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Abstract
Background and objectives : Algorithms inspired by the behavior of living organisms have been developed to
apply principles from nature to solve problems in various aspects of daily life, e.g., in science, medicine,
engineering, technology, and business management. The developed algorithms follow two main ideas. First,
evolutionary algorithms use Darwin's principle of natural selection to choose the most suitable organisms in an
unforgiving environment. Second, Swarm Intelligence Algorithms mimic the collaborative behavior of groups of
living things, such as flocks of birds or schools of fish. The applications of these algorithms include medical data
analysis for disease diagnosis, resource allocation planning in construction projects, traffic system design for

improved safety, genetic data analysis to find relationships between genes and diseases, and business data
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analysis to predict customer buying behavior. These algorithms help increase efficiency, accuracy, and
sustainability in solving various problems by applying principles inspired by nature. This article aims to explain
working principles and performance, the advantages, disadvantages, and applications of Swarm Intelligence
algorithms.

Methodology : The main research steps were the following: 1. Studying and collecting research documents on 10
algorithms: Ant Colony Optimization, Artificial Bee Colony Algorithm, Bat Algorithm, Particle Swarm Optimization,
Flower Pollination Algorithm, Weed Optimization Algorithm, Bee Colony Optimization, Cuckoo Search Algorithm,
Bird Flocking Algorithm, and Chicken Swarm Optimization. 2. Analysis of working principles and efficiency of 10
algorithms. 3. Analyzing the advantages and disadvantages of the 10 algorithms. 4. Summarizing the applications
of the 10 algorithms. 5. Research results and conclusions.

Key findings : This article summarizes the applications of algorithms inspired by the behavior of living organisms
to solve various daily life problems in fields such as science, medicine, engineering, technology, and business
management. It also aims to explain the advantages and disadvantages of these algorithms in solving complex
problems in various aspects of daily life, especially to efficiently achieve sustainable development in society and
business. Some applications are such as the following: using intelligent algorithms in medical data analysis for
disease diagnosis and environmental management; applying algorithms to analyze medical images for efficient
diagnosis and treatment; utilizing algorithms in engineering and technology for infrastructure planning and design
to enhance safety and operational efficiency; and using algorithms in business management for data analysis to
predict customer behavior and marketing strategies.

Implications : Swarm Intelligence algorithms, inspired by the collective behavior of living organisms, are valuable
across various fields. In science, they can be utilized to locate underground oil or mineral resources through a
network of sensors that collaborate to enhance efficiency in resource detection. In medicine, they aid in analyzing
medical images for disease diagnosis and in complex surgeries by directing the movement of surgical robots,
emulating precise, cooperative animal actions. In engineering, swarm algorithms improve intelligent traffic
systems, simulating vehicle flows to alleviate congestion and plan safer routes. For technology, swarm-inspired
collaborative robots excel in manufacturing, coordinating seamlessly with one another in intricate production lines.
In agriculture, they are employed for managing smart farms and controlling drones for pest management. In
business, swarm algorithms assist in analyzing consumer behavior by examining purchasing patterns, enabling

accurate forecasting and adjustments to marketing strategies to better meet customer needs.
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Conclusions : This review found that Swarm Intelligence algorithms were that the 10 swarm intelligence algorithms
have different working principles and performance when applied in various tasks, along with their own
advantages and disadvantages and limitations in solving problems, with some algorithms being more effective in
certain areas. This article also concludes that some types of algorithms can solve complex problems and can be
applied in 5 different areas comprehensively. This review may be beneficial to algorithm developers and users
alike.

Keywords : swarm intelligence algorithm; working principles; performance; pros and cons analysis; application
*Corresponding author. E-mail : daranat.t@psu.ac.th
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1.3 8ANATNNAINAIY (Bat algorithm)
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Table 1 An overview of each algorithm's working principles and their performance
Algorithm Working Principle Performance

Ant Colony Optimization (ACO)

Simulates ant's behavior in finding the

shortest path using pheromone trails.

High accuracy, but slow when the size of

the problem is big.

