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Abstract
The clonal selection algorithm (CSA), which describes the basic features of an immune response to an antigenic stimulus, has
drawn a lot of attention in the biologically inspired computing community, due to its highly adaptive and easy-to-implement
nature. Despite many successful applications, CSA still suffers from limited ability to explore the solution space. In this paper, we
incorporate the differential evolution (DE) algorithm and the estimation of distribution algorithm (EDA) into CSA, and thus
propose a novel bio-inspired algorithm referred to as CSA-DE/EDA. In the proposed algorithm, the hypermutation and receptor
editing processes are implemented based on DE and EDA, which provide improved local and global search ability, respectively.
We have applied the proposed algorithm to five commonly used benchmark functions for optimization and brain magnetic
resonance (MR) image segmentation. Our comparative experimental results show that the proposed CSA-DE/EDA algorithm
outperforms several bio-inspired computing techniques. CSA-DE/EDA is a compelling bio-inspired algorithm for optimization
tasks.

Keywords Bio-inspired computing . Clonal selection algorithm (CSA) . Differential evolution (DE) . Estimation of distribution
algorithm (EDA) . Image segmentation

Introduction

Optimization problems arise in almost every field of engineer-
ing [1]. In spite of their wide-spread applications, numerical
optimization algorithms, such as gradient descent, pose many
constraints on objective functions, including convexity, conti-
nuity, derivability, and unimodality, which, unfortunately, are
not always satisfied in most real-world problems [1]. In recent
decades, biologically inspired computing techniques [2] have

witnessed a lot of attention, from the information science
community, for their capacity to accommodate the way
nature uses powerful computational techniques, such as
natural selection [3] and clonal selection [4], to obtain
highly suitable solutions. Biologically inspired computing
techniques are used to solve a variety of single and
multiobjective problems, are highly adaptive and easy-to-
implement, and pose less constraints on the objective func-
tions [5]. Among such techniques, evolutionary algorithms
and swarm intelligence [6–8] have attracted tremendous
research attention.

The genetic algorithm (GA) [9], as one of the most
prevalent evolutionary algorithms (EAs), uses heuristics-
guided search that simulates the process of natural selec-
tion and survival of the fittest, and generates the next
population of solutions by performing a combination of
genetic operators, including selection, crossover, and mu-
tation, on the current population, which enables GA to
adapt to environmental changes. Although GA has the
potential to search a global optimal solution, it often falls
into local optima due to the limited runtime [5]. To over-
come such problem, researchers devised many improved
EAs. Among others, the estimation of distribution algo-
rithms (EDAs) [10] and the differential evolution (DE)
[5] are two of the most well-known solutions.
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EDAs, also known as probabilistic model-building genetic
algorithms, replace the crossover and mutation operators with
learning and sampling from the solution distribution to gener-
ate offspring. The advantages of EDAs include (i) the expres-
siveness and transparency of the probabilistic model that
guide the search process (i.e., global search), (ii) the absence
of multiple parameters to be tuned, (iii) a compact representa-
tion, and (iv) the ability to avoid premature convergence [11].
EDAs have been proven to be better suited for some applica-
tions than GAs, while achieving competitive and robust re-
sults in the majority of the tackled problems [12]. DE gener-
ates new individuals called trial individuals by perturbing the
current individuals with a scaled difference between two ran-
domly selected individuals. DE employs differential informa-
tion for efficient local search [13]. DE has been proven, in
benchmarks [14] and a variety of real applications, to produce
more accurate results than several other optimization methods
including GA, simulated annealing, and evolutionary pro-
gramming [15].

The artificial immune system (AIS) [16–20], a well-known
paradigm in swarm intelligence [8], has also drawn consider-
able research attention. Many AIS algorithms have been de-
signed to solve multimodal functional optimization problems
by mimicking the behavior of living organisms in protecting
themselves against antigens. Inspired by the clonal selection
principle of acquired immunity that explains how B and T
lymphocytes improve their response to antigens over time
[21], De Castro and Von Zuben [21, 22] developed the clonal
selection algorithm (CSA). CSA has shown superior perfor-
mance compared to several other bionic algorithms [4] and
traditional optimization mechanisms in a variety of applica-
tions [21, 23]. CSA has been designed to simulate the affinity
maturation process based on the clonal selection theory, which
claims that only those cells that recognize the antigens will be
selected to proliferate, and the proliferated cells will improve
their affinity to the antigens through an affinity maturation
process [4, 21, 24]. Despite the success and prevalence of
CSA, it can be further improved [25, 26]. The Baldwinian
clonal selection algorithm (BCSA) proposed by Gong et al.
[25] is a famous version of hybrid CSA, which incorporates
the Baldwinian learning operator into CSA to improve its
global search ability.

