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a b s t r a c t
Multilevel image segmentation is a technique that divides images into multiple homogeneous regions.
In order to improve the effectiveness and efﬁciency of multilevel image thresholding segmentation, we
propose a segmentation algorithm based on two-dimensional (2D) Kullback–Leibler(K–L) divergence and
modiﬁed Particle Swarm Optimization (MPSO). This approach calculates the 2D K–L divergence between
an image and its segmented result by adopting 2D histogram as the distribution function, then employs
the sum of divergences of different regions as the ﬁtness function of MPSO to seek the optimal thresholds.
The proposed 2D K–L divergence improves the accuracy of image segmentation; the MPSO overcomes
the drawback of premature convergence of PSO by improving the location update formulation and the
global best position of particles, and reduces drastically the time complexity of multilevel thresholding segmentation. Experiments were conducted extensively on the Berkeley Segmentation Dataset and
Benchmark (BSDS300), and four performance indices of image segmentation – BDE, PRI, GCE and VOI –
were tested. The results show the robustness and effectiveness of the proposed algorithm.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Image segmentation is the process of partitioning an image into
non-overlapping, homogeneous regions containing similar objects,
which is widely used in computer vision applications such as object
recognition, content-based retrieval, and object-based video coding. Though numerous algorithms have been proposed in recent
years, image segmentation is still far from being an easy problem
to solve.
At present, commonly used segmentation algorithms include
graph cut [1,2], contour detection [3], and thresholding segmentation [4,5]. Thresholding segmentation has been widely adopted
due to its simplicity, which consists of bi-level and multilevel segmentation. Bi-level segmentation splits an image into object and
background. However, with the advent of multi-object technology such as multi-object optimization and multi-object tracking,
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dividing an image into just two regions cannot meet the requirements of most pattern recognition and machine vision applications.
To overcome the limitations of bi-level segmentation, multilevel
segmentation approaches that split an image into multiple objects
and background have been developed. However, conventional multilevel image thresholding segmentation methods [6,7] are costly
in time since they search exhaustively for the optimal multiple
threshold values of the image. Moreover, the time complexity
grows exponentially with the number of thresholds.
Metaheuristics provide a very popular way to yield near optimal solutions for a wide variety of complex optimization problems
[8]. They combine rules and randomness to imitate some natural phenomena, and have grown signiﬁcantly in usage in the
past few decades. If we treat multiple threshold values as space
dimensions of metaheuristics, their parallelism provides an efﬁcient means to address the problem of computational cost of
multilevel image thresholding segmentation. The PSO algorithm
[9], introduced by Eberhart and Kennedy in 1995, is a swarmbased metaheuristic technique that models the social behavior of
bird ﬂocking. It is well adapted to the optimization of nonlinear
functions in multidimensional space. PSO is easy to implement
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and may outperform other evolutionary algorithms [10,11]; However, it is liable to trap local optimization and cause premature
convergence.
The ﬁtness function of metaheuristics is a criterion for selecting
the optimal solution, and in recent years, using entrogy as a ﬁtness function has drawn the attention of researchers [8,12]. Many
entropy-based segmentation algorithms adopt one-dimensional
(1D) entropy to calculate the summation of regional entropy
as an objective function of image segmentation [13,14]. However, 1D entropy only takes account of gray values of the image
with no spatial correlation between pixels, and thus the performance is usually unsatisfactory. Abutaleb [15] extended 1D
entropy to 2D, regarding the 2D histogram as a distribution function
to calculate entropy and achieving more accurate segmentation
results than those based on 1D entropy. We also utilize the idea
of 2D entropy in our segmentation algorithm proposed in this
paper.
Kullback–Leibler(K–L) divergence was proposed by Kullback
[16] under the name of directed divergence, which is a relative
entropy to measure the information theoretical distance between
two distributions P and Q. It was also studied by Rényi [17], who
pointed out that the K–L divergence can be interpreted as the
expectation of the change in the information content when substituting Q for P. The less the information changes, the smaller
the divergence is, and the divergence will be zero if two distributions are the same. According to these characteristics of K–L
divergence, when we regard image region and its corresponding
segmentation result as P and Q respectively, minimizing the sum
of K–L divergence of different regions in an image is to search for
the optimal image segmentation. Because the searching process is
time-consuming, PSO is introduced to reduce computational cost
by using its parallelism in our work.
In this paper, we propose an unsupervised algorithm for multilevel image thresholding segmentation which combines 2D K–L
divergence and modiﬁed PSO (2DKLMPSO). 2D histogram of an
image is denoted as the distribution function to calculate the proposed 2D K–L divergence, which is then considered as the ﬁtness
function of MPSO to improve the accuracy of multilevel image segmentation. To reduce the time complexity of seeking the optimal
threshold values of multilevel thresholding segmentation, we propose MPSO to manage the convergence and diversity of particles to
conquer the drawback of premature convergence of PSO. Extensive
experiments conducted on the BSDS300 illustrate that the proposed algorithm not only achieves better segmentation results, but
also has lower time complexity.
The main contributions of this paper are as follows:
(1) We propose the 2D K–L divergence to be applied to multilevel image segmentation, and derive the formulation of 2D
K–L divergence as an objective function of multilevel image
segmentation to improve the accuracy of segmentation;
(2) We propose MPSO that modiﬁes the location update formula
and the global best position of particles to overcome the defect
of premature convergence of PSO;
(3) We propose a scheme for multilevel image thresholding segmentation that denotes 2D K–L divergence as the ﬁtness
function of MPSO, which improves the effectiveness of the segmentation and reduces the time complexity.
The rest of this paper is organized as follows. We summarize
the development of multilevel image thresholding segmentation
in Section 2, followed by a brief introduction of K–L divergence, 2D
histogram concept and PSO in Section 3. Section 4 describes the
proposed algorithm. Section 5 illustrates our experimental results.
Conclusions are drawn in Section 6.

