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a  b  s  t  r  a  c  t

The  conventional  two  dimensional  (2-D)  histogram  based  Otsu’s  method  gives  unreliable  results  while
considering  multilevel  thresholding  of brain  magnetic  resonance  (MR)  images,  because  the  edges  of the
brain  regions  are not  preserved  due  to the local averaging  process  involved.  Moreover,  some  of  the  useful
pixels  present  inside  the  off-diagonal  regions  are  ignored  in  the  calculation.  This  article  presents  an
evolutionary  gray  gradient  algorithm  (EGGA)  for  optimal  multilevel  thresholding  of  brain  MR images.  In
this paper,  more  edge  information  is preserved  by computing  2-D histogram  based  gray  gradient.  The  key
to our  success  is  the  use  of the  gray  gradient  information  between  the  pixel  values  and  the  pixel  average
values  to minimize  the  information  loss.  In addition,  the  speed  improvement  is achieved.  Theoretical
formulations  are derived  for computing  the  maximum  between  class  variance  from  the  2-D  histogram  of
the  brain  image.  A first-hand  fitness  function  is suggested  for  the  EGGA.  A  novel  adaptive  swallow  swarm
optimization  (ASSO)  algorithm  is  introduced  to  optimize  the  fitness  function.  The performance  of  ASSO
is  validated  using  twenty  three  standard  Benchmark  test  functions.  The  performance  of  ASSO  is  better
than  swallow  swarm  optimization  (SSO).  The  optimum  threshold  value  is  obtained  by  maximizing  the
between  class  variance  using  ASSO.  Our  method  is  tested  using  the standard  axial  T2 −  weighted  brain
MRI  database  of  Harvard  medical  education  using  100  slices.  Performance  of  our  method  is  compared

to  the  Otsu’s  method  based  on  the one  dimensional  (1-D) and  the  2-D histogram.  The  results  are  also
compared  among  four different  soft  computing  techniques.  It is  observed  that results  obtained  using  our
method  is better  than  the  other  methods,  both  qualitatively  and  quantitatively.  Benefits  of  our  method  are
– (i)  the  EGGA  exhibits  better  objective  function  values;  (ii)  the  EGGA  provides  us significantly  improved
results;  and  (iii)  more  computational  speed  is  achieved.

© 2016  Elsevier  B.V.  All  rights  reserved.
. Introduction

In recent years, application of image segmentation techniques
n medical applications has attracted significant interest in research
nd clinical diagnosis. In fact, medical image segmentation has
merged as a challenging and promising area of research [1]. At
resent, magnetic resonance imaging (MRI) is one of the most pop-
lar clinical diagnostic procedures. It provides more detail data
elated to the human soft tissue framework. It gives high contrast

etween the various soft tissues of the body. This makes it more
uitable as compared to other medical imaging techniques such
s CT or X-rays. The segmentation of MR  brain images into var-

∗ Corresponding author.
E-mail address: r ppanda@yahoo.co.in (R. Panda).

ttp://dx.doi.org/10.1016/j.asoc.2016.11.011
568-4946/© 2016 Elsevier B.V. All rights reserved.
ious regions, particularly gray matter (GM), white matter (WM)
and cerebrospinal fluid (CSF), is one of the important problems. In
connection with the problem of MR  brain image segmentation, the
authors emphasize on segmenting brain images without percepti-
ble diseases into three regions.

Thresholding is one of the simplest techniques of achieving
image segmentation. Effective thresholding leads to success of
diagnosing disorder or lesions in the brain. There are several tech-
niques in the literature reported for effective thresholding [2–4].
The problem of thresholding is classified based on number of
threshold values. Single level thresholding partitions an image into
two classes by selecting one proper threshold value. Multilevel
thresholding partitions an image into multiple classes by selecting

multiple threshold values. It is more suitable for images with com-
plex boundaries and multimodal histogram. For this valid reason,
multilevel thresholding is still considered as an important area of

dx.doi.org/10.1016/j.asoc.2016.11.011
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2016.11.011&domain=pdf
mailto:r_ppanda@yahoo.co.in
dx.doi.org/10.1016/j.asoc.2016.11.011
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esearch. A wide variety of algorithms is proposed for thresholding
ased on the 1-D image histogram (first order statistics) [5–13].
ut, one can find that spatial correlation among the neighboring
ixels in an image is not found in the 1-D image histogram. Con-
equently, the thresholding performance using the above methods
ay  degrade.
In order to address this problem, the authors propose an algo-

ithm based on gray gradient information derived from the 2-D
istogram (second order statistics) of the brain MR  image for
ultilevel thresholding. The problem of multilevel thresholding

ecomes computationally expensive with increase in number of
hreshold level. That is why; researchers have suggested opti-

al  multilevel thresholding. The optimal threshold values are
ound by optimizing (maximizing or minimizing) a fitness function.
esearchers have suggested a number of criteria in the literature

or determining the fitness function [14–23]. Moreover, some of the
bove-mentioned techniques are used for multilevel thresholding
f brain MR  images [24,25].

In 2014, Manikandan et al. [10] presented a multilevel thresh-
lding scheme for segmenting medical (human) brain images using
eal coded genetic algorithm. The authors used the simulated
inary crossover method for application. The optimal threshold
alue was obtained by maximizing the Kapur’s entropy. The results
ere compared with algorithms like Nelder–Mead simplex, parti-

le swarm optimization (PSO), bacteria foraging (BF) and adaptive
acteria foraging (ABF). In 2014, Hadjidimitriou et al. [11] presented
orphological processing based T1-weighted brain MRI segmen-

ation. They used a fast histogram technique. According to the
uthors, there is a strong need for a fast and accurate method to
istinguish a healthy person from a patient.

Wang et al. (2015) [12] proposed a new technique for auto-
atic segmentation of brain MRI  to separate out cerebral vessels.

hey used Otsu’s algorithm to split the brain images into 2-regions.
esejo et al. (2015) [13] presented a medical image segmentation

cheme using the geometric deformable models and metaheuris-
ics. Their paper described a hybrid level set approach for medical
mage segmentation with an increased accuracy. Their scheme is a
ombination of edge and region information with the prior knowl-
dge of the shape. They used Genetic Algorithm and Scatter Search
o derive the shape. Sathya et al. (2011) [24] presented a multi-
evel thresholding approach based on adaptive bacteria foraging
or brain MR  image segmentation. The authors used an adaptive
tep size to improve the conventional BF algorithm performance.
his might have helped in reducing the execution time only. They
sed Kapur’s entropy and between-class variance (1-D Otsu based)
s the criteria for determining the fitness function. The authors
ompared their results with BF, PSO and genetic algorithm (GA).

aitra et al. (2008) [25] suggested an optimal multilevel threshold-

ng algorithm using BF algorithm for brain MR  image segmentation.
hey used 1-D histogram based Otsu method for thresholding. The

Fig. 1. Block diagram of th
puting 50 (2017) 94–108 95

authors compared their results with PSO and concluded that BF
outperforms PSO.

From the literature, it is found that the most of the earlier meth-
ods are based on the first order statistics (1-D histogram). Hence,
spatial correlation information between the neighboring pixels is
not taken into account. To address this problem, Otsu’s 1-D thresh-
old method is extended to the 2-D versions forming a 2-D histogram
of the image. The 2-D histogram is constructed by considering gray
level and local average gray level of the neighboring pixels. How-
ever, there is a loss of edge information due to the local averaging.
In addition, 2-D Otsu’s method proposed in the literature is com-
putationally expensive.

