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Abstract 

A swarm is a cluster of insects which interact with themselves locally without any central control in their 

environment. Most swarm intelligence researches are motivated from nature swarm. Swarm intelligence is based on 

the collective behavior of self-organized systems with decentralized approach. Swarm intelligence optimization 

algorithm has been successfully applied in many fields. This article focused some of the theoretical foundations, the 

biological motivation and fundamental aspects of swarm intelligence and also reviews some of the optimization 

algorithms based on Swarm intelligence like Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO) 

and Artificial Bees Colony (ABC) algorithms. In addition, applications of this algorithm in mechanical field are 

presented. 

I. INTRODUCTION 

The concept of swarm intelligence is inspired from nature because nature has always been a teacher and inspirer 

to intelligence. Several important and excellent optimization techniques have been derived from nature such 

techniques are called nature inspired computing techniques. Swarm intelligence is one of the emerging fields in 

optimization techniques. The term swarm intelligence was introduced by Gerardo Beni and Jing Wang in 1989 

within the context of cellular robotic systems [1]. The principle of swarm intelligence is based on the collective 

behavior of decentralized, homogeneous, self-organized systems. In the swarm intelligence individual agents follow 

simple rules without centralized control structure which dictates how individual agents should behave. The random 

interaction among agents leads to the emergence of intelligent global behavior. For example in natural systems of SI 

include ant colonies, animal herding, bird flocking, bacterial growth and fish schooling. The main characteristics of 

Swarm Intelligence problem solving techniques are Strong robustness, simple, better scalability and self-

organization is strong [2].  

 

II. ANT COLONY OPTIMIZATION (ACO) 

In 1991, M. Dorigo and his colleagues introduced Ant Colony Optimization (ACO) [3][4][5] as an incipient nature-

inspired metaheuristic for the solution of hard combinatorial optimization quandaries.ACO magnetizes inspiration 

from the collective deportment of ant colonies. Even the blind ants can identify the shortest route without any visual 

information in their nest and the alinment . Each ant can make communication them utilizing volatile chemical 

substances kenned as pheromones . The intensity and direction of pheromones can be perceived with their mobile 

antennae which are long [6]. There are variants of pheromones utilized by ants. For example alarm pheromone 

engendered by crushed ants gives a vigilant to nearby ants to elude from perilous situation. Another one is victuals 

trail pheromone. Ants leave aliment trail pheromone on soil surface, which gives leads to other ants peregrinating to 

probe for victuals sources. With the avail of victuals trail pheromone ants can pick the shortest route to pabulum and 

they reinforce this shortest route by depositing victuals trail pheromone peregrinating back to the nest. This 

deportment of ants has been studied by several researchers. The Double Bridge Experiment is one of the simple and 

brilliant experiments are the outcomes of Goss, Deneubourg and colleagues [7].  

 

In the convergence process the pheromone evaporation rate is a major parameter, which is evident in this 

experiment. This has a control over the trade-off of incipient paths and path exploitation of the established paths.  
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Consequently, artificial ant colony optimization is essential to set the pheromone evaporation to an adequately short 

time-scale [7]. The figure 1 shows the rudimentary flow of ACO algorithm. [8]  

 

 
 

Fig 1: Basic flow of ACO 

2.1 Domains of ACO 

There are different ACO applications available in the literature. ACO algorithm has been implemented in many 

field such as Routing [9], Scheduling [10], Traveling Salesman Problem (TSP)[11], Machine learning [12], 

Bioinformatics [13] etc., 

III. PARTICLE SWARM OPTIMIZATION (PSO) 

The stochastic optimization technique is used to predicate the population in swarm. PSO algorithm is utilized to 

solve perpetual and discrete optimization problems. PSO algorithm has been proposed by Russell Eberhart and 