Artificial Bee Colony (ABC)

Simulates bees’ searching for nectar and
sharing information to find optimal

solutions.

Itis Highly flexible, and it avoids local
optima well, but careful parameter tuning

is needed.

Bat Algorithm (BA)

Simulates bats using echolocation to

locate prey in finding optimal solutions.

Fast, but can get stuck in local optima.

Particle Swarm Optimization (PSO)

Simulates the movement of particles
based on personal best position and

neighboring best positions.

Simple structure and fast, but sometimes

gets trapped in local optima.

Flower Pollination Algorithm (FPA)

Simulates flower pollination, using local

and global search strategies.

Good at exploring solutions and avoiding
traps, but its performance depends on

parameter tuning.

Weed Optimization Algorithm

Simulates the growth and spread of
weeds to find the most suitable area to

take root.

Effective at exploring multiple points, but
it gets slow as the problems become

more complex.

Bee Colony Optimization (BCO)

Simulates bees’ sharing information about
food sources hence improving search

performance.

Finds optimal solutions well, but involves

fine parameter tuning.

Cuckoo Search Algorithm (CSA)

Simulates cuckoos laying eggs in other
birds’ nests, using nest randomization

and nest replacement strategies.

Good at avoiding local optima and finding

high-quality solutions.

Bird Flocking Algorithm (BFA)

Simulates flocking birds adjusting their
flight based on the behavior of

neighboring birds.

Efficient at searching, but performance

depends on parameter tuning.

Chicken Swarm Optimization (CSO)

Simulates chicken flocking behavior.
Assigning different roles within the flock to

search for optimal solutions.

Effective at exploration, but complex

chicken selection strategy.
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Table 2 The advantages and disadvantages of group intelligence algorithms

5
c =}
§| S 5 | 8 £
g ¥ E | 2 5| E
g E € c = Y < £
. = 5 < 2 o c = S| e
Advantages and Disadvantages 8 o | E @ 5 o 5| 2| €
o S c| £ 3 < c 5 Sl s
> z D = 06| = 2 £ 5 © E| 2 &
c S © n = o B = » = (22—
S 2 - © | o £ o o T S| ¢ ®
° Q © o NI . £ > 2 N Q 2| g N
o ] Rl © E| © & D 3 = > ol x g
| 8 | 2| 5888 ¢ |&=|3|z2 s
< @ F|l & ol & £ = & 0| m|o §
Advantages
processing X X
Discovers solutions quickly X X X X
Adaptable to changes X
Converges to true solution clusters with certainty X X
Rapid convergence to true solution clusters X X X X
Easy to implement X X X X X X X X
Handles complex functions or problems
X X X X X X
effectively
Performs well with polynomial optimization
X
problems
Efficiently solves diverse and complex problems
X X
Requires few control variables X X X
High accuracy X X X
Avoids getting stuck in local optima X X X
Disadvantages
Unequal probability distribution in each iteration
X
Random decision-making sequence X
Uncertain discovery time for solutions X
Converges to true solution clusters prematurely X
Slow processing time X X X
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Low rate of convergence to true solutions X

