Chapter 2
Multilevel Segmentation in Digital Images

Abstract Segmentation is used to divide an image into separate regions, which in
fact correspond to different real-world objects. One interesting functional criterion for
segmentation is the Tsallis entropy (TE), which gives excellent results in bi-level
thresholding. However, when it is applied to multilevel thresholding (MT), its
evaluation becomes computationally expensive, since each threshold point adds
restrictions, multimodality and complexity to its functional formulation. In this
chapter, a new algorithm for multilevel segmentation based on the Electromagnetism-
Like algorithm (EMO) is presented. In the approach, the EMO algorithm is used to
find the optimal threshold values by maximizing the Tsallis entropy. Experimental
results over several images demonstrate that the proposed approach is able to improve
the convergence velocity, compared with similar methods such as Cuckoo search,
and Particle Swarm Optimization.

2.1 Introduction

Segmentation is one of the basic steps of an image analysis system, and consists in
separating objects from each other, by considering characteristics contained in a
digital image [1]. It has been applied to feature extraction [2], object identification
and classification [3], surveillance [4], among other areas. In order to obtain
homogeneous regions of pixels, a common method is using the histogram’s
information with a thresholding approach [5]. This method is considered the easiest
one in segmentation, and it works taking threshold values which separate ade-
quately the distinct regions of pixels in the image being processed. In general, there
are two thresholding approaches, namely bi-level and multilevel. In bi-level
thresholding (BT), it is only needed a threshold value to separate the two objects of
an image (e.g. foreground and background). For real life images, BT doesn’t
provide appropriate results. On the other hand, multilevel thresholding
(MT) divides the pixels in more than two homogeneous classes and it needs several
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threshold values [5, 6]. Threshold methods are divided in parametric and non-
parametric [6, 7]. In parametric approaches, it is necessary estimating the param-
eters of a probability density function capable of modelling each class. Such an
approach is time consuming and computationally expensive. A nonparametric
technique employs a given criteria (between-class variance, entropy and error rate
[9-8]) which must be optimized to determine the optimal threshold values. These
approaches result an attractive option due their robustness and accuracy [9].

For bi-level thresholding there exist two classical methods: the first one, pro-
posed by Otsu [10], maximizes the variance between classes, whereas the second
one, proposed by Kapur in [11], uses the entropy maximization to measure the
homogeneity among classes. Their efficiency and accuracy have been already
proved by segmenting pixels into two classes [12]. Both methods, Otsu and Kapur,
can be expanded for multilevel thresholding; however, their computational com-
plexity is increased, and also its accuracy decreases with each new threshold added
into the searching process [12, 13].

The Tsallis entropy (TE), proposed in [14], is known as the non-extensive
entropy, and can be considered as an extension of Shannon’s entropy. Recently,
there exist several studies that report similarities among the Tsallis, the Shannon
and the Boltzmann-Gibbs entropies [13, 16-15]. Different to the Otsu and Kapur
methods, the Tsallis entropy produces a functional formulation whose accuracy
does not depend on the number of threshold points [16]. In the process of image
segmentation, under the TE perspective, it is selected a set of threshold values that
maximize the TE functional formulation, so that each pixel is assigned to a
determined class according to its corresponding threshold points. TE gives excellent
results in bi-level thresholding. However, when it is applied to multilevel thresh-
olding (MT), its evaluation becomes computationally expensive, since each
threshold point adds restrictions, multimodality and complexity to its functional
formulation. Therefore, in the process of finding the appropriate threshold values, it
is desired to limit the number of evaluations of the TE objective function. Under
such circumstances, most of the optimization algorithms do not seem to be suited to
face such problems as they usually require many evaluations before delivering an
acceptable result.

As an alternative to traditional thresholding techniques, the problem of MT has
also been handled through evolutionary methods. In general, they have demon-
strated, under several circumstances, to deliver better results than those based on
deterministic approaches in terms of accuracy and robustness [17, 18]. Under such
conditions, recently, an extensive amount of evolutionary optimization approaches
have been reported in the literature to find the appropriate threshold values by
maximizing the complex objective function produced by Tsallis entropy. Such
approaches have produced several interesting segmentation algorithms using dif-
ferent optimization methods such as Differential evolution (DE) [5], Particle Swarm
Optimization algorithm (PSO) [19], Artificial Bee Colony (ABC) [16], Cuckoo
Search algorithm (CSA) [13], Bacterial Foraging Optimization (BFOA) [12] and
Harmony Search (HS) [20]. All these approaches permit with different results to
optimize the TE fitness function in despite of its high multimodality characteristics.
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However, one particular difficulty in their performance is the demand for a large
number of fitness evaluations before delivering a satisfying result.

