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DEVELOPMENT OF AN IMAGE 

SEGMENTATION METHOD FROM 

UNMANNED AERIAL VEHICLES 

BASED ON THE PARTICLE 

SWARM OPTIMIZATION 

ALGORITHM

The object of research is the process of segmenting images from an unmanned aerial vehicle based on the particle swarm algorithm.
One of the most problematic areas in segmenting images from unmanned aerial vehicles is the reduction in the efficiency of known 

segmentation methods. In addition, most methods do not accurately recognize small objects that occupy a small part of the image.
The method of segmenting images from an unmanned aerial vehicle based on the particle swarm algorithm has been improved, 

in  which, unlike the known ones, the following is performed:
– the source image is converted to the appropriate color space;
– the channel is selected for further analysis;
– the particle swarm is initialized on the source image in each channel selected for further analysis;
– the objective function is calculated for each particle of the swarm in the image in each selected channel;
– the current value of the objective function for each particle of the swarm is compared with the best value of the objective function 

in the image in each selected channel;
– calculating the velocity value and new location for each swarm particle in the image;
– moving each swarm particle in the image in each selected channel;
– determining the swarm particles with the best value of the objective function in the image in each channel;
– combining the channels and forming the resulting image.
During the study, it was found that the segmented image by the improved method based on the particle swarm algorithm has better 

visual quality compared to the known segmentation method. It was found that the improved segmentation method based on the particle 
swarm algorithm provides an average reduction in segmentation errors of the I kind by 11% and an average reduction in segmentation 
errors of the II kind by 9%.
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1. Introduction

Over the past decade, the use of unmanned aerial vehicles (UAVs) 
for image collection has become an important component of modern 
remote sensing technologies. Due to their high resolution, flexibility 
in use, and the ability to quickly cover large areas, UAVs have been 
successfully used in agriculture, forestry, and water management, envi-
ronmental protection, emergency situations, etc. [1]. Images obtained 
using UAVs have the advantages of high spatial resolution and contain 
a large amount of detailed information about specific areas, which gives 
them an advantage over satellite and aerial photographs [2]. However, 
for the full use of images obtained from UAVs, their effective processing 
is necessary.

One of the most important stages of image processing is the stage 
of its segmentation. Segmentation consists in dividing the image into 

homogeneous areas or classes of pixels according to certain charac-
teristics. The quality of segmentation directly affects the detection of 
various objects of interest.

In  [3], the authors investigated a method for segmenting ortho-
mosaic images of plants from UAVs based on deep learning. The Real-
Enhanced Super-Resolution Generative Adversarial Network  (Real-
ESRGAN) algorithm was used to improve the quality of UAV images 
for semi-automated annotation. The results showed that the detec-
tion accuracy (mAP50 value) was 0.902 for You Only Look Once, ver-
sion  8  ( YOLOv8) and 0.920 for Mask Region-Based Convolutional 
Neural Network (R-CNN), respectively. Image restoration using Real-
ESRGAN partially improved the accuracy. It was shown that in the 
presence of several types of weeds, the accuracy generally decreased. 
Another drawback of [3] is the limited ability of the methods to gener
alize in conditions of high object variability.
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In [4], a comparative analysis of the effectiveness of the YOLOv8 
and Mask R-CNN deep learning models is presented on the example 
of image segmentation in complex conditions of agricultural gardens.  
It was found that these models are qualitative in relation to plant seg-
mentation. The disadvantage of  [4] is that both models are mainly 
focused on segmenting only plants. The quality of segmentation is 
significantly reduced when there is overlap of vegetation, variation of 
shapes or merging of plants with the background. In [5], a method for 
segmenting tree crown images based on a regional convolutional neural 
network (R-CNN) is proposed, which uses a modified UNet++ archi-
tecture with a feature compression and activation block – the Multi-
Scale Enhanced Unit (MSEU) R-CNN model. The accuracy of object 
boundary detection and segmentation by the AP50 metric is 96.6% and  
96.2%, respectively, the average detection accuracy is 73.0%, and the 
F1-measure is 69.4%, which exceeds the corresponding indicators of 
the base model by 3.4%, 2.4%, 4.9% and 3.5%. Compared with the box-
instant segmentation (BoxInst) and conditional convolutional net-
works (CondInst) models, the MSEU R-CNN model demonstrates bet-
ter segmentation accuracy and higher speed than the previous leader, 
Mask R-CNN. The disadvantage [5] is that the model has difficulty gen-
eralizing under complex or heterogeneous conditions typical of natural 
tree canopies, especially when densely planted or intersecting objects.