Low accuracy X

Difficulties in designing initial variable settings

Complex operational processes X X

Incapable of solving oscillating problems X

Encounters stuck-in-local-optima issues X X X

Occurrence of critical situations X

Slow convergence to true solution clusters X X

Requires multiple iterations. X

4. mMatlszgnslFuaessanasNNaaIauLILINgN (Application)
iy lunszununaiieuniiadudoulvoidunsdidnsdTyniawa lunjviseadydssinnidu-iansa
(NP-Hard) @aiilutTyusasldnisaiaasaniunisafaassyuumanauiaimas [ n1saanuiy 1199798379971 N9
Wengl NIIUIANANABLNIUNIZAN N1IAARITINNITHAR NITTUAILAZN1IAALEUNIINITIARUNIS WU a1n
nisAneaglla Table 2 wudn Tainsdszandlddanesnusiuasnaaiawuunguun lduddoymdaanisdnaas
anunsaizesszuudeAeNiames anisuidiymisine luyaseanisdszgnsldanesdanasinaunsautalidns
sanisun ld1deuls 5 dszinn taun Toyuintsmdtaanumunzanigauuusiaiilas (Continuous optimization
problems) TyuinisuiAtaaumunzanigauuyldsiaiiias (Discrete optimization problems) tTiyuin1sdnmgI
NITNARALLLANNIIU (Job-shop scheduling problems) ﬂtymmﬁmm@mmmﬁmﬁﬁmmﬁmﬂu (Flexible Job-
shop scheduling problems) uaztlyninisatuunilszwnm (Classification problems) tnaidinstszensildanudanasnu
2 1 v 1 o dy
pupNaaIaLUUNgulunsuitTymusasssinmaal
4.1 TymnIsmMAIANININNN S ANTIGALLILIAIBLTEN
=2 1 o a KR dl o Ut v 1 dl
AInNn19An®n wudn danesnungninlldszgnsldluntsudlyuinisuidiaoimnnzanign
' dl v 1o a K 1 o QI a a v k% a 1 o= cl/
wuusiaLiies laun danesniuue iy nsthunlssgnsldlunisiinlss@nininsaansldinatianisutani sidulnim
(Domain partitioning technique) &1uiuldlun1suAraumunzanngaLuUsaiies (Pirapong & Jeerayut, 2018)
s danesnumAtauinzasngaLLUa N TBANRS 1w n1sisnlszgnsldlunsAumuuuiveuiunangs
(Best neighbor-guided) & mivldiiinAadaluntsiAimuimsnzanngauuLsaiiies (Sangeeta & Pawan, 2016)
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winnzanfgauuusetiasunisatiuagunisuilalugduuusine) (Ramii et al., 2017) nasnndszgnsfldlunisudle
lyuiniseanuuulagednenisauds (Transport network design problem) (Sweta & Sudip, 2019) n3uszeinssanriy
A5n178@91 (Chaotic) dwmduuslatlyminislusunsaiaaanuanisin (Integer programming problems) (Osama et al.,
2014) lusu danasnumAtpumEnzangauuunguayniagnun lldszansldlunisuddymwinismdiaana
WHNZANNAARLLAD RS W nsuqaengainfiaziiulile (Global minimum) aeeiariduuiiseLies (Continuous
functions) 1111

4.2 TN smANANNIIN S ANTIgAULL [NFi8Tiaa

= P ax o o > . = |
annsAnEn wudn danesnungninldszgnaldlunsudifoymnismatanumnnzasigauuylise e
1% 1o akR | 1% a o .

Vme ANNATNUNNA LTU miﬂi:qﬂﬁﬂﬂuﬂwmﬂﬂfymmsmumwmwummmﬂ (Travelling salesman problem)
(Adam et al., 2018) NMsuAiTYMINITAUNINTBILTUNIUUE (Vehicle Routing Problem) (Teja & Vandana, 2015) Lilu
v =2 o a R 2 ! < ° ¥ a o 2 ] = o
AU PaNTNAneF NN AUMILLLUNAmdnAgniandseyns i luntsuddyrinisiauntsesnineuane Aqedun ey
(Anuja et al., 2017) ﬁ@ﬂ@?ﬁummmmmmmuﬁa;mLLuummﬂﬁﬂuﬁ\i Eih) m?ﬂixﬂﬂm“ﬁ”lummﬁhﬂtymm@m
Wunrenmnnzanngalussuuiduntsanawuilln (Fire evacuation routing system) (Chen et al., 2018) 8ana 3N
v ' [ Y | .
A1eAN9 1w nasdszynald lunasuAdayyuiniseanuuuiAIatneni92uas (Transport network design problem)
(Sweta & Sudip, 2019) nnsuszensildluntsuiToyninisllsunsauiasauaulan (Integer programming problems)
(Osama et al., 2014) lusiu nsdszgnsldlunisuioyuinismAtaaumnizanngauuyliseiessosdanesng
AN ZaNNgALLILNgNaYNIA 1Y nsdszgnsldlunisnszanendseulniizeanisuaanasuiiiouuy
nszaneFnaINuaInass iy uidau (Distributed generation from renewable energy sources) (Zeineb et al.,
2018) Wlusu n1sdszansldlunisudtlyyuinismnAiaanuunnzanngauuyliseiiassaudanasnuniAiaony
WMNITANNAALLLNIINNAT9EY 11 n1sdseynsldlunisuAyuiniaiunisaeaniinaiuans (Chenguang &
Qiaoge, 2013) lusiu nsdszgnsildlunisudtyminismAiaanumanzasigauuy ddediesdaadanesnuniedy
NENIBIUN(Manzoor et al., 2018) 1 Nsuszyns bk lunsuidayninisiun1eresninauanefaenisaeAumang