A single threshold value partitions the 2-D histogram of an
image into four quadrants. The diagonal quadrants correspond to
local transitions within the background and the foreground only.
The off-diagonal quadrants correspond to joint transitions across
the boundaries between the background and the foreground. While
considering the 2-D Otsu method, the variance of the diagonal areas
of the 2-D histogram is computed to obtain the threshold. This con-
cept is extended here for multilevel thresholding of brain MR  image.
However, the local averaging involved in the process of forming
the histogram incurs loss of information. More importantly, the
2-D Otsu method cannot preserve accurate edges of an image hav-
ing complex boundaries. Therefore, it may  not be appropriate for
brain MR  image segmentation. This has motivated us to propose
an interesting method called EGGA, which uses the gray gradi-
ent information from the 2-D histogram. Although various fitness
(objective) functions are suggested based on the Otsu’s method for
thresholding, the authors have put an effort to introduce a new
objective function based on gray gradient information. The gray
gradient feature is extracted from the 2-D histogram as a feature
of the image. The idea is explained in Section 3. For both the single
level and multilevel thresholding, the row wise areas of the 2-D his-
togram, instead of the diagonal areas, are used for computing the
variance. As a result, the loss of information is minimized here. This
method is quite different from the earlier methods suggested for
multilevel thresholding applications. This may  draw clear attention
of the researchers for a further insight into our proposal.

Fig. 1 shows the block diagram of our proposed method. A brain
MR image is read and the proposed technique is used after select-
ing the number of thresholds. At the end, the thresholded image is
obtained.

The motivation behind our proposal is to preserve more accurate
edge information. In fact, our approach is based on the second order
statistics. A useful fitness function is derived and proposed for the
application. The control parameters in SSO [26] are made adaptive
in accordance with the fitness values. As a result, the convergence

rate becomes faster than SSO. The contribution of the paper is two-
fold. Firstly, development of new theoretical foundations for 2-D
histogram based multilevel thresholding of brain MR  images. Sec-

e proposed method.
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Fig. 2. T2-weighted structural MR slice 24 of a normal brain.

ndly, a new adaptive SSO is introduced for optimization of the
tness function.

Results are compared with soft computing techniques namely
SO, PSO and coral reef optimization (CRO). SSO has faster con-
ergence speed of getting the optimal result at lower number of
terations. The authors have compared SSO with PSO. Note that CRO
eing a new technique is considered for comparison. That’s why  our
esults are compared with PSO and CRO. We  consider 100 slices of
2 − weighted brain MR images from Harvard medical education to
xperiment. Some T2 sequences reveal additional contrast between
M (lighter gray) and WM (darker gray). These images are found
ore suitable for brain study [27]. Fig. 2 shows a T2-weighted MR

lice of a normal brain.
The rest of the paper is organized as follows. Section 2 presents

ultilevel thresholding using Otsu method. Section 3 introduces
ur idea about the multilevel image thresholding using the gray
radient information derived from the 2-D histogram of an image.
ection 4 presents the proposed optimization technique. Results
nd discussions are presented in Section 5. The conclusions are
iven in Section 6.

. Otsu’s method

Normally, the Otsu’s method calculates the between-class
nd within-class variance using the 1-D image histogram. Then
inimum within-class variance or the maximum between-class
ariance criterion is used to determine the threshold value. This
oncept is also extended to multilevel thresholding as well. It
s noted that 1-D Otsu’s method is considered to be the fastest
nd simplest of all methods. The threshold selection is mostly

Fig. 3. Matrix representation of 2-D histogram based on local av
puting 50 (2017) 94–108

determined by the 1-D histogram of the image. However, the 1-
D histogram does not provide us the spatial correlation between
the pixels in the image. For this reason, images having complex
boundaries may  yield a poor thresholding performance. Accord-
ingly, Otsu’s 1-D method is extended to the 2-D version, where the
2-D histogram of an image is used [28]. The 2-D Otsu’s method
is explained in this section. The authors have implemented the
2-D Otsu’s criteria extended to multilevel thresholding, for a com-
parison. The between class variance concept extended to 2-D is
presented below.

Let I represent a gray scale image of size M × N with L gray levels
g = [1,  2, . . .,  L]. Let f (x, y) be the gray value of the pixel located
at coordinate (x, y)wherex ∈ {1, 2, . . .,  M},  y ∈ {1, 2, . . .,  N}. Let the
number of pixels with gray value i be denoted asqi. The total number
of pixels is M × N. Let h(x, y) represent the local average gray value
in a w × w neighborhood window, given by

h(x, y) =
⌊

1
w × w

k∑
m=−k

k∑
n=−k

f (x + m, y + n)

⌋
(1)

where k = �w/2� , �.�signifies the integer part of the number “ · ”.
Note that w < min  (M, N). Normally, w is taken an odd number.
Let qij be the occurrence time of the pair (i, j), where f (x, y) = i and
h(x, y) = j. Then frequency of occurrence of pair (i, j) is given as:

pij = qij

M × N
, 1 ≤ i ≤ L, 1 ≤ j ≤ L (2)

Now using (i, j) and pij , the 2-D histogram of the image I is con-
structed. The matrix representation of the 2-D histogram (of size
L × L) is displayed in Fig. 3.

As shown in Fig. 3(a), the coordinate pair (S, T) divides the 2-D
histogram into four quadrants. The threshold point (S, T)is obtained
by intersection of the two lines. The regions 1 and 4 are the diagonal
quadrants and the regions 2 and 3 are the off-diagonal quadrants.
Normally, the diagonal quadrants are used for threshold selection
and the off-diagonal quadrants are ignored. Their exclusion may
lead to inaccurate thresholding, because the quadrants 2 and 3 also
contain some foreground and background information. In Fig. 3(b),
the coordinate pairs (S1, T1) and (S2, T2) divides the 2-D histogram
into nine regions. As per the convention, for 2-level thresholding,
the diagonal regions ‘1, 5, 9′ are considered for threshold selection.
From Fig. 3(a), in the threshold point (S, T), T is the gray level
threshold and S is the local average threshold. For single level
thresholding, the image is divided into two classes cf and cb. Let
ωf be the probability distribution of the foreground pixels and ωb

eraging. (a) 1-level thresholding (b) 2-level thresholding.
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e the probability distribution of the background pixels, then one
an have

f = P(cf ) =
S∑

i=1

T∑
j=1

pij (3)

b = P(cb) =
L∑

i=S+1

L∑
j=T+1

pij (4)

f �f and �brepresent the mean vectors of the foreground and the
ackground region, respectively; then they are defined as

f =
(

�f 1, �f 2

)T =

⎡
⎣ S∑

i=1

T∑
j=1

ipij/ωf ,

S∑
i=1

T∑
j=1

jpij/ωf

⎤
⎦

T

(5)

b = (�b1, �b2)T =

⎡
⎣ L∑

i=S+1

L∑
j=T+1

ipij/ωb,

L∑
i=S+1

L∑
j=T+1

jpij/ωb

⎤
⎦

T

(6)

And �be the overall mean vector, which is expressed as

 = (�1, �2)T =

⎡
⎣ L∑

i=1

L∑
j=1

ipij,

L∑
i=1

L∑
j=1

jpij

⎤
⎦

T

(7)

The between class variance is computed as

b
2 = ωf [(�f 1 − �1)2 + (�f 2 − �2)2] + ωb[(�b1 − �1)2

+ (�b2 − �2)2] (8)

Maximization of the between class variance value gives the
mage’s optimal threshold as

Sopt, Topt) = argmax
S,T

{�b
2(S, T)} (9)

here (Sopt, Topt) represents optimum threshold point.
But for multilevel thresholding, no such formulations exist

ased on 2-D Otsu’s method. So, the authors have put an effort
o define the theoretical formulations for 2-D histogram based
tsu’s method for multilevel thresholding. The new formulations
re derived as follows.