The problem of most optimization algorithms is that they
usually get stuck in local minima (or maxima) [13, 25, 26].
Hence, they should use both local information around the
current solutions and the global information about the search
space [13]. The former is of great importance for local search
(exploitation of the surrounding space), and the latter can
guide the search for new promising areas (broader exploration
of the search space) [21]. Although hypermutation and recep-
tor editing in traditional CSA perform local and global search,
respectively, their search efficiency is not satisfactory [22].
Considering the excellent local search performance of DE
algorithms and the unique global search strategy of the

Table 1 Five DE mutation strategies, denoted as DE/x/y, with “x” the
mutated vector, “y” denotes the number of difference vectors, r1, r2, r3, r4,
r5 are mutually exclusive and random values in [1,Np], XG

best the best
individual in the current population, and F is a user specified positive
scaling factor that controls the scaling of the difference vectors

Strategy
notation

Operation

DE/rand/1 VG
i ¼ XG

r1 þ F: XG
r2−X

G
r3

� �
DE/best/1 VG

i ¼ XG
best þ F: XG

r1−X
G
r2

� �
DE/rand-to-best/1 VG

i ¼ XG
i þ F: Xbest

G−XG
i

� �þ F: XG
r1−X

G
r2

� �
DE/best/2 VG

i ¼ XG
best þ F: XG

r1−X
G
r2

� �
þ F: XG

r3−X
G
r4

� �
DE/rand/2 VG

i ¼ XG
r1 þ F: XG

r2−X
G
3

� �
þ F: XG

r4−X
G
r5

� �

Fig. 1 The proposed CSA-DE/
EDA algorithm

�
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EDAs algorithms [12, 27], we suggest using them to replace
the hypermutation and receptor editing in traditional CSA or
other local and global search operator in improved CSAs. In
this work, we combine the strength of two famous and impor-
tant bio-inspired algorithms, namely, evolutionary algorithms
and swarm intelligence. We use the DE and EDA principles to
perform hypermutation and receptor editing in CSA, respec-
tively, and propose a novel bio-inspired algorithm, referred to
as CSA-DE/EDA, for global optimization problems. We eval-
uate the proposed bio-inspired algorithm on five commonly
used test functions for optimization, and compare its perfor-
mance against four bio-inspired computing techniques, in-
cluding DE, EDA, simple combination of the DE and EDA
(DE/EDA) [13], and CSA. Furthermore, the proposed CSA-
DE/EDA is also employed for brain magnetic resonance (MR)
image segmentation of gray matter (GM), white matter (WM),
and cerebrospinal fluid (CSF).

Related Work

Differential Evolution Algorithm

DE [28] maintains a population of Np individuals in every
generation, each is a potential solution to the optimization
problem. DE evolves and improves the population iteratively.
At each iteration, a new population is generated by mutation,
crossover, and combination operations. The mutation opera-
tion extracts the distance and direction information from the
current individuals [13] and adds random deviation for diver-
sity. The five most frequently used DE mutation strategies

[29] are listed in Table 1, where XG
i : i ¼ 1; 2; :::;Np

� �
de-

note the Gth generated population and VG
i the ith mutant

vector.
After mutation, the following crossover operation is ap-

plied to each obtained mutant vector VG
i and its parent XG

i

to generate a trial vector

UG
i; j ¼

VG
i; j; if rand < CRð Þor j ¼ jrandð Þ

XG
i; j; otherwise

(
; j ¼ 1; :::;D ð1Þ

where rand is a uniform distributed random value within the
range [0, 1], jrand is a random integer within the range [1,D],
and CR is a user specified crossover rate. In the combination

operation, if a trial vectorUG
i has an improved fitness, usually

defined as the corresponding objective function value, its par-
ent XG

i will be replaced in the new generation. This evolution
process continues until a stopping criterion is met (e.g., the
value of the objective function is smaller than a given thresh-
old, or after a certain number of generations). It results in a
faster convergence speed [14].

