three-Level Model,
Computer Vision, Neural Networks, Yolov8n, SSD, Faster R-CNN, OCR

1. Introduction

In recent years, the rapid expansion of air traffic and the increasing complexity of aviation infrastructure have
introduced significant challenges for systematic real-time object identification. However, existing approaches often rely
on manual inspection or semi-automated tools, which limits their scalability and responsiveness under dynamic
operational conditions. This creates a need for intelligent automated solutions capable of both accurate detection and
fast decision-making. Timely detection of potentially hazardous situations and operational deviations is a crucial factor
in improving the reliability and safety of aviation systems. One of the most promising directions for the development of
such solutions is the application of deep learning methods for the automated processing of images obtained during
aviation monitoring.

Deep learning, one of the most advanced branches of machine learning, enables the development of complex
models for processing and analyzing large datasets generated by the operation of aviation systems and infrastructure.
Deep learning methods enable automated extraction of meaningful patterns from large-scale visual and sensor data,
which is essential for real-time aviation monitoring. This capability makes it possible to solve complex tasks that
previously required substantial human effort. In the context of aviation monitoring, this includes the ability to
automatically and accurately identify objects in images, track changes in the condition of infrastructure, and promptly
detect potentially dangerous situations.

Modern artificial intelligence technologies, particularly deep learning, allow large volumes of data to be processed
in near real-time [1], which is critical for the rapid detection of deviations in the operation of aviation systems. Deep
learning algorithms [2—3] can be applied, for example, to the automated analysis of images of aerodromes and aircraft
in order to detect foreign objects on runways, damage to aircraft components, or anomalous behavior of ground support
equipment.

The application of deep learning in the monitoring of aviation objects and infrastructure opens new opportunities
for improving the efficiency of data analysis. Deep learning models not only automate the processes of object
identification and anomaly detection, but also provide a high level of accuracy, which is especially important under
complex and dynamically changing operational conditions. Neural networks are capable not only of classifying the
states of objects, but also of assessing probable development scenarios, thereby contributing to more informed decision-
making in the field of aviation safety management.

The use of deep learning for monitoring aviation objects and infrastructure is particularly relevant given the
increasing intensity of air traffic, the growing complexity of aviation infrastructure, and stricter safety requirements.
Artificial intelligence technologies enable the reduction of time and resources required for data acquisition and
processing, thereby enhancing the efficiency of decision-making at all stages of the monitoring process, from the
acquisition of raw images and sensor signals to the generation of analytical reports and operational recommendations
for aircraft operators.

The scientific contribution of this work lies in the development of a unified three-level architecture that integrates
object detection, OCR, and fuzzy matching specifically adapted to aviation monitoring tasks. Unlike existing
approaches, the proposed model focuses on domain-specific constraints of aviation environments, including real-time
processing requirements and robustness under complex visual conditions.

2. Purpose of the Work and Key Tasks

The primary objective of this research is to develop a three-level model for the automated detection and
identification of aviation objects using deep learning techniques. The proposed model is designed to ensure efficient
object detection while maintaining high precision, even under challenging conditions such as shadows, glare, partial
occlusion, or low image quality. Key operational requirements include high processing speed (specifically for real-time
applications), versatility regarding input data formats, and scalability. Meeting these requirements necessitates the
efficient allocation of computational resources and a flexible neural network architecture.

Beyond technical feasibility, this study aims to evaluate the performance of a YOLO-based system within real-
world environments. The research encompasses the full development lifecycle, from problem formulation to
comprehensive model testing. The system is designed for practical deployment and can serve as a foundation for
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commercial expansion or further academic research.
To achieve these goals, the following tasks were addressed:

o Selection of an appropriate object detection model.

o Dataset preparation and preprocessing.

e Model training and performance optimization.

e Development of the model’s operational algorithm.

e Implementation and experimental validation of the model.

The relevance of this study is driven by the imperative to enhance detection methods for aviation objects and
infrastructure in response to escalating air traffic density, the increasing complexity of aviation environments, and more
stringent flight safety requirements. Traditional data collection and analysis methods are often resource-intensive and
labor-consuming, which limits their effectiveness in rapidly changing operational conditions. In this context, the
application of deep learning methods offers new opportunities for automating monitoring processes and improving the
accuracy of real-time data analysis.