2193921 {134 BI09daYA (Information entropy matrix) (Min et al., 2018) 1ilusi waznistszensild lunisudlym

al
|

! a oA Y o axk o , v Y
nsmAtANmEnzaNgauuL ldseillasaaadanasiunisdunguaasin wu nsuseynsildlunisusiloyuinig
Wun9reaniineIuang (Faycal et al., 2018) umu

4.3 Tyyn1s9AM I NN THAMULILIAINN
= o A A o Y o a v 1w ax
annsAnm danesnungninliszensldlunisutiloyuinisdnaisenis@suuunianes laun danasna
WIANA NN ZANTGALULANUNTANRNY (Adam et al., 2018 : Anguluri et al., 2017) uazdanasnunaninasnanls

(Mandeep & Monika, 2016) gnunlidszansdldlunisudilynin19dnmn s19n1suAuuUAINIY 1w N9l szensl
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wAtynIn199ARINNIRARLL LA KWL A deeNganauneaiaguysad (Minimize the make span)
uananil fﬂ"@ﬂfﬂ?ﬁummm’mmmmuﬁzﬁmLmummqﬁmmﬁ”@qﬂﬁwm Lﬂuﬁmﬂ@?ﬁmmmmmmmmmﬁqmmumi
‘m@:mmﬁﬁqmmmﬁﬂﬂﬂizqnGﬂﬁumﬂﬁﬂmmmﬁmmiwmmﬁmLLuumwm’]u%ﬁ”LﬁuLaﬂqﬁu (Anguluri et al.,
2017) daudanasnuun ﬁ@ﬂ@?ﬁummmmmmmuﬁ@mmumﬂuwﬂm FANATNNAUNULLUNAATN FANATNNYN

ANAHIUNNZANTNAARLILINNTUNTUBITTN T (Mojgan & Mahdi, 2019) LL@:ﬁﬂﬂfﬂ?ﬁuﬁNmqmmmﬁ’]mﬂizqﬂm“m

o

o a v 1 o o as v v v dld dl v o
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Ao o Ay A dl a , oA A Y o ¥ Ao
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(Adam et al., 2018)
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LATRIANIWATAN A LTURAUNIIHAR (Xu ef al., 2017) ilus ﬁ@ﬂ@?ﬁumLL@:fﬂ"@n@?‘ﬁummmwmmmmﬁ@mmu

a ‘él o % o a Adld A 1 v ¥ ¥ Adl Adl
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a o

Nuasaanysnl (Yi et al., 2018) anasNuMIAIANIMNIZANNIgALLLINTUNTaadaNagnin ldUseynelldlunng
P
3

a 1 v =]

> o PRp = D) o o =
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2
' £ '
o

ﬂﬁ‘zﬂ@‘]_lﬁ'%/']?_l Lﬂmsﬂrm‘ﬂﬂLQ@Wﬁ\?’]HWﬂQ’WUL@%Q@NU?Dj(Make span) ﬂ’Tﬁ‘Z\ﬂuV]\‘iMNﬂﬂl‘ﬂ\‘iLﬂ?@\‘i’ﬁ/ﬂﬁ‘ (Total workload of
q a P

aulaaeainnisrasAn

= y

machines) WAZLATIANINHATZINUNINNEA (Workload of most loaded machine) (Souad & Besma, 2014) Ll

a

o a KR

' A g dgj o ¥ o a _aa
@@ﬂ@ﬁ“ﬂﬂﬂqﬂ’]ﬂ'}’]NLMN’Tﬁ@NV}@ﬁLL'LI'LIﬂ'Wﬁ"M’T@?I@\? mqﬂuﬂﬂﬂﬁ?:ﬂqﬂM“L%‘Luﬂ’mmﬁtymmi@mm@’mmm@mwum’m

