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Self-Organizing Potential Field Network: A New
Optimization Algorithm

Lu Xu and Tommy Wai Shing Chow, Senior Member, IEEE

Abstract—This paper presents a novel optimization algorithm
called self-organizing potential field network (SOPFN). The
SOPFN algorithm is derived from the idea of the vector potential
field. In the proposed network, the neuron with the best weight
is considered as the target with the attractive force, while the
neuron with the worst weight is considered as the obstacle with
the repulsive force. The competitive and cooperative behaviors
of SOPFN provide a remarkable ability to escape from the local
optimum. Simulations were performed, compared, and analyzed
on eight benchmark functions. The results presented illustrate
that the SOPFN algorithm achieves a significant performance
improvement on multimodal problems compared with other
evolutionary optimization algorithms.

Index Terms—Neural network, self-organizing map, stochastic
optimization, vector potential field.

I. Introduction

OPTIMIZATION refers to the study of problems in which
one seeks to minimize or maximize a function by

efficiently choosing the values of floating-point or integer
variables within a space limit. The function can be defined
according to different problems, e.g., complex networks,
telecommunications, traveling salesman problems, and path
planning of mobile robots. In practice, it is impossible to find
the optimal solution by sampling every value in a search space
within a finite computational time.

The stochastic optimization technique, which has become
increasingly important in solving optimization problems, in-
cludes local strategies such as simulated annealing (SA) [13],
and population-based strategies such as genetic algorithm
(GA), differential evolution (DE), particle swarm optimiza-
tion (PSO), and self-organizing migrating algorithm (SOMA).
These algorithms are all designed to emulate different physical
or biological behaviors to provide optimization characteristics.
Traditional GA [15], [19], [29] works iteratively by applying
three operators—selection, crossover, and mutation—for each
individual. This characteristic of GA is prone to yielding the
premature convergence and reducing the convergence rate. The
basic DE [8], [12], [16] generates new individuals by adding
the distance between two randomly selected individuals to
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a third one. The DE method self-adjusts as the perturbation
gradually decreases from the distance between the individuals
in the population. Although the mechanism of DE increases
the diversity, the convergence rate is slow because of its over-
stochastic characteristic. PSO [5], [11], [26], which emulates
the swarm behavior in a collaborative manner, lets every
particle go toward the direction of the best position of all
particles, as well as the direction of its own best position
found so far. PSO performs effectively on most optimization
problems except multimodal problems. SOMA [25], [34], [35]
updates every individual by a “migration loop” to generate a
series of candidate solutions. The migration strategy makes
SOMA require less training iteration.

Besides the above algorithms, there are other population-
based optimization algorithms such as evolution strategies [3],
memetic algorithm [7], ant colony system [4], and tabu search
[10]. Compared with local strategies, population-based strate-
gies replace the single search with the population search and
generate more opportunities to find the optimal solution. And
because of the availability of parallel computation, population-
based strategies are efficient at solving complex optimization
problems.

Recently, some evolutionary algorithms (EAs) combined
with the mechanism of a neural network have been devel-
oped. Self-organizing and self-evolving neurons (SOSEN) [31]
embed the self-organizing behavior [2], [14], [28] in SA
to improve the convergence rate. In SOSENs, each neuron
evolves using SA and cooperates with other neurons by a
self-organizing operator. Since the search space is enlarged
by multiple neurons, the performance of SOSENs has proven
to be better than that of SA. A new evolution strategy with
neighborhood attraction (EN), neuron gas attraction EN (NG-
EN) [9], which uses a neural gas approach to dynamically
adapt the neighborhood structure, defines that the neighbor-
hood radius of each individual is determined by its average
Euclidean distance to all other individuals. This method en-
hances the convergence rate to find the optimum. The neural
gas self-organizing net (NG-ES) [23], a modification of the NG
learning algorithm, generates an additional adaptation term to
avoid premature convergence.

In [1], Bergh et al. discuss the issue of “two steps forward,
one step back” in most optimization algorithms. This means
that some components of an individual vector may move
close to the optimum, while others may move away from
the optimum when the vector learns from the best candidate
solution. This mechanism makes the probability of generating
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an individual inside the optimal region exponentially decrease
as the dimensionality increases. Another issue for most opti-
mization algorithms is that individuals in the population only
learn from the best candidate solution even though this solution
is far from the global optimum. This mechanism makes
individuals more susceptible to being trapped in the local
optimum, especially when the search space is multimodal. To
solve these problems, Potter and De Jong [24] suggest that
every vector in GA can be split into several parts forming
multiple populations instead of a single population. Bergh
et al. propose the cooperative PSO (CPSO) algorithm [1],
which partitions an n-dimensional individual vector into n
swarms of 1-D vector. In the CPSO algorithm, a high-
dimensional problem is transformed into a 1-D problem. It
significantly improves the diversity, but increases the number
of function evaluations. The comprehensive learning PSO
(CLPSO) [17], [18] is introduced by Liang et al. to improve
the performance of PSO. In CLPSO, the best positions of all
particles are used to update the velocity of one particle. In
such a way, CLPSO explores a larger search space, but at the
expense of convergence rate.

