
Network-Structured Particle Swarm Optimizer That Considers

Neighborhood Distances and Behaviors

Haruna Matsushita1, Yoshifumi Nishio2 and Chi K. Tse3

1Department of Electronics and Information Engineering, Kagawa University
2217–20 Hayashi-cho, Takamatsu, Kagawa 761–0396, Japan

2Department of Electrical and Electronic Engineering, Tokushima University
2-1 Minami-Josanjima, Tokushima 770-8506, Japan

3Department of Electronic and Information Engineering, Hong Kong Polytechnic University
Hung Hom, Kowloon, Hong Kong

E-mail: 1haruna@eng.kagawa-u.ac.jp, 2nishio@ee.tokushima-u.ac.jp, 3encktse@polyu.edu.hk

Abstract This study proposes a network-structured particle swarm optimizer (NS-PSO), which con-

siders neighborhood distances. All particles of the NS-PSO are connected to adjacent particles in the

neighborhood of topological space, and NS-PSO utilizes the connections between them not only to share

local best position but also to increase swarm diversification. Each NS-PSO particle is updated depending

on the positions of the local best and current best particles. In NS-PSO, the neighborhood distance in the

topological space from each particle to the current best position is also considered. This effect promotes the

diversification of solutions and avoids the solutions from becoming trapped at local optima. Simulation re-

sults and comparisons with conventional particle swarm optimization show that the proposed NS-PSO can

effectively enhance the searching efficiency by measuring in terms of accuracy, robustness and parameter-

dependence. Furthermore, we consider various network topologies, grid, hexagonal, cylinder and toroidal.

We investigate their behaviors and evaluate the kind of topology that would be the most appropriate for

each benchmark.

Keywords: particle swarm optimization (PSO), swarm intelligent, neighborhood relationship, network topology

1. Introduction

The particle swarm optimizer (PSO) [1] is an evo-
lutionary algorithm used to simulate the movement of
the flocks of birds. Due to its simple concept, easy
implementation and quick convergence, PSO has at-
tracted recent attention and finds wide applications in
various fields. In the PSO algorithm, the position of
each particle is updated according to its personal best
position (pbest) and the global best position among
all the particles (gbest). However, the degrees of in-
fluence of both pbest and gbest are determined ran-
domly in each iteration. In other words, the particles
of PSO [1] are fully connected and all the particles are
influenced by gbest in the same way, whichever parti-
cle becomes the global best. However, in real world,
various personal relationships exist, such as hierarchi-
cal relationships, those based on parent-child relation-
ships, etc., and the degree of influence from respective

individuals depends on their relationship.
Various topological neighborhoods for PSO have

been considered [2–6]. Researches have applied the
ring neighborhood, the von Neumann neighborhood,
or some other topological neighborhood, and each par-
ticle shares its local best position among neighboring
particles in the topological space. In most PSOs using
local best, a connection between the particles is deter-
mined prior to the search, and the local neighbors are
defined not as particles located close to each other in
the search space, but as particles directly connected
to each other in the topological space. The neigh-
borhoods of each particle do not change throughout
the searching but the particle distances in the search
space dynamically change according to the movement
of the particles. This is because a huge amount of
calculation is needed if the neighborhoods of the par-
ticles change depending on the particle distances in
the search space [7]. The connections between the
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particles increases convergence speed, and quick con-
vergence helps the swarm to focus on the search in a
local region by exploiting the information of solutions
found in this region. Although it increases the search
ability of PSO for unimodal functions that have no
local optima other than the global optimum, it causes
the solutions to be trapped at the local optima for
multimodal functions. To avoid this, a researcher pro-
posed PSO [8] which tries to increase swarm diversifi-
cation by changing connections between the particles
during the search. In PSO, however, we have to rede-
termine the local neighbors each time the connections
change. Furthermore, although various modified topo-
logical PSOs are certainly effective [9], the algorithms
are somewhat complicated, and it is hard for a per-
son who is unfamiliar with PSO, to set appropriate
parameters and obtain the desired optimization per-
formance.

This study proposes a new PSO algorithm with
topological neighborhoods—network-structured PSO
(NS-PSO)—which considers neighborhood distances.
NS-PSO utilizes the connections between the particles
not only to share the local best but also to increase
swarm diversification. All NS-PSO particles are con-
nected to adjacent particles in the neighborhood of
a topological space. The connected particles, namely
neighbors in the topological space, share their own
best position information. Furthermore, for each iter-
ation, we find a winning particle whose fitness value is
the current best among all the particles and each par-
ticle is attracted to the winner depending on the neigh-
borhood distance in the topological space. Therefore,
the nearer a particle is connected to the winner in the
topological space, the more strongly it is attracted to
the winner, even if its position in the search space is
far from the winner’s position. This effect promotes
the diversification of solutions and avoids the solutions
from becoming trapped at local optima without re-
calculating the neighborhood relationship during the
search because the neighborhood distances between
all particles are uniquely determined and correspond
to the topology. Although the neighborhood distance
is known as a learning tool in the self-organizing map
(SOM) [10] which is an unsupervised neural network,
we can say that NS-PSO consists of a combination of
PSO and SOM.