Estimation of Distribution Algorithms

EDAs also search for the optimal solution through iteratively
evolving a population of solutions. In contrast to DE, EDAs
use global information instead of local information to produce
the new generation. They select a set of parents to build a
distribution model of promising solutions. To form the next
population, they replace fully or partly the current population
with new solutions sampled from the probabilistic model.
There are three methods used to select parent individuals,
namely the proportional selection, truncation selection, and
tournament selection. For global optimization problems, the
probabilistic model p(XG) can be a Gaussian distribution, a
Gaussian mixture, a histogram, or a Gaussian model with
diagonal covariance matrix (GM/DCM). The probability den-
sity parameters are estimated from parent individuals using
maximum likelihood estimation. Depending on the used prob-
abilistic model, several EDAs have been proposed in the lit-
erature [13, 30–32].

Table 3 Parameter settings of CSA-D E/EDA

Function D Parameter settings

N F CR α r

G. Ros. 5 30 0.6 1.0 1 0.1

10 40 0.6 0.9 1 0.1

M. Lan. 5 100 0.2 0.3 5 0.1

10 300 0.4 0.8 10 0.1

S. Fox. 5 150 0.3 0.3 2 0.1

10 300 − 0.5 0.9 5 0.1

E. Mic. 5 40 0.5 0.3 4 0.1

10 40 0.5 0.1 4 0.1

T. Pol. 9 90 0.5 1.0 2 0.1

17 170 0.5 1.0 2 0.05

D function dimension, N population size, F scaling factor, CR crossover
rate, α clonal multiplying factor, and r replacement ratio

Table 2 The CSA-DE/EDA algorithm

Line Pseudo code of CSA-DE/EDA

1 Initialization: Randomly generate N antibodies Ab0 (k = 0)

2 while the stopping criterion is not met

3 Evaluate the vector fk

4 Select Abknf g (Section 3.1)

5 Select AbkMf g (Section 3.4)

6 Clone Abknf g→Ck (Section 3.1)

7 DE-based hypermutation Ck→C∗k (Section 3.2)

8 Reselect from C∗k to obtain Abk + 1 (Section 3.3)

9 EDA-based receptor editing to replace the r ∗
N lowest affinity from Abk+ 1 (Section 3.4)

10 end
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Proposed CSA-DE/EDA Algorithm

Like the CSA, the proposed CSA-DE/EDA algorithm uses the
clonal selection principle to solve the following optimization
problem

x* ¼ arg maxx∈RD f xð Þ: ð2Þ

where each admissible solution x is encoded as an antibody

Abki ¼ Abki;1;Ab
k
i;2; ::: ;Ab

k
i;D

h i
∈RD, and the objective function f (·)

is defined as the adaptive immune response, namely the affin-
ity, to the corresponding antigen. Solving this optimization
problem is equivalent to searching the antibody that has the
maximum affinity [21]. To this end, CSA-DE/EDA, see
Fig. 1, evolves (at kth generation) a population of N antibod-

ies, denoted as Abk ¼ Abk1;Ab
k
2; ::: ;Ab

k
N

� �
. The population

can be randomly initialized and updated on a generation-by-
generation basis using five operators: selection, clone, DE-
based hypermutation, reselection, and EDA-based receptor
editing [21, 33].

Fig. 2 Evolution procedure for the consider benchmark functions in their five-dimensional form. a G. Ros, b M. Lan, c S. Fox, d E. Mic, e T. Pol

Cogn Comput (2019) 11:855�868858



Selection and Clone

For the kth generation of antibodies Abk ¼ Abk1;Ab
k
2; ::: ;Ab

k
N

� �
,

the corresponding affinities, f k¼ f Abk1
� �

; f Abk2
� �

; ::: ; f AbkN
� �� �

;

are first evaluated, then we select n highest-affinity anti-

bodies, denoted as Abk1f g;Ab
k
2f g; ::: ;Ab

k
nf g

n o
, and clone each

selected antibody ni times. The number of antibodies in
the clone set Ck is

Nc ¼ ∑n
i¼1ni ¼ α*n; ð3Þ

with α the clonal multiplying factor that takes a positive inte-
ger and controls the cloning number [21]. In this paper, ni is
the same for all selected antibodies and equals to α, to locate
multiple optima and reach the global optimum [21].

