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Development of an algorithm for detecting commercial  
unmanned aerial vehicles using machine learning methods

Abstract. This study aimed to train algorithms for detecting commercial unmanned aerial vehicles using machine 
learning techniques. Neural network architectures YOLOv8 and MobileNetV3 were used to detect unmanned aerial 
vehicles in images and videos. The models used were pre-trained on the ImageNet dataset and then refined on the 
SimUAV dataset containing images of four types of drones (Parrot A.R. Drone 2.0; DJI Inspire I; DJI Mavic 2 Pro; and DJI 
Phantom 4 Pro), different sizes and in eight different background locations. The study confirmed that the combination of 
the YOLOv8 and MobileNetV3 architectures has significant potential for detecting commercial unmanned aerial vehicles 
in various types of images. The trained models demonstrated high performance in the recognition and classification 
of unmanned aerial vehicles, achieving an average detection accuracy (at an IoU threshold of 50%) of 0.747 and 0.909 
for the MobileNetV3_Small and MobileNetV3_Large models, respectively. This demonstrates the high efficiency and 
accuracy of the models in detecting objects on the test data. The results of the study also included the values of the binary 
cross-entropy metric, which were 0.308 and 0.216, respectively, indicating the high accuracy of the models in object 
classification and confirming the high efficiency and reliability of these models in working with objects on the test data. 
During the study, the MobileNetV3_Large model showed more accurate results than MobileNetV3_Small, which indicates 
its higher efficiency in detecting and classifying aircraft. The obtained results confirm the prospects of applying machine 
learning methods in the field of monitoring and security systems, which reliably detect and track unmanned aerial 
vehicles in various conditions. The high performance of the trained models demonstrates their effectiveness in real-
world operating conditions, making them a valuable tool for solving important control and supervision tasks
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A.  Taherkhani  et al.  (2020) conducted a detailed analy-
sis of the ability of neural networks to transfer learning 
to different tasks and datasets, identifying the key fac-
tors affecting their versatility and efficiency. M.M.  Beja-
ni & M. Ghatee  (2020) addressed the impact of different 
regularisation methods on the overall performance and 
versatility of neural networks. K.M.R.  Alam  et al.  (2020) 
analysed the possibility of using ensembles of neural net-
works to improve the accuracy and reliability of results. 
Such studies, however, focus only on certain features of 
the use of machine learning technologies, which may limit 
their applicability in real-world applications and require 
more detailed research.

The development of neural networks also allows them 
to not only reproduce existing knowledge but also learn 
from new data and experiences, ensuring their ability to 
continuously improve and adapt to changing conditions 
(Janulin et al., 2022). S. Tishchenko & E. Kuznetsov (2024) 
investigated the capabilities of neural networks in the con-
text of solving prediction and classification tasks in dynam-
ic learning, emphasising their ability to effectively adapt 
to changes in the environment. N.O. Kushnir et al. (2022) 
addressed the mechanisms of neural networks’ self-tuning 
during training, enabling automatic adjustment of their 
parameters to achieve optimal performance and accuracy. 
C.J. Lin et al.  (2021) analysed the role of neural networks 
in resource-constrained learning environments, where 
they have shown the ability to efficiently use computing 
power and data, making them attractive for use in limit-
ed hardware. However, each case of using neural networks 
is unique and requires an individual approach, consider-
ing specific conditions, data, and the task at hand (Song et 
al., 2018). Each research or application of neural networks 
has its peculiarities that should be addressed when devel-
oping and analysing models.

The study aims to investigate the effectiveness of Mo-
bileNetV3_Small and MobileNetV3_Large models in de-
tecting commercial unmanned aerial vehicles in images, in 
different conditions and application modes. The main tasks 
will include training these models on a suitable dataset and 
evaluating them for object detection and classification.

MATERIALS AND METHODS
The key algorithms used in this study were neural network 
architectures for detecting objects in images and videos, 
such as YOLOv8 and MobileNetV3 (in particular, Mobile-
NetV3_Small_ImageNet and MobileNetV3_Large_ImageN-
et). To use a combination of these models, the keras_cv 
library was used as it provides convenient access to these 
models and their functionality (The YOLOV8Detector 
model, n.d.). These models were managed through an ap-
plication programming interface (API), which ensured ease 
of use and integration with other system components. The 
model used for training was pre-trained on the widely used 
ImageNet dataset (ImageNet Large Scale…, n.d.), which 
gave it a basic understanding of the different images and 