We apply NS-PSO to various network topologies—
grid, hexagonal, cylinder, and toroidal. NS-PSO with
various topologies are applied to seven benchmark
functions considering unimodal and multimodal func-
tions. We confirm that NS-PSOs improve the opti-
mization performance compared with the conventional
global best PSO [1] by measuring in terms of accuracy,
robustness, and parameter dependence. Furthermore,
we investigate their behaviors and evaluate the kind of
topology that would be the most appropriate for each
benchmark. From the results, we find that the a circu-

lar topology is effective for simple unimodal functions
because this topology easily transmits the best posi-
tion information of each particle to others. We also
confirm that a hexagonal topology is appropriate for
complex multimodal functions because this topology
contains various kinds of particles and this effect pro-
motes the diversification of solutions and avoids the
solutions from being trapped at local optima.

2. Particle Swarm Optimizer (PSO)

2.1 Conventional PSO

PSO is a computational algorithm based on swarm
intelligence. In this algorithm, multiple potential
solutions called “particles” coexist. Each particle
has the following information: position and veloc-
ity. At each iteration, the particle flies toward its
own previous best position (pbest) and the best po-
sition among all the particles (gbest). The posi-
tion vector of each particle i and its velocity vec-
tor are represented by Xi = (xi1, · · · , xid, · · · , xiD)
and V i = (vi1, · · · , vid, · · · , viD), respectively, where
(d = 1, 2, · · · , D), (i = 1, 2, · · · ,M).

(PSO1) (Initialization) Let a iteration step t = 0.
Randomly initialize the particle position Xi and its
velocity V i for each particle i, and initialize pbest
P i = (pi1, pi2, · · · , piD) with a copy of Xi. Evalu-
ate the objective function f(Xi) for each particle i
and find gbest P g = (pg1, pg2, · · · , pgD) with the best
fitness value among all the particles;

g = arg min
i
{f(P i)} (1)

(PSO2) Evaluate the fitness f(Xi). For each parti-
cle i, update pbest as P i = Xi, if f(Xi) < f(P i).
Update gbest P g, if needed.
(PSO3) Update V i and Xi of each particle i depend-
ing on its pbest and gbest according to the following:

vid(t + 1) = wvid(t) + c1rand(·) (pid − xid(t))

+ c2Rand(·) (
pgd − xid(t)

)

xid(t + 1) = xid(t) + vid(t + 1)

(2)

where w is the inertia weight determining the amount
of previous velocity of the particle is preserved. c1 and
c2 are two positive acceleration coefficients, generally
c1 = c2. rand(·) and Rand(·) are two uniform random
numbers from U(0, 1), and they are different values at
respective dimensions d.
(PSO4) Let t = t + 1, and go back to (PSO2).

2.2 PSO with grid topology

The most traditional PSO [1] is the fully connected
PSO whose particles are directly connected to each
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(a)
Grid
topology

(b)
Hexag-
onal
topology

(c)
Cylinder
topology

(d)
Toroidal
topology

Fig. 1 Different network topologies with 10×10 parti-
cles: Connections between the directly connected par-
ticles are represented by black lines and create “neigh-
bors”. (a) Each particle has four neighbors, except
particles located at the edges of the topology, (b) Each
particle has six neighbors, except particles located at
the edges of the topology, (c) In addition to the grid
topology, particles on the top and bottom edges are
neighbors, (d) In addition to the cylinder topology,
particles on the left and right edges are neighbors.

other. However, PSOs having topological neighbor-
hoods between the particles have been proposed. in
which each particle is affected by the local best (lbest)
in its local neighborhood.

We should define the meaning of neighborhood. In
some research, the neighboring particles were defined
as those particles with similar cost values or as the
particles whose position are close to each other in the
search space. However, in this study, the particles
directly connected in the topological space are defined
as neighborhood, even if their positions or their costs
are widely different. For an example we consider a
grid topology shown in Fig. 1(a). Each particle has
four local neighbors, except the edge particles, which
have two or three neighbors. A local best position lbest
Li = (li1, li2, · · · , liD) of each particle i is the position
with the best fitness value among its neighbors.

In the PSO algorithm with grid topology, the par-
ticles are influenced by lbest instead of pbest;

vid(t + 1) = wvid(t) + c1rand(·)(lid − xid(t))
+ c2Rand(·)(pgd − xid(t))

(3)

3. Network-Structured PSO Considering
the Neighborhood Distances

The particles in a conventional PSO are fully con-
nected, however, the connections are used only for
sharing each best position. Thus, a conventional PSO
has a star connection with gbest.