In this paper, a new optimization algorithm called the self-
organizing potential field network (SOPFN) is developed. The
SOPFN is an evolutionary algorithm that models the search
space as a self-organizing potential field similar to the vector
potential field (VPF) [22]. The VPF proposed by Masoud
and Bayoumi is designed for constructing navigation controls.
VPF prevents a robot from entering an undesired region
and guarantees convergence to a target. The VPF algorithm
consists of two parts. The first part controls the robot to drive
the motion toward the destination in an obstacle-free space.
The second part deflects the motion away from the obstacles.
In the SOPFN algorithm, the neurons with the best and
worst candidate solutions are considered as the target with
the attractive force and the obstacle with the repulsive force,
respectively. The self-organizing interactions of neurons in
the search space are motivated by potential functions, which
control neurons to move toward the target and to avoid
the obstacle. Compared with other evolutionary optimization
algorithms, the operator of repulsive force provides SOPFN
with better ability to escape from the local optimum, and
the SOPFN algorithm exhibits significant performance im-
provement in terms of accuracy in multimodal optimization
problems.

Section II presents an overview of self-organizing map
(SOM) and some traditional optimization algorithms. Sec-
tion III describes the principle, architecture, and implemen-
tation of the SOPFN. Section IV shows the simulation results
of seven algorithms on eight benchmark functions. Lastly, the
algorithm analysis of SOPFN and conclusion are given in
Sections V and VI, respectively.

II. Background

A. SOM

The SOM [2], [14], [28], [32], [33] proposed by Kohonen
is an unsupervised learning neural network with the ability
to visualize high-dimensional data in a low-dimensional map.

The map consists of a number of neurons, each of which has
a feature vector with the same dimensionality as the input
data. By assigning each input datum to a neuron with the
closest feature vector, SOM is able to display the topology of
input data. As a result, data with close proximity are mapped
together due to the neighborhood neurons.

Denote input data x ∈ �D, and neurons with weight vectors
w = [w1, w2, . . . , wD]T . At each training step, a sample datum
x is randomly chosen from the input dataset. Find the winning
neuron c whose vector is the closest to x in a 2-D map (M×N)
according to

c = arg min
i

‖x − wi‖ , i ∈ {1, 2, . . . , M × N}. (1)

The updating formula for every neuron is

wi =

{−2pcwi + α · ηic · [x − wi],
wi,

if i ∈ NC

otherwise
(2)

where α is the learning rate that monotonically decreases
with time, NC and ηic are the neighborhood set and the
neighborhood function of winner neuron c, and

ηic = exp

(
−‖Pi − Pc‖2

2σ2

)
(3)

where Pi and Pc are coordinates of neuron i and neuron c in
the map, σ is the neighborhood radius.

B. SOMA

SOMA [25], [34], [35] is a population-based evolutionary
algorithm. SOMA generates a series of new candidate solu-
tions for the optimization function from an individual at each
iteration.

The ith individual vector xi is expressed as xi =
[xi1, xi2, . . . , xiD]T in a population. SOMA assigns perturba-
tions to some components of xi by a PRT parameter

vij =

{
1,

0,

if randj ≤ PRT

if randj > PRT
j = 1, 2, . . . , D (4)

where randj ∈ [0, 1] is the random number of the jth
component, and PRT ∈ [0, 1] is the given constant. Then,
use the following rule:

x
′
i = xi + vi · t · (xG − xi) (5)

where xG is the best solution and t ∈ {�, 2�, . . . , k�}. � is
the step size and k is the step number. A number of x

′
i are

produced over different values of t, and the best solution is
chosen as the new xi.

C. PSO

PSO [1], [5], [11], [17], [18], [26] proposed by Kennedy
and Eberhart is derived by emulating the behaviors of flocks
of birds, schools of fish, and herds of animals, which live in a
collaborative manner. At each time step, every particle moves
toward the direction of the best position among all particles’
previous positions, as well as the direction of its own best
position found so far. Each particle has two features, position
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and velocity. The position of ith particle is denoted as xi with
D dimensions in a swarm, and vi is the velocity of ith particle
vi = [vi1, vi2, . . . , viD]T . The updating rule is formalized by

vij = ω · vij + c1 · rand1
j · (xgj − xij)

+c2 · rand2
j · (xpj−xij), j=1, 2, . . . , D (6)

xij = xij + vij, j = 1, 2, . . . , D (7)

where xg is the best position yielded so far among all particles’
historical positions, xp is the best position found so far by
particle i, ω is the inertia weight, c1 and c2 are positive
constants, rand1

j and rand2
j ∈ [0, 1] are random numbers.

