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FEATURES OF USING SWARM INTELLIGENCE ALGORITHMS
FOR DRONE ROUTE OPTIMIZATION

This paper investigates the use of swarm algorithms for optimising delivery routes using Unmanned Vehicles (UVs) as an effecti-
ve alternative to traditional algorithms. Classical path planning algorithms such as Dijkstra's algorithm, A* or APF (Artificial Poten-
tial Field) can struggle in real-world environments due to the ability to fall into local minima, or due to increased computational
complexity in cases with multiple obstacles. To avoid these limitations, the research focuses on path-planning methods through
swarm algorithms, many of which are inspired by animal biological behaviour. The article considers the features of operation and
suitability for use in dynamic conditions of such algorithms as Particle Swarm Optimisation (PSO), Artificial Bee Colony (ABC),
Cuckoo Search Algorithm (CSA) and Sparrow Search Algorithm (SSA). The study showed that there is no one universal algorithm
for all types of environments. All algorithms demonstrate high performance when used under the best conditions. An algorithm's ef-
fectiveness depends on considering weaknesses and strengths when planning a task. It was found that PSO shows fast convergence
even when using a large number of agents, which makes it suitable for route planning in swarm systems. Instead, the extensibility of
the ABC algorithm and its ease of computational complexity allows for the efficient distribution of tasks among agents in large
swarm systems. The CSA allows for the best local planning, which, in combination with other algorithms, allows for the best results
in the balance between global and local route planning. SSA achieves fast convergence at the cost of computational resources, while
ensuring execution in a dynamic environment. The results of the study show that the best algorithms for dynamic environments are
those that combine local and global search capabilities, such as PSO modifications. The study emphasises the role of swarm intelli-
gence algorithms in improving UAVs' performance by providing robust, efficient and scalable delivery routes. Future research could
concentrate on exploring new hybrid algorithm models that combine swarm intelligence algorithms with machine learning technolo-
gies to improve algorithm outcomes in dynamic environments. In order to enhance the algorithms and analyse their limitations,
further testing of the algorithms in complex environments with a large number of interferences is important to make further improve-
ments to the algorithms.

Keywords: Particle Swarm Optimisation (PSO); Artificial Bee Colony (ABC); Cuckoo Search Algorithm (CSA); Sparrow Se-
arch Algorithm (SSA).

be divided into classical and swarm algorithms. The classi-
cal algorithms include the Dijkstra algorithm, which can be
applied to drone control. However, the disadvantage of this

Introduction / Bctyn
Since the beginning of the 21st century, the role of dro-

nes, also called UAVs (unmanned aerial vehicles), has
increased significantly. Their use, both in crisis situations,
such as military operations and in everyday life, for agricul-
ture and delivery of various products in modern cities, has
developed massively. The majority of tasks related to the
delivery of goods or other types of cargo by drones are us-
ually solved by the TSP (Travel Salesman Problem). For
route planning, most algorithms that solve this problem can
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algorithm is its high computational complexity and low ef-
ficiency due to the constant search for path nodes; instead,
the A* or APF (Artificial potential field) algorithm can be
used. The A* algorithm and its analogues, such as the Theta
Algorithm and the Lazy Theta Algorithm, can be used to
control drones in a 3D environment. However, this algo-
rithm relies on heuristic grid values around the current way-
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point, so it and its analogues are not able to solve problems
when there are several optimal solutions. As for the APF al-
gorithm, working with it has its limitations. Although it
proves to be quite effective, it has such disadvantages as lo-
cal minima and GNRON (Goal Non-Reachable with
Obstacles Nearby, in the case of many obstacles, zones are
formed where the force of attraction and repulsion are equal
to each other, which causes the UAV to stay in one place),
and work with dynamic obstacles. Instead, swarm algo-
rithms can be used to solve TSPs. They can be used to opti-
mise delivery routes both in logistics when modelling deli-
very routes and during delivery itself to effectively avoid
obstacles encountered along the routes. The main advantage
of swarm algorithms is their decentralisation, although stan-
dard versions were developed for static conditions, their
modifications have better adaptability to work in dynamic
conditions.

Object of research — the adaption of swarm algorithms
to optimize the drone delivery route.

Subject of research — methods and means of determi-
ning drone delivery routes to the destination, which will al-
low for planning near-optimal safe routes.

