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Abstract
In present study, the Matlab algorithm and full codes for particle swarm optimization was given. An example

was demonstrated.
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1 Introduction

As early as in 1975, Wilson proposed the swarm theory (Wilson, 1975). In a swarm, each individual may share
the other individuals’ discovery and experience to escape from predators and obtain food. The theory formed
the theoretical foundation of particle swarm optimization that widely used around the world (Angeline, 1998;
Kennedy, 2000; Zhang et al., 2006; Eberhart and Shi, 2007; Lin et al., 2008; Imran et al., 2013; Zhang, 2016).
Particle swarm optimization is a kind of methods in selforganizology (Zhang, 2013a, b, 2015, 2016).

In a bird swarm, each individual can locate itself in the swarm. Every individual will perceive the flight
movements of neighbor individuals to update its own flight trajectory, which makes the whole swarm appear
to be controlled by a central system. Thus we may consider that every bird must perceive three aspects: its own
location, the locations of two or three neighbors, and the flight trajectory of whole swarm (Zhang, 2016).
Based on this, Reynolds (1987) developed a distributed behavioral model. Kennedy and Eberhart (1995)
proposed Particle Swarm Optimization to deal with optimization problems of continuous functions (Yang and
Li, 2004). Particle swarm optimization searches the optimal solution by cooperation and competition between
particles (i.e., individuals). Every particle is treated as a point in a higher dimensional space. Each particle
moves at a certain velocity in the solution space, and towards to its historically best location and the
historically best location of neighbors, in order to evolve as a candidate solution (Zhang, 2016).

In present study, I presented the Matlab algorithm and full codes for particle swarm optimization. An

example was demonstrated for better use.

2 Methods
2.1 Particle Swarm Optimization
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The particle swarm optimization includes the following procedures and contents:
2.1.1 Determine the objective function
Determine the objective function f(x) that searches for the maximum value in the given intervals, e.g., [a,b].
For example, in this study, the objective function to search for the optimal value is
f(x)=x*sin(x)*cos(x)
The goal is to find the maximum value of the function on the interval [0,12].
2.1.2 Set parameters
The main parameters of the particle swarm optimization include:

(1) Space dimension: the space dimension of particle swarm search, which is the number of independent
variables of the objective function.

(2) Particle swarm size: The larger the initial particle swarm, the better the convergence process. However,
if the initial particle swarm is too large, it will affect the particle velocity. The initial particle swarm size can
be 50~1000.

(3) Location constraint: constrain the space of particle swarm search, that is, the ranges of the independent
variables, e.g., [a,b].

(4) Velocity constraint: If the particle velocity is too fast, it may directly cross the location of optimal
solution. If the particle velocity is too slow, it will slow down the convergence process. Therefore, it is
necessary to set a reasonable velocity constraint.

(5) Number of iterations: If the number of iterations is too small, the solution will be unstable, however
too many iterations will waste time. The number of iterations is generally 100~5000. For complex problems,
iterations can be increased accordingly.

(6) Inertia weight: The inertia weight reflects the influence of the particle's historical performance on the
current, it is generally 0.5~1.

(7) Learning factor: The learning factor should be determined according to the ranges of the independent
variables. There are two types of learning factors: particle and particle swarm learning factors. Generally, the
value of 0~5 can be taken.

2.1.3 Initialize particle swarm

The location is restricted to, e.g., [a,b]. Since the problem in this study is relatively simple, the particle swarm
size $=50, and the number of iterations is 100. In this example, the space dimension d=1. The initialization of
location and velocity is to randomly generate the Sxd data matrix within the location and velocity constraints.
In this example, the location initialization is to randomly generate a 50x1 data matrix within [a,b]. Velocity

initialization is to randomly generate a 50x1 data matrix within [-1,1]. The Velocity constraint is to ensure
that the particle’s step size does not exceed the constraint, which can be valued at [-1,1].

A feature of particle swarm is that it records the historical optimum of single particles and the historical
optimum of the particle swarm. Therefore, the optimal location and optimal value corresponding to the two
also need to be initialized. Among them, the historical optimal location of single particles can be initialized as
the current location, and the historical optimal position of particle swarm can be initialized as the origin. For
the optimal value, it is initialized to negative infinity if the maximum value is sought, and positive infinity if
the minimum value is sought.

For each search, the current and optimal solutions need to be compared with historical records. If the
historical optimal value is exceeded, the historical optimal locations and optimal solutions of single particles
and particle swarm are updated.