D. SOSEN

The SOSEN [31] is a neural network algorithm running SA
for each neuron. SOSENs can be considered as a combination
of self-evolving behavior and self-organizing behavior, which
are similar to the crossover and mutation operators of GA.

In the case of SOSENs, the weight of a neuron is updated
by SOM after running SA. Results obtained by SOSENs can
be better than those obtained by running a single SA because
the input space is largely searched using multiple neurons.

At each training step, SOSENs finds the winning neuron c
with the best solution, and updates all neurons by

wi =

{
wc,

wi + α · ηic · (wc − wi),
if i = c

otherwise
(8)

where α is the learning rate, and ηic is the neighborhood
function.

The distance between a neuron and the winning neuron
determines the magnitude of the neuron being updated toward
the winner in the solution space. That is, if the neuron is the
one nearest to the winner, the magnitude of updating is the
largest.

III. Self-Organizing Potential Field Network

A. Self-Organizing Potential Field Strategy

The proposed SOPFN algorithm uses a similar network
structure of SOM [2], [14], [28]. In SOM, the learning
rule is used to adjust the weights of neurons for a given
dataset. As a result, neurons represent a data topology. In
SOPFN, the learning rule is developed to tune the weights of
neurons toward the optimum solution of the given optimization
function. Each weight of neuron is considered as a candidate
solution.

The network of SOPFN consists of an array of neurons
located at 2-D rectangular grids. The neuron whose weight
is the best solution is the winner among all neurons. Fig. 1
shows an example of the SOPFN network with 5×5 neurons.

Each neuron in the SOPFN network has two learning
mechanisms, cooperation and competition. The cooperation
behavior is a self-organizing procedure that the neurons sub-
jected to the winning neuron’s neighborhood are trained. The
competition behavior models the network as a potential field
similar to the vector potential field used in mobile robots [20],
[21], [27]. The neuron with the best solution is considered as

Fig. 1. Network structure of SOPFN with 5 × 5 neurons.

Fig. 2. Potential field with attractive and repulsive forces.

the target attracting other neurons, while the neuron with the
worst solution is considered as the obstacle repelling other
neurons. The potential forces of neurons are shown in Fig. 2.
Every neuron is operated by two forces, attractive force Fatt

and repulsive force Frep. The potential field organizes neurons
to move toward the target by the attractive force and away
from the obstacle by the repulsive force.

The SOPFN network can be expressed by a M ×N neuron
map with the weight w ∈ �D, w = [w1, w2, . . . , wD]T . The
potential forces acting on the ith neuron are formalized by the
following rules:

Fi
att = α1 · η1 · [wc − wi] i ∈ {1, 2, . . . , M × N} (9)

where wc is the weight of target neuron c, α1 is the attractive
learning rate, η1 is the attractive neighborhood function, and

η1 = exp

(
‖Pi − Pc‖2

2σ2

)
(10)

where Pi and Pc are coordinates of neuron i and neuron c
respectively in the map, σ is the neighborhood radius. And

Fi
rep = α2 · η2 · [wr − wi] i ∈ {1, 2, . . . , M × N} (11)

where wr is the weight of obstacle neuron r, α2 is the repulsive
learning rate, η2 is the repulsive neighborhood function, and

η2 = exp

(
−‖Pi − Pr‖2

2σ2

)
(12)

where Pi and Pr are coordinates of neuron i and neuron r
respectively in the map.

The Euclidean distance between the neuron and the target
or obstacle neuron has a significant effect on potential forces.
In (10), the attractive force increases as the distance increases.
On the contrary, (12) shows that the repulsive force decreases
as the distance increases.
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Fig. 3. 10-D function optimization example by SOPFN with a 4 × 4 network. (a) Initialization state. (b) 50th generation state. (c) 100th generation state.

Fig. 4. 1-D search space with target and obstacle neurons. (a) Case I: xg <

xc < xr . (b) Case II: xg < xr < xc. (c) Case III: xc < xg < xr . xc denotes
best candidate value, xr denotes worst candidate value, and xg denotes global
optimum.

B. Self-Organizing Potential Field Network Algorithm

An optimization problem can be expressed in a form of
finding the vector x, where x ∈ �D, through minimizing the
cost function f (x) with constraints of g(x) ≤ 0 and xl ≤
x ≤ xu. In this paper, we assume that function variables are
continuous and are floating points. The detailed optimization
procedures of the SOPFN algorithm are as follows.

1) Initialization: Randomize the initial weights of M × N

neurons. The weights satisfy the uniform distribution
and optimization constraints.