The purpose of the research — determine the efficiency,
advantages, and limitations of various swarm intelligence
algorithms for UAV route optimisation, which will lead to
increased stability and reducing computational time.

To achieve this purpose, the following main research
objectives are identified:

e analyse the principles of operation of PSO, ABC, CSA, and
SSA to reveal how they handle route planning in UAV
systems

e investigate each algorithm's effectiveness in static and dyna-
mic environments, which will enable identification of rele-
vant strengths and weaknesses;

e investigate the possibility of improving the algorithm by mo-
difying it, which will lead to increased stability and reducing
computational time.

Analysis of recent research and publications. One of
the main problems with using drones is their limited paylo-
ad capacity. Therefore, the use of standard swarm algo-
rithms has its specifics.

Authors in the article [3] analysed the use of the ant co-
lony algorithm (ACO-DTSP) to optimise UAV swarm rou-
tes. The study tested the ACO-DTSP algorithm and its ad-
vantages over the Christofides, K-Opt, and Lin-Kernighan
heuristic methods, showing significant improvements in ti-
me efficiency. The algorithm demonstrated a 20 % impro-
vement in the task execution time relative to the entire se-
arch method for a small number of points. This algorithm
also copes better with node load variability, making it better
in real-world condition.

The paper [12] analysed swarm algorithms such as
DQN-SISA and classical algorithms such as ACO, PSO,
WOA, and GSO. A feature of the DQN-SISA algorithm is
the combination of the Q-learning algorithm, which invol-
ves reinforcement learning, and classical swarm algorithms.
Digital maps of the area with a size of 100 km x 100 km x
300 m were used to model the real field. As a result, DQN-
SISA efficiently planned the route of drones, even in dyna-
mic environments, and in various tests, surpassed all classi-
cal algorithms, demonstrating the prospect of combining
deep machine learning algorithms with swarm algorithms.
The field of application of unmanned aerial vehicles is vast,
and one of the best areas of drone application is in places
that are dangerous to human life and health.

The study [1] analysed the performance of swarm algo-
rithms in hazardous waste collection using the MWMTT
heuristic and its improved version IMWMTT to generate a
set of routes. To measure the effectiveness of the algo-
rithms, tests were conducted on a dataset that included pa-
rameters such as the weight of waste collected from each
collection site, the maximal flight time of the UAV, and the
battery recharge duration of the UAV. The combined
approach showed the best results in minimising the delivery
time, demonstrating an improvement in the objective
function values of more than 30 %.

In paper [2], the authors introduced the Greedy Best
(GB) and Dual Path (DP) algorithms. The GB algorithm
maximizes coverage by expanding paths based on minimal
costs, offering superior performance in coverage and execu-
tion time. The DP algorithm constructs forward-return
paths concurrently, ensuring UAVs remain closer to the so-
urce during low battery levels. Both methods optimize rou-
tes dynamically without increasing computational comple-
xity, making them suitable for real-time applications.

In paper [7], the use of swarm algorithms for environ-
mental underwater monitoring was investigated since clas-
sical algorithms do not take into account the underwater en-
vironment, the Improved Artificial Jellyfish Search Algo-
rithm was used. As a result of the experiments in a simula-
ted environment with artificial ocean currents, the stability
and efficiency of the swarm algorithm were shown, and its
undeniable advantage over classical algorithms such as
Dijkstra's algorithm and A* was demonstrated.

Algorithms of swarm intelligence demonstrate high
adaptability in route planning for unmanned vehicles. Revi-
ew [13], covers swarm algorithms such as particle swarm
optimisation (PSO) and ant colony optimisation (ACO) due
to their stability compared to traditional heuristic methods.

Recent studies have further advanced the efficiency of
path planning using swarm intelligence algorithms. In the
study [25] the authors introduce a PSO-based motion plan-
ning pipeline adapted for use in autonomous vehicles. The
resulting algorithm provides modular, flexible and fast path
planning, ensuring efficient trajectory planning in diverse
scenarios. The robustness of the new algorithm has been
validated using real-world simulation in everyday traffic
conditions.

These studies reveal the diversity of swarm and hybrid
algorithms for route planning, although they leave the need
for a comprehensive analysis and comparison of various
swarm intelligence algorithms in order to evaluate the opti-
mality of each route planning algorithm's usage in different
scenarios.