3. Analysis of Existing Solutions

Object detection remains a fundamental task in computer vision, with widespread adoption of models such as
YOLO, SSD [4], and Faster R-CNN [5] across various application domains. Comparative studies [6,7] indicate that
YOLO-based approaches provide superior real-time performance, particularly for large-scale object detection, while
alternative architectures achieve higher accuracy at the cost of computational complexity. Although these approaches
demonstrate strong performance in general-purpose tasks, their direct application to aviation monitoring remains limited
due to stringent requirements for accuracy, processing speed, and robustness under real-time operational conditions. In
particular, most existing studies do not adequately address critical challenges such as partial occlusion, varying
illumination conditions, and the high variability of domain-specific objects inherent to aviation environments.

In [8-9], a YOLO-based approach is applied for real-time recognition of military equipment from unmanned aerial
vehicles, demonstrating the feasibility of deploying such models in dynamic environments. Similarly, the study in [10]
explores the use of YOLOvS5 and YOLOvVS for automatic product identification in retail systems, highlighting the
adaptability of modern detection models to domain-specific tasks. However, these works are primarily focused on either
military or commercial scenarios and do not address aviation infrastructure monitoring.

The integration of computer vision into autonomous and intelligent systems is further explored in [11], where deep
learning methods are applied in self-driving vehicles. In addition, evolutionary approaches to neural network
optimization [12, 13] demonstrate the potential of adaptive learning mechanisms for improving model performance in
complex environments.

Recent research [14-16] investigates the development of intelligent control systems, user behavior prediction
models, and mathematical frameworks for wireless sensor networks. These studies emphasize the importance of
combining machine learning techniques with distributed and adaptive systems, which is particularly relevant for real-
time monitoring applications. Furthermore, the work in [17] focuses on reducing redundant information in digital
images, contributing to more efficient preprocessing and improved performance of computer vision pipelines.

Despite the significant progress in object detection and intelligent systems, there remains a limited number of
studies specifically addressing the automated detection and identification of aviation objects and airport infrastructure.
Existing approaches either lack domain specificity or do not consider the constraints of real-time processing in aerial
monitoring scenarios.

Therefore, the proposed research aims to bridge this gap by developing a computer vision—based approach for
aviation object detection that integrates modern YOLO architectures with adaptive preprocessing and system-level
optimization. This work extends existing methods by focusing on aviation-specific conditions and improving detection
robustness in real-world environments.

Thus, the key limitation of existing approaches is the lack of integrated solutions tailored to aviation monitoring
scenarios, which require simultaneous object detection, textual data extraction, and robust identification.

4. Selection of a Deep Learning Algorithm for the Three-level Model

For the task of detecting monitoring objects related to aviation objects and infrastructure at the first level of the
three-level model, three deep learning algorithms were considered: YOLO [18-21], SSD [22], and Faster R-CNN [23].
Requirements for detection accuracy, processing speed, and computational resources were defined, since Level 1 is
required to operate in a near real-time mode and to ensure stable formation of input data for the subsequent levels (OCR
and Fuzzy Matching).

YOLO performs well in real-time applications due to its high computational efficiency, SSD combines acceptable
speed with moderate accuracy, whereas Faster R-CNN provides the highest detection accuracy at the cost of
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significantly greater computational time and resource consumption. For tasks that simultaneously require high
processing speed and sufficient accuracy in the detection of aviation objects, YOLO proved to be the most suitable
option and was therefore selected as the base algorithm for Level 1 of the three-level architecture.

Among the main limitations of YOLO are its sensitivity to the quality of input images, reduced performance on
low-power devices, and limited generalization to new object types without additional retraining. Despite these
constraints, a YOLO-based system demonstrates promising results and possesses significant potential for industrial
deployment. Its high processing speed is achieved by processing the entire image in a single forward pass through the
neural network, dividing it into a grid in which each cell predicts B bounding boxes (x, y, w, h), a confidence score C,
and class probabilities, focusing on objects whose centers fall within the respective grid cells. The confidence score
reflects the quality of the predicted bounding box and serves as the basis for further filtering and for transferring results
to subsequent levels of the three-level model.

For clarity, below is a table summarizing the key technical specifications of the three models (table 1).

