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Abstract— In this paper particle swarm optimization 

algorithm has been used for job shop scheduling problem. Job 

shop scheduling is a combinatorial optimization problem 

where we have to arrange the jobs which may or may not be 

processed in every machine in a particular sequence and each 

machine has a different sequence of jobs. Job shop scheduling 

is a complex extended version of flow shop scheduling which 

is a problem where each job is processed through each and 

every machine and each machine has a same sequence of 

jobs. PSO (Particle swarm optimization) helps us to find a 

combination of job sequence which has the least make span. 

In PSO a swarm of particles which have definite position and 

velocity for each job. In PSO, to find the combinations we use 

a heuristic rule called Smallest Position Value (SPV). 

According to smallest position value rule jobs are arranged in 

ascending order of their positions i.e. job having least position 

value is put first in sequence. In previous research, PSO 

particles search solutions in a continuous solution space. 

Since the solution space of the JSP is discrete, the particle 

position representation has been modified for particle 

movement, and particle velocity to better suit PSO for the 

JSP. Single Row Facility Layout Problem (SRFLP) consists 

of arranging a number of rectangular facilities with varying 

length on one side of a straight line to minimize the weighted 

sum of the distance between all facility pairs. In this paper 

Particle Swarm Optimization (PSO) algorithm has been used 

to solve the SRFLP. 

Key words: Multi-Objective Optimization, Flexible Job-Shop 

Scheduling, Particle Swarm Optimization, Flexible Job-Shop 

Scheduling, Facility Planning and Design 

I. INTRODUCTION 

Particle swarm optimization (PSO) is a population based 

optimization technique developed in 1995, inspired by social 

behavior of bird flocking or fish schooling. PSO shares many 

similarities with other non-traditional techniques such as 

Genetic Algorithms (GA). The system is initialized with a 

population of random solutions and searches for optima by 

updating generations.  In PSO, the potential solutions, called 

particles, fly through the problem space by following the 

current optimum particles. The basic working of the PSO 

algorithm is illustrated in Figure (PSO is a meta-heuristic 

approach used for solving hard global optimization problems. 

Commonly used meta-heuristics can be briefly summarized 

as ant colony optimization, genetic algorithms, artificial 

neural networks, evolutionary algorithms and simulated 

annealing. PSO is one of the modern meta-heuristic 

algorithms under the evolutionary algorithms. Evolutionary 

algorithms, like genetic algorithm, and evolutionary 

programming strategies are search algorithms based on the 

simulated evolutionary process of natural selection, variation 

and genetics. PSO has been defined as an evolutionary 

computation algorithm and has typical features of both 

genetic algorithms and evolution programming strategies. 

PSO combines local search and global search and ensures 

high efficiency. It has a more global searching ability at the 

beginning of the run and a local search near the end of the 

run. Therefore, while solving problems with more local 

optima, there are more possibilities for the PSO to explore 

local optima at the end of the run.  A basic variant of the PSO 

algorithm works by having a population (called a swarm) 

of candidate solutions (called particles). These particles are 

moved around in the search-space according to a few simple 

formulae. The movements of the particles are guided by their 

own best known position in the search-space as well as the 

entire swarm's best known position. When improved 

positions are being discovered these will then come to guide 

the movements of the swarm. The process is repeated and by 

doing so it is hoped, but not guaranteed, that a satisfactory 

solution will eventually be discovered. The choice of PSO 

parameters can have a large impact on optimization 

performance. Selecting PSO parameters that yield good 

performance has therefore been the subject of much research. 

The PSO parameters can also be tuned by using another 

overlaying optimizer, a concept known as meta-

optimization, or even fine-tuned during the optimization, e.g., 

by means of fuzzy logic. Parameters have also been tuned for 

various optimization scenarios. PSO is inspired by observing 

the bird flocking or fish school. Scientists found that the 

synchrony of flocking behavior was through maintaining 

optimal distances between individual members and their 

neighbors. Thus, velocity plays the important role of 

adjusting each other for the optimal distance. Furthermore, 

scientists simulated the scenario in which birds search for 

food and observed their social behavior. They perceived that 

in order to find food the individual members determined their 

velocities by two factors, their own best previous experience 

and the best experience of all other members. This is similar 

to the human behavior in making decision where people 

consider their own best past experience and the best 

experience of how the other people around them have 

performed. 

