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Abstract This chapter proposes a new method for determining the multilevel thresh-
olding values for image segmentation. The proposed method considers the multilevel
threshold as multi-objective function problem and used the whale optimization algo-
rithm (WOA) to solve this problem. The fitness functions which used are the maxi-
mum between class variance criterion (Otsu) and the Kapur’s Entropy. The proposed
method uses the whale algorithm to optimize threshold, and then uses this threshold-
ing value to split the image. The experimental results showed the better performance
of the proposed method to solving the multilevel thresholding problem for image seg-
mentation and provided faster convergence with a relatively lower processing time.

Keywords Multi-objective +  Swarms  optimization <+  Whale
optimization algorithm - Multilevel thresholding * Image segmentation
1 Introduction

In recent years, the intelligent systems that depend on machine learning and pat-
tern recognition are widely used in numerous fields. These include the application
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of face and voice recognition, objects identification, computer vision, and so on.
Nevertheless, the researchers are still working to improve the accuracy of these sys-
tems, especially when they are used in real-time environments. When these systems
acquire their data from images, they should use image processing techniques to pre-
pare and process the images to be able to identify and recognize the objects on them.
Image segmentation is an essential phase in this stage. It works for splitting an image
into segments with similar features (i.e., color, contrast, brightness, texture, and gray
level) based on a predefined criterion [1]. Image segmentation has been applied in
several applications such as medical diagnosis [2], satellite image [3], and optical
character recognition [4]. However, it could be a complex process if the images are
corrupted by noises from environments or equipment. There are many methods for
applying image segmentation, such as edge detection [5], region extraction [6], his-
togram thresholding, and clustering algorithms [7]; as well as, threshold segmen-
tation [8], it is one of the popular methods for performing this task to locate the
best threshold value [9, 10]; it can be divided into two types: bi-level which can be
used to produce two groups of objects and multilevel that used to segment complex
images and separate pixels into multiple homogeneous classes (regions) based on
intensity [1, 11]. Bi-level thresholding method can produce adequate outcomes in
cases where the image includes two levels only, however, if it has been used with
multilevel the computational time will be often high [12]. On the other hand, the
results of bi-level thresholding are not suitable to real application images; so, there
is a wide requirement to use multilevel thresholding [11]. There are two methods to
determine the thresholds, namely, a global and local level. In a local level, thresh-
olds are determined for each portion of the image; on the other hand, at a global
level, one threshold is taken to the whole image [13]. So, by using the image his-
togram, the global thresholding can be determined. Several thresholding methods
explore for the thresholds by optimizing some fitness functions that are defined from
images and they handle the determined thresholds as parameters. So, the determi-
nation of optimal thresholds in multilevel thresholding is an NP-hard problem [14].
Many methods analyze the image histogram to determine the optimal thresholds, by
either minimizing or maximizing a fitness function with consideration of the values
of threshold.

When the number of thresholds is small, classical methods are acceptable; but if
there are several threshold numbers, it is a best practice to perform a swarm intelli-
gence (SI) technique to optimize this task, such as, genetic algorithm (GA), particle
swarm optimization (PSO), firefly optimization (FFO), and bat algorithm.

Jie et al. (2013) [15] introduced a multi-threshold segmentation method that uti-
lized k-means and firefly optimization algorithm (FA). The results showed that the
proposed method obtained a low run-time and higher performance than the classi-
cal fast FCM and PSO-FFCM models. In the same effort, Chaojie et al. (2013) [16]
proposed a method based on FA that outperformed GA algorithm.

Vishwakarma et al. (2014) [17] compared their proposed model that based on
FA with the classical K-means clustering algorithm and the model achieved the best
results. Sarkar (2011) [18] presented a technique based on differential evolution for
multilevel thresholding using minimum cross entropy thresholding (MCET). It was
applied to some of the real images and the results showed high efficiency than PSO
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and GA. Moreover, Fayad et al. [19] proposed a segmentation model based on ACO
algorithm. It achieved good results and small errors in comparison to the ground
truth. On the other hand, Abd ElAziz et al. [20] introduced a hybrid model that com-
bined SSO and FA (FASSO) for image segmentation. It showed faster convergence
and lower preprocessing time. The PSO and its edition [21-26] are implemented
in image segmentation to locate the multilevel thresholding. Moreover, there are
several swarm techniques that applied for segmentation including honey bee mat-
ing optimization (HBMO) [27], harmony search (HS) algorithm [28], cuckoo search
(CS) [29], and artificial bee colony (ABC) [30, 31]. However, most of these tech-
niques are either trapped on local optima or predefined control parameters such as
GA, PSO, CS, and HS algorithms.