INTRODUCTION
The growing popularity and availability of unmanned 
aerial vehicles (UAVs) introduce new technologies and 
open many new opportunities in various industries, such as 
commercial activities, industrial production, and research 
and exploration. However, at the same time, the growth 
in the use of drones has also raised serious security con-
straints and concerns, as some drones can be used by mali-
cious actors for illegal or harmful purposes, creating a need 
for improved methods of detecting and controlling them. 
This problem creates a need for effective solutions for fast 
and reliable detection of unmanned aerial vehicles, even in 
remote or difficult conditions. Existing methods are often 
insufficiently efficient or slow to effectively monitor such 
devices. Therefore, there is a need to develop new technol-
ogies and algorithms aimed at detecting and identifying 
unmanned aerial vehicles, which will ensure effective con-
trol and prevent security threats.

Machine learning methods have great potential in this 
area, as they can be used to automate the process of detect-
ing and identifying objects in images. The use of machine 
learning algorithms can be used to create models that can 
analyse and interpret large amounts of data with high speed 
and accuracy (Pidpalyi, 2024). Such models can perform a va-
riety of tasks, including detecting objects of different types 
and classes. An important aspect of using machine learning 
methods is their ability to adapt and learn from new data. 
This allows the models to continuously improve and adapt 
to changing environmental conditions, which is critical in 
the case of drone detection. In addition, the use of machine 
learning methods allows automation of the detection pro-
cess and provides faster response times, which is impor-
tant in the case of detecting potentially dangerous devices.

One of the most important areas of application of neu-
ral networks is their use in image processing, which opens 
wide opportunities for solving various tasks in the field 
of computer vision (Najjar & Baskaya,  2022). L.  Chen  et 
al. (2021) analysed the effectiveness of different convolu-
tional neural network architectures for image classification 
and object recognition tasks, which highlighted the advan-
tage of deep architectures over traditional machine learn-
ing methods, especially in tasks such as object recognition. 
Y. Wang et al. (2020) studied the impact of different opti-
misation algorithms and activation functions on the accu-
racy of models in image processing tasks, showing that the 
choice of optimal parameters can significantly affect the 
quality and efficiency of neural networks in image and vid-
eo analysis tasks. M. Hammami et al.  (2020) also focused 
on developing new data augmentation methods to improve 
model training in the face of insufficient image data, which 
improved their overall performance. However, such studies 
are often limited to specific aspects or contexts and do not 
incorporate all implementation options, which requires 
additional study and analysis.

The use of neural networks opens opportunities for 
their adaptation to new conditions and tasks, making 
them more flexible and versatile in various applications. 
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patterns in the images. After the preliminary training, the 
model was further trained on the SimUAV dataset (n.d.), 
which was divided into three parts: 10% for validation, 
10% for testing and 80% for training. This dataset included 
29,568 colour images of four models of unmanned aerial 
vehicles, presented in 640×640 pixels format. The images 
were artificially generated in different locations and under 
different lighting conditions to provide diversity and versa-
tility in object recognition for the model.

Considering the pre-training of both models, the study 
decided to focus on retraining only the last layers in the 
YOLOv8 model. This strategy implied that all layers af-
ter tf.concat_5 would be retrained while maintaining the 
previously trained weights for the rest of the model. This 
approach retained the information gained from the pre-
vious training, while also allowing the model to tune its 
parameters to better match the specific characteristics of 
the SimUAV dataset. During the retraining process, the cor-
responding APIs of the keras_cv library were used, which 
provided convenient access to the model functionality and 
allowed for efficient implementation of changes in mod-
el weights following the specific requirements and char-
acteristics of the SimUAV dataset. The retraining process 
involved adapting the model’s weights, addressing the out-
put formats, input and output layer sizes, and optimisation 
parameters. This strategy has significantly reduced the 
time required to train the model while ensuring high-qual-
ity results and compliance with the requirements of the 
UAV detection task.

The task of object detection implies the presence of 
two output levels in the model, namely classification and 
regression, each of which uses a separate loss function. For 
the classification layer, a binary cross-entropy loss func-
tion was used to facilitate the model correctly classifying 
objects in the images. For the regression level, the ratio of 
the intersection area of the rectangles described around the 
object to the area of their union was used (also known as 
interaction over union (IoU) loss function), which allowed 
the model to accurately determine the boundaries of the 
objects. The final loss function was calculated as the sum of 
the loss functions of the classification and regression lev-
els. To evaluate the efficiency and accuracy of the model, 

the mean average precision (mAP) metric for the threshold 
value of the IoU was used, thus assessing the overall ability 
of the model to detect objects in images. After training, the 
model with the best mAP was selected, evaluated on the 
validation dataset, and used to evaluate the metrics on the 
test dataset.