According to the above concept, Kennedy and 

Eberhart developed the so-called PSO for optimization of 

continuous nonlinear functions in 1995. They discussed the 

application of PSO to the training of artificial neural network 

weights, and also demonstrated the good performance of PSO 

on a benchmark function for GAs. In their paper, birds are 

called particles, each representing a potential solution. To 

find the optimal solution, each particle adjusts its flying 

according to its own flying experience and its companions’ 

flying experience. Shi and Eberhart named the former the 

cognition part and the latter the social part. 

For the social part, Eberhart and Kennedy developed 

the so-called gbest and lbest models for the neighborhood 
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structure of particles. In the gbest model, the companions’ 

flying experience is obtained in the population, i.e., the 

original PSO version. In the lbest model, the companions’ 

flying experience is obtained in the local neighborhood. 

 
Fig. 1: Flow chart of PSO algorithm’ 

II. ORIGINAL PARTICLE SWARM OPTIMIZATION ALGORITHM 

In the implementation of the PSO, the population is referred 

to as a swarm and each individual as a particle. It is initialized 

with a random particles group and then searches the solution 

space for optima by updating generations. The general PSO 

algorithm is represented step by step in Fig. 2. 
In PSO, each particle included by social structure 

keeps in mind its best position and uses this as a factor 

affecting its speed. A particle gains speed toward its 

individual best position considering with how far away from 

that point. It also shows the same behavior for the global best 

position. In other words, while it is scanning the surface, it is 

affected by the global best position and adjusts its own speed. 

In the situation of that it is far from the global best position, 

there will be a higher change in its speed and direction. 

Individuals (particles) of a swarm show inclination to change 

their movements by using the information below 
 Position of the ith particle in kth iteration xki (k = 0, . . . 

itermax and i = 1,. . ., ,N). 

 Speed of the particle i in iteration k V ki 

 Best position of the particle i (local best) (Pbesti), 

 Best position of the particle group (global best) (gbest). 

Inertia value of the equation changes on the each 

iteration. This change is based on the logic of decreasing from 

the value determined to minimum value according to inertia 

function. The objective is to converge the created speed by 

diminishing on the further iterations; hence more similar 

results can be obtained. 

The values of Ci inertia factor and wmax and wmin 

inertia forces are investigated by Shi and Eberhart It is found 

that these values should not be changed from a problem to 

another. They fixed the values of these parameters as; Ci = 2, 

wmax = 0.9 and wmin = 0.4. Hence, in this study we also used 

these fixed values.  

As it can be seen above, the advantages of the PSO 

are easiness to implement and having few parameters to 

adjust. However, there are some difficulties related with 

applying PSO on constricted models even it has been 

successfully applied in many areas, such as function 

optimization, artificial neural network training, fuzzy system 

control, and other areas  

III. DIFFICULTIES OF USING PSO IN CONSTRICTED MODEL 

AND IMPROVEMENTS 

PSO determines minimum or maximum value of any function 

easily between specific bounds. However, it has some 

difficulties when it is necessary to ensure some constriction 

equations. According to PSO, the difference between a 

constricted model and a function is based on a high 

contradiction probability of any chosen point and constriction 

equation. 

Another effect of this problem is no points ensuring 

the constrictions on the first iteration, hence no global best 

can be found. If a global best can be found on the first 

iteration, then algorithm can reach to better results around this 

point. But if global and local bests cannot be determined on 

the first iteration, then PSO is useless. 

Considering all this cases, keeping sensibility low 

on the first iteration and redounding step by step of the 

procedure will grow up the efficiency of PSO. On the first 

iteration, the best integer will be chosen, then other points 

will be investigated on decimal degree and this process will 

reach to the desirable sensibility about the last iterations. 

Therefore the probability of finding the best points on the first 

iteration arises and no need to redound particle number too 

much so no need to extend solving time. 

When solution set is small, enlarging the solution set 

to cover some of the neighbor points can be a useful method 

to use. However, this wideness must shrink while the iteration 

number grows up, hence deviation from the constrictions can 

be diminished. 

Stretching the constrictions including the points on 

a specific approximation to the solution set is useful to 

overcome this problem. But this elasticity should not be 

permanent; it should disappear to the maximum iteration so 

that we can reach to the real points ensuring the constrictions. 