In  [6], typical models of weed control robots built or proposed 
in the last 30 years are reviewed, as well as several open data sets for 
weed detection tasks. Key technologies such as image preprocessing, 
image segmentation, navigation line extraction, and weed recognition 
based on machine learning or deep learning algorithms for robotic 
weed control systems are discussed. The research results showed that 
in each component of the robotic system, weed recognition and weed 
control remain numerous shortcomings that need to be addressed. 
However, due to the variability of the environment and the complex-
ity of the system, machine vision-based robots are still in the early 
stages of development. In the study [7], a new method for segmenting 
images obtained from UAVs and interpreting the fire front within the 
ignition zone is proposed. The YOLOv7-tiny model was improved by 
integrating the Convolutional Block Attention Module, which com-
bines channel and spatial attention mechanisms to improve the model’s 
focus on fire areas and improve the accuracy of image segmentation. 
Experimental results showed that the proposed method improved the 
detection and segmentation accuracy by 3.8% and 3.6%, respectively, 
compared to existing approaches. The method achieved an average 
segmentation rate of 64.72 frames/s, which is well above the minimum 
threshold of 30 frames/s required for real-time. A disadvantage of [7] 
is that the use of the simplified YOLOv7-tiny model potentially limits 
the depth of analysis of complex visual scenes with a large number of 
obstacles, smoke, or unstable lighting, which are typical of fire areas. 
In [8], a new algorithm is proposed that is capable of monitoring small 
forest areas in real time using streaming video. The proposed algo-
rithm is an improvement of the EdgeFireSmoke method and uses an 
artificial neural network in combination with a deep learning method. 
The EdgeFireSmoke++ algorithm achieved forest fire detection ac-
curacy of 95.41% and 95.49% for two different metrics on a validated 
dataset. During real-time experiments, in particular using IP cameras, 
the algorithm showed excellent results, reaching 33 frames per second. 
However, the algorithm proposed in [8] is mainly focused on monitor-
ing small forest areas, which limits its application for large-scale or 
regional monitoring, where much larger data volumes are required. 
In [9], for segmenting weed plant images in remotely sensed rice field 
images, the authors propose to use a new segmentation model called 
Coarse-to-Fine Feature Fusion Network (CTFFNet), which combines 
a convolutional neural network (CNN) and a transformer. The authors 
developed two feature extraction modules using a transformer and  
a residual CNN, which generate global semantic features and local 
visual features. The experiments demonstrate that compared to indi-

vidual CNN or Transformer models, CTFFNet achieves the best seg-
mentation accuracy when dealing with complex and variable shapes of 
plant (weed) objects, with a Mean Intersection over Union (MIoU) of 
72.8%, which significantly improves segmentation performance. The 
main drawback of [9] is the rather complex structure of the model from 
a computational point of view.

In  [10], a new method for improving the segmentation of UAV-
derived rice plant images in the field is proposed, namely Weighted 
Skip-Connection Feature Fusion (WSFF). Based on this method, a new 
model called Weakly-Supervised U-Net (WSUNet) was developed, 
which combines WSFF and the basic UNet architecture. The authors 
generated two sets of UAV-derived rice plant images. These two sets, as 
well as an additional set of cell nucleus images, were used to compare 
the performance of the UNet, WSUNet, and UNet++ models. The 
mean Intersection over Union (mIOU) and mean pixel classification 
accuracy (mPA) were used as evaluation metrics. In terms of mIOU, the 
WSUNet model outperformed UNet on all datasets, while the maxi-
mum improvement on the rice plant image set was 2.84%. The average 
inference speed of WSUNet on the processor was 2.1 times higher than 
that of UNet++. However, the limited volume and diversity of the used 
datasets, focused mainly on monoculture plants (rice), casts doubt 
on the model’s ability to generalize to other types of crops or shoot-
ing conditions, which is the main drawback [10]. In [11], the authors 
developed an image segmentation network that is capable of extract-
ing features of large-scale variations in urban ground buildings. A new 
composite transformer network was proposed for segmenting UAV im-
ages of urban buildings. The accuracy of urban building segmentation 
could be significantly improved, and large-scale variation objects were 
successfully segmented from UAV images. Experimental results dem-
onstrated the effectiveness of the developed network structure and the 
superiority of the proposed network over state-of-the-art methods. In 
particular, 53.2% mIoU was achieved on the Unmanned Aerial Vehicle 
video dataset (UAVid) and 77.6% mIoU on the Urban Drone Dataset, 
version 6 (UDD6), respectively. The main drawback of [11] is the high 
computational cost.

In [12], a method for segmenting fire images captured by UAVs is 
developed. A new benchmark for testing typical methods is Unsuper-
vised Domain Adaptation (UDA) and an efficient Colour-Mix platform 
is proposed to improve the performance of the segmentation method 
equivalent to the fully supervised level. Experimental evaluations 
demonstrate the limitations of current UDA systems and the advan-
tage of the Colour-MiX platform in handling various fire conditions. 
The Colour-MiX system is simple but effective enough to improve the 
performance of a neural network without using complex methods. 
However, the main drawback of [12] is the instability of the platform 
when changing such shooting parameters as sensor type, flight altitude 
or noise level.

Therefore, although deep learning methods provide high accuracy, 
they require significant computational resources and large volumes of 
labeled data, which limits their application in real-time conditions or 
on devices with limited computing power. Known image segmentation 
methods, such as threshold algorithms, clustering, methods based on 
contour extraction, demonstrate low efficiency in conditions of com-
plex background, non-uniform illumination or noise, typical of images 
obtained from UAVs [13–16].

In connection with the above, there is a growing interest in heuris-
tic and meta-heuristic approaches, in particular in swarm intelligence 
methods, which have proven their effectiveness in image optimization 
and processing tasks.

In [17], it was proposed to use a hybrid approach for segmenting 
images obtained from UAVs, which combines the efficiency of pixel 
clustering (k-means) with the ability of genetic algorithms to globally 
optimize parameters. The advantage of [17] is that there is no need to 
manually determine the number of clusters and cluster centers, as is 
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inherent in classical k-means, and no prior training is required, as is 
usually necessary for deep models. The disadvantage of [17] is the lack 
of consideration of spatial relationships between pixels and the lack 
of guarantees of a global optimum – the possibility of convergence to 
a local optimal solution, especially without careful parameter tuning.

