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ABSTRACT

The multi-level thresholding is a popular method for image segmentation. However, the method is
computationally expensive and suffers from premature convergence when level increases. To solve the
two problems, this paper presents an advanced version of gravitational search algorithm (GSA), namely
hybrid algorithm of GSA with genetic algorithm (GA) (GSA-GA) for multi-level thresholding. In GSA-GA,
when premature convergence occurred, the roulette selection and discrete mutation operators of GA
are introduced to diversify the population and escape from premature convergence. The introduction
of these operators therefore promotes GSA-GA to perform faster and more accurate multi-level image
thresholding. In this paper, two common criteria (1) entropy and (2) between-class variance were uti-
lized as fitness functions. Experiments have been performed on six test images using various numbers
of thresholds. The experimental results were compared with standard GSA and three state-of-art GSA
variants. Comparison results showed that the GSA-GA produced superior or comparative segmentation
accuracy in both entropy and between-class variance criteria. Moreover, the statistical significance test
demonstrated that GSA-GA significantly reduce the computational complexity for all of the tested images.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Image segmentation is an important technology for image processing and is a
fundamental process in many image, video, and computer vision applications [1].
It is useful for separating objects from backgrounds or discriminating objects from
objects with distinct gray-levels. Image thresholding is often used in image seg-
mentation. The main purpose of image segmentation is to determine an efficient
threshold (for bi-level thresholding) or several thresholds (for multi-level thresh-
olding) according to some criteria [2]. Bi-level thresholding classifies pixels into two
groups: one group includes pixels with gray-levels above a certain threshold, and the
other group includes the rest. This is the simplest thresholding problem, as only one
gray value need to be found. However, for real-world image processing, multi-level
thresholding is more often utilized. The multi-level thresholding method divides
pixels into several groups by assigning a single intensity value to pixels that belong
to a group. In each group, pixels have intensity values within a specific range.

Multi-level thresholding techniques can be classified into two types: opti-
mal thresholding methods and property-based thresholding methods [3]. Optimal
thresholding methods search for the optimal thresholds by optimizing an objective
function based on image gray-level histogram. Researchers have proposed sev-
eral algorithms to determine objective functions, where thresholds are determined
by jointly maximizing class uncertainty and region homogeneity. The algorithms
include maximizing entropy to measure the homogeneity of segmented classes (e.g.
Kapur’s entropy) [4,5], maximizing the separability measure based on between-class
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variance (e.g. Otsu method) [6,7], thresholding based on the fuzzy similarity mea-
sure [8], and minimizing of Bayesian error [9], etc. Among them, the Otsu method
[6] and the Kapur’s entropy method [4] are the most preferred methods and they are
relatively easy to use [10]. Therefore, they are selected as the objective functions in
this study. However, with the thresholds increase, all these methods encounter two
common problems: (1) the computational complexity increases as exponentially
and (2) prone to premature convergence [7,11,12].

Over the past decades, researchers have developed several algorithms to solve
these types of optimization problems, including branch-and-bound [13], meta-
heuristics [14], and gradient-based methods [15]. Among them, meta-heuristics
based methods have been extensively employed for performing fast search of opti-
mal thresholds because of their significantly advantages in escaping from local
optima. The popular meta-heuristic algorithms include genetic algorithm (GA) [6],
simulated annealing (SA) [16], ant colony optimization (ACO) [17], artificial bee
colony optimization (ABC) [ 18], differential evolution (DE)[19], biogeography-based
optimization (BBO) [20], differential search algorithm (DS) [21], particle swarm
optimization (PSO) [22], and so on. Moreover, to further improve the convergence
accuracy and speed, a number of hybrid meta-heuristic algorithms have been pro-
posed, such as GAPSO (hybrid GA with PSO) [23,24], ACO/PSO (hybrid ACO with
PSO) [25], SA/PSO (hybrid SA with PSO) [26], BBO-DE (hybrid DE with BBO) [20],
etc. Recently, many of these algorithms and their variants have been applied to
multi-level thresholding as illustrated in Table 1.

Generally speaking, all these pure meta-algorithms have achieved certain suc-
cesses and have showed different advantages. For example, the DE is the most
efficient with respect to the quality of the optimal thresholds compared with GA,
PSO, ACO, and SA whereas PSO converges the most quickly when comparing with
ACO, GA, DE, and SA [29]. Besides, the DS consumes the shortest running time for
multi-level color image thresholding when comparing with DE, GA, PSO, ABC, etc.
[10].
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Table 1
Meta-heuristic algorithms for multi-level thresholding.
Meta-heuristic algorithms Author Year Ref.
Yin 1999 [27]
GA Tao, Tian, and Liu 2003 28]
Hammouche, Diaf, and Siarry 2008 [29]
Clerc and Kennedy 2002 [30]
PSO Yin 2007 [31]
Nabizadeh, Faez, and Tavassoli et al. 2010 [32]
Akay 2013 [7]
Ali, Ahn, and Pant 2014 [12]
DE Ayala, dos Santos, and Mariani et al. 2015 [33]
Sarkar, Das, and Chaudhuri 2015 [5]
ACO Yin 2007 [31]
ABC Akay 2013 [7]
SA Kurban, Civicioglu, and Kurban et al. 2014 [10]
DS Kurban, Civicioglu, and Kurban et al. 2014 [10]
GAPSO Juang 2004 [24]
Baniani and Chalechale 2013 [23]
SA/PSO Zhang and Yu 2012 [26]
BBO-DE Boussai d, Chatterjee, and Siarry et al. 2013 [20]

Nevertheless, the deficiencies of the algorithms themselves still weaken their
application in multi-level thresholding. For example, in PSO, a particle i can only
learn from the experience of its neighbors (donated by ghest) and the experience of
itself (donated by pbest,;), if the gbest is trapped, the convergence process will suffer
from premature convergence [34,35]. The success of DE in solving a specific problem
crucially depends on appropriately choosing trial vector generation strategies and
their associated control parameter values [36]. Therefore, a number of hybrid meta-
heuristic algorithms have been presented for multi-level thresholding, in which
the GAPSO [23] and BBO-DE [20] have been proved to be preferable algorithms.
However, GAPSO cannot obtain high-quality optimal thresholding sometimes for its
performance heavily depends on the settings of three parameters and the topology
structure of the neighbors [37]. Similarly, BBO-DE performs better than the pure DE,
but its optimization capability still crucially depends on the selecting of trial vector
generation strategies and their associated control parameter values.

In short, the unavoidable disadvantages of the meta-heuristic algorithms make
it still a challenge task to obtain the optimal thresholds rapidly while maintaining
high quality capabilities [12]. Consequently, many researches have been focusing
on improving the existing algorithms as well as exploiting new meta-heuristic
algorithms.

As one of the newest meat-heuristic algorithms, the gravitational search algo-
rithm (GSA), which is inspired by the law of gravity and mass interactions, has
proven its promising efficiency for solving complex problems [38]. Compared to the
aforementioned meta-heuristic algorithms, GSA possesses simpler concept, higher
computational efficiency, and fewer parameters [39]. A number of researches have
reported the superiority of GSA in terms of the convergence precision, convergence
speed, and stable convergence characteristics over many other meta-heuristic algo-
rithms, such as PSO, GA, Central Force Optimization (CFO), and ACO [38,40-43], etc.
These advantages of GSA make it a potential choice for solving multi-level thresh-
olding. However, due to the gravitational force absorbs masses into each other, no
recovery for GSA if premature convergence occurs [44]. In this situation, GSA loses
its ability of explore and the convergence speed in the last iterations is slow. New
operators should thus be added to GSA to prevent premature convergence and to
increase its flexibility in solving more complicated problems [44].

In the past few years, many researches have paid close attention to the improve-
ment of GSA and presented some GSA variants, such as [39-42,45-47]. Most of
the GSA variants were presented to prevent the premature convergence prob-
lem or decrease the computational complexity of GSA by designing new learning
strategies or hybrid with other algorithms/operators. However, very few of the algo-
rithms have focused on the application on multi-level thresholding. When applying
GSA into multi-level thresholding, especially when the number of thresholds is
increased, the two problems, premature convergence and high computational com-
plexity, become more serious.

Actually, the lack of diversity is one important reason for the premature conver-
gence [48]. As basic operators to provide the necessary diversity within a population,
mutations have been utilized in many meta-heuristic optimization algorithms
[49,50]. GA, as an adaptive meta-heuristic search algorithm premised on the evolu-
tionary ideas of natural selection and genetics, is famous for its mutation operator
[51].Keeping this in view, the population diversity in GSA can be greatly enhanced by
the hybrid of GSA with GA. However, due to the rotatory hybrid may cause high com-
putational complexity, taking the evolutionary stages into consideration to guide the
hybrid of GSA and GA is necessary.

Based on the above analysis, in this paper, we developed a novel hybrid algo-
rithm of GSA with GA (GSA-GA) for multi-level thresholding. In GSA-GA, the discrete
mutation operator of GA was introduced to promote the population diversity when

premature convergence occurred. To identify whether the population suffers from
premature convergence, we calculated the standard deviation of objective func-
tions first. If the standard deviation is smaller than a random number rand € [0,
1] or the rand is bigger than the ratio of the current iteration t to the maximum
iterations Itermax, the mutation operator is carried out. This makes the GSA-GSA is
provided with adaptive characteristics along with the evolutionary stages. More-
over, for selecting the particles for mutation, the roulette selection of GSA was also
introduced. The introduction of these operators therefore could promote GSA-GA
to perform faster and more accurate multi-level image thresholding. The entropy
and between-class variance were respectively considered as evaluation criteria for
GSA-GA.

The remainder of this paper is organized as follows. Section 2 first briefly
describes the frameworks of GA and GSA, and then reviews the entropy and
between-class variance criteria. In Section 3, details of the proposed GSA-GA are
given followed by the implement of GSA-GA for multi-level thresholding. The exper-
imental set up and results are included in Section 4. Finally, the paper is concluded
in Section 5.

2. Background

2.1. GA

GA is a stochastic search algorithm based on the mechanics of
natural evolution which can be used to solve optimization problems
[51,52]. It starts optimization with a randomly initialized popula-
tion Xx=[xq, X2, ..., Xy] where N is the size of the population. In
the population, each individual x; represents a point in the search
space and thus a candidate solution to the problem. Each candi-
date solution for a specific problem is called a chromosome and
contains a linear list of genes. GA then uses three basic operators
(selection, crossover, and mutation) to manipulate the genetic com-
position of a population. Selection is a process in which individuals
with the highest fitness values in the current generation are repro-
duced in the new generation. The crossover operator produces two
offspring (new candidate solutions) by recombining the informa-
tion from two parents. Mutation is a random alteration of some
gene values in an individual. The allele of each gene is a candidate
for mutation, and the mutation probability determines its function
[24]. In the new generation, the population is more adapted to the
environment than the previous generation, and the evolution con-
tinues until meeting an optimization criterion. After decoding the
last individual, an optimal solution can be gained.