2. Related works
Roughly speaking, the development of multilevel image thresholding segmentation algorithm has gone through two stages. Early
stage approaches, such as between-class variance [6] and entropy
[7], which are unsupervised and nonparametric, explore exhaustively the optimal threshold values to optimize the objective
function. Although those segmentation approaches can produce
accurate results, they are extremely time-consuming. To reduce
the computational complexity, iterative schemes [18,19] and
dichotomization techniques [20] were developed, which significantly reduced the computing time while producing results of
comparable quality.
In recent years, many researchers have focused on metaheuristics in multilevel image thresholding segmentation domain to
reduce computational cost. The commonly used metaheuristic
algorithms include Genetic Algorithm (GA) [21,22], Particle Swarm
Optimization (PSO) [23,24] and Differential Evolution (DE) [25].
PSO is characterized as simple in concept, easy to implement,
and computationally efﬁcient when compared with other heuristic techniques, so PSO has been widely discussed in many domains
in recent years [23,26]. However, since the traditional PSO method
tends to get stuck in local optima, many subsequent approaches
based on PSO have been proposed. Wu et al. [27] developed guidelines for parameter settings both for PSO and discrete PSO to
produce better results. Quantum inspired PSO [28] was proposed
to reduce computational complexity for multilevel image segmentation. Hu et al. [29] studied an intelligent selection mechanism to
trigger appropriate search methods. Liu et al. [11] adopted adaptive inertia and adaptive population to improve the performance
of PSO.
Bhandari et al. [30] studied Cukoo search algorithm and wind
driven optimization. Tuba et al. [31] compared evolutionary and
swarm-based computational techniques. In order to consider spatial contextual information of the image, energy function combined
GA [32] has been used. Yin et al. [33] employed the fuzzy cpartition entropy and ABC to select thresholding, and used graph
cut instead of thresholing for each pixel to oversegment the image
into small regions. Akay [12] used Kapur’s entropy and Otsu as
ﬁtness function of PSO and artiﬁcial bee colony (ABC) to compare segmentation results, and pointed out Kapur’s entropy was
better than Otsu for multilevel image thresholding segmentation.
Cross entropy combined DE algorithm was studied in color image
by Sarkar et al. [8]. These methods use evolution algorithms or
swarm-based algorithms to seek the optimal multilevel thresholding. Different objective functions, such as an energy function, Otsu
and entropy, are adopted as the ﬁtness function of metaheuristic
algorithm. Entropy-based approaches, have drawn the attention
of many researchers [34] because they have a solid foundation in
information theory. The above-mentioned entropy approaches all
employed 1D entropy as the objective function of image segmentation.
To involve spatial correlation between pixels in image segmentation, some researchers adopted 2D entropy to achieve better
segmentation performance. Qi [35] combined adaptive PSO and
2D Shannon exponential entropy to pursue the optimal threshold values of image segmentation. However, he only divided the
image into object and background, and did not implement multilevel thresholding segmentation. Sarkar et al. [36] proposed an
automatic multilevel image thresholding scheme based on 2D Tsallis entropy and DE algorithm. They analyzed the Tsallia entropy and
focused on how to calculate the maximum entropy of multilevel
images. Nie [37] introduced 2D Tsallis cross-entropy to determine
the optimal threshold value, which shows it as a new criterion
of image thresholding, but it belongs to bi-level, not multilevel,
segmentation.
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Fig. 1. Images and their 2D histograms.

