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The thresholding process finds the proper threshold values by optimizing a criterion, which can be considered as a constrained
optimization problem. The computation time of traditional thresholding techniques will increase dramatically for multilevel
thresholding. To greatly overcome this problem, swarm intelligence algorithm is widely used to search optimal thresholds. In this
paper, an improved glowworm swarm optimization (IGSO) algorithm has been presented to find the optimal multilevel thresholds
of color image based on the between-class variance and minimum cross entropy (MCE). The proposed methods are examined on
standard set of color test images by using various numbers of threshold values. The results are then compared with those of basic
glowworm swarm optimization, adaptive particle swarm optimization (APSO), and self-adaptive differential evolution (SaDE).
The simulation results show that the proposed method can find the optimal thresholds accurately and efficiently and is an effective
multilevel thresholding method for color image segmentation.

1. Introduction

Image segmentation is to partition an image into multiple
segments or regions and extract the meaningful and inter-
ested objects, which is the critical step in image processing
and image analysis. The goal of image segmentation is to
make an image more meaningful and easier to understand
and analyze [1, 2]. Nowadays image segmentation has been
widely used in many practical applications such as medical
imaging [3], object detection [4], optical character recogni-
tion (OCR) [5], and remote sensing [6].

By now, several algorithms and techniques have been pro-
posed for image segmentation in the literature and threshold-
ing is one of the simplest but most effective methods in all the
image segmentation algorithms. The fundamental principle
of thresholding technique is to divide the whole pixel points
of an image into several classes by setting different threshold
values, so the key to this method is to find the proper thresh-
old values. According to the number of threshold values,
thresholding techniques can be separated into two groups:
bilevel and multilevel thresholding. Bilevel thresholding is to

divide an image into two parts by using one threshold value.
If the threshold value is more than one, it will be extended
into multilevel thresholding, which can accurately divide
an image into several significant parts. Therefore, multilevel
thresholding is an effective and famous technique, and it is
extensively applied in many fields.

For years, a great number of thresholding techniques have
been described in the literature. In 1979, Otsu’s method was
presented byOtsu [7], which is one of the best ways of thresh-
olding. However, the computation time is much longer in
multilevel threshold problem because it exhaustively searches
optimal threshold values by maximizing the between-class
variance. In 1985, Tsai [8] proposed a new method to find
optimal thresholding values of an input gray-level image by
moment-preserving principle, which is called Tsallis entropy
method. In 1986, Kittler and Illingworth [9] assumed that
the pixel level values of each object in an image are normally
distributed. Li and Lee [10] proposedminimum cross entropy
thresholding method which selects the optimal thresholding
values by minimizing the cross entropy between the original
image and its segmented image.TheOtsu, Tsallis entropy, and
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minimum cross entropy methods can be easily extended to
multilevel thresholding. For bilevel thresholding, the tradi-
tional thresholding algorithms can find optimal threshold
quickly and effectively and the image is accurately segmented
into two parts. But, for multilevel thresholding, the tradi-
tional techniques become very time-consuming because a
large number of iterations are needed for computing the
optimal threshold values [11–13].

Swarm intelligence algorithms are very popular global
optimization schemes, and the techniques imitate the col-
lective behavior of natural or artificial systems that show
some intelligence [14]. The algorithms have been widely
used in complex optimization problems which show better
performances. In order to solve the multilevel thresholding
problem, swarm intelligence algorithms have been used to
find optimal thresholds over the years, including genetic algo-
rithm (GA) [15, 16], particle swarm optimization (PSO) [17–
19], artificial bee colony (ABC) [20–22], differential evolution
(DE) [23–25], firefly algorithm (FA) [26, 27], cuckoo search
algorithm (CS) [28, 29], wind driven optimization (WDO)
[29], and electromagnetism-like optimization (EMO) algo-
rithm [30]. These methods use different basic swarm intelli-
gence algorithms, different improved algorithms, and differ-
ent objective functions for different types of images, such as
between-class variance, Tsallis entropy, Kapur’s entropy, and
minimum cross entropy. GA was inspired by the process of
natural selection which has been used for multilevel thresh-
olding [31, 32]. The PSO and the improved PSO algorithms
were also used to solve the multilevel thresholding problem
which mimics the social behavior of bird flock or fish school.
The researchers Yin [17] and Maitra and Chatterjee [18]
applied PSO algorithm tomultilevel thresholding.Thereafter,
particle swarm optimization (PSO) and artificial bee colony
(ABC) have been adopted to search the optimal multilevel
thresholds by Akay using Kapur’s entropy and between-class
variance as objective functions [19]. Horng [20], Zhang and
Wu [21], andCuevas et al. [33] proposed a new image segmen-
tation method using artificial bee colony algorithm for mul-
tilevel thresholding. And the algorithm is also used for seg-
mentation of SAR image [34, 35] and satellite image [22]. In
2010, a novel multilevel thresholding segmentation method
based on differential evolution (DE) algorithm is presented
[23]. Firefly algorithm (FA), inspired by the social behavior
of firefly swarm, is also used to find several threshold values
on a given image [36]. Also, two new swarm intelligence
algorithms, cuckoo search algorithm (CS) and wind driven
optimization (WDO), using Kapur’s entropy for multilevel
thresholding are proposed, and two algorithms can efficiently
and accurately search multiple threshold values [29].