To eliminate the shortcomings of the method  [17], in  [18] an im-
proved segmentation method based on a genetic algorithm was proposed, 
the main idea of which is to evolutionary "train" an operator that best 
performs segmentation of images with a complex structure. The main 
advantages, in addition to eliminating the shortcomings of the previous 
method, are that [18] can be applied to images of different nature (medi-
cal, satellite, from UAVs, etc.) without changing the basic architecture. The 
main disadvantage of [18] is the significant need for time and resources 
to achieve the optimal solution. In  [19], a segmentation method was 
proposed based on one of the swarm intelligence methods – the fire-
fly algorithm. This metaheuristic approach is inspired by the behavior 
of fireflies in nature, in particular their ability to find each other using 
light signals. Optimization occurs by moving fireflies to brighter (bet-
ter) solutions from the point of view of the selected objective function. 
The main advantages of [19] are automatic search for the best solution, 
parallel computations, and fast convergence of the algorithm. The main 
disadvantage of [19] is the possibility of getting stuck in local extrema, 
especially on complex images without additional heuristics. In [20], the 
authors proposed the use of another algorithm of swarm intelligence, 
namely a simple ant algorithm, which was inspired by the behavior of 
ants in nature during food search. Pheromone traces are used as a mecha-
nism for highlighting the most significant pixels belonging to different 
segments in the image. The advantages of [20] are the simplicity of cal-
culations, which does not require significant computing power, and the 
possibility of its implementation on simple computing devices, which is 
important for processing images obtained from UAVs. However, the main 
disadvantages [20] are the limited quality of segmentation – inferior to 
modern methods based on deep learning when processing images with 
complex scenes and sensitivity to the input parameters of the method.

Segmentation of images obtained from UAVs by known methods is 
complicated due to the features of such images [21]. These are:

–	 constant change in flight altitude;
–	 different viewing angles;
–	 change in lighting;
–	 presence of noise;
–	 complexity of the landscape.
These features lead to a decrease in the efficiency of known segmen-

tation methods that work well with other types of images. In addition, 
most methods do not accurately recognize small objects that occupy 
a small part of the image.

Analysis of known works [19, 20] showed that the use of segmenta-
tion methods based on swarm intelligence algorithms allows segmenta-
tion of images from UAVs. However, the methods proposed in [19, 20] 
have certain drawbacks and cannot be directly applied to UAV image 
segmentation.

Therefore, it is relevant to develop a method for segmenting UAV 
images based on other swarm intelligence methods.

The particle swarm algorithm was chosen as the swarm intelligence 
algorithm for developing a method for segmenting UAV images in this 
work. The choice of the particle swarm algorithm is due to the following 
properties [22, 23]:

–	 self-organization – allows for flexible adaptation to the image 
structure without the need for clearly defined rules;
–	 positive feedback – a group of agents is able to gather around 
pixels with similar characteristics, which corresponds to objects of 
interest in the image;
–	 negative feedback – this prevents excessive concentration of 
agents in certain areas, contributing to maintaining a stable segment 
structure and uniform image coverage;

–	 stochastic variability – due to random components in the be
havior of agents, the algorithm is able to avoid local minima and 
explore new, potentially better areas;
–	 information interaction between agents – the exchange of infor-
mation about the best positions found allows for rapid coordination 
of collective behavior and achieving high-quality global image seg-
mentation.
The aim of the research is to develop a method for segmenting im-

ages from an unmanned aerial vehicle based on the particle swarm 
algorithm.

2. Materials and Methods

The object of research is the process of segmenting images from an 
unmanned aerial vehicle based on the particle swarm algorithm.

The following scientific methods were used in the study:
–	 when analyzing known methods of segmenting images from 
UAVs: methods of comparative analysis, methods of digital im-
age processing, methods of neural networks, methods of artificial 
intelligence;
–	 when developing a method of segmenting images from UAVs based 
on the particle swarm algorithm: methods of digital image processing, 
methods of probability theory and mathematical statistics, methods of 
matrix theory, methods of differential calculus, methods of swarm in-
telligence, methods of optimization theory;
–	 when processing images from UAVs: methods of digital image 
processing, methods of mathematical modeling, methods of prob-
ability theory and mathematical statistics, methods of matrix theory, 
methods of differential calculus, methods of swarm intelligence, 
methods of optimization theory, methods of comparative analysis.
The following was used for the study:
–	 hardware: Dell laptop Intel® Core™ i7-8650U CPU@ 1.90 GHz;
–	 software: high-level programming language Matlab 7 with ap-
plication program package, interpreted object-oriented program-
ming language Python 3.11.

3. Results and Discussion

3.1. Formulation of the image segmentation task
In general, the image segmentation obtained from an on-board 

UAV camera can be described as a transformation [20]

f(x, y) → fs(x,y),	 (1)

where f(x, y) – the original image captured by the UAV optical system; 
fs(x, y) – the result of the original image segmentation, which contains 
the selected areas of objects of interest (segments).

Segmentation consists in transforming the pixel space of the 
original image into a feature space, where each pixel is represented by  
a set of characteristics. The main feature is brightness or color, which are 
analyzed taking into account two key properties – homogeneity (uni-
formity) and contrast (discontinuity) between neighboring areas.

Therefore, the goal of segmentation is to divide the image f(x, y) 
into a set B  =  {B1, B2, ..., Bk} of disjoint segments, i. e. [20]
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where B – the total number of segments; Bі – the area of pixels belong-
ing to one segment.

To define segments, the predicate LP(Bi) is introduced, which re-
turns a true value if and only if all pairs of pixels within the segment Bі 
satisfy the homogeneity conditions
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where M – the number of pixels within the segment Bі; d(...) – the dis-
tance function between vector features of pixels in a given color space; 
T – the threshold of similarity that determines the level of homogeneity 
within one segment.