In this paper, we propose a multilevel image thresholding segmentation algorithm, which adopts the MPSO to reduce the time
complexity of algorithm, and regards the 2D K–L divergence as the
ﬁtness function of MPSO to seek the optimal threshold values of an
image.
3. Background material
In this section, we will introduce the mathematical foundation
for the proposed multilevel image thresholding segmentation algorithm.
3.1. K–L divergence [38]
K–L divergence is a measure of the difference between two
probability distribution P and Q. It is not symmetric in P and Q.
In applications, P typically represents the true distribution of data,
while Q represents the approximation of P. It is the amount of
information lost when Q is used to approximate P.
Consider ˛ ∈ [0, 1) ∪ (1, ∞) and let P :  → [0, 1] and Q :  →
[0, 1] be two distributions, then

⎡
1 ⎤
 ˛−1
 P(x)˛
⎦,
D˛ (PQ ) = log ⎣
x

(1)

Q (x)˛−1

where D˛ (PQ ) is Rényi divergence, which is understood as distance measure between two distributions. The more similar P and
Q are, the smaller D˛ (PQ ) is.
If ˛ → 1, the limit of Rényi divergence D1 (PQ ) = lim D˛ (PQ )
˛→1

coincides with
D (PQ ) =


x

P (x) log

P (x)
.
Q (x)

a 2D histogram plane with 4-level thresholding. Similarly, n-level
thresholding can be extended. t1, t2, t3 are threshold values of the
original image, and s1, s2, s3 are those of the average image. The
2D histogram in regions 1, 6, 11, and 16 come from objects and
background, while other regions show edges and noise that are
negligible as their frequency is small [36]. When calculating the
objective function of image segmentation, only regions 1, 6, 11,
and 16 are considered.
3.3. Particle swarm optimization (PSO)
PSO seeks iteratively the optimal solution in n-dimensional
space with K particles. Every particle owns two features – location and velocity – when it is ﬂying in space. The j-th velocity and
location of the i-th particle [39] can be updated as follows:

vij (t + 1) = w × vij (t) + c1 × rand1 × (pBest j (t) − xij (t))
+ c2 × rand2 × (gBest j (t) − xij (t))

xij (t + 1) = xij (t) + vij (t + 1)

(2)

i

q (xi ). In image segmentation, let P be the original image and

Q be the corresponding segmented result.
3.2. Two-dimensional histogram
Let g (x, y) be the average image of f (x, y) by spatial ﬁltering
with a 3 × 3 window; then the 2D histogram pi,j is constructed as:
pi,j =

num(f (x, y) = i ∩ g(x, y) = j))
,
m×n

i, j ∈ {0, 1, 2, · · ·, 255}

(3)

where m × n is the image size and num denotes the number of pixels
whose gray value equals i and average value equals j.
Fig. 1 shows two images from the BSDS and their histograms. As
is evident in ﬁgure, the 2D histogram is primarily located along the
diagonal of the 2D histogram plane because the gray values of the
average image are close to those of the original image.
In terms of above characteristics of the 2D histogram, multilevel threshold values are selected according to Fig. 2, which shows

(5)

where t is the current iteration number, i = 1, 2, . . ., K denotes the
index of a particle, and j = 1, 2, . . ., n denotes the space dimension. c1 and c2 are positive constants, which are called cognitive
and social parameters, respectively. rand1 and rand2 are random
numbers which meet normal distribution within the range [0, 1].
pBestj represents the individual best location of the jth dimension
of particle i, and gBestj (t) denotes the global best location of the
jth dimension of particle swarm. The inertial weight w controls the
impact of previous velocity on current velocity. In this paper, we
adopt adaptive inertia weight [10] w = wmax − (wmax − wmin ) t/I

Eq. (2) describes the Kullback–Leibler divergence, which
p
=
requires P and Q to have the same dimension, and
x (xi )
xi