2.2. GSA

In GSA, a particle x;=[x;1, Xj2, ..., Xijs] moves through the S-
dimensional search space with the velocity v; = [v;1, Vi, . . -, Vs]
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which is determined by the gravitational forces exerted by its
neighbors according to the law of gravity [38]. Due to the force
between two particles is directly proportional to their masses and
inversely proportional to their distance, all the particles move
towards those particles that have heavier masses [38]. The mass of
each particle in generation t, denoted by Massf, is simply calculated
by Egs. (1) and (2) as follows:

fit! — worst!

nmfitt = , (1)
' best' — worstt
nmfitt
Masst = # (2)
oSN nmfitt
j=1 j

whereﬁtf represents the fitness value of the particle i at time t. For
amaximization problem, worst! and best! are defined in Eqs. (3) and
(4) as follows:

worst! =  min ll‘;, (3)
jeli=1.2....N
best' = max [fztf (4)
jeli=1,2,.

In an optimization problem, the force acting on the particle i
from the particle j at a specific time t is shown in Eq. (5) as follows:

g Mass; x Mass;
Fij(t)zc(t)T(xjd_x,‘d)a (5)
J
where x‘ represents the position of the i-th particle in the d-th
dlmen510n x , represents the position of the j-th particle in the d-
th dimension; Massf and Mass]? are the gravitational mass related
to the particle i and j; G(t) is the gravitational constant; Rfj is the
Euclidian distance between particles i and j in generation t; ¢ is a
small constant which is bigger than 0.

To give a stochastic characteristic to GSA, the total force that
acts on the particle i in the d-th dimension is set to be a randomly
weighted sum of d-th components of the forces exerted from other
particles as shown in Eq. (6) as follows:

N
Fi(t)="> " rand-Fi(o), (6)
j=li#i
where N is the size of the population, and rand is a uniform random
variable in the interval [0, 1].
Hence, by the law of motion, the acceleration of the particle i at
time t, and in the d-th dimension, a‘ is given in Eq. (7) as follows:

Fi(®)

at .
Mass;

id =

(7)

The gravitational constant, G, is initialized to Gg at the beginning
and decreases with time to control the search accuracy. It is defined
in Eq. (8) as follows:

G(t) = Go x exp (—;3 x (8)

Itermax) ’
where 8 is the coefficient of decrease, t is the current generation,
and Itermax is the maximum number of iterations. In the standard
GSA, Gy is set to 100 and g is set to 20. This setting is adopted by all
the GSA variants of this paper.

In generation t, the velocity and the position of the particle i are
updated according to Egs. (9) and (10) as follows:

(1 _

vi; =rand x v,d + a,d, 9)
t+1 t+1

Xig ' =Xg+ Vi (10)

where rand is a uniform random variable in the interval [0, 1].

2.3. Entropy criterion

The entropy criterion, proposed by Kapur et al. [4], is origi-
nal developed for bi-level thresholding. The entropy is maximum
when the optimal thresholds separating the image properly. The
entropy of an image is often obtained from its probability distri-
bution. Assume there are L gray-levels in a given image and the
gray-levels are in the range {0, 1, 2, ..., (L—1)}. One can define
probability of the gray-level i by Eq. (11) as follows:

hist,-
—1,.. °
> ico hist;
where hist; denotes the number of pixels with gray-level i.

For bi-level thresholding, entropy can be described by Eq. (12)
as follows:

prob; = (11)

tdy—1 b b tdo—1
i N 3 (12)
_ prob; pro _
HE{ = o In Zprob
i=tdg i=tdg

where HE; (i=0, 1) is the entropy of each class, tdy is the opti-
mum threshold of the bi-level thresholding, and w; (i=0, 1) is the
probability of each class.

The optimum threshold tdy can be used to maximizes the fitness
function Eq. (13) as follows:

f(tdo) = HEy + HEq, (13)

This method has been extended to solve multi-level threshold-
ing problems. Assume a problem of determining m thresholds for
a given image [tdq, tdo, ..., tdn]. The objective is to maximize the
fitness function Eq. (14) as follows:

f([tdy, tda, ..., tdm]) = HEg + HE1 + HE3 + - - - + HE, (14)
where
tdy—1 b. b tdy—1
0=~ 3 I on = 3 b
i=0
fdz 1 b b fdlzfl
_ prob; . prob; _ .
HE, = 2 o1 In o1 w1 = Zd:probl
i=t i=t
tdy-1 b b (31 (15)
_ prob; | prob;
HE o Ln o wy = Zprob
i=td; i=tdy
- prob; prob -
HEq, = — on In on wm = Zprob,»
i=tdm i=tdm

2.4. Between-class variance criterion

Thresholding based on between-class variance criterion is
another histogram-based image segmentation algorithm. The
methods divided the image into classes so that the total variance of
different classes is maximized. Otsu [6] defined the object function
Eq. (16) as the sum of sigma functions of each class:

f(tdo) = 09 + 01, (16)
The sigma functions are obtained from Eq. (17) as follows:
Zfd% i prob;

00 = wolpo — w1)%, 1o = T

-1 b
2 Zz tdg i -pro
o1 =wi1(u1 — ur)’, M:T’

(17)
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Mass,

Fig. 1. Schematic diagram of particle’s movement in GSA.

where (;(i=0, 1) is the mean gray-level of each class and 7 is the
mean intensity of the original image.

Similar to the entropy method, the between-class variance crite-
rion was extent to multi-level thresholding problems. The objective
is to maximize the following function Eq. (18):

f(tdqy, tdy, ...,tdn]) =09+ 01+ 02+ +0Om, (18)
where
td1-1.;
L i-prob;
00 = wolpo — ur),  po = 2uico_1-Proby :
o
tdy—1.
, Zi:[dl i-prob;
o1 =wi(n1 - ur), H1=———"-—,
w1
tdy—1 (19)
, Zijmz i-prob;
03 = wy(Ua — Ur)°, M= —"—,
w3
-1
p) > ictdy - PTOD;
om = om(ikm — U1)°, HUm = —"T—,
®m

3. GSA-GA based multi-level thresholding image
segmentation

In the standard GSA, the movement of particle is leaded by the
acceleration as illustrated in Egs. (9) and (10). In other words, the
search direction of each particle is determined by the resultant force
exerted by all its neighbors in current time as depicted in Fig. 1.

Although the resultant force guidance property makes GSA
convergence fast in the early iterations, it causes GSA suscepti-
ble to local optima [44]. GSA thus easily suffers from premature
convergence especially for complex problems. Once premature
convergence occurs, the population diversity is poor and GSA loses
its ability to explore. Moreover, GSA performs slow convergence
speed in the last iterations for premature convergence can result in
vibration problem [41].

3.1. GSA-GA

To tackle the aforementioned problems, we proposed a novel
hybrid algorithm of GSA with GA (GSA-GA) in this paper. In GSA-GA,
when particles are trapped, the roulette selection [53] and discrete
mutation [54] operators of GA are introduced. In this study, to adap-
tively identify whether the hybrid of GSA and GA is necessary, the
standard deviations of objective functions and the ratio of the cur-
rent iteration t to the maximum iterations Itermax are calculated
before conducting the roulette selection and discrete mutation of
GA.

More specifically, when particles are trapped, the fitness val-
ues (fit) of different particles become extraordinary similar to each
other. Thus, the current population lacks of population diversity

and the fitness value standard deviation std(fit) is very small. To
diversify the population, if rand<std(fit), the roulette selection and
discrete mutation operators are carried out to update population.
Due to those better particles are given more opportunities to be
chosen in the roulette selection, its combination with mutation can
help GSA-GA escape from local optima.

Besides, if rand<t/Itermax, the roulette selection and discrete
mutation operators are also performed. Apparently, satisfaction
of the condition ‘rand<t/Itermax’ becomes easier by the lapse of
time. Hence, GSA-GA can utilize selection and mutation operators
to accelerate convergence in the last iterations. The principle of
GSA-GA is shown in Fig. 2.

In the roulette selection, selection probability of a particle is in
proportion to the quality of its original fitness [53]. For a maxi-
mum problem, a particle with bigger objective function value is
more likely selected. Conversely, a particle with smaller objective
function value is more likely selected in a minimum problem. Take
maximum optimization problem as example, the selection prob-
ability of the particle i in generation t is calculated by Eq. (20) as
follows:

. fit}
pii) = ——,
SO it

The cumulative probability of the particle i in generation t thus
can be calculated by Eq. (21) as follows:

(20)

pLs(i) = > _pL), (21)
j=1

Then, generate a value rand randomly between 0 and 1 for each
particle, and find the sequence number j in the array of cumulative
probability with Eq. (22) as follows:

pes() <rand <pe(G+1), je[1,2,...,N], (22)

Particle j therefore can be selected to the next generation as
shown in Eq. (23) as follows:

Newx! = x!, (23)

Apparently, the roulette selection gives those better particles
more opportunities to be chosen for mutation. Then, the discrete
mutation operator and real-coded were implemented. Following a
mutation rate pp, the discrete mutation is performed by Eq. (24) as
follows:

X1 = rem(Newx{ + (rand < py). * ceil(rand. x (BaseM — 1)), BaseM), (24)

where BaseM is a mutation mask matrix calculated based on the
search space.

Take the optimization of function Sphere [38] as example. In the
final iterations, before the implement of GA operators, particles are
easy to trap in a small range as shown in Fig. 3(a). In contrast, after
performing the two GA operators, particles search more broadly
as shown in Fig. 3(b). Therefore, with the roulette selection and
discrete mutation operators, GSA-GA diversify the population and
can escape from local optima.

3.2. Implement of GSA-GA for multi-level thresholding

The application of GSA-GA approach to the multi-level image
thresholding problem depends on the criterion used for optimiza-
tion. In this paper, both the entropy and between-class variance
criteria were implemented. To start the GSA-GA for multi-level
thresholding, initial population # should be randomly generated
first. Each particle is a candidate solution of the required thresh-
olds. The size of the population N is set by users, and dimension
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Randmly initialize the position and velocity vectors
of the particles, and set P, , Itermax, and FEs

£

4

For each particle evaluate the fitness i,

rand>std(fit) or rand<t/ltermax

Y
roulette‘s'election Update gravitation constant G by Eq. (8)
operation *
Calculate mass M and acceleration a
A A for each particle by Eq. (2) and Eq. (7)
discrete mutation
operation

Update velocity and position by Eq. (9) and (10)

‘ Y

No eeting end 0
criterion?
Return the best solution
End
Fig. 2. The GSA-GA principle.
10 10
5 5 «
L]
L]
Qe ) d
0 o aP..® '. - " 0 . dse . .
e® o % . o %
5 5
5 -4 3 2 1 0 1 2 3 4 5 5 4 3 2 1 0 1 2 3 4 5
(a) Before GA operators (b) After GA operators

Fig. 3. The position of the particles observed before and after the GA operators in GSA-GA process for Sphere function, S=2, and N=30.