2) Construction of the Potential Field: Find the target
neuron c with the best solution and the obstacle neuron
r with the worst solution according to

c = arg min
i

(f (wi)) i ∈ {1, 2, . . . , M × N} (13)

r = arg max
i

(f (wi)) i ∈ {1, 2, . . . , M × N}. (14)

3) 1-D Weight Updating: For every neuron i, randomly
choose an integer k ∈ [1, D].

a) Update the kth component of the weight vector of
neuron i toward the target neuron c. Generate a set
of weights w′

i according to the following rule:

w′
ij =

{
wij + ζ · F

ij
att,

wij,

if j = k and i ∈ Nset

otherwise

j=1, 2, . . . , D (15)

where ζ ∈ {�, 2�, . . . , m�}, � is the step size,
m is the step number, and Nset is the neighborhood
set of neuron c.

b) Update the kth component of each weight vector
of w′

i away from the obstacle neuron r. Generate
another set of weights w′′

i according to the follow-
ing rule:

w′′
ij =

{
w′

ij − Fij
rep,

w′
ij,

if j = k&i ∈ Nset

otherwise

j = 1, 2, . . . , D. (16)

c) Find the best solution between w′
i and w′′

i , and de-
note it as the new weight of neuron i as following:

wi = arg min
[w′

i
, w′′

i
]
{f (w′

i), f (w′′
i )}. (17)

4) Self-adaptation: Compare function values to reassign
the target neuron c and obstacle neuron r among all
neurons.

5) If the specified maximum number of iteration is reached
or the stopping criteria are satisfied, stop running.
Otherwise, go to step 3.

Step 2, which finds the target neuron and obstacle neuron,
represents the competitive behavior of SOPFN. Step 3, which
generates new weights of neurons, represents the cooperative
behavior of SOPFN. The step size � defines the sample
granularity of the attractive force in the search space. A large
value of � can speed up the search, while a small value of
� can increase the diversity. The step number m, which is
larger than 1, defines the maximum updating boundary. When
m increases, the diversity is increased as well. But m cannot be
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Fig. 5. Landscape maps of four 2-D functions. (a) Rastrigin’s function. (b) Stretched V sine wave function. (c) Ackley’s function. (d) Pathological function.

too large because of the subsequent increase of computational
complexity. The learning rates α1 and α2 range from 0 to 1.
For the attractive learning rate α1, it has an effect on the
convergence rate. The neighborhood radius σ is the integer
ranged from one to the map size. The number of neurons
M × N is determined by the nature of the problem. Usually
a small value is used for a low-dimensional or unimodal
problem, and a large value is used for a high-dimensional or
multimodal problem.

Fig. 3 illustrates a 4 × 4 SOPFN network working
on optimizing the function f (x) =

∑D
i=1 |xi| (d = 10)

whose optimum value is 0. The initial 16 neuron weights are
randomized in the range of [−100 100], and the corresponding
function values are shown in Fig. 3(a). The average function
value is 355.39. After 50 iterations, all the neuron weights
are optimized by SOPFN, and the average function value
decreases to 0.18 as shown in Fig. 3(b). After 100 iterations,
the function values of all neurons are shown in Fig. 3(c) with
the average value 1.17 × 10−4.

C. Cooperative and Competitive Behaviors of SOPFN

This section studies the cooperative and competitive behav-
iors of the SOPFN algorithm. In the cooperative behavior,
since the parameter ζ spreads over a range of values, SOPFN
generates a series of candidate solutions for a neuron. As a
result, the diversity is increased. The competitive behavior of
SOPFN enables neurons not only to move toward the best so-
lution, but also away from the worst solution. This mechanism
is able to prevent SOPFN from premature convergence to a
great extent and make neurons escape from the local optimum
with a larger probability. The results presented in Section IV
corroborate the contribution of SOPFN.

To compare the traditional evolutionary algorithm with
SOPFN, we use an example of 1-D search space related to
one component of a neuron weight vector. Three cases are
illustrated in Fig. 4, where xc, xr, and xg are the component
values of the best candidate solution, the worst candidate
solution, and the global optimum solution, respectively. In
each case, there are four possible regions labeled as L1, L2, L3,
and L4 that the corresponding component value of a neuron
xp can be subjected to.

Table I demonstrates the effects of the potential forces. In
the traditional EA algorithm, only one force, the attractive
force Fatt, makes xp move toward xc. In the SOPFN algorithm,
in addition to the attractive force Fatt, the repulsive force Frep

pulls xp away from xr. For example, in case I for EA, Fatt

pushes xp away from the optimum xg, when xp is subjected
to L2. But for SOPFN, Frep pushes xp toward xg, making the
distance between xg and xp smaller than that of EA. When
xp is subjected to L3, Fatt, and Frep of SOPFN both push
xp toward xg. So xp is closer to xg in SOPFN. When xp is
subjected to L1 or L4, Frep pulls xp away from xg. According
to step 3(c) of the SOPFN algorithm, only the attractive force
is considered, which means Frep = 0. Overall, Table I shows
that the repulsive force pushes the weight of the neuron closer
to the global optimum value in the four shaded regions out of
the total 12 regions. This operation can reduce the searching
time required by neurons to reach the optimum value.