This chapter presents a multilevel thresholding method that uses the
Electromagnetism-Like Algorithm (EMO) to find the best threshold values. EMO is
a population-based evolutionary method which was firstly introduced by Birbil and
Fang [21] to solve unconstrained optimization problems. The algorithm emulates
the attraction-repulsion mechanism between charged particles within an electro-
magnetism field. Each particle represents a solution and carries a certain amount of
charge which is proportional to its fitness value. In turn, solutions are defined by
position vectors which give real positions for particles within a multi-dimensional
space. Moreover, objective function values of particles are calculated considering
such position vectors. Each particle exerts repulsion or attraction forces over other
members in the population; the resultant force acting over a particle is used to
update its position. Clearly, the idea behind the EMO methodology is to move
particles towards the optimum solution by exerting attraction or repulsion forces
among them. Different to other evolutionary methods, EMO exhibits interesting
search capabilities such as fast convergence still keeping its ability to avoid local
minima in high modality environments [27-22]. Recent studies [30-23] demon-
strate that the EMO algorithm presents the best balance between optimization
results and demand of function evaluations. Such characteristics have attracted the
attention of the evolutionary computation community, so that it has been effectively
applied to solve a wide range of engineering problems such as flow-shop
scheduling [24], communications [25], vehicle routing [26], array pattern opti-
mization in circuits [27], neural network training [28], image processing [29] and
control systems [30].

In this chapter, a new algorithm for multilevel segmentation based on the
Electromagnetism-Like algorithm (EMO) is presented. In the approach, the EMO
algorithm is used to find the optimal threshold values by maximizing the Tsallis
entropy. As a result, the proposed algorithm can substantially reduce the number of
function evaluations preserving the good search capabilities of an evolutionary
method. In our approach, the algorithm uses as particles the encoding of a set of
candidate threshold points. The TE objective function evaluates the segmentation
quality of the candidate threshold points. Guided by the values of this objective
function, the set of encoded candidate solutions are modified by using the EMO
operators so that they can improve their segmentation quality as the optimization
process evolves. In comparison to other similar algorithms, the proposed method
deploys better segmentation results yet consuming less TE function evaluations.

The rest of the chapter is organized as follows. In Sect. 2.2, the standard EMO
algorithm is introduced. Section 2.3 gives a simple description of the Tsallis
entropy method. Section 2.4 explains the implementation of the proposed algo-
rithm. Section 2.5 discusses experimental results and comparisons after testing the
proposal over a set of benchmark images. Finally, in Sect. 2.6 the conclusions are
discussed.
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2.2 Electromagnetism—Like Optimization Algorithm
(EMO)

EMO is a population-based evolutionary method which was firstly introduced by
Birbil and Fang [31] to solve unconstrained optimization problems. Different to
other evolutionary methods, EMO exhibits interesting search capabilities such as
fast convergence still keeping its ability to avoid local minima in high modality
environments [27-22]. Recent studies [30-23] demonstrate that the EMO algorithm
presents the best balance between optimization results and demand of function
evaluations. From the implementation point of view, EMO utilizes N different
n-dimensional points x;;, i=1,2,...,n, as a population for searching the feasible
set X = {x € R"|l; <x <u;}, where 7 denotes the number of iteration (or generation)
of the algorithm. The initial population Sp, = {xlﬁt,xz,,, .. .,xNJ} (being t = 1), is
taken of uniformly distributed samples of the search region, X. We denote the
population set at the #-th iteration by Sp,, and the members of Sp, changes with .
After the initialization of Sp,, EMO continues its iterative process until a stopping
condition (e.g. the maximum number of iterations) is met. An iteration of EMO
consists of two main steps: in the first step, each point in Sp, moves to a different
location by using the attraction-repulsion mechanism of the electromagnetism theory
[29]. In the second step, points moved by the electromagnetism principle are further
perturbed locally by a local search and then become members of Sp, ; in the
(t + 1)-th iteration. Both the attraction-repulsion mechanism and the local search in
EMO are responsible for driving the members, x;,, of Sp, to the close proximity of
the global optimum.

As with the electromagnetism theory for charged particles, each point x;, € Sp,
in the search space X is assumed as a charged particle where the charge of a point is
computed based on its objective function value. Points with better objective
function value have higher charges than other points. The attraction-repulsion
mechanism is a process in EMO by which points with more charge attract other
points from Sp,, and points with less charge repel other points. Finally, a total force
vector F!, exerted on a point (e.g. the i-th point x;,) is calculated by adding these
attraction—repulsion forces, and each x;, € Sp, is moved in the direction of its total
force to the location y;,. A local search is used to explore the vicinity of the each
particle according to its fitness. The members, x;; 1 € Sp, |, of the (¢t + 1)-th
iteration are then found by using:

Xigs1 = {)’i,z if  f(yie) <f(zis) 2.1)

Zig otherwise

Algorithm 2.1 shows the general scheme of EMO. We also provided the
description of each step following the algorithm.
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Algorithm 2.1 [EMO (N, Itermax, lteripcar, 9)]

1. Input parameters: Maximum number of iteration lfern,x, values for the local
search parameter such Ifer;,.,; and 0, and the size N of the population.

2. Initialize: set the iteration counter ¢ = 1, initialize the number of Sp, uniformly
in X and identify the best point in Sp,.