S 1 v

dangunaenigldauiudanesnulunmin (Memetic algorithm) vinlanunsoudileyvnlunsdindnanaanumane
LATRINNTHAZANNNTINL sE AN BN N NN AuNanTZA e (Ajchara & Arit, 2013) Lmzﬁaﬂ@?ﬁmﬁumLmuun@mdﬁ
gninlihseynsfldlunsudtfoyyunisdnnisenisaaiiac s avgusaenisldinusiaesnis dauuniiaainaas

andnTunnsnanagasaniuinusirasaaiasesansgnldilsslemigegn (Anuja et al., 2017) lusiu
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Table 3 Application of group intelligence algorithms"

Application of Algorithms

Flexible Job Shop Scheduling Problem

Job Shop Scheduling Problem

Ant Colony Optimization

Bee Colony Optimization

X | x| X

The bat algorithm

> | X | X | X | Discrete Optimization Problem

Particle Swarm Optimization

Flower Pollination Algorithm

X X | X | X | X | X | Classification Problem

Invasive weed optimization

Marriage in honeybees optimization

X | X | X | X | X | X[ X]| X

Cuckoo search algorithm

Bird swarm algorithm

X | X | X | X
>

XXX XXX X XX X Gontinuous Optimization Problem

Chicken swarm optimization

4.5 tfyninsanunilszinn
annIsAn® wudn danesnungninliseyneldlunisudifyyuinisauundsznn 1dun danesnuun

ﬁ@ﬂ@?‘ﬁwqmmwmmmuﬁqmmunzﬂmgmﬁ (Adam et al., 2018) WAZAaANaINNNANINGTADN 1 (Mohammed
et al., 2020) griir 1 lun sulszgnefldlunsuddywnissuunlssnndeyaianissninnilasdeya Wk
uanaNi Saneina uaninasaanligagninlidszgnaldlunisuddyuinisuendssinniuuaiuge Suwsedne
Wumasliane (Wireless sensor networks) anmael (Mohammed et al., 2020) L uAW d9udane3nun1A1AIN
mmmuﬁqmmummﬂﬁmuﬁq @”@n@?ﬁumﬂ'wmmmmmuﬁqmLLuumiLLW‘jmmf‘ffﬁﬁﬁ AaneNNNIAIANN
wanzanfigauunnguaune uazsaneifunn gninlldszegnaldlunsudtymnnsdundezinndayaludneos
mM@uﬁ’qm:ummmuﬁﬁiﬁﬁLm‘uﬂa*‘u fials (Adaptive neuro-fuzzy inference system) (Sasan et al., 2020)

danasnnAumuuuungwdgni lddszendldluntsuendszimiladesine luntsudtdymnimnAipanuimnnzan
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ﬁqmium‘i‘uaﬁﬂ’]mam (Manufacturing optimization problem) (Anuja et al., 2017) 8ana3nuA1ea1agninly
ﬂizqnm“l%"lummﬁﬂzymﬂ’mﬁﬁLLunﬂizmwLﬁmﬁummmﬁﬂwmmmmwLLummﬂﬂ'@ﬁLLuwmmwﬁ“v (Multilevel
image thresholding) (Adis & Milan, 2014) 1flusiy dana3nunisdunguaasungnualiilseynsldluntsudoyun
mﬁ%mnﬂ’;‘zm‘m%g@LLmﬂﬁymL%\mmfﬂﬂ (Data classification and regression problems)(lbrahim et al., 2019 )
lusu uazdanesnunisqaunguaastiigninlilszansldluniswmun laseing Uscamifiandean (Deep neural

networks) WBN139LUNLLANURNART TN RANAIAAINNITLILANTUAR (Dorin et al., 2018) 1{lus

unggu
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1
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