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Abstract

The article presents the materials of the development of a model for classification and recognition of UAVs
and birds based on the neural network of the YOLOvY architecture in the optoelectronic channels of Anti-drone
systems. To train the neural network, a dataset was prepared in the form of annotated images of UAVs and birds.
The total number, taking into account augmentation, was 5265 images. The authors implemented training,
verification and testing of neural networks in the Windows 11 operating system, in the Python 3.10.8 runtime
environment and the Pycharm 2024 development environment. The training process was carried out on the basis
of the AD103 graphics processor of the NVIDIA GeForce RTX 4080 video card with support for CUDA Toolkit
12.1. As a result of training the neural network, the following metrics were obtained: mAP50-95: 0.59; mAPS50:
0.95; Recall: 0.89; Precision: 0.95. According to these indicators, the trained model outperforms the UAV and
bird recognition and classification models trained on the basis of YOLOv2, YOLOv4, YOLOv5, YOLOv7 and
YOLOX. The inference results on two videos with DJI Inspire 2 and DJI Mini 3 UAV flights showed FPS values
of 131 and 119, respectively. It was found that, due to the obtained accuracy and FPS metrics, the trained YOLOV9
model can be used as a module for recognizing and classifying UAVs and birds in real time in the optoelectronic
surveillance channels of Anti-drone systems.
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Amnjarna

Maxkamana ~ AHTHIPOH  JKYHENCPIHIH  ONTHKANBIK-3ICKTPOHABIK  apHamapeiHaa  YOLOvV9
APXUTCKTYPACHIHBIH HEHPOHIBIK sKemici Herizinae ¥AA MEH KycTapabl >KIKTECY >KOHE TaHy MOJCIIH d3ipiey
OolibIHIIA MaTepHAaIIap YCHHBIIFAH. HeHPOHIBIK YKeliHl OKBITY VIIiH ¥ AA MCH KYCTap/blH aHHOTALMSUIAHFAH
CyperTepi TYPIHAC ACPCKTCP SKHHAFHI JAHBIHAAMABL TOJNBIKTHIPYIApAsl KOCKAHIA MKAMIMBI CAaHBI 5265 CyperTi
Kypazxbl. HeHpOHIBIK KemIepai OKBITY, TERCepy kone Tectiney Windows 11 omepaumsnslx sxkyHecinae, Python
3.10.8 arkapy opraceiHza xdHE Pycharm 2024 azipney opraceiHma. CUDA Toolkit 12.1 konmaysr 6ap NVIDIA
GeForce RTX 4080 oeiiae xapracsiHbH AD103 rpadukaiblK MPoneccopsl HETI3iHAC OKBITY MPOLESCCi KY3ETe
aceIprUIIbl. HeHpPOHIBIK JKCTiHI OKBITY HOTIDKCCIHAC Keyeci MeTpukanap amsiHasl mAPS50-95: 0,59; mAPSO0:
0,95; Recall: 0,89; Precision: 0,95. By kepceTkimrepae okeIrbuiFan Mmoaeas YOLOv2, YOLOv4, YOLOVS,
YOLOV7 sxore YOLOX HycKanapbiHIAa OKBITBIIFAH ¥ AA MEH KYCTap/sl TAaHY JKOHE KIKTEY YITLICPiHEH achll
tyceai. DJI Inspire 2 >xone DJI Mini 3 ¥AA exi OeiHeciH mibiFapy HoTHKenepi corikecinme 131 sxone 119 FPS
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MOHJCpiH KepceTTi. AmbiHFaH monaik meH FPS kepcerkimrepiHin apkacsHzaa viperinrer YOLOVY monenin
AHTHAPOH KYHENCPiHIH ONTHKAIBIK-JICKTPOHABIK OAKpLIAY apPHANAPBIHAA HAKTHI YAKBIT PeKMiHAE ¥ AA MeH
KycTapZAbl TAHy >KOHE JKIKTSY MOy PETiHAC MaWaanaHyFa OONaThIHbI AHBIKTAJIIBL.