RESULTS
There are many different methods and technologies used 
to detect drones, which can be divided into two main cat-
egories: non-optical and optical. Non-optical approaches 
include the use of sound, radar and radio frequency meth-
ods. Analysing the acoustic characteristics of drones’ rotors 
can detect their presence, but this method is not always 
effective in noisy environments such as airports and cities. 
Radars are widely used to detect large aerial objects but re-
quire special modifications to detect drones and can suffer 
from noise. Radio-frequency methods allow drone signals 
to be intercepted and analysed, which is an effective way to 
detect over long distances.

Optical approaches, in turn, are based on image pro-
cessing. Traditional methods include manual feature ex-
traction from images, such as histograms of oriented gra-
dients (HOG) and others. However, these methods, despite 
being quite fast, usually have low accuracy. In contrast, 
deep learning methods use neural networks to automati-
cally extract features, which results in higher-quality ob-
ject recognition in images (Rahmad  et al.,  2020). In the 
research field of computer vision, there are usually three 
main categories of tasks: classification, detection and seg-
mentation. The construction of a bounding box surround-
ing the drone in the frame requires information about what 
and where the object is in the image, which belongs to the 
object detection category.

Two-stage detectors are complex models divided into 
two stages for more efficient detection of objects in imag-
es. The first stage involves the creation of proposed areas 
where the required facilities could potentially be located. 
This process is carried out employing convolutional neu-
ral networks such as RCNN, Fast RCNN, and Faster RCNN 
(Fig. 1), which use base networks such as VGG-16 or ResNet 
to generate feature maps (Nguyen & Huynh, 2023).

Figure 1. Scheme of a two-stage structure of object detection on the example of Faster R-CNN
Source: compiled by the authors

Then, the network responsible for generating re-
gion-of-interest (RoI) suggestions determines the loca-
tions where objects can be found. The proposed regions are 
then merged with the corresponding feature maps using 

maximum merging to create fixed-size feature maps. The 
obtained results are transferred to a classifier that deter-
mines the class of the object and builds a restrictive frame-
work around it (Raja et al., 2020).
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Two-stage detectors usually provide higher accu-
racy than single-stage models, but their speed may not 
be sufficient for real-time applications. However, the 
ability to accurately detect objects makes them an im-
portant tool in the field of computer vision. One-step 
object detectors are innovative models that abandon 
the traditional two-step approach to object detection 
and instead provide bounding boxes and object classes 
simultaneously. This opens up new perspectives in the 
world of computer vision, allowing for faster and more 
efficient real-time object detection. One-stage detectors 
differ from their two-stage counterparts in that they op-
erate without a phase of region proposal. Complex deep 

learning networks are used to simultaneously predict 
the position of objects and their classes. This provides 
faster and more efficient solutions to object detection 
tasks on large volumes of data. Two examples of one-
step detectors are You Only Look Once (YOLO) and Sin-
gle Shot Detector (SSD). Both methods use different 
strategies to solve object detection problems (Shuai & 
Wu, 2020; Jiang et al., 2022). The SSD strategy relies on 
feature-matching functions to predict bounding boxes 
and object classes. On the contrary, YOLO technology 
divides the image into a grid of cells at three different 
scales, each of which is responsible for predicting anchor 
boxes and class probabilities (Fig. 2).

Figure 2. Scheme of the one-stage structure of object detection on the example of YOLOv3
Source: compiled by the authors

It is worth noting that YOLOv8 is an advanced model 
in the field of object recognition. It features a complex ar-
chitecture, which includes several key components, each of 
which plays an important role in the data processing pro-
cess (Fig. 3).

The Backbone plays a key role in extracting informa-
tion from the input data in the YOLOv8 model. This model 
uses CSP Darknet53, which is an improved version of the 
previous models. Darknet53 is a basic architecture based 
on the idea of cross-stage partial connections (CSP). This 
architecture is noted for its ability to efficiently process 
large amounts of data and extract important features. The 
use of CSP Darknet53 in YOLOv8 provides faster data pro-
cessing and improved object detection accuracy using ad-
vanced data processing technologies. Such a network can 
keep important features from the input images and trans-
fer them for further analysis and classification of objects 
(Zou et al., 2023).

“Neck” is used to combine features from different lev-
els of the spine. For this purpose, the Path Aggregation 
Network (PANet) technology is used, which is the basis for 
the optimal integration of information from different lev-
els. PANet provides adaptive feature weighting, where each 
feature is assigned a weight according to its importance. 
This allows the model to focus on the most informative fea-
tures, increasing its ability to recognise objects. The panel 
effectively combines information from different layers of 

the ridge and uses it for further analysis and classification 
of objects in the images.