The NS-PSO algorithm is based on structures of
the conventional PSO and SOM. NS-PSO has the fol-
lowing four key features.

1) All the particles are connected to adjacent particles
in the neighborhood of a topological space.

2) The particles share the local best position (lbest)
between the directly connected particles (neighbors),
and lbest is used instead of pbest.
3) Instead of gbest which is the global best position
so far, NS-PSO uses the current best position cbest in
each iteration.
4) NS-PSO introduces a neighborhood function to
control the degree of attraction of each particle to the
current best particle, which is called the “winner.”
The neighborhood function depends on the distance
between each particle, and the winner in the topolog-
ical space.

With these features, each NS-PSO particle is updated
depending on its local best position (lbest) and the cur-
rent best position (cbest) in the search space as well
as the neighborhood distance between each particle
and the winner in the topological space. Differences
between conventional PSO, PSO with grid topology,
and NS-PSO are summarized in Table 1. In this study,
we use various topologies as shown in Fig. 1 and in-
vestigate their behaviors. The grid and the hexagonal
topologies in Figs. 1(a)–(b) are sheet shapes, and the
cylinder and toroidal topologies in Figs. 1(c)–(d) are
circular in shape.

(NS-PSO1) (Initialization) Consider an iteration
step t = 0. Initialize Xi, V i, P i, and P g accord-
ing to (PSO1). Define the global best particle g as a
winner c, which is a particle with P g. Find lbest Li

of each particle i.
(NS-PSO2) Evaluate the fitness f(Xi) and find a
winner c with the best fitness among all the particles
at current time t;

c = arg min
i
{f (Xi(t))} (4)

The winner c changes dramatically with time. Note
that the winner is different from the particle with gbest
in the definition, namely Xc �= P g. cbest has the best
fitness value at the current time (Eq. (4)); however,
gbest has the best fitness value so far (Eq. (1)).
(NS-PSO3) Update each pbest P i, if needed. Update
gbest as P g = Xc, if f(Xc) < f(P g).

Update each lbest Li which is the local best be-
tween the particle i and its directly connected neigh-
bors, denoted as Ni;

Li = arg min
j

{f(P j)}, j ∈ {i,Ni} (5)

(NS-PSO4) Update V i and Xi of each particle i
depending on its lbest, the winner’s position Xc, and
the neighborhood distance in the topological space be-
tween i and the winner c, according to the following:

vid(t + 1) = wvid(t) + c1rand(·) (lid − xid(t))
+ c2hc,i (xcd − xid(t))

xid(t + 1) = xid(t) + vid(t + 1)
(6)
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Table 1 Differences between PSO, PSO with grid topology and NS-PSO
Method PSO NS-PSO (Grid) NS-PSO

Connection relationships
between particles

Fully connected Grid topology
Grid, Hexagonal, Cylinder,

Toroidal topology

Influenced factors
and its influence rate

previous velocity V i

inertia weight; w
pbest P i lbest Li

random; c1rand(·) random; c1rand(·)
gbest P g cbest Xc

random; c2Rand(·) neighborhood dist. between c and i; hc,i

Object of connections
between particles

Sharing gbest Sharing gbest and lbest
Sharing lbest and using

neighborhood dist. between particles

0

1

||ri - rc||2

hc,i

Fig. 2 Neighborhood function defined by Eq. (7)

where hc,i is the fixed neighborhood function shown
in Fig. 2 and is defined by

hc,i = exp
(
−‖ri − rc‖2

2σ2

)
(7)

where ‖ri − rc‖ is called the “neighborhood distance”
and is the distance between particles c and i with the
given topology shown in Fig. 3. It is important to note
that the neighborhood distance ‖ri − rc‖ is different
from the distance in the search space, represented by
‖Xi − Xc‖. Actually, we do not need to calculate
the neighborhood distance ‖ri − rc‖ at each iteration
because the neighborhood distances between all the
particles are uniquely determined and correspond to
the topology. The fixed parameter σ corresponds to
the width of the neighborhood function. Therefore,
a large σ strengthens the particles’ spreading force to
the whole space, and a small σ strengthens their con-
vergent force toward the winner. NS-PSO uses lbest
and the neighborhood distance from the winner c. In
other words, if the particle is connected far from the
winner in the topological space, it is not highly at-
tracted to the winner, even if its position is near it in
the search space. In addition, in the NS-PSO algo-
rithm, we use not the global best gbest but also the
current best cbest, although we only use gbest to de-
code the final best solutions. This is because NS-PSO
does not use the distance in the search space from
gbest, but it uses the neighborhood distance in the

topological space from cbest; i.e., NS-PSO considers
the current connection to be important. However, NS-
PSO has no problem using gbest instead of cbest and
can obtain better results.
(NS-PSO5) Let t = t+1, and return to (NS-PSO2).