(4)

Fig. 2. Two-dimensional histogram plane with 4-level segmentation.
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to update the velocity. wmax and wmin are set as 0.9 and 0.4 respectively. I is the total iteration number. In order to prevent the swarm
from explosion, the velocity should range between [vmin vmax ]. The
particle location is similarly restricted to the range of [xmin xmax ].
4. The proposed algorithm
In this section, we ﬁrstly analyze the relationship between divergence and image segmentation, and explain why we adopt the
minimum divergence as the objective function of image segmentation. Then we derive in detail how to calculate the objective
function of multilevel thresholding by 2D K–L divergence. We also
modify the classical PSO to balance the convergence and diversity
of particles. By using 2D K–L divergence as the ﬁtness function of
MPSO to seek the optimal threshold values, we build the bridge
between them.
4.1. Relationship of K–L divergence and image segmentation
For the purpose of clarity, we begin our discussion with the 1D
histogram where only the gray value of each pixel in the image
is considered, and then extend to the 2D histogram which further
takes account of the spatial correlation between pixels. The segmentation process can be posed as one of reconstruction of the
image distribution, which means that the task of image segmentation is to make the segmented image similar to the original image;
that is, the information difference between the original image and
the segmentation result should be as small as possible. Recall that
Eq. (2) calculates the divergence between P and Q. Now let

The 1D histogram only takes account of grayscale information
of an image, with no spatial correlation between pixels. However,
each pixel in an image is not isolated, and takes on correlation with
its neighbor pixels. For the reason that 2D histogram considers the
gray value of each pixel and spatial correlation of pixels, we propose
2D K–L divergence that employs 2D histogram as the distribution
function of divergence to make image segmentation more accurate. To extend 1D divergence to 2D, based on the discussion of 2D
histogram in Section 3.2, we redeﬁne P as:
P=

⎧
255
⎨
⎩

p0,j ,

j=0

255


p1,j , . . .,

j=0

pi,j , . . .,

be the number of pixels that have that gray level in the original image and its corresponding multilevel segmented result,
respectively, where N denotes the number of pixels of an image,
L represents the segmentation levels, and vl , l ∈ {0, 1, . . ., L} is the
gray value in the segmented image. Thus the divergence computed
according to Eq. (2) represents the information change between
the original image and the segmented output. The K–L divergence,
namely the objective function for multilevel image segmentation,
can be represented as:

ipi log

l=1 i=tl−1

ipi

vl

,

(6)

where t0 < t1 < · · · < tL−1 < tL are the threshold values with t0 = 0 and
tL = 255. According to the constraint of K–L divergence, the sum of
all the pixel values in each region of the segmented image should
equal to that of the original image, which means:
tl
ip
i=tl−1 i
.
tl
p
i=tl−1 i

(7)

In image segmentation, we expect that the information between
original and segmented images changes as little as possible; that is,
the goal of the image segmentation is to seek the optimal threshold
values that minimize the objective function:
∗
{t1∗ , · · ·, tL−1
} = arg

min

{t1 ,···,tL−1 }

D (PQ ) .

p255,j

⎭

.

D (PQ ) =

tl
sl
L




ipi,j log

l=1 i=tl−1 j=sl−1

ipi,j

vl

(9)

,

where t0 < t1 < · · · < tL−1 < tL and s0 < s1 < · · · < sL−1 < sL are the threshold values of an image and its average image respectively, t0 , s0 = 0
and tL , sL = 255 are the minimum and maximum in the image.

vl =

tl

sl

i=tl−1
tl

j=sl−1
sl

i=tl−1

ipi,j

.

p
j=sl−1 i,j

For simplicity of computation, Eq. (9) can be reformulated as:
tl
sl
L




ipi,j log(ipi,j )−

ipi,j log vl .

(10)

l=1 i=tl−1 j=sl−1

Given an image, since the ﬁrst part in Eq. (10) is constant, the
objective function can be simpliﬁed as:

Q = {qv1 , qv2 , . . ., qvl , . . ., qvL } ∈ {0, 1, . . ., N}

D (PQ ) =

⎫
⎬

j=0

l=1 i=tl−1 j=sl−1

tl
L



255


where pi,j represents the 2D histogram of an image.
As we have shown in Fig. 2, the 2D histogram is primarily located
along the diagonal of the 2D histogram plane, so the proposed 2D
K–L divergence of an image can be derived from Eq. (6):

D (PQ ) =

and

255

j=0

tl
sl
L




P = {p0 , p1 , . . ., p255 } ∈ {0, 1, . . ., N}

vl =

4.2. Image segmentation algorithm based on 2D K–L divergence

(8)

tl
sl
L




R (PQ ) = −

ipi,j log vl .