“Head” is an important component of the YOLOv8 
model responsible for predicting bounding boxes and clas-
sifying objects. This model uses several heads that operate 
at different scales, allowing the model to accurately detect 
objects of different sizes and shapes. Each head predicts 
bounding boxes and object classes for a specific image scale. 
The YOLOv8 uses three heads, each responsible for a dif-
ferent scale: 82 layers for detecting large objects, 94 layers 
for medium-sized objects, and 106 layers for small objects 
(Diwan et al., 2023).

“Auxiliary Branches” in the YOLOv8 model is a component 
aimed at improving the accuracy of small object detection. By 
starting object detection at an early stage of processing, aux-
iliary branches allow the model to confidently recognise even 
the smallest details. This is important for tasks where small 
objects can be critical to the accuracy and completeness of 
the analysis. Another important technology in the develop-
ment of lightweight and efficient deep learning models for 
image processing on mobile devices is MobileNetV3. This 
series of models is designed to optimise computing resourc-
es and power consumption, delivering high performance 
on devices with limited specifications. The MobileNetV3 is 
characterised by its high performance and lightweight de-
sign, making it ideal for a variety of applications on mobile 
devices such as smartphones and embedded systems (Fig. 4).
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Figure 3. Structure of the YOLOv8 model
Source: PaddleYOLO (n.d.)

Figure 4. Structure of the MobileNetV3 model
Source: S.H. Tssng (2020)
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Architectural innovations introduced in MobileNetV3 
include the use of two key concepts: Squeeze-and-Excita-
tion (SE) modules and structural adaptability modules, 
which allow for adaptive modification of the network ar-
chitecture to meet the specifics of input data and tasks. SE 
modules are used to focus the network’s attention on the 
most important features of the input data. This is achieved 
through two operations: “squeeze” and “excitation”. The 
first operation performs group aggregation of features, 
which reduces their size and number. In the second op-
eration, using a fully connected network, each group of 
features is assigned a weight that reflects its importance. 
Separate SE layers are used for each MobileNetV3 module, 
tailoring the network’s attention to different contexts and 
details of the input images (Zhao & Wang, 2022).

The structural adaptability modules in MobileNetV3 
can be used to modify to meet the requirements of a spe-
cific application. This is achieved by including different 
types of blocks depending on the characteristics of the 
input data and the expected output. For instance, for a 
classification task, an architecture with more connections 
and layers can be used, while for a segmentation task, an 
architecture with more layers and filters can be used. This 
provides greater flexibility and efficiency in a variety of 
use cases. In this study, a combination of the YOLOv8 
and MobileNetV3 architectures was implemented and 
pre-trained on the ImageNet dataset. To implement this, 
the corresponding API of the keras_cv library was used, 
which provided convenient access to these models and 
their functionality. Due to the preliminary training of 
both models on a large amount of data, it was decided to 
retrain only some of the last layers of the YOLOv8 model 
(all layers after tf.concat_5).

During the retraining, the corresponding APIs of the 
keras_cv library were used. The retraining process involved 
changing the model’s weights to meet our requirements 
and specifications, incorporating the output formats, in-
put and output layer sizes, and optimisation parameters. 
This significantly reduced the time required to train the 
model while maintaining the high quality of the results. 
To improve the efficiency of the model in detecting UAVs, 
especially when they are small in the image, the image in-
terlacing method can be used. This avoids missing objects 
on the borders of tiled images. For example, if the camera 
resolution is 1920×1080 pixels, and the size of the input 
image in the YOLOv8 model is 640×640 pixels. During op-
eration, each image in the dataset can be cut into 8 tiles, 
with 2 tiles arranged vertically and 4 tiles arranged hori-
zontally. The width and height of the tile in this case is 640 
pixels, which corresponds to the size of the input image 
in the YOLOv8 model. The calculation of overlaps between 
distributed tiles is as follows:

lo = nltile−limage

n−1
  ,                                 (1)

where lo – the length of the overlap; n – the number of tiles; 
ltile – the length of the tile; limage – the length of the original 
image.