Kinr ce3nep: antuapoH, JaTuuKTepdi Oipiry, TepeH OKbITY, ApoHAap, Y OLO, HCHPOHABIK JKEIiIep.
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AHHOTATIAS

B crarpee mpeacTaBicHBI MATCPHATIBI Pa3pabOTKH MOACTH Kiaccu(purkaunu u pacmosHaBanug BITJTA u
IITHI[ HA OCHOBE HEHPOHHOI ceTH apxUTeKTypbl Y OLOVY B ONTHKO-3JEKTPOHHBIX KAHATAX CHCTEM AHTHIPOH.
Jst oOyueHuST HEHPOHHOH ceTH OB MOATOTOBJICH HA0OP TAHHBIX B BU/IC AaHHOTHPOBAHHBIX H300pakeHmit BITJTA
u rrun. Od1mee KOIMYECTBO, C YUETOM JOTIOIHEHHS, COCTABHIIO 5265 m3o00paxkennid. O0yucHue, Bepu()uKauus u
TECTHPOBAHUC HCHPOHHBIX CCTCH OCYMICCTBIAIUCH B onepannoHHOM cructeme Windows 11, B cpee HCTIOTHCHHSA
Python 3.10.8 u cpeae pazpaborku Pycharm 2024. ITpouecc 00yueHHsI OCYIIECTBILIICS HA 0ase rpaduieckoro
mpoueccopa AD103 suaeoxaprsr NVIDIA GeForce RTX 4080 ¢ moanepxkoit CUDA Toolkit 12.1. B pesymsraTe
00yUcHIA HCHPOHHOH CETH OBLIM TOIYICHBI Clieayromue MeTpuku: mAP50-95: 0,59; mAP50: 0,95; Recall: 0,89;
Precision: 0,95. Ilo 3tuM mokasaremsM oOOyUYCHHAS MOJETh IPEBOCXOAWT MOJCIH PACTIO3HABAHHS H
xmaccuuranun BITJTA w nrun, o6y4ueHHBIe HA 0cHOBE YOLOV2, YOLOv4, YOLOVS, YOLOvV7 u YOLOX.
Pesyaprarst BeiBoAa Ha aAByX Buaco ¢ moyieramMu BITJIA DJI Inspire 2 u DJI Mini 3 mokazanu 3uaucHus FPS 131
u 119 cooTBercTBCHHO. BBHITO yCTaHOBICHO, |YTO OMaromaps MOJYYCHHBIM TOKAa3aTeaaM TOYHOCTH u FPS
oOyueHHast Momenb YOLOV9 moker ObITh HCNONB30BAaHA B KAYECTBE MOIYS I PACIO3HABAHUS H
xmaccuuranun BIUTA u nTHn B peaTbHOM BPSMCHH B ONTHKO-3JICKTPOHHBIX KAHATAX HAOIFOICHHUS CHCTCM
AHTHAPOH.

KiioueBbie cJ1oBa: aHTHAPOH, CIMHAC JATIUKOB, TIyOoKoe 00yueHue, 1poHblL, Y OLO, HEeHpOHHBIC CETH.

Introduction

Currently, Anti-drone systems are actively used to solve problems of detection,
classification and neutralization of UAVs (drones). Such a need is due to the growing number
of incidents of using these devices for criminal purposes. Examples include violation of airport
airspace, espionage, mass attacks on critical facilities for military purposes, delivery of
prohibited items, and organization of failures in security systems. In this regard, the
development of new methods for combating UAVs and the improvement of existing
technologies for detection, classification and elimination of UAVs is relevant. As a result of
the literature review of the Scopus and Web of Science databases, optoelectronic, acoustic,
radio frequency, radar and combined (Sensor Fusion) methods are used to detect and classify
UAVs, represented by the corresponding software and hardware solutions. Optoelectronic
systems use cameras [1], laser sensors [2], thermal imagers [3] to accurately detect and track
UAVs, but their effectiveness may be reduced in low visibility and lighting conditions. Radar
systems [4, 5], on the other hand, operate based on radio waves and are capable of detecting
objects in all weather conditions and at any time of day, although their accuracy in recognizing
small objects may be limited. Radio frequency systems (RF based) [6, 7] detect UAV control
and communication signals, which allows them to be detected even in the absence of visual
contact, but they rely on the presence of radio signals and may encounter interference. Acoustic
systems [8, 9] use microphones to detect sounds emitted by UAVs, which makes them useful