James Kennedy, in 1995 [14], [15]. From the inspiration of bird flocking or fish schooling the PSO algorithm is 

developed. Customarily Birds are magnetized by aliment. While probing pabulum and long distance migration their 

facilities in flocking synchronously makes them capable of flying without collision, Scattering, expeditiously 

regrouping and evading Predators [14]. The local interaction among birds is predicated by the Nearest neighbor 

principle. This signifies that certain rules have been framed by the birds based on their velocity and position 

predictions which lead to the most proximate neighbors without the centralized control. The computer simulation of 

the bird flocking was generated by Craig Reynolds in 1986[16]. The inspiring work from Reynolds proposed three 

rules such as cohesion, disseverment, and alignment rules. Cohesion rule verbalizes that flock members endeavor to 

stay proximate to nearby flockmates, disseverment denotes flock members evade collisions with nearby flock mates 

with veneration to their relative position and alignment rules states that flock members make effort to match velocity 

with nearby flock mates. In PSO algorithm the search space is represented as a weighted construction graph, the 

STEP I Construction graph 
represents the solution space

STEP II Initialize pheromone trails 
and Set ACO parameters

STEP III Based on pheromone trails 
and ant‘s walk on the construction 

graph an ant solutions is generated.

STEP IV Update pheromone 
intensities.

STEP V  Till the convergence 
conditions are met, step 3 is 

repeated.
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solution derived from PSO can be represented in solution space by a set of points. The population member can be 

represented by swarm positions insolutionspaceas“particles”.Eachparticleassignedtheirkineticismthroughthe

solutionspacewithavelocity vector representingtheparticle„shaste.Eachparticlehasarecollection tostore its

best solution. The rudimentary conception is that each particle represents a potential solution which can be updated 

according to its own experience and that of neighbours.  In PSO algorithm, each particle ecumenically compares its 

fitness to the entire swarm population and adjusts its velocity towards theswarm„secumenicalbestparticle.Fig2

shows the rudimental flow of PSO algorithm [17] 

 

 

Fig 2: Basic flow of PSO 

3.1 Domains of PSO 

There are different PSO applications available in the literature. PSO algorithm has been implemented in many fields. 

It is useful to mention that there are numerous optimization problems in various domainssuch astrack dynamic 

systems [18], determining optimum well location in oil and gas field [19], transportation network design [20], 

predictingthe flank wear in drilling [21] etc., 

IV. ARTIFICIAL BEE COLONY ALGORITHM 

Artificial Bee Colony (ABC) is one of the most defined Swarm intelligence based optimization algorithms. 

ABC algorithm has been proposed by Dervis Karabogain, in 2005[22].  ABC algorithm draws inspiration from the 

intelligent behavior of honey bees. There are three groups namely employed, onlooker and scout is present in the 

colony of artificial bees. A possible solution for the problem need to be optimized is similar to position of food 

sourceinbee‟scolony.Towardsthesourcesoffoodtheemployedbeesandtheonlookerbeesmovesineverycycle

calculating the amount of nectar present in it by the guidance of scout bee. The abandoning of food source is done if 

the solution is not improving by a set of trials. 
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Karaboga proposed the artificial bee colony algorithm which is in the early development stage. The swarm of the 

honey bee is the inspiration for artificial bee colony algorithm. The employed bees, onlooker bees and scouts are the 

three kinds bees present in the colony which contributes the ABC algorithm. The population of the colony is almost 

twise the aliment source size. The position of possible solutions of optimization quandary is represented by the 

number of aliment sources.The quality of associated solution is represented by the nectar amount of a victuals 

source. Nectar quality of the pabulum sources are exploited by the employed bees and the information is passed on 

to the onlookers. The onlooker bees and employed bees are in identical numbers. In an exhausted victuals sources 

the employers become scouts and they keep desultorily probing for incipient pabulum sources.  Incremented amount 

of nectar increases the probability of cull of a particular pabulum source by the onlooker bees.  

Table 1:  Comparison of ACO, PSO and ABC Algorithm 

Criteria ACO PSO ABC 

Method of communication Indirect communication 

using stigmergy 

Direct communication 

without disturbing the 

environment 

Direct communication  

Type of Problem ACO used to solve 

discrete and continuous 

problems 

PSO used to solve discrete 

and continuous problems 

ABC used to solve discrete 

and continuous problems 

Problem representation Weighted graph represents 
the solution space 

N dimensional points are 
used to represent the 

solution in Cartesian 

graph. 