3. while ¢t <Itery,x do

4. F! «— CalcF(Sp,)

5. yiy < Move(x;,, FY)

6. it LOC&](IIEV]OC(,[, 5,)7,‘,,)

7. Xig+1 < Select(SptH,yi’,,z,},)

8. end while

Input parameters (Line 1): EMO algorithm runs for Iter,,y iterations. In the local
search phase, n X Iterj,., is the maximum number of locations z;,, within a o
distance of y;,, for each i dimension.

Initialize (Line 2): The points x;,, ¢t = 1, are selected uniformly in X, i.e.
xi1~Unif(X), i=1,2,...,N, where Unif represents the uniform distribution.
The objective function values f(x;,) are computed, and the best point is identified
for minimization:

% = arg min {f(x;,)} (2.2)
and for maximization:
% = arg max {f(x;,)} (2.3)

Calculate force (Line 4): In this step, a charged-like value (g;,) is assigned to
each point (x;,). The charge ¢;, of x;, depends on f(x;,) and points with better
objective function have more charge than others. The charges are computed as
follows:

) -
s p( z,-N_lfu,-,f)—f(xf)) 24

Then the force, Fj;, between two points x;, and x;, is calculated using:

(xj,t - xi,t) Lﬂz if f(xi,t) >f(xj,z)

| ‘Xj.x —Xit

(xi,t — Xj7t) % if  flr) <f(x,)

2
‘Xj.rfxi,z ||

Fl, = (2.5)
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The total force, F;, corresponding to x;; is now calculated as:

N
Fi= > Fj (2.6)

=i

Move the point x;, along F? (Line 5): In this step, each point x;, except for x? is
moved along the total force F! using:

t

F
xiﬁl:xivt—’—)”TllH(RNG)’ 1= 172,,]\77 l;éB (27)

where A~ Unif (0, 1) for each coordinate of x;,;, and RNG denotes the allowed range
of movement toward the lower or upper bound for the corresponding dimension.

Local search (Line 6): For each y;, a maximum of iter,., points are generated in
each coordinate direction in the ¢ neighbourhood of y;,. This means that the process
of generating local point is continued for each y;, until either a better z;, is found or
the n X Iter;,y trial is reached.

Selection for the next iteration (Line 7): In this step, x;,41 € Sp,, ; are selected
from y;, and z;; using Eq. (2.1), and the best point is identified using Eq. (2.2) for
minimization or Eq. (2.3) for maximization.

As it can be seen from Egs. 2.1-2.8, the process to compute the elements of the
new population Sp,, | involves several operations that consider local and global
information. Such process is more laborious than most of the evolutionary
approaches which use only one equation to modify the individual position. This fact
could be considered as an implementation disadvantage of the EMO method.

2.3 Tsallis Entropy (TE)

The entropy is defined in thermodynamic to measure the order of irreversibility in
the universe. The concept of entropy physically expresses the amount of disorder of
a system [13, 16]. In information theory, Shannon redefines the theory proposed by
Boltzmann-Gibbs, and employ the entropy to measure the uncertainty regarding
information of a system [16]. In other words, is possible the quantitatively mea-
surement of the amount of information produced by a process.

The entropy in a discrete system takes a probability distribution defined as
p = {p:}, which represents the probability of find the system in a possible state i.
Notice that 0 <p; <1, Zf: 1 pi = 1, and k is the total number of states. In addition,
a physical or information system can be decomposed in two statistical independent
subsystems A and B with probabilities p* and p®, where the probability of the
composed system is given by pA+8 = pA . pB. Such definition has been verified
using the extensive property (additive) Eq. (2.8) proposed by Shannon [13, 16]:
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S(A+B) = S(A) + S(B) (2.8)

Tsallis proposed a generalized form of statistics based on the related concepts
and the multi-fractal theory. The Tsallis entropic form is an important tool used to
describe the thermo statistical properties of non-extensive systems and is defined as:

PR R S () (2.9)

q q_l

where S is the Tsallis entropy, ¢ is the Tsallis entropic index that represents the
degree of non-extensivity and k is the total number of possibilities of the system.
Since Tsallis entropy is non-extensive, it is necessary to redefine the additive
entropic rule of Eq. (2.8).

Sq(A+B) = 84(A) +54(B) + (1 — q) - S4(A) - S4(B) (2.10)

Since image segmentation has non-additive information content, it is possible to
use the Tsallis entropy to find the best thresholds [16]. A digital gray scale image
has k gray levels that are defined by the histogram. The easiest thresholding con-
siders to classes divided by a one threshold (bi-level), to solve this problem is
considered the probability distribution of the gray levels (p; = pi,p2, .. .px). For
each class A and B two probability distributions are created Eq. (2.11)

pPr D2 DPin P1 P2 Pk
pA:}TA’[TA""ﬁ and pB:ﬁ7ﬁ,...fTB (211)
where
th k
P*=>"p; and PP= )" p (2.12)
i=1 i=th+ 1

The TE for class A and Class B is defined as follows:

1— th (pi\4 1— k b q
S0 (th) :zq:l_—'l("/*) . Sh(th) = Z;—fﬁ 1 () (2.13)

TE value depends directly on the selected threshold value, and it maximizes the
information measured between two classes. If the value of S,(¢h) is maximized it
means that #h is the optimal value. In order to verify the efficiency of the selected ##,
in Eq. (2.14) is proposed an objective function using Eq. (2.10):

TH,p (th) = arg max (S;‘(rh) +S5(th) + (1 —q) - Sy(th) - Sp (th)) (2.14)
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The previous description of this bi-level method can be extended for the iden-
tification of multiple thresholds. Considering nt thresholds, it is possible separate
the original image into (n#-1) classes. Under the segmentation approach, the opti-
mization problem turns into a multidimensional situation. The candidate solutions
are conformed as th/ = [thi,thy, .. .th,]. For each class is computed the entropy
using the Tsallis methodology and the objective function is redefined as follows:

TH,,(th) = arg max(L)
L =S, (th)+ S, (thy) + -+ + Sy (thw) + (1 — q) - Sy (thy) - S2(thy). . .S} (thy)

(2.13)
where
_ th) pi _ {hz pi\4
Sl(ﬂ’ll) E ( ) ’ Sz(th) — Zl:lh1+l (Pz) N
g qg—1 4 qg—1
me ( )q (2.16)
n T Lai=thy,_; +1 \pv
Sy (th) = _—

Notice that for each threshold the entropy is computed and corresponds to a
specific class. However there exist an extra class it means that exist nf + 1 classes.
The extra class is considered default class because it is computed from nt to
k Eq. (2.17).

- Zf:th,,,+l (%)q
g—1 (2.17)

Sq7 (thy) =

From Eq. 2.14, it is evident that TE presents a simple functional formulation for
bi-level thresholding. However, as it is shown by Eqs. 2.15 and 2.16, when it is
considered multilevel thresholding (MT), its evaluation becomes computationally
expensive, since each threshold point adds restrictions, multimodality and com-
plexity to its functional formulation. Therefore, in the process of finding the
appropriate threshold values, it is desired to limit the number of evaluations of the
TE objective function. Under such circumstances, most of the optimization algo-
rithms do not seem to be suited to face such problems as they usually require many
evaluations before delivering an acceptable result.



2.4 Multilevel Thresholding Using EMO and Tsallis Entropy (TSEMO) 17

2.4 Multilevel Thresholding Using EMO and Tsallis
Entropy (TSEMO)

In this chapter, a new algorithm for multilevel segmentation based on the
Electromagnetism-Like algorithm (EMO) is presented. In the approach, the EMO
algorithm is used to find the optimal threshold values by maximizing the complex
Tsallis entropy. Different to other evolutionary methods, EMO exhibits interesting
search capabilities such as fast convergence still keeping its ability to avoid local
minima in high modality environments [27-22]. Recent studies [30-23] demon-
strate that the EMO algorithm presents the best balance between optimization
results and demand of function evaluations. As a result, the proposed segmentation
algorithm can substantially reduce the number of function evaluations preserving
the good search capabilities of an evolutionary method. However, as it can be seen
from Egs. 2.1-2.8, the process of EMO, to compute the elements of the new
population, involves several operations that consider local and global information.
Such process is more laborious than most of the evolutionary approaches which use
only one equation to modify the individual position. This fact could be considered
as an implementation disadvantage of the EMO method. In this section, the pro-
posed approach is discussed.

2.4.1 Particle Representation

Each particle uses nt decision variables in the optimization algorithm. Such ele-
ments represent a different threshold point used for the segmentation. Therefore, the
complete population is represented as:

Sp, = [thy, thy, ... thy], th; = [thy,thy,.. . th,]" (2.18)

where ¢ represents the iteration number, T refers to the transpose operator, N is the
size of the population.

2.4.2 EMO Implementation

The proposed segmentation algorithm has been implemented considered the Tsallis
pseudo-additive entropic rule as objective function Eq. (2.15). The implementation
of the EMO algorithm can be summarized into the following steps:
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Step 1 Read the image I and store it into Ig,.

Step 2 Obtain histogram 4% of I;;.

Step 3  Initialize the EMO parameters: lferyax, lteripeq, 0, k and N.

Step 4  Initialize a population Sp, of N random particles with nt dimensions.

Step S Compute the Tsallis entropy S;(Sp,) for each element of Sp,, Egs. (2.16)
and (2.17). Evaluate Sp; in the objective function TH,,,(Sp,) Eq. (2.15).

Step 6  Compute the charge of each particle using Eq. (2.4), and with Egs. (2.5)
and (2.6) compute the total force vector.

Step 7 Move the entire population Sp, along the total force vector using
Eq. (2.7).

Step 8 Apply the local search to the moved population and select the best
elements of this search based on their objective function values.

Step 9  The ¢ index is increased in 1, If # > Itferpy,y or if the stop criteria is satisfied
the algorithm finishes the iteration process and jump to step 11.
Otherwise jump to step 7.