Color images includemore information than gray images
and multilevel color image segmentation is widely used now.
Swarm intelligence algorithms are also used for color image
multilevel segmentation. Zingaretti et al. [37] proposed the
new method which is based on genetic algorithm (GA)
for color image segmentation. Raja et al. [38] presented an
improved particle swarm optimization (PSO) algorithm for
cancer infected breast thermal images by Otsu’s method.
Sarkar et al. [39] developed a novel multilevel color image

thresholding method based on differential evolution (DE)
algorithm and minimum cross entropy, and simulation
results show that it is an effective method. Three different
quantum inspired metaheuristic techniques, namely, Quan-
tum Inspired Ant Colony Optimization, Quantum Inspired
Differential Evolution, andQuantum InspiredParticle Swarm
Optimization technique, for multilevel color image thresh-
olding are presented. Simulations and results prove that the
Quantum InspiredAntColonyOptimizationmethod outper-
forms the other methods [40]. Rajinikanth and Couceiro [41]
used the firefly algorithm (FA) for color image segmentation.
The evolutionary and swarm-based algorithms of evolution
strategy (ES), genetic algorithm (GA), differential evolution
(DE) algorithm, adaptive differential evolution algorithm
(JADE), particle swarm optimization (PSO) algorithm, arti-
ficial bee colony (ABC) algorithm, cuckoo search (CS), and
differential search (DS) algorithm are also used for multilevel
color image thresholding problem [42].

The glowworm swarm optimization (GSO) is a novel
swarm intelligence algorithm for optimization developed by
Krishnanand and Ghose in 2005 [43] which mimics the
flashing behavior of glowworms. In the algorithm, each
glowworm carries a luminescence quantity called luciferin,
which is decided by the function value of glowworm’s current
location. During the course of movement, glowworm identi-
fies its neighbors based on local-decision domain and selects
a neighbor which has a luciferin value higher than its own
using a probabilistic mechanism and moves toward it [44–
49]. GSO algorithm has been applied for numerous complex
optimization problems. Qifang et al. [50] andHorng [51] used
GSO algorithm based on Otsu’s method and minimum cross
entropy for multilevel threshold image segmentation and the
experimental results show that the method has better perfor-
mance for gray images. In order to improve the performance
of the standard GSO algorithm and search the global optimal
value efficiently and accurately, the improved glowworm
swarm optimization (IGSO) is presented in this paper. Step
size 𝑠 is an important parameter in determining the conver-
gence of GSO algorithm, so a new update method of step
size is proposed. Furthermore the sensor range is extended
to the whole search space and the random movement of the
brightest glowworms of firefly algorithm is also introduced.
Subsequently the IGSO algorithm using different objective
functions is used for multilevel color image thresholding
problem, such as between-class variance andminimum cross
entropy (MCE). The performance of IGSO algorithm for
multilevel color image thresholding is measured in terms of
the optimal threshold values, objective values, the peak signal
to noise ratio (PSNR), and structural similarity index (SSIM)
and then compared with other swarm intelligence algo-
rithms such as adaptive particle swarm optimization (APSO)
[52] and self-adaptive differential evolution (SaDE) algorithm
[53].

The remainder of the paper is organized as follows.
Section 2 presents the concepts of between-class variance
method andminimum cross entropymethod. Section 3 gives
a detailed description of GSO algorithm and the proposed
IGSO algorithm. In Section 4, the numerical experimental
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results of IGSO, GSO, APSO, and SaDE algorithms for multi-
level color image segmentation are shown and discussions are
also given. Finally, the conclusion is presented in Section 5.

2. Formulation of the Problem

Swarm intelligence algorithms find the optimal thresholds by
maximizing an objective function. In this paper, two com-
monly used thresholding methods, between-class variance
method (Otsu’s) and minimum cross entropy are used as
objective functions to find the optimal multilevel thresholds.

2.1. Between-Class VarianceMethod (Otsu’sMethod). Thresh-
olding based on Otsu’s method is a nonparametric segmen-
tation method that divides the whole image into classes by
maximizing the between-class variance.

Assume that an image has𝑁 pixels and 𝐿 gray levels, and
the number of pixels at level 𝑖 is represented by 𝑓
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In bilevel thresholding, the optimum threshold 𝑡 divides
the image into two classes, and the cumulative probabilities
of each class can be described as follows:
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The between-class variance of two classes is defined by
(4):
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where 𝜇
𝑇
is the mean levels of whole image:
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The optimum threshold 𝑡
∗ is searched exhaustively by

maximizing the between-class variance, and the optimal
threshold is

𝑡
∗
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1≤𝑡≤𝐿

max (𝑓 (𝑡)) . (7)

Otsu’s method can be extended to multilevel threshold-
ing. Assume that an image is divided into 𝑀 classes; the
extended between-class variance of𝑚 classes is calculated by
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The sigma terms are determined using (9) and the mean
levels are calculated by (10):
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The optimum thresholds are searched by maximizing the
between-class variance by

𝑡
∗
= arg
1≤𝑡≤𝐿

max(
𝑀−1

∑

𝑖=0

𝜎
𝑖
) . (11)