Materials and methods of research. In this study, se-
veral modern swarm intelligence algorithms were used to
optimize the delivery routes of unmanned aerial vehicles
(UAVs). The algorithms analysed included Particle Swarm
Optimisation (PSO), Artificial Bee Colony (ABC), Cuckoo
Search Algorithm (CSA) and Sparrow Search Algorithm
(SSA), methods for evaluating efficiency of provided algo-
rithms in path optimization task.

Research results and their discussion /
Pe3ysibTaTH J0C/IiPKEHHS Ta iX 06rOBOpPEHHA

PSO (Particle Swarm Optimization) algorithm works by
optimising initial solutions so-called particles, to find the
best solution of the system, which is called global best [24].
Each particle adjusts its movement in space, considering
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global and personal best with random values, evaluating the
newly obtained result, thus improving either the personal
best result or the global best result. Algorithms rPSO (Ran-
king-based PSO) and apfrPSO can be applied to improve
the performance. The rPSO works by modifying the partic-
le's inertia, which leads to better solutions, improved se-
archability, and improved performance at the initial and fi-
nal stages, by focusing on more promising particles [26].
Algorithm apfrPSO uses the principle of potential fields
where certain fields repel, and others attract the drone. Ho-
wever, this method can give negative results in the case of
local minima, when the repulsive and attractive forces are
equal to each other. The use of PSO in UVs gives better re-
sults than standard algorithms such as DAFSA (an algo-
rithm based on the Dijkstra algorithm) [24] and D* Lite
[26] when tested in simulated environments. The algorithm
also proves to be extremely effective when operating mul-
tiple drones, with 20 drones saving more than 5 times the
memory. When performing a search task, the use of this al-
gorithm becomes appropriate only when using a more sig-
nificant number of drones, since for 4 drones, it is more ef-
ficient to use standard search algorithms. One of the advan-
tages of the algorithm is its speed: if GA (Genetic Algo-
rithm) requires 50-100 iterations to achieve the optimal re-
sult, PSO allows to achieve the same in 20-40 iterations and
also reduces the route planning time by up to 20 % compa-
red to traditional ACO. However, like similar algorithms,
PSO is sensitive to initial parameters and tends to converge
prematurely, especially in large and complex environments.
The algorithm also proves unreliable in dynamic environ-
ments, in conditions of constant route re-planning, incre-
asing the number of collisions [15].

ABC (Artificial bee colony) — models the social hi-
erarchy of a bee colony. In a colony, bees are divided into
three groups: workers, observers and scouts. Each worker
bee is assigned to a single food source, indicating a possible
solution. Thus, the number of bees is equal to the number of
simultaneous possible solutions. Initially, food sources are
randomly distributed, and then worker bees optimise soluti-
ons by choosing random partners so that the new solution is
different from the previous one. At each iteration, the new
sources are evaluated using an objective function. Observer
bees choose sources based on the probability, which is cal-
culated as the ratio of the value of the food source to the to-
tal sum of the values of all solutions. If, when trying to
improve a solution, the bee cannot change it within a certa-
in set number of iterations, the food source becomes aban-
doned and the bee becomes a scout to explore new soluti-
ons [9]. In the tests, the algorithm proves to be slightly fas-
ter than PSO, significantly increasing the difference in re-
sults when using multiple UAVs. To organise a flight of
6 UAVs, ABC requires 80 seconds of working time, while
PSO requires 112 seconds, but when using a single UAV,
the difference is minimal, which can be explained by an er-
ror in the PSO parameter setting [17]. The algorithm requi-
res information about the positions of all UAVs to work ef-
fectively, which may limit its use in conditions of limited
communication, also algorithm's performance in dynamic
conditions could be improved. One of the peculiarities of
the algorithm is its inability to remember the previous best
solutions, which does not allow it to use historical data for
further optimisation. For similar conditions, ABC optimises
up to 0.123 kilometres of the route, while PSO shows
0.167. The algorithm also allows for quick, close-to-opti-

mal solution finding, which is needed when computing po-
wer is limited. The algorithm shows itself to be slower in
stabilising the optimal path. In the case of similar conditi-
ons, ABC stabilised in 10 iterations, while PSO stabilised in
only 3 [4].