Thus, an image segmentation from a UAV is based on finding such 
areas B and in which the local characteristics of pixels (in particular, color 
or brightness) are as similar as possible according to a given metric.

As a result of image segmentation obtained from the UAV opti-
cal system, the original image is divided into areas corresponding to 
artificial objects (in particular, objects of interest) and the natural back-
ground, which includes elements of the environment.

3.2.  The main stages of the image segmentation method from 
an unmanned aerial vehicle based on the particle swarm algorithm

The main stages of the image segmentation methods from a UAV 
based on the particle swarm algorithm are shown in Fig. 1.
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Fig. 1. The main stages of the UAV image segmentation method based  

on the particle swarm algorithm

Let’s consider in detail the stages of the UAV image segmentation 
method based on the particle swarm algorithm.

1.	 Input data input.
At this stage:
–	 an image is obtained from the UAV camera: color or grayscale. 
The output image, which is recorded by the UAV optical system,  
is f(x, y), where X(x, y) are the pixel coordinates on the plane of the 
output image;
–	 the output image f(x, y) is converted into the corresponding 
color space (for example, RGB, HSV or grayscale);
–	 information-significant channels are selected for further analy-
sis (for example, the brightness channel or their combination).

2.	 Channel selection for further analysis.
3.	 Initialization of the particle swarm on the output image f(x,  y)  

in each channel selected for further analysis.
At this stage:
–	 the number of swarm particles is determined – S. In the proposed 
method, the total number of swarm particles is equal to the total 
number of pixels of the original image;
–	 random generation for each swarm particle of the initial coordi-
nates in the image, which form the vector of its initial position at the 
first iteration

Xi₁(xi₁, yi₁),

where i = 1, 2, …, S.
4.	 Calculation of the objective function for each particle of the swarm 

in the image in each selected channel.
This stage begins the iterative process of the particle swarm algo-

rithm. The iterative process of the particle swarm algorithm is charac-
terized by high adaptability, the ability to globally search in the solution 
space, and an effective convergence control mechanism. Due to these 
properties, the algorithm is suitable for rapid and accurate processing of 
images, in particular those obtained from UAV optical sensors.

Within the iterative process, information is exchanged between 
particles by updating their velocities and positions (coordinates). Dur-
ing the update, the orientation is carried out both on the own experi-
ence of each particle (local optimum) and on the best global solution 
found among the entire swarm. This approach provides a balanced 
combination of exploitation of existing solutions and exploration of 
new areas of the space of possible solutions.

In order to find positions where pixels belong to the same object 
of interest or background class, the objective function is calculated for 
each particle of the swarm. The function of the form is chosen as an 
objective function

� j i
s
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where D ji
s � � – the function describing the length of the route of the 

s-th particle of the swarm at the j-th iteration; j – the iteration number; 
N – the size of the original image f(x, y).

The function D ji
s � � determines the total change in the position of 

the swarm particle and the corresponding change in the brightness of 
the pixels with which it interacts. At each iteration of the algorithm, the 
distance traveled by the swarm particle is taken into account, as well as 
local brightness gradients indicating a change in the intensity of pixel 
values in its immediate surroundings.

For the s-th particle of the swarm at a certain point in the image at 
the j-th iteration, the route section function is determined according 
to the expression

D j x j y j k f ji
s

i
s

i
s

i
s� � � � � � � � � � �� � � ,	 (5)

where �x ji
s � �  – the displacement magnitude of the s-th particle of the 

swarm along the x-axis at the j-th iteration; � y ji
s � �  – the displacement 

magnitude of the s-th particle of the swarm along the y-axis at the j-th itera-
tion; k – scale factor, which brings the spatial units of measurement and 
the brightness levels of pixels into line. If the brightness values are in the 
standard range [0…255], then k = 1 is assumed; � f ji

s � �  – absolute bright-
ness difference between neighboring pixels with which the s-th particle 
of the swarm interacts at the j-th iteration in the i-th pixel of the image.

The last component of expression (5) is determined through the 
brightness contrast function
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where f x y,� � – function, which returns the brightness value of the 
pixel at the corresponding point of the image.

Taking into account all the above components, the generalized ob-
jective function, which accumulates the total estimates for all particles 
of the swarm at the j-th iteration, has the form
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Function (7) allows the algorithm to assess the quality of image 
segmentation, focusing on both spatial particle movements and local 
brightness changes. Thus, swarm particles tend to move in directions 
where there is a significant change in image intensity, which indicates 
potential boundaries of objects in the interior.

5.	 Comparison of the current value of the objective function for each 
swarm particle with the best value of the objective function in the image in 
each selected channel.

At this stage of the particle swarm algorithm, the current value of 
the objective function for each particle is compared with the best value 
achieved in previous iterations, i. e., the global optimum in the popula-
tion of swarm particles is evaluated and updated. This approach allows 
identifying the most effective (globally optimal) position of the swarm 
particle in the solution space, which maximally meets the optimiza-
tion criterion. The evaluation is performed separately in each channel, 
which increases the accuracy of image segmentation.

The globally best particle position at the j-th iteration, denoted 
as X j

gbest x y,� �, is determined based on a comparison of the objective 
function values for the current and previous iterations according to the 
following expression

X
X X X

X X
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where � X� � – the value of the objective function at the corresponding 
point in the solution space; X j x y� � �1 ,  – the coordinates of the particle 
at the previous (j–1)-th iteration; X j x y,� �  – the coordinates of the 
particle at the current j-th iteration.