2.2. MinimumCross EntropyMethod. Assume that two prob-
ability distributions, 𝑝 = {𝑝
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The concept of cross entropy is widely used for optimiza-
tion problem, and the minimum cross entropy thresholding
method selects an optimal threshold that minimizes the cross
entropy between the original image and the processed image.
If an original image 𝐼 in 𝐿 gray levels can be divided into
two segments by threshold 𝑡 and 𝑓(𝑖), where 𝑖 = 1, 2, . . . , 𝐿
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is the number of gray levels, then the cross entropy can be
calculated by
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We can select an optimal threshold 𝑡
∗ by minimizing the

cross entropy based on (13):
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Since the first item is constant, the expression of the cross
entropy can be modified as
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It is quite straightforward to extend minimum cross
entropy thresholding method to multilevel thresholding seg-
mentation. If an image is required to find 𝑀 thresholds
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We can obtain the optimal threshold by minimizing (17).
As the swarm intelligence algorithms are usually used to solve
maximization problems, we modified (17) as shown below:

𝐻(𝑡
1
, 𝑡
2
, . . . , 𝑡

𝑀
)

=

𝑀+1

∑

𝑖=1

𝑚
1
(𝑡
𝑖−1

, 𝑡
𝑖
) log(

𝑚
1
(𝑡
𝑖−1

, 𝑡
𝑖
)

𝑚
0
(𝑡
𝑖−1

, 𝑡
𝑖
)

) .

(18)

All algorithms used in this paper calculate the minimum
cross entropy fitness function by (18) for multilevel thresh-
olding segmentation, which can find the optimal thresholds.

3. Glowworm Swarm Optimization Algorithm

3.1. The Standard Glowworm Swarm Optimization Algorithm.
The standard GSO algorithm includes the following steps.

Step 1 (parameters’ definition). The key parameters impact
the performance of GSO algorithm, that is, 𝑠, 𝜌, 𝛽, 𝑅

0
, and

𝑅
𝑠
.

Step 2 (glowworms’ initialization). In the phase, the glow-
worms are initially distributed randomly in the given fitness
function space so that they are well dispersed, which have
equal quantity of luciferin and sensor range. Furthermore, the
current iteration is set to 1.

Step 3 (luciferin update phase). The luciferin depends on the
function value at the current position of the glowworm, so
the position of glowworms changes and the luciferin updates
accordingly in the each iteration. Each glowworm updates
luciferin according to the following equation:

ℓ
𝑖 (
𝑡 + 1) = (1 − 𝜌) ℓ

𝑖 (
𝑡) + 𝛾𝐽

𝑖 (
𝑡 + 1) , (19)

where ℓ
𝑖
(𝑡) is the luciferin of glowworm 𝑖 at time 𝑡, 𝜌 is the

luciferin decay constant (0 < 𝜌 < 1), 𝛾 represents the luciferin
enhancement constant, and 𝐽

𝑖
(𝑡) is the function value.

Step 4 (movement phase). Each glowworm has a variable
local-decision domain, which is bounded by a radial sensor
range 𝑟

𝑠
, and is attracted to brighter glowworms. In themove-

ment phase, glowworms search a neighbor by a probabilistic
mechanism that has higher luciferin value andmove to it. For
each glowworm 𝑖, the probability equation of moving toward
a neighbor 𝑗 can be stated as

𝑝
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variable local-decision domain, and 𝑑
𝑖,𝑗
(𝑡) represents the

Euclidean distance between glowworms 𝑖 and 𝑗 at time 𝑡.
Then, the equation of the glowworm movements is given by
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where 𝑥
𝑖
(𝑡) represents the location of glowworms 𝑖 at time 𝑡,

𝑠 is the step size, and ‖ ⋅ ‖ is the Euclidean norm operator.

Step 5 (local-decision domain update). In the GSO algo-
rithm, the local-decision domain is a dynamic value that is
a function with the number of peaks captured. In order to
update adaptively the local-decision domain range of each
glowworm, the rule is stated as

𝑟
𝑖

𝑑
(𝑡 + 1)

= min {𝑟
𝑠
,max {0, 𝑟𝑖

𝑑
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𝑖 (
𝑡)




)}} ,

(22)

where 𝛽 is a constant parameter and 𝑛
𝑡
is a threshold param-

eter used to control the number of neighbors.
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Set number of dimensions𝑚
Set number of glowworms 𝑛
Let 𝑥
𝑖
(𝑡) be the location of glowworm 𝑖 at time 𝑡

Generate initial population of glowworms 𝑥
𝑖
(𝑖 = 1, 2, . . . , 𝑛) randomly

for 𝑖 = 1 to 𝑛 do ℓ
𝑖
(0) = ℓ

0

𝑟
𝑖

𝑑
(0) = 𝑟

0
;

set maximum iteration number = iter max
set 𝑡 = 1

While (𝑡 < iter max) do
{

𝑠(𝑡) = 3 − (3 − 0.001) ∗ (𝑡/iter max)𝑛1
for each glowworm 𝑖 do
ℓ
𝑖
(𝑡 + 1) = (1 − 𝜌)ℓ

𝑖
(𝑡) + 𝛾𝐽

𝑖
(𝑡 + 1);

for each glowworm 𝑖 do
{

𝑁
𝑖
(𝑡) = {𝑗 : 𝑑

𝑖,𝑗
(𝑡) < 𝑟

𝑖

𝑑
(𝑡); ℓ
𝑖
(𝑡) < ℓ

𝑗
(𝑡)};

for each glowworm 𝑗 ∈ 𝑁
𝑖
(𝑡) do

𝑝
𝑖𝑗
(𝑡) = (ℓ

𝑗
(𝑡) − ℓ

𝑖
(𝑡))/∑

𝑘∈𝑁𝑖(𝑡)
(ℓ
𝑘
(𝑡) − ℓ

𝑖
(𝑡))

𝑗 = select glowworm (�⃗�)

𝑥
𝑖
(𝑡 + 1) = 𝑥

𝑖
(𝑡) + 𝑠((𝑥

𝑗
(𝑡) − 𝑥

𝑖
(𝑡))/‖𝑥

𝑗
(𝑡) − 𝑥

𝑖
(𝑡)‖)

𝑟
𝑖

𝑑
(𝑡 + 1) = 𝑅

𝑆
= 255;

for 𝑘 = 1 to𝑚 do
𝑥
𝑖
max
,𝑘
← 𝑥
𝑖
max
,𝑘
+ 𝛼(rand − 0.5);

end
}

𝑡 ← 𝑡 + 1;
}

Pseudocode 1: The pseudocode of IGSO algorithm.