This effect is shown in Fig. 3. On the each iteration, original 

constriction value is stretched by a certain quantity. This 

elasticity changes according to the direction of the 

constriction too. Equation constrictions are positively and 

negatively stretched to reach an interval. If it is bigger than 

constriction, then the value is pulled to higher value, else the 

value is pulled to a lower value. 

The pseudo code of the developed PSO algorithm 

embedding the required improvements to deal with the 

shortcomings of the standard PSO algorithm is detailed 

below. 

A. Initialization 

Solve the objective function for the worst value (by using 

general PSO algorithm) 

Assign Gbesti = The worst solution of general PSO 

algorithm (for k = 0) 

For i = 1 to N 

Assign particles randomly in solution space 

If the sensitivity is increasing step by step, round the 

solution to integer value 

Generate initial solution S(xi
k)  

Generate initial speed randomly (Vi
k) 
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If the sensitivity is increasing step by step, round the 

speed to integer value 

Assign Pbesti = S(xi
k) 

Keep Gbesti = The worst solution of general PSO 

algorithm 

IV. IDENTIFIED LIMITATIONS IN PARTICLE SWARM 

OPTIMIZATION 

Several limitations in SPSO have been identified so far. The 

term “limitation” refers to an issue that has been proven to 

prevent the algorithm from performing well from different 

aspects such as locating high quality solutions or being stable. 

There are two main areas related to the limitations in PSO that 

are convergence and transformation in-var iance . In the 

following two sub-sections, articles that have an analyzed 

limitations related to these two topics in PSO are discussed. 

A. Limitations related to convergence 

We classify limitations related to convergence in PSO into 

three groups: convergence to a point, convergence to a local 

optimum, and expected first hitting time (EFHT), that are 

defined in the next paragraphs. One of the earliest 

convergence analyses of stochastic optimization algorithms 

took place by Matyas (1965) that was followed by (Baba, 

1981; Solis and Wets, 1981) almost two decades later. An 

iterative stochastic optimization algorithm (optimization 

algorithm in short) is said to converge to a point X in the 

search space in probability (to converge in short) if where P 

is the probability measure, xt is a generated solution by the 

optimization algorithm (a point in the search space) at 

iteration t, and " is a small positive value. According to this 

definition, two different types of convergence13 can be 

defined in optimization algorithms: 

 Convergence to a point (also known as stability 

analysis): X is any point in the search space (including 

local optima), 

 Convergence to a local optimum: X is a local optimum 

of the objective function in the search space14. 

Analysis of convergence to a point is usually 

conducted for an iterative stochastic optimization algorithm 

to understand whether the sequence of the generated solutions 

by the algorithm is convergent. Analysis of convergence to a 

local optimum is con-ducted to understand whether the final 

solution found by the algorithm is at least a local optimum. 

These two types of convergence have been investigated in 

detail for different optimization algorithm. Although analysis 

of convergence to a local optimum is a powerful tool to 

under-stand whether the algorithm is able to locate high 

quality solutions (local optima), it is also important to 

estimate how long does it take for the algorithm to locate that 

solution. Thus, apart from convergence to a local optimum, 

the expected number of function evaluations until a point 

within an arbitrary vicinity15 of a local optimum is visited is 

also analyzed theoretically. This type of analysis, known as 

expected first hitting time (EFHT) or runtime analysis has 

been conducted for evolutionary algorithms (He and Yao, 

2002; Rudolph, 1997). Note that local convergence serves as 

a prerequisite for EFHT analysis in an optimization 

algorithm. 

Experiments showed that velocity vector grows to 

infinity for all particles in the swarm for some values of 

acceleration coefficients and inertia weight (known as swarm 

explosion). Some studies investigated this issue from the 

theoretical point of view to find the reasons behind this 

divergence. Some studies considered deterministic model for 

this analysis, some others studied the first order stability of 

particles, and the rest considered second order stability. 