As we know, for multilevel thresholding, (K − 1) thresh-
lds [S1T1, S2T2, . . .,  Sk−1Tk−1] divides the image into K classes:
1 with threshold values[1, . . .,  S1T1], c2 with values [S1 +

 T1 + 1, . . .,  S2T2] and similarly ck with values[SK−1 + 1 TK−1 +
, . . .,  LL].  The objective function for maximizing the between class
ariance using 2-D Otsu’s method for multilevel thresholding is

(Sopt1 Topt1 , Sopt2 Topt2 , . . .,  SoptK−1 ToptK−1 )

= arg max
1<SiTi<L

{�b
2(S1T1, S2T2, . . .,  SK−1TK−1)} (10)

As defined above the probability distributions of the pixels are,

ω1 = P(c1) =
S1∑

i=1

T1∑
j=1

pij,

ω2 = P(c2) =
S2∑

i=S1+1

T2∑
j=T1+1

pij,

..

(11)
.

ωK = P(cK ) =
L∑

i=SK−1+1

L∑
j=TK−1+1

pij
puting 50 (2017) 94–108 97

The mean vectors for diagonal regions for multilevel threshold-
ing are [�1, �2, . . .,  �K ] where

�1 = (�11, �12)T =

[
S1∑
i=1

T1∑
j=1

ipij/ω1,

S1∑
i=1

T1∑
j=1

jpij/ω1

]T

,

�2 = (�21, �22)T =

[
S2∑

i=S1+1

T2∑
j=T1+1

ipij/ω2,

S2∑
i=S1+1

T2∑
j=T1+1

jpij/ω2

]T

.

.

.

�K = (�K1, �K2)T =

⎡
⎣ L∑

i=SK−1+1

L∑
j=TK−1+1

ipij/ωK ,

L∑
i=SK−1+1

L∑
j=TK−1+1

jpij/ωK

⎤
⎦

T

(12)

The overall mean �T is defined as

�T = (�T1, �T2)T =

⎡
⎣ L∑

i=1

L∑
j=1

ipij,

L∑
i=1

L∑
j=1

jpij

⎤
⎦

T

(13)

The between class variance is defined as

�b
2 = ω1[(�11 − �T1)2 + (�12 − �T2)2] + ω2[(�21 − �T1)2

+(�22 − �T2)2] + · · · + ωK [(�K1 − �T1)2 + (�K2 − �T2)2] (14)

It is wise to reiterate here that the 2-D histogram consists of the
pair of gray levels(i, j). The occurrence time of each pair is qij . The
frequency of occurrence of each pair is denoted bypij . Here both i
and j are independent variables whereas pij is the dependent vari-
able. In case of the 2-D histogram shown in Fig. 3 (b), one can find
little variation between the gray value and the local average gray
value which is mainly distributed along the diagonal. However, for
images like brain MR  image, threshold selection by using the 2-D
Otsu’s method has the following limitations − (i) the regions along
the diagonal is not smooth; (ii) the transition information in the off-
diagonal region is not considered; and (iii) the shape of the image
edge is not preserved. For that reason, the 2-D Otsu’s method is not
useful for brain MR image segmentation.

3. The proposed method

3.1. Gray Gradient

In this section, the authors suggest a new multilevel threshold-
ing technique using the gray gradient information of an image. Now
the 2-D histogram is formed using

f (x, y) = i

and

g(x, y) = abs(f (x, y) − h(x, y))

where f (x, y) and h(x, y) are explained in Eq. (1).
Let qij be the occurrence time of the pair(i, j), where f (x, y) = i

andg(x, y) = j. Then the frequency of occurrence of the pair (i, j) is
given as:

pij = qij

M × N
, 1 ≤ i ≤ L, 1 ≤ j ≤ L (15)

Now using (i, j) and pij , the 2-D histogram based on gray gradient
information of the image I is formed. The matrix representation of

the 2-D histogram (of size L × L) is displayed in Fig. 4.

As shown in Fig. 4(a), the pair (S, T) partitions the 2-D histogram
into four quadrants for one level thresholding. However, for 2-level
thresholding, the pair (S, T1) and (S, T2) divides the 2-D histogram
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Fig. 4. Matrix representation of 2-D histogram based on G

nto six regions. In Fig. 4(a), the intersection of the two  lines gives
he overall threshold point(S, T). Here the quadrants 1 and 2 are
alled the first row wise quadrants. The quadrants 3 and 4 are
oined as the second row wise quadrants. It is observed that the
ray gradient information is contained in quadrants 1 and 2, so they
re considered in the threshold calculation. The quadrants 3 and 4
re ignored in the calculation, because the area under quadrants

 and 4 do not contain any edge information. This is an important
ssue for the threshold selection of brain MR  images. In fact, the
rst row wise quadrants are used for threshold selection, i.e. the
uadrant 1 pixels as the background and the quadrant 2 pixels as
he foreground or vice versa.

Likewise, in Fig. 4(b), the intersection of the three lines give the
verall threshold points (S, T1)and (S, T2)for two-level threshold-
ng. Here, the regions 1, 2, 3 belong to the first row wise regions.
hese regions are only considered for the threshold calculation for
wo level thresholding. This idea is extended to multilevel thresh-
lding, where the regions corresponding to local transitions are
erived from a gray gradient based 2-D histogram. Depending on
he number of levels of thresholding, the 2-D histogram is divided
nto many regions. Here, 2-level thresholding divides the 2-D his-
ogram into 6 regions, 3-level thresholding divides it into 8 regions,
-level thresholding divides it into 10 regions and 5-level thresh-
lding divides the 2-D histogram into 12 regions. Hence, the authors
ropose to select the first row wise regions of the 2-D histogram
orresponding to local transitions, the idea of which is influenced
y the difference between the pixel value and the mean pixel value.

Two dimensional histogram plots for the test image (2018) from
erkeley segmentation dataset (BSD300) [29] are shown in Fig. 5.
he original test image is displayed in Fig. 5 (a). Based on the discus-
ions made in Section 2, the 2-D histogram for the Otsu method is
isplayed in Fig. 5 (b). As explained in Section 3, the 2-D histogram
or the proposed EGGA method is displayed in Fig. 5 (c). Interest-
ngly, in our case, Fig. 5 (c), the regions are distributed along the first
ow. In fact, the information regarding the gray gradient is found
long the rows only. Other regions do not contain any edge infor-
ation. Hence, the proposed technique seems to be very useful for

rain MR  image segmentation to preserve more accurate edges. The
heoretical formulations for EGGA is explained below.

Let (K − 1) thresholds [ST1, ST2, . . .,  STk−1] divide the image into
 classes: c1 with threshold values[1, . . .,  ST1], c2 with values [ST1 +
, . . .,  ST2] and similarly ck with values[STK−1 + 1, . . .,  SL].  The new
bjective function proposed for multilevel thresholding is given by
(SoptTopt1 , SoptTopt2 , . . .,  SoptToptK−1 )

= arg max
1<STi<L

{�2
EGGA(ST1, ST2, . . .,  STK−1)} (16)
radient. (a) 1-level thresholding (b) 2-level thresholding.

where the probability distribution of the regions are expressed as,

ω1 = P(c1) =
S∑

i=1

T1∑
j=1

pij,

ω2 = P(c2) =
S∑

i=1

T2∑
j=T1+1

pij,

...

