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Abstract
Particle Swarm Optimization (PSO) algorithm is a new swarmed intelligent optimization
technique, which has been widely used to solve various and complex optimization problems,
but there are still premature, low precision, slow convergence phenomenon. We proposed an
improved PSO based on update strategy of double extreme value by analyzing the updating
ways of double extreme. Improved algorithm has good global searching capability through
the classical test function, the new algorithm has solutions of high precision, fast
convergence, and it is proved that the new algorithm is feasible and effective.
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1. Introduction
Particle Swarm Optimization (PSO) was proposed by Dr. Eberhart and Dr. Kennedy in
1995 [1, 2], which produced improved and swarmed intelligent algorithm by cooperation and
competition between particles. Each individual in PS follow the simple act, follow the
example of the experience of the adjacent successful individual, and the cumulative actions
unfolded is the best area searching for a high-dimensional space. After the proposing of PSO,
it's been many improvements and applications [3, 4]. The simulation results of optimization
test was given by Shi when Vmax was valued in [2, X max ] separately and inertia factor

 was valued in [0.11.05]
[5]. Eberhart has suggested that inertia factor  should be from
,
0.9 to 0.4 in linear decreasing in searching [6], Shi and Eberhart proposed the way of
changing Inertia weight  by fuzzy technology dynamically and adaptively [7]. Riget and
Vesterstroem use the update strategy of  decreasing with time [8]. Clerc and Kennedy
suggested that the value of (c1  c2 ) / 2 is 1.494,  was valued in 0.729 between 0 and 1.
They also conducted a parametric stability analysis when PSO algorithm is a linear
time-invariant dynamic systems [9]. Robinson and Rahmat-Samii also given another
parameter selection, acceleration factor: c1  2.041 , c2  0.948 , Inertia factor:

  0.729 [10].
Numerous studies indicate that PSO model is easy to premature convergence [11-13],
position and velocity of the particle never change, or change very little at these time [14-15]
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.One reason for rapid convergence is that each particle in the swarm get "Individual
cognitive" and "social cognition" capability from the two extremes respectively in the
standard PSO iteration, their flight particle velocity and position were changed in this effect.
In the complex environments which has a large number of local extrema, gbest is easy to fall
into local extremum, and PSO itself does not provide any mechanism to make gbest get rid
of local extrema. So PSO algorithm is easy to premature convergence.
In PSO, the changing of particle position in the searching space is based on successful
social psychological tendencies of imitating, the changing of particles in the group subject to
its neighbor's experience or knowledge influence. Searching behavior of a particle is
influenced by the other particles of the group, particles are close to the optimal solution under
the guidance of single extremum and global extremum. In order to improve PSO’s global
convergence performance, we improve the quality of PSO’s quality by the introduction of
dual extremum update strategy.

2. PSO with Contraction Coefficient
Clerc introduced the concept of shrinkage factor under PSO, and Speed is a constant
contraction, which is called the coefficient of contraction [9].Velocity and position:(1)(2):

vij (t  1)  [vij (t )  1r1 ( pbest (i , j ) (t )  xij (t ))  2 r2 ( gbest ( j ) (t )  xij (t ))] (1)

xi , j (t  1)  xi , j (t )  i , j (t  1)

(2)

Among them,



2
2     (  4)

  1  2

（3）

The contraction formula above is got by the formal eigenvalue analysis of Population
dynamics model [9].
Contraction coefficient method was developed to a natural dynamic dynamics to promise
that the algorithm can converge to a stable point in the case where no speed clamp.
When   4 ,Populations can guarantee convergence. Shrinkage factor  is between 0 and
1,which means speed decreases gradually with time. Literature [9] pointed out, the parameters
were taken,   0.729 , 1  2.8 , 2  1.3 .

3. Double Extremum Update Strategy
3.1 individual extreme update strategy
In PSO, each particle updates its velocity and position according to the formula (1) (2),we
can see from (1),particle velocity profile is composed of three, namel  vij (t ) ,

1r1 ( pbest (i , j ) (t )  xij (t )) , 2 r2 ( gbest ( j ) (t )  xij (t )) , Speed profile is shown in Figure 1:
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Figure 1. Particle Velocity Updating Diagram
As can be seen from Figure 1, the particles during the update process, firstly,  vij (t ) was
updated by origin xi ,d (t ) goes down vij (t ) ,and reaches point A; 1r1 ( pbest (i , j ) (t )  xij (t ))
was updated by A goes down pbest (i , j ) (t )  xij (t ) ,and reaches point B; Finally,