3.2.The Proposed Glowworm SwarmOptimization Algorithm.
The size step 𝑠 is a key parameter, which affects the conver-
gence of the GSO algorithm. In GSO algorithm, the step size
should be smaller than the ∈-distance in order to find the
optimal solutions [54]. However, the lower step size value
may lead to a slow convergence speed. So it can be a large
value for starting the algorithm and gradually reducing the
value of step size with the increase of iteration [54]. Also, the
step size is relevant to the size of the search space. For the
larger space, step size must be a larger value. In the standard
GSO, 𝑠 is a constant. In order to improve the convergence of
theGSO algorithm,we present a new step size updatemethod
in this section. Considering the search space and dimension
of image segmentation, the expression is given by

𝑠 (𝑡) = 3 − (3 − 0.001) ∗ (

𝑡

iter max
)

𝑛1

, (23)

where [0.001, 3] is the range of step size, 𝑡 is iteration, iter max
is the maximum number of iterations, and 𝑛1 = 10

(−𝑚),
where 𝑚 is the dimension of the search space. When the
dimension𝑚 is a large value and 𝑛1 is a low value, the step size
will correspondingly increase and algorithm can searchmore
quickly.

The local-decision domain is an important parameter
that affects the ability of capturing multiple peaks. When the
sensor range of each glowworm extends to the whole search
space, all the glowworms move to the global optimal value

and ignore the local optimum [54]. To ensure that the GSO
algorithm can find the global optimal threshold of image
segmentation, the sensor range covers the entire space of
image gray histogram [0, 255] and the value is set to 255 in
this paper.

In the GSO algorithm, the glowworms with the maxi-
mum luciferin remain stationary during the each iteration.
The above feature leads to the movements of glowworms that
are confined to the interior region of the convex hull [54].The
firefly algorithm can search multiple global solutions simul-
taneously, and thus it is a very efficient algorithm. However,
in the FA algorithm, the brightest fireflies move randomly. So
the random movement of the brightest agents is introduced
to GSO in this paper.

The pseudocodes of the IGSO algorithm are shown as
Pseudocode 1.

4. Results and Discussion

In this paper, the improved glowworm swarm optimization
(IGSO) algorithm is applied to the multilevel color image
thresholding problem. The RGB color model is a simple and
effective model of color image which has three basic color
components of red, green, and blue, so we should search
the optimal threshold values and fitness values for the each
component of the color images. The optimal fitness values
(𝑓best) of color image is equal to the sum of the optimal fitness
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Figure 1: The wok of IGSO algorithm for multilevel color image thresholding problem.

values of three components. The work of IGSO algorithm for
multilevel color image thresholding problem in this paper is
briefly illustrated in Figure 1.

In this section, a large number of experiments are carried
out on ten well-known color test images in order to test
the performance of the IGSO algorithm for multilevel color
image thresholding. Two simple segmentation methods,
namely, between-class variance (Otsu) method and mini-
mum cross entropy, are utilized as the fitness functions. All
algorithms are implemented in MATLAB Release 2010. Ten
well-known color test images and their histograms are shown
in Figure 2.All the images are 512× 512 in size.Thepopulation
size is set to be 50 and the maximum number of iterations
is 100 in all experiments in this paper. The IGSO algorithm
is also compared with two efficient optimization algorithms
of APSO and SaDE algorithms. Tables 1–3 give the value
of important parameters used for IGSO, APSO, and SaDE
algorithms, respectively. In order to estimate the quality of
segmented image, the two parameters of peak signal to noise
ratio (PSNR) and structural similarity (SSIM) index are used.
The higher value of PSNR and SSIM shows a better quality of
thresholding.

The peak signal to noise ratio (PSNR) is one of the
important performance criteria of image segmentation. The
expression of PSNR is defined as follows:

PSNR (in dB) = 20 log
10
(

255

RMSE
) , (24)

where

RMSE =
√

∑
𝑀

𝐼=1
∑
𝑁

𝐽=1
(𝐼 (𝑖, 𝑗) − 𝐼


(𝑖, 𝑗))

2

𝑀𝑁

,
(25)

Table 1: The parameters used in the IGSO algorithm.

Parameters Explanation Value

𝛾

Luciferin
enhancement

constant
0.6

𝛽
Update rate of
decision domain 0.08

𝜌
Luciferin decay

constant 0.4

𝑅
𝑠 Sensor range 255

[𝑥min, 𝑥max]
Initialization range

for the position of the
particles

[0, 255]

Table 2: The parameters used in the APSO algorithm.