4. Experimental Results

To evaluate the performance of NS-PSO with var-
ious topologies, we use seven benchmark optimization
problems summarized in Table 2. f1, f2, f3 and f4

are unimodal functions, and f5, f6 and f7 are multi-
modal functions with numerous local minima. All the
functions have D variables, and in this study we set
D = 50. The optimum solution X∗ of Rosenbrock’s
function f2 is [1, 1, . . . , 1], and X∗ of the other func-
tions are all [0, 0, . . . , 0]. The optimum fitness values
f(X∗) of all the functions are 0.

We compare the proposed NS-PSOs with three
kinds of PSO—the conventional PSO, PSO with grid
topology and NS-PSO using pbest instead of lbest.
PSO: This is the conventional PSO whose particles
are fully connected. Each particle information is up-
dated depending on its pbest and gbest according to
Eq. (2).
PSO with grid topology: This is a PSO whose par-
ticles are connected depending on grid topology. Each
particle information is updated depending on lbest and
gbest, according to Subsection 2.2.
NS-PSO with various topologies: This is the
proposed method. The particles are connected to
each other according to four different topologies—grid,
hexagonal, cylinder, and toroidal. Each particle infor-
mation is updated depending on lbest—the position of
the current best (namely, winner)—and the neighbor-
hood distance in the topological space from the win-
ner, according to Eq. (6). The neighborhood distances
and lbest are determined depending on each topology,
according to Fig. 3.
NS-PSO using pbest: This is NS-PSO with grid
topology; however, it does not use lbest but uses pbest.
Each particle information is updated depending on
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c (3,4)

i (1,1)

1 2 3

1

2

3

4

(a) Grid topology.

‖ri − rc‖ =
√

13.

1 2 3

i (1.5,          )

c (3,           )

(b) Hexagonal topology.
‖ri − rc‖ = 3.

c (3,4)

i (1,1)

1 2 3

1

2

3

4

(c) Cylinder topology.

‖ri − rc‖ =
√

5.

c (3,4)

i (1,1)

1 2 3

1

2

3

4

(d) Toroidal topology.

‖ri − rc‖ =
√

2.

Fig. 3 How to measure neighborhood distance between nodes i and c in case with different topologies: The
neighborhood distance ‖ri −rc‖ between i and c is calculated as Euclidean distance, depending on the topological
grid coordinates of the NS-PSO particles based on the given topology. Consider, a 4 (= n rows) × 3 (= m columns)
network. (a) The network grid coordinates of the particles are simply grid, (b) The x-coordinates of every other
row are shifted by +0.5, and the y-coordinates are multiplied by

√
0.75. This is executed to make the distances of

a unit to all its six neighbors equal, (c) The particles in the 1st and nth rows are neighbors, (d) In addition to the
cylinder topology, the particles in the 1st and mth columns are neighbors.

Table 2 Seven test functions. D = 50
Function name Test function Initialization space

Sphere func.; f1(X) =

DX

d=1

x
2
d, [−5.12, 5.12]D

Rosenbrock’s func.; f2(X) =

D−1X

d=1

„
100

“
x
2
d − xd+1

”2
+ (1 − xd)

2
«

, [−2.048, 2.048]D

3rd De Jong’s func.; f3(X) =

DX

d=1

|xd|, [−2.048, 2.048]D

4th De Jong’s func.; f4(X) =

DX

d=1

dx
4
d, [−1.28, 1.28]D

Rastrigin’s func.; f5(X) =
DX

d=1

“
x
2
d − 10 cos (2πxd) + 10

”
, [−5.12, 5.12]D

Ackley’s func.; f6(X) =

D−1X

d=1

 
20 + e − 20e

−0.2
r

0.5
“

x2
d
+x2

d+1

”

− e
0.5(cos(2πxd)+cos(2πxd+1))

!
, [−30, 30]D

Stretched V
f7(X) =

D−1X

d=1

(x
2
d + x

2
d+1)

0.25
“
1 + sin

2
(50(x

2
d + x

2
d+1)

0.1
)
”
, [−10, 10]D

sine wave func.;

lbest, the position of the winner and the neighborhood
distance in the topological space from the winner, is
given as follows:

vid(t + 1) = wvid(t) + c1rand(·)(pid − xid(t))
+ c2hc,i(xcd − xid(t))

(8)

The population size M is set to 36 in PSOs, and the
network size is 6 × 6 in NS-PSO with each topology.
For PSOs and NS-PSOs, the parameters are set as
w = 0.7 and c1 = c2 = 1.6 because they were the
most favorable parameters to the conventional PSO in
a preliminary experiment. The neighborhood radius
σ of all NS-PSOs is 1.5. We perform the simulations
100 times repeatedly for all the optimization functions

with 3000 iterations.