(11)

l=1 i=tl−1 j=sl−1

Then the optimal threshold values of multilevel image segmentation can be set according to the following optimization equation:
∗
∗
{t1∗ , . . ., tL−1
, s1∗ , . . ., sL−1
} = arg

min

{t1 ,...,tL−1 ,s1 ,...,sL−1 }

R (PQ ) .

(12)

The computational complexity of Eq. (12) by exhaustive search
grows dramatically with the increasing number of thresholds. To
reduce the computational cost, we propose a modiﬁed particle
swarm optimization algorithm which will be detailed in the next
section.
4.3. Modiﬁed particle swarm optimization (MPSO)
In the classic PSO algorithm (referred to as CPSO), the particle swarm is initialized randomly in feasible solution space. The
velocity and location of particles are updated by the individual best
position and the global best position, which make particles move
to the optimal solution. the major drawback of CPSO is premature
convergence, which incurs a rapid loss of diversity during the evolutionary processing. Therefore, to address this problem, we propose
a modiﬁed PSO(named MPSO), which adopts an adaptive factor fa
to prevent premature convergence and a perturbation operator ga
help particles escape from local optima.
Adaptive factor is deﬁned as follows:
fa = rand × (1 − t/I)

(13)
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using a perturbation operator ga. However, a higher perturbation
rate will lead to a larger loss of ﬁne local search. In order to better
manage diversity and convergence, the perturbation range of gBest
is limited to [0 max(x)–min(x)]. max(x)–min(x) denotes the difference of maximum and minimum location of particles in different
iteration. At the beginning of the iteration, max(x)–min(x) is large,
and the extensive perturbation range keeps the diversity of particles. Then as the number of iteration increases, max(x)–min(x)
decreases gradually, the lower perturbation rate can converges
gradually and search ﬁnely around the optimal solution. gBest with
perturbation operator ga is deﬁned as:
gBest j = gBest j + ga = gBest j + (max(xj ) − min(xj )) × rand

(15)

The pseudo-code of the modiﬁed particle swarm optimization
is described in Algorithm 1.
Algorithm 1.

The modiﬁed particle swarm optimization

Input:
Initial parameters: the total iterations maxIter; the population size K;
the space dimension n; inertial weight w; cognitive parameter c1 ;
social parameter c2 ;
Output:
The global best location gBest;
Proceeding:
1: Generate randomly initial n-dimensional velocity v and location x of
particle swarm;
2: for ite = 1 : maxIter do
3:
Update the inertial weight w;
for pu = 1 : K do
4:
Calculate the minimum ﬁtness function of each particle as its
5:
individual best location pBest;
6:
Update the velocity and location of each particle by Eqs. (4) and
(14);
end for
7:
Seek the minimum individual best location as the global best
8:
location gBest;
if ite < maxIter then
9:
10:
Perturb the global best location to take new gBest as the the
global best location by using Eq. (15);
end if
11:
12: end for
13: Return gBest.

4.4. The combination of 2D K–L divergence and MPSO

Fig. 3. The ﬂowchart of the proposed algorithm.

where t is the current iteration, I denotes the total iterations, and
rand meets normal distribution within the range [0, 1]. We referred
to PSO with adaptive factor as APSO. Formula (13) means that
the adaptive factor fa tends to decrease with the iterations t. By
introducing fa, the location of particle is modiﬁed as follows:



xij (t + 1) = xij (t) + fa × vij (t + 1) = xij (t) + rand × 1 − t/I
× vij (t + 1)



(14)

It can be seen in Formula (14) that in the early stage of the iteration, fa is large, and the algorithm has strong ability to explore
new areas continuously to overcome premature convergence, then
as the number of iteration increases, fa decreases, thus the algorithm converges gradually and can search ﬁnely around the optimal
solution. The adaptive factor fa balances the global and local search
capability.
Using adaptive factor alone can’t keep good diversity and convergence, as illustrated in Fig. 4. Fast convergence may be harmful
to PSO if no action is taken to assist in escaping from a local optima.
In PSO, the global best location gBest steers the ﬂight direction for a
particle, so it would be more effective to modify gBest to maintain
particles diversity for jumping out of the potential local optima by