Parameters Explanation Value

𝑤max
Maximum of inertia

weight 0.9

𝑤min
Minimum of inertia

weight 0.1

𝑐
1

Acceleration
constants 2.0

𝑐
2

Acceleration
constants 2.0

[𝑥min, 𝑥max]
Initialization range

for the position of the
particles

[0, 255]

where𝑀×𝑁 is the size of image, 𝐼 is the original image, and
𝐼
 is the segmented image.
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Figure 2: Continued.
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Figure 2: The ten test images: (a) airplane, (b) couple, (c) flower, (d) girl, (e) monarch, (f) pen, (g) pepper, (h) soccer, (i) test, and (j) yacht
and corresponding histograms: (a) airplane, (b) couple, (c) flower, (d) girl, (e) monarch, (f) pen, (g) pepper, (h) soccer, (i) test, and (j)
yacht.
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Figure 3: For 𝑚 = 2, 4, 6, and 8, images (a)–(d) for airplane, (e)–(h) for couple, (i)–(l) for flower, (m)–(p) for girl, and (q)–(t) for monarch,
using IGSO algorithm based on Otsu.
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Figure 4: For 𝑚 = 2, 4, 6, and 8, images (a)–(d) for pen, (e)–(h) for pepper, (i)–(l) for soccer, (m)–(p) for test, and (q)–(t) for yacht, using
IGSO algorithm based on Otsu.
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Figure 5: For 𝑚 =2, 4, 6, and 8, images (a)–(d) for airplane, (e)–(h) for couple, (i)–(l) for flower, (m)–(p) for girl, and (q)–(t) for monarch,
using IGSO algorithm based on minimum cross entropy.
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Figure 6: For 𝑚 = 2, 4, 6, and 8, images (a)–(d) for pen, (e)–(h) for pepper, (i)–(l) for soccer, (m)–(p) for test, and (q)–(t) for yacht, using
IGSO algorithm based on minimum cross entropy.
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Figure 7: Continued.
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Figure 7: Convergence curves of IGSO, GSO, APSO, and SaDE algorithms for𝑚 = 8 using Otsu’s method.

Table 3: The parameters used in the SaDE algorithm.

Parameters Explanation Value
𝐹
0 Differential weight 0.9

CR Crossover probability 0.1

[𝑥min, 𝑥max]
Initialization range

for the position of the
particles

[0, 255]

For a RGB color image, the PSNR value of three basic
components is computed independently and the average
values of them are considered as the PSNR value of color
image.

The structural similarity (SSIM) index [55] is used to
measure the similarity between the original image and the

segmented image. The SSIM between two images can be
stated as

SSIM (𝐼, 𝐼

) =

(2𝜇
𝐼
𝜇
𝐼
 + 𝑐
1
) (2𝜎
𝐼𝐼
 + 𝑐
2
)

(𝜇
2

𝐼
+ 𝜇
2

𝐼

+ 𝑐
1
) (𝜎
2

𝐼
+ 𝜎
2

𝐼

+ 𝑐
2
)

, (26)

where 𝜇
𝐼
is the average of 𝐼, 𝜇

𝐼
 is the average of 𝐼, 𝜎2

𝐼
is the

variance of 𝐼,𝜎2
𝐼
 is the variance of 𝐼,𝜎𝐼𝐼 is the covariance of 𝐼

and 𝐼
, two variables 𝑐

1
= (𝑘
1
𝐿)
2 and 𝑐

2
= (𝑘
2
𝐿)
2 stabilize the

division with weak denominator, and 𝐿 is the dynamic range
of the pixel-values, 𝑘

1
= 0.01 and 𝑘

2
= 0.03. In addition, the

SSIM can be extended for color RGB images as shown below:

SSIM = ∑

𝑐

SSIM (𝐼
𝑐
, 𝐼
𝑐
) , (27)

where 𝐼𝑐 and 𝐼
𝑐 are the 𝑐th channel of the original image and

segmented color image, respectively, and 𝑐 is channel number.
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Table 6: Comparison of optimal PSNR (dB) and SSIM values obtained by IGSO, GSO, APSO, and SaDE algorithms using Otsu’s method.

Image 𝑚

IGSO GSO APSO SaDE
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Airplane

2 10.0144 0.7740 10.0144 0.7740 10.0144 0.7740 10.0144 0.7740
4 10.0188 0.8246 10.0188 0.8246 10.0188 0.8246 10.0188 0.8246
6 10.0300 0.8575 10.0263 0.8398 10.0211 0.8346 10.0243 0.8369
8 10.3589 0.9134 10.3524 0.9029 10.3439 0.8958 10.3481 0.9016

Couple

2 27.0382 0.8025 27.0382 0.8025 27.0382 0.8025 27.0382 0.8025
4 27.0470 0.8830 27.0470 0.8830 27.0470 0.8830 27.0470 0.8830
6 27.0579 0.9143 27.0518 0.9093 27.0492 0.8976 27.0507 0.9036
8 27.0602 0.9427 27.0559 0.9362 27.0517 0.9294 27.0526 0.9316

Flower

2 19.3175 0.8460 19.3175 0.8460 19.3175 0.8460 19.3175 0.8460
4 19.3280 0.9040 19.3280 0.9040 19.3280 0.9040 19.3280 0.9040
6 19.3296 0.9372 19.3278 0.9340 19.3283 0.9207 19.3289 0.9222
8 20.3152 0.9604 20.2937 0.9549 20.2859 0.9508 20.2924 0.9526