Step 10  Select the particle that has the best x®* objective function value Eqs. (2.3)
and (2.15).

Step 11  Apply the thresholds values contained in x¥ to the image I,

2.4.3 Multilevel Thresholding

Ones the EMO algorithm finds the best threshold values that maximize the
objective function. These are used to segment the image pixels. There exist several
ways to apply the thresholds, in this chapter we use the following rule for two
levels:

Iy (ryc) if Iy (r,c) <th
Is(r, C) = thy if l‘]’l1<1(;r(i’7 C)Sﬂ’lg (219)
IGr(r, C) if IGr(r, C) > thy

where I(r, ¢) is the gray value of the segmented image, I, (7, ¢) is the gray value of
the original image both in the pixel position r, c. th; and th; are the threshold values
obtained by the EMO approach. Equation (2.19) can be easily extended for more
than two levels Eq. (2.20).

I (ryc) if I (r,c)<th
l,-(r,C) = thi_; if thi_1<IGr(r,c)§thi, i=23,...nt—1

2.20
IGr(r; C) if I(;r(r, C) > thy; ( )
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2.5 Experimental Results

The proposed algorithm has been tested under a set of 11 benchmark images. Some
of these images are widely used in the image processing literature to test different
methods (Lena, Cameraman, Hunter, Baboon, etc.) [13]. All the images have the
same size (512 x 512 pixels) and they are in JPGE format.

In order to carry out the algorithm analysis the proposed TSEMO is compared to
state-of-the-art thresholding methods, such Cuckoo Search algorithm (CSA) [13]
and Particle Swarm Optimization (PSO) [17]. Since all the methods are stochastic,
it is necessary to employ statistical metrics to compare the efficiency of the algo-
rithms. Hence, all algorithms are executed 35 times per image, according to the
related literature the number the thresholds for test are th = 2,3,4,5 [13, 19]. In
each experiment the stop criteria is set to 50 iterations. In order to verify the
stability at the end of each test the standard deviation (STD) is obtained Eq. (2.21).
If the STD value increases the algorithms becomes more instable [29].

N Itermax (O’i — ,l,t)
STD =4[ 7 o (2.21)

On the other hand the peak-to-signal ratio (PSNR) is used to compare the sim-
ilarity of an image (image segmented) against a reference image (original image)
based on the mean square error (MSE) of each pixel [5, 13, 30, 32]. Both PSNR and
MSE are defined as:

255
PSNR = 201log, (M) (dB)
ro co .o . (222)
RMSE = \/Zi_l ijl (IGr(la]) - Izh(h]))
ro X co

where Ig, is the original image, I, is the segmented image and ro, co are the total
number of rows and columns of the image, respectively. The Structure Similarity
Index (SSIM) is used to compare the structures of the original umbralized image
[33] it is defined in Eq. (2.23). A higher SSIM value means that the performance of
the segmentation is better.

(2ﬂ16,rulm + Cl) (20_1Gr1rh + CZ)

SSIM (1, 1) =
Uort) = (a4 1 + 1) (o2, + o, + C2)

; (2.23)
1
O-I(JIG»‘ - ]ﬁz (IGr[ + 'ulGr) (Ithf + 'u[th)
i=1

where ;. and g, are the mean value of the original and the umbralized image
respectively, for each image the values of g;, and ¢;, corresponds to the standard
deviation. Cl1 and C2 are constants used to avoid the instability when
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,u%G'_ + ,u%h ~ 0, experimentally in [12] both values are C1 = C2 = 0.065. Another
method used to measure the quality of the segmented image is the Feature
Similarity Index (FSIM) [34]. FSIM calculates the similarity between two images,
in this cases the original gray scale image and the segmented image Eq. (2.24). As
PSNR and SSIM the higher value is interpreted as better performance of the
thresholding method.

S PC,,
Fsim — 2 SLVPCn ) (2.24)
weQ PCm W)
where Q represents the entire domain of the image:
SL(W) = Spc(W)SG(W)
S (W) - 2PC1 (W)PCQ(W) + Tl
P T PC (w) + PC2(w) + T, (2.25)
2G1 (W)G2 (W) + 1,
Sg(W) =
) = Gw) + G +

G is the gradient magnitude (GM) of an image and is defined as:

G=,/G+G? (2.26)

PC is the phase congruence:

E(w)
(e X, An(w)

A,(w) is the local amplitude on scale n and E(w) is the magnitude of the
response vector in w on n. & is an small positive number and
PC,,(w) = max(PCy(w),PCy(w)). On the other hand, Table 2.1 presents the
parameters for the EMO algorithm. They have been obtained using the criterion
proposed in [31] and kept for all test images.