S of each particle is the number of thresholds: S=m. In the itera- 4. Experiments and results

tion process, the fitness value of each particle is calculated from

the entropy or between-class variance criterion using Eqs. (14) and To demonstrate the validity of the proposed algorithm, we
(18), respectively. The pseudocode of the GSA-GA algorithm for compared GSA-GA with the standard GSA [38], GGSA (Adaptive
multi-level image thresholding is shown in Fig. 4. gbest-guided GSA) [46], PSOGSA (hybrid PSO and GSA) [45],DS [21],
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1. Input test image IMG.
2. Set P, Itermax, N, G, 3, m, and FEs.
3. Set the thresholding criterion Findex="entropy' or 'between-class variance'.
4. Initialize positions x and velocities v of particles in the population.
5. For t=1:Itermax
6. If Findex='entropy'
7 Evalutate the fitness functions values fit by Eq. (14);
8. Else
9. Evalutate the fitness functions values fit by Eq. (18);
10. End
11. End
12. If (rand>std (fit) || rand<(t/Itermax)
13. Calculate the selection probability p; (i) of each particle i by Eq.(20);
14. Calculate cumulative probability p% (i) of each particle i by Eq.(21);
15. For i=I:N
16. Generate rand randomly;
17. If p..(j)<rand <p.,(j+1) je[l,2,.,N]
18. Newx; =x; ;
19. End
20. End
21. Randomly generate basic vector BaseV for discrete mutation in the gray range of IMG ;
22. Create mutation mask matrix by BaseM = BaseV(ones(N,1),’) ;
23. x" = rem(Newx' +(rand < p,,).* ceil (rand .* (BaseM -1)),BaseM )
24, Else
25. Update the gravitation constant by G(r) = G, x exp(- 8 x ! 5%
26. For i=I:N ) ler, " .
27. Calculate the mass by Mass, M ang nmfit] = S =] ;
ZH nmfit, best' —worst'
28. Calculate the force acting on particle 7 from other parrticles in demension d
29. by F,;’(z):G(t)M(x{d —xtyand Fi@)= Z rand -FY(f) 3
R;. +& % ° Jelj=i e
30. Calculate the acceleration by a, = L(’),;
Mass;
31. Update the position and velocity of particle 7 by:
32. vl = rand x v, +al, .
33. xt =l +vigh
34, End
35. End
36. End

Fig. 4. Pseudocode of the GSA-GA algorithm for multi-level image thresholding.

BBO-DE [20], and GAPSO [23] by conducting experiments on 6 well-
known standard benchmark images. In these compared algorithms,
the GGSA and PSOGSA are two state-of-art GSA variants, the DS
is one of the newest high-efficient meta-heuristic algorithms, and
the BBO-DE, GAPSO are two kinds of new hybrid meta-heuristic
algorithms which have been successfully utilized to solve multi-
level thresholding problem. The test images are given in Fig. 5 as
described at Section 4.1. Subsequently, the related experimental
settings are presented in Section 4.2. In Section 4.3, the perfor-
mance metrics are briefly introduced. Afterwards, in Sections 4.4
and 4.5, the multi-level image thresholding results using GSA-GA
with between-class variance and entropy criteria respectively are
compared to the six comparison algorithms. In these experiments,
the number of thresholds in the range of 2-5 for each image is
tested. Finally, a detailed analysis of the running time is presented
in Section 4.6. To reduce statistical errors, each test is repeated 30
times independently.

4.1. Test images

In this paper, 6 well-known standard benchmark images, includ-
ing Lena, Cameraman, butterfly, Landscape, Starfish, and House,
are utilized to examine the performance of GSA-GA as shown in

Fig. 5. The first three test images (Fig. 5(a) Lena image, Fig. 5(b)
Cameraman image, and Fig. 5(c) House image) are of size 256 x 256
pixels with 8 bit gray-levels. The other three images are with size of
321 x 481 with 8 bit gray-levels. In addition, the first two images,
Lena and Cameraman are taken from literature [55]. The House
image, as shown in Fig. 5(c) is adopted from [56]. The rest three
natural images, are taken form the Berkeley Segmentation Dataset
[57].

4.2. Experimental settings

The relative parameter settings in this paper are shown in
Table 2. As illustrated in Table 2, to perform a fair experiment, in all
of the algorithms, the population size (N), and maximum number
of fitness evaluations (FEs) were set to 30 and 3000, respectively.
For GSA-GA, GSA, PSOGSA, and GGSA, the initial gravitational con-
stant Gy and decrease coefficient 8 were set to 100 and 20 as the
default values in original GSA [38]. For PSOGSA, the two accelera-
tion coefficients (c; and c¢;) were set to 0.5 and 1.5, respectively as
suggested in [45]. For GGSA, the two acceleration coefficients (c;
and c,) were set to —2t3/Itermax> +2 and 2t3/Itermax>, respectively
as recommended in [46]. The other parameters in DS, BBO-DE, and
GAPSO were all adopted as the suggested values in the original

Please cite this article in press as: G. Sun, et al., A novel hybrid algorithm of gravitational search algorithm with genetic algorithm for
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Fig. 5. Test images used in the experiments.

Table 2

Parameter settings in this paper.
parameters GSA-GA GSA PSOGSA GGSA DS BBO-DE GAPSO
FEs 3000 3000 3000 3000 3000 3000 3000
N 30 30 30 30 30 30 30
Dm 0.1 - - - - DE/rand/1 0.1
pc/CR - - - - - 0.9 1
F - - - - - 0.5 -
Go 100 100 100 100 - - -
B 20 20 20 20 - - -
= - - 0.5 =263 Itermax> +2 - - 2
[ - - 1.5 263 [Itermayx’ - - 2
D1 - - - - 0.3*rand - -
P2 - - - - 0.3*rand - -
Nelit - - - - - 2 -

papers. To be specific, in DS, the two control parameters (i.e., p; and
p2) were both set to 0.3*rand; in BBO-DE, the mutation scheme was
the DE/rand/1, the crossover probability (denoted by CR) was set to
0.9, the scaling factor (F) was set to 0.5, and the elitism parameter
(denoted by ngj;¢) was set to 2 [20]; in GAPSO, the mutation proba-
bility (pm) was set to 0.1, the crossover probability (denoted by p.)
was set to 1, and the two acceleration coefficients were both set to
2 [23]. For GSA-GA, the mutation probability p;, is set to 0.1 as it is
recommended in many GA based algorithms [20,24,27].

4.3. Performance metrics

To qualitatively judge the segmentation procedure that pro-
duced thresholded images, we employed the popular uniformity
measure [58], which has also been employed by Yin [27] to provide
an effective performance comparison. The uniformity measure (u)
is calculated by Eq. (25) as follows:

m+1 2
j=1 ZieRej(—fi - 8)

u=1-2xmx 5
Num x (fmax — fmin)

(25)

where m is the number of thresholds, Re; is the j-th segmented
region, Num is the total number of pixels in the given image IMG, f;
is the gray-level of pixel i, g; is the mean gray-level of pixels in j-th

region, frax and fii, are the maximum and minimum gray-level of
pixels in the given image, respectively.

Typically, u<[0, 1] and a higher value of uniformity indicates
that there is better uniformity in the thresholding image.

4.4. Experiment 1: Maximizing entropy

In this section, the entropy criterion was first maximized to
construct an optimally segmented image for all the four GSA vari-
ants to confirm the superiority of GSA-GA over the original GSA
and the two state-of-art GSA variants. Table 3 presented the best
uniformity (u) and the corresponding threshold values (Th) on
all the test images produced by the algorithms after 30 runs. To
test the stability of the algorithms, Table 4 presented the mean
and stand of deviation uniformity (M_u and Std_u). Moreover,
to test the computation complexity, the mean and stand devia-
tion of CPU times (M_t and Std_t) after 30 runs were reported in
Table 5.

As shown in Table 3, GSA-GA performed better than the other
GSA-based segmentation methods in most cases. Especially for the
test image House, when m=3, the proposed GSA-GA obviously
outperformed the other three algorithms for the reason that GA’s
operators prevent GSA from getting stuck to local optima. Mean-
while, GSA-GA yielded the best M_u in most cases as illustrated by
Table 4. The PSOGSA performed the best Std_u followed by GSA,

Please cite this article in press as: G. Sun, et al., A novel hybrid algorithm of gravitational search algorithm with genetic algorithm for
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Table 3
Comparison of algorithms (GSA, PSOGSA, GGSA and GSA-GA) taking the entropy as evaluation criteria in terms of best uniformity and corresponding thresholds. The best results of each metric are shown in boldface.
Image m GSA PSOGSA GGSA GSA-GA
Th u Th u Th u Th u