In this chapter, we present a new multilevel thresholding method for image seg-
mentation method. The multilevel thresholding is considered as multi-objective opti-
mization problem, in which the popular two image segmentation functions namely,
Otsu’s and entropy are used as the fitness function which optimized by the whale
optimization algorithm. The properties of these two functions are used to improve
the accuracy of image segmentation via multilevel thresholding. The characteristics
of the WOA are the ability of fast convergence. The rest of this chapter is organized
as follows: Sect. 2 presents the materials and methods. Section 3 introduces the pro-
posed method. Section 4 illustrates the experiments and discussions. The conclusion
and future work are given in Sect. 5.

2 Materials and Methods

2.1 Problem Formulation

In this section, the multilevel thresholding problem definition is introduced, by con-
sidering an gray level image I contains K + 1 groups. Therefore, the t,,k =1,... ,K
thresholds are needed to split / to subgroups C, as in the following equation:

Co=UGpell0<1G) <t -1}
Cl = {I(l’])e Iltl Sl(i’j)stZ_l}’

6]
Cx={Gpe Iy <IG)j)<L-1}

where I(i,j) is (i, j)th pixel value and L is the gray levels of I € [0, L — 1].
The aim of the multilevel thresholding is to find the threshold values construct
these groups C;, which can be determined by maximizing the following equation:

(it sty = max F(ty, ... tg), 2)

ety

where F(¢, ..., ) may be Kapur’s entropy or the Otsu’s function.
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e Otsu’s function:

This function is defined mathematically as

K
Foi = zAi("l[ - ”11)2, 3
i=0
fip1~1
A=) P, )
J=t
tig—1 .
L
.= i—, where P;=h;/N, 5
, ; A / 5)

where #, is the mean intensity of / with 7, = 0 and #x; = L. The h; and P; are the
frequency and the probability of the ith gray level, respectively.

» Kapur’s Entropy:

The Kapur’s entropy function determines the optimal threshold values through max-
imizing the overall entropy [32] that is defined as:

lip1~1

K pP. P
Fyop = §<— > X’;l”(zj.”' ©6)

2.2 Whale Optimization Algorithm (WOA)

The whale optimization algorithm (WOA) is a new meta-heuristic technique that
mimics the Humpback whales [33]. In this technique, the optimization begins by
producing a random population of whales. These whales search for the prey’s (opti-
mum) location, then attach (optimize) them by one of these methods encircling or
bubble-net.

In the encircling method [33] the Humpback whales improve their location based
on the best location as follows:

D= |Co X" - X()] @)

Xt+1)=|X*6)-AoD|, )

where D describes the distance between the position vector of both the prey X(t)*
and a whale X(t), and ¢ denotes the current iteration number. A and C are coefficient

vectors, and defined as follows:

A=2a0r-a &)
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C=2r, (10)

where r is a random vector € [0, 1], and the value of a is linearly decreased from 2
to O as iterations proceed.

Whereas the bubble-net method can be performed by two approaches. The first is
the shrinking encircling that given by reducing the value of a in equation (9), also, A
is reduced. The last is the spiral updating position. This method is applied to mimic
the helix-shaped movement of Humpback whales around prey:

X+ 1) =D 0" 0 cos@rl) + X*(1), (11)

where D' = |X*(¢) — X(#)| is the distance between the whale and prey, b is a constant
for determining the shape of the logarithmic spiral, ® is an element-by-element mul-
tiplication, and / is a random value in [—1, 1].

The whales can swim around the victim through a shrinking circle and along a
spiral-shaped path concurrently:

XH-AoD if p>05

X@+1) = { D' 0 " © cos2xl) + X*(t) if p <0.5 a2)

where p € [0, 1] is arandom value which describes the probability of choosing either

the shrinking encircling method or the spiral model to adjust the position of whales.