2 r2 ( gbest ( j ) (t )  xij (t )) was updated by B goes down gbest ( j ) (t )  xij (t ) ,and reaches point
C. Point C is the new location in conventional PSO’s updating. In the updating process, the
fitness of A and B are better than C, particles may cross or go beyond the most advantages to
the new location. In real foraging process of bird, bird's flight direction is generally zigzag
rather than straight, this is also more consistent with birds foraging behavior, who can cover a
larger space. After the analysis above we can be found, A, B may be superior to point C in
location, but they are missed more, in order to avoid this from happening, we can get the
Location and fitness of A and B, and compared with C, we can decide the new location of
better, According velocity update formula, speed and position of A,B, and C were already
calculated:

vA (t  1)   vij (t )

xA ( t 1 ) x,i

d

(t )

A

(t 1 )

vB (t  1)  vA (t  1)  1r1 ( pbest (i , j ) (t )  xij (t ))

xB ( t 1 ) xA (t 1)

B

vC (t  1)  vB (t  1)  2 r2 ( gbest ( j ) (t )  xij (t ))

xC ( t 1 ) xB (t 1)

C

（4）
t( 1 )
（5）
t( 1 )
（6）

We choose the better to be the new location, the updating way of pbest (i , j ) (t ) :
( new)
( old )
pbest
( i , j )  min( f ( A), f ( B), f (C ), f ( pbest ( i , j ) ))

（7）

3.2 Cloning strategy of global extreme variability updating
In entire updating iteration of PSO, global extreme plays an important role, which impact
on the quality of the optimal solution directly, after the iteration, global extremum often
located in or near the area of the most advantages. This design variant clone population
updating strategy to change global extreme position vector, to avoid falling into local
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extremum, improving particle fitness value better, make the global optimum be or near to
optimum point as possible. Let mutation probability be p pm ,is generally
valued 0.001 ~ 0.1 .Clonal mutation operator [16]:

gbest (t )  gbest (t )  
In this,   1  r

(1 t

nt

xkmax  xkmin
2

)5

（8)

, xkmax , xkmin are searching interval lower limits. r is uniformly

distributed between 0 and 1, t is the current iteration, nt is the maximum number of
iterations. Clonal mutation operator added a random value into components of global extreme
position vectors, is the copied value of global extreme when iterating. The introduction of 
can promise that mutation size can decrease with the increase of time, which matches with
various space in early evolutionary and small space in late variability.
When PSO is being optimization, clone is going in global extreme population according to
the mutation probability in iterative process, to be a clone with the same nature as original
global extreme gbest (t ) ,the extreme after cloning were variated, and calculated the fitness, if
it is higher than itself, exchange value with each other, or keep them.
By cloning mutation, global population has a self-learning ability extremum, they are able
to get rid of the particles, enhance the ability of local extreme, and improve the algorithm
efficiency.

4. Performance Test Comparing between Improved Particle Swarm
Optimization (IPSO) and GA, PSO.
The four benchmark functions were used to finish Optimization test. Spherical Functions is
Unimodal Function; Rosenbrock Function is a morbid function which is difficult to be
Minimization; Griewank Function and Rastigrin Function are Multimodal functions with a
large number of local optimum points.
n 1

xi   1 0 0 , 10 0

f1 ( x)   xi2
i 1

（9）

n 1

f 2 ( x)   (100( xi 1  xi2 )2  ( xi  1)2 ) xi   100,100

（10）

i 1

f 3 ( x) 

n

n

 x   cos(
4000
1

i 1

n

2
i

i 1

xi
)  1 xi   600,600
i

（11）

xi   1 0 , 1 0

（12）

f 4 ( x)   [ xi2  10cos(2 xi )  10]
i 1

N is the variable dimension, the global minimum of these four test functions are
min fi  0 (i  1, 2,3, 4) .
We will have four test by three ways: SGA, PSO, and IPSO, to compare with each others.
In this test, parameters: algorithm population size: P  30 ,SGA has three operators:
Crossover probability: pc  0.9 ,Mutation probability: pm  0.01 , In PSO, inertia weight
factor  decreases from 0.9 to 0.2 linearly with evolution algebra; Acceleration factor:
c1  c2  2 ,Maximum speed of particles: vdmax  0.2 xdmax ,IPSO uses the first way,
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compression

factor:

  0.729

1  2.8

,

2  1.3

,mutation

probability:

p pm  0.01 .Dimension is 80,evolution algebra is 200.After 20 times the three kinds of
different algorithms on four benchmark test functions independently, we got standard
deviation:
Table 1. Performance Comparison among Three Algorithms
Average fitness（Standard deviation）

Test
Function

SGA

PSO

1.9133e+003
（498.0693）
4.4402e+006
（1.2929e+006）
17.7109
（2.9608）
611.0205
（42.8763）

f1
f2
f3
f4

IPSO

3.1336e+003
2.3276e-015
（2.9493e+003） （9.8526e-015）
8.1667e+007
38.0539
（2.7662e+007）
（33.8903）
20.2878
0
（4.0786）
（0）
624.0736
5.9508e-015
（92.1739）
（1.6647e-014）