IV. Simulations and Results

The performance of SOPFN is compared with the SA,
SOSENs, PSO, CLPSO, CPSO-SK, and SOMA algorithms on
eight benchmark functions. These studied functions include
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TABLE I

Comparisons Between Traditional EA and SOPFN in 1-D Search Space

Case I Case II Case III
Traditional EA SOPFN Traditional EA SOPFN Traditional EA SOPFN

L1 Fatt(+) Fatt(+) Fatt(+) Fatt(+) Fatt(+) Fatt(+)
L2 Fatt(−) Fatt(−)+Frep(+) Fatt(−) Fatt(−)+Frep(+) Fatt(−) Fatt(−)
L3 Fatt(+) Fatt(+)+Frep(+) Fatt(−) Fatt(−) Fatt(+) Fatt(+)+Frep(+)
L4 Fatt(+) Fatt(+) Fatt(+) Fatt(+) Fatt(+) Fatt(+)

“(+)” means that the neuron moves toward the optimum value by the force.
“(−)” means that the neuron moves away from the optimum value by the force.

unimodal (the first four functions) and multimodal (the last
four functions) problems that are widely used for measuring
the optimization performance. The formulas of functions are
shown as follows.

1) Sphere function

f1(x) =
D∑
i=1

x2
i . (18)

2) Rosenbrock’s function

f2(x) =
D−1∑
i=1

(100(x2
i − xi+1)2 + (1 − xi)

2). (19)

3) Third De Jong function

f3(x) =
D∑
i=1

|xi| . (20)

4) Fourth De Jong function

f4(x) =
D∑
i=1

ix4
i . (21)

5) Rastrigin’s function

f5(x) =
D∑
i=1

(x2
i − 10 cos(2πxi) + 10). (22)

6) Stretched V sine wave function

f6(x) =
D−1∑
i=1

(x2
i +x2

i+1)0.25(1+sin(50(x2
i +x2

i+1)0.1)2). (23)

7) Ackley’s function

f7(x) =
D−1∑
i=1

(20+e−20e−0.2
√

0.5(x2
i
+x2

i+1)−e0.5(cos(2πxi)+cos(2πxi+1))).

(24)
8) Pathological function

f8(x) =
D−1∑
i=1

⎛
⎜⎜⎜⎝0.5 +

sin

(√
100x2

i + x2
i+1

)2

− 0.5

1 + 0.001(x2
i − 2xixi+1 + x2

i+1)2

⎞
⎟⎟⎟⎠ .

(25)

The landscape maps of Rastrigin, Stretched V sine wave,
Ackley and Pathological functions with two variables are
shown in Fig. 5. All eight functions are studied on 30 and

100 dimensions respectively. In this paper, we use MATLAB
to conduct all simulations, and each of them is conducted 20
times. Table II lists the optimum solution x∗, the optimum
function value f (x∗), the initialization range, the threshold
(experimental optimum function value) and the maximum
number of iteration for each function.

The population size is set to 25 in PSO, CLPSO, CPSO-SK,
and SOMA. The network size is set to 5 × 5 in SOSENs and
SOPFN. In SOMA, PRT is set to 0.3, � and k are set to 0.11
and 27, respectively. In PSO, ω is set to 0.72, c1 and c2 are
set to 1.49 [6]. In CLPSO, the refreshing gap is set to 7. In
CPSO-SK, the split factor K is set to 5. In SA, the temperature
decreases by T := ε·T , where ε is set to 0.99. In SOSENs, α is
set to 1. In SOPFN, � and m are set to 1 and 3, respectively,
α1 and α2 are set to 0.3, and σ is set to 3.

To illustrate the effects of these parameters in SOPFN, we
examine the comparative performance on the 30-D 4th De
Jong function f4. Fig. 6 shows the optimization results with
different values of α1, α2, σ, �, and m. Fig. 6(b) indicates
that α2 is the less sensitive parameter due to the characteristic
that there is no significant difference of the function value in
different values of α2. Also, Fig. 6(c) and (e) demonstrates
that σ and m are less sensitive when they are large.

A. Simulation Results of 30-D Functions

The performances of the seven algorithms with minimum
function values, mean function values, and the numbers of suc-
cessful runs out of 20 runs on eight test functions are presented
in Table III. The best results among the seven algorithms
are shown in bold. Fig. 7 illustrates the mean function value
at every generation for each algorithm. The results indicate
that the numbers of the aforementioned functions that SA,
SOSENs, PSO, CLPSO, CPSO-S5, SOMA, and SOPFN can
reach the thresholds are 0, 3, 1, 1, 4, 2, and 6, respectively.