Thus, if the new position of the swarm particle gives a better value 
of the objective function, it is updated as a new global best vector. 
Otherwise, the previous value is preserved. This allows the algorithm 
to gradually approach the global extremum without losing the most 
promising solutions found earlier.

6.	 Calculation of the velocity value and new location for each swarm 
particle in the image.

To determine the new coordinates of each swarm particle in the 
studied image within each channel selected for analysis, its movement 
velocity is calculated. This process is implemented according to the 
following formula

v x y wv x y c r x y x yi i j j i j
gbest

i j, j , , , ,, , , ,� � � � � �� � �� � ��� �� �1 1 1 X X

�� � �� � ��� ��c r x y x yj i j
pbest

i j2 2, , ,, , ,X X 	 (9)

where w  – the inertia coefficient, which is an empirically established 
parameter. This parameter affects the change in particle velocity, control-
ling the balance between searching for new areas and preserving already 
found promising areas in the image; v x yi j, ,� � – velocity vector of the i-th 
particle of the swarm at the j-th iteration; X i j x y, ,� � – the coordinates of 
the i-th particle of the swarm at the j-th iteration; X i j

gbest x y, ,� � – the best 
position of the i-th particle within its own experience (local optimum); 
X j

gbest x y,� � – globally the best position among all particles at the j-th 
iteration; c c1 2,   – the acceleration coefficients that regulate the intensity 

of movement to the local and global extrema; r rj j1 2, ,,  – the random values 
from the interval [0,1] that ensure the stochastic nature of the algorithm.

The globally best position X j
gbest x y,� � is determined according to 

the expression

X X Xx y x y x yj
best

j J j, argmin , , ..., , ,, ,� � � � �� � � �� �� � � �1 	 (10)

where � �� � – the objective function that evaluates the quality of the 
obtained solution; J  – the total number of particles in the swarm.

Thus, the swarm optimizer algorithm adapts the position of each 
particle, taking into account its inertial characteristics, local achieve-
ments and collective experience of the swarm, which allows to effec-
tively find optimal areas in the image.

7.	 Movement for each swarm particle in the image in each selected 
channel.

At each iteration of the computational process, all swarm particles 
are moved according to the updated velocities. This movement oc-
curs separately in each selected channel. The new coordinates of each 
particle at the j-th iteration are determined as the sum of the previous 
position and the new velocity

X Xi j i j i jx y x y v x y, , ,( ) , , , .� � � � � � �� �1 	 (11)

This scheme provides dynamic adaptation to local image changes, 
allowing the swarm particles to effectively explore the space of pos-
sible solutions.

8.	 Checking the conditions for the termination of the iteration process.
The iterations are repeated until one of the termination conditions 

is met. This may be the achievement of a predetermined maximum 
number of iterations or the stabilization of the process, which is mani-
fested in the minimum increase in particle velocity – when changes in 
position become insignificant. Thus, the algorithm stops when further 
changes do not lead to a noticeable improvement in the result.

9.	 Determining the swarm particles with the best value of the objective 
function in the image in each channel.

At the final stage of the analysis of the iteration process, a search is 
performed for particles that demonstrate the best values of the objective 
function. This allows identifying the most promising coordinates in the 
image – separately for each of the analyzed channels.

10.  Dividing the images in each channel into segments.
After the optimization process is completed, the results are used 

to divide the image into separate segments in each analyzed channel. 
This approach ensures accurate localization of objects that have similar 
brightness characteristics.

11.  Combining channels and forming the resulting image.
After dividing into segments in each channel, the results are merged, 

which allows obtaining a full-fledged segmented image.
12.  Outputting the segmented image.
The result of processing is the construction of the result in the form 

of a segmented image, which contains information about the distribu-
tion of segments within the image, taking into account the characteris-
tics of each analyzed channel.

Thus, the method of segmenting an image from an unmanned aerial 
vehicle based on the particle swarm algorithm has been improved, in 
which, unlike the known ones, the following is performed:

–	 conversion of the original image into the appropriate color space;
–	 selection of the channel for further analysis;
–	 initialization of the particle swarm on the original image in each 
channel selected for further analysis;
–	 calculating the objective function for each swarm particle in the 
image in each selected channel;
–	 comparing the current objective function value for each swarm 
particle with the best objective function value in the image in each 
selected channel;



INFORMATION AND CONTROL SYSTEMS:
SYSTEMS AND CONTROL PROCESSES

93TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 3/2(83), 2025

ISSN-L 2664-9969; E-ISSN 2706-5448

–	 calculating the velocity value and new location for each swarm 
particle in the image;
–	 moving each swarm particle in the image in each selected channel;
–	 determining the swarm particles with the best objective function 
value in the image in each channel;
–	 combining the channels and forming the resulting image.

3.3. Segmentation of an image from an unmanned aerial vehicle 
based on the particle swarm algorithm

To verify the operation of the segmentation method based on the 
particle swarm algorithm, it is possible to segment an image from an 
UAV. The image (Fig. 2) [24] was selected as the source. This is an image 
from a DJI Mavic 3 Pro (DJI RC) UAV (China). The main characteris-
tics of the UAV camera: wide-angle 4/3 Complementary Metal-Oxide-
Semiconductor (CMOS) Hasselblad, 20 MP, RAW format, shooting 
speed 5.1 K/50 frames per second [25].