4.1 Compared performances depending on problems

The performances with the minimum and mean
fitness values, and their standard deviations over 100
independent trials on seven functions are listed in
Table 3. The best results of the mean fitness val-
ues among all the algorithms are shown in bold. All
the NS-PSOs with their various topologies surpassed
the conventional PSO on all seven functions. In fact,
apart from NS-PSO with grid topology on f3, the con-
ventional PSO never obtained better results than any
proposed NS-PSOs, which consider neighborhood dis-
tance and use lbest. Furthermore, because the stan-
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Table 3 Comparison results of PSOs and NS-PSOs on seven test functions

f
PSO NS-PSO

- Grid Grid Hexagonal Cylinder Toroidal
pbest lbest pbest lbest lbest lbest lbest

f1
Mean 1.94e-19 8.35e-16 8.69e-03 8.63e-25 4.92e-22 2.94e-25 3.03e-25

Minimum 1.56e-26 1.13e-20 5.77e-07 4.85e-31 2.51e-28 1.58e-31 6.19e-31
Std 1.44e-18 4.10e-15 0.020 4.97e-24 3.58e-21 1.42e-24 2.23e-24

f2
Mean 51.61 59.17 47.85 40.85 42.27 42.24 39.55

Minimum 19.35 4.56 40.37 24.96 33.33 28.19 26.85
Std 25.40 34.03 9.94 7.20 9.83 11.62 6.22

f3
Mean 2.05e-04 6.64e-08 0.17 2.05e-02 1.21e-05 7.04e-08 5.74e-08

Minimum 7.89e-12 2.00e-11 9.05e-04 4.01e-12 3.19e-12 5.86e-21 3.95e-12
Std 1.05e-03 3.18e-07 0.26 0.20 1.19e-04 2.23e-07 2.42e-07

f4
Mean 2.77e-35 2.95e-25 1.71e-05 1.67e-41 2.23e-39 1.50e-41 1.68e-44

Minimum 9.24e-42 1.34e-30 5.28e-14 5.17e-49 2.56e-46 3.01e-49 1.73e-52
Std 2.39e-34 1.81e-24 7.87e-05 1.55e-40 1.32e-38 1.28e-40 6.07e-44

f5
Mean 149.76 170.87 94.88 112.99 90.82 87.26 109.88

Minimum 66.66 88.55 59.70 48.75 52.73 41.79 33.83
Std 26.83 37.85 23.30 22.71 19.42 22.68 82.06

f6
Mean 231.79 152.46 300.30 228.77 161.93 193.78 216.03

Minimum 100.49 10.32 187.76 84.88 45.63 76.80 68.44
Std 64.00 69.76 55.27 69.89 57.81 55.56 61.57

f7
Mean 64.65 76.15 50.48 39.49 34.86 39.11 38.54

Minimum 40.18 41.31 29.83 12.79 16.62 13.39 17.22
Std 13.18 16.54 8.85 11.06 9.59 11.97 11.16

Table 4 Differences from the best result
Difference from the best result

f Best PSO NS-PSO
Result - Grid Grid Hexagonal Cylinder Toroidal

pbest lbest pbest lbest lbest lbest lbest

f1 2.94e-25 1.94e-19 8.35e-16 8.69e-03 5.69e-25 4.91e-22 0 9.38e-27
f2 39.55 12.06 19.62 8.29 1.30 2.71 2.69 0
f3 5.74e-08 2.05e-04 9.01e-09 1.70e-01 2.05e-02 1.21e-05 1.30e-08 0
f4 1.68e-44 2.77e-35 2.95e-25 1.71e-05 1.67e-41 2.23e-39 1.50e-41 0

f5 87.26 62.50 83.62 7.62 25.73 3.56 0 22.62
f6 152.46 79.33 0 147.84 76.31 9.46 41.32 63.56
f7 34.86 29.79 41.29 15.62 4.63 0 4.26 3.69

dard deviations of NS-PSOs are better than the con-
ventional PSO on all functions, we can say that the
robustness of NS-PSO was improved. PSO with grid
topology highly improved the performance of conven-
tional PSO on f3 and f6, and compared with the
proposed NS-PSOs with various topologies, the per-
formances were much better. However, because the
results of PSO with grid topology were worse than
the conventional PSO on most other problems, we
can say that PSO with grid topology greatly depends
on the problem. On the other hand, NS-PSO which
uses pbest instead of lbest, obtained better results than
conventional PSO on f2, f4, f5 and f7, although the
performances were much worse than PSO on other
problems. Furthermore, in most cases, the proposed
NS-PSOs using lbest were better than NS-PSO using
pbest. From these results, we can conclude that using
only the network topology (lbest) or the neighborhood
function (hi,c) does not make the performance better,
but using both is effective.