We can see from Table 1, Ipso is better when compared with PSO and SGA, we got the
desired global minimum in Griewank Function in IPSO, so IPSO algorithm improves the
ability of global searching algorithms significantly. Compared stability of 20 times, the fitness
and standard deviation of ISPO are smaller than the others. So IPSO is more stable than the
others in the quality of solving.
Figure 2 shows the three algorithms for four benchmark test functions. conditions:
Dimension is 40,evolution algebra is 200.Let us run it with 20 times. We can see from Figure
2, IPSO algorithm not only has strong global searching capability, and has fast convergence
speed, which can effectively weaken the conventional genetic algorithm and particle swarm
optimization algorithm premature convergence, and the phenomenon of easy to falling into
local optimal, even for high-dimensional complex functions, the use of this improved PSO
algorithm is also achieved better optimization results, which proves this IPSO algorithm.
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Figure 2. Fitness Value Changing Curve of Three Algorithms on Four
Benchmark Functions

5. Static Function Approximation Problem Experimental Study
Adoption feed forward neural network approximation (13) static function:

y( x)  sin(2 x)e x

（13）

In the following way to generate sample set: In the interval (0,  ] we use a pitch of

  0.03 to produce 104 exports to use as the training sample set; In the interval [0.02,  ]
we use a pitch of   0.1 to produce 32 exports to use as the test sample set.
Assume that the network structure is 1-3-1, Learning Network Adapter function is defined
as （14）:
104

E

(y
t 1

d
1

(t )  y1 (t )) 2
104

（14）

Respectively adoption BP、SGA、PSO and Improved Particle Swarm in this paper to learn
Network, Initial weights of the network uniform random generated in the interval [3,3] ,the
Population size of GA、PSO and Improved Particle Swarm are defined as p  30 ;In GA
algorithm (Nonlinear ranking selection, Arithmetic crossover and Uniform mutation genetic
manipulation),the best individual is respectively adopted to conduct experiment in
conditions of selection probability is
q  0.1 , crossover probabilities
are pc  0.9 , pc  0.6 .Mutation probability is pm  0.20 and Evolution algebra is
500.The method of this paper, velocity update adopts the mode of formula(1).Until
Compression factor is   0.729 ,coefficients are 1  2.8 , 2  1.3 .Mutation probability
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p pm  0.01 ,Evolutionary Algorithms T  15 , the algorithm terminates. In PSO

is

algorithm, the inertia weight factor  together with the evolution algebra linear decreasing
from 0.9 to 0.4;Acceleration factors are c1  c2  2 ;Maximum speed of particles are

vdmax  0.2 xdmax ,Termination conditions are the same with GA algorithm. In BP algorithm,
learning step is   0.50 , friction coefficient is   0.25 ,the algorithm is stopped after
training 3000 times. Four methods all repeat the test for 10 times, and then to compare the
Training set error, Test set error, Time cost and other index of the four algorithms, Test results
are shown in Table 2.
As can be seen from Table 2. Although in the 10 experiments, the Improved Particle
Swarm in this paper is inferior to BP learning algorithm in Best training error, but in the
Worst training error, the Average training error, Average test error, and the average time and
standard deviation of CPU, it is superior to the other three methods. From which we can draw
that, Improved PSO spends less time, but get higher accuracy over BP, GA and PSO methods.
This fully demonstrates the effectiveness of methods to train the neural network.
Table 2. Comparison of Testing Results for Static Function Approximation

Figure 3 shows that the average fitness value evolution curve comparison chart for 10 runs
of GA、PSO and IPSO. The evolution algebra are 500 generations of GA PSO, This method in
this paper the evolution algebra is15 generations.
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Figure 3. Evolutionary Curve of Average Fitness Value for Static Function
Approximation
From Figure 3 we can see this method compared with the other two methods, in the case
the Evolution algebra is much smaller than that in GA, PSO algorithm, its adaptation curve
declines steeper and even closer to the global optimum compared to GA, PSO algorithm.
Explains that the method in this paper to train network convergence speed is much faster and
has higher accuracy optimal solution than GA, PSO algorithm.

6. Conclusions
We proposed an improved PSO based on update strategy of double extreme value by
analyzing the updating ways of individual extremum and the global extremum influencing the
convergence speed and precision of PSO. It improve the individual and global extreme
quality and enhance the quality of the population average solution, and accelerate the
convergence speed. The results shows that IPSO has good global searching ability, fast
convergence speed, solution quality and robust performance optimizations comparing with
SGA and PSO by testing with four typical test functions.
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