Girl

2 24.0610 0.7112 24.0610 0.7112 24.0610 0.7112 24.0610 0.7112
4 24.0734 0.8011 24.0734 0.8011 24.0734 0.8011 24.0734 0.8011
6 24.0798 0.8584 24.0766 0.8546 24.0739 0.8512 24.0748 0.8527
8 24.0824 0.9094 24.0802 0.8982 24.0767 0.8927 24.0789 0.8936

Monarch

2 19.4727 0.7658 19.4727 0.7658 19.4727 0.7658 19.4727 0.7658
4 19.4767 0.8589 19.4767 0.8589 19.4767 0.8589 19.4767 0.8589
6 19.4785 0.9155 19.4778 0.9116 19.4771 0.9059 19.4776 0.9081
8 19.4941 0.9454 19.4879 0.9387 19.4811 0.9255 19.4918 0.9312

Pen

2 19.8912 0.8420 19.8912 0.8420 19.8912 0.8420 19.8912 0.8420
4 19.8935 0.8791 19.8935 0.8791 19.8935 0.8791 19.8935 0.8791
6 19.8983 0.9330 19.8961 0.9238 19.8938 0.9170 19.8947 0.9215
8 19.9014 0.9629 19.9001 0.9581 19.8979 0.9543 19.8990 0.9566

Pepper

2 18.1771 0.8046 18.1771 0.8046 18.1771 0.8046 18.1771 0.8046
4 18.1789 0.8384 18.1789 0.8384 18.1789 0.8384 18.1789 0.8384
6 18.1856 0.9004 18.1825 0.8976 18.1796 0.8880 18.1811 0.8916
8 18.1891 0.9476 18.1836 0.9302 18.1801 0.9164 18.1822 0.9251

Soccer

2 20.3329 0.8088 20.3329 0.8088 20.3329 0.8088 20.3329 0.8088
4 20.3368 0.8570 20.3368 0.8570 20.3368 0.8570 20.3368 0.8570
6 20.3466 0.9023 20.3421 0.8931 20.3389 0.8822 20.3405 0.8886
8 20.3474 0.9529 20.3437 0.9493 20.3410 0.9330 20.3422 0.9375

Test

2 18.5023 0.7611 18.5023 0.7611 18.5023 0.7611 18.5023 0.7611
4 18.5081 0.8508 18.5081 0.8508 18.5081 0.8508 18.5081 0.8508
6 18.5106 0.9017 18.5091 0.8959 18.5086 0.8883 18.5089 0.8913
8 18.5144 0.9446 18.5120 0.9274 18.5095 0.9122 18.5107 0.9208

Yacht

2 18.5073 0.8133 18.5073 0.8133 18.5073 0.8133 18.5073 0.8133
4 18.5083 0.8503 18.5083 0.8503 18.5083 0.8503 18.5083 0.8503
6 18.5090 0.9035 18.5086 0.8910 18.5082 0.8865 18.5085 0.8894
8 18.5164 0.9542 18.5122 0.9389 18.5097 0.9120 18.5106 0.9274

4.1. Experiment 1. In this section, the IGSO algorithm is
used for ten color test images using Otsu’s method as fitness
function and the results are compared with the GSO, APSO,
and SaDE algorithms. Tables 4 and 5 present the number of
thresholds (𝑚), corresponding optimal thresholds, and objec-
tive values for 𝑚 = 2, 4, 6, and 8 computed by IGSO, APSO,
and SaDE algorithms using Otsu’s method. In Table 6, com-
parison of PSNR (dB) and SSIM values is depicted for each
method and number of thresholds, which reveals the quality

of segmented images. The segmented images using IGSO
algorithm based on Otsu’s method at 2, 4, 6, and 8 levels of
thresholding are shown in Figures 3 and 4.

4.2. Experiment 2. In the second part of the experiments,
we find optimal threshold values by maximizing the mod-
ified equation (18). The number of thresholds, the optimal
thresholds, and the optimal objective values for IGSO, GSO,
APSO, and SaDE algorithms are listed in Tables 7 and 8.
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Table 9: Comparison of optimal PSNR (dB) and SSIM values obtained by IGSO, GSO, APSO, and SaDE algorithms using MCE.

Image 𝑚

IGSO GSO APSO SaDE
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Airplane

2 10.0178 0.7896 10.0178 0.7896 10.0178 0.7896 10.0178 0.7896
4 10.0216 0.8394 10.0216 0.8394 10.0216 0.8394 10.0216 0.8394
6 10.0381 0.8794 10.0311 0.8708 10.0232 0.8617 10.0258 0.8659
8 10.0641 0.9308 10.0592 0.9248 10.0516 0.9101 10.0548 0.9159

Couple

2 27.0372 0.8270 27.0372 0.8270 27.0372 0.8270 27.0372 0.8270
4 27.0478 0.8860 27.0478 0.8860 27.0478 0.8860 27.0478 0.8860
6 27.0568 0.9128 25.0526 0.9032 27.0499 0.8929 27.0512 0.8973
8 27.0613 0.9460 25.0588 0.9343 27.0523 0.9290 27.0562 0.9311

Flower

2 19.3352 0.8696 19.3352 0.8696 19.3352 0.8696 19.3352 0.8696
4 19.3369 0.9037 19.3369 0.9037 19.3369 0.9037 19.3369 0.9037
6 19.3385 0.9385 19.3376 0.9243 19.3370 0.9159 19.3373 0.9213
8 19.3439 0.9679 19. 3417 0.9538 19.3389 0.9337 19.3402 0.9446