Table 1. Evaluation methods

Criterion YOLO (v8n) SSD Faster R-CNN
Architecture Single - stage Single-pass Two - stage
Speed (FPS) High (45-155 FPS) High (30-60 FPS) Low (5-15 FPS)

Accuracy ( mAP ) Medium-high Medium High
Small object detection Medium Better than YOLO Excellent
Model complexity Low—medium Medium High
Suitable for real time Yes Yes Partially/no
Resource requirements Moderate (GPU preferred) Moderate High (GPU required)
Resistance to complex Relatively high Medium High

background

To build an ensemble of algorithms based on bagging using bootstrap, samples are generated, on each of which a
classifier is trained al.(x) . The resulting classifier will average the responses of all algorithms (in the case of

classification, this corresponds to voting):

Confidence = Pr(Object)-loU", (1)

pred >
where:

Pr(Object) — probability of the presence of an object in the cell,

IoU — intersection coefficient over the union between the predicted frame and the real one.

IoU is an important quality metric prediction. The closer loU is up to 1 — the better the prediction framework
coincides with the real one.

Intersection area ANB
loU = = . @)
Union area AUB

In the YOLO model, the general loss function plays a key role in the learning process, allowing for the
simultaneous optimization of several aspects of the detection problem. It combines three main components: coordinate
losses, loss confidence, and classification losses.

(oA (-
+zan( <ﬁ-mmwzznm@<—-)+§nw > (pi(e)-pi(e)

i=0 j=0 i=0 j=0 ceclasses

L= 3 31| 40

i=0 j=0

3)

where:

e S* —total number of grid cells

e B —number of boxes predicted per grid cell

e ceclasses — set of all object categories

o A A ..=05=5 14 0.5 — weight coefficients that regulate influence different components

=7
coord °o noobj nuob}

functions losses

Volume 16 (2026), Issue 3 — Page 280



A Three-Level Model for Detecting and Identifying Aviation Objects using Deep Learning

e Xx,y,W,h —provided coordinate and dimension values
. 1;’?’ — indicator availability object in the frame (equals 1 if the j-th bounding box in the i-th cell is responsible

for detecting an object)
o 1;}0(”’] — indicator absence object (opposite to the previous one)

. lfbj — indicator availability object in the cell
e C,—Confidence Score. Ground Truth C,: Defined as the IoU (Intersection over Union) between the predicted

box and the real box. If no object exists, C; =0
e Predicted C ; —model's estimate of how likely it is that the box contains an object.

e p (c) — the conditional class probability that the object in cell i belongs to class c.

The first component, coordinate loss, is responsible for the accuracy of predicting the spatial location of objects, i.e.
the coordinates of the center, width, and height of the bounding boxes. The second component, confidence loss,
determines the degree of confidence of the model in the presence of an object in a particular box, which includes an
estimate of the overlap (IoU) between the predicted and true box. The third component, classification loss, measures the
accuracy of predicting the class of an object among possible categories.

Thus, the general loss function in YOLO allows for a balanced optimization of the model: ensuring high-quality
localization of objects, reliability in detecting their presence, and correct classification. This makes the model effective
for real-time applications with high accuracy requirements.

In the YOLO model, for each cell, conditional probabilities of an object belonging to a certain class are assumed:

i (c) = Pr(Classc |Object). @)

The final score for each frame is calculated as the product of this probability and the model's confidence in the
presence of the object:

IScore(c) = Pr(Class |Object> -Confidence, (%)

which allows us to take into account both localization accuracy and the probability of correct class recognition.

5. Dataset Preparation

For model training, a dataset consisting of 280 images of monitoring objects related to aviation objects and
infrastructure of various shapes and sizes was constructed. Initially, it was planned to independently collect and
annotate the data, which would have required labor-intensive manual labeling of objects. However, in order to optimize
time, annotated images from the Google Open Images platform were partially used [24, 25], providing access to high-
quality data, including classes related to aviation. This approach made it possible to combine manual data preparation
with existing resources while maintaining control over both the quality and the diversity of the dataset.

The collected images were carefully checked and filtered to ensure high dataset quality. This included verifying
annotation accuracy, removing images with poor quality or incorrect annotations, and adding new images when
necessary. Preparing such a dataset lays the foundation for effective model training and improves its accuracy.

Thus, thanks to the use of Google Open Images, it was possible to significantly reduce the time and effort required
for data preparation, while ensuring high annotation quality — a key factor for the success of model training.

This allowed more resources to be devoted to other stages of development, such as model training, optimization,
and testing, which ultimately improved the overall efficiency of the project.

The dataset was divided into training, validation, and test subsets; however, due to the limited dataset size,
achieving a fully balanced distribution of samples across subsets was challenging. This may have influenced the
observed discrepancy between validation and test performance.

