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Abstract—In this paper ,we propose a novel adaptive fuzzy
weight parameter PSO Algorithm (FPSO) . In the improved
algorithm, the inertia weight reserves its decreasing property
after fuzzy treatment , and the position is controlled by fuzzy
parameter. Simulations have been done to illustrate that the
improved algorithm can regulate global search and local search,
and has better search accuracy than the basic PSO and the linear
decreasing inertia weight particle swarm optimization (WPSO).
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L INTRODUCTION

PSO (Particle Swarm Optimization, PSO) is proposed by
Eberhart and Kennedy[1] in 1995, which resembles a school of
flying birds. Shi et al[2] introduce the inertia weight ® to
control the convergence and exploration, and get the current
standard PSO algorithm. PSO is simple, but it is easy to fall
into local minimum. In recent years, various improved
algorithm are proposed, mainly to increase the species diversity,
the inertia coefficient optimum, the individual, and the global
optimum ability[3-7]. There are some uncertain problems in
the group activity, and the fuzzy theory is a good mathematical
tools to solve the uncertain problem. In this paper, we will
utilize the fuzzy theory to propose a novel fuzzy adaptive
particle swarm optimization (FPSO) . The FPSO adopts a
fuzzy inertia weight, and a fuzzy the particle position updata.
Simulation results show that the algorithm has efficiency to
complex function optimization. Sec. 2 begins with a review of
the PSO. Fuzzy adaptive PSO is proposed in detail in Sec. 3. In
Sec. 4, simulation results compare to the PSO and the linear
descending inertia weight PSO are presented. Last, conclusion
is gotten in Sec.5.

II.  STANDARD PARTICLE SWARM OPTIMIZATION
ALGORITHM

In the standard PSO algorithm, each individual is named as
a “particle”, which, in fact, represents a potential solution to a
problem. Each particle is treated as a point in a D-dimensional
space, which adjusts its flying according to its own flying
experience and its companions’ flying experience. The ith
particle is represented as X, (t) = (x;,(t), X, (t),-+,x,, (1)),
and its velocity is represented as
v, (1) =, (1),v,,(t),--+,v,, (t)) . In each iteration, the best

individual position is represented as
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Pb,- (t) = (Pbil (I), pbiz (t)" Ty Pb,-d (t)) >
pbest , and the best global position is represented as
gb,(t)=(gb,(t),8b,(t), -, gb, (1)), denoted by gbest.

The particles are manipulated according to the following
equation:

denoted by

vy =@Fv, () +c *n*(pd, (1) —x, (1)
+C2 *rz *(gdid(t)_x,'d (t)) D
x,t+D)=x,@)+v,t+]) (2

Where i=12,---,m;d =12,---,D ,

positive constants, 7;, 7, are random value in the range [0,1], @

c,,Cc, are

is inertia weight .In the equation (1), the first part is the
momentum, expressing the affection of individual itself. The
second part is individual cognition which represents the
particle flying to its best position, and the last part is social part,
which guides the particles flying to the best global position.
The balance among the three parts determines the algorithms
search capability.

III. Fuzzy ADAPTIVE PARTICLE SWARM OPTIMIZATION
(FPSO)

A.  The fuzzy inertia weight

In the standard PSO, inertia weight o is the most important
parameter. When o is large, it can increase space exploration
ability, which is suitable for a wide-scale search problem, on
the other hand, when o is small, the particle local search ability
is improved. According to linear decreasing weight [3] strategy
and uncertain search factor, we adopt a fuzzy adaptive process
to o.
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In formula (3), the membership function is Gauss

distribution, #__ is the maximum iteration number. Using the

max

formula (3), decreasing property of @ parameter is reserved as
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well as o is adaptively controlled, so it can regulate the global
local search flexibly. So the formula (1) is changes to (5) by
formula (3):

v+ ) =@ * v, (t)+c *r*(pd, (1) — x, (1))

+e, % (gdy (1 = x, (1) @)
B. Fuzzy particle position update

In the standard PSO algorithm, the range of particle
velocity is limited, but the particle search space isn’t restricted.