2 90,156 0.9688 92,158 0.9687 92,158 0.9687 97,157 0.9690
L 3 76,120,169 0.9773 76,120,170 0.9771 76,120,169 09773 76,119,160 0.9773
€na 4 59,92,130,170 0.9789 59,92,131,171 0.9788 59,92,131,171 0.9788 69,107,145,170 0.9809
5 53,81,108,144,177 0.9823 57,86,119,153,183 0.9813 56,84,115,144,175 0.9832 59,89,127,161,184 0.9800
2 128,193 0.9346 128,193 0.9346 128,193 0.9346 113,193 0.9546
C 3 51,110,197 0.9665 98,146,197 0.9727 93,145,197 0.9681 48,113,199 0.9758
ameraman 4 47,97,147,193 0.9826 44,97,146,197 0.9826 44,96,146,193 0.9826 46,97,143,191 0.9824
5 26,66,103,144,193 0.9817 25,62,100,146,197 0.9813 39,83,119,154,193 0.9854 40,82,115,146,194 0.9836
2 115,175 0.9688 115,176 0.9688 115,173 0.9688 98,176 0.9738
Butterfl 3 76,119,177 0.9764 74,120,176 0.9764 74,120,176 0.9764 74,117,171 0.9769
y 4 82,123,171,215 0.9797 74,120,172,219 0.9792 74,120,172,219 0.9792 77,123,167,208 0.9803
5 64,96,134,173,217 0.9815 68,99,133,174,219 0.9808 68,97,128,173,218 0.9809 52,84,131,174,219 0.9808
2 98,150 0.9443 98,150 0.9443 98,150 0.9443 96,157 0.9499
Landscape 3 81,124,191 0.9593 78,127,197 0.9591 77,126,197 0.9593 74,133,198 0.9602
P 4 68,99,142,193 0.9726 28,59,100,151 0.9609 70,97,132,197 0.9660 72,98,131,188 0.9621
5 23,60,97,132,175 0.9847 28,59,98,133,197 0.9834 28,59,97,129,171 0.9840 48,93,124,169,195 0.9832
2 89,168 0.9669 91,170 0.9667 91,170 0.9667 92,161 0.9671
Starfish 3 72,124,180 0.9751 75,130,183 0.9741 74,129,183 0.9744 68,120,178 0.9753
tarfis 4 61,104,153,200 0.9769 68,116,164,206 0.9762 65,118,165,206 0.9748 65,110,155,201 0.9771
5 54,90,129,168,208 0.9798 56,93,132,170,209 0.9796 54,90,127,164,206 0.9805 43,80,114,154,198 0.9804
2 103,197 0.9302 98,194 0.9265 98,193 0.9268 111,194 0.9354
u 3 64,116,206 0.9146 65,112,194 0.9109 65,112,193 09113 64,133,195 0.9630
ouse 4 59,97,132,193 0.9728 59,88,115,194 0.8932 61,101,137, 183 0.9844 52,82,145,197 0.9786
5 66,101,134,164,201 0.9886 61,101,137,183,195 0.9868 61,101,137,182,194 0.9869 70,103,139,177,202 0.9887
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Table 4
Comparison of algorithms (GSA, PSOGSA, GGSA and GSA-GA) taking the entropy as evaluation criteria in terms of the mean and standard deviation of uniformity. The best results of each metric are shown in boldface.
Image m GSA PSOGSA GGSA GSA-GA
M_u Std_u M_u Std_u M_u Std_u M_u Std_u
2 0.9687 9.3439e-05 0.9687 1.2413e-16 0.9687 6.7388e—05 0.9687 9.0735e-04
L 3 0.9754 2.8593e-04 09771 0 0.9745 7.2380e-05 0.9771 7.5622e—-04
€na 4 0.9785 4.0528e—-04 0.9787 1.5286e—-04 0.9787 1.5286e—-04 0.9791 0.0020
5 0.9796 0.0024 0.9805 4.7394e—-04 0.9821 6.0637e—-04 0.9773 0.0034
2 0.9320 0.0053 0.9346 0 0.9346 0 0.9355 0.0135
C 3 0.9635 0.0017 0.9650 0.0043 0.9655 0.0059 0.9694 0.0035
ameraman 4 0.9824 1.8244e—04 0.9826 0 0.9825 1.4102e—04 0.9814 0.0026
5 0.9811 4.9037e-04 0.9813 3.8962e-05 0.9845 0.0018 0.9816 0.0037
2 0.9686 2.5721e-04 0.9688 1.2413e-16 0.9688 1.9051e-05 0.9701 0.0024
Butterfl 3 0.9762 4.5818e—-04 0.9704 0.0082 0.9733 0.0066 0.9768 0.0068
y 4 0.9776 0.0053 0.9792 0 0.9785 0.0011 0.9785 7.2751e—-04
5 0.9800 0.0018 0.9791 9.2801e-04 0.9804 9.5647e—-04 0.9805 0.0022
2 0.9443 0 0.9443 0 0.9444 3.0594e-04 0.9459 0.0037
Landscape 3 0.9492 0.0134 0.9436 0.0087 0.9592 9.2976e—05 0.9550 0.0090
P 4 0.9541 0.0119 0.9508 0.0057 0.9565 0.0077 0.9556 0.0181
5 0.9801 0.0061 0.9727 0.0132 0.9769 0.0146 0.9808 0.0065
2 0.9667 1.0190e-04 0.9667 1.2413e-16 0.9667 1.2413e-16 0.9670 5.7001e-04
Starfish 3 0.9744 5.2658e—04 0.9741 0 0.9743 1.2005e—-04 0.9752 0.0016
tarfis 4 0.9761 6.7982e—-04 0.9756 3.7775e—-04 0.9766 5.3421e-04 0.9738 0.0018
5 0.9788 0.0012 0.9796 6.8327e-06 0.9799 4.4271e-04 0.9801 0.0025
2 0.9185 0.0192 0.9265 1.2413e-16 0.9267 1.7441e-04 0.9300 0.0054
u 3 0.9084 0.0247 0.9109 0 0.9108 5.2879e—-04 0.9370 0.0056
ouse 4 0.9064 0.0472 0.8869 0.0058 0.9129 0.0483 0.9311 0.0450
5 0.9870 0.0040 0.9366 0.0013 0.9846 0.0021 0.9877 0.0689
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Table 5

Comparison of algorithms (GSA, PSOGSA, GGSA, DS, BBO-DE, GAPSO and GSA-GA) taking the entropy as evaluation criteria in terms of the mean and standard deviation of CPU times (in seconds). The best results of each metric
are shown in boldface.

Image m GSA PSOGSA GGSA DS BBO-DE GAPSO GSA-GA
M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t

2 1.0123 0.0050 1.6078 0.1544 1.6813 0.0985 1.1003 0.0335 3.0389 0.6785 1.0994 0.0472 0.8662 0.0247

L 3 1.0846 0.0175 1.6504 0.5173 1.9292 0.3106 2.2027 0.3149 2.6781 0.1947 1.1186 0.0139 0.9364 0.0103
ena 4 1.8611 0.1690 1.1077 0.0292 1.6873 0.0493 1.9755 0.0518 2.7709 0.0963 1.1850 0.0312 0.9336 0.0196
5 2.0468 0.2064 1.1798 0.0492 1.8288 0.2273 1.2759 0.0239 2.8885 0.0790 1.2234 0.0266 1.0030 0.0136

2 1.0777 0.0684 1.6021 0.1463 1.6269 0.0980 1.1102 0.0299 2.3975 0.0713 1.0718 0.0296 0.8871 0.0269

c 3 1.0991 0.0316 2.2101 0.1230 1.8792 0.1820 1.1890 0.0333 2.6235 0.0952 1.1587 0.0374 0.9122 0.0094
ameraman 1.1883 0.0156 1.1615 0.0253 1.3987 0.0328 1.2408 0.0260 2.9404 0.0139 1.1943 0.0301 0.9501 0.0155
5 1.1860 0.0343 1.1050 0.0365 21713 0.1982 1.2935 0.0292 3.0819 0.1056 1.2413 0.0342 1.0093 0.0227

2 1.6482 0.0488 1.5048 0.0453 2.7512 0.0971 1.6925 0.0526 3.5244 0.0165 1.6548 0.0359 1.4509 0.0486

Butterf] 3 1.6827 0.0284 1.6592 0.0626 4.0021 0.2647 3.4636 0.1195 3.6308 0.0601 1.7165 0.0604 1.4960 0.0237
uttertly 4 1.6905 0.0316 1.6323 0.0317 2.9516 0.9764 2.9635 0.1818 3.8368 0.0990 1.8147 0.0466 1.5057 0.0499
5 2.6506 0.8602 1.6747 0.0540 1.7674 0.0514 2.7210 0.6504 4.0203 0.0835 1.8058 0.0534 1.5425 0.0357

2 3.0312 0.1716 1.5389 0.0568 1.6057 0.0402 1.6476 0.0589 3.4387 0.1852 1.5936 0.0582 1.4272 0.0313

Land 3 3.0218 0.2287 1.5456 0.0280 1.6533 0.0467 1.7508 0.0350 3.5607 0.0710 1.6741 0.0509 1.4429 0.0429
andscape 4 2.9793 0.1455 15260 0.0729 17119 0.0289 17152 0.0390 3.7590 0.0570 17228 0.0544 1.4256 0.0185
5 3.0528 0.2215 1.7579 0.1123 1.7272 0.0326 1.7954 0.0598 41630 0.1962 1.7902 0.0498 1.5390 0.0617

2 1.6752 0.0931 1.5435 0.0454 1.8275 0.0396 1.6917 0.0475 3.5784 0.0723 1.6640 0.0480 1.4481 0.0378

Starfish 3 1.6696 0.0243 1.6303 0.0592 2.8540 0.0992 1.7757 0.0585 3.7421 0.0082 1.7456 0.0562 1.4228 0.0201
tarfis 4 1.6825 0.0233 1.6505 0.0308 3.7464 0.5911 1.8840 0.0591 3.8296 0.1134 1.7878 0.0520 1.4758 0.0320
5 26214 0.9823 1.7040 0.0534 3.5613 0.3179 2.1350 0.5651 4.0223 0.1147 1.8236 0.0443 1.5715 0.0414

2 1.0488 0.0370 1.0765 0.0339 1.0323 0.0126 1.1322 0.0458 2.3825 0.1039 1.0707 0.0254 0.9144 0.0673

" 3 1.1113 0.0168 1.0908 0.0334 1.1569 0.0519 1.1852 0.0508 2.5713 0.0492 1.1439 0.0259 0.9246 0.0466
ouse 4 1.0932 0.0432 1.1090 0.0328 1.1449 0.0259 2.0081 0.5521 2.8502 0.2266 1.1865 0.0351 0.9645 0.0249
5 1.2845 0.0360 1.1854 0.0347 1.1890 0.0270 1.9882 0.1042 2.9229 0.0846 1.2625 0.0288 1.0268 0.0173
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Table 6
Comparison of algorithms (DS, BBO-DE, GAPSO and GSA-GA) taking the entropy as evaluation criteria in terms of best uniformity and corresponding thresholds. The best results of each metric are shown in boldface.
Image m DS BBO-DE GAPSO GSA-GA
Th u Th u Th u Th u

2 85,142 0.9696 81,150 0.9683 101,149 0.9676 97,157 0.9690
L 3 72,129,161 0.9452 71,124,181 0.9749 69,108,173 0.9731 76,119,160 0.9773
€na 4 57,88,115,162 0.9750 81,99,153,182 0.9705 63,109,147,195 0.9764 69,107,145,170 0.9809
5 61,83,115,139,170 0.9782 64,96,149,170,196 0.9697 80,104,120,150,188 0.9773 59,89,127,161,184 0.9800
2 118,199 0.9489 143,197 0.9077 98,195 0.9637 113,193 0.9546
C 3 81,145,190 0.9796 99,150,189 0.9717 56,141,208 0.9783 48,113,199 0.9758
ameraman 4 68,112,163,214 0.9776 48,92,153,226 0.9794 65,102,143,208 0.9788 46,97,143,191 0.9824
5 31,88,124,148,217 0.9829 22,78,143,167,217 0.9828 55,76,121,158,195 0.9831 40,82,115,146,194 0.9836
2 83,153 0.9779 93,146 0.9763 84,170 0.976 98,176 0.9738
Butterfl 3 76,136,191 0.9761 65,134,176 0.9726 84,113,171 0.9745 74,117,171 0.9769
y 4 91,130,169,231 0.9745 70,80,127,200 0.9706 57,106,156,204 0.9758 77,123,167,208 0.9803
5 60,91,137,168,224 0.9793 74,114,163,203,248 0.9779 69,80,109,162,213 0.9768 52,84,131,174,219 0.9808
2 94,172 0.9529 80,130 0.9524 82,143 0.9541 96,157 0.9499
Landscape 3 68,117,164 0.9702 68,118,153 0.9606 70,136,197 0.9643 74,133,198 0.9602
P 4 59,84,132,182 0.9851 26,51,96,181 0.9706 25,94,135,190 0.9829 72,98,131,188 0.9621
5 22,42,91,135,187 0.9843 37,56,101,170,187 0.9705 29,77,107,132,184 0.9901 48,93,124,169,195 0.9832
2 97,176 0.9654 86,152 0.9673 89,157 0.9674 92,161 0.9671
Starfish 3 81,132,192 0.9724 54,130,178 0.9681 66,131,183 0.9730 68,120,178 0.9753
tarfis 4 64,109,157,209 0.9760 83,106,137,187 0.9707 37,88,127,169 0.9723 65,110,155,201 0.9771
5 58,94,110,145,203 0.9781 82,107,169,194,215 0.9588 40,83,120,147,175 0.9762 43,80,114,154,198 0.9804
2 112,196 0.9351 68,99 0.9170 67,123 0.9446 111,194 0.9354
u 3 63,110,200 0.9077 104,184,196 0.9785 109,152,196 0.9830 64,133,195 0.9630
ouse 4 63,104,137,185 0.9828 51,96,163,205 0.9834 51,106,161,198 0.9834 52,82,145,197 0.9786
5 36,78,107,149,201 0.9844 46,98,127,179,199 0.9839 66,90,126,180,192 0.9839 70,103,139,177,202 0.9887
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Fig. 6. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the Lena image by GSA-GA with m varies from 2 to 5.
The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

and the Std_u values of GSA-GA were slightly poor. This is due to
the mutation operator makes particles explore more broadly and
the experimental results may not stable enough in limited FEs. Fur-
thermore, it is worthy to be emphasized that the mean of CPU times
of GSA-GA are visible smaller than the comparison algorithms as
shown in Table 5.