Hypermutation

The DE-based hypermutation is applied to each selected anti-

bodyAbki and its clones inC
k in three steps. First, a temporary

antibody is generated as follows

Fig. 3 Evolution procedure for the considered benchmark functions in their 10-dimensional form. a G. Ros, b M. Lan, c S. Fox, d E. Mic, e T. Pol
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Z ¼ Abkd þ Abki
� �

2
þ F � Abkd−Ab

k
i

� �þ Abkb−Ab
k
c

� �� 	
; ð4Þ

with Abkd randomly selected from Ck such that

f Abkd
� �

≤ f Abki
� �

, Abkb and Abkc are also randomly selected
from Ck, and F a user specified scaling factor. Second, the

following crossover is applied to each temporary antibody Z
and its parent Abki to generate a trial antibody Ab*ki

Ab*ki; j ¼
Z j if rand < CRð Þ
Abki; j; otherwise



; j ¼ 1; :::::;D; ð5Þ

Table 4 Performance of five optimization algorithms for the considered benchmark functions in their five-dimensional form. Italic indicates the best
performance

G. Ros. M. Lan. S. Fox. E. Mic. T. Pol.
5 5 5 5 5

VTR 1.0e−6 N/A N/A − 4.687 1.0e−7
CSA f 1.173+ − 0.953+ − 8.683+ − 4.364+ 2.30e+4+

BVAT 0.387 − 0.962 − 10.17 − 4.560 3.20e+3

ENES N/A N/A N/A N/A N/A

DE f VTR≈ − 0.963≈ − 10.20+ − 4.67+ VTR≈

BVAT 0.0 − 0.965 − 10.40 − 4.826 4.3e−29
ENES 4561 N/A N/A 5339 17325

EDA f 2.442+ − 0.899+ − 6.342+ − 3.745+ 5.24e+2+

BVAT 1.392 − 0.947 − 8.439 − 4.628 2.69e+2

ENES N/A N/A N/A N/A N/A

DE/EDA f VTR≈ − 0.964≈ − 10.40≈ − 4.680≈ VTR≈

BVAT 0.0 − 0.965 − 10.40 − 4.687 0.0

ENES 4554 N/A N/A 2894 14,009

CSA-DE/EDA f VTR − 0.964 − 10.40 − 4.687 VTR

BVAT 0.0 − 0.965 − 10.40 − 4.687 0.0

ENES 3985 N/A N/A 4132 13,456

Table 5 Performance of five optimization algorithms for the considered benchmark functions in their 10-dimensional form

G. Ros. M. Lan. S. Fox. E. Mic. T. Pol.
10 10 10 10 10

VTR 1.0e−6 N/A N/A − 9.660 1.0e−7
CSA f 15.590+ − 0.587+ − 2.218+ − 6.876+ 1.69e+11+

BVAT 9.139 − 0.784 − 2.655 − 7.645 1.32e+10

ENES N/A N/A N/A N/A N/A

DE f VTR≈ − 0.834+ − 10.20+ − 9.440+ VTR≈

BVAT 0.0 − 0.965 − 10.28 − 9.660 5.7e−29
ENES 27,169 N/A N/A 77,365 78937

EDA f 8.168+ − 0.180+ − 0.900+ − 7.166+ 3.39e+6+

BVAT 7.755 − 0.617 − 1.446 − 9.184 1.69e+6

ENES N/A N/A N/A N/A N/A

DE/EDA f VTR≈ − 0.902+ − 10.26≈ − 9.450+ VTR≈

BVAT 0.0 − 0.965 − 10.28 − 9.660 0.0

ENES 22,709 N/A N/A 57,892 71,293

CSA-DE/EDA f VTR − 0.965 − 10.28 − 9.659 VTR

BVAT 0.0 − 0.965 − 10.28 − 9.660 0.0

ENES 20,121 N/A N/A 16,133 70,638
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with rand a uniformly distributed random value within [0, 1]
and CR a user-specified crossover rate. At the combination

step, the obtained trial antibody Ab*ki replaces Abki in Ck if it

has a higher affinity than the original antibodyAbki ; otherwise,
Abki is kept. After the hypermutation, Ck is termed C∗k. Since
CSA-DE/EDA uses the arithmetic combination, it can capture
the local information in the current population for more effi-
cient exploitation [5].

Reselection

For each antibody Abki , there are ni cloned and hypermutated
copies, which form a subset of antibodies. To keep the size of
antibody population unchanged, we reselect the best antibody
in each subset and thus form a trial population [33].