The formula (1) establishes that the overlap length 
between vertically adjacent tiles is 200 pixels, which is a 
fairly optimal solution since it is an integer. However, using 
the same formula, the overlap length between horizontally 
adjacent tiles is approximately 213.4 pixels, which creates 
problems in practical applications due to the difficulty of 
achieving such accuracy. Instead, the length of the three 
overlaps can be manually set to 200, 200, and 240 pixels, 
respectively. This will make the tile grid more accurate 
and simplify calculations, which is critical in applications 
where accuracy and simplicity are important factors. After 
splitting the image into tiles, the coordinates of the object 
labels must be updated to reflect the new positions. Infor-
mation about the objects in the source images is stored in 
the YOLO format, where each image has a corresponding 
.txt file with annotations, including the object class, x-y co-
ordinates, and width and height. The x, y, w, h were calculat-
ed using formulas (2-5), addressing the pixel coordinates:

x = xmin+xmax
2wimage

  ,                                   (2)

y = ymin+ymax
2himage

  ,                                   (3)

w = xmax−xmin
wimage

  ,                                   (4)

h = ymax−ymin
himage

  .                                   (5)

Each object label of the source image contains the x 
and y coordinates of the upper left corner of the bounding 
box, as well as its width (w) and height (h). The x-coordi-
nate defines the position relative to the left edge of the im-
age, increasing towards the right. The y-coordinate defines 
the position relative to the top edge of the image, increas-
ing in the downward direction. These values are expressed 
as a percentage of the total width (wimage) and height (himage) 
of the image (Fig. 5).

Figure 5. Calculation scheme in the YOLO model
Source: compiled by the authors

Emphasis was placed on calculating the model’s 
performance in real-time. Since drone tracking requires 
the rapid processing of many images, several key perfor-
mance metrics have been identified. To determine the 
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effectiveness of the output level responsible for classifi-
cation, binary cross-entropy was used, which is the op-
timal choice for binary classification tasks. This metric 
measures the distance between the predicted and actual 
values, addressing the probability of each class for each 
input sample, and is calculated using the formula (6):

Lclassification
 = -1

N
 ∑N

i=1   (yy
 * log(pi)

 + (1-yi)
 * log(1-pi)),      (6)

where N – the number of samples in the training set; yi – 
the actual class label for sample i; pi – the predicted proba-
bility that sample i belongs to class 1.

The binary cross-entropy is used to assess how accu-
rately the model classifies objects into two classes: present 
(in this case, a UAV) or absent. The value of this metric is 

minimised if the predicted and actual probabilities are the 
same, which means that the model correctly classifies ob-
jects. High values of binary cross-entropy indicate that the 
model cannot effectively separate classes, which leads to low 
classification accuracy. For the regression level, intersection 
over Union (IoU) was used (He et al., 2021; Yuan et al., 2020). 
This metric is calculated as the ratio of the intersection 
area to the area of the union of the two boundary regions: 
true boundary regions and predicted boundary regions (7):

IoU = Cross−sectional area
The area of the association

  .                      (7)

The true boundaries are manually annotated based on 
the dataset, while the predicted boundaries are the output 
of the model that processes the input images (Fig. 6).

Figure 6. IoU calculation scheme
Source: compiled by the authors

This indicator determines how accurately the project-
ed boundaries of an object coincide with the real ones. The 
mean average precision (MaP) was also performed, with 
results with an IoU value greater than 0.5 (50%) addressed. 
On the other hand, -ln(IoU) is used as a loss function for 
object detection tasks (Yu et al., 2016). The final loss func-
tion was calculated as the sum of the loss functions for 
classification and regression (8):

Lend
 = Lclassification

 - ln(IoU).                          (8)

While training the object classification and detec-
tion model in this study, four types of drones (Parrot 

A.R.  Drone  2.0; DJI Inspire I; DJI Mavic 2 Pro; and DJI 
Phantom 4 Pro), on eight locations (street, trees, grass, 
mountain lake, palace, winter town, and temple), were 
used to train the classification part of the model. At the 
same time, the marked rectangle coordinates were used 
to train the regression part of the model, which predicts 
the exact location of the drones in the image. Further-
more, for training the models, the NVIDIA L4 GPU was 
used through Google Collab. One of the advantages of us-
ing Google Collab was the availability of a configurable 
development environment and pre-installed TensorFlow 
version 2.15. More detailed characteristics of the medium 
used are given in Table 1.