CSA (Cuckoo Search Algorithm) inspired by the beha-
vior of cuckoo birds. Cuckoos lay their eggs in the nests of
other species to breed, and if the owner of the nest disco-
vers that the egg is not their own, the eggs are either rejec-
ted or the host bird leaves the nest. This process is modelled
by using Levy flights, a random process with steps distribu-
ted according to a stable Levy distribution. The algorithm
uses the principle that each cuckoo lays one egg in a ran-
domly selected nest. The best nests, with the best eggs (so-
lutions), are used to improve further results of the algo-
rithm. The nests can recognise and eject other people's eggs
with a certain probability, thus creating new nests in diffe-
rent locations. Levy flights generate new solutions that rep-
lace the old ones in a randomised improvement of the re-
sults. Due to the dynamic replacement of nests, the process
is repeated and allows you to choose the globally best solu-
tion [6]. Algorithm is effective in local search and takes
20 % less CPU time than PSO [5]. Also, CSA requires few
parameters changes to adapt to different conditions, which
makes it fast to set up. Combining this algorithm with PSO
allows CSA to achieve an improvement in global search
while maintaining the advantage of CSA's local search. The
standard CSA algorithm uses a random nest-leaving met-
hod, leading to the accidental loss of the results. Using tour-
nament to determine the worst and best nests, could impro-
ve the local search capability of the algorithm and prevent it
from falling into local minima [19]. Another optimisation
option involves reducing the random factor of Lévy flight,
by introduction of a step control. This modification controls
the search depth, achieving faster convergence compared to
the standard algorithm and improving the algorithm in the
later stages of the search. Such an algorithm allows for the
smooth acceleration and deceleration of UAV, simulating
behaviour close to the real world [21].

SSA (Sparrow Search Algorithm) is inspired by the be-
haviour of flocks of sparrows, which have two roles: produ-
cers and scroungers. The task of the producers is to find fo-
od sources (possible solutions), while avoiding danger by
changing their trajectory when a threat is detected. This be-
haviour improves local minimum avoidance. Scroungers,
on the other hand, follow the producers and help to improve
the solutions already found, without actively searching for
new solutions. When the algorithm works, each position of
the sparrow is a potential solution that can be improved in
further iterations. By balancing the number of producers
and scroungers, local and global searches can be adjusted
[23]. The standard algorithm may have some problems with
converging to the optimal solution due to the random beha-
viour of the algorithm [22]. Also, the complexity of para-
meter settings can lead to incorrect algorithm application,
reducing its effectiveness. Using this algorithm in UAVs
can significantly improve performance and reduce flight
planning time compared to PSO, planning efficient and safe
routes in 3D environments [8]. Modification of SSA with
chaotic distribution of the population in the initial stages,
improved adaptive inertia weight, and the use of Cauchy-
Gaussian mutation to overcome local stagnation allows to
improve the results of the standard algorithm by 15-20 %,
showing the best performance in path length optimization.
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However, it shows 50 % longer computation time compared
to PSO and 36 % longer than ABC [10].

Each algorithm analyzed has its strengths and draw-
backs, that affect the efficiency of its usage across different
environments. To identify the most suitable algorithm for a
specific task, their performance was evaluated based on
9 key criteria in value from 1 to 10. The following diagram
illustrate the performance of algorithms in each criterion.
Figure demonstrates a comparative performance of these al-
gorithms across nine key criteria, including convergence
speed, computational complexity, scalability, and suitability
for 3D path planning. The figure was made using research
findings from multiple scientific sources, namely [4, 6, 9,
11, 16, 18, 19, 22, 24, 25].

Convergence Speed

Adaptabijlity Avoiddocal Minima

Stability

3D Path Plgnning

Performance Complexity
Figure. Performance of algorithms across metrics / [IpoxyxTus-
HICTh aJIrOPUTMIB 3a MeTpuUKamu [25]

Particle Swarm Optimization (PSO) has a fast conver-
gence rate, but is also capable of premature convergence,
which affects the efficiency of the algorithm's results, espe-
cially in complex environments. The need to configure
many parameters, this feature allows you to fine-tune the
algorithm to perform a specific task, while increasing the
complexity of the application. Its use in 3D environments is
difficult, and the algorithm becomes less efficient, especi-
ally when there are a large number of obstacles.