ωK = P(cK ) =
S∑

i=1

L∑
j=TK−1+1

pij

(17)

The mean vectors for multilevel thresholding are
[�1, �2, . . .,  �K ] where

�1 = (�11, �12)T =

⎡
⎣ S∑

i=1

T1∑
j=1

ipij/ω1,

S∑
i=1

T1∑
j=1

jpij/ω1

⎤
⎦

T

�2 = (�21, �22)T =

⎡
⎣ S∑

i=1

T2∑
j=T1+1

ipij/ω2,

S∑
i=1

T2∑
j=T1+1

jpij/ω2

⎤
⎦

T

...

�K = (�K1, �K2)T =

⎡
⎣ S∑

i=1

L∑
j=TK−1+1

ipij/ωK ,

S∑
i=1

L∑
j=TK−1+1

jpij/ωK

⎤
⎦

T

(18)

The overall mean �T is expressed as �T = (�T1, �T2)T =⎡
⎣ L∑

i=1

L∑
j=1

ipij,

L∑
i=1

L∑
j=1

jpij

⎤
⎦

T

The between class variance is already defined in Eq. (14).

3.2. Algorithm

In this section, the authors propose a new algorithm for mul-
tilevel thresholding of brain MR  images based on gray gradient
information. The proposed algorithm is described below and the
associated flow chart is displayed in Fig. 6:
begin
1: A grayscale brain MR  image is taken as the input.
2: The 2-D histogram of the image using gray gradient is con-

structed.
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3: The positions, velocities of all particles in the population are
initialized randomly.

4: The Objective function using Eq. (16) is calculated for all the
particles.

5: Head leader (HL) and local leader (LL) are assigned from the
initial population.

6: The position and velocity of each exploring particle in each
group is updated using Eq. (22) defined in Section 4.

7: Then the Local leader in each group is found by comparing
the fitness values.

8: From the local leader, the head leader is selected.
9: Again, the position and velocity of the head leader are updated

using Eq. (22) as given in Section 4.
10: Using the updated parameter of the head leader, the velocity

of the exploring particle is updated in the next iteration using Eq.
(22).

11: Then, using the updated velocity of the exploring particle,
the updated position using Eq. (22) is found.

12: The new position of aimless particle is computed.
13: The new position of aimless particle is compared with the

head leader and local leader.
14: The termination condition is checked.
14: If the condition is not satisfied, then steps 4 to 13 are

repeated.
15: After the condition is satisfied, the algorithm produces the

optimized result.
end
The 2-D Otsu’s method is also implemented for optimum mul-

tiple threshold values using Eq. (10).
After the optimum thresholds are obtained, the image is thresh-

olded using the following reconstruction rule for both our proposed
method as well as the 2-D Otsu’s method. For K optimum thresholds
[T1, T2, . . .,  TK ], pixels having gray levels less than T1 retain their
values, pixels having gray levels between T1 and T2, are assigned T1,
pixels having gray levels between T2 and T3, are assigned T2, sim-
ilarly, pixels having gray levels between TK and L, are assigned TK .
The images from the Harvard dataset are considered to experiment.
The flow chart of our proposed method is shown in Fig. 6.

The next section explains the proposed optimization technique.

4. Optimization techniques

4.1. Particle swarm optimization (PSO)

Since PSO is a well-established technique, the detail discussion
on PSO is not presented here. Readers can refer [30] for more details.

4.2. Coral reef optimization (CRO)

The coral reef optimization (CRO) is inspired by the reproduc-
tion and the reef formation behavior of corals. The allocation of
space in a reef represents a solution to the optimization problem.
In the initial phase some space on the reef is occupied and some
space is left free. The free space will be occupied by corals having
a better health function. The health function represents the prob-
lem fitness function. It is this fight for space, which makes CRO a
suitable optimization technique to be considered in this problem.
A detail discussion on CRO is found in [31].

4.3. Swallow swarm optimization (SSO)

Swallow swarm optimization (SSO) is a practically new swarm

intelligence based algorithm developed by Neshat et al. (2013) [26].
It imitates the behavior of swallow swarms. Some of the pecu-
liar features of swallows such as, social life and migration of large
groups, high speed flying, effective communication for food and
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Fig. 6. Flow chart o

ecurity and organization in small groups, form the basis of SSO.
ven though the algorithm looks similar to PSO, it has a unique
eature. In SSO, three types of particles are identified: leader (Li),
xplorer (Xi) and aimless (Ai) particles. Leader particles are again
lassified into two types: local leaders (LLi) who take care of sub-
olonies, which indicate local optimum. The best particle in each
ub-colony is selected as the local leader. Head leaders (HLi) take
are of entire colony, which indicate the global optimum. The head
eaders are chosen from the best local leaders. The explorer parti-
les take care of exploration of the search space influenced by many
arameters such as position of the local and head leaders and the
ersonal best position.

In each iteration k, particles play different roles (leader or
xplorer) according to their type. The mathematical equations rep-
esenting the operations, in each iteration, are given below. All the
articles follow the head leaders. They update their direction and
onverge to the position determined by the head leaders.

The explorer particles update their position as per the following
quation.

k+1
i

= Xk
i + Vk+1

i
(19)

here Vk+1
i

= Vk+1
HLi

+ Vk+1
LLi

Here, Xk+1
i

is the new position of the explorer particle obtained

y adding a change velocity Vk+1
i

to its current positionXk
i
. The

hange velocity is obtained by considering Vk+1
HLi

(change velocity

owards the Head Leader) or Vk+1
LLi

(change velocity towards the
ocal Leader).

Now the change velocity towards the head leader is determined

sing the following equation.

k+1
HLi

= Vk
HLi

+ ˛HLrand ()
(

Xk
best − Xk

i

)
+ ˇHLrand ()

(
HLk

i − Xk
i

)

proposed method.

and the change velocity towards the local leader is determined
using the following equation

Vk+1
LLi

= Vk
LLi

+ ˛LLrand ()
(

Xk
best − Xk

i

)
+ ˇLLrand ()

(
LLk

i − Xk
i

)
Here, Xk

best
represents the personal best position of the explorer

particles. Vk
HLi

and Vk
LLi

represents the current velocity vector

towards the head leader and the local leader respectively. HLk
i

and
LLk

i
represent the position of the head and the local leader respec-

tively. The value of the control parameters (˛HL, ˛LL) which affect
the individual particles is determined following [26]. The value of
the control parameters

(
ˇHL, ˇLL

)
which affect the collective par-

ticles is also determined following [26]. The aimless particles play
an important role in SSO. They help in enhancing the exploration
of the search space, which might not have been explored by the
explorer particles. Further, they may  also prevent a particle from
being trapped in local optima. The reason behind this is the ran-
dom movement of these particles and sharing their information
with other particles. The aimless particles move in the space using
the following equation.

