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Abstract. Particle swarm is a stochastic optimization paradigm in-
spired by the concepts of social psychology and artificial intelligence.
Interrelationship between individuals in a swarm is defined by the pop-
ulation topology, which can be depicted as a network model. Regular
networks are highly clustered but the characteristic path length grows
linearly with the increase in number of vertices. On the contrary, random
networks are not highly clustered but they have small characteristic path
length. Small world network have a distinctive combination of regular
and random networks i.e., highly clustered and small characteristic path
length. This paper takes forward the concept of incorporating small world
theory in the Particle Swarm Optimization (PSO) framework. Efficiency
of the proposed methodology is tested by applying it on twelve stan-
dard benchmark functions. Results obtained are compared with other
PSO variants. Comparative study demonstrates the effectiveness of the
proposed approach.

1 Introduction

Particle Swarm Optimization (PSO) is the global optimization technique origi-
nally proposed by Kennedy and Eberhart [1]. PSO is inspired by the paradigm of
birds flocking. PSO consists of a swarm (population) of particles. Each particle
flies through the multi-dimensional search space with a velocity. Velocity of a
particle is updated using three terms i)previous velocity- provides necessary mo-
mentum to the particle, ii)social term- indicates how the particle is stochastically
drawn towards the global best (gbest) position found so far by the swarm, and
iii)cognitive term- reflects the personal thinking (pbest) of the particle. PSO has
received a huge attention and popularity in the optimization community due
to its algorithmic simplicity and effectiveness for solving global optimization
problem. Moreover, it is computationally inexpensive in terms of both mem-
ory requirements and CPU speed. This derivative-free method is particularly
suited to continuous variable problems. Even though PSO is a good and fast
search algorithm, it suffers from premature convergence, especially in complex
multi-peak-search problems. To overcome this problem in [2] dynamic network
model is suggested; search begins with pbest and gradually incremented until it
becomes gbest. In [3] Small World Particle Swarm Optimization (SWPSO) was
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proposed where gbest term in velocity updation was replaced by the small world
best (SWNbest). Li et al., [4] proposed Self Learning Particle Swarm Optimizer
(SLPSO) where each particle has a set of four strategies to cope with differ-
ent situations. A particle can choose an appropriate strategy at any instance
according to the property of its local search space.

The population topology has a significant effect on the performance of PSO.
Topology determines the way particles communicate and share information
within the swarm . In [5] and [6] impact of various network topologies on parti-
cle swarm performance was studied. It was reported that path length presents a
compromise between exploration and exploitation. If path length is too small, it
implies that information spreads too fast, so there is a higher probability of pre-
mature convergence. On the contrary, if it is large then information takes a long
time to travel through the graph. Thus, the population is more resilient and not
so eager to exploit earlier on. Even a partial degree clustering (i.e., percentage
of vertex’s neighbours that are neighbours to one another) helps to disseminate
information in the network. We therefore need to have a combination of highly
clustered and small characteristic path length network. Small world network [7]
fits to this need of ours.

Small world concept was originally proposed by Milgram in [8] which was
later modeled byWatts-Strogatz [9]. Jon Kleinberg [7] further generalized Watts-
Strogatz model and showed that there is a decentralized algorithm capable of
finding short paths with high probability.

Fig. 1. Swarm of particles 6x6 Fig. 2. Small world with 2 random particles

2 Proposed Algorithm - SWPSO-I

In [3], small world network topology proposed by Jon Kleinberg [7] on Von Neu-
mann network model was considered. Fig. 1 shows Von Neumann network with
swarm of size 6x6 and each particle has up, down, left and right particles in its
neighborhood. Now, small world network is formed by adding few random parti-
cles (in this case two) and retaining four immediate Von Neumann neighbors of
a current particle. These random particles are treated as additional neighbors of
current particle (see Fig. 2). The intuitive advantage of these additional random
neighbors is the way small world is formed within the current swarm.

In this paper, SWPSO-I algorithm is being proposed which takes forward the
above mentioned concept of SWPSO. Different from the work in [3] where iner-
tia weight parameter was set constant, in this paper linearly decreasing inertia
weight has been used. This leads to a more balanced exploration-exploitation
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trade-off [10]. Moreover, in this paper particle’s velocity and position is updated
at individual level rather than at population level to make it adaptive. Algorith-
mic detail of the SWPSO-I is given below.