Artificial Bee Colony (ABC) allows for efficient con-
vergence, especially in the presence of multiple UAVs, out-
performing PSO in that case. Due to the lack of the ability
to obtain previous best positions, the algorithm has diffi-
culty avoiding local minima, which makes it less effective
in dynamic environments. The algorithm scales well to
multiple agents, but its tuning can be challenging. The sta-
bility of the ABC is slower than PSO because of slower sta-
bilization speed. Due to its adaptability, the algorithm can
be effectively applied to swarm systems.

Cuckoo Search Algorithm (CSA) shows efficient con-
vergence, especially in local search. CSA has a good ability
to avoid local minima, especially if it is integrated with ot-
her algorithms. Its fairly average computational complexity
and small number of parameters makes it a balanced choice
between simplicity and computational complexity.

Sparrow Search Algorithm (SSA) has high convergence
speed and, a high ability to avoid local minima in cost of
higher computation complexity, which makes its scalability
more difficult, compared to more traditional swarm algo-

rithms. Also, tuning its parameters to show the best perfor-
mance in the specific scenario can create a challenge for its
fast set-up. SSA allows for application in dynamic environ-
ments and 3D environments, generating efficient and safe
routes. For better understanding weak and strong sides of
each algorithm each metric was displayed in table (Table).

Table. Comparison of the performance of PSO, ABC, CSA and
SSA algorithms / [TopiBusiHHST e)eKTUBHOCTI pOOOTH aIrOPUTMIB
PSO, ABC, CSA ta SSA

Metric PSO | ABC | CSA | SSA
Convergence Speed High | High |Medium| High
Avoid Local Minima Low |Medium| High | High
Computational Complexity |Medium| Low Low [Medium
Scalability High | High | Low |[Medium
5 fg‘m"ter Tuning Comple- |y roqiim| High | Low | High
Dynamic Performance Medium |Medium| High | High
3D Path Planning Medium |[Medium|Medium| High
Stability Medium |[Medium| Low [Medium
Adaptability Medium| High |Medium| High

As a result, the use of PSO, ABC and SSA is the most
versatile choice for UAV systems. PSO is more effective in
large, static environments, where ABC allows for the use
and coordination of a multi-drone system. SSA, on the ot-
her hand, allows for rapid re-routing in response to threats,
making it effective in dynamic environments.

Discussion of research results. The results obtained
can be compared with studies that focus on the effective-
ness of various algorithms in the route planning task, for
example, in work [20] analysed the PSO, FA, ACO algo-
rithms with other algorithms. As a result, the capabilities of
the algorithms were determined. The advantage of local
planning algorithms, such as PSO, FA, ACO and others,
compared to the global approach, was noted due to the abi-
lity to dynamically respond to changes in the environment
and reduce computational complexity. Still, the combination
of such approaches allows one to achieve the best results.

In the study [16], the authors compared swarm algo-
rithms with each other to solve the Travel Salesman prob-
lem. As a result of the research, the best swarm algorithm
for solving this type of problem was ABC. It is worth no-
ting that the comparison was carried out in a two-dimensi-
onal environment and without modifications that could
improve the efficiency of the algorithms.

Researchers in the paper [14], studying the use of
swarm intelligence algorithms and its application to plan-
ning the routes of flocks of unmanned vehicles, note that
the biggest trends in the modern development of swarm al-
gorithms are their combination with reinforce learning and
evolutionary computation methods. RL provides flexibility
in dynamic environments, while EC allows for improved
optimization in complex environments. The authors believe
that one of the problems of research on swarm intelligence
is its non-standardized results and lack of testing in real-
world conditions.

The results of the study can be compared with the re-
sults of the study conducted in the paper [18], which inves-
tigated the ACO, PSO, ABC, FA and Bat algorithms when
used to intercept targets in 3D space. As a result of the
study, the authors noted the advantages and disadvantages
of each of the swarm algorithms and noted the prospect of
creating new, hybrid algorithms that combine the advanta-
ges of several algorithms.
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In work [11], a hybrid PSO-based PPSwarm algorithm
is proposed for cooperative path planning of a large number
of drones. Standard metaheuristics (differential evolution —
DE, classical PSO, ABC, grey wolf optimisation — GWO,
and adjusted PSO (SPSO)) were compared with the develo-
ped hybrid. The authors note that with a large number of
agents, the standard PSO and even the improved SPSO
show premature convergence. The ABC algorithm proved
to be more robust to local minima, but too dependent on the
initial route. But the combination of ABC and PSO (as in
PPSwarm) significantly improves the plan's efficiency.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results — for
the first time, a comprehensive analysis of the swarm intel-
ligence algorithms PSO, ABC, CSA and SSA was done, re-
searching their basic principles of operation, which made it
possible to investigate their strength and weaknesses, to for-
mulate criteria for choosing algorithm, depending on their
capabilities in different environments.