Girl

2 24.0684 0.7274 24.0684 0.7274 24.0684 0.7274 24.0684 0.7274
4 24.0725 0.8369 24.0725 0.8369 24.0725 0.8369 24.0725 0.8369
6 24.0761 0.8740 24.0749 0.8649 27.0732 0.8568 24.0740 0.8614
8 24.0844 0.9192 24.0824 0.9069 24.0771 0.8903 24.0792 0.8971

Monarch

2 19.4791 0.7605 19.4791 0.7605 19.4791 0.7605 19.4791 0.7605
4 19.4851 0.8648 19.4851 0.8648 19.4851 0.8648 19.4851 0.8648
6 19.4867 0.9208 19.4862 0.9121 19.4850 0.9032 19.4855 0.9085
8 19.4939 0.9524 19.4902 0.9408 19,4879 0.9264 19.4893 0.9336

Pen

2 19.8970 0.8281 19.8970 0.8281 19.8970 0.8281 19.8970 0.8281
4 19.8992 0.8878 19.8992 0.8878 19.8992 0.8878 19.8992 0.8878
6 19.8996 0.9317 19.8993 0.9244 19.8987 0.9117 19.8991 0.9184
8 19.9052 0.9637 19.9021 0.9546 19.8994 0.9396 19.9010 0.9441

Pepper

2 18.1823 0.8189 18.1823 0.8189 18.1823 0.8189 18.1823 0.8189
4 18.1849 0.8460 18.1849 0.8460 18.1849 0.8460 18.1849 0.8460
6 18.1867 0.9021 18.1860 0.8967 18.1848 0.8815 18.1853 0.8913
8 18.1897 0.9483 18.1883 0.9377 18.1860 0.9239 18.1875 0.9314

Soccer

2 20.3415 0.8016 20.3415 0.8016 20.3415 0.8016 20.3415 0.8016
4 20.3378 0.8512 20.3378 0.8512 20.3378 0.8512 20.3378 0.8512
6 20.3471 0.9071 20.3442 0.8992 20.3496 0.8869 20.3411 0.8983
8 20.3499 0.9560 20.3475 0.9477 20.3420 0.9298 20.3448 0.9329

Test

2 18.5027 0.7658 18.5027 0.7658 18.5027 0.7658 18.5027 0.7658
4 18.5155 0.8560 18.5155 0.8560 18.5155 0.8560 18.5155 0.8560
6 18.5157 0.9021 18.5154 0.8938 18.5153 0.8802 18.5154 0.8859
8 18.5168 0.9533 18.5161 0.9486 18.5156 0.9372 18.5158 0.9400

Yacht

2 18.5135 0.8195 18.5135 0.8195 18.5135 0.8195 18.5135 0.8195
4 18.5172 0.8611 18.5172 0.8611 18.5172 0.8611 18.5172 0.8611
6 18.5188 0.9150 18.5179 0.9021 18.5174 0.8851 18.5177 0.8960
8 18.5203 0.9608 18.5186 0.9454 18.5178 0.9287 18.5182 0.9342

The parameter values of PSNR (dB) and SSIM value are
shown in Table 9. Figures 5 and 6 give the multilevel thresh-
olding segmented results at 2, 4, 6, and 8 levels of thresholding
using IGSO algorithm based on minimum cross entropy for
ten test color images, respectively.

4.3. Comparison of the Segmented Performance. In this paper,
the results of IGSO algorithm based on Otsu and MCE have

been compared with basic GSO algorithm and two other
well-known optimization algorithms. For the Otsu fitness
function, it can be clearly seen from Tables 4 and 5 that the
improved GSO algorithm offers superior optimal thresholds
and objective values in comparison with GSO, APSO, and
SaDE algorithmswhen the number of thresholds ismore than
4. From Tables 7 and 8, it is easy to deduce that the optimal
thresholds and objective values of multilevel color image
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Table 10: Comparison of optimal PSNR (dB) and SSIM values obtained by IGSO and GSO algorithms using OTSU and MCE.

Image 𝑚

PSNR (Otsu) PSNR (MCE) SSIM (Otsu) SSIM (MCE)
IGSO GSO IGSO GSO IGSO GSO IGSO GSO

Airplane

2 10.0144 10.0144 10.0178 10.0178 0.7740 0.7740 0.7896 0.7896
4 10.0188 10.0188 10.0216 10.0216 0.8246 0.8246 0.8394 0.8394
6 10.0300 10.0263 10.0381 10.0311 0.8575 0.8398 0.8794 0.8708
8 10.3589 10.3524 10.3641 10.0592 0.9134 0.9029 0.9308 0.9248

Couple

2 27.0382 27.0382 27.0372 27.0372 0.8025 0.8025 0.8270 0.8270
4 27.0470 27.0470 27.0478 27.0478 0.8830 0.8830 0.8860 0.8860
6 27.0579 27.0518 27.0568 25.0526 0.9143 0.9093 0.9128 0.9032
8 27.0602 27.0559 27.0613 25.0588 0.9427 0.9362 0.9460 0.9343

Flower

2 19.3175 19.3175 19.3352 19.3352 0.8460 0.8460 0.8696 0.8696
4 19.3280 19.3280 19.3369 19.3369 0.9040 0.9040 0.9037 0.9037
6 19.3286 19.3278 19.3385 19.3376 0.9372 0.9340 0.9385 0.9243
8 20.3152 20.2937 20.3439 19. 3417 0.9604 0.9549 0.9679 0.9538