1 Initialize the position
−→
Xk and velocity

−→
V k of each kth particle in the swarm

where k varies from (1, 2, ...., NP ); NP is the size of swarm
2 Initialize fitness counter fes = 0. Define maximum number of fitness evalua-

tion T FEs
3 Compute the fitness Fk for each kth particle in the swarm
4 Perform steps 5 to 13 until maximum number of fitness evaluation is not

exceeded
5 For each of the kth particle perform steps 6 to 13
6 Compare Pbestk of the kth particle with its current fitness value Fk. If the

current fitness value is better, then assign the current fitness value to pbestk
and assign the current position to

−→
XPbestk

7 Compute the small world best fitness SWNbestk by selecting particle with
best fitness (here minimum) in the small world neighbourhood of the kth

particle
8 Update the previous small world best fitness with the current value of

SWNbestk if it is minimum. Also, update previous position of the best
small world particle with the current one

−→
XSWNbestk

9 Update velocity of the particle using Eq. 1

−→
V

′

k = ωVk + C1R1(
−→
XPbestk −−→

Xk) + C2R2(
−→
XSWNbestk −−→

Xk) (1)

where, ω is inertia weight as defined in Eq. 2; lb and ub represents lower and
upper bound respectively; C1 and C2 are acceleration constant; R1 and R2

are random numbers uniformly generated from the interval [0, 1]

ω(fes) = ub− (lb+ 0.1 ∗ fes)/T FEs (2)

10 If
−→
V

′

k < −Vmax then
−→
V

′

k = −Vmax else if
−→
V

′

k > Vmax then
−→
V

′

k = Vmax;
Vmax is set to the half of the search range

11 Update the position of the particle using Eq. 3

−→
X

′

k =
−→
Xk +

−→
V

′

k (3)

12 Compute the fitness of the updated particle
13 Increment the fitness counter fes++

3 Experimental Results

3.1 Benchmark Functions Used

For evaluating the performance of SWPSO-I a test set of twelve functions is used.
Details of the functions are given in Table 1. The test function set includes the
traditional functions and traditional functions with noise, shift and rotation as
described in [11]. Detail description of the Shifting, rotation and noise addition
method for the test functions f8 − f12 can be found in [11].
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Table 1. Test functions, where fmin is the minimum value of a function and S ε Rn

Name Test Function Search Range S fmin

Sphere f1(x) =
∑n

i=1 x
2
i [-100, 100] 0

Rastrigin f2(x) =
∑n

i=1(x
2
i − 10 cos(2Πxi) + 10) [-5.12, 5.12] 0

Griewank f3(x) =
1

4000

∑n
i=1(xi − 100)2 −∏n

i=1 cos
xi−100√

i+1
[-600, 600] 0

Ackley f4(x) = −20 exp(−0.2
√

1
n

∑n
i=1 x

2
i )−

exp( 1
n

∑n
i=1 cos(2πxi)) + 20 + e [-32 32] 0

Rosenbrock f5(x) =
∑n

i=1 100(x
2
i+1 − xi)

2 + (xi − 1)2 [-2.048, 2.048] 0

Schwefel-1-2 f6(x) =
∑n

i=1(
∑i

j=1 x
2
j) [-100, 100] 0

Schwefel-2-22 f7(x) =
∑n

i=1 |xi|+∏n
i=1 |xi| [-10, 10] 0

S-Sphere f8(x) = CEC05(F1) [-100, 100] -450

S-Rosenbrock f9(x) = CEC05(F6) [-100, 100] 390

S-schwefel-1-2 f10(x) = CEC05(F2) [-100, 100] -450

S-schwefel-1-2-Noisy f11(x) = CEC05(F4) [-100, 100] -450

RS-Ackely f12(x) = CEC05(F8) [-32, 32] -140

3.2 Simulation Strategy

To fairly compare the results obtained by SWPSO-I with SWPSO [3] and already
published results of SLPSO [4], simulation was done considering a swarm of size
of 20 (4x5). Swarm was initialized in the search space using symmetric initial-
ization strategy (i.e., uniformly distributed over the search space S). Functions
were tested in 30-dimension (30D) with 30 independent runs. Each run of the
algorithm is terminated when the number of function evaluations (T FEs) ex-
ceed 1e+05. Acceleration coefficient parameter C1 and C2 is set to 1.494. These
values were chosen to ensure good convergence [12]. Inertia weight parameter ω
is varied linearly from 0.9 to 0.4 according to the Eq. 2 for both SWPSO-I and
SLPSO, while it is set to 0.72 for SWPSO. The larger step size at the beginning
offers a better exploration and the smaller step size towards the end offers better
exploitation, thus decreasing chances of missing a global optima. For SWPSO
and SWPSO-I two small world randomized particles were chosen. Experiments
with different number (1, 2 and 3) of randomized particles showed that using
two randomized particles convergence to optimal solution was faster.