Practical significance of the research results — the re-
sults of the study can be used to develop adaptive systems
for automated route planning, which allows for increased
efficiency of their application in different environments,
multiple obstacles and scenarios with limited computing re-
sources.

Conclusions / BUCHOBKU

The study achieved the goal of determining the effecti-
veness, advantages and limitations of swarm intelligence al-
gorithms. The following key results were obtained based on
performed analysis of the principles PSO, ABC, CSA, and
SSA algorithms, the study of their effectiveness in different
environments, and research of possible modification possi-
bilities. Based on the results of the research the following
main conclusions can be drawn.

1. The research found that each algorithm has its unique
strength and usability field because of the specific biologi-
cal behaviour of the species it is based on. For example,
PSO demonstrates fast convergence due to global and local
search algorithms, while CSA allows for avoiding local mi-
nima by using Lévy flights distribution. ABC, which is ba-
sed on the hierarchal organization of bees in the colony,
provides scalability when used in a system with multiple
UVs. SSA stands out for its ability to provide dynamic res-
ponses to appearing threats. These characteristics make
each algorithm suitable for specific scenarios, demonstra-
ting the lack of one universal solution.

2. Investigation of performance in dynamic and static environ-
ments has shown that PSO and ABC are optimal for static
environments where the convergence speed of PSO and
task allocation of ABC are important. However, CSA and
SSA when used in dynamic environments outperform PSO
and ABC, proving to be more robust due to the possibility
of local search of SSA and threat adaptation of SSA. For
example, modified SSA improved the result path by 15-
20 %, although using more computational power for calcu-
lation than PSO. This indicates that a meticulous analysis
of the intended usage environment must be conducted in
order to achieve a balance between speed, accuracy, and
resource consumption.

3. The paper analysed the possibility of algorithms' modifica-
tions. Modifications prove to compensate for shortcomings
and leverage each algorithm's strengths. For example com-
bination of PSO global search with CSA local search redu-

ced route planning time in complex environments tests. In
addition, the possibility of machine learning-based modifica-
tions provides improved adaptation to dynamic conditions.

4. Future research could concentrate on developing further al-
gorithms hybrids, improving efficiency and adaptation ca-
pabilities while planning routes in dynamic environments.
Also, testing algorithms in real-life conditions with factors
such as communication limitations, weather changes and
other unpredictable variables, could reveal aspects that af-
fect practical applications.
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Hayionanenuii ynigepcumem "Jlvsigcoka nonimexuixa”, m. Jlvgis, Yxpaina