In exploration phase, the Humpback whales search randomly for prey. The posi-

tion of a whale is adjusted by determining a random search agent rather than the best
search agent as follows:

D=|CoX X(1)]| (13)

rand ~

X(r+1) = |X,,0 —AOD, (14)

rand

where X,,, is a random position determined from the current population.
Algorithm 1 illustrates the whole structure of the WOA.

3 The Proposed Method

In this section the proposed method for determining the multilevel thresholding val-
ues is introduced. In the first the fitness function is defined, based on the combination
of the Otsu’s and Kapur entropy functions, as

Fit = aF g, + fFyqps (15)

where a and f are random values in the range [0, 1] and the parameters represent the
balance between the two fitness functions.
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The input to the proposed method is the image histogram, the number of whales
N and the dimension of each whale position is the threshold level dim. The WOA
starting by generating a random population of N solutions in the search domain [0, L]
(here L = 265), for each position the fitness function Fit; is computed using equation
(15). Then the fitness function F, ., and its corresponding best whale position x;,,,, are
determined. Based on each value of decrease the parameter a from 2 to 0, the values
of two parameters A and C are computed, then the position of each whale is updated
based on the value of the parameter p as illustrated in Sect. 2.2. The previous steps
are repeated until the stop criteria are satisfied, and the proposed method is shown
in Algorithm 1.

Algorithm 1 Whale Optimization Algorithm (WOA)

1: Input: dim dimension of each whale, N: number of whales, 7,,,.: maximum number of iterations.

max*

2: Output: x,est Threshold values.
3: Generate a population of N whales x;,i=1,2,... N
4: =1
5: for all x; do // parallel techniques do
6:  Calculate the fitness function Fit; for x;.
7: end for
8: Determine the best fitness function F,,, and its position whale x,,,,.
9: repeat
10:  for For Each value of a decrease from 2 to 0 do
11: fori=1:Ndo
12: Calculate C and A using (10) and (9) respectively.
13: p = rand
14: if p > 0.5 then
15: Update the solution using (11)
16: else
17: if | A [> 0.5 then
18: Update the solution using (14)
19: else
20: Update the solution using (7)
21: end if
22: end if
23: end for
24 end for
25: t=t+1

26: until G < ¢

max

4 Experiments and Discussion

In this section, the experimental environment for the proposed method is introduced.
The image description is illustrated in the first, then the setting of the parameters for
each algorithm and the measurements used to evaluate the quality of segmentation
image is discussed.
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Fig. 1 Samples of the tested images, from left TestE1, TestE2, TestE3, and TestE7

4.1 Benchmark Images

The proposed methods used in this chapter are tested on four common grayscale
images from the database of Berkeley University [34]. These images are called
TestE1, TestE2, TestE3, and TestE7 as illustrated in Fig. 1.

4.2 Experimental Settings

The proposed method results are compared with four algorithms, namely, WOA,
SSO, FA, and FASSO; these algorithms are previously proposed for multilevel image
segmentation and introduced good results. To make the comparison process fair, the
population size is 25, the dimension of each agent is the number of thresholds (m)
and the same stopping criteria (maximum number of iterations is 100, with a total
of 35 runs per algorithm). The parameters of each algorithm used in this paper are
illustrated in Table 1.

The experiments were computed on using the following threshold numbers: 2, 3,
4, and 5. All of the methods are programmed in “Matlab 2014” and implemented on
“Windows 64bit” environment on a computer having “Intel Core2Duo (1.66 GHz)”
processor and 2 GB memory.
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Table 1 The parameters setting of each algorithm

Algorithm Parameters Value
WOA a [0, 2]
b 1
l [-1,1]
SSO Probabilities of attraction or repulsion (pm) 0.7
Lower female percent 65
Upper female percent 90
FASSO YEA 0.7
B L0
Ay 0.8
Probabilities of attraction or repulsion (pm) 0.7
Lower female percent 65
Upper female percent 90
FA YA 0.7
B L0
Ay 0.8