Receptor Editing

The EDA-based receptor editing is applied to the trial popu-
lation. To explore the global information, we assume that the
probabilistic distribution of the elite antibody is Gaussian and
each component of the antibody is mutually independent [32].

Thus, we have

p Ab*
� � ¼ ∏D

d¼1p Ab*d
� � ¼ ∏D

d¼1N Ab*d;μd;σd
� �

; ð6Þ

with Ab* ¼ Ab*1;Ab
*
2; :::;Ab

*
D

� 	
the globally optimal anti-

body, and N(·; μ, σ) a univariate Gaussian distribution with
mean μ and standard deviation σ. To estimate the distribution

p(Ab∗), we select M highest-affinity antibodies, AbkMf g, from
the current generation using the truncation selection and apply
the maximum likelihood estimation [13] to obtain the estimat-
ed Gaussian parameters μk

d;σ
k
d; d ¼ 1; 2; :::;D

� �
. Then, we

sample r · N antibodies from the distribution ∏D
d¼1N

Ab*d;μ
k
d ;σ

k
d

� �
and use them to replace r · N lowest-affinity

antibodies in the trial population. Usually, the number of se-
lected antibodies M is set to N/2 [13].

CSA-DE/EDA Algorithm Overview

The major steps of the proposed CSA-DE/EDA algorithm are
summarized in Table 2.

Fig. 5 Segmentation results. Coronal, sagittal, and transverse slices of
image “IBSR_14” (1st column), and segmentation results obtained by
SPM (2nd column), FSL (3rd column), D-C (4th column), GA-GMM

(5th column), HMRF-CSA (6th column), HMRF-CSA/DE/EDA (7th
column), and the ground truth (8th column) (modified from [51])

Fig. 4 An example coronal slice from the image “IBSR_09” (left), and the corresponding results of region-based segmentation (middle left), region- and
pixel-based segmentation (middle right), and ground truth (right)

Cogn Comput (2019) 11:855�868 861



Application to MR Image Segmentation

Due to its excellent optimization capability, the proposed
CSA-DE/EDA algorithm can be applied to many image anal-
ysis problems [34–37], such as the segmentation of brain MR
images to delineate the GM, WM, and CSF.

Let an observed brain MR image be an instance of the
image random field Y, and the corresponding segmentation
result be an instance of the label random field X. According
to the hidden Markov random field (HMRF) model [38], this
segmentation task can be converted into the following optimi-
zation problem.

X* ¼ arg maxX p X jY ; b; θ*� �
; ð7Þ

θ* ¼ arg maxθ p θjY ; b;X*
� �

; ð8Þ

where b is the bias field, θ = {θk| k = 1, 2, ... , K} the ensemble
of model parameters, K the number of classes (K = 3 in our
case), and

p θjY ; b;X*
� �

∝p Y jX*; b;θ
� �

p θð Þ
¼ ∏ j∑k N Y j−b jjX j ¼ k; θk

� �
p θkð Þ� 	

; ð9Þ

with N(x; θk) a Gaussian distribution with parameter
θk = (uk, σk). Starting from a random initialization, this prob-
lem can be solved using a three-step iterative process: (1)
apply the method in [39] to update the bias filed b, (2) then
use the CSA-DE/EDA algorithm to solve the sub-problem
given in Eq. (10) and update the model parameters (i.e., θ
being the antibody), and finally (3) use the iterated conditional
mode (ICM) approach [40] to update the segmentation result.

In this work we jointly use region- and pixel-based HMRF
methods. Indeed, region-based HMRF method [41] is more
robust to noise and artifacts than pixel-based HMRF; howev-
er, it may produce a too smooth and relatively holistic view of
the image to be segmented, hence we combine it with pixel-
based HMRF. Considering an input brain MR image, we first
apply the super pixel algorithm-TurboPixel [42] to generate an
image segmentation into m regions R = {Ri| i = 1, 2, ... ,m}.
Then we define a region adjacency graph (RAG) [43] com-
posed of nodes, representing the regions Ri of R, and edges
representing their adjacency. To each node we associate the
mean gray value of the pixels within the region. This coarse
segmentation allows estimating the model parameters, which
will be then used for a final pixel-based segmentation. The
overall process is summarized in Algorithm 1.