Among these seven algorithms, SOPFN evidently surpasses
the other six algorithms on f5, f6, and f7. These functions
are multimodal with numerous local minima as shown in
Fig. 5. The results indicate that SOPFN is able to deliver better
performance by avoiding being trapped in local minima. For
the unimodal functions f1, f3, and f4, SOPFN obtains the
experimental optimum values, but it does not have the fastest
convergence rate as shown in Fig. 7. For the Rosenbrock’s
function f2 whose global minimum is inside a long, narrow,
parabolic shaped flat valley, SOPFN does not attain the opti-
mum value. And all the other algorithms do not perform well
except CPSO-S5. In [30], it states that an algorithm may not
produce the same high level of result on all different classes
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TABLE II

Experimental Parameters of Eight Benchmark Functions

f x∗ f (x∗) Initialization Space Threshold
Maximum
Number of

Iteration
30-D 100-D

f1 [0, 0, . . . , 0] 0 [−5.12, 5.11]D 10−50 10−20 3000

f2 [1, 1, . . . , 1] 0 [−2.048, 2.047]D 10−2 100 3000

f3 [0, 0, . . . , 0] 0 [−2.048, 2.047]D 10−20 10−10 3000

f4 [0, 0, . . . , 0] 0 [−1.28, 1.27]D 10−20 10−10 3000

f5 [0, 0, . . . , 0] 0 [−5.12, 5.11]D 10+1 10+2 3000

f6 [0, 0, . . . , 0] 0 [−10, 10]D 10−2 100 3000

f7 [0, 0, . . . , 0] −8.88 × 10−16 [−30, 30]D 10−2 100 3000

f8

[
kπ√
101

, kπ√
101

, . . . , kπ√
101

]
0 [−100, 100]D 100 10+1 3000

−320 < k < 320, k is an integer

Fig. 6. Parameter comparisons of SOPFN on f4. (a) α1. (b) α2. (c) σ. (d) �. (e) m.
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Fig. 7. Mean function value profiles on 30-D functions. (a) Sphere function. (b) Rosenbrock’s function. (c) Third De Jong function. (d) Fourth De Jong
function. (e) Rastrigin’s function. (f) Stretched V sine wave function. (g) Ackley’s function. (h) Pathological function.
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TABLE III

Comparative Performances of Seven Algorithms on 30-D Functions

Function 1 SA SOSENs PSO CLPSO CPSO-S5 SOMA SOPFN
Mean 4.01e−013 6.42e−066 5.23e−049 3.65e−009 6.36e−199 5.83e−168 4.65e−109
Minimum 1.60e−013 2.62e−067 1.71e−058 1.32e−009 7.07e−201 1.54e−174 2.02e−113
Number of successful runs 0 20 18 0 20 20 20
Function 2
Mean 28.75 28.57 17.38 24.27 0.40 14.55 23.91
Minimum 27.22 26.12 1.85 21.14 4.57e−004 12.66 18.57
Number of successful runs 0 0 0 0 17 0 0
Function 3
Mean 6.48e−012 9.85e−035 7.02e−012 1.45e−005 2.04e−102 1.63e−004 5.26e−057
Minimum 4.82e−012 4.13e−035 5.74e−024 8.24e−006 2.77e−104 1.41e−057 4.03e−058
Number of successful runs 0 20 1 0 20 8 20
Function 4
Mean 3.92e−015 1.20e−121 6.46e−082 3.01e−016 6.68e−201 4.42e−190 4.13e−201
Minimum 7.97e−018 4.21e−124 1.04e−090 6.26e−017 2.45e−202 1.17e−198 6.70e−203
Number of successful runs 0 20 20 0 20 20 20
Function 5
Mean 189.62 83.32 56.86 14.57 9.20 22.44 0
Minimum 119.27 50.44 35.82 9.08 3.98 8.95 0
Number of successful runs 0 0 0 1 13 1 20
Function 6
Mean 69.46 46.43 24.10 1.43 0.33 14.54 1.90e−023
Minimum 55.05 40.11 13.27 1.03 4.27e−050 5.92 1.12e−025
Number of successful runs 0 0 0 0 8 0 20
Function 7
Mean 469.47 276.26 64.72 0.0027 0.26 43.86 −8.88e−016
Minimum 407.63 246.28 30.13 0.0019 −8.88e−016 5.16 −8.88e−016
Number of successful runs 0 0 0 20 19 0 20
Function 8
Mean 12.32 11.23 7.17 8.76 4.05 4.24 3.91
Minimum 11.71 10.56 5.02 8.14 2.52 3.11 2.79
Number of successful runs 0 0 0 0 0 0 0

of problems. In this paper, we also find the SOPFN algorithm
more suitable to the complex multimodal problems, especially
with numerous local minima.

B. Simulation Results of 100-D Functions

The performances of the seven algorithms on 100-D test
functions are presented in Table IV and Fig. 8. The results
show that SA, SOSENs, PSO, CLPSO, CPSO-S5, SOMA,
and SOPFN can reach the thresholds in 1, 3, 0, 0, 3, 0,
and 6 function cases, respectively. The results demonstrate
that SOPFN achieves the best results on all the multimodal
functions f5, f6, f7, and f8 among the seven algorithms.
The conclusion, which is identical with that of 30-D function,
indicates that the SOPFN algorithm is more effective on the
multimodal problems.