 
Fig. 2. Output image from UAV [24]

When performing segmentation, the following initial data and 
assumptions were made:

–	 the image from the DJI Mavic 3 Pro (DJI RC) UAV (China) is 
considered as the source;
–	 the initial image is presented in the Red-Green-Blue (RGB) 
color space;
–	 the image presents the object of interest;
–	 the size of the object of interest is smaller than the size of the back-
ground objects;
–	 the effects of noise, rotation and scaling on the original image are 
not taken into account;
–	 hardware: Dell laptop Intel® Core™ i7-8650U CPU@ 1.90 GHz;
–	 software: high-level programming language Matlab, interpreted 
object-oriented programming language Python 3.11.
The segmented image using the particle swarm algorithm is shown 

in Fig. 3.
In Fig. 3, the number of clusters for segmentation is 8. For clarity, 

different clusters are marked with different pseudocolors.
Analysis of Fig. 3 allows to draw a conclusion about the efficiency 

of the segmentation method based on the particle swarm algorithm.
For comparison, Fig. 4 shows an image segmented by the known 

k-means method [17, 26]. The number of clusters is also 8.
A comparative analysis of Fig. 3 and Fig. 4 indicates a better visual 

quality of the segmented image by the method based on the particle 
swarm algorithm. For example, it is possible to study the structure of 
the road surface, the features of a passenger car and a trailer, etc.

To quantitatively assess the quality of image segmentation by the 
known and improved method, it is possible to use segmentation errors 
of the I and II kinds [19]. Segmentation errors of the I (α1) and II (β2) 
kinds are calculated by expressions (12), (13) respectively [19]:

�1
1

2

�
� �� �
� �� �

S fs

S f

X

X
,	 (12)

�2
3

4

1� �
� �� �
� �� �

S fs

S f

X

X
,	 (13)

where S1(fs(X)) – the background plane that is mistakenly attributed 
to the objects of interest in the segmented image fs(X); S2(f(X)) – 
the background plane of the original image f(X); S3(fs(X)) – the 
plane of correctly segmented objects of interest in the segmented 
image  fs(X); S4(f(X)) – the plane of objects of interest in the original 
image f(X).

 
Fig. 3. Segmented image by the method based on the particle  

swarm algorithm

 
Fig. 4. Segmented image by the known k-means method

The results of calculating the segmentation errors of the first (α1) 
and second (β2) types are given in Table 1 and Table 2. In this case, 
taking into account the iterative nature of the particle swarm al-
gorithm, the process of segmenting the original image was carried 
out 5 times. The estimation of segmentation errors of the first (α1) and 
second (β2) types was calculated for the known method (k-means) 
and the improved method based on the particle swarm algorithm.  
At the same time, segmentation errors of the I (α1) (Table  1) and 
II (β2) kind (Table 2) are constant and do not depend on the number 
of segmentation processes.

From the analysis of Table 1 and Table 2, it was found that the im-
proved segmentation method based on the particle swarm algorithm 
provides a reduction in segmentation errors of the I kind by an average 
of 11% and a reduction in segmentation errors of the II kind by an 
average of 9%.
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Table 1

Results of calculation of segmentation errors of the I (α1) kind

Segmentation method name

Segmentation error  

of the I kind (α1), %

Image segmentation process number

1 2 3 4 5

Well-known k-means method (k = 8) 29.8 29.8 29.8 29.8 29.8

Improved segmentation method 

based on particle swarm algorithm
18.9 19.1 19.0 18.8 18.7

Table 2

Results of calculation of segmentation errors of the II (β2) kind

Segmentation method name

Segmentation error  

of the I kind (α1), %

Image segmentation process number

1 2 3 4 5

Well-known k-means method (k = 8) 27.7 27.7 27.7 27.7 27.7

Improved segmentation method 

based on particle swarm algorithm
19.3 19.7 19.1 19.6 19.5

Practical significance. The practical significance of the improved 
segmentation method based on the particle swarm algorithm lies in the 
possibility of performing image segmentation from a UAV. At the same 
time, the visual quality of the segmented image is better compared to 
known methods.

Research limitations. The following limitations were adopted dur-
ing the research:

–	 an optoelectronic image from a UAV is considered;
–	 the influence of distorting factors is not considered;
–	 the number of segments in the work is not optimized, but is se-
lected experimentally;
–	 the k-means method is selected as the known one.
Prospects for further research. Prospects for further research are:
–	 conducting a quantitative comparison of the developed image 
segmentation method with other known segmentation methods;
–	 study of the operation of the segmentation method under the in-
fluence of distorting factors.

4. Conclusions

Thus, the method of segmenting an image from an unmanned aerial 
vehicle based on the particle swarm algorithm has been improved, in 
which, unlike the known ones, the following is performed:

–	 conversion of the original image into the corresponding color space;
–	 selection of a channel for further analysis;
–	 initialization of a particle swarm in the original image in each chan-
nel selected for further analysis;
–	 calculation of the objective function for each swarm particle in 
the image in each selected channel;
–	 comparison of the current objective function value for each swarm 
particle with the best objective function value in the image in each se-
lected channel;
–	 calculation of the velocity value and new location for each swarm 
particle in the image;
–	 movement of each swarm particle in the image in each selected 
channel;
–	 determination of swarm particles with the best objective function 
value in the image in each channel;
–	 combination of channels and formation of the resulting image.
During the research, it was found that the segmented image by the 

improved method based on the particle swarm algorithm has better 
visual quality compared to the known segmentation method.

The research results will be useful in conducting practical segmen-
tation of images from UAVs for various purposes.

Conflict of interest

The authors declare that they have no conflict of interest regarding 
this research, including financial, personal, authorship or other, which 
could affect the research and its results presented in this article.

Financing

The research was conducted with the grant support of the National 
Research Foundation of Ukraine within the framework of the compe-
tition "Science for Strengthening the Defense Capability of Ukraine", 
"Information Technology for Segmenting Object Images in FPV Drone 
Targeting Systems Based on Swarm Intelligence Algorithms" project, 
registration number 2023.04/0153.