Characteristic Value

Number of virtual CPUs 16
GPU NVIDIA L4
RAM 64 Gb

GPU memory 24 GB GDDR6

SSD drive 375 GB

Table 1. Characteristics of the environment used in Google Collab

Source: compiled by the authors

The batch size was set to 160 when training the Mo-
bileNetV3_Large_ImageNet and MobileNetV3_Small_Im-
ageNet models. To optimise the parameters, the Adam al-
gorithm was used as one of the most efficient for training 
neural networks. The learning rate parameter of the Adam 
optimizator was set to 0.048 during MobileNetV3_Large_
ImageNet model traning and 0.024 for MobileNetV3_
Small_ImageNet. These parameters were carefully selected  

to ensure optimal learning computation speed. Using ap-
propriate values of the package, optimiser and training 
speed helped to ensure the stability of the training pro-
cess and improve the quality of the resulting models. The 
image size was set at 640×640 pixels, ensuring a balance 
between detection quality and processing speed. Other 
hyperparameters were left by default (Bhargavi,  2021; 
Rui et al., 2021).
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During the training of the models, their state was saved 
at each epoch for further analysis of their performance. The 
so-called COCO metrics were used to evaluate the model, in 
particular, the mean average precision for a threshold val-
ue of the interaction over union of 50% (MaP@[IoU=50%]) 

(Wood & Chollet,  2022). The comparison of the MaP@
[IoU=50%] level was carried out at different points using 
the weights of the models saved at different stages of train-
ing. The graphs in Figure  7 show the loss functions as a 
function of the training epoch for both models under study.

Figure 7. Loss functions for models with increasing number of epochs
Source: compiled by the authors
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When determining the effectiveness of a model, it is 
necessary to address the difference between its training 
and validation performance. A graphical representation 
of this difference indicates that validation results may be 

shelved even though training performance may be improv-
ing. Figure 8, in turn, shows the dependence of the MaP@
[IoU=50%] metric estimated on the validation dataset on 
the training epoch.

Figure 8. The dependence of MaP@[IoU=50%] estimated on the validation dataset on the number of training epochs
Source: compiled by the authors
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As can be seen from the graphs in Figure 8, the accura-
cy of the MobileNetV3_Large model is higher. Noting these 
results, it should be noted that this may be the result of 
the greater complexity of the model itself. This can include 
more parameters or a more complex architecture, allowing 

it to better adapt to different types of data and conditions. 
Table 3 shows the values of the metrics evaluated on the 
test dataset for the models with the highest validation 
score of MaP@[IoU=50%]. The results of object classifica-
tion on the test dataset are shown in Figure 9.

Metric MobileNetV3_Small MobileNetV3_Large
Binary cross entropy 0.308 0.216

-ln(IoU) 1.818 1.529
MaP@[IoU=50%] 0.747 0.909

Table 3. Metrics for the models under study

Source: compiled by the authors
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Several key technologies that have a significant im-
pact on its functionality and efficiency should be consid-
ered when analysing the MobileNetV3_Large model in 
detail. One such technology is the mixed-depthwise con-
volution blocks technique, which reduces the number of 
computational operations and parameters while maintain-
ing high accuracy. In addition, MobileNetV3_Large uses 
optimisation mechanisms such as linear bottlenecks and 
squeeze-and-excitation to reduce computational costs and 
improve model accuracy by focusing on important areas of 
the image. It’s also worth noting the use of the Mish-ac-
tivated function, which negates problems with vanishing 
and vanishing gradients.

Thus, the pre-training on ImageNet provided a basic 
understanding of the original features and common pat-
terns in the images, but the combination of this pre-train-
ing with MobileNetV3 technologies allowed the model to 
show higher performance in object classification.

DISCUSSION
Scientific research in the development and application of 
neural networks for image and video processing is of great 
importance in the rapidly evolving and advancing world of 
technology. Such research can open broad prospects for 
solving various problems in the field of computer vision. 
Neural networks can make significant progress in object 
detection, image classification, and the analysis and pro-
cessing of large amounts of video data. They are an impor-
tant tool that can help increase automation and efficiency 
in many industries. As the market for unmanned technol-
ogies such as UAVs is rapidly developing, the use of neural 
networks can enable their detection in images and video 
with high accuracy and speed, which is becoming a key fac-
tor in ensuring safety and effective airspace management. 
Efficient algorithms and models developed based on neural 
networks can be a key element in security systems, as well 
as in commercial applications where unmanned vehicles 
can be used for surveillance, research and transport needs 
(Zarichuk, 2023).

It is important to note that the development and ap-
plication of neural networks for detecting and classifying 
unmanned aerial vehicles requires an individual approach 
to each case. Each type of drone may have its unique char-
acteristics, such as size, shape, speed and movement pat-
terns, which require the use of appropriate technologies 
to detect and identify them. This individual approach will 
allow for the most efficient use of resources and ensure ad-
aptation to various usage scenarios. Given the wide range 
of factors that influence the detection and classification of 
UAVs, it is important to pay sufficient attention to creating 
more accurate, fast and reliable systems to ensure effective 
airspace management.