4.3 Segmented Image Quality Metrics

The accuracy of the segmented image is evaluated based on fitness function, time,
peak signal-to-noise ratio (PSNR), and the structural similarity index (SSIM), where
PSNR is defined as

> UG j) = 1G,))
N.M

N
PSNR = 20lo (ﬂ) RMSE = \/ i (16)
= SO0 R ISE” = :

where I and ] are original and segmented images of size M x N, respectively. The
high value of PSNR refers to the high performance of segmentation algorithm.
The SSIM is defined as

Cupp; + cl)(20',j +c,)

SSIM(1,1) = .
(u12 + ,uiz + cl)(crl1 + 622 +cy)

A7)

where y; (y;) and o; (0;) are the mean intensity and the standard deviation of the
image I (I), respectively. The o, is the covariance of I and T and ¢, = 6.5025 and
¢, = 58.52252 are two constants [35]. The highest value of SSIM and PSNR indi-
cates better performance (Figs. 2, 3, 4 and 5).
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Fig. 2 The average of results of measures overall the testing images

(a) K=2

(b) K=3

(c) K=4
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(d) K=5

Fig. 3 The result of segmentation TestE1 image using (from left to right) SSO, FASSO, FA,
WOAMOP, and WOA
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Fig. 4 The result of segmentation TestE2 image using (from left to right) SSO, FASSO, FA,
WOAMOP, and WOA

. (d) K=5

Fig. 5 The result of segmentation TestE3 image using (from left to right) SSO, FASSO, FA,
WOAMOP, and WOA



33

Multi-objective Whale Optimization Algorithm for Multilevel Thresholding ...

9LST'V SYLS'v LE9E'E w619°¢ G8C8'C| 9V TLTT| ¥P6'6¥CC| TSL'S9TC| 16€°€LTC| 919°0LCT S
SE8L'E 09¢8'¢ 0L68°C CILT'E 9669°¢ | 0TCCSCC| LOYP'CSTT| 8I1'6TCC| STES9CT| 168°681C ¥
Yrv'e 9esT'e 0sIee LOILT LI€8'T| €€T98IC| CLE'SOTT| T90'90CC| 9ev'0lce| T€1°68IT €
L6€6'C 6L09°C clv6’l L8Y0C CLYET| 8€6'060C | ¥¥9'8LOT| 1€0°€60C| 1S6'880C| €86°L60C C LAY
0L90°% 110cy 089C°¢ S66S°¢ L6SL'E| 809°TIvy | 9SCOvvy | 161°80Vy | TLEECYYY | [88'19¢h S
199¢°¢ £eIs’e Py$8'C [431 %3 990L'e| 08CT69ey | €¥996ey | 910°0LEY | SIV'60¥Y | 0TS 8TV ¥
£0v6'C Solee 069C°C 99I1LC 86E1'C| 968'L8CY | TLV'ELCY| €TTI8CY| VI8'88TY | SOV'eviy €
€S9L°¢E 69C9°¢ 0SLSE $660°C 00S€C| SS9'I80F | TBO'660% | 6¥6'S60V | YLLOOIY | SL96LOY 4 CHISOL
1CISS 019¢°¢ 9907 1666°¢ P80L'€| S001C8E| OV6'0I8E| 19ST8LE| TO6'CEBE| E€EI'SOLE S
0L’ °L99'e 6C€8'C 90S1°C 6€97°C| TO0LLLE| 996'VLLE | TTI'LSLE| €8V'L8LE| 06TVILE 14
861°¢ cesee €CESC 9v61°C CE6LT| 0TS6ILE| T199°669¢| 999°80LE | €CSSOLE| SLVTILE €
9850t 000s'C 9Y9r'C YOSl 198¢€°C| 088°0SSE| T9809SE | SES9SSE| 0S9°6eSe|  I¥809v¢ [4 EHISAL
0Iv0'v 8520V LTS6'C 8€8S°E 010V | 8TELOELE| 8ETTPLE| SS99ILE| BOI'vPLE| 8Y6TOLE S
9IcTy €108°¢ 16S1°¢ 8yrl'c 0TCCe| vry'6L9E| 1I897169¢| ISEELOE| OLE'L69E| €vSCOSE ¥
LEST'E 88YI'C 118¢°C £€90L°C 008L'C| 9€6°009¢ | 69L°CI9¢ | 80V'96SC| LIL'SO9E| 9€19SSE €
L919C $60S°C 16€6°1 89C°C LOEET| TSO09VE | PECBIVE | OLIPLYE | TSEELVE| SECISHE C THISAL
OSSVd OSS Vd | JOWVOM VoM OSSVd OSS Vd | JOWVOM VoM p:| sofew|
(s) auury, uonouny ssauIg