V. CASE STUDY: LAYOUT OPTIMIZATION IN FLEXIBLE 

MANUFACTURING SYSTEM USING PARTICLE SWARM 

OPTIMIZATION IN MATLB 

Flexible manufacturing is a concept that allows 

manufacturing systems to be built under high customized 

production requirements. The issues such as reduction of 

inventories and market-response time to meet customer 

demands, flexibility to adapt to changes in the market, 

reducing the cost of products and services to grab more 

market shares, etc have made it almost obligatory to many 

firms to switch over to FMS. FMS is actually an automated 

set of numerically controlled machine tools and material 

handling systems, capable of performing a wide range 

manufacturing operations with quick tooling and instruction 

changeovers. “A FMS is a highly automated group 

technology machine cell, consisting of a group of processing 

workstations that are interconnected by an automated 

material handling and storage system, and controlled by a 

distributed computer system”. The layout of a FMS involves 

distributing different resources for achieving maximum 

efficiency. It was estimated that 15–70% of the 

manufacturing costs are due to material handling. With a 

good arrangement of the devices, it is possible to reduce the 

manufacturing costs by at least 10–30%. The layout has an 

impact on the production time and cost. Optimal design of the 

physical layout is one of the most important issues that must 

be resolved in the early stage of the FMS. In practice the most 

commonly used types of machine layouts are the following-

1.Closed-loop layout: Arranged in the general order of 

processing for a much larger variety of parts. Parts can easily 

skip stations or can move around the loop to visit stations in 

an alternate order. 2. Progressive layout: All parts follow the 

same progression through the machining stations. This layout 

is appropriate for processing a family of parts and is the most 

similar to an automated group technology cell 3. Ladder 

layout: So named because the machine tools appear to be 

located on the steps of a ladder, allowing two machines to 

work on one item at a time. 4. Open-field layout: The most 

complex and flexible FMS layout. It allows material to move 

among the machine centers in any order and typically 

includes several support stations such as tool interchange 

stations, pallet or fixture build stations, inspection stations, 

and chip/coolant collection systems. 

 
Fig. 2: An example of typical loop layout in FMS. 

VI. PROBLEM DESCRIPTION 

The most commonly used layout in flexible manufacturing 

system is loop layout due to its relatively low initial costs and 

high flexibility in material handling. An important problem 
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when designing loop transportation systems is to determine 

the relative order of stations on the bidirectional loop in order 

to minimize transportation cost. Another problem is the cell 

location problem (CLP) which takes physical considerations 

into account. The problem is to determine the location, 

dimension and orientation of n cells so they can be feasibly 

served by a loop configuration system under a transportation 

cost minimization objective. 

A. PSO Algorithm 

1) Step 1: Initialize a population of n particles randomly. 

2) Step 2: Calculate fitness value for each particle. If the 

fitness value is better than the best fitness value (pbest) 

in history. Set current value as the new pbest. 

3) Step 3: Choose particle with the best fitness value of all 

the particles as the gbest. 

4) Step 4: For each particle, calculate particle velocity 

according to the equation 

V[ ]=V[ ]+f1*rand( )*(pbest[ ]-present[]) + 

f2*rand*(gbest[ ]-present[ ]) 

Where, present [ ] = present [ ] + V[ ] 

V [ ] is the particle velocity, present [ ] is the current 

particle (solution), rand ( ) is a random number between 

(0,1), f1, f2 are learning factors. (Range between 1and 

4). 

5) Step 5: Particle velocities on each dimension are clamped 

to a maximum velocity Vmax (Specified by the user), the 

velocity on the dimension is limited to Vmax 

6) Step 6: Terminate if maximum number of iterations is 

reached. Otherwise, go to Step 2. 

VII. MATLAB 

MATLAB is a high-level language and interactive 

environment for numerical computation, visualization, and 

programming. Using MATLAB, you can analyze data, 

develop algorithms, and create models and applications. The 

language, tools, and built-in math functions enable you to 

explore multiple approaches and reach a solution faster than 

with spreadsheets or traditional programming languages, 

such as C/C++ or Java. Although MATLAB is intended 

primarily for numerical computing, an optional toolbox uses 

the MuPAD symbolic engine, allowing access to symbolic 

computing capabilities. An additional package, Simulink, 

adds graphical multi-domain simulation and Model-Based 

Design for dynamic and embedded systems. 

VIII. BASIC ASSUMPTIONS (INPUTS) FOR LAYOUT 

OPTIMIZATION 

1) The Machines are not identical. 

2) The distances between machines are equal. 

3) No breakdowns for machines or material handling 

system. 