For a visual GSA-GA interpretation of the segmentation results,
the segmented images and gray-level histograms labelled with
thresholds were presented in Figs. 6-11 with m=2-5. The first

columns of the images show the histograms labelled with the
thresholds found by the GSA-GA on the entropy, and the second
columns give the segmented images through the threshold values
obtained from the GSA-GA on the entropy fitness function. It was
shown that the segmentation quality is better when m=5 in each
case, except for Lena. This visual finding was supported by the cal-
culated uniformity for GSA-GA in Table 3, which showed a higher
uniformity value as we increased the number of thresholds for a
given image.
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Table 7
Comparison of algorithms (DS, BBO-DE, GAPSO and GSA-GA) taking the entropy as evaluation criteria in terms of the mean and standard deviation of uniformity. The best results of each metric are shown in boldface.
Image m DS BBO-DE GAPSO GSA-GA
M_u Std_u M_u Std_u M_u Std_u M_u Std_u
2 0.9667 0.0027 0.9653 0.0043 0.9666 0.0013 0.9687 9.0735e—-04
L 3 0.9683 0.0064 0.9708 0.0058 0.9696 0.0027 0.9771 7.5622e—-04
€na 4 0.9709 0.0041 0.9663 0.0060 0.9710 0.0067 0.9791 0.0020
5 0.9687 0.0098 0.9651 0.0065 0.9700 0.0061 0.9773 0.0034
2 0.9186 0.0354 0.8811 0.0377 0.9225 0.0910 0.9355 0.0135
c 3 0.9728 0.0080 0.9706 0.0035 0.9727 0.0058 0.9694 0.0035
ameraman 4 0.9687 0.0107 0.9791 5.1999e-04 0.9743 0.0110 0.9814 0.0026
5 0.9776 0.0048 0.9806 2.4610e-04 0.9735 0.0128 0.9816 0.0037
2 0.9701 0.0035 0.9752 0.0026 0.9692 0.0053 0.9701 0.0024
Butterfl 3 0.9723 0.0073 0.9669 0.0080 0.9680 0.0068 0.9768 0.0068
y 4 0.9712 0.0033 0.9688 0.0025 0.9639 0.0104 0.9785 7.2751e-04
5 0.9740 0.0040 0.9752 0.0038 0.9744 0.0029 0.9805 0.0022
2 0.9489 0.0038 0.9498 0.0037 0.9469 0.0067 0.9459 0.0037
Landscape 3 0.9573 0.0108 0.948 0.0178 0.9464 0.0156 0.9550 0.0090
P 4 0.9521 0.0322 0.9413 0.0414 0.9646 0.0196 0.9556 0.0181
5 0.9803 0.0028 0.9699 8.7058e—-04 0.9752 0.0095 0.9808 0.0065
2 0.9634 0.0016 0.9665 0.0011 0.9566 0.0084 0.9670 5.7001e—04
Starfish 3 0.9695 0.0037 0.9669 0.0017 0.9687 0.0042 0.9752 0.0016
tarfis 4 0.9662 0.0101 0.9697 0.0025 0.9661 0.0061 0.9738 0.0018
5 0.9595 0.0143 0.9473 0.0162 0.9693 0.0052 0.9801 0.0025
2 0.9109 0.0305 0.9103 0.0095 0.9162 0.0312 0.9300 0.0054
u 3 0.8882 0.0241 0.9366 0.0062 0.9084 0.0517 0.9370 0.0056
ouse 4 0.9306 0.0566 0.9218 0.0023 0.9288 0.0429 0.9311 0.0450
5 0.9322 0.0583 0.9191 0.0916 0.9805 0.0022 0.9877 0.0689
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Fig. 7. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the Cameraman image by GSA-GA with m varies from
2 to 5. The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

To further demonstrate the superiority of GSA-GA, we carried
out experiments on DS, BBO-DE, and GAPSO using the six bench-
mark images shown in Fig. 5. Table 6 presented the best uniformity
(u) and the corresponding threshold values (Th) on all the test
images produced by the algorithms after 30 runs. To test the sta-
bility of the algorithms, Table 7 presented the mean and stand
deviation of uniformity (M_u and Std_u). Moreover, to test the com-
putation complexity, the mean and stand deviation of CPU times
(M_t and Std_t) after 30 runs were also reported in Table 5.

For images Lena, Cameraman, Butterfly, Starfish and House,
when m=2 and 3, the GSA-GA produced the best M_u and Std_u
on almost all the test images as illustrated in Table 7. For m=4 and
5, GSA-GA outperformed the other three algorithms completely in
terms of the best uniformity and the M_u as shown in Tables 6 and 7.
It thus can be inferred that the introducing of the GA’s discrete
mutation operator has enhanced the diversity of the population
and alleviated the premature convergence problem. For the Land-
scape image, although GSA-GA has not performed the best on the
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Fig. 8. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the Butterfly image by GSA-GA with m varies from 2
to 5. The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

best uniformity and M_u, it produced the best robustness for m=2,
3, and 4 as illustrated by the Std_u shown in Table 7. The inferior
robustness of DS, BBO-DE, and GAPSO may come from the influence
of their control parameters, crossover and mutation operators as
shown in Table 2. In addition, the CPU times shown in Table 5 also
confirmed the low computational complexity of GSA-GA.

4.5. Experiment 2: Maximizing between-class variance

This section devotes to maximize the between-class variance
criterion to construct an optimally segmented image for all of the
seven algorithms. We first compared GSA-GA to the other three GSA
variants. Experiments were performed on all the test images shown
in Fig. 5. The best uniformity (u) and the corresponding threshold
values (Th) produced by the algorithms were given in Table 8 after
30 runs. Similarly, to test the stability of the algorithms, Table 9

presented the mean and stand deviation of uniformity (M_u and
Std_u). In addition, Table 10 provided the mean and stand deviation
of CPU times (M_t and Std_t) after 30 runs.

As illustrated in Table 8, with the between-class variance crite-
rion, GSA and GSA-GA yielded much better results than PSOGSA and
GGSA. Moreover, although GSA can obtained comparative results
with GSA-GA when thresholds are small, GSA-GA performed the
best segmentation in most cases. This confirmed the effectiveness
of the introduced GA operators. Meanwhile, GSA-GA yielded the
best M_u in most cases as illustrated by Table 9. Although the muta-
tion operator also caused a sightly poorer Std_u as shown in Table 9,
GSA-GA consumed the least CPU times as shown in Table 10.

In Figs. 6-11, the third columns presented the histograms
labelled with the thresholds produced by the GSA-GA on the
between-class variance criterion, and the fourth columns displayed
the segmentation images by the GSA-GA used the between-class
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Table 8
Comparison of algorithms (GSA, PSOGSA, GGSA, and GSA-GSA) taking the between-class variance as evaluation criteria in terms of best uniformity and corresponding thresholds. The best results of each metric are shown in
boldface.
Image m GSA PSOGSA GGSA GSA-GA
Th U Th u Th u Th u
2 87,144 0.9697 87,145 0.9697 87,145 0.9697 87,145 0.9697
L 3 73,119,164 0.9776 74,120,164 0.9777 74,120,164 0.9777 73,119,164 0.9776
€na 4 65,103,137,173 0.9817 85,90,149,157 0.9530 66,99,163,177 0.9664 67,108,139,172 0.9820
5 57,85,113,142,176 0.9834 73,86,119,157,165 0.9714 71,78,119,163,176 0.9722 57,85,114,143,176 0.9834
2 70,144 0.9844 70,144 0.9844 70,144 0.9844 70,145 0.9844
c 3 58,119,156 0.9840 71,89,147 0.9792 59,119,156 0.9840 56,118,156 0.9840
ameraman 4 44,94,133,169 0.9853 69,70,144,165 0.9765 42,94,140,171 0.9860 42,93,139,170 0.9860
5 41,90,128,159,200 0.9861 58,68,86,131,164 0.9795 29,78,118,147,173 0.9873 29,75,119,148,173 0.9874
2 85,155 0.9780 85,156 0.9780 85,155 0.9780 85,155 0.9780
Butterfl 3 83,145,201 0.9789 93,135,187 0.9758 82,145,201 0.9789 82,144,201 0.9789
uttertly 4 76,120,168,208 0.9803 88,134,169,254 0.9681 77,119,175,254 0.9705 78,123,171,207 0.9803
5 60,89,127,167,210 0.9823 82,145,165,206,254 0.9716 40,83,117,149,182 0.9710 58,89,131,173,210 0.9824
2 54,144 0.9635 54,144 0.9635 54,144 0.9635 53,144 0.9635
Land 3 50,111,174 0.9815 49,110,174 0.9815 47,110,174 0.9815 49,110,176 0.9815
andscape 4 91,132,182 0.9868 45,92,132,182 0.9868 45,92,132,182 0.9868 49,96,136,181 0.9868
5 38,80,108,139,185 0.9916 36,51,95,146,200 0.9773 41,80,109,139,177 0.9916 40,81,106,137,182 0.9917
2 85,157 0.9676 85,157 0.9676 85,157 0.9676 85,157 0.9676
Starfish 3 67,119,179 0.9753 69,120,178 0.9754 69,120,178 0.9754 68,119,178 0.9754
tarfis 4 59,100,140,187 0.9788 79,85,157,174 0.9516 60,101,138,187 0.9789 60,102,139,186 0.9788
5 48,86,119,146,195 0.9809 69,79,120,126,178 0.9673 42,69,119,175,184 0.9697 51,84,117,150,194 0.9816
2 96,155 0.9875 96,155 0.9875 96,155 0.9875 96,155 0.9875
u 3 79,110,154 0.9862 90,109,147 0.9847 81,112,158 0.9864 80,111,158 0.9864
ouse 4 83,113,155,202 0.9876 96,109,155,197 0.9851 78,93,109,149 0.9823 81,109,153,201 0.9875
5 80,102,115,154,194 0.9812 96,108,152,199,204 0.9815 80,110,148,164,238 0.9814 76,102,132,167,199 0.9888
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Table 9
Comparison of algorithms (GSA, PSOGSA, GGSA, and GSA-GSA) taking the between-class variance as evaluation criteria in terms of the mean and standard deviation of uniformity. The best results of each metric are shown in
boldface.