Data availability

Data will be provided upon reasonable request.

Use of artificial intelligence

The authors confirm that they did not use artificial intelligence 
technologies when creating the presented work.

References

1.	 Drones Vs. Satellites for the Agri-Sector Use (2025). Earth Observing System. 
Available at: https://eos.com/blog/drones-vs-satellites/

2.	 Ruwaimana, M., Satyanarayana, B., Otero, V., M. Muslim, A., Syafiq A., M., 
Ibrahim, S. et al. (2018). The advantages of using drones over space-borne 
imagery in the mapping of mangrove forests. PLOS ONE, 13 (7), e0200288. 
https://doi.org/10.1371/journal.pone.0200288

3.	 Lu, C., Gehring, K ., Kopfinger, S., Bernhardt, H., Beck, M., Walther, S. et al. 
(2025). Weed instance segmentation from UAV Orthomosaic Images based 
on Deep Learning. Smart Agricultural Technology, 11, 100966. https://doi.
org/10.1016/j.atech.2025.100966

4.	 Sapkota, R ., Ahmed, D., Karkee, M. (2024). Comparing YOLOv8 and Mask 
R-CNN for instance segmentation in complex orchard environments. Artificial 
Intelligence in Agriculture, 13, 84–99. https://doi.org/10.1016/j.aiia.2024.07.001

5.	 Cong, P., Zhou, J., Li, S., Lv, K., Feng, H. (2022). Citrus Tree Crown Segmenta-
tion of Orchard Spraying Robot Based on RGB-D Image and Improved Mask 
R-CNN. Applied Sciences, 13 (1), 164. https://doi.org/10.3390/app13010164

6.	 Li, Y., Guo, Z., Shuang, F., Zhang, M., Li, X . (2022). Key technologies of machine 
vision for weeding robots: A review and benchmark. Computers and Electron-
ics in Agriculture, 196, 106880. https://doi.org/10.1016/j.compag.2022.106880

7.	 Li, J., Wan, J., Sun, L., Hu, T., Li, X ., Zheng, H. (2025). Intelligent segmenta-
tion of wildfire region and interpretation of fire front in visible light images 
from the viewpoint of an unmanned aerial vehicle (UAV ). ISPRS Journal of 
Photogrammetry and Remote Sensing, 220, 473–489. https://doi.org/10.1016/ 
j.isprsjprs.2024.12.025

8.	 Almeida, J. S., Jagatheesaperumal, S. K., Nogueira, F. G., de Albuquerque, V. H. C. 
(2023). EdgeFireSmoke++: A novel lightweight algorithm for real-time forest 
fire detection and visualization using internet of things-human machine inter-
face. Expert Systems with Applications, 221, 119747. https://doi.org/10.1016/ 
j.eswa.2023.119747

9.	 Guo, Z., Cai, D., Jin, Z., Xu, T., Yu, F. (2025). Research on unmanned aerial 
vehicle (UAV) rice field weed sensing image segmentation method based on 
CNN-transformer. Computers and Electronics in Agriculture, 229, 109719. 
https://doi.org/10.1016/j.compag.2024.109719

10.	 Xiao, L., Pan, Z., Du, X ., Chen, W., Qu, W., Bai, Y., Xu, T. (2023). Weighted 
skip-connection feature fusion: A method for augmenting UAV oriented rice 
panicle image segmentation. Computers and Electronics in Agriculture, 207, 
107754. https://doi.org/10.1016/j.compag.2023.107754

11.	 Yi, S., Liu, X ., Li, J., Chen, L. (2023). UAVformer: A Composite Transformer 
Network for Urban Scene Segmentation of UAV Images. Pattern Recognition, 
133, 109019. https://doi.org/10.1016/j.patcog.2022.109019

12.	 Zhou, R., Tjahjadi, T. (2024). Colour guided ground-to-UAV fire segmenta-
tion. ISPRS Open Journal of Photogrammetry and Remote Sensing, 14, 100076. 
https://doi.org/10.1016/j.ophoto.2024.100076



INFORMATION AND CONTROL SYSTEMS:
SYSTEMS AND CONTROL PROCESSES

95TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 3/2(83), 2025

ISSN-L 2664-9969; E-ISSN 2706-5448

13.	 Gonzalez, R., Woods, R. (2017). Digital Image Processing. Prentice Hall, Upper 
Saddle Rever, 1192.

14.	 Richards, J. A. (2013). Remote Sensing Digital Image Analysis. Springer Berlin 
Heidelberg. https://doi.org/10.1007/978-3-642-30062-2

15.	 Barabash, O., Kyrianov, A . (2023). Development of control laws of un-
manned aerial vehicles for performing group flight at the straight-line hori-
zontal flight stage. Advanced Information Systems, 7 (4), 13–20. https://doi.
org/10.20998/2522-9052.2023.4.02

16.	 Mukhin, V., Zavgorodnii, V., Barabash, O., Mykolaichuk, R ., Kornaga, Y., 
Zavgorodnya, A., Statkevych, V. (2020). Method of Restoring Parameters of 
Information Objects in a Unified Information Space Based on Computer Net-
works. International Journal of Computer Network and Information Security, 
12 (2), 11–21. https://doi.org/10.5815/ijcnis.2020.02.02

17.	 Ruban, I., Khudov, H., Makoveichuk, O., Khudov, V., Kalimulin, T., Gluk-
hov, S. et al. (2022). Methods of UAVs images segmentation based on k-means 
and a genetic algorithm. Eastern-European Journal of Enterprise Technologies, 
4 (9 (118)), 30–40. https://doi.org/10.15587/1729-4061.2022.263387