PC(w) = (2.27)

2.5.1 Tsallis Entropy Results

In this section, the results of the TSEMO algorithm are analyzed, considering as
objective function Eq. (2.15) the Tsallis entropy [35]. The approach is applied over

Table 2.1 EMO parameters

Itermax Iteripeal 0 N
200 10 0.25 50
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the complete set of benchmark images whereas the results are registered in
Table 2.2. Such results present the best threshold values obtained after testing the
TSEMO algorithm, considering four different threshold points th =2,3,4,5. In
Table 2.2, it is also shown the PSNR, STD, SSIM and FSIM values.

There have been selected five images of the set to show (graphically) the seg-
mentation results. Figure 2.1 presents the images selected from the benchmark set
and their respective histograms which possess irregular distributions (particularly
Fig. 2.1j). Under such circumstances, classical methods face great difficulties to
find the best threshold values.

Table 2.3 shows the images obtained after processing 5 original images selected
from the entire benchmark set, applying the proposed algorithm. The results present
the segmented images considering four different threshold levels th = 2,3,4,5. In
Table 2.3, it is also shown the evolution of the objective function during one
execution. From the results, it is possible to appreciate that the TSEMO converges
(stabilizes) around the first 100 iterations. The segmented images provide evidence
that the outcome is better with th = 4 and th = 5; however, if the segmentation task
does not requires to be extremely accurate then it is possible to select th = 3.

2.5.2 Comparisons

In order to demonstrate that the TSEMO is an interesting alternative for MT, the
proposed algorithm is compared with two state-of-the-art implementations. The
methods used for comparison are: the Cuckoo Search Algorithm (CSA) [13] and the
Particle Swarm Optimization (PSO) [19], both methods uses the Tsallis entropy.

All the algorithms run 35 times over each selected image. The images used for
this test are the same of the selected in Sect. 2.5.1 (Camera man, Lena, Baboon,
Hunter and Butterfly). For each image is computed the PSNR, STD, SSIM, FSIM
values and the mean of the objective function.

The comparison results between the three methods are divided in two tables,
Table 2.4 shows the STD and mean values of the fitness function. Table 2.5 pre-
sents the values of the quality metrics obtained after apply the thresholds over the
test images.

The fitness values of four methods are statistically compared using a
non-parametric significance proof known as the Wilcoxon’s rank test [36] that is
conducted with 35 independent samples. Such proof allows assessing result dif-
ferences among two related methods. The analysis is performed considering a 5%
significance level over the best fitness (Tsallis entropy) value data corresponding to
the five threshold points. Table 2.6 reports the p-values produced by Wilcoxon’s
test for a pair-wise comparison of the fitness function between two groups formed
as TSEMO versus CSA, TSEMO versus PSO. As a null hypothesis, it is assumed
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Table 2.2 Result after applying the MTEMO to the set of benchmark images

Image k Thresholds x& PSNR STD SSIM FSIM
Camera man 2 71, 130 23.1227 31.00 E-04 0.9174 0.8901
3 71, 130, 193 18.0122 72.01 E-04 0.8875 0.8456
4 44, 84, 120, 156 24.9589 86.01 E-03 0.9363 0.9149
5 44, 84, 120, 156, 196 23.0283 7.90 E-01 0.9289 0.8960
Lena 2 79, 127 23.9756 7.21 E-05 0.9083 0.8961
3 79, 127, 177 21.0043 14.37 E-04 0.8660 0.8197
4 62, 94, 127, 161 24.0020 18.69 E-03 0.9057 0.8851
5 62, 94, 127, 161, 194 23.3736 39.82 E-02 0.8956 0.8684
Baboon 2 15, 105 23.5906 18.51 E-06 0.9480 0.9437
3 51, 105, 158 19.9394 28.78 E-02 0.9011 0.9059
4 33, 70, 107, 143 23.5022 22.65 E-02 0.9530 0.9594
5 33, 70, 107, 143, 179 21.9540 37.13 E-01 0.9401 0.9417
Hunter 2 60, 119 22.8774 17.89 E-04 0.9192 0.8916
3 60, 119, 179 20.2426 54.12 E-04 0.9031 0.8652
4 46, 90, 134, 178 22.4723 1.94 E-02 0.9347 0.9159
5 46, 90, 134, 178, 219 22.4025 1.23 E-01 0.9349 0.9173
Airplane 2 69, 125 25.4874 17.31 E-04 0.9685 0.9239
3 69, 125, 180 22.9974 17.89 E-04 0.9433 0.8909
4 55, 88, 122, 155 28.5400 19.21 E-03 0.9848 0.9677
5 55, 88, 122, 155, 188 26.4997 35.08 E-03 0.9663 0.9417
Peppers 2 70, 145 19.6654 54.83 E-02 0.8697 0.8378
3 70, 145, 223 17.2736 1.31 E-01 0.8437 0.7534
4 46, 88, 132, 175 21.8275 3.02 E-04 0.8976 0.8552
5 46, 88, 132, 175, 223 21.1207 6.34 E-03 0.8976 0.8304
Living room 2 55, 111 22.6665 47.11 E-03 0.9116 0.8966
3 55, 111, 179 18.0379 15.27 E-04 0.8482 0.8132
4 42, 85, 124, 162 21.7235 93.35 E-03 0.9170 0.9090
5 42, 85, 124, 162, 201 21.3118 94.32 E-03 0.9183 0.9029
Blonde 2 62, 110 25.8389 31.91 E-04 0.9645 0.9503
3 62, 110, 155 21.5001 37.05 E-04 0.9012 0.8759
4 36, 65, 100, 134 25.9787 17.45 E-03 0.9606 0.9491
5 36, 65, 100, 134, 168 23.1835 48.20 E-03 0.9328 0.9077
Bridge 2 65, 131 20.1408 22.71 E-04 0.8619 0.8749
3 65, 131, 191 18.7016 40.49 E-04 0.8410 0.8479
4 45, 88, 131, 171 21.4247 38.48 E-03 0.9168 0.9279
5 45, 88, 131, 171, 211 21.0157 66.16 E-03 0.9153 0.9217
Butterfly 2 83, 120 26.7319 96.11 E-03 0.9493 0.9195
3 83, 120, 156 24.4582 39.04 E-03 0.9386 0.8934
4 70, 94, 119, 144 27.0221 14.59 E-02 0.9653 0.9417
5 70, 94, 119, 144, 172 25.7809 98.61 E-02 0.9610 0.9283
Lake 2 71, 121 27.8565 10.69 E-04 0.9729 0.9638
3 71, 121, 173 23.7695 12.87 E-04 0.9399 0.9288
4 41, 80, 119, 159 24.7454 11.97 E-03 0.9587 0.9422
5 41, 80, 119, 159, 197 22.4347 11.80 E-03 0.9439 0.9213
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Fig. 2.1 (continued)