Ai+1 = Ai +
[

rand
({

−1, 1
})

∗ rand(mins, maxs)
1 + rand()

]
where Ai+1 is the next position of the aimless particle, Ai is the
current position of the aimless particle, rand() is a random number
uniformly distributed in [0,1].
4.4. The proposed adaptive swallow swarm optimization (ASSO)

In this section, the authors propose a novel adaptive swallow
swarm optimization technique. Here, in the adaptive SSO algo-



R. Panda et al. / Applied Soft Computing 50 (2017) 94–108 101

Table  1
Unimodal benchmark test functions for d = 30.

function Description Range Theoretical optima

Sphere Model f1 (X) =
∑d

i=1
x2

i
(−100, 100)d f1

(�0
)

= 0

Schwefel’s P 2.22 f2 (X) =
∑d

i=1
|xi| +

∏d

i=1
|xi| (−10, 10)d f2

(�0
)

= 0

Schwefel’s P 1.2 f3 (X) =
∑d

i=1

(∑i

j=1
xj

)2

(−100, 100)d f3
(�0
)

= 0

Schwefel’s P 2.21 f4 (X) = max
i

{
|xi|, 1 ≤ i ≤ d

}
(−100, 100)d f4

(�0
)

= 0

Generalized Rosenbrock’s Function f5 (X) =
∑d−1

i=1

[
100
(

xi+1 − x2
i

)2
+ (xi − 1)2

]
(−30, 30)d f5

(�0
)

= 0

Step  Function f6 (X) =
∑d

i=1
(�xi + 0.5�)2 (−100, 100)d f6

(�0
)

= 0

Quartic Function i.e. Noise f7 (X) =
∑d

i=1
ix4

i
+ random [0, 1) (−1.28, 1.28)d f7

(�0
)

= 0

Table 2
Multimodal benchmark test functions for d = 30.

function Description Range Theoretical
optima

Generalized
Schwefel’s P 2.26

f8 (X) =
∑d

i=1
− xi sin

(√
|xi|
)

(−500, 500)d f8

( →
420.9687

)
=

−12569.5

Generalized
Rastrigin’s
Function

f9 (X) =
∑d

i=1

[
x2

i
− 10 cos (2�xi) + 10

]
(−5.12, 5.12)d f9

(�0
)

= 0

Ackley’s Function
f10 (X) = −20 exp

(
−0.2

√
1
n

∑d

i=1
x2

i

)
− exp

(
1
n

∑d

i=1
cos (2�xi)

)
+20 + e

(−32, 32)d f10

(�0
)

= 0

Generalized
Griewank
Function

f11 (X) = 1
4000

∑d

i=1
x2

i
−

d∏
i=1

cos

(
xi√

i

)
+ 1 (−600, 600)d f11

(�0
)

= 0

Generalized
Penalized
Function 1

f12 (X) = �

d

{
10 sin (�yi) +

∑d

i=1
(yi − 1)2

[
1 + 10sin2 (�yi+1)

]
+ (yd − 1)2

}
+
∑d

i=1
u (xi, 10,  100, 4)

where,

yi = 1 + xi+1
4 , and u (xi, a, k, m) =

{
k(xi − a)m, xi > a
0, - a < xi < a

k(−xi − a)m, xi < −a

(−50, 50)d f12

(
→
1

)
= 0

Generalized
Penalized
Function 2

f13 (X) = 0.1

{
sin2 (3�x1) +

∑d

i=1
(xi − 1)2 ·

[
1 + sin2 (3�xi + 1)

]
+

(xd − 1)2 ·
[

1 + sin2 (2�xd)
]}

+
∑d

i=1
u (xi, 5, 100, 4){ m

(−50, 50)d f13

(
→
1

)
= 0

r
a

˛

ˇ

w
a
(

t
b
a
A
a

X

V

Where, u (xi, a, k, m) =
k(xi − a) , xi > a
0, - a < xi < a

k(−xi − a)m, xi < −a

ithm, the control parameters of convergence speed �,  ̌ are made
daptive and are given as:

k+1
i

=
(

1
k

)| bestf (k)−fi(k)
bestf (k)−worstf (k)

|
(20)

k+1
i

=
(

1
k

)| bestf (k)−fi(k)
bestf (k)−worstf (k)

|
(21)

here k = iteration, fi (k) = Fitness value of ith position in the iter-
tion k, bestf (k) = Best fitness value in the iteration k, worstf
k) = Worst fitness value in the iteration k.

The control parameters decrease with the increase in the itera-
ion k. From the Eqs. (20), (21), it is clear that the control parameters
ecome adaptive in nature. Note that, the control parameter values
re made adaptive according to the fitness value. In addition, the
SSO does not require any initialization of the control parameters �
nd ˇ. Finally, the following new equations for ASSO are proposed.
k+1
i

= Xk
i + Vk+1

i

k+1
i

= Vk+1
HLi

+ Vk+1
LLi
Vk+1
HLi

= Vk
HLi

+ ˛k+1
i

rand ()
(

Xk
best − Xk

i

)
+ ˇk+1

i
rand ()

(
HLk

i − Xk
i

)

Vk+1
LLi

= Vk
LLi

+ ˛k+1
i

rand ()
(

Xk
best − Xk

i

)
+ ˇk+1

i
rand ()

(
LLk

i − Xk
i

)

Ai+1 = Ai +
[

rand
({

−1, 1
})

∗ rand(mins, maxs)
1 + rand()

]
(22)

where, ˛k+1
i

and ˇk+1
i

are defined in Eqs. (20), (21). The pseudo
code for the proposed ASSO algorithm is given in the following
section and it is tested with standard benchmark functions.

4.5. Pseudo code for ASSO

The position of N number of particles Xi (k + 1) =
(

x1
i
, x2

i
, · · ·, xd

i

)

for i = 1, 2, · · ·, N; d-dimension problem is initialized randomly.
Then the objective function f(X) is chosen. Initially, the iteration
k = 1 is considered and the objective function of the particles f (Xi)
for i = 1, 2, . . .,  N is computed.
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Table 4
Parameter setting for the benchmark test functions.

Parameters SSO ASSO

Number of iterations 2000 2000
Number of particles 30 30

T
M

02 R. Panda et al. / Applied So

Then generate the best solution after ranking.

.6. Performance evaluation of the proposed ASSO algorithm

Here 23 benchmark test functions [32], defined in Table 1-3 for
valuating the performance of our proposed algorithm, are con-
idered. Table 1 displays 7 numbers of unimodal benchmark test
unctions, where the rate of convergence is to be focused upon.
able 2 shows 6 numbers of multimodal benchmark test functions
ith many local minima. Further, Table 3 displays 10 numbers of
ultimodal benchmark test functions with fixed dimension.
Table 4 displays the parameters used for ASSO and SSO algo-

ithms. Note that 50 independent runs are considered for each
lgorithm. It is noteworthy to mention here that, the SSO algorithm

26] needs to set the values of control parameters � and ˇ, which
as been made adaptive in the proposed technique.