OCOBJINBOCTI BUKOPUCTAHHSA AJITOPUTMIB POMOBOI0 IHTEJIEKTY JIJIA
ONTHUMI3AILIIl MAPIIPYTIB JIPOHIB

JlocmimkeHo 0co0IMBOCTI BUKOPUCTAHHSI AITOPUTMIB POHOBOTO IHTEIEKTY ISl ONITUMI3AIli1 MapIIPYTiB JOCTABKH OE3MUIOTHUMHE
amapaTaMd KOPHCHOTO HaBaHTaxeHHs. KiacudHi alrOpuTMHU IUIAaHYBaHHS MapIIPyTiB, Taki sk anroputM Jleiikcrpu, A* abo APF,
MArOTh HEIOTIKH I1i]] YaC BUKOPHCTAHHS B YMOBaX PEabHOIO CBITY, Yepe3 MOJKIIMBICTh BIIAJaHHsI y JIOKAIbHI MIHIMYMH Ta ITi/IBHIIE-
HY OOYHCIIIOBANIbHY CKIAAHICTh 3a OaraThox mepemkon. 11[o6 o6iiTH mi HEmZOIiKH, 3aIpOMOHOBAHO BHUKOPHUCTAHHS AITOPUTMIB
POMOBOrO iHTEIEKTY [UIsl [UTAHYBAHHS MapIIPYTiB, 0arato 3 sIKUX HATXHEHHI 0i0JI0r YHOIO MTOBEIIHKOIO TBAPHUH. PO3rIsiHyTO 0Cc00H-
BOCTI pOOOTH Ta MPUIATHICTH BUKOPUCTAHHS Y TMHAMIYHIX YMOBAX TAKUX alrOpPUTMIB, sk Particle Swarm Optimization (PSO), Arti-
ficial Bee Colony (ABC), Cuckoo Search Algorithm (CSA) and Sparrow Search Algorithm (SSA). 3a pe3yabraTaMu A0CITiDKSHHSI
3'ICOBaHO, 110 HE ICHYE €JMHOrO YHIBEPCAILHOTO AITOPUTMY JUISl BCIX THIIIB CEPEIOBHII. Y Ci aJrOPUTMH MMOKa3yIOTh BUCOKY e(ek-
TUBHICTH Yy pa3i BUKOPUCTAHHS y HAMKpaIMX JUlsd HUX yMOBaX. BeranosieHo, mo PSO mae mBuaky 301KHICTh HaBITh Y pa3i BUKO-
PHCTaHHS BEJIMKOI KIJILKOCTI areHTiB, 1[0 poOMTH HOro NMPUAATHUM JUIS IUIAHYBaHHS MapLIpyTy Y pOHOBHX cucTemax. HaromicTb
postmproBanbHa 3natHicTh anroputMy ABC Ta HOro nerkictb B 0OUYHCITIOBANIBHIN CKIIQJHOCTI A€ 3MOT'Y BUKOHYBATH e(EeKTHBHHI
PO3IOJILNI 3aBjaHb MiJK areHTaMM Y BEJIMKUX POHOBHX cucTeMax. Anroput™ CSA 1a€ MOKIIMBICTb JOCSITH HAMKPAIIOro JIOKaJIbHOTO
[UIAHYBAHHS, 1[0 y KOMOIHALIi 3 IHIIMMH aJITOPUTMOM CIIPHUSIE€ TOCATHEHHIO HAWKPAIIUX PEe3yJabTaTiB y Oamanci Mixk rio0aabHUM i
JIOKAJIBHUAM IUIAaHYBaHHSIM Mapmpyty. AiaroputMm SSA fnocsrae mBHAKOT 301KHOCTI B pa3i BAKOPUCTAHHS OUTBIINX 00YHCIIOBAIBHIAX
pecypciB, BopiHOuYac 3a0e3MeyyroYr BUKOHAHHS TUIAHYBaHHS y JMHAMIYHOMY CEpEIOBHILI. 3a pe3y/bTaTaMy JIOCIiPKEHHS BU3HAYe-
HO pOJIb aJTOPUTMIB POMOBOTO iHTENEeKTYy y mokparieHti npoxykruBaocti BITJIA, BonHouac 3abe3mnedyroun HaaiiHi, e)eKTUBHI Ta
MaciutaboBaHi MapIpyTH AOCTaBKU. MalOyTHI JTOCIIDKEHHsT MOYKHA CIIPSIMYBAaTH HA BHBYEHHS HOBUX TiOPUIAHUX aIrOPUTMIYHHX
Mozienield, 1110 OyaAyTh MOEJHYBATH AITOPUTMH POHOBOr'O IHTEJEKTY 3 TEXHOJIOTIIMU MAIIMHHOTO HABYaHHS UL TOKPAICHHS IXHbOT
e(eKTHBHOCTI B IMHAMIYHHUX cepenoBuiiax. Jis mokpamieHHs poOOTH aJropuTMiB Ta TECTYBAaHHS IX OOMEKEHb BayKIIMBE TECTYBaH-
Hsl QJIFOPUTMIB B YMOBaX KOMIUICKCHUX CEPEIOBHIL 3 OararbMa MeperKoiaMu.

KuouoBi csioBa: onrumizartist poro yactuaok (PSO); mry4na 6mkonuua konoHist (ABC); anropurm momyky 303ymi (CSA); an-
TOPUTM MOLIYKY TopoOIrst (SSA).
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