3.3 Results on Benchmark Functions

Table 2 shows the mean and standard deviation (within parentheses) for 30 runs
for three algorithms. Results in bold face indicate the best ones. Table 3 shows
the result of two tailed unpaired t-tests [13] with 58 degree of freedom between
the best algorithm and the second best in each case.

It can be observed from Table 2 that SWPSO-I outperforms SWPSO in terms
of mean and standard deviation. Only in one case (f7) SWPSO-I mean value
is larger, but Table 3 shows that this difference is not statistically significant.
For the function f12 both SWPSO-I and SWPSO have same mean value but
low standard deviation value of SWPSO-I shows that SWPSO-I is more stable
than SWPSO. Thus in terms of stability and accuracy SWPSO-I outperforms
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Table 2. Comparison results of mean and standard deviation (within parentheses) in
30 Dimensions over 30 runs

f f1 f2 f3 f4
SWPSO-I 9.6e-71(5.2e-70) 70.64(15.13) 6.56e-3(8.91e-3) 5.35e-1(7.63e-1)
SWPSO 2.94e-61(1.04e-60) 69.52(20.59) 9.3e-3(1.08e-2) 1.452(1.086)
SLPSO 2.78e-50(8.09e-49) 0(0) 0.227(0.144) 3.47e-14(4.45e-14)

f f5 f6 f7 f8
SWPSO-I 6.2(5.3) 5.11e-4(1.01e-3) 1.75e-27(9.48e-27) 3.67e-13(7.09e-13)
SWPSO 10.68(12.75) 1.66e+2(9.12e+2) 1.51e-29(8.29e-29) 1.79e+2(9.85e+2)
SLPSO 2.06 (12.3) 7.93e-3(0.233) 1.35e-26(3.88e-25) 1.00e-13(1.74e-13)

f f9 f10 f11 f12
SWPSO-I 23.6(47.05) 2.06e-3(7.69e-3) 1.46e+3(9.73e+2) 20.9(6.82e-2)
SWPSO 1.15e+10(1.59e+8) 8.40(3.24e+1) 4.32e+3(4.95e+3) 20.9(0.0860)
SLPSO 10.7(140) 1.4e-6(1.57e-6) 1.16e+4(2.99e+4) 20.4(0.846)

SWPSO. Table 2 shows that for seven cases SWPSO-I gives higher mean (i,e,
worse) than the mean of SLPSO algorithm; Table 3 shows that this difference
is statistically not significant for five cases. Moreover for f12 function difference
in mean values of SWPSO-I and SLPSO is not significant but from standard
deviation point of view SWPSO-I is giving more stable result. Similar is the
case for function f9 and f5. Thus SWPSO-I is more stable compared to SLPSO.

Table 3. Results of unpaired t-tests on the data of Table 2

Function Std. Error t Two tailed p Significance

f1 0 1.548 0.1270 Not significant

f2 3.759 18.493 <0.0001 Extremely significant

f3 0.003 1.071 0.2882 Not significant

f4 0.026 8.368 <0.0001 Extremely significant

f5 2.445 1.693 0.0958 Not quite significant

f6 0.043 0.174 0.8622 Not significant

f7 0.000 1.002 0.3203 Not significant

f8 0.0000 2.003 0.0498 Not significant

f9 26.965 0.478 0.6342 Not significant

f10 0.001 1.466 0.1480 Not significant

f11 922.537 3.097 0.0030 Very significant

f12 0.155 3.226 0.0021 Very significant

Table 4. Summarized t-test results

SWPSO-I Significantly Significantly Statistically
Vs. better worse equivalent

SWPSO 3 0 9

SLPSO 2 2 8
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Table 4 summarizes t-test results. It is apparent from the table that perfor-
mance of SWPSO-I is better than SWPSO and comparable with that of SLPSO.

4 Conclusions

In this paper, we have proposed SWPSO-I algorithm which takes forward the
concept of SWPSO. To evaluate the performance of the proposed algorithm
we have tested it on 12 benchmark functions. Mean, standard deviation and
t-test are the performance metrics used for evaluation. Comparative study of
the proposed algorithm with SWPSO and SLPSO justify the efficiency of the
proposed SWPSO-I. Applying SWPSO-I for real world optimization problems
and molding it for data clustering and image segmentation will be the future
scope of study.
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