4) All tools are new at the initial stage. 

5) Each tool and each operation are assigned only to one 

machine. 

6) The setup costs differ according to size and shape of the 

parts. 

IX. LAYOUT OPTIMIZATION 

The objective function of the optimization of loop layout is 

expressed in terms of the following- 

Obj=x1*D+x2*B 

Where, 

x1, x2- the normalized weight factors. 

D - Total distance travelled by AGV for completion 

of one cycle. 

B – Total number of backtracking occurs in on cycle. 

X. RESULT 

A. Industrial Layout 

 
Fig. 3: Plant Layout 

In an automobile Industry there is various automated section. 

In this paper the plant layout optimization of an Industry is 

shown.  

The following details are about the plant layout- 

 Number of machines = 7  

 Number of AGV used = single(Unidirectional 

movement) 

 Distance between the machines = 5m (It’s not common 

for all the machines)  

 Total distance travelled by AGV = 210m. 

 There is no backtracking in AGV. 

XI. OPTIMIZED PLANT LAYOUT 

Now the AGV movement is shifted to bidirectional 

movement from the unidirectional movement inside the loop 

layout. The unloading station is also separated from the 

loading stations. And attached a separate loading station to 

each machine which consist loading equipments, and there is 

one common unloading station consist of unloading 

equipments. The main advantage of this optimization is to 

reduce the floor space required, productivity improvements, 

and also minimized the backtracking of the AGV and the total 

distance travelled by AGV. Now by applying the particle 

swarm optimization technique the optimal machine sequence 

for FMS layout is fined, that is 1245376, the distance 

travelled by AGV is 110m per cycle and backtracking is 

reduced to 2 per cycle. The optimized plant layout in which 

machines are located in the proper sequence is shown in the 

Fig4. And some optimal sequences out of 100 iterations 

derived from the calculation and objective function values are 

shown in the Table 1. 

The following details are about the Optimized plant 

layout,  

 Number of machines = 7  

 Number of AGV used = single(bidirectional movement) 

 Distance between the machines = 5m  

 Total distance travelled by AGV =110m 

 No. of backtracking =2 
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Table 1: Optimal Sequences 

XII. CONCLUSION 

This paper focuses on the engineering and computer science 

aspects of developments, applications, and resources related 

to particle swarm optimization. 

A Particle Swarm Optimization (PSO) technique is 

proposed for optimizing the bidirectional loop layout of 

flexible manufacturing system. The objective of this paper is 

to minimize the distance travelled by AGV and the number 

of backtracking. PSO algorithm gives an efficient solution for 

loop layout problem. A generalized approach of plant layout 

is proposed which is better than other optimization techniques 

like Genetic Algorithm and Simulated Annealing used in 

other research papers. This approach is used for loop layout 

only. 

In this paper limitations related to convergence have 

also been identified with possible ways of correcting them. 

Convergence of the sequence of solutions has been 

investigated for PSO. These analyses have resulted in 

guidelines for selecting PSO parameters that are believed to 

cause convergence to a point and prevent divergence of the 

swarm's particles (particles do not move unboundedly and 

will converge to somewhere). However, the analyses were 

criticized for being oversimplified as they assume the swarm 

has only one particle, that it does not use stochastic variables 

and that the points of attraction, that is, the particle's best 

known position p and the swarm's best known position g, 

remain constant throughout the optimization process. 

However, it was shown that these simplifications do not 

affect the boundaries found by these studies for parameter 

where the swarm is convergent. Convergence to a local 

optimum has been analyzed for PSO It has been proven that 

PSO needs some modification to guarantee to find a local 

optimum. This means that determining convergence 

capabilities of different PSO algorithms and parameters 

therefore still depends on empirical results. One attempt at 

addressing this issue is the development of an "orthogonal 

learning" strategy for an improved use of the information 

already existing in the relationship so as to form a leading 

converging exemplar and to be effective with any PSO 

topology. 

Generally speaking, particle swarm optimization, 

like the other evolutionary computation algorithms, can be 

applied to solve most optimization problems and problems 

that can be converted to optimization problems. Among the 

application areas with the most potential are system design, 

multi-objective optimization, classification, pattern 

recognition, biological system modeling, scheduling 

(planning), signal processing, games, robotic applications, 

decision making, simulation and identification. 
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