The results of this study show the significant poten-
tial of using the YOLOv8 and MobileNetV3 algorithms in 
the detection of commercial unmanned aerial vehicles in 
various types of images. This was confirmed by the MaP@
[IoU=50%] value of 0.909 for the MobileNetV3_Large model. 
This demonstrates the high efficiency and accuracy of this 
algorithm in recognising aircraft under different conditions 
and in different types of images. At the same time, for the 
MobileNetV3_Small model, this indicator reached 0.747, 
which also indicates the possibility of its use in this area, 
given its features. The achieved aircraft detection and clas-
sification rates are high and demonstrate great potential in 
the application of these models for solving airspace surveil-
lance and security tasks. YOLOv8 along with MobileNetV3 
can be used to build comprehensive detection systems 
that provide reliable and fast real-time object recognition.

S.V. Viraktamath et al. (2021) also analysed the impact 
of various parameters of neural networks on their accuracy 
and efficiency in object recognition, showing that the cor-
rect selection of parameters can significantly improve mod-
el performance. A.M. Ghoreyshi et al. (2020) improved al-
gorithmic approaches to processing large amounts of data, 
which has increased the speed of video data processing and 
improved the accuracy of object detection. However, it is 
worth noting that this study has solved some problems that 
remained unaddressed in the above-mentioned works. In 

Figure 9. Results of correct object classification using the trained model
Source: compiled by the authors
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particular, the use of YOLOv8 and MobileNetV3 has made 
it possible to achieve significant improvements in the accu-
racy of object detection and display, which is a significant 
achievement. In addition, this study focused on the specific 
tasks of detecting unmanned aerial vehicles, which allowed 
for a deeper understanding of their specifics and needs.

When analysing the results, it is important to note the 
binary cross-entropy index, which for the MobileNetV3_
Large model was 0.216. This indicator indicates low training 
losses and high efficiency of the model in solving classifica-
tion tasks. This makes the MobileNetV3_Large model perfect 
for image processing and object detection tasks. The value of 
this indicator for the MobileNetV3_Small model, which was 
0.308, is also an important result. This indicator indicates 
lower efficiency and accuracy of the MobileNetV3_Small 
model compared to MobileNetV3_Large in classification 
tasks. Thus, the analysis of this indicator can conclude the 
efficiency and potential of each model in the context of solv-
ing specific image processing tasks. O.S. Bubryak & K.R. Po-
tapova  (2023) also conducted similar analyses and studies 
in the field of image processing, identifying and confirming 
the high efficiency of using neural network algorithms in ob-
ject detection and classification. At the same time, the study 
by S. Thakur et al. (2021) examined various aspects of using 
machine learning for image analysis and processing, which 
is also important for the development of this field. It should 
be noted that these works could complement the present 
study, contributing to a more complete understanding of 
the possibilities and limitations of using neural networks 
in the field of image processing and object classification.

The results also demonstrated the -ln(IoU) values 
for MobileNetV3_Small and MobileNetV3_Large models, 
which reflects their accuracy in detecting and localising ob-
jects in images. The -ln(IoU) values for these models were 
1.818 and 1.529, respectively. This confirms the high accu-
racy and efficiency of both models in solving object detec-
tion tasks. A high IoU score (which is equal to low -ln(IoU) 
score) indicates that the models correctly determine the 
size and position of objects in the image, making them very 
useful for applications that require accurate object local-
isation. N.N. Hasibuan et al.  (2021) determined that opti-
mising some algorithms and parameters of the YOLOv8 
and MobileNetV3 models can increase the speed of image 
and video processing, which is a significant achievement 
in this area. M.Ş.  Gündüz & G.  Işık  (2023) also added to 
the knowledge of the model’s response to different types 
of images, revealing support for a wide range of image for-
mats and sizes without significant performance loss. At the 
same time, W. Liu et al. (2022) brought new information on 
the impact of weather conditions and other factors on the 
performance of models of this series in different operating 
conditions, which expands the understanding of its operat-
ing limits and features. All the above research contributes 
to a deeper and more complete understanding of the ca-
pabilities and limitations of the YOLOv8 and MobileNetV3 
models in real-world applications, ensuring their high suit-
ability for a wide range of uses in a variety of environments.

Thus, such research using machine learning and com-
puter vision algorithms is of great importance in the over-
all technological landscape. They can be used to develop 
and design more accurate and efficient computer vision 
systems that can be used for object detection, pattern rec-
ognition, motion tracking, and other tasks. The rapid de-
velopment of unmanned aerial vehicles, video surveillance 
and monitoring systems requires continuous improvement 
in image and video processing techniques to ensure the 
highest level of safety and performance. Research in com-
puter vision and machine learning addresses these chal-
lenges by developing new algorithms and models that can 
work in real-time and reliably detect objects even in dif-
ficult conditions, improving safety, efficiency and process 
automation in various fields of activity.