X, (t+1) changed greatly depends on the large change of

v, (t+1). Thus, in the pursuit processing, when the particle

is close to the optimal particle, the particle is easy to fall into
local optimum. So, we use a fuzzy parameter to control the
particle position change, when iteration number is small, {£, is

1,when iteration number is larger than a given threshold value.
The particles position change slowly, so it can effectively avoid
falling into local optimum. Equation (2) becomes:

X, t+D=x,)+u, *v, (t+1) Q)
1 t<T

Where U, =
[1+( ) I t>T

a is a constant, generally obtained in the range [5,10] . T is
a given threshold, related to the iterations maximum number

t

max °

C. Fuzzy Adaptive Particle Swarm Optimization (FPSO)
Process
To get the improved algorithm, the fuzzy adaptive particle
swarm optimization(FPSO), we use a fuzzy inertia weight , a
fuzzy processing to location update, and a weighted average of
all the particles instead of global optimization . The detailed
process is described as follows:

Stepl: Initialize all the particle’s velocity and position;

Step2: Calculate each particle fitness value, so to determine
the pbest and gbest ;

Step3: Using the fuzzy process on the inertia weight and the
location update parameter, and update particle's velocity and
position according to the formula (4) and (5);

Step4: Determine whether to reach the accuracy, or reach
the evolutionary frequency. If reached, the program is over,
and the x; (¢ +1) is the solution of the problem, otherwise, we
turn to the step2.

IV. SIMULATION

To verify the effectiveness of the proposed algorithm, we
have conducted a comparative experiments to linear
descending inertia weight PSO in reference [3] (denoted by
WPSO), and the standard particle swarm optimization (PSO).

Using Rosenbrock, Rastrigin, Griewank and Ackley test
functions in the simulation, and we want to get function
minimum. The expressions of four test functions are expressed
as follows:

(1)Rosenbrock function
n-1

i) = [100Cx,,, —x2)* +(x, = 1]
i=1

(2) Rastrigin function

fr(x)= i:[x,.2 —10cos(27x,) +10]

i=1

(3) Griewank function

f(x )_ml |x —HCOS

i=1

(4) Ackley function
f,(x) =—=20exp(-0.2 /l > xh)
ni
—CXP(lZ(ch,.) +2)+20+e
L=

Experimental parameter settings are as follows: the particle
size of three algorithms are all 40, the maximum evolutionary

frequency is 1000, ¢, = ¢, =1.4962 ,0=0.7298, in the WPSO,
the o decreases to 0.5 linearly with iterative increasing.
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TABLE L. PSO, WPSO AND FPSO OPTIMIZATION RESULTS
function Search the‘ory algorithm average
space optimal optimal

PSO 3.4356

f1 (x) [-100,100] 0 WPSO 1.8723
FPSO 1.7562

PSO 3.4378

fo(x) [-100,100] 0 WPSO 3.4368
FPSO 3.4362

PSO 6.2334

f5(x) [-512,512] 0 WPSO 2.8745
FPSO 2.1123

PSO 8.2371

fi(x) [-1024,1024] 0 WPSO 43482
FPSO 4.3237

To eliminate random affection, each algorithm is run 20
times to each test function, and the average values are the

optimal results. The initial v, of each test function and the

average optimization values of each algorithm are shown in
Table 1. Rastrigin and Griewank function evolution curves of
1000 generation are shown in Figure 1 and Figure 2. As Shown
in Table 1, we can see that the proposed fuzzy adaptive particle
swarm algorithm(FPSO) have much better performance than
the basic PSO algorithm ,and litter better compared with the



WPSO By using the fuzzy inertia weight and the fuzzy particle
position change strategy, FPSO escapes local minimum
effectively. Figure 2 shows that when the evolution generations
is 1000, the Rastrigin function has reached to global optimum
after 600 generations in FPSO, 200 generations in WPSO, but
less than 50 generations in the basic PSO .And we can obtain
similar results in Griewank function shown in Figure 2.
Therefore, FPSO algorithm not only improves the convergence
accuracy but also avoid local convergence effectively.
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Figure 1. The evolution curve of 20-dimensional Griewank
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Figure 2. The evolution curve of 30-dimensional Rastrigin

V. CONCLUSIONS

The basic PSO algorithm is easy to fall into the local
convergence. In this paper, we have proposed a fuzzy adaptive
particle swarm algorithm (FPSO) by using a fuzzy inertia
weight control and a fuzzy location updated control.
Simulation results show that compared to the nearly
decreasing inertia weight algorithm (WPSO) and basic PSO,
the improved method not only avoids from falling into local
convergence but also has better search capability and accuracy.
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