Girl

2 24.0610 24.0610 24.0684 24.0684 0.7112 0.7112 0.7274 0.7274
4 24.0734 24.0734 24.0725 24.0725 0.8011 0.8011 0.8369 0.8369
6 24.0758 24.0766 24.0761 24.0749 0.8584 0.8546 0.8740 0.8649
8 24.0824 24.0802 24.0844 24.0824 0.9094 0.8982 0.9192 0.9069

Monarch

2 19.4727 19.4727 19.4791 19.4791 0.7658 0.7658 0.7605 0.7605
4 19.4767 19.4767 19.4851 19.4851 0.8589 0.8589 0.8648 0.8648
6 19.4785 19.4778 19.4867 19.4862 0.9155 0.9116 0.9208 0.9121
8 19.4941 19.4879 19.4939 19.4902 0.9454 0.9387 0.9524 0.9408

Pen

2 19.8912 19.8912 19.8970 19.8970 0.8420 0.8420 0.8281 0.8281
4 19.8935 19.8935 19.8992 19.8992 0.8791 0.8791 0.8878 0.8878
6 19.8983 19.8961 19.8994 19.8993 0.9330 0.9238 0.9317 0.9244
8 19.9014 19.9001 19.9052 19.9021 0.9629 0.9581 0.9637 0.9546

Pepper

2 18.1771 18.1771 18.1823 18.1823 0.8046 0.8046 0.8189 0.8189
4 18.1789 18.1789 18.1849 18.1849 0.8384 0.8384 0.8460 0.8460
6 18.1856 18.1825 18.1857 18.1860 0.9004 0.8976 0.9021 0.8967
8 18.1891 18.1836 18.1897 18.1883 0.9476 0.9302 0.9483 0.9377

Soccer

2 20.3329 20.3329 20.3415 20.3415 0.8088 0.8088 0.8016 0.8016
4 20.3368 20.3368 20.3378 20.3378 0.8570 0.8570 0.8512 0.8512
6 20.3466 20.3421 20.3471 20.3442 0.9023 0.8931 0.9071 0.8992
8 20.3474 20.3437 20.3499 20.3475 0.9529 0.9493 0.9560 0.9477

Test

2 18.5023 18.5023 18.5027 18.5027 0.7611 0.7611 0.7658 0.7658
4 18.5081 18.5081 18.5155 18.5155 0.8508 0.8508 0.8560 0.8560
6 18.5106 18.5091 18.5157 18.5154 0.9017 0.8959 0.9021 0.8938
8 18.5144 18.5120 18.5168 18.5161 0.9446 0.9274 0.9533 0.9486

Yacht

2 18.5073 18.5073 18.5135 18.5135 0.8133 0.8133 0.8195 0.8195
4 18.5083 18.5083 18.5172 18.5172 0.8503 0.8503 0.8611 0.8611
6 18.5090 18.5086 18.5175 18.5179 0.9035 0.8910 0.9150 0.9021
8 18.5164 18.5122 18.5203 18.5186 0.9542 0.9389 0.9608 0.9454

thresholding segmentation usingminimum cross entropy for
all the test images are better than GSO, APSO, and SaDE
algorithms.

The parameters of peak signal to noise ratio (PSNR)
and structural similarity (SSIM) index are introduced to
evaluate the quality of segmented images. Tables 6 and 9 show
that PSNR and SSIM values obtained with IGSO algorithm

are higher than those produced by the other algorithms.
The PSNR and SSIM values obtained by IGSO and GSO
algorithms using Otsu’s and MCE methods are presented
in Table 10. For the same color test image and number of
thresholds (𝑚), the IGSO algorithm based on the minimum
cross entropymethod has higher PSNR and SSIM values than
Otsu’s method. After the analysis of results, it is found that
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IGSO algorithm based on the minimum cross entropy has
better quality of segmented image than the other algorithms
for each color test image.

Moreover, the convergence curves for IGSO, GSO, APSO,
and SaDE algorithms of ten test color images using Otsu’s
method have been shown in Figure 7 for 8-level thresholding.
It can be clearly observed from these figures that the IGSO
algorithm needs less iterations to obtain optimal segmen-
tation results and has better convergence property than
GSO, APSO, and SaDE algorithms for multilevel color image
thresholding segmentation.

5. Conclusions

In this paper, a new multilevel color image thresholding
segmentation method based on improved glowworm swarm
optimization (IGSO) algorithm is presented. The presented
method utilized Otsu’s method and minimum cross entropy
as the fitness functions criteria and is tested on ten color test
images for 𝑚 = 2, 4, 6, and 8. The results obtained by IGSO
algorithm are compared with those obtained by GSO, APSO,
and SaDE algorithms and the segmentation performance of
these methods was evaluated in terms of the optimal thresh-
old values, optimal objective values, PSNR values, and SSIM
values. Finally, the convergence curves using minimum cross
entropy are drawn of ten test color images for 𝑚 = 8. The
comparative results show that the improved GSO algorithm
is superior to the GSO, APSO, and SaDE algorithms for
multilevel color image thresholding problem. Furthermore,
the quality of segmented image of the IGSO algorithm using
minimum cross entropy outperforms the IGSO algorithm
using Otsu’s method in terms of PSNR and SSIM.The further
work will include introduction of the other fitness criteria for
multilevel thresholding segmentation. In addition, the IGSO
algorithm is also applied to the other complex problems.
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