Image m GSA PSOGSA GGSA GSA-GA
M_u Std_u M_u Std_u M_u Std_u M_u Std_u

2 0.9697 1.0912e—05 0.9697 1.2413e-16 0.9697 1.2413e-16 0.9697 1.0660e—05

L 3 0.9776 9.0312e-05 0.9618 0.0219 0.9604 0.0246 0.9776 2.2505e-05
ena 4 0.9815 2.7102e—04 0.9450 0.0058 0.9509 0.0119 0.9818 0.0295
5 0.9780 0.0070 0.9315 0.0408 0.9678 0.0074 0.9801 0.0347

2 0.9844 1.2413e-16 0.9844 1.2413e-16 0.9844 1.2413e-16 0.9844 2.8192e-05

c 3 0.9829 0.0023 0.9715 0.0045 0.9788 0.0036 0.9833 6.7899e—04

ameraman 4 0.9848 4.9043e—05 0.9636 0.0155 0.9751 0.0076 0.9859 5.3867e—04
5 0.9711 0.0022 0.9767 0.0022 0.9684 0.0191 0.9858 0.0310

2 0.9780 4.3573e—06 0.9780 0 0.9780 4.3573e—06 0.9780 4.3573e—06

Butterf] 3 0.9785 7.1317e-05 0.9534 0.0146 0.9622 0.0187 0.9789 4.7317e-04
y 4 0.9775 0.0060 0.9444 0.0218 0.9644 0.0056 0.9733 0.0117
5 0.9657 0.0134 0.9494 0.0230 0.9669 0.0045 0.9762 0.0273

2 0.9635 1.2413e-16 0.9635 1.2413e-16 0.9635 1.2413e-16 0.9635 4.1819e-05

Land 3 0.9815 1.4871e—05 0.9815 0 0.9715 0.0224 0.9815 6.5952e—05
andscape 4 0.9868 2.8765e—05 0.9641 0.0219 0.9538 0.0252 0.9839 0.0038
5 0.9864 0.0043 0.9299 0.0532 0.9719 0.0134 0.9894 0.0043

2 0.9676 3.3622e-05 0.9676 0 0.9676 0 0.9676 1.2819e—05

Starfish 3 0.9752 2.2472e-04 0.9754 1.2413e-16 0.9753 7.2837e-06 0.9752 1.3188e-04
tarfis 4 0.9709 0.0140 0.9443 0.0046 0.9619 0.0164 0.9511 0.0609
5 0.9750 0.0083 0.9644 0.0037 0.9651 0.0055 0.9778 0.0058

2 0.9875 1.2413e-16 0.9875 1.2413e-16 0.9875 1.2413e-16 0.9875 1.0286e—05
" 3 0.9848 1.7003e-04 0.9758 0.0157 0.9837 0.0025 0.9863 0.0020
ouse 4 0.9866 0.0018 0.9695 0.0245 0.9791 0.0019 0.9811 0.0071
5 0.9812 0.0068 0.9757 0.0044 0.9802 0.0012 0.9853 0.0055
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Table 10

Comparison of algorithms (GSA, PSOGSA, GGSA, DS, BBO-DE, GAPSO and GSA-GSA) taking the between-class variance as evaluation criteria in terms of the mean and standard deviation of CPU times (in seconds). The best results
of each metric are shown in boldface.

Image m GSA PSOGSA GGSA DS BBO-DE GAPSO GSA-GA
M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t M_t Std_t

2 1.0059 0.0130 0.9534 0.0441 0.9573 0.0430 2.0733 0.2590 2.3008 0.1345 0.9848 0.0080 04285 00195

L 3 0.8708 0.0041 0.9799 0.0357 0.9528 0.0397 1.2432 0.1978 2.3294 0.0359 0.9907 0.0323 0.6108 00198
ena 4 1.0073 0.0157 1.0411 0.0553 0.9718 0.0253 1.0501 0.0360 2.4710 0.0585 1.0708 0.0692 06172 00173
5 0.9902 0.0179 1.0450 0.0599 1.0577 0.0339 1.0775 0.0189 2.6076 0.0402 1.0892 0.0290 0.6288 00182

2 0.9125 0.0401 0.9518 0.0447 0.9348 0.0308 1.0473 0.0383 2.2599 0.0386 1.0404 0.0286 0.6440  0.0158

c 3 0.9419 0.0323 1.0877 0.0721 0.9565 0.0452 1.1045 0.0384 24211 0.1275 1.0582 0.0054 06632 00212
ameraman 4 0.9831 0.0505 1.0220 0.0262 0.9755 0.0466 1.1165 0.5680 2.4634 0.0731 1.0623 0.0320 0.7597  0.3000
5 0.9957 0.0342 1.0511 0.0450 0.9731 0.0108 1.1282 0.0403 2.6330 0.0914 1.0773 0.0192 0.7989  0.0303

2 1.6591 0.0806 1.5075 0.0395 1.5489 0.0988 1.6806 0.0698 3.2958 0.0682 1.6232 0.0539 1.0284 00414

Butterf] 3 3.0343 0.3297 1.5417 0.0542 1.5705 0.0577 1.7599 0.0435 3.4172 0.0916 1.6035 0.0679 14168 04246
uttertly 4 3.1751 0.3484 1.5702 0.0482 1.5600 0.0512 1.6966 0.0537 3.6368 0.0574 1.6414 0.0358 1.0178 00728
5 1.6562 0.3875 1.6358 0.1053 1.6872 0.0355 1.7234 0.0764 3.6506 0.1005 1.6540 0.0638 1.0307  0.0485

2 1.7243 0.0079 1.5505 0.0574 1.5184 0.1049 1.5976 0.0308 3.2374 0.1537 1.5981 0.0471 11415 0.0303

Land 3 1.8753 0.0526 1.5703 0.0661 1.5202 0.0723 1.7200 0.1082 3.3970 0.0469 1.6406 0.0701 12450  0.0678
andscape 4 1.8203 0.0294 1.6220 0.1319 15196 0.0582 1.6372 0.0602 35771 0.1267 1.6272 0.0607 12379  0.0585
5 1.8411 0.0337 1.6379 0.0530 1.7089 0.0970 1.6594 0.0659 3.6800 0.1233 1.5664 0.0398 13121  0.0380

2 1.8541 0.0160 1.6135 0.0658 1.5807 0.0689 2.0253 0.1193 3.3836 0.0596 1.6734 0.0499 11823  0.1074

Starfish 3 1.7910 0.0226 1.6069 0.0743 1.5804 0.0551 2.0577 0.1346 3.5209 0.0891 1.6804 0.0453 12393 0.1189
tarfis 4 1.8715 0.0487 1.6096 0.0493 1.5922 0.0691 2.1190 0.1291 3.7044 0.0760 1.6828 0.0378 12682  0.0247
5 1.8072 0.0887 1.6371 0.0330 2.3991 0.0902 2.0510 0.4385 3.7020 0.0998 1.7633 0.0667 12777 0.0487

2 1.1504 0.1510 0.9398 0.0329 0.8722 0.0267 1.0113 0.0338 2.2981 0.0551 0.9848 0.0214 0.7026  0.0594

" 3 0.9435 0.0243 0.9785 0.0558 0.8744 0.0140 0.9876 0.0211 2.3724 0.0787 1.0608 0.0528 0.7657 00173
ouse 4 1.0936 0.0347 1.0273 0.0499 1.1108 0.0875 1.1089 0.0312 2.5155 0.0887 1.0065 0.0035 0.7762  0.0269
5 1.0838 0.0448 1.0335 0.0430 1.0464 0.0222 1.2391 0.0991 2.6006 0.0323 1.0453 0.0290 07325  0.0326
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Fig. 9. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the Landscape image by GSA-GA with m varies from 2
to 5. The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

variance criterion. As indicated by Figs. 6-11, the optimal threshold
values produced by the GSA-GA with the between-class variance
criterion performed more suitable segmentation. Take the Lena
image as example: whenm =2, Fig. 6(c) gave the thresholds labelled
at the valley with 87 and 145, while Fig. 6(a) showed the thresh-
olds labelled at the valley with 97 and 157. This arises from
the reason that the between-class variance criterion fully consid-
ered the separability between groups. This visual finding was also
supported by the performance metric uniformity of GSA-GA in
Tables 3 and 8.

To further investigate the superiority of GSA-GA, we compared
GSA-GSA with the three new and high quality meta-heuristic algo-
rithms DS, BBO-DE, and GAPSO using the between-class variance.
Experiments were also performed on all the test images shown
in Fig. 5. The best uniformity (u) and the corresponding threshold

values (Th) produced by the algorithms were given in Table 11 after
30 runs. Afterwards, the mean and stand deviation of uniformity
(M_u and Std_u) of 30 runs is exhibited in Table 12. In addition, the
corresponding mean and stand deviation of CPU times (M_t and
Std_t) are provided in Table 10.

As illustrated in Table 11, with the between-class variance cri-
terion, GSA-GA yielded the best results in all the test images on
m=2, 3, and 4. Moreover, for m=2, 3, and 4, GSA-GA outperformed
the other three algorithms in almost all the cases with respect to
the M_u and Std_u as shown in Table 12. When m =5, although the
best uniformity is slightly worse than DS, it yielded the best M_u as
shown in Table 12. Besides, the mean CPU times in Table tab:F1-F6
Speed and Reliability between-class reveal that the computational
complexity of GSA-GSA is apparently lower than those comparison
algorithms.