Next, we consider relationships between perfor-
mance and topologies. Table 4 shows the best result
from the seven algorithms and the differences between
the best result and the results of the respective algo-
rithms. NS-PSO with grid topology, hexagonal topol-

ogy, cylinder topology and toroidal topology achieve
the best values 0, 1, 2 and 3 times, respectively. For
the unimodal functions of f1, f2, f3 and f4, NS-PSO
with toroidal topology obtained the best results most
frequently, and the cylinder topology delivered a very
small difference from the best results. For multimodal
functions f5, f6 and f7, NS-PSO with hexagonal topol-
ogy obtains the best result on f7 and second-best re-
sults, which are small differences from the best results,
on f5 and f6. Therefore, we can say that the hexago-
nal topology is the most effective for the multimodal
functions. NS-PSO with grid topology achieves good
stable results for both unimodal and multimodal func-
tions, even if it cannot obtain the best results among
NS-PSOs for any benchmarks. From these results, we
can conclude that the circular-shaped NS-PSO with
toroidal topology is more suitable for unimodal func-
tions, and the sheet-shaped NS-PSO with hexagonal
topology is more effective for multimodal functions.

4.2 Comparison of convergence curves

Figure 4 shows the mean gbest values of every iter-
ation over 100 trials for seven test functions. We con-
sider unimodal functions f1–f4. All the NS-PSOs con-
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Fig. 4 Convergence curves of PSO and four NS-PSOs on seven 50-dimensional functions: The curves show the
mean f(P g) of 100 trials, corresponding to each iteration.

verged faster than the conventional PSO and, in par-
ticular, NS-PSO with toroidal topology was fastest.
This is attributed to a difference in the average neigh-
borhood distance between the particles. The particles
of the toroidal topology are connected to each other at
a short distance, thus all the particles of the toroidal
topology are connected via fewer particles than in
other topologies. This effect makes communication
between the particles faster than in other topologies,
therefore the particles of the toroidal topology can
converge quickly. This indicates that the circular-
shaped NS-PSO with toroidal or cylinder topology is
suitable for unimodal functions that have no local op-
tima other than the global optimum.

Next, we consider multimodal functions f5–f7. Al-
most all NS-PSOs converged faster than the conven-
tional PSO, and all the NS-PSOs obtained better re-
sults than the conventional PSO for all multimodal
functions. This is because NS-PSO uses lbest and
the neighborhood distance according to the connec-
tions between particles. It increases the diversifica-
tion of the particles and avoids the NS-PSO solutions
from becoming trapped at local optima. In partic-
ular, NS-PSO with hexagonal topology obtained the
best or second-best results for all multimodal func-
tions. This is attributed to the fact that the diversity
of the hexagonal topology is highest because its par-
ticles have various number of neighbors and various
average neighborhood distances between other parti-
cles. This indicates that the hexagonal topology is

suitable for multimodal functions.
The effectiveness of using neighborhood functions

and relationships between different topologies and per-
formance are discussed in detail in Section 4.4.

4.3 Parameter dependence

To investigate the ease of use of NS-PSO, we con-
sider the degree of parameter dependence. First, we
investigate the effects of the parameters—the inertia
weight w and the acceleration coefficients c1 and c2 on
performance quality, and their sensitivity.

Figure 5 shows the mean fitness values of gbest,
f(P g), with different w over 100 trials for all the test
functions with 50 dimensions. The fixed parameters
are the same as that in the above simulations. We can
see that all the NS-PSOs achieved better performances
than the conventional PSO, even if the inertia weight
w is varied. If we decrease or increase w by just 0.1,
the performance of conventional PSO turns drastically
worse, as shown in Figs. 5(a)–(e). However, NS-PSOs
obtained better results and were more robust than the
conventional PSO if w is set as a small value (w ∈
[0.1, 0.6]) [11], particularly with multimodal functions,
as shown in Figs. 5(e)–(g).

Figure 6 shows the mean fitness values of gbest,
f(P g), with different c1(= c2) over 100 trials for all
the test functions with 50 dimensions. Note that for f3

and f5, the best gbest values of the conventional PSO
among all the c1(= c2) are smaller than NS-PSOs, as
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Fig. 5 Relationship between the inertia weight w and the performances of PSO and NS-PSOs: These results
show the mean f(P g) of 100 trials. Fixed parameters; c1 = c2 = 1.6, σ = 1.5.

shown in Figs. 6(c) and (e). However, the conven-
tional PSO is extremely sensitive to small changes in
c1(= c2), but the performances of NS-PSOs are sta-
ble. For other functions, NS-PSOs can obtain better
results than PSO, even if c1(= c2) is varied. In par-
ticular, 0.4 ≤ w < 0.7 and 1.5 ≤ c1(= c2) < 1.6 are
considered appropriate for NS-PSO regardless of the
topologies. From these results, we can conclude that
the parametric dependence of NS-PSOs is not stronger
than that of the conventional PSO.