The authors have presented here the best, mean, standard devi-
tion, and average time as performance measures obtained from 50

able 3
ultimodal benchmark test functions with fixed dimension.

function Description 

Shekel’s Foxholes Function f14 (X) =
(

1
500 +

∑25

j=1
1

j+
∑2

i=1
(xi−aij)

6

)

Kowalik’s Function f15 (X) =
∑11

i=1

[
ai −

x1

(
b2

i
+bix2

)
b2

i
+bix3+x4

]2

Six-Hump Camel-Back Function f16 (X) = 4x2
1 − 2.1x4

1 + 1
3

x6
1 + x1x2 − 4x2

2

+4x4
2

Branin Function
f17 (X) =

(
x2 − 5.1

4�2
x2

1 + 5
�

x1 − 6

)
+

10

(
1 − 1

8�

)
cos x1 + 10

Goldstein-Price Function

f18(X) = [1 + (x1 + x2 + 1)2
(

19 − 14x1 + 3x2
1 − 14x

] × [(2x1 − 3x2)2

×(18-32x1 + 12x2
1 + 48x2

−36x1x2 + 27x2
2) + 30]

Hartman’s Family f19 (X) = −
4∑

i=1

ci exp

(
−

3∑
j=1

aij

(
xj − pij

)2

)

F20 (X) = −
4∑

i=1

ci exp

(
−

6∑
j=1

aij

(
xj − pij

)2

)

Shekel’s Family F21 (X) = −
∑5

i=1

[
(X − ai) (X − ai)

T + ci

]−1

F22 (X) = −
∑7

i=1

[
(X − ai) (X − ai)

T + ci

]−1

F23 (X) = −
∑10

i=1

[
(X − ai) (X − ai)

T + ci

]−1
Number of local leaders 5 5
Number of aimless particles 3 3

independent runs (2000 iterations). These values are presented in
Tables 5–7 for a comparison. Here, the term ‘best’ indicates the min-
imum value of the objective function, ‘mean’ denotes the average
best value of the objective function, ‘stddev’ implies the standard
deviation, and ‘avgtime’ represents the average time required to
evaluate the test functions (2000 iterations for functions f -f ,
1 13
whereas, 500 iterations for functions f14-f23).

Table 5 displays the comparison results of performance mea-
sures of the unimodal benchmark test functions (described in

Range Theoretical optima

(−65.5, 65.5)2 f14 (−32, −32) ≈ 1

(−5, 5)4 f15 (0.1928, 0.1908, 0.1231, 0.1358) ≈
0.0003075

(−5, 5)2 f16 (0.08983, −0.7126) or
f16 (−0.08983, 0.7126) = −1.0316285

−5 ≤ x1 ≤ 10,
0 ≤ x2 ≤ 15

f17 (−3.142, 12.275) orf17 (3.142, 2.275)
orf17 (9.425, 2.425) = 0.398

2 + 6x1x2

)
(−2, 2)2 f18 (0, −1) = 3

(0, 1)3 f19 (0.114, 0.556, 0.852) = −3.86

(0, 1)6 f20 (0.201, 0.15, 0.477, 0.275, 0.311, 0.657)
= −3.32

(0, 10)4 f21

(
→
X

)
= −10.1532

(0, 10)4 f22

(
→
X

)
= −10.4028

(0, 10)4 f23

(
→
X

)
= −10.5363
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Fig. 7. Fitness value vs Iteration of the unimodal benchmark test functions (f2, f3, f5) using SSO and ASSO algorithm.

Table 5
Comparison of Performance measures.

function algorithm best mean stddev avgtime

f1 ASSO 3.52E-23 4.37E-21 9.28E-21 5.3826
SSO 2.70E-11 5.90E-10 8.73E-10 6.8102

f2 ASSO 2.21E-13 1.20E-11 1.77E-11 5.6423
SSO 1.70E-05 5.57E-05 2.56E-05 7.1158

f3 ASSO 2.5065 8.4329 4.1564 23.8049
SSO 5.8577 16.6119 7.9143 25.5340

f4 ASSO 0.2894 1.8739 1.4729 9.2142
SSO 1.8867 5.3148 2.4025 11.5310

f5 ASSO 9.7783 26.3625 17.8455 6.5695
SSO 15.4965 31.5992 18.2566 9.3166

f6 ASSO 0.0000 0.0000 0.0000 7.1768
SSO 0.0000 0.0000 0.0000 6.9559

f7 ASSO 0.0061 0.0184 0.0058 6.5352
SSO 0.0175 0.0389 0.0231 7.8790

Table 6
Comparison of Performance measures.

function algorithm best mean stddev avgtime

f8 ASSO −1.1143E + 04 −9.4197E + 03 603.1573 6.2570
SSO −1.0885E + 04 −1.0243E + 04 299.6812 7.5741

f9 ASSO 43.7891 69.4523 19.6658 6.1063
SSO 36.7787 57.6203 10.6023 7.4417

f10 ASSO 2.9725E-11 9.9978E-08 2.6254E-07 5.9324
SSO 1.2137E-04 0.6103 0.7364 7.3792

f11 ASSO 0.0000 5.3745E-04 0.0019 6.6301
SSO 5.3732E-10 2.9804E-04 0.0013 8.0241

f12 ASSO 3.4762E-20 0.0075 0.0383 19.6419
SSO 9.9101E-08 0.3056 0.3288 22.0268

f13 ASSO 1.2981E-21 3.9921E-04 0.0020 18.6264

T
a
m
d
b
s
v
i
t
(
t
r
w

Table 7
Comparison of Performance measures.

function algorithm best mean stddev avgtime

f14 ASSO 1.0978 1.0878 1.2948E-16 1.9330
SSO 1.0978E + 00 1.0878E + 00 8.2354E-08 2.0527

f15 ASSO 4.9254E-04 7.4491E-04 1.1173E-04 0.5908
SSO 6.6904E-04 7.8456E-04 7.6422E-05 0.6806

f16 ASSO −1.1348 −1.1244 6.5184E-16 0.4940
SSO −1.1348 −1.1244 1.4990E-10 0.5775

f17 ASSO 0.4377 0.4337 8.2201E-11 0.4848
SSO 0.4377 0.4337 1.1147E-08 0.5654

f18 ASSO 3.3000 3.2700 1.1631E-15 0.4848
SSO 3.3000 3.2700 1.2051E-08 0.5708

f19 ASSO −4.2491 −4.2105 2.6808E-15 0.6666
SSO −4.2491 −4.2105 2.4153E-08 0.7349

f20 ASSO −3.6542 −3.6209 3.1823E-04 0.6580
SSO −3.6542 −3.6197 0.0011 0.7484

f21 ASSO −11.1685 −11.0670 2.1918E-08 0.6961
SSO −11.1682 −11.0493 0.0303 0.7857

f22 ASSO −11.4432 −11.3392 1.5489E-09 0.7645
SSO −11.4430 −11.1912 0.4343 0.8525

ment. The experiments are carried out on Intel core i-5 processor
with 4 GB RAM running under Windows 8.1 operating system.
SSO 3.1684E-09 0.5729 2.1619 21.9863

able 1). It is observed that the best value is minimum for ASSO
s compared to SSO for all the functions. This results in smaller
ean values, which is also seen in the case of ASSO. The standard

eviation should be as small as possible to demonstrate the sta-
ility of an algorithm. The average time illustrates the convergence
peed of an algorithm. Smaller is the average time, faster is the con-
ergence rate. It is observed that ASSO takes smaller average time
n most of the functions. Fig. 7 shows the rate of convergence of
he proposed algorithm. It is observed that our proposed algorithm
ASSO) exhibits better convergence than SSO for most of the func-
ions. However, the ASSO lags behind SSO in case of function f3. The

eason may  be the number of iterations considered here, i.e. 2000
hich may  not be adequate for ASSO to converge.
f23 ASSO −11.5900 −11.4847 3.2036E-07 0.8672
SSO −11.5884 −11.4203 0.1023 0.9545

Similarly, Table 6 shows the comparison results of performance
measures of the multimodal benchmark test functions (described
in Table 2) and Table 7 shows the results of the multimodal bench-
mark test functions with fixed dimension (described in Table 3).
Fig. 8 and Fig. 9 presents the convergence rate of the proposed
ASSO algorithm for rest of the function groups. It is evident from the
graph that our proposed ASSO algorithm shows better convergence
than the SSO algorithm for most of the benchmark functions. So, it
can be claimed that the proposed algorithm can be implemented
for solving various engineering optimization problems efficiently
with a faster convergence rate. With the performance of ASSO algo-
rithm, the authors are motivated to investigate its application in
multilevel thresholding of brain MR  images.