Please cite this article in press as: G. Sun, et al., A novel hybrid algorithm of gravitational search algorithm with genetic algorithm for
multi-level thresholding, Appl. Soft Comput. J. (2016), http://dx.doi.org/10.1016/j.asoc.2016.01.054
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Table 11
Comparison of algorithms (DS, BBO-DE, GAPSO and GSA-GSA) taking the between-class variance as evaluation criteria in terms of best uniformity and corresponding thresholds. The best results of each metric are shown in
boldface.
Image m DS BBO-DE GAPSO GSA-GA
Th U Th u Th u Th u
2 91,144 0.9693 79,144 0.969 95,154 0.9692 87,145 0.9697
L 3 69,111,151 0.9744 79,109,160 0.975 66,118,172 0.9758 73,119,164 0.9776
€na 4 64,103,138,182 0.9808 74,114,144,167 0.980 62,110,127,160 0.9768 67,108,139,172 0.9820
5 74,110,148,166,188 0.9786 56,85,110,133,166 0.981 65,112,142,172,202 0.9788 57,85,114,143,176 0.9834
2 73,150 0.9840 69,141 0.984 78,148 0.9840 70,145 0.9844
c 3 72,115,149 0.9822 66,113,160 0.982 34,89,155 0.9818 56,118,156 0.9840
ameraman 4 41,66,121,154 0.9829 46,91,123,160 0.984 49,87,122,159 0.9838 42,93,139,170 0.9860
5 41,86,123,150,172 0.9875 32,66,116,153,173 0.986 46,76,126,159,201 0.9848 29,75,119,148,173 0.9874
2 84,156 0.9780 89,151 0.978 88,150 0.9776 85,155 0.9780
Butterfl 3 88,150,216 0.9772 88,166,224 0.974 771,334,202 0.9775 82,144,201 0.9789
uttertly 4 74,138,167,202 0.9773 65,87,160,212 0.976 84,129,180,228 0.9778 78,123,171,207 0.9803
5 50,69,107,161,206 0.9774 67,115,130,179,202 0.974 66,86,137,189,211 0.9792 58,89,131,173,210 0.9824
2 48,145 0.9634 50,146 0.963 44,141 0.9631 53,144 0.9635
Land 3 29,101,180 0.9784 55,107,186 0.981 31,112,170 0.9798 49,110,176 0.9815
andscape 4 41,103,137,183 0.9860 60,77,133,163 0.979 58,104,138,180 0.9856 49,96,136,181 0.9868
5 44,86,103,145,180 0.9902 58,91,109,132,187 0.988 51,74,110,146,195 0.9887 40,81,106,137,182 0.9917
2 78,153 0.9671 82,148 0.967 85,155 0.9676 85,157 0.9676
Starfish 3 70,127,187 0.9744 65,109,189 0.972 68,106,171 0.9728 68,119,178 0.9754
tarfis 4 66,113,159,213 0.9752 66,104,142,209 0.975 50,95,127,171 0.9759 60,102,139,186 0.9788
5 47,70,105,144,190 0.9799 60,89,132,157,204 0.979 55,73,104,142,184 0.9789 51,84,117,150,194 0.9816
2 103,157 0.9871 91,145 0.987 99,156 0.9874 96,155 0.9875
" 3 81,109,156 0.9863 81,106,165 0.986 74,110,169 0.9853 80,111,158 0.9864
ouse 4 76,106,162,204 0.9869 85,109,133,164 0.986 $3,125,160,216 0.9850 $1,109,153,201 0.9875
5 78,91,127,175,213 0.9848 66,104,137,177,199 0.988 90,115,152,184,212 0.9870 76,102,132,167,199 0.9888

0c

Xxx—xxx (910z) xxx Sunndwo) 3fos payddy /b 30 uns o

‘8G¥€-D0SV

8z s98e( JO 'ON

[9POIN D


dx.doi.org/10.1016/j.asoc.2016.01.054

50109102 20se’ (/9101 01/S1010pxp//:d11y (9107) [ Indwo) 1os ‘[ddy ‘SuIp[oysa1y} [9AS[-INW

se ssa1d ul a[d1Ie SIY] 911D SB[

10J WyI108[e J119Ua8 YIIM WYILI0S[e YIIeas [euoileliAeisd Jo wylLiog[e prigAy [9Aou y “[e 39 ‘Uns ‘5

Table 12
Comparison of algorithms (DS, BBO-DE, GAPSO and GSA-GSA) taking the between-class variance as evaluation criteria in terms of the mean and standard deviation of uniformity. The best results of each metric are shown in
boldface.

Image m DS BBO-DE GAPSO GSA-GA
M_u Std_u M_u Std_u M_u Std_u M_u Std_u

2 0.9685 0.0008 0.9677 0.0021 0.9652 0.0029 0.9697 1.0660e—05

L 3 0.9652 0.0070 0.9683 0.0062 0.9723 0.0029 0.9776 2.2505e-05
ena 4 0.9735 0.0084 0.9740 0.0055 0.9743 0.0028 0.9818 0.0295
5 0.9772 0.0019 0.9746 0.0060 0.9767 0.0022 0.9801 0.0347

2 0.9823 0.0012 0.9837 6.4812e—04 0.9809 0.0044 0.9844 2.8192¢-05

c 3 0.9799 0.0021 0.9800 0.0027 0.9801 0.0016 0.9833 6.7899e—04

ameraman 4 0.9802 0.0019 0.9820 0.0015 0.9808 0.0021 0.9859 5.3867e—04
5 0.9821 0.0042 0.9828 0.0021 0.9821 0.0030 0.9858 0.0310

2 0.9752 0.0022 0.9759 0.0017 0.9767 0.0011 0.9780 4.3573e—06

Butterf] 3 0.9747 0.0026 0.9716 0.0019 0.9735 0.0038 0.9789 47317e-04
y 4 0.9744 0.0028 0.9729 0.0027 0.9760 0.0027 0.9733 0.0117
5 0.9749 0.0025 0.9712 0.0030 0.9753 0.0029 0.9762 0.0273

2 0.9626 0.0015 0.9622 0.0020 0.9610 0.0022 0.9635 4.1819e-05

Land 3 0.9757 0.0016 0.9738 0.0087 0.9715 0.0084 0.9815 6.5952e—05
andscape 4 0.9768 0.0068 0.9765 0.0020 0.9772 0.0073 0.9839 0.0038
5 0.9842 0.0034 0.9815 0.0049 0.9834 0.0039 0.9894 0.0043

2 0.9657 0.0017 0.9650 0.0033 0.9661 0.0019 0.9676 1.2819e—05

Starfish 3 0.9681 0.0053 0.9634 0.0072 0.9699 0.0022 0.9752 1.3188e-04
tarfis 4 0.9695 0.0038 0.9719 0.0025 0.9715 0.0058 0.9511 0.0609
5 0.9739 0.0105 0.9706 0.0062 0.9736 0.0104 0.9778 0.0058

2 0.9830 0.0059 0.9864 2.8152e—-04 0.9867 6.1073e—04 0.9875 1.0286e 05
" 3 0.9849 0.0015 0.9843 0.0011 0.9847 7.0360e—04 0.9863 0.0020
ouse 4 0.9840 0.0022 0.9837 0.0030 0.9839 8.6663e—04 0.9811 0.0071
5 0.9834 0.0066 0.9859 0.0058 0.9833 0.0065 0.9853 0.0055
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Fig. 10. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the Starfish image by GSA-GA with m varies from 2
to 5. The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

4.6. Running time analysis using Student’s t-test

To statistically analyze the computational complexity in
Tables 5 and 10, a parametric significance proof known as the Stu-
dent’s t-test was conducted in this section [59]. This test allows
assessing result differences among two related methods (one of the
methods is chosen as control method). In this paper, the GSA-GA
algorithm was chosen as the control algorithm and was compared
with other six comparison algorithms in terms of the mean CPU
times. A null hypothesis is assumed that there is no significance dif-
ference between the mean CPU times achieved by two compared
algorithms for a test image over 30 independent runs. The signifi-
cance level is @ =0.05. If in any test a t-value that is smaller than or
equal to the critical value ‘—~2.045’ is produced, the null hypothesis
for that test is rejected [60,61].

Tables 13 and 14 reported the t-values produced by Student’s
t-test for the pairwise comparison of six groups. These groups
were formed by GSA-GA (with entropy and between-class vari-
ance, respectively) versus (VS) other comparison algorithms. As
illustrated in Table 13, for all the test images, the produced t-values
for the experiments on the entropy criterion were smaller than the
critical value. The results indicated that GSA-GA performed sig-
nificantly fast image segmentation compared with the other six
algorithms. Similarly, as shown in Table 14, for test images Lena,
Cameraman, Landscape, Starfish and House, the produced t-values
for the experiments on the between-class variance criterion are
smaller than the critical value. These results suggested that GSA-
GA spend significant short running time to achieve multi-level
thresholding compared with the other six comparison algo-
rithms on these test images. For the test image Butterfly, GSA-GA

Please cite this article in press as: G. Sun, et al., A novel hybrid algorithm of gravitational search algorithm with genetic algorithm for
multi-level thresholding, Appl. Soft Comput. J. (2016), http://dx.doi.org/10.1016/j.asoc.2016.01.054
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Table 13

Statistical analysis of 30 runs for the experiments on the entropy criterion. t-Value: probability value of the t-test, h =0 indicates null hypothesis cannot be rejected at the 0.05 significance level, h =1 indicates null hypothesis can

be rejected.

Image m GSA-GA VS GSA GSA-GA VS PSOGSA GSA-GA VS GGSA GSA-GA VS DS GSA-GA VS BBO-DE GSA-GA VS GAPSO
t-Value h t-Value h t-Value h t-Value h t-Value h t-Value h

2 ~31.7536 1 ~25.9774 1 ~43.9636 1 ~17.5276 1 ~23.9766 1 ~30.8067 1

L 3 ~39.9743 1 ~7.5584 1 ~17.4978 1 ~48.9284 1 ~57.6840 1 ~22.0137 1
€na 4 ~29.8598 1 ~27.1150 1 ~77.8121 1 ~102.4001 1 ~37.3715 1 ~103.0390 1
5 ~27.6393 1 ~18.9709 1 ~19.8637 1 ~128.8303 1 ~40.4076 1 543569 1

2 ~14.2036 1 ~26.3271 1 ~39.8726 1 ~108.5589 1 ~25.2929 1 -30.3824 1

c 3 ~31.0507 1 _57.6278 1 ~29.0628 1 ~97.9813 1 ~35.0110 1 ~43.8162 1
ameraman 4 ~59.3273 1 -39.0248 1 ~67.7294 1 ~523.6061 1 ~39.5062 1 ~52.6016 1
5 ~23.5302 1 ~12.1948 1 ~31.9031 1 ~105.1001 1 ~30.9569 1 ~42.0875 1

2 ~15.6907 1 ~4.4436 1 655904 1 ~221.2786 1 ~18.4836 1 ~18.4779 1

Butterf] 3 ~27.6454 1 ~13.3543 1 ~51.6501 1 ~180.9911 1 ~18.6138 1 -88.4611 1
y 4 ~17.1372 1 ~11.7294 1 ~8.1004 1 ~115.1669 1 247887 1 ~423538 1

5 ~7.0496 1 ~11.1856 1 ~19.6836 1 ~149.4465 1 ~22.4514 1 ~9.9096 1

2 ~50.3664 1 -9.4337 1 ~19.1897 1 ~58.6576 1 ~13.7920 1 ~18.0986 1

Land 3 ~37.1655 1 ~10.9803 1 ~18.1729 1 ~139.8321 1 ~19.0233 1 ~30.4597 1
andscape 4 ~58.0206 1 _73116 1 45,6992 1 ~213.2686 1 ~28.3300 1 ~36.7471 1
5 ~36.0602 1 ~9.3572 1 ~14.7717 1 ~69.8791 1 ~17.3525 1 ~16.3442 1