Problem represented by 
pareto front maintained in 

an external archive. [23] 

Objective of Algorithm  Identifying the optimal 

path in the construction 

graph 

Identifying the optimal 

point in the Cartesian 

coordinates. 

Grid based approach to 

control the flying behavior 

of individual bees. 

 

V. APPLICATION OF SWARM INTELLIGENCE IN THE MECHANICAL FIELD 

Certain section of mechanical engineering is presented for the implementation of swarm intelligence. 

Robotics: in robotics there are some traditional problems such as environmental perception, path planning, and 

navigation. These problems can be solved with the implementation of swarm intelligence. The researchers 

successfully implemented SI problems related to robot mechanics and topology, manipulator optimization, 

workspace characterization, dynamics simulation, control and micromanipulation [24-33]. Newly developed nature-

inspired swarm intelligence is bat algorithm which was proposed by Prof. Xin-She Yang in 2010. PatriciaSuárez et 

al introduces the first practical implementation of the bat algorithm in swarm robotics.  Bat algorithm is 

implemented to the problem of finding a target location within unknown static indoor 3D environments. Their result 

showed that bat algorithm is an ideal tool to explore the potential and limitations of the bat algorithm for real-world 

practical applications. Swarm intelligence is implemented on robots for obstacle avoidance [34]. 

 

Energy system: Sustainable use of energy is the need of the hour. To have a optimal usage of energy, hybrid energy 

system is deployed based on the available resources. The energy management can be done by the SI for the 

renewable energy. Mohamed A.Mohamed et al. paper presents a proposed particle swarm optimization (PSO) 

algorithm for an optimized design of grid-dependent hybrid photovoltaic-wind energy systems. This algorithm uses 

the actual hourly data of wind speeds, solar radiation, temperature, and electricity demand in a certain location[35]. 

The PSO algorithm is employed to obtain the minimum cost of the generated energy while matching the electricity 

supply with the local demand with particular reliability index. Results showed that the proposed algorithm responds 

well to changes in the system parameters and variables while providing a reliable sizing solution [36-40]. 

 

Mechanics & Machinery: Many researches are going on in the areas of mechanisms, design and machines. This 

involves the study of multi body systems, mechanical simulation system, fault analysis and various optimization 
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methods. Design of functional system for mechanisms and its kinematics system can be made. SI can be 

implemented in different areas of mechanical system [41-51] 

Tribology: Tribology is the study of interacting surface in relative motion, which studies the principles of wear, 

friction and lubrication of the components. Many of the complex analysis can be made easy by the different swarm 

algorithm which predicts the results more accurately. [52-55] 

Fluid Dynamics: In fluid dynamics researches are going on with thermo fluid dynamics, hydrodynamics and 

aerodynamics areas. This requires modelling system and experimental methods to test fluids combustion process and 

computational fluid dynamics. These researches are being done in aerospace, marine and mechanical engineering 

fields. The CFD requires various numerical analyses which can be implemented by SI system. 

Vibration:  The mechanical vibration happens due to the functioning of mechanism and motors. This contributes to 

the wear of the components. The vibration from the system leads to different numerical signals which can be 

measured through the sensors. The sensed vibration can be computed and the analysed with SI which will determine 

the wear or cause of vibration. Based on the result corrective actions can taken to avoid mechanical failures or fault. 

VI. CONCLUSION 

In this paper the theoretical foundations and biological motivations are discussed from the fundamental 

implementation of swarm intelligence. Some of the algorithms that are discussed in this paper are Ant Colony 

Optimization (ACO), Particle Swarm Optimization (PSO) and Artificial Bees Colony (ABC) algorithm. These 

algorithms are based on the natural behavior of the insects. This type of approach can give solutions to mechanical 

system problems. Some of the areas where swarm intelligence can be implemented are discussed in this paper, 

robotics, energy system, mechanics, tribology, fluid dynamics and vibration analysis. Swarm intelligence can give 

solutions for the said areas. This paper could encourage researches by integrating swarm intelligence with 

mechanical engineering application. 
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