M. Kosbi6aes ateinaarsl CKY Xatapmbicsi /
BectHuk CKY umenu M. Ko3bi6aesa. Ne 2 (66). 2025 177

in low visibility conditions, but their range and sensitivity may be limited by environmental
noise. To improve detection accuracy and reliability, sensor fusion technology [10—12] is often
used, which combines the data stream from different sensors. This allows for higher accuracy
and reliability, although integration and data processing may be complex. This technology is
implemented in modern Anti-drone systems, such as Elbit Systems ReDrone [13],
DedroneRapidResponse [14] and others.

Accurate recognition and classification of UAVs relative to other objects is provided by
the software component of the Anti-drone systems - artificial intelligence, which is represented
by machine learning (ML) and deep leaning (DL) algorithms. In the optoelectronic channels of
the Sensor Fusion systems, which are considered indispensable due to the accuracy of providing
visual data, computer vision algorithms of the YOLO architecture are implemented. This
algorithm, along with Faster R-CNN, SSD, RetinaNet and EfficientDet, is used as a visual
detector of objects in real time. Due to key features such as single-stage processing, dividing
images into a grid, joint prediction of different classes, high accuracy and speed, YOLO is more
effective in solving problems of recognition and classification of objects, including UAVs. The
authors [15—18] used various YOLO models to train neural networks on user datasets in the
form of images of UAVs of different types, birds, etc. In [15], the authors trained the YOLOv4
model to recognize UAV's and birds, achieving the following average accuracy rates: mAP50
— 74.36%:; precision — 0.95; Recall — 0.68; F1 — 0.79.

When tested on videos of two types of UAVs, DJI Phantom III and DJI Mavic Pro, the
trained model achieved 20.5 and 19 FPS (frames per second), respectively, on inference. In
[16], the authors used an earlier YOLOvV2 model and achieved an mAPS0 of 74.97%. The
YOLOvVS model from [17] outperformed the previous model [16] by 15.4%. Higher-
performance models of the YOLO architecture, such as YOLOX, YOLOv7, YOLOVS, are
studied in [18]. YOLOVS8 is a more advanced version of the previous models, thanks to new
features and improvements implemented by the developers of Ultralytics. The new backbone
network, anchorless detection head, and loss function contributed to high-quality training of
the model with an mAP50 of 95.3%. The accuracy of UAV recognition and classification,
which are characterized by the mAP50, mAP50-95, Precision and Recall metrics, are limited
by the loss of information in successive layers of deep neural networks. This problem can be
solved by implementing programmable gradient information (PGI) and the architecture of
efficient layer aggregation network (GELAN).

In order to improve the model for recognizing and classifying UAVs in optoelectronic
detection channels of Anti-drone systems by increasing the accuracy indicators, the following
objectives must be completed within the framework of this study:

— Prepare a dataset of UAV and bird images for training the experimental YOLOvV9
neural network model;

— Train the YOLOV9 neural network model to determine the accuracy indicators;

— Test the model on inference to determine FPS.

The results obtained allow us to draw a conclusion about the effectiveness of using the
YOLOV9 neural network model for recognizing and classifying UAVs and birds.