2 ~12.3792 1 ~8.8450 1 ~37.9590 1 ~143.0179 1 ~19.3550 1 ~21.9793 1

Starfish 3 —42.8651 1 ~18.1788 1 ~77.4484 1 ~585.1832 1 -29.6224 1 ~31.2482 1
tarfis 4 ~28.6010 1 ~21.5442 1 ~21.0090 1 -109.4157 1 ~27.9883 1 ~33.2673 1
5 ~5.8490 1 ~10.7407 1 ~33.9960 1 ~110.0810 1 ~22.7729 1 54471 1

2 ~9.5851 1 ~11.7822 1 ~9.4314 1 —64.9566 1 ~11.9011 1 ~14.6542 1

" 3 ~20.6436 1 ~15.8776 1 ~18.2415 1 ~133.0959 1 ~22.5299 1 ~20.7056 1
ouse 4 ~14.1373 1 ~19.2192 1 ~27.5020 1 ~453072 1 ~28.2547 1 ~11.2347 1
5 ~35.3391 1 ~22.4042 1 ~27.7047 1 ~120.2696 1 ~38.4260 1 ~49.8531 1
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Table 14

Statistical analysis of 30 runs for the experiments on the between-class variance criterion. t-Value:
hypothesis can be rejected.

probability value of the t-test, h =0 indicates null hypothesis cannot be rejected at the 0.05 significance level, h =1 indicates null

Image m GSA-GA VS GSA GSA-GA VS PSOGSA GSA-GA VS GGSA GSA-GA VS DS GSA-GA VS BBO-DE GSA-GA VS GAPSO
t-Value h t-Value h t-Value h t-Value h t-Value h t-Value h

2 ~134.9436 1 ~59.6239 1 ~61.3441 1 34,6854 1 ~75.4565 1 ~144.5626 1

L 3 ~70.4291 1 ~49.5220 1 —42.2240 1 ~17.4245 1 ~229.5995 1 ~54.9230 1
€na 4 ~91.4593 1 ~40.0704 1 ~63.3693 1 ~59.3647 1 ~166.4417 1 ~34.8308 1
5 775428 1 -36.4134 1 ~61.0548 1 ~93.6657 1 ~245.6113 1 ~73.6525 1

2 ~34.1211 1 ~35.5596 1 ~46.0125 1 ~53.3167 1 ~212.2025 1 ~66.4492 1

c 3 ~39.5100 1 ~30.9383 1 ~32.1778 1 ~55.1051 1 74,4942 1 ~98.8943 1
ameraman 4 —4.0221 1 ~4.7708 1 ~3.8933 1 ~3.0423 1 ~30.2209 1 ~5.4935 1
5 ~23.5911 1 ~25.4627 1 ~29.6616 1 ~35.7725 1 ~104.3268 1 —42.5095 1

2 ~38.1244 1 —45.8599 1 ~26.6132 1 ~44.0180 1 ~155.6620 1 ~47.9347 1

Butterf] 3 ~16.4803 1 ~1.5982 0 ~1.9646 0 ~4.4029 1 ~25.2243 1 ~2.3782 1
uttertly 4 ~33.1981 1 ~34.6537 1 ~33.3674 1 —41.0991 1 ~154.7331 1 ~42.1022 1
5 ~8.7729 1 ~28.5879 1 ~59.8262 1 ~41.9261 1 ~128.5929 1 ~42.5990 1

2 ~101.9428 1 ~345141 1 ~18.9065 1 ~57.8202 1 ~73.2788 1 —44.6554 1

Land 3 ~402312 1 ~18.8167 1 ~15.2076 1 ~20.3754 1 ~142.9756 1 ~222181 1
andscape 4 _48.7220 1 ~14.5803 1 ~18.6978 1 ~26.0543 1 ~91.8095 1 ~25.2936 1
5 ~57.0470 1 ~27.3630 1 ~20.8621 1 ~25.0061 1 ~100.5211 1 ~25.3120 1

2 ~33.8867 1 ~18.7511 1 ~17.1012 1 ~28.7643 1 ~98.1611 1 227134 1

Starfish 3 ~24.9675 1 ~14.3605 1 ~14.2566 1 ~24.9593 1 ~84.1085 1 ~18.9882 1
tarfis 4 ~60.5140 1 -339114 1 -24.1834 1 ~35.4532 1 -166.9768 1 ~50.2908 1
5 ~28.6609 1 ~33.4624 1 ~59.9193 1 ~9.6001 1 ~119.5735 1 ~32.2054 1

2 ~15.1156 1 ~19.1332 1 ~14.2639 1 ~24.7401 1 ~107.8601 1 ~24.4811 1

" 3 ~32.6476 1 ~19.9512 1 ~26.7523 1 —44.5436 1 ~109.2128 1 ~29.0906 1
ouse 4 ~39.5957 1 ~24.2611 1 ~20.0202 1 ~442350 1 ~102.7793 1 —46.5004 1
5 347283 1 ~30.5527 1 ~43.5916 1 ~26.5975 1 ~222.9597 1 ~39.2664 1
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Fig. 11. The gray-level histogram labeled with the best threshold values and the corresponding segmentation image of the House image by GSA-GA with m varies from 2 to
5. The first and the second columns were based on the entropy criterion. The third and fourth columns were based on the between-class variance criterion.

significantly outperformed DS, BBO-DE, and GAPSO when tak-
ing the between-class variance as evaluation criteria as shown in
Table 14. Moreover, although the CPU times of GSA-GA were not
significantly lower than GGSA and PSOGSA on image Butterfly when
m =3, GSA-GA outperformed GGSA and PSOGSA significantly on all

the other thresholds.

5. Conclusion

In this paper, we presented a novel multi-level thresholding
algorithm for image segmentation by employing an improved GSA
variant, called GSA-GA. In GSA, the gravitational force attracts all
particles move to those heavier particles. This property causes GSA

Please cite this article in press as: G. Sun, et al., A novel hybrid algorithm of gravitational search algorithm with genetic algorithm for
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to trap in local optima and to slow convergence. On the other hand,
GSA is time consuming because all the particles are involved when
calculating the acceleration of each particle. Therefore, when apply-
ing GSA to multi-level image thresholding, it is easy to generate
false local optimal thresholds and suffer from high computational
complexity. This paper introduced the roulette selection and dis-
crete mutation operators of GA to escape from local optima, and
thus improve the search accuracy and speed of GSA. To evalu-
ate the validity of GSA-GA, it was employed on six test images
using four different of thresholds with entropy and between-class
variance criteria. The graphical and statistical experimental results
confirmed the superiority of GSA-GA compared with GSA, PSOGSA,
GGSA, DS, BBO-DE, and GAPSO. In addition, the Student’s t-test
showed that GSA-GA significantly improves the computational
complexity.
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Appendix A. Abbreviations used in this paper

Abbreviations Full name

ABC Artificial bee colony optimization

ACO Ant colony optimization

ACO/PSO Hybrid ant colony optimization with particle swarm
optimization

BBO Biogeography-based optimization

BBO-DE Hybrid differential evolution and
biogeography-based optimization

CFO Central force optimization

DE Differential evolution

DS Differential search algorithm

GA Genetic algorithm

GAPSO Hybrid genetic algorithm and particle swarm
optimization

GGSA Adaptive gbest-guided gravitational search
algorithm

GSA Gravitational search algorithm

GSA-GA Hybrid algorithm of gravitational search algorithm
with genetic algorithm

PSO Particle swarm optimization

PSOGSA Hybrid particle swarm optimization and
gravitational search algorithm

SA Simulated annealing

SA/PSO Hybrid simulated annealing with particle swarm
optimization

'S Versus

Appendix B. Detailed definition of symbols

Symbols Detailed definition Symbols Detailed definition
afd Acceleration of the D1 &pa Two control
i-th particle in the parameters in DS
d-th dimension at
time ¢
BaseM Mutation mask De Crossover
matrix probability
bestt The best fitness pL(i) Cumulative
value of the probability of the
population at time particle i at time t
t
& Two acceleration Dm Mutation
coefficients in probability
GGSA

ceil

CR

Findex

Fa(t)

i

R
fmax
fmin

FEs

fit
fit}

t
fit

Go
1°0)

&

ghest

HE;

hist;

IMG

Itermax

A function for
computing round
toward positive
infinity
Crossover
probability in
BBO-DE
Sequence number
of the d-th
component in an
array

Scaling factor in
BBO-DE

Gray-level of pixel i

Index of
thresholding
criterion

Total force acts on
the particle i in the
d-th dimension at
time t

Force acts on the
particle i from the
particle j at time ¢
Maximum
gray-level of pixels
in the given image
Minimum
gray-level of pixels
in the given image
Maximum number
of fitness
evaluations

Fitness matrix of all
particles

Fitness value of the
i-th particle at time
t

Fitness value of the
Jj-th particle at time
t

Gravitational
constant

Initial gravitational
constant
Gravitational
constant at time ¢
Mean gray-level of
pixels in j-th
segmented region
The best
experience of the
population
Indicates whether
the null hypothesis
is rejected

Entropy of class i

Number of pixels
with gray-level i

Sequence number
of the i-th
component in an
array

The given image

Maximum number
of iterations

Sequence number
of the j-th
component in an
array

pbest;

prob;

R[
i
rand

Re;

rem

std(fit)
Std_t

Std_u

td;
Th

t-Value

Vi
Vid
t
Vig

t+1
id

worstt

xlgﬂ

Xid

Selection
probability of the
particle i

The best
experience of the
i-th particle itself
Probability of the
gray-level i

Euclidian distance
between particles i
and j at time t
Uniform random
variable in the
interval [0, 1]

The j-th segmented
region

A function for
computing the
remainder after
division

Total dimension of
the search space

Standard deviation
of the population’s
fitness

Stand deviation of
CPU times

Stand deviation of
uniformity

The current
iteration/time
The value of the
i-th threshold

Obtained threshold
values

Probability value of
the t-test
Uniformity
measure

Velocity matrix of
the population
Velocity of the i-th
particle

Velocity of the i-th
particle in the d-th
dimension
Velocity of the i-th
particle in the d-th
dimension at time t
Velocity of the i-th
particle in the d-th
dimension at time
t+1

The worst fitness
value of the
population at time
t

Position matrix of
the population

Position of the i-th
particle

Position matrix of
the population at
time t+1

Position of the i-th
particle in the d-th
dimension
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Position of the i-th
particle in the d-th
dimension at time t

L Maximum xt
gray-levels of the
given image

m The required x,.rd“ Position of the i-th
number of particle in the d-th
thresholds dimension at time

t+1

Mass; Mass of the particle X Position of the i-th
iattimet particle at time t

Mass; Mass of the particle xj? # Position of the j-th
jattimet particle in the d-th

dimension at time t

M.t Mean of CPU times o Significance level

M. Mean of uniformity B Decrease

coefficient

N The size of e Small constant
population ¥ which is bigger

than 0

Nelit Nelit elitism o Sigma functions of
parameter in class i
BBO-DE

Newx;! Position of the i-th i Mean gray-level of
particle selected by class i
roulette selection

nmﬂtf Normalized fitness Ur Mean intensity of
value the given image

Num Total number of w; Probability of class
pixels in the given i
image
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