Experiments and Results

Benchmark Functions

In this section we compare the proposed CSA-DE/EDA
algorithm to four bio-inspired computing techniques, in-
cluding DE [14], CSA [21], EDA, and DE/EDA [13]. We
make use of five benchmark functions for optimization,
namely, the Generalized Rosenbrock (G. Ros), Modified

Langerman (M. Lan.), Shekel’s Foxholes (S. Fox.),
Epistatic Michalewicz (E. Mic.), and Chebychev
Polynomial (T. Pol.) [13]. We set the dimensions of these
functions to 5 and 10, respectively, and ran our algorithm
50 times on each function and each dimension value. To
quantitatively assess the performance of different methods,
we make use of three performance metrics, including the
best value found (BVAT), the expected number of evalua-
tions per success (ENES), and the average of the best

Cogn Comput (2019) 11:855�868862



objective function ( f ) [13]. BVAT is the best value found
during the 50 trials or runs. In our implementation, we stop
the iterations when a given value-to-reach (VTR) is attained or
after a certain number of iterations has been reached. ENES is
estimated as the total number of function evaluations over 50
runs, divided by the number of runs that successfully attained
the VTR. It measures the speed of the algorithm. The smaller

ENES, the more efficient the algorithm is. The third metric f
is the average of the best objective function values obtained in
50 runs. For a fair comparison, the parameters of the algorithm
are set as DE [28]. Table 3 lists the parameters of the proposed
algorithm. We implemented CSAwith the default parameters
used in [21] and tested it in the same way. As for DE, EDA,
and DE/EDA, we adopted the performance reported in [13].

The plots of f versus the generations of populations in each
algorithm are displayed in Fig. 2 (function dimension = 5) and

Fig. 3 (function dimension = 10). The figures reveal that the
proposed algorithm converges faster than the other four
algorithms.

The performances of the five optimization algorithms are
presented in Tables 4 and 5. Moreover, to evaluate the differ-
ence between any two algorithms effectively, the paired

Wilcoxon signed-rank test at 0.05 significance level for f
was conducted on the obtained results. The symbols “+”,

“≈”, and “−” in Tables 4 and 5 express that the f obtained
byCSA-DE/EDA is significantly better than (“+”), worse than
(“−”), or almost similar to (“≈”) the other algorithms. One can
notice the low performance of CSA and EDA, since they
failed to reach the VTRs in most of test cases, whereas the
proposed CSA-DE/EDA algorithm achieved the second best
BVAT and ENES on the five-dimensional E. Mic. function
and the best performance in all other cases.

Fig. 6 Segmentation accuracy for gray matter (bottom left), white matter (bottom right), and overall brain volume (top) on each image of the IBSR_V2.0
dataset

Table 6 Average segmentation
accuracy on the IBSR_V2.0
dataset. Italic indicates the best
performance

Accuracy FSL (%) D-C (%) SPM (%) GA-GMM (%) HMRF-CSA (%) HMRF-CSA/
DE/EDA (%)

Overall 75.06 75.02 81.02 74.97 82.95 89.90

GM 77.35 73.80 84.42 77.90 84.92 92.02

WM 87.08 88.41 87.38 87.23 83.88 87.52

Cogn Comput (2019) 11:855�868 863



Brain MR Image Segmentation

In the following we evaluate the performance of the CSA-DE/
EDA algorithm for brain MR images segmentation using the
proposed HMRF-CSA/DE/EDA MR segmentation algorithm
of Section 4. For our experiments, wemade use ofMR images
provided by the brain segmentation repository (IBSR) [44].
We empirically set the parameters of the CSA-DE/EDA algo-
rithm as follows: population size N = 50, scaling factor F =
0.9, crossover rate CR = 0.1, clonal multiplying factor α = 2,
replacement ratio r = 0.1, and 15 as maximum iterations, in-
cluding 5 iterations for region-based segmentation and 10 it-
erations for pixel-based segmentation. The accuracy of delin-
eating gray matter and white matter is quantitatively assessed
via the Dice similarity coefficient (DSC) [45]:

D Vs kð Þ;Vg kð Þ� � ¼ 2*
Vs kð Þ∩Vg kð Þ�� ��

Vs kð Þj j þ Vg kð Þ�� �� ð10Þ

with Vs(k) the volume of brain tissue class k in the segmenta-
tion result, Vg(k) the corresponding volume in the ground
truth, and |V| represents the number of voxels in volume V.
DSC values are in [0, 1]; a high value indicates more accurate
brain tissue delineation. The overall segmentation accuracy of
a given MR image is measured as the percentage of correctly
classified voxels.