5. Results and discussions

The proposed work is tested with 100 slices (from slice 15 to
slice 114) of T2-weighted structural brain MR  images taken from
Harvard medical education [33]. Different slices of brain images
in the axial plane at same time are considered for the experi-
Results are provided after 50 runs of each of the algorithms. The
dimension of each of the images is resized to 256 × 256. The soft
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Fig. 8. Fitness value vs Iteration of the unimodal benchmark test functions (f8, f9, f11) using SSO and ASSO algorithm.

Fig. 9. Fitness value vs Iteration of the unimodal benchmark te

Table 8
Parameter setting for the soft computing techniques.

Algorithm Parameters

ASSO N = 30, Iter = 100, Number
of local leaders = 5, Number
of aimless particles = 3

SSO N = 30, Iter = 100, Number
of local leaders = 5, Number
of aimless particles = 3

CRO NP = 30, Iter = 100,
Broadcast probability = 0.9,
Asexual reproduction
probability = 0.1
Free/total initial proportion
(occupancy
parameter) = 0.6,
Depredation
probability = 0.1

PSO NP = 30, Iter = 100,

c
u
S
i
a
t

values obtained with ASSO outperforms the other techniques.
weight = 0.9, C1 = C2 = 2.0

omputing algorithms ASSO, SSO, CRO, and PSO are implemented
sing MATLAB. Here five different well known performance metrics
SIM, FSIM, IDM, Contrast and PSNR for evaluating the threshold-

ng performance are used. The parameter setting for soft computing
lgorithms is shown in Table 8. The number of iterations define the
ermination condition in each of the optimization algorithms.
st functions (f15, f21, f23) using SSO and ASSO algorithm.

Optimal Multilevel thresholding of 2D histogram based brain
MR images using ASSO, SSO, and CRO have never been investigated.
It can be seen that the histogram of brain image is multimodal. The
initial solution is generated randomly in each of the optimization
algorithms. To get the best threshold value, each of the algorithms
is repeated for 50 independent runs.

Table 9 shows the comparison of best average objective func-
tion values at different threshold levels m = 2, 3, 4, 5. Higher is the
average objective function value, better is the thresholding perfor-
mance. It is observed that values obtained using EGGA optimized
with ASSO are higher as compared to other algorithms. The possi-
ble reason could be the structure of the newly proposed fitness
function and the novel optimization algorithm. In this case, the
difference between the pixel value and its average value is con-
sidered for computing the variance. Variance is maximized here,
which leads to higher objective function values. The average objec-
tive function values increase with increase in level of thresholds as
expected. The number of function evaluations increase with higher
levels of thresholding. This is the reason why one observes higher
values of the objective function in Table 9. The best objective func-
tion values are obtained by using the objective function in four soft
computing techniques ASSO, SSO, CRO and PSO. It is observed that
Here, Table 10 displays the comparison results using average
Structured Similarity (SSIM) index [34]. Table 11 shows the aver-
age Feature Similarity (FSIM) [35] index. These indices measure
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Table  9
Best average objective function values (Computed over 100 slices).

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 258.41 256.50 252.55
SSO 255.88 253.96 250.04
CRO 253.31 251.42 247.34
PSO 250.79 248.91 245.06

3 ASSO 330.03 310.25 284.58
SSO 326.76 307.18 281.76
CRO 323.49 304.11 278.94
PSO 320.26 301.07 276.15

4 ASSO 1.67E + 06 1.60E + 06 1.09E + 06
SSO 1.66E + 06 1.59E + 06 1.08E + 06
CRO 1.64E + 06 1.57E + 06 1.07E + 06
PSO 1.63E + 06 1.56E + 06 1.06E + 06

5 ASSO 2.08E + 06 1.64E + 06 1.41E + 06
SSO 2.07E + 06 1.63E + 06 1.40E + 06
CRO 2.04E + 06 1.61E + 06 1.38E + 06
PSO 2.03E + 06 1.60E + 06 1.37E + 06

Table 10
Average SSIM value (Computed over 100 slices).

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 0.9811 0.9459 0.9293
SSO  0.9714 0.9365 0.9201
CRO 0.9617 0.9271 0.9109
PSO 0.9521 0.9179 0.9018

3 ASSO 0.9890 0.9567 0.9406
SSO  0.9792 0.9472 0.9313
CRO 0.9694 0.9377 0.9220
PSO 0.9597 0.9284 0.9128

4 ASSO 0.9939 0.9575 0.9437
SSO  0.9841 0.9480 0.9344
CRO 0.9743 0.9385 0.9251
PSO 0.9645 0.9291 0.9158

5 ASSO 0.9980 0.9664 0.9499
SSO  0.9910 0.9568 0.9405
CRO 0.9782 0.9472 0.9311
PSO 0.9684 0.9378 0.9218

Table 11
Average FSIM value (Computed over 100 slices)

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 0.9965 0.9607 0.9438
SSO  0.9915 0.9559 0.9391
CRO 0.9865 0.9511 0.9344
PSO 0.9816 0.9464 0.9297

3 ASSO 0.9959 0.9672 0.9510
SSO  0.9949 0.9624 0.9463
CRO 0.9899 0.9576 0.9416
PSO 0.9850 0.9528 0.9369

4 ASSO 0.9974 0.9646 0.9508
SSO  0.9964 0.9598 0.9461
CRO 0.9914 0.9550 0.9414
PSO 0.9865 0.9502 0.9367

5 ASSO 0.9990 0.9684 0.9519

t
m
t
t
h

Table 12
Average IDM value (Computed over 100 slices).

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 0.0403 0.0439 0.0535
SSO 0.0399 0.0435 0.0525
CRO 0.0394 0.0431 0.0523
PSO 0.0390 0.0423 0.0514

3 ASSO 0.0448 0.0537 0.0646
SSO 0.0442 0.0529 0.0636
CRO 0.0438 0.0524 0.0630
PSO 0.0433 0.0518 0.0621

4 ASSO 0.0588 0.0666 0.0794
SSO 0.0580 0.0660 0.0786
CRO 0.0577 0.0652 0.0775
PSO 0.0562 0.0647 0.0770

5 ASSO 0.0543 0.0657 0.0764
SSO 0.0537 0.0649 0.0758
CRO 0.0532 0.0641 0.0752
PSO 0.0524 0.0638 0.0745

Table 13
Average Contrast value (Computed over 100 slices)

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 1294.4037 1120.0471 1064.1518
SSO 1283.568 1113.908 1057.576
CRO 1271.7323 1105.7689 1046.0002
PSO 1255.0250 1093.7412 1033.5302

3 ASSO 1009.9657 860.0875 829.9754
SSO 999.966 853.552 823.738
CRO 987.9663 843.0165 811.5006
PSO 983.0667 839.5663 807.3456

4 ASSO 1127.9880 941.0491 864.0509
SSO 1118.8 933.712 856.486
CRO 1109.6120 923.3749 842.9211
PSO 1094.5359 910.1311 832.4419

5 ASSO 1151.8461 969.6644 935.0380
SSO 1143.412 962.044 923.8
SSO  0.9980 0.9636 0.9472
CRO 0.9931 0.9588 0.9425
PSO 0.9884 0.9540 0.9378

he thresholding performance. They are considered as the standard

easures for evaluating the thresholding performance. Higher is

he value of average SSIM and FSIM, closer is the thresholded image
o the original image. It is observed that both SSIM and FSIM are the
ighest for thresholding level 5. This indicates that image thresh-
CRO 1135.9779 957.4236 917.5620
PSO 1128.6581 940.8993 913.4164

olded at level 5 is more identical to the original image. Further, the
values are higher for EGGA as compared to other methods. Most
importantly, we have achieved an improvement of about 3–4% over
2-D Otsu’s method, in case of both SSIM and FSIM values. Usu-
ally, the SSIM and FSIM values depend on the covariance, which
appears in the numerator term [34,35]. In the proposed method,
the gray gradient between the pixel value and its average value
reduces the information loss due to preservation of edges. As a
result, the covariance is improved. This reason clarifies why  the
similarity indices are higher for our method.