18.	 Khudov, H., Makoveichuk, O., Kalimulin, T., Khudov, V., Shamrai, N. (2024). 
The method for approximating the edge detection convolutional operator using 
a genetic algorithm for segmentation of complex-structured images. Advanced 
Information Systems, 8 (4), 5–12. https://doi.org/10.20998/2522-9052.2024.4.01

19.	 Khudov, H., Khizhnyak, I., Glukhov, S., Shamrai, N., Pavlii, V. (2024). The method 
for objects detection on satellite imagery based on the firefly algorithm. Advanced 
Information Systems, 8 (1), 5–11. https://doi.org/10.20998/2522-9052.2024.1.01

20.	 Khudov, H., Hridasov, I., Khizhnyak, I., Yuzova, I., Solomonenko, Y. (2024). 
Segmentation of image from a first-person-view unmanned aerial vehicle 
based on a simple ant algorithm. Eastern-European Journal of Enterprise Tech-
nologies, 4 (9 (130)), 44–55. https://doi.org/10.15587/1729-4061.2024.310372

21.	 Park, G., Park, K., Song, B., Lee, H. (2022). Analyzing Impact of Types of UAV-
Derived Images on the Object-Based Classification of Land Cover in an Ur-
ban Area. Drones, 6 (3), 71. https://doi.org/10.3390/drones6030071

22.	 Khudov, H., Makoveichuk, O., Khizhnyak, I., Oleksenko, O., Khazhanets, Y., 
Solomonenko, Y. et al. (2022). Devising a method for segmenting complex 
structured images acquired from space observation systems based on the par-
ticle swarm algorithm. Eastern-European Journal of Enterprise Technologies,  
2 (9 (116)), 6–13. https://doi.org/10.15587/1729-4061.2022.255203

23.	 Cheng, Q., Zhang, Z., Du, Y., Li, Y. (2024). Research on Particle Swarm Opti-
mization-Based UAV Path Planning Technology in Urban Airspace. Drones,  
8 (12), 701. https://doi.org/10.3390/drones8120701

24.	 Bezkoshtovni resursy BPLA (2025). Available at: https://portalgis.pro/bpla/
bezkoshtovni-resursy-bpla

25.	 DJI Mavic 3 Pro Fly More Combo (DJI RC) (2025). Available at: https://
dronestore.com.ua/shop/dji-mavic-3-pro-fly-more-combo/?srsltid=AfmBO
orUTmaMaLIS4m8OHfw5R6pjOS6JU8vV7sfvJTF4yMnEArSQ-o4q

26.	 Madushan, D. (2017). Introduction to K-means Clustering. Available at: https://
medium.com/@dilekamadushan/introduction-to-k-means-clustering-
7c0ebc997e00

*Hennadii Khudov, Doctor of Technical Sciences, Professor, Head of Department 
of Radar Troops Tactic, Ivan Kozhedub Kharkiv National Air Force University, 
Kharkiv, Ukraine, e-mail: 2345kh_hg@ukr.net, ORCID: https://orcid.org/0000-
0002-3311-2848

Vladyslav Khudov, PhD, Junior Researcher, Department of Information Technol-
ogy Security, Kharkiv National University of Radio Electronics, Kharkiv, Ukraine, 
ORCID: https://orcid.org/0000-0002-9863-4743

Oleksandr Makoveichuk, Doctor of Technical Sciences, Associate Professor, Depart-
ment of Computer Sciences and Software Engineering, Higer Educational Institution 
Academician Yuriy Bugay International Scientific and Technical University, Kyiv, 
Ukraine, ORCID: https://orcid.org/0000-0003-4425-016X

Irina Khizhnyak, Scientific and Methodological Department for Quality Assur-
ance in Educational Activities and Higher Education, Ivan Kozhedub Kharkiv 
National Air Force University, Kharkiv, Ukraine, ORCID: https://orcid.org/0000-
0003-3431-7631

Illia Hridasov, Leading Researcher, Scientific and Methodical Department, Ivan 
Kozhedub Kharkiv National Air Force University, Kharkiv, Ukraine, ORCID: https://
orcid.org/0000-0001-5689-0311

Ihor Butko, Doctor of Technical Sciences, Professor, Department of Computer 
Sciences and Software Engineering, Higer Educational Institution Academician 
Yuriy Bugay International Scientific and Technical University, Kyiv, Ukraine, 
ORCID: https://orcid.org/0000-0002-2859-0351

Rostyslav Khudov, Department of Theoretical and Applied Informatics, V N. Kara-
zin Kharkiv National University, Kharkiv, Ukraine, ORCID: https://orcid.org/0000-
0002-6209-209X

Sergey Glukhov, Doctor of Technical Sciences, Professor, Department of Military 
and Technical Training, Military Institute of National Taras Shevchenko University 
of Kyiv, Kyiv, Ukraine, ORCID: https://orcid.org/0000-0002-4918-3739

Nazar Shamrai, Head of Department of Military Technical and Information Re-
search, Military Institute of National Taras Shevchenko University of Kyiv, Kyiv, 
Ukraine, ORCID: https://orcid.org/0000-0001-8387-3277

Bohdan Lisohorskyi, PhD, Senior Researcher, Department of Radar Troops Tactic, Ivan 
Kozhedub Kharkiv National Air Force University, Kharkiv, Ukraine, ORCID: https://
orcid.org/0000-0001-5345-0345

*Corresponding аuthor