2.1.4 Update velocity and location
Updating velocity and location is the core of particle swarm optimization. The update rules are as follows:
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Viae=W-Vig+C1 11" (Did—Xid)+C2 T2 (D gd—Xid)
Xid=XidtVid

where, w: inertia weight; c;: single particle’s learning factor; c,: particle swarm’s learning factor; ry, 7;:
random values in [0,1].
2.2 Matlab Algorithm
The Matlab codes for the particle swarm optimization above are as follows (also find supplementary material):

cle

clear;

close all;

%% Initialization process

d=input('Input dimension of search space (e.g., the number of independent variables in the function): ');
s=input('Input the initial size of particle swarm (e.g., 50, 80, 1000, etc): ');

pliml=input('Input the lower constraint for particles location (e.g., the lower limit of independent variables for searching maximal
function value): ");

plimu=input('Input the upper constraint for particles location (e.g., the upper limit of independent variables for searching
maximal function value): ");

miter=input('Input the maximum iterations (e.g., 100, 200, 5000, etc): ');

inw=input('Input the inertia weight (e.g., 0.5, 0.6, 1, etc): ');

cl=input('Input the learning factor of single particles (e.g., 0.1, 1, 3, 5, etc): ');

c2=input('Input the learning factor of particle swarm (e.g., 0.1, 0.5, 1, 3, 5, etc): ');

plim=[pliml plimu];

vlim=[-1,1]; %Velocity constraint for single particles
x=plim(1:d,1)+(plim(1:d,2)-plim(1:d,1)).*rand(s,d); %ULocation of initial particle swarm

v=rand(s,d); %Velocity of initial particle swarm

XM=X; Y%Historical optimum location of single particles

ym=zeros(1,d);  %Historical optimum location of particle swarm

fxm=zeros(s,1);  %Historical optimum function value of single particles

fym=-inf} %Historical optimum function value of particle swarm

figure(1)

plot(xm,f(xm),'k.");

title('Initial Locations of Particles');

xlabel('x");

ylabel('f(x)");

%%Update process

iter=1;

record=zeros(miter,1); %Recorder

while (iter<=miter)

x=1(x); %Current function value (i.e., fitness)

for i=1:s

if (fxm(i)<fx(i))

fxm(i)=fx(1); %Update historial optimum function value of single particles
xm(i,:)=x(i,:); %Update historial optimum location of single particles
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end

end

if (fym<max(fxm))

[fym,nmax]=max(fxm); %Update historial optimum function value of particle swarm
ym=xm(nmax,:); %Update historial optimum location of particle swarm
end

v=v*inw+cl*rand*(xm-x)+c2*rand*(repmat(ym,s,1)-x); ~ %Update velocity
%Velocity for boundary

v(v>vlim(2))=vlim(2);

v(v<vlim(1))=vlim(1);

x=x+v; %Update location

%ULocation for boundary

x(x>plim(2))=plim(2);

x(x<plim(1))=plim(1);

record(iter)=fym; %Record maximal function value
x0=pliml:0.01:plimu;

figure(2)

plot(x0,f(x0),'b-',x,f(x),'’k.");

title("Changes of Location')

xlabel('x");

ylabel('f(x)");

pause(0.1)

iter=iter+1;

end

figure(3)

plot(record);

title("Convergence Process')

x0=pliml:0.01:plimu;

figure(4)

plot(x0,f(x0),'b-',x,f(x),'’k.");

title('Final Location")

xlabel('x");

ylabel('f(x)");

disp(['Maximal function value f(x)=",num2str(fym)]);

disp(['x=",num2str(ym)]);

function fx=f(x)

fx=x.*sin(x).*cos(x); %The function to find maximal function value

3 Example Demonstration
Using the function and location constraint above, the following parameters of particle swarm optimization are
set in Matlab program:

Input dimension of search space (e.g., the number of independent variables in the function): 1

Input the initial size of particle swarm (e.g., 50, 80, 1000, etc): 50
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Input the lower constraint for particles location (e.g., the lower limit of independent variables for searching maximal function
value): 0

Input the upper constraint for particles location (e.g., the upper limit of independent variables for searching maximal function
value): 12

Input the maximum iterations (e.g., 100, 200, 5000, etc): 100

Input the inertia weight (e.g., 0.5, 0.6, 1, etc): 0.5

Input the learning factor of single particles (e.g., 0.1, 1, 3, 5, etc): 0.5

Input the learning factor of particle swarm (e.g., 0.1, 0.5, 1, 3, 5, etc): 0.5

The results showed that the optimum value (maximal function value) is f(Xmax)=5.1112, and Xmax =10.2346,

which coincide with true values (Fig. 1).
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Fig. 1 Results of particle swarm optimization.

4 Discussion
The present Matlab algorithm is actually for 1D problems. The algorithm can be easily improved to solve
n-dimension problems.
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