Research methods

The training of the neural network model for UAV and bird classification will be based
on the pre-trained YOLOV9 algorithm. This algorithm overcomes the shortcomings of methods
for overcoming information loss, such as reversible architectures, masking modeling, and the
concept of deep supervision, by implementing PGI. PGI (Fig 1) is based on gradient generation
using an auxiliary reversible branch, which allows avoiding loss at semantic levels without
additional computational costs.
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Figure 1. PG Architecture diagram

The main structural components of PGI, in addition to the above-mentioned auxiliary
reversible branch, are the main branch and multi-level auxiliary information. The main branch
is used to organize logical inference, and multi-level auxiliary information solves the problems
of error accumulation due to deep observation, which is essential for training lightweight
models ofthe YOLOV9 architecture. The presence of GELAN inthe YOLOV9 neural network
ensures the creation of multi-scale feature maps for class prediction, optimization of
parameters, computational complexity, accuracy and inference speed. This advantage is due to
the combination of two neural network architectures CSPNet and ELAN, which provide
gradient path planning. This solution allows users to update computing units for any logical
output devices without significant performance losses.

To train the YOLOV9 model on custom datasets, the following steps mustbe completed:

- Prepare a dataset ofimages fortwo classes (UAVs and birds);

- Annotate classification objects in each image;

- Data augmentation;

- Distribute the dataset into three parts for training, validation, and testing;

- Export data for training in a special design environment;

- Select hyperparameters and start training.

To successfully train the neural network model, it is necessary to prepare a dataset for
two classes of objects that will meet the criteria of data diversity (a variety of UAV and bird
images representing different lighting conditions, weather <conditions, angles and
backgrounds), class balance, high image quality, image normalization to one size (e.g. 416 x
416; 640 x 640). Images for a custom dataset can be found in open sources such as Roboflow,
Kaggle, Ultralytics, GitHub, and also use custom data (photos, videos) of UAV and bird flights.
Annotation is a markup of images with special bounded boxes. This frame is defined by the
coordinates of the upper left corner and lower right corner or the center coordinates and
dimensions (width and height). For each image, an annotation file is created that contains
information about the objects in the image. The format of the annotation file can be different,
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but usually YOLO uses atext format, where the class ofthe object and the coordinates of the
bounding box are indicated for each object. For YOLOV9, information on annotated objects is
stored in a separate “.txt” file. Roboflow.com is used as a service for loading, storing,
processing and annotating (Fig 2) class objects. Augmentation technology is used to increase
the variability and quantity of data. Thistechnology is atechnique for artificially increasing the
size and diversity of a data set by applying various transformations to the original data. This
technique is widely used in machine learning, especially in computer vision, to improve the
quality of models and prevent overfitting.

Figure 2. Annotating objects in Roboflow: a) UAVs; b) birds

In the case of images, augmentation involves applying various transformations.
Geometrical transformations include rotating an image by arandom angle, changing its scale,
shifting it horizontally or vertically, flipping it horizontally or vertically, as well asbending and
distorting it. Color transformations involve adjusting the brightness, changing the contrast,
saturation, and color hues of an image. Also, various types of noise can be added to an image,
blurring can be applied, or the image can be randomly cropped and resized back to its original
proportions. In addition to these methods, there are other techniques such as excluding random
square areas from an image (cutout) and mixing two images and their labels to create a new
sample (mixup). Using data augmentation helps models become more robust to various types
of distortions, which ultimately improves their ability to generalize to new data and leads to
better performance on real data. Using this technology and the Roboflow interface, the
Grayscale and Blur augmentation methods were applied. In addition to training, the model
undergoes validation and testing stages, in connection with which the data set is distributed in
percentage terms of82/13/6 (training, validation and testing, respectively). A special annotation
format YOLOV9 was selected to exportthe dataset to the neural network training project.