Table 12 displays average inverse difference moment (IDM) val-
ues. Table 13 shows the average contrast values to measure the
thresholding performance [36]. IDM and contrast are inversely
related. Higher the IDM, lower the contrast. A high value of con-
trast is desired for a thresholded image at a particular level of
thresholding. Consequently, a lower value of IDM is desired. It is
observed that the contrast is the highest and the IDM  is the lowest
for EGGA technique as compared to other techniques at a particu-
lar thresholding level. More significantly, an improvement of about
15–20% is observed in the contrast values using our proposed tech-
nique as compared to the 2-D Otsu’s method. The threshold values

are obtained after optimizing the objective function defined in Eq.
(16). When the brain MR  image is thresholded with these opti-
mum threshold values, the contrast feature is also improved. The
objective function used with our proposed method yields better
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Table 14
Average PSNR values (Computed over 100 slices).

m Soft Computing
Techniques

Algorithms

EGGA 2-D Otsu 1-D Otsu

2 ASSO 24.4377 22.3229 21.2523
SSO  24.166 22.092 21.032
CRO  23.9233 21.8811 20.8317
PSO 23.6551 21.6554 20.6145

3 ASSO 27.1045 23.5194 21.7416
SSO  26.846 23.336 21.556
CRO  26.5675 23.1026 21.3104
PSO 26.3118 22.8516 21.1370

4 ASSO 28.1022 25.6156 22.5090
SSO  27.824 25.362 22.296
CRO  27.5458 25.1084 22.0330
PSO 27.2703 24.8573 21.8723

5 ASSO 29.6920 26.7024 24.4183
SSO  29.398 26.438 24.226

F
2
[
a

Fig. 10. CPU Time comparison.

alues, thus improving the above performance measures. In addi-
ion, the shape of the edges is preserved by using the gray gradient
nformation.

Table 14 shows the comparison results of different techniques
ased on average peak signal to noise ratio (PSNR) [36]. A high
alue of average PSNR indicates better thresholding performance.

t is observed that PSNR is the highest for thresholding level 5. This
ndicates higher thresholding level generates an image closer to
he original one. Further, the PSNR value is also higher for EGGA as
ompared to other techniques at all thresholding levels. Significant

ig. 11. Example of multilevel thresholded brain MR images. (a) Original example imag
-D  Otsu, (d) Thresholded image at level-3 [47,84,147] with 2-D Otsu, (e) Thresholded 

54,101,154,187,229] with 2-D Otsu, (g) Thresholded image at level-2 [90,175] with EGGA
t  level-4 [80,143,169,203]with EGGA, (j) Thresholded image at level-5 [73,112,128,144,1
CRO  29.1040 26.1736 23.9637
PSO 28.8130 25.9119 23.7439

improvement in average PSNR values (10–15%) is achieved using

our method, because the edges are accurately preserved. Moreover,
the reduction of information loss due to consideration of gray gradi-
ent information also plays an important role in improving the PSNR.

e of slice-95, (b) Histogram of (a), (c) Thresholded image at level-2 [91,138] with
image at level-4 [46,79,112,187] with 2-D Otsu, (f) Thresholded image at level-5
, (h) Thresholded image at level-3 [160,187,205]with EGGA, (i) Thresholded image
88] with EGGA.
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Table  15
CPU Time computation.

Image m CPU Time in seconds

EGGA 2-D Otsu 1-D Otsu

Slice-65 2 1.3532 1.5036 1.2016
3 1.4489 1.6321 1.4113
4 1.5804 1.7448 1.5138

I
o

6
h
T
e
i
t
m
s
a
t
T
o
s
a

f
o
F
t
m
i
c
a
5
p
fi
b
s
s

6

d
i
r
u
m
t
O
i
t
t
i
v
a
t
b
o
m
t

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[27] S. Agrawal, R. Panda, L. Dora, A study on fuzzy clustering for magnetic
5 1.6660 1.8622 1.6052

n addition, the noise information is reduced due to the difference
peration involved in computing the gray gradient.

Table 15 shows the variation of CPU time for an example slice-
5 of the T2-weighted brain MR  image. It is noteworthy to mention
ere that the 1-D Otsu’s method is faster than other methods.
his can be further made faster through projection sum or differ-
nce computations. In summary, the proposed EGGA has shown
mproved results with respect to different measures displayed in
his work. The EGGA method based on the gray gradient infor-

ation is the second contestant in this respect. Interestingly, a
aving of about 10% in execution time is achieved using EGGA
s compared to the 2-D Otsu’s method. It is noteworthy to men-
ion here that the optimum value of ‘S’ is computed once only.
he same value is used repeatedly for computing multiple thresh-
ld valuesST1, ST2, . . .,  STk−1. However, 1-D multi Otsu’s method
hows the least computation time compared to other methods. The
ssociated graph for CPU time comparison is displayed in Fig. 10.

Fig. 11 displays the thresholded brain MR  images at levels 2,3,4,5
or an example slice-95. It is observed that brain images thresh-
lded at level 5 are more identical to the original brain image.
urther, thresholding using EGGA gives visually better images than
he 2-D Otsu technique. The histograms of the brain images exhibit

ultimodality thereby justifying the use of multilevel threshold-
ng. At lower levels of thresholds, the brain MR  regions are not
learly distinguishable, whereas at higher levels of thresholds they
re accurately identified. To be more specific, thresholding at level

 prominently displays various regions in the brain image as com-
ared to thresholding at level 2 or 3 or 4. As observed from the
gures, the brain images contain very fine edges which need to
e accurately identified. Our proposed method outperforms the
tandard Otsu’s method, because the vital edge information is pre-
erved.

. Conclusion

In the paper, the authors have implemented the idea of gray gra-
ient information for brain MR  image thresholding. As the brain

mage contains many regions, multilevel thresholding is used. A
elatively encouraging evolutionary computing technique has been
sed to optimize the gray gradient information to get the optimal
ultilevel threshold values. It is observed from evaluation metrics

hat the EGGA yields significantly better results as compared to the
tsu’s method using the 1-D and the 2-D histogram. The reason

s that the maximization of gray gradient information provides us
he best objective function values. In addition, the EGGA is faster
han 2-D Otsu’s method presented here for multilevel threshold-
ng. The adaptive swallow swarm optimization algorithm is also
ery effective as it involves very few parameters for tuning. The
daptive nature of ASSO prevents initializing any control parame-
ers for convergence rate control. The proposed scheme seems to
e very useful for brain MR  image segmentation, because the shape

f the edges is found prominently. Gray gradient information based
ethod may  lead to further research in the area of multilevel image

hresholding.
puting 50 (2017) 94–108 107
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