6. Technical Implementation of the Three-level Model
At the first level of the three-level model, the model receives a “raw” input image (ranging from 300x300 to
1920%1080) and performs detection of aviation objects and infrastructure elements using YOLOv8n, which has been

configured and fine-tuned on a specialized dataset with appropriate annotations. The model outputs a set of bounding
boxes with coordinates (x, y, w, h) and a confidence score for each detected object. To eliminate duplicate detections
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and spurious responses, non-maximum suppression (NMS) is applied with a threshold of approximately 0.4, which
makes it possible to retain only the most probable objects for further processing.

At the second level, each cropped fragment containing a detected aviation object is passed to the Google Cloud
Vision API service, which performs optical character recognition (OCR) and returns textual descriptions extracted from
markings or plates (for example, tail numbers, inventory identifiers, or service labels). The extracted text is then
normalized by converting it to lowercase, removing noise (measurement units, auxiliary words, special characters),
eliminating stop words, and generating several candidate variants of the complete textual description of the object. The
output of the second level is a structured set of cleaned text strings suitable for robust comparison with a large database
of aviation objects, even in the presence of OCR errors or non-standard spellings.

At the third level, Fuzzy Matching is performed between the normalized text and a full-text database containing
information about aviation objects (identifier, type, marking, status, etc.). RapidFuzz metrics (for example, fuzz.QRatio
and fuzz.tokensetratio) are used for comparison, as they allow for correct handling of word permutations, different
spelling variants, and minor typographical errors. For each candidate, several closest matches from the database are
selected; the results are filtered using a similarity threshold (approximately 70-80%), after which a final JSON or
tabular record is generated containing the aviation object identifier, its textual description, and an integrated system
confidence score.

1. Data structure configuration

To enable proper training of the YOLOvVS model [26, 27], a configuration file (config.yaml) was created. This file
defines the locations of the directories containing the training and validation images, as well as the list of detection
classes. In this study, only a single class "aviation object" is defined for detection. This setup allows the model to focus
exclusively on a single object type, enhancing training efficiency and minimizing the risk of misclassification.

Thanks to this configuration file, the model receives all the necessary information to access the data and correctly
interpret the labels, which is essential for high-quality training and for the model to operate correctly in prediction mode.

2. Visualization of Annotations

To validate the accuracy of the annotations in the dataset, a Python script was implemented. This script loads each
image along with its corresponding annotation file, then draws rectangles around the detected objects based on the
coordinates specified in the .txt file. Thus, the developer can visually ensure that the bounding boxes encompass the
aviation monitoring objects rather than other items present in the image (Figure 1). This is a crucial step in ensuring the
quality of the prepared data.

3. Detection of New Images

plt.subplots

Ams how

map(float split

patches . Rectangle

x. add_patch

Fig. 1. Annotation visualization code

To evaluate the results after training, the trained yolov8n.pt model was loaded and object detection was performed
on new images that were not used during training. This allows us to assess the model's ability to generalize — that is, its
ability to correctly recognize aviation objects and infrastructure elements in new conditions.

The ability to visualize detection results was implemented: when the model detects an object, it draws a bounding
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box around it and displays the class label along with the confidence score. This enables quick and intuitive assessment
of the model’s performance in practice.

4. Model Training and Evaluation

The YOLOvV8 model was trained from scratch using a custom configuration file (yolov8n.yaml), which defines the
model architecture. The training dataset specified in config.yaml was utilized (Figure 2). Training was carried out over
20 epochs, during which the model’s predictions progressively improved.

& valpy

1 import os

2 from ultralytics import YOLO

3 es.environ["KMP _DUPLICATE LIB OK"] = "TRUE"

4

5

6 model = YOLO("yolov8n.yaml")

3

9 results = model.train{data="./yolo train/config.yaml”, epochs=2@)
1@

11

12 metrics = model.val(data="./yolo train/config.yaml"™)
13 print(metrics)

14

Fig. 2. Model training and evaluation

The model was evaluated using the built-in .val() function, which calculates performance metrics such as precision,
recall, mean average precision (mAP), and others. This enables evaluation of the model performance and supports
further optimization of the architecture and hyperparameters.

Thanks to the user-friendly API of the Ultralytics library, the entire process of training and validating the model
was greatly streamlined, making it easier to focus on data quality and analyzing the results.

7. Model Training and Performance Optimization

Before starting training, it is essential to select an appropriate model architecture. The structure of a three-level
model is presented in Figure 3.

DETECTION OCR MATCHING

YOLOv8n + OpenCV Google Cloud Vision API rapidfuzz + local DB

Fig. 3. Results of multi-object detection.