We first performed segmentation experiments on 18 T1-
weighted clinical brain MR images with expert segmentations
(IBSR_V2.0) [46]. Each image was first spatially normalized
into the Talairach orientation, and then resliced into 256 ×
256 × 128 voxels with a voxel size of 1.0 × 1.0 × 1.5 mm3.
Figure 4 shows the 68th coronal slice of image “IBSR_09”
from IBSR_V2.0, the intermediate region segmentation and
final segmentation results of the proposed algorithm, alongwith
the ground truth brain tissue map. As it can be noticed, the
combined region- and pixel-based segmentation provides better
delineation compared to the region-based segmentation.Next,

Fig. 7 Segmentation accuracy on each image of the IBSR_20Normals dataset; gray matter (bottom left), white matter (bottom right), and overall brain
volume (top)

Table 7 Average accuracy and
computation time of PHMRF-
CSA/DE/EDA and HMRF-CSA/
DE/EDA on one 3DMR image of
IBSR_V2.0. Italic indicates the
best performance

Methods Overall
accuracy (%)

DSC for
GM (%)

DSC for
WM (%)

Time
cost (s)

PHMRF-CSA/DE/EDA 85.09 86.85 86.66 2164

HMRF-CSA/DE/EDA 89.90 92.02 87.52 1510
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we compared the propose HMRF-CSA/DE/EDA algo-
rithm to the segmentation routines of the widely used sta-
tistical parametric mapping (SPM) toolbox [47] and
FMRIB Software Library (FSL) [48] and three existing
brain MR image segmentation algorithms, including the
GA with Gaussian mixture model (GA-GMM) algorithm
proposed in [49], the deformable co-segmentation (D-C)
algorithm of [50], and the HMRF-CSA algorithm of [51].
The SPM segmentation routine is a unified registration-
segmentation algorithm that is based on the Gaussian mix-
ture model (GMM), and the FSL segmentation routine is
based on the HMRF model solved using the expectation-
maximization (EM) algorithm. Figure 5 depicts the coro-
nal, sagittal, and transverse slices of image “IBSR_14”
from the IBSR_V2.0 data set, the segmentation results of
each of the considered methods, along with the ground
truth. Figure 6 depicts the segmentation accuracy of each
of the considered methods, and Table 6 lists their average
segmentation accuracy. It shows that the proposed algorithm
outperforms the other five algorithms on IBSR_V2.0.
Compared to the D-C algorithm, the proposed algorithm has
a slightly lower accuracy in segmenting the white matter
(WM) (87.52% vs. 88.41%), but substantially improved accu-
racy in segmenting the gray matter (GM) (92.02% vs.
73.80%) and the entire brain volume (89.90% 75.02%). It
seems that the higher performance of the D-C algorithm in
WM segmentation is due to an over-segmentation of WM
and under-segmentation of GM.

Using the IBSR_V2.0 dataset, we conducted ablation
experiments, in which the HMRF-CSA/DE/EDA algo-
rithm was compared to its counterpart without using the
region-based HMRF part (denoted by PHMRF-CSA/DE/
EDA). Table 7 gives the obtained average accuracy and
processing time using an Intel Core i7-4710HQ CPU,
16GB memory and Matlab R2015a. As it can be noticed,
the HMRF-CSA/DE/EDA algorithm achieves a higher av-
erage segmentation accuracy and lower computational time
compared to the pixel-based PHMRF-CSA/DE/EDA seg-
mentation algorithm. The results also indicate that the
region-based HMRF step does effectively contribute to
the improvement of the image segmentation performance.
However, although more efficient than the PHMRF-CSA/
DE/EDA algorithm, our HMRF-CSA/DE/EDA algorithm
still has a relatively high computational complexity due to
the time-consuming nature of bio-inspired algorithms.Our
final experiments were carried out on 20 T1-weighted clin-
ical brain MR images of normal subjects with expert seg-
mentations (IBSR_20Normals). All images were reduced
to 8-bit from 16-bit by thresholding intensities above or
below 99.99% of the total number of different intensities
scaled to the range [0, 255]. Each image was first spatially
normalized into a standard 3D brain coordinate system by
using rotation and non-deformable transformation [52, 53],
and then resliced into 256 × 256 × 63 voxels of size 1.0 ×
1.0 × 3.1 mm3. We compared the propose HMRF-CSA/
DE/EDA algorithm to the segmentation routines in the