Searching for the optimal solution of MPSO is equivalent to seeking the optimal threshold values in image segmentation. We regard
the n-dimensional space of MPSO as the multilevel thresholding
space of an image, and the objective function of image segmentation, 2D K–L divergence, is treated as the ﬁtness function of MPSO
to seek the optimal solution. The ﬁnal global best position gBest
corresponds to the optimal thresholding of an image. The ﬂow
chart of the proposed multilevel image thresholding segmentation
algorithm is shown in Fig. 3.
5. Experiments
The experimental images come from the Berkeley Segmentation Dataset and Benchmark (BSDS300). The experiments were
conducted using Matlab R2014b with 10G memory and a Celeron
1.8 GHz processor. Parametric settings for the swarm size, c1 and c2
are 20, 0.7 and 1.43 respectively. The proposed algorithm converges
gradually to a constant after 200 iterations according to Fig. 4, so
we denote 200 as the total iterations. The number of levels in image
segmentation is decided according to practical problems. Segmentation results in this paper are on grayscale images. For the sake of
visual comparison, a color map ‘jet’ from Matlab is used to point
out different layers in a better way.
Fig. 4 illustrates the convergence performance of CPSO, APSO
and MPSO, which were evaluated on the mean of ﬁtness function
over BSDS300 images. We can see in Fig. 4 that MPSO converges
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Fig. 4. The convergence performance of the three different PSOs. The red lines describe MPSO, green lines show APSO and black lines represent CPSO. (a) 3-Level segmentation
and (b)5-level segmentation. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of the article.)

gradually at the beginning of the iterative process, which indicates
that MPSO is seeking for the optimal solution within a large range.
This actually helps MPSO to avoid premature convergence and keep
better diversity than APSO and CPSO. When the iterations increase,
MPSO is able to converge quickly to a constant. APSO offers a higher
convergence speed at ﬁrst, which maybe traps the local optima and
can’t jump out. With respect to CPSO, it does not seek the solution
within a large range, then ﬂuctuates and does not converge to an
optimal area. Fig. 4 exhibits that the convergence performance of
the proposed MPSO outperforms those of APSO and CPSO.
Fig. 5 exhibits the segmentation results of four images from
BSDS with the proposed algorithm (2DKLMPSO), 1D K–L divergence
combined MPSO (1DKLMPSO), 1D Rényi entropy combined MPSO

(1DRYMPSO) and 2D K–L divergence combined CPSO(2DKLCPSO).
As is seen in Fig. 5, as 2D K–L divergence considers spatial correlation, 2DKLMPSO algorithm is capable of better segmenting objects
with clearer edges compared with 1DKLMPSO and 1DRYMPSO;
e.g., 1DKLMPSO fails to segment leaves and stems in the second
image, pyramids in the third image, and trees in the fourth image.
1DRYMPSO does not give clear edges to the head of the horse in the
ﬁrst image, ﬂowers in the second image and pyramids in the third
image. 2DKLCPSO is not able to segment the pyramids in the third
image because of the premature drawback of CPSO. In conclusion,
our proposed algorithm outperforms other three approaches.
Fig. 6 shows the multilevel image segmentation results for
another three images with the proposed algorithm 2DKLMPSO,

Fig. 5. Comparison of multilevel image segmentation using other entropy-based image segmentation approaches or classical PSO with 3-level segmentation. (a) Original
image, (b) human segmentation, (c) 2DKLMPSO, (d) 1DKLMPSO, (e) 1DRYMPSO, (f)2DKLCPSO.
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Fig. 6. Comparison of multilevel image segmentation algorithms with 5-level segmentation. (a) Original image, (b) human segmentation, (c) 2DKLMPSO, (d) Ref. [36], (e)
Ref. [31], and (f) Ref. [8].