The proposed system implements a three-level model for the automated detection and identification of aviation
objects. At Level 1 (Detection and Cropping), an object detection model based on the YOLO architecture is applied to
input images to localize aviation objects. The detected regions are defined using bounding boxes and subsequently
cropped to extract regions of interest, thereby reducing background interference. At Level 2 (Optical Character
Recognition), the cropped image regions are processed using an OCR module via an external API. This stage aims to
extract textual information, such as identifiers or markings associated with aviation objects. The output is a text
representation of the visual content. At Level 3 (Text Fragment Matching), the extracted text is compared with entries
in a predefined database using fuzzy matching techniques (e.g., RapidFuzz). This approach enables tolerance to
recognition errors and partial matches. The most relevant database entry is determined based on similarity scores.

Choosing a suitable configuration can significantly improve training efficiency. Hyperparameters such as the
learning rate, batch size, and number of epochs are critical for successful training. Experimenting with these parameters
helps to achieve the optimal balance between learning speed and the model’s ability to avoid overfitting. Employing
strategies like early stopping can also prevent overtraining and conserve computational resources.
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Model Testing

The algorithm of the proposed three-level model is shown in Figure 4. The diagram shows the processing sequence,
which includes detection of aviation objects, cropping of regions of interest, optical text recognition, and subsequent
comparison of the obtained text fragments with database records.

airplane 0,83 Bl airplane 0.84

MATCHING
WITH
RAPIDFUZZ

input : photo

output : text
Stage 1. Detection Stage 2. Optical Stage 3. Text
and Cropping Character Fragment Matching
Recognition

Fig. 4. Results of multi-object detection.

The model is able to accurately identify different shapes and sizes.

Evaluation and Analysis of Results

During the training process (Figure 5 and Figure 6), two series of results were obtained—one for the test set and one
for the validation set.

fitness: ©.17683742983503417

keys: [‘'metrics/precision(B)', 'metrics/recall(B)', 'metrics/mAPS@(B)', 'metrics/mAP50-95(B)']
maps: array([ 9.13829])

names: {@: 'perfume'}

plot: True

results_dict: {'metrics/precision(B)': ©.0033333333333333335, ‘'metrics/recall(B)': 1.0, 'metrics/mAPS@(B)': ©.5237516830197195, 'metrics/mAP58-95(B)': ©.13
829140170340246, 'fitness': ©.17683742983503417}
save_dir: WindowsPath('runs/detect/traini42')

speed: {'preprocess': 1.8150068976081393, 'inference': 63.12713448303463, 'loss': 8.275925085462372e-05, 'postprocess': 2.826089655643265}
task: 'detect’

PS C:\programme\open images>

Fig. 5. Metrics for the test sample.

~ 1173 e msmrres 3 e )

fitness: 0.6893824020116712

keys: ['metrics/precision(B)', ‘metrics/recall(B)', 'metrics/mAP5@(B)', 'metrics/mAP5@-95(B)']
maps: array([ 0.65917])

names: {@: 'perfume'}

plot: True

results_dict: {'metrics/precision(B)': ©.9571400045280006, 'metrics/recall(B)': ©.9310344827586207, 'metrics/mAPS5@(B)': ©.961321005559584
3, 'metrics/mAP50-95(B)': ©.6591670016174587, 'fitness': ©.6893824020116712}
save_dir: WindowsPath('runs/detect/val5')

speed: {'preprocess': 2.3881896571577363, 'inference': 79.96218620823568, 'loss': ©.00028275876659257656, 'postprocess’': 0.64461379199577
82}

task: 'detect'

-

Fig. 6. Metrics for the validation sample.
The metrics on the test dataset indicated relatively low values:

precision = 0.32
recall = 1.0
mAP@0.5=0.52
mAP@0.5:0.95 =0.13

Validation results were significantly better:

precision =~ 0.96

recall = 0.93
mAP@0.5 = 0.96
mAP@0.5:0.95 = 0.66

Volume 16 (2026), Issue 3 — Page 284



A Three-Level Model for Detecting and Identifying Aviation Objects using Deep Learning

Such a discrepancy in performance metrics can be attributed to the following factors:

e an insufficient number of representative examples in the test set,
e some test samples containing poorly presented objects or incorrect annotations,
e imperfect balance between the training and test datasets.