sonbruyos) uonejuewSas JUAISHIP Jo awm ssa001d D) PuL SON[eA UONOUNY SSAUJY JO 9SLIOAR QUL T dqEL



M.A. El Aziz et al.

L6T 9ST LET LOT T¥| €PTELT TET 96 €S | LT 6€T TTT 10T LT| OLY 8ST #¥1 T6 €S| €91 6¢1 1€T T8 LE S
S9T €€T 66 €9 ILT T#1 +6 0S 061 TH1 CIT 69 ¥L1 8€T 80T 99 161 TET 69 T€ 14
081 v€1 LS SST Tl ¥ 651 8CI €6 SLT0E1 T8 9LT €€T 8% ¢

0€1 29 8TI IL i1 08 IST 08 Y€1 SS 4 LAIS?L,
661 8€198CLTT| 961 6V1 €689 TH | L8T LLT LETTOYS| 6L1 OFT 10T L9 ST| L¥T 861 6ST €01 €9 S
L8T OET L6 1€ GLI STI €8 8% L9 6T1 TL 1¥ LLT TTT €8 9T 9GT LIT S9 6F ¥
Y91 ¥8 LE 191 26 9C T 6 T IST S6 89 0SI STT ¥t €

6€1 69 I+1 29 6€1 29 ¥h1 8¢S LSTTL 4 THISAL
STTTLIOCTI S6 L9 | $OTSLI CET Y11 TL| 6ITOLIOTI99LE|  SO6I 8YI €6TLLT| THT Y81 1T €8 LY S
€61 SST TIT 0 65 00T ¥ST TTT 78 L61 €21 16 681 191 €01 £F LOT €21 T6 6% 4
681 TET LL 60T 8€T 8 T81 1199 651 TTI 65 T61 OF1 LL ¢

691 +8 891 88 SLI T6 L9T 6L Y91 ST1 14 CHISAL
$8T €CT1 8L 8S0€|  8LI 6TI 0809 1€ | L8TSLT €T 9L ¥ | S9T 84T 00T L9 SE€| 80T LST 8TT 00T +S S
OLT STT 10T €S 651 60T 29 1€ 871 101 09 6€ LLY STT €L YE €61 9%1 08 9L 14
IST ¥6 £ 651 601 TS 191 €11 8% vl 18 v €€1 L9 T ¢

SST ¥L 8¥1 LL i1 69 T 65 621 €9 4 THISAL

0SSvd oSS vd dOINVOM YOM | soSew]

34

sonbruyoa} Jo SPIOYSaIY} PAIOR[AS € Qe



35

Multi-objective Whale Optimization Algorithm for Multilevel Thresholding ...