Next, we consider σ which is an important param-
eter for NS-PSO and corresponds to the width of the
neighborhood Gaussian function. Figure 7 shows the
mean fitness values of gbest f(P g) with different σ over
100 trials for all test functions with 50 dimensions.
From these figures, σ seems to be more sensitive than
the other two parameters for NS-PSO. However, all
the benchmark functions obtained satisfactory results,
regardless of topologies, when σ ∈ [1, 1.5]. Therefore,
we can presume that σ ≤ 1.5(=

√
M/2) is considered

appropriate for NS-PSO regardless of the topologies.
It is also important to investigate the relationship be-
tween the number of particles M and its appropriate
value of σ; however, these could form important topics
for further research.

The results of this investigation show that the pa-
rameter dependence of NS-PSO is not stronger than
that of the conventional PSO, and its degree is not so
depending on differences between topologies. We can

conclude that we can easily use NS-PSO without com-
plicated parameter settings even though NS-PSO has
a network structure. It shows that even if a person is
unfamiliar with PSO, they can obtain better results
than the conventional PSO by using NS-PSO.

4.4 Behaviors of NS-PSO with various topologies

4.4.1 Effect of the neighborhood function
The convergence speed of NS-PSO is almost same

or slower than the conventional PSO. In the conven-
tional PSO, according to Eq. (2), the particles move
in the direction of gbest and pbest; however, the re-
spective degrees of movement are decided randomly
on each iteration. On the other hand, as can be seen
from Eq. (6), NS-PSO uses the neighborhood Gaus-
sian function which controls the degree of attraction of
each particle to the winner. Then, the particles move
according to the neighborhood distance between the
winner and themselves. In the winner’s neighborhood
particles, the neighborhood distance ||ri−rc|| is small
and a value of the neighborhood function hc,i is large,
as shown in Fig. 2. Therefore, they are strongly at-
tracted by the winner beyond the winner, as shown in
Fig. 8(a), so that they spread out through the whole
space. For the particles that are not 1-neighbors of the
winner but are connected near the winner in the topo-
logical space, the degree of attraction to the winner is
strong (Fig. 8(b)). The other particles fly toward their
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Fig. 6 Relationship between the acceleration coefficients c1 = c2 and the performances of PSO and NS-PSOs:
These results show the mean f(P g) of 100 trials. Fixed parameters; w = 0.7, σ = 1.5.

lbest, as shown in Fig. 8(c), because c2hc,i is small. In
other words, the roles of the NS-PSO particles are
determined by the connection, and the neighborhood
function easily produces particle diversity. These ef-
fects avert premature convergence, and the NS-PSO
particlescan easily escape from the local optima.

4.4.2 Discussion on the evaluation of each topology
Let us consider the topology and its behavior in

terms of the average neighborhood distance L, which
is also known as the average node-to-node distance,
and the average number of neighbors N which is also
called “average node degree.” The average neighbor-
hood distance L is measured by

L =
1

M(M − 1)

∑
i �=j

‖ri − rj‖ (9)

where M is the number of nodes, namely particles,
and ‖ri−rj‖ is the distance between node i and node
j in the topological space and is calculated according
to Fig. 3. The node degree of a node i, namely the
number of neighboring particles of the particle i, is
measured by

Ni =
M∑

j=1

aij (10)

aij =

{
1, node i and j are directly connected
0, otherwise

therefore, the average node degree of the entire net-
work is given as follows:

N =
1
M

M∑
i=1

Ni (11)

On a 6×6 map, the average neighborhood distance
L of respective topologies—grid, hexagonal, cylinder,
and toroidal, are 3.17, 2.98, 2.80, and 2.40, respec-
tively, and its histogram-based number of particles is
shown in Fig. 9(a). The average node degree N of
respective topologies—grid, hexagonal, cylinder and
toroidal, are 3.33, 4.72, 3.67, and 4, and its histogram
is shown in Fig. 9(b). From the simulation results
summarized in Table 3 and the convergence curves
shown in Fig. 4, the circular-shaped NS-PSO is suit-
able for unimodal functions that have a unique opti-
mum, and the hexagonal topology is suitable for mul-
timodal functions. Because the cylinder and toroidal
are both circular topology, the individuality of each
particle is almost the same, as shown in Fig. 9. In
the cylinder topology, the averages of the neighbor-
hood distances between respective particles are of only
three kinds and the node degrees of respective parti-
cles are only two kinds. Especially in the toroidal
topology, Li and Ni are completely the same for any
of the particles, and they are 2.4 and 4, respectively.
This fact means that the features of the particles of
the circular-shaped NS-PSO are similar and without
much difference in their behavior, no matter which
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Fig. 7 Relationship between the width of the neighborhood function σ and the performances of NS-PSOs: These
results show the mean f(P g) of 100 trials. Fixed parameters; c1 = c2 = 1.6, w = 0.7.