Despite lower test metrics, qualitative evaluation indicates stable object detection performance on previously
unseen data. To provide a more representative evaluation, the final performance metrics were calculated based on the
validation dataset, which better reflects the model's generalization ability under controlled conditions. According to
these results, the model demonstrated strong performance under the evaluated conditions, with Precision of
approximately 0.96 and Recall of 0.93. The mAP@0.5 value reached 0.96, while mAP@0.5:0.95 was 0.66, confirming
the model's effectiveness under stricter evaluation criteria. Compared to existing approaches reported in the literature,
the obtained results are consistent with the expected performance of lightweight YOLO-based models, particularly in
terms of real-time processing capabilities.

These results indicate that the proposed model achieves a strong balance between detection accuracy and
computational efficiency, which is essential for real-time aviation monitoring applications. However, it should be noted
that the evaluation is limited by the relatively small dataset size and the imbalance between training and test samples,
which may affect the generalization of the results.

While the detection component (Level 1) is quantitatively evaluated, the performance of Levels 2 and 3 is assessed
qualitatively, indicating a need for further quantitative validation of the full model.

Overall, the proposed three-level model provides high accuracy and processing speed, making it suitable for real-
world aviation monitoring applications, such as infrastructure inspection and flight safety support systems.

To further improve model metrics and performance, the following steps are planned:

¢ Expanding the dataset with more diverse images, backgrounds, and viewing angles.

e Applying data augmentation techniques (e.g., brightness adjustment, rotation, scaling) to enhance
generalization.

e Reviewing annotation quality in the test set, as labeling errors may affect metric reliability.

e Adjusting confidence and IoU thresholds to better reflect real-world deployment conditions.

Even with the initial YOLOv8n configuration and a limited dataset, the results show strong object detection
capabilities. Further improvements can significantly boost performance without compromising visual accuracy.

Commercial Application and Integration Prospects

The developed detection module has significant potential for implementation in various commercial areas,
including aviation monitoring systems, airport infrastructure inspection platforms, and flight safety support systems.

One of the key application directions is the integration of the proposed model into aviation monitoring platforms,
enabling automated analysis and decision support. Another direction of development involves building recommendation
systems that combine visual recognition of aviation objects with data on their technical condition and operational
history.

The module can also be integrated into mobile or web applications, allowing operators or maintenance engineers to
photograph aviation objects and quickly retrieve information about their characteristics, current status, and potential
anomalies. This approach enhances personnel mobility and increases the efficiency of aviation infrastructure monitoring
tasks. Overall, the integration of computer vision modules into aviation monitoring systems improves user interaction
and supports the automation of diagnostic reporting.

8. Conclusion

The proposed three-level model for the automated detection and identification of aviation objects is implemented
as a comprehensive software solution based on deep learning architectures. The system ensures robust recognition of
aircraft and infrastructure elements under challenging visualization conditions, including cluttered backgrounds, partial
occlusions, glare, and variable lighting. A comparative analysis of state-of-the-art detectors (YOLO, SSD, and Faster R-
CNN) justified the selection of the YOLOv8n model as the base algorithm, as it provides an optimal trade-off between
accuracy and processing speed for real-time applications.

To train the detection model, a dataset of 280 images of aviation objects and infrastructure was compiled. The
combination of in-house annotations with data from open sources (including Google Open Images) contributed to
consistent data preparation. The model was trained for 20 epochs using the YOLOv8n configuration and achieved the
following validation results: Precision 0.96, Recall 0.93, mAP@0.5 = 0.96, and mAP@0.5:0.95 = 0.66. Although the
test set metrics were lower, qualitative evaluation indicated stable recognition performance, including on previously
unseen images.

Volume 16 (2026), Issue 3 — Page 285



A Three-Level Model for Detecting and Identifying Aviation Objects using Deep Learning

The proposed three-level model — Level 1 (YOLOv8n-based detection), Level 2 (OCR and text normalization), and
Level 3 (matching against an aviation objects database) — demonstrated effective performance under the evaluated
conditions in aviation monitoring tasks. The integration of OCR and matching improves the interpretability of detection
results; however, their quantitative contribution requires further investigation. The developed three-level model
represents a step toward the digitalization of aviation monitoring processes and the application of computer vision
methods in real-world scenarios.

The results obtained establish a foundation for future research, including multi-class object classification, the
development of multimodal models (integrating visual, textual, and sensor data), and the implementation of decision
support systems in the aviation industry. The proposed three-level model represents a significant step toward the
automation of aviation monitoring processes and demonstrates the high potential of computer vision methods in real-
world operational scenarios.
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