that there is no difference between the values of the two algorithms tested. The
alternative hypothesis considers an existent difference between the values of both
approaches. All p-values reported in Table 2.6 are less than 0.05 (5% significance
level) which is a strong evidence against the null hypothesis, indicating that the
TSEMO fitness values for the performance are statistically better and it has not
occurred by chance.

On the other hand, to compare the fitness of the three methods Table 2.7 shows
the fitness values obtained for the reduced set of image (5 images). Each algorithm
runs 1000 times and the best value of each run is stored, at the end of the evolution
process the best stored values are plotted. From Table 2.6 it is possible to analyze
that TSEMO and CSA reach the maximum entropy values in less iterations than the
PSO method.
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Table 2.3 Results after appliying the MT-EMO using Tsallis entropy over the selected
benchamark images
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Table 2.3 (continued)
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Table 2.3 (continued)
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Table 2.4 Comparison of the STD and mean values of the TSEMO, CSA and PSO applied over
the selected test images using Tsallis method

Image k | TSEMO CSA PSO
STD Mean STD Mean STD Mean
Camera man |2 |31.00 E-04 |4.49 E+04 |89.56 E-04 |4.02 E+04 |83.00 E02 4.19 E+04
3 | 72.01 E-04 |7.49 E+04 |98.32 E-04 |6.99 E+04 | 89.00 E+00 |7.27 E+04
4 |86.01 E-03 |2.79 E+06 | 18.68 E-03 |2.18 E+06 | 12.35 E+02 |2.37 E+06
5 | 7.90 E-01 |4.65 E+06 |[69.98 E-01 |4.56 E+06 | 5.38 E+03 |4.28 E+06
Lena 2 | 721 E-05 |343 E+04 | 2.61 E+00 |3.33 E+04 | 15.27 E+00 |3.30 E+04
3 | 1437 E-04 |5.72 E+04 | 3.39 E+00 |5.67 E+04 | 3.31 E+00 |5.62 E+04
4 |18.69 E-03 |1.62 E+06 | 5.52 E+00 |1.45E+06 | 7.35 E+00 | 1.45 E+06
5 |39.82 E-02 |2.71 E+06 | 8.50 E+01 |2.55 E+06 | 2.92 E+00 |2.59 E+06
Baboon 2 | 18.51 E-06 |3.64 E+04 |15.11 E-02 |3.47 E+04 | 2.64 E+00 |3.40 E+04
3 | 28.78 E-02 | 6.08 E+04 |40.80 E-02 |6.05 E+04 1.44 E+00 | 6.03 E+04
4 122.65E-02 |1.97 E+06 |62.02 E-02 |1.90 E+06 | 8.11 E+00 | 1.86 E+06
5 |37.13 E-01 |3.29 E+06 |52.74 E-02 |3.20 E4+06 | 2.68 E+00 |3.20 E+06
Hunter 2 | 17.89 E-04 | 478 E+04 | 7.38 E-04 |4.70 E+04 | 4.38 E+00 |4.72 E+04
3 | 54.12 E-04 |7.97 E+04 | 2.95E-04 |7.89 E+04 | 9.47 E+00 |7.85 E+04
4 1.94 E-02 | 2.96 E+06 1.62 E-01 |2.93 E+06 1.04 E+01 |2.92 E+04
5 1.23 E-01 |4.94 E+06 | 2.46 E-01 |4.89 E+06 | 3.23 E+02 |4.75 E+04
Butterfly 2 |96.11 E-03 |8.61 E+03 |12.78 E-02 |8.56 E+03 6.36 E-01 |8.55 E+03
3 139.04 E-03 | 1.43 E+04 |19.00 E-02 |1.38 E+04 | 11.56 E-01 |1.35 E+04
4 | 1459 E-02 |1.88 E+05 |11.04 E-01 | 1.80 E+05 1.04 E+00 | 1.81 E+05
5 198.61 E-02 |3.14 E+05 1.58 E+00 |3.07 E+05 3.58 E+00 |2.96 E+05
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Table 2.5 Comparison of the PSNR, SSIM and FSIM values of the TSEMO, CSA and PSO
applied over the selected test images using Tsallis method