V. Analysis of SOPFN Algorithm

The performance of an algorithm is evaluated in terms
of three criteria—accuracy, convergence rate, and robustness
[34]. The accuracy is measured by how close it is between
the algorithm’s mean function value and the global optimum.
According to the results listed in Table III, SOPFN delivers the
closest values to the global optima in five functions. Among
these five solutions, three of them are found to be superior

to those by the other algorithms. The convergence rate of an
algorithm is evaluated by the number of generations required
to reach the global optimum. Fig. 7(e)–(g) shows that SOPFN
has the distinctly fastest convergence rate compared with other
algorithms. The results also indicate that SOPFN exhibits the
best convergence characteristic on multimodal functions. The
robustness is evaluated by the number of successful runs out
of the total runs. A successful run means that its optimization
result is less than the given threshold. The larger the number of
successful runs is, the more robust the algorithm is. The results
summarized in Table III indicate that SOPFN can always reach
the thresholds in the total 20 runs on f1, f3, f4, f5, f6, and
f7. Among all the studied algorithms, we can conclude that
SOPFN is the most robust algorithm.

It is interesting to study the effect of omitting step 3(b),
i.e., there is no repulsive force. Fig. 9 and Table V show the
comparative results between SOPFN and SOPFN-R (without
the repulsive force) on eight 30-D functions. The results show
that SOPFN outperforms SOPFN-R on all functions except the
Ackley’s function f7, in which SOPFN and SOPFN-R deliver
the same result.

Another interesting study is to investigate the effect of
the 1 − d weight updating strategy of the SOPFN algorithm
which is used to solve the problem of “two steps forward,
one step back.” Fig. 10 and Table VI show the results of
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TABLE IV

Comparative Performances of Seven Algorithms on 100-D Functions

Function 1 SA SOSENs PSO CLPSO CPSO-S5 SOMA SOPFN
Mean 2.28e−012 9.45e−036 0.17 0.02 4.36e−086 0.05 1.13e−027
Minimum 1.49e−012 3.10e−036 1.95e−005 0.01 7.39e−089 1.31e−012 6.84e−029
Number of successful runs 0 20 0 0 20 0 20
Function 2
Mean 98.18 97.92 148.38 111.53 85.90 97.28 95.23
Minimum 95.74 95.34 93.37 99.50 44.85 88.09 92.87
Number of successful runs 0 0 0 0 0 0 0
Function 3
Mean 2.48e−010 2.46e−019 0.97 0.15 4.47e−025 1.31 1.35e−014
Minimum 1.54e−010 1.69e−019 0.08 0.12 6.24e−035 0.38 5.22e−015
Number of successful runs 0 20 0 0 20 0 20
Function 4
Mean 5.63e−014 1.49e−062 3.10e−008 1.27e−004 3.81e−139 3.18e−005 1.24e−050
Minimum 1.20e−015 1.53e−063 4.11e−011 5.30e−005 1.84e−144 6.48e−043 6.43e−054
Number of successful runs 20 20 1 0 20 16 20
Function 5
Mean 823.70 388.69 280.20 405.49 137.95 130.32 0
Minimum 683.74 271.62 213.92 352.89 111.44 97.51 0
Number of successful runs 0 0 0 0 0 2 20
Function 6
Mean 269.87 180.74 161.30 53.98 45.64 106.92 0.015
Minimum 245.32 168.84 133.87 48.62 32.16 95.22 0.0057
Number of successful runs 0 0 0 0 0 0 20
Function 7
Mean 1683.90 783.30 726.53 23.41 99.70 537.71 1.94e−012
Minimum 1510.90 672.00 542.54 15.59 25.80 402.07 8.77e−013
Number of successful runs 0 0 0 0 0 0 20
Function 8
Mean 46.01 43.99 34.49 41.83 22.12 26.81 15.97
Minimum 44.83 42.73 30.56 41.32 19.76 23.99 13.69
Number of successful runs 0 0 0 0 0 0 0

TABLE V

Comparative Performances Between SOPFN and SOPFN-R

on 30-D Functions

Algorithm SOPFN v1 SOPFN-R v2 Ratio v2/v1
Function

Function 1 4.65e−109 1.42e−086 3.05 × 1022

Function 2 23.91 27.13 1.13

Function 3 5.26e−057 1.34e−045 2.54 × 1011

Function 4 4.13e−201 2.48e−167 6.00 × 1033

Function 5 0 0.10 ∞
Function 6 1.90e−023 1.08e−019 5.69 × 103

Function 7 −8.88e−016 −8.88e−016 1
Function 8 3.91 5.04 1.29

SOPFN with different numbers of updated components d on
four 30-D functions. On Rosenbrock’s function f2 and 4th
De Jong function f4, SOPFN achieves the best values when
d = 1. On Sphere function f1 and Pathological function
f8, SOPFN obtains the best values when d = 5 and d = 2,
respectively. It is also noticed that using a larger number of
updated components has no significant effect on improving
the accuracy, but increases the computational cost. Thus, the
1 − d updating strategy appears to be the optimal choice for
SOPFN.