(a) (b) (c)

Fig. 8 Examples of updating the behaviors of NS-PSO depending on the neighborhood distance between the
winner and each particle: The degree of attraction to cbest Xc is determined by c2hc,i according to Eq. (6). Note
that rand(·) is [1, 1, · · · , 1]D for easy understanding and c2 > 1. (a) Case in which a particle i is directly connected
to the winner c in the topological space. Since hc,i is large value close to 1 and c2hc,i > 1, the particle i is strongly
attracted by Xc and goes beyond it, (b) Case in which a particle i is not directly connected but is connected near
the winner c in the topological space. The particle i is attracted by Xc, (c) Case in which a particle i is located
far from the winner c in the topological space. The particle i is little influenced by Xc since hc,i is a small value.

any particle becomes the winner. Furthermore, L of
the toroidal topology is the smallest in the four NS-
PSOs. From these effects, it is easy to transmit the
information of lbest to all particles; therefore, circu-
lar topology is effective for simple unimodal function.
However, premature communication produces prema-
ture convergence; then, the toroidal topology easily
goes into the local optima in multimodal functions.
On the other hand, Fig. 9 shows that NS-PSO with
hexagonal topology contains various kinds of particles
that have different neighborhood distances and dif-

ferent sizes of local neighbors. These effects produce
diversity of particles and avert premature convergence
although the communication speed of the particles is
kept in moderation because N is big. Therefore, the
particles of NS-PSO with hexagonal topology avoid
becoming trapped in the local optima. Furthermore,
Fig. 7 shows that the parameter dependence on σ of
the hexagonal topology is weaker than that in other
topologies. From these considerations, we can con-
clude that the sheet-shaped topology as the hexago-
nal topology, in which the value of Li and Ni of each
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Fig. 9 Topology features. (a) Average neighborhood
distance L, (b) Node degree Ni

particle is less bias and the average node degree N is
high, is suitable for multimodal functions and obtains
better results in unimodal functions than the conven-
tional PSO.

5. Conclusions

This study has proposed a new PSO with topolog-
ical neighborhoods—NS-PSO, which considers neigh-
borhood distances. All the particles of NS-PSO are
connected to adjacent particles in the neighborhood
of a topological space. NS-PSO utilizes the connec-
tions between the particles not only to enhance the
local search, but also to increase the diversification
of the solutions. In NS-PSO, the directly connected
particles share the information of their own best po-
sition. Furthermore, each particle moves depending
on the neighborhood distance in the topological space
between it and a current best particle called the “win-
ner.” Therefore, the nearer the particle is connected to
the winner in the topological space, the more strongly
the particle is attracted to the winner, even if its po-
sition in the search space is far from the winner’s po-
sition.

In the simulation results, we have confirmed the ac-
curacy of PSO and NS-PSO by applying seven bench-
mark functions, and it is clear that the overall perfor-
mance of NS-PSO is efficient because the optimization
results and their standard deviations improved from
the conventional PSO on all the benchmarks. In addi-
tion, the simulation results showed that by using only
the network topology (lbest) or the neighborhood func-
tion does not make the performance better, but using
both is effective. Because the parameter-dependence
of NS-PSO is weaker than that of the conventional
PSO, we can easily use NS-PSO without complicated
parameter settings. It means that, even if a person is
not familiar with PSO, they can obtain better results
than the conventional PSO by using NS-PSO.

Furthermore, we have applied NS-PSO to various

topologies and confirmed that NS-PSOs with various
topologies are more effective than other PSOs that
do not use neighborhood distance. In addition, we
have found that toroidal and hexagonal topologies are
suitable for unimodal and multimodal functions, re-
spectively.

The utilization of neighborhood distance has possi-
bilities for application to the updating of equations for
other PSOs with topological neighbors since the NS-
PSO updating rule is not complicated. Moreover, vari-
ous simulation results and investigations into NS-PSO
behaviors mean that their optimization performance
may be improved by using neighborhood functions.
This could form an important topic for further re-
search. In addition, other important future studies are
as follows: an investigation of the relationship between
the number of particles and the appropriate topology
and a comparison of NS-PSO with other PSOs with
topological neighbors.
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