Image k | TSEMO CSA PSO
PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM
Camera man |2 |23.1227 |0.9174 |0.8901 |23.1194 | 09173 |0.8901 |22.9737 |0.9160 |0.8871
3 | 18.0998 | 0.8875 | 0.8509 | 18.7480 | 0.8918 |0.8456 | 18.0122 |0.8874 |0.8441
4 125.0021 |0.9369 |0.9151 |24.5479 |0.9349 |0.9097 |23.3230 |0.9280 |0.8976
5 229136 |0.9286 |0.8950 |22.5284 |0.9243 |0.8891 |21.9598 |0.9222 |0.8839
Lena 2 123.9982 |0.9088 |0.8966 |23.9756 |0.9083 |0.8961 |23.9594 |0.9085 |0.8953
3 21.2592 | 0.8699 |0.8255 |20.9669 |0.8655 |0.8192 |20.9989 |0.8659 |0.8196
4 1239783 |0.9056 |0.8849 |23.9493 |0.9056 |0.8846 |23.8175 |0.9032 |0.8815
5 234275 |0.8954 |0.8691 |23.3099 |0.8960 |0.8689 |23.3777 |0.8949 |0.8674
Baboon 2 237510 |0.9496 |0.9452 |23.5906 |0.9480 |0.9410 |23.5048 |0.9475 |0.9323
3 199386 |0.9007 |0.9057 | 19.9031 |0.8810 |0.8759 |19.8021 |0.8729 |0.8729
4 |23.5165 09532 |0.9593 |23.5106 |0.9270 |0.9295 |23.5163 |0.9125 |0.9159
5 122.0538 |0.9410 |0.9408 |21.9071 |0.9399 |09112 |21.7165 |0.9350 |0.9377
Hunter 2 | 228783 [0.9192 |0.8916 |22.8074 |0.9089 |0.8826 |22.7910 |0.9093 |0.8818
3 1202581 |0.9034 |0.8654 |20.0026 |0.8931 |0.8552 |20.0858 |0.8921 |0.8521
4 1224221 |09341 [0.9159 |21.3972 |0.9237 |0.9055 |21.5061 |0.9244 |0.9024
5 |225014 09355 |0.9199 |21.3171 |0.9236 |0.9063 |21.3754 |0.9254 |0.9005
Butterfly 2 268352 |0.9504 |0.9212 |25.7319 |0.9493 |0.9195 |25.1635 |0.9431 |0.9150
3 244144 | 09383 | 0.8926 |23.4545 |0.9300 |0.8834 |23.5251 |0.9315 |0.8846
4 |27.1226 | 0.9653 |0.9420 |26.0314 |0.9653 |0.9317 |26.0810 |0.9653 |0.9321
5 |25.8838 |0.9609 |0.9285 |24.0086 |0.9516 |0.9201 |24.4870 |0.9533 |0.9142

Table 2.6 Wilcoxon p-values of the compared algorithm TSEMO versus CSA and TSEMO
verssus PSO

Image k p-values
TSEMO versus CS TSEMO versus PSO
Camera man 2 6.2137 E-07 8.3280 E-06
3 1.0162 E-07 2.0000 E-03
4 8.8834 E-08 13.710 E-03
5 16.600 E-03 50.600 E-03
Lena 2 3.7419 E-08 1.6604 E-04
3 1.4606 E-06 1.3600 E-02
4 1.2832 E-07 2.9000 E-03
5 3.9866 E-05 8.9000 E-03
Baboon 2 1.5047 E-06 2.5500 E-02
3 6.2792 E-05 5.1000 E-03
4 2.1444 E-12 3.3134 E-05
5 2.1693 E-11 1.8000 E-03

(continued)
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Table 2.6 (continued)

29

Image k p-values
TSEMO versus CS TSEMO versus PSO
Hunter 2 2.2100 E-02 2.2740 E-02
3 3.6961 E-04 1.1500 E-02
4 6.8180 E-02 9.9410 E-09
5 5.8200 E-02 2.4939 E-04
Airplane 2 3.0000 E-03 6.6300 E-03
3 7.6000 E-03 3.5940 E-02
4 4.8092 E-12 1.1446 E-06
5 1.0023 E-09 2.7440 E-02
Peppers 2 2.7419 E-04 1.3