Refs. [36] [31] [8]. The three references make use of DE combined
entropy to achieve multilevel image. In order to make fair comparison, Ref. [8] does not include small region mergence. As shown
in Fig. 6, our algorithm is much closer to the human segmentation results and achieves clearer edges compared with other three
methods, such as balcony in the ﬁrst image, the contour of beetle
in the second image and skyline in the third image.
The above-mentioned Figs. 6 and 5 evaluate subjectively the
segmentation results of the proposed algorithm. To assess objectively the proposed algorithm, we also compare our algorithm
with other segmentation approaches in terms of four performance
indices on 300 images from BSDS dataset. All the images is the size
of 481 × 321. For each image, a set of benchmark images compiled
by the human observers are provided. All the images are normalized
to have the longest side equal to 320 pixels. The four performance
indices proposed in [40] are adopted in our experiments, which are:
Boundary displacement error (BDE): This measures the average displacement error of boundary pixels between two segmented
images by deﬁning the error of one boundary pixel as the distance
between it and the closest pixel in the other boundary image.
Probability rand index (PRI): This counts the fraction of pairs of
pixels whose labelings are consistent between the computed segmentation and the ground truth. PRI can be found by averaging the
result across all human segmentations (ground truths) of a given
image.
Variation of information (VOI): This measures the amount
of randomness in one segmentation by calculating the distance
between two segmentations as the average conditional entropy of
one segmentation given the other.
Global consistency error (GCE): This measures the extent to
which one segmentation can be viewed as a reﬁnement of the other.
Segmentations which are related in this manner are considered to
be consistent, since they could represent the same natural image
segmentation at different scales.
The higher the value of PRI, the better the segmentation,
whereas for the remaining indices, lower values are better. The four
performance indices for each algorithm shown in Tables 1 and 2 are
the mean of calculating on 300 test images. Tables 1 and 2 show
the four performance indices of image segmentation results with

Table 1
Average performance indices of different algorithms over BSDS300 with 3-level
segmentation (unit:second).
Algorithm

BDE

PRI

VOI

GCE

Ground Truth
2DKLMPSO
1DKLMPSO
1DRYMPSO
2DKLCPSO
Ref. [8]
Ref. [31]
Ref. [36]

4.9940
11.5203
13.1636
13.4009
23.6005
13.3576
11.7327
13.0269

0.8754
0.5975
0.4264
0.5814
0.4823
0.5502
0.5877
0.4863

1.1040
4.2763
3.8654
3.833
3.5123
3.4163
4.6498
4.3318

0.0797
0.4012
0.2736
0.2748
0.2992
0.2821
0.4152
0.3056

The bolds mean the best result among all the approaches.

3-level and 5-level segmentation, respectively, which reveal that
the proposed algorithm outperforms the other algorithms in terms
of BDE and PRI, and is also comparable to another 2D histogrambased approach [36] in GCE metric. The only shortcoming of the
proposed algorithm occurs in VOI index. The possible reason is that
the proposed algorithm has no small region merging technique,
which will be tested in our future work. Another interesting observation is that although our 2D K–L divergence-based algorithm does
not perform well in terms of VOI and GCE, the 1D K–L divergence
segmentation method gives almost the best result among all the
approaches involved. According to the theorem of “no free lunch”
[41], one algorithm cannot offer the better performance than all
the others on every aspect or on every kind of problem, so we think
Table 2
Average performance indices of different algorithms over BSDS300 with 5-level
segmentation (unit:second).
Algorithm

BDE

PRI

VOI

GCE

Ground Truth
2DKLMPSO
1DKLMPSO
1DRYMPSO
2DKLCPSO
Ref. [8]
Ref. [31]
Ref. [36]

4.9940
9.9382
15.2669
13.5325
11.6437
10.5687
12.3371
10.355

0.8754
0.7154
0.6128
0.6825
0.6279
0.7153
0.5944
0.6498

1.1040
5.6802
2.8948
3.0493
4.6179
4.5486
5.0030
4.8931

0.0797
0.4173
0.3284
0.3674
0.4108
0.3650
0.4241
0.4460

The bolds mean the best result among all the approaches.
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Table 3
Time complexity of different sized images with different levels (unit: second).
Image size
537 × 358
321 × 481
256 × 256

2-level

3-level

4-level

5-level

1.263
1.226
1.207

1.306
1.299
1.239

1.391
1.362
1.314

1.436
1.414
1.398

effective tool for seeking the optimal thresholds of multilevel image
segmentation. The MPSO that adopts adaptive factor and perturbation operator conquers the drawback of premature convergence
of PSO, and its parallelism efﬁciently decreases the time complexity of multilevel image thresholding segmentation. The subjective
and objective assessments conducted on BSDS300 show that the
proposed algorithm is effective and robust. The limitation of our
proposed algorithm is that we assign the number of segmentations
in advance. In the future, We hope to select adaptively the number
of levels according to the characteristics of an image.
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