Fig. 8 Effect of clonal
multiplying factor α on the ENES

(left) and f (right) for five-
dimensional E. Mic function

Table 8 Average segmentation accuracy on the IBSR_20Normals dataset

Accuracy FSL (%) EMS (%) SPM (%) GA-GMM (%) VEM (%) VMG-NDE (%) HMRF-CSA/
DE/EDA (%)

Overall 72.34 71.37 62.30 70.71 74.08 80.82 84.89

GM 74.51 75.86 67.76 75.49 80.47 83.83 87.57

WM 75.18 69.97 71.20 73.00 62.11 81.25 81.89
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SPM toolbox [47] and FSL package [48] and four other
state-of-art brain MR image segmentation algorithms, in-
cluding the GA-GMM algorithm [49], expectation-
maximization segmentation (EMS) package [54], varia-
tional EM (VEM)-based Bayesian inference [55] and var-
iational mixture of Gaussians model-based niche differen-
tial evolution algorithm (VMG-NDE) [56]. Figure 7 illus-
trates, for each image of the data set, the obtained accuracy
for segmenting the GM, WM, and overall brain volume.
The average segmentation accuracies of the different algo-
rithms are given in Table 8. One can notice that the obtain-
ed results are consistent with the results of the previous
experiments, demonstrating the ability of the proposed al-
gorithm in producing more accurate segmentation of gray
matter and overall brain volume compared to state-of-art
algorithms. Moreover, it seems that our algorithm also out-
performs the other algorithms in delineating the white
matter.

Discussion on the Parameters Setting

By incorporating the DE and EDA strategies into the CSA pro-
cess, the proposed CSA-DE/EDA algorithm has more user-
defined parameters than the original CSA. Among these param-
eters, the population size N, scaling factor F, and the DE-based
crossover rate CR have been thoroughly discussed in the litera-
ture [13]. In our experiments, we mainly focused on settings the
clonal multiplying factor α for the DE-based hypermutation and
the replacement ratio r for the EDA-based receptor editing.

To investigate the impact of the clonal multiplying factor α
on the performance of the proposed algorithm, we used the
five-dimensional E. Mic function as a case study. We fixed
other parameters as N = 40, F = 0.5, CR = 0.3, and r = 0.1, and

evaluated the ENES and f when setting α to different values.

Figure 8 plots the ENES versus α and the variation of f over
the number of iterations when α ranges from 1 to 5.

Since increasing the clonal multiplying factor α leads to
an increased number of evaluations of the fitness function,
a large α implies high computational cost in one iteration
of the proposed algorithm. However, Fig. 8 shows that,
with the increase of α, ENES does not change much until
α becomes larger than 7. The reason is that for a larger
number of α the proposed algorithm uses the differential
information or local information more adequately in the
current population when the algorithm executes the DE-
based hypermutation, and hence speeds up the conver-
gence. Figure 8 depicts the convergence curves of the
proposed algorithm with different values of α, being con-
sistent with our analysis. Therefore, we suggest setting α
to a value smaller than 7. Nevertheless, since increasing α
can improve somewhat the accuracy of the proposed algo-
rithm, we can set α to a larger value when the computa-
tional complexity is not a concern. This was the case for
the 10-dimensional M. Lan. function for which we set α to
10 in Table 3.

We also investigated the impact of replacement ratio r on
the performance.We fixed the other parameters asN = 40, F =
0.5, CR = 0.3, α = 4, and set the maximum generation number

to 15. The plot of f versus r is shown in Fig. 9. It reveals that f
has smaller values when r takes a value in [0.1, 0.2].
Therefore, we suggest taking the value of r from this range.

Conclusion

In this paper, we proposed a novel bio-inspired algo-
rithm-CSA-DE/EDA for function optimization and brain
image segmentation. This algorithm incorporates DE and
EDA into the CSA process, and thus generates offspring
by jointly using both local and global information from
the current generation. Our experimental results, using
benchmark functions, suggest that the proposed algo-
rithm is superior to DE, EDA, CSA, and DE/EDA in
function optimization. We also showed that it outper-
forms the GA-GMM, VEM, EMS, HMRF-CSA, D-C al-
gorithms and the brain image segmentation routine in the
commonly used SPM and FSL packages for brain MR
image segmentation. Our future work will mainly focus
on reducing the computation time of the algorithm by
using parallel computing techniques.
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