1850°1¢C 0L08°0¢ Y6CI'1C CLSSTC 88€0°CC €reL’o IVIL0 ¥8¢L°0 9L8L0 98¥7L°0 S

CI86'1¢ SSLT'IC 0€¢s0C 6081°'1¢C SO6LL'LL 66€L°0 061L°0 010L°0 0LELO 17290 ¥

€5C0°LT £909°'81 0290°81 805561 £v0v'91 ¥809°0 S6v9°0 SLESO 86990 9685°0 €

439400 6L6L91 V8IL'LI 805081 €01091 45554 2960 81850 LY65°0 SLESO C LAISAL

LOLY'61 €6Cl'1¢ 170€°0¢ 8688°0¢ 6¢Iv6l SL99°0 65690 01590 891L°0 1650 S

677Ce 81 LIvL'61 LT86'81 (43 LTIT'81 86190 6%799°0 6CL9°0 16,90 9L¥9°0 14

[C89°LI 1€0691 YLOL 91 Pee8'LI 65Ty 91 LSY9°0 §509°0 LT€9°0 £609°0 0565°0 €

8I¥1Sl LTLEST S66C'S1 9eer Gl 9¢19°CI 8050 901750 L6€S0 866C°0 8861°0 4 THIS?L

8660°LI1 126991 L790°0¢ £08L°61 LS9T61 €LLS0 4334 199L°0 LS8L0 L9690 S

10€G°LT 0069°S1 876991 2906°81 12TT8'LI Lv09°0 §€0S°0 6L5S°0 LTLY0 €L£9°0 14

CeLY Sl LE96 V1 999091 86€891 8801°S1 610 £851°0 L1€S0 98850 88810 €

€e10v1 Lyeecl 1108°¢l 8Y91'v1 ¥86L°CI <607°0 LEOY'O S16€°0 £801°0 1L2€°0 [4 EHISAL

2908°0¢ 616C'1C Sv1T0C 1090°1¢C §eee6l 6LSL0 £€29L°0 9789°0 08¢L0 €519°0 S

9990°61 6£C6'61 clirel 1€v0°0¢ SLY991 6¥719°0 0LTL0 91789°0 CeIL0 L9810 ¥

069C°81 0¥2C0"81 £€66'L1 SLLT'81 YOCI'LI £9¢9°0 6185°0 88S°0 £9¢9°0 8¢¥9'0 €

LI Gl €08S°S1T €61LST 061L°CT [ 29! S0 98¢Y°0 89S¥°0 L66V°0 0910 4 THISoL

OSSVd OSS Vd | JOWVOM VoM OSSVd OSS Vd | JOWVOM VoM p:| sofew|
ANSd ISS

sonbruyo9) uoneIuAW3as JUAIAYIP JO INISS PUB YNSJ 93e1oAe oY], § IqBL



36 M.A. El Aziz et al.

(d) K=5

Fig. 6 The result of segmentation TestE7 image using (from left to right) SSO, FASSO, FA,
WOAMOP, and WOA

4.4 The Results and Discussions

The results of comparison between the proposed algorithm and other algorithms are
illustrated in Tables 2, 3, 4 and Fig. 6.

In Table 2, the average results of fitness values and time(s) are computed at thresh-
olds 2, 3, and 4. From this table and Fig. 6d we can conclude that, based on the fit-
ness function (as a measure), in general the WOAMOP is the better algorithm than
the SSO is in the second rank followed by the FASSO, FA, and WOA. However,
at threshold level equal to the FA and SSO give results better than that obtained
by WOAMOP, also at level three of segmentation, the FASSO is outperformed
WOAMOP (very small difference). At the high-level thresholding (4 and 5) the
WOAMOP is better than all other algorithms followed by SSO in the second rank.
Also from this table and Fig. 6¢ the best algorithm based on the time elapsed is the
proposed algorithm followed by FA (however, this very small difference).

Table 4 and Fig. 6a—b show the SSIM and PSNR values. From this table and 6b
we can observe that, at K = 2,3,4, and 5 the WOAMOP is better than all other
algorithms (however, at k = 2 the difference between the algorithm is small). Also,
the FA is in the second rank followed by SSO, FASSO, and WOA.

From all previous discussion we can conclude that the proposed method gives
better performance based on the quality measures that used (PSNR, SSIM, time,
and fitness function).
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5 Conclusion and Future Work

Image recognition applications use image processing methods to prepare and process
the images to be able to identify and recognize the objects on them. So, image seg-
mentation techniques is an essential preprocessing step in several applications; it
divides an image into segments with similar features based on a predefined criterion.
In this chapter, a new multi-objective whale optimization algorithm (WOAMOP)
was proposed for multi-thresholding image segmentation. The proposed method
used the hybrid between the Kapur’s entropy and the Otsu’s function as a fitness
function. The WOAMOP applied to determine the best solution (threshold values)
and then used this thresholding values to divide the image. The experiment results of
the proposed method were compared with four algorithms, namely, original WOA,
FA, SSO, and FASSO. The WOAMOP achieved better results than all algorithms,
and also it provides a faster convergence with relatively lower processing time. In
future, the WOAMOP can be applied to other complex image segmentation prob-
lems such as color images.
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