For comparing the convergence performance among
population-based algorithms, Table VII demonstrates the num-
bers of generations required to reach the specified stopping
criteria of eight 100-D functions for the SOSENs, PSO,
CLPSO, CPSO-S5, SOMA, and SOPFN algorithms. The re-
sults show that SOPFN can reach all eight stopping criteria
within 100 000 generations, while other algorithms fail to
converge on some functions. The average computational time
per 100 generations for each algorithm is also detailed in
Table VII. The results show that the first three algorithms
with the fastest computational time per generation are CLPSO,
PSO, and SOPFN with 0.16 s, 0.17 s, and 0.96 s, respectively.
The SOMA algorithm, which requires 4.38 s, is found to be the
most computationally demanding algorithm. Although SOPFN
is relatively more computationally complex than CLPSO and
PSO in each generation, SOPFN exhibits the best convergence
performance in terms of reaching the stopping criterion. In
the case of f5, the converged values of CLPSO and PSO are
97.41 and 280.20, respectively, which are much larger than
the converged value 0.001 obtained by SOPFN. Table VII
illustrates that SOPFN delivers superior optimization values
on the eight functions.

The computational complexity of a population-based algo-
rithm can be defined as O(P · D · M), where P is the number
of neurons, M is the number of new generated weights for
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Fig. 8. Mean function value profiles on 100-D functions. (a) Sphere function. (b) Rosenbrock’s function. (c) Third De Jong function. (d) Fourth De Jong
function. (e) Rastrigin’s function. (f) Stretched V sine wave function. (g) Ackley’s function. (h) Pathological function.

TABLE VI

Comparative Performances of SOPFN With Different Numbers of Updated Components on 30-D Functions

Algorithm SOPFN d = 1 SOPFN d = 2 SOPFN d = 5 SOPFN d = 10 SOPFN d = 30
Function
Function 1 4.65e−109 8.57e−111 4.89e−122 1.68e−115 5.39
Function 2 23.91 25.49 26.72 35.33 105.07
Function 4 4.13e−201 1.32e−183 7.29e−142 4.01e−154 0.12
Function 8 3.91 2.83 3.65 5.62 12.25
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Fig. 9. Mean 30-D function value profiles of SOPFN and SOPFN-R. (a) Sphere function. (b) Rosenbrock’s function. (c) Third De Jong function. (d) Fourth
De Jong function. (e) Rastrigin’s function. (f) Stretched V sine wave function. (g) Ackley’s function. (h) Pathological function.
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Fig. 10. Mean 30-D function profiles of SOPFN with different numbers of updated components. (a) Sphere function. (b) Rosenbrock’s function. (c) Fourth
De Jong function. (d) Pathological function.

TABLE VII

Comparative Performances of Convergence for Six Population-Based Algorithms on 100-D Functions

Algorithm Stopping Number of Generations Required to Reach the Stopping Criterion
Criterion

Function
SOSENs PSO CLPSO CPSO-S5 SOMA SOPFN

f1 10−20 1778 14 019 16 507 799 × 2364

f2 102 219 19 475 4592 1253 819 1440

f3 10−20 3223 39 200 25 779 1928 × 4051

f4 10−20 1004 8205 11 641 499 4587 1310

f5 10−3 × × × × × 1157

f6 100 × × 9530 × × 1916

f7 10−10 × × 17 288 × × 2608
f8 20 × × × × × 696

Average computational time per 100 1.15 0.17 0.16 1.98 4.38 0.96
generations (s)

“×” means the optimization result cannot reach the stopping criterion at 100 000 generations.

a neuron at each generation, and D is the number of updated
components in the weight vector. Because of the 1−d updating
strategy, SOPFN has the less computational complexity, when
the function dimensionality is large.

VI. Conclusion

SOPFN is a new evolutionary algorithm that models the
search space as a self-organizing potential field. In SOPFN,
the neuron with the best solution is considered as the target
with the attractive force, while the neuron with the worst
solution is considered as the obstacle with the repulsive force.

SOPFN can be considered as a combination of two behaviors,
competitive and cooperative. In the competitive behavior, the
target and obstacle neurons are found for neuron training.
This mechanism speeds up the convergence rate and increases
the probability of escaping from the local optimum. In the
cooperative behavior, the winner’s neighboring neurons are
updated to generate new weights at each generation. This
mechanism increases the diversity.

The presented results and analysis demonstrate that SOPFN
has remarkable performance on multimodal problems, espe-
cially for those with numerous local optima. For the case of
unimodal problems, SOPFN is not superior in the convergence
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rate. Lastly, based on the algorithm evaluation, SOPFN is an
effective and robust optimization algorithm.
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