CONCLUSIONS
The study results confirmed that the combination of 
YOLOv8 and MobileNetV3 algorithms has significant po-
tential in detecting commercial unmanned aerial vehicles 
in images when working on a test dataset. Preliminary 
training of these algorithms on the ImageNet dataset, 
followed by refinement and training on the SimUAV da-
taset containing 29,568 images, achieving high accuracy 
in recognising and classifying UAVs of various types and 
sizes. The results of the study demonstrated that the Mo-
bileNetV3_Large model has better accuracy than the Mo-
bileNetV3_Small. After 50 iterations, the models achieved 
MaP@[IoU=50%] of 0.909 and 0.747, respectively, indicat-
ing the high efficiency and accuracy of this algorithm in 
detecting objects on the test data.

The study also showed that the value of the binary 
cross-entropy for the MobileNetV3_Large model is 0.216, 
confirming the low level of training losses and high effi-
ciency of the model in solving classification tasks. Addi-
tionally, the study notes that the IoU for this model is 1.529, 
indicating its high accuracy in detecting and localising 
objects in images. Thus, the results obtained indicate the 
superiority of the MobileNetV3_Large model and confirm 
its potential in solving computer vision problems in the ex-
ample of commercial UAV detection. It is worth noting that 
despite the high performance of the research results, it is 
important to consider the limited availability of the data 
used, which may limit the universality of the model. In ad-
dition, pre-training a model on publicly available datasets 
such as ImageNet can lead to the transfer of the limitations 
of these datasets to the resulting model, which can affect 
its versatility and accuracy in specific applications. All of 
this should be addressed in further research and consider-
ation of applications of the model.

One of the areas for such research could be to expand 
the dataset for model training, which would enhance the 
model’s ability to detect and classify various objects. It is 
also worth considering improving the preview and filtering 
algorithms that help avoid false positives and improve mod-
el accuracy. Such research will further improve such mod-
els and facilitate their application in real-world conditions.
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Розробка алгоритму виявлення комерційних безпілотних  
літальних апаратів за допомогою методів машинного навчання

Анотація. Дане дослідження було спрямоване на тренування алгоритмів виявлення комерційних безпілотних 
літальних апаратів з використанням методів машинного навчання. Під час дослідження для виявлення безпілотних 
літальних апаратів на зображеннях та відео були використані архітектури нейронних мереж YOLOv8 та MobileNetV3. 
Використовувані моделі були попередньо натреновані на датасеті ImageNet, а потім доопрацьовані на датасеті 
SimUAV, що містив зображення безпілотних апаратів чотирьох типів (Parrot A.R. Drone 2.0; DJI Inspire I; DJI Mavic 2 
Pro; and Dji Phantom 4 Pro), різних розмірів та у восьми різних фонових локаціях. Результати даного дослідження 
підвердили, що поєднання архітектур YOLOv8 та MobileNetV3 має значний потенціал у виявленні комерційних 
безпілотних літальних апаратів на різних видах зображень. Навчені моделі продемонстрували високі показники 
в розпізнаванні та класифікації безпілотних літальних апаратів, досягаючи середньої точності виявлення (при 
пороговому значення IoU рівному 50%) на рівні 0,747 та 0,909, для моделей MobileNetV3_Small та MobileNetV3_Large, 
відповідно. Це свідчить про високу ефективність та точність моделей у виявленні об’єктів на тестових даних. Також 
результати дослідження включали в себе значення метрики бінарної перехресної ентропії, які склали відповідно 
0,308 та 0,216, вказуючи на високу точність моделей у класифікації об’єктів, та підтверджуючи високу ефективність 
та надійність цих моделей в роботі з об’єктами на тестових даних. В ході дослідження модель MobileNetV3_
Large показала більш точні результати порівняно з MobileNetV3_Small, що свідчить про її вищу ефективність у 
виявленні та класифікації літальних апаратів. Отримані результати підтверджують перспективність застосування 
методів машинного навчання в області систем моніторингу та безпеки, що дозволить надійно виявляти та 
відстежувати безпілотні літальні апарати в різних умовах. Високі показники натренерованих моделей свідчать 
про їх ефективність у реальних умовах експлуатації, що робить їх цінним інструментом для вирішення важливих 
завдань контролю та нагляду
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