The training, verification, and testing of neural networks were implemented in the
Windows 11 operating system, in the Python 3.10.8 runtime, and the Pycharm 2024
development environment. The training process was carried out on the AD103 GPU of the
NVIDIA GeForce RTX 4080 video card with support for CUDA Toolkit 12.1. The program
code was written and edited using the Ultralytics YOLOv8 framework, which contains
YOLOVY neural network models pre-trained on the COCO dataset. Among the five YOLOV9
models (YOLOvV9t, YOLOvV9s, YOLOvVI9mM, YOLOvV9c, YOLOVvV9e), YOLOVI9c was selected
for the experiment. This model was pre-trained on the COCO dataset with the following
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parameters: mAP50-95 - 0.53; mAP50 - 0.702; params (number of parameters) - 25.5 m
(millions); FLOPs - 102.8. The following hyperparameters are set to train the neural network
on the custom dataset: number ofepochs: 100; batch size: 16; learning rate: 0.001; momentum:
0.9; weight decay: 0.0005 and image size: 640. The trained YOLOvV9c model has a “best.pt”
file size of 88 MB. The neural network was tested on inference using two test videos with DJI
Inspire 2 and DJI Mini 2 UAV flights.
Results
1. Results of preparing a dataset for training the YOLOV9c neural network
Fig. 3 shows the interface ofthe prepared dataset in the Roboflow.com service.

5265 Total Images

Dataset Split

Figure 3. UAV and bird dataset prepared by Roboflow.com
The prepared dataset was used to train the neural network ofthe YOLOvV9c architecture.

2. Results of training the YOLOV9c neural network on a custom dataset
Fig. 4 a-d shows the metrics of the training results of the YOLOvV9c neural network
model.

Figure 4. Metrics of the results of training the YOLOvV9c neural network for 100 epochs
(Ox-axis): a- Precision; b - Recall; c- mAP50; d- mAP50-95

The trained model was tested on inference using two videos to determine the average
Latency (or FPS) value.
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3. Inference test results
Fig. 5 a, b show frames of inference of the trained YOLOvV9c neural network model on
two videos with the flight of DJI Inspire 2 and DJI Mini 3, respectively.

drone 0.88

Figure 5. Frames from the inference ofthe trained YOLOvV9c model: a) frame from the video
ofthe DJI Inspire 2 flight; b) frame from the flight ofthe DJI Mini 3

The inference results are used to estimate the average FPS presented in Section 4
Discussion.

Discussion

To train the YOLOvV9c neural network, a dataset of 5265 annotated images (Fig 3) was
prepared in the Roboflow.com service. O fthis set, 4296 images (82% ) are intended for training,
667 images (13%) for validation, 302 files (6% ) for testing.

As aresult of training, the following maximum metric values were obtained (Fig 4 a-d):

- mAP50-95: 0.59;

- mAP50: 0.95;

- Recall: 0.89;

- Precision: 0.95.

The obtained mAP50 values exceed the accuracy of the trained model from [15, 16] by
20%; [17] by 4.6%. The YOLOvV9s model corresponds to the trained YOLOV8 neural network
presented in [18] in this indicator. Thus, the YOLOvV9 architecture neural network models,
along with YOLOVvV8, are able to improve the accuracy of recognition and classification of
UAVs and birds through optoelectronic surveillance cameras. As a result of inference testing,
the average Latency value for the firstvideo was 7.6 ms and 8.4 ms for the second video. These
indicators depend on the GPU characteristics and for less productive computing devices, it is
recommended to use lighter versions such as YOLOv9t, YOLOvV9s and YOLOv9m. The
obtained Latency values prove the efficiency ofusing YOLOV9 as a basic software component
for recognizing and classifying UAVs in optoelectronic surveillance channels of Anti-drone
systems.

Conclusion

1) As part of the study of the possibility of using the YOLOV9 neural network to
recognize and classify UAVs and birds using the Roboflow.com service, a dataset of 5265
annotated images was prepared.

2) Based on the AD103 graphics processor of the NVIDIA GeForce RTX 4080 video
card with support for CUDA Toolkit 12.1, the YOLOVvV9c neural network was trained and
metrics were obtained demonstrating a relatively high accuracy ofUAV and bird classification
in comparison with previous models ofthe YOLO architecture.
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3) As a result of testing the trained YOLOv9c neural network on inference, average FPS
values of 131 and 119 were obtained, which, along with high accuracy, proves the possibility
of using this model as a module for recognizing and classifying UAVs and birds in real time in
the optoelectronic surveillance channels of Anti-drone systems.

4) The results of this study will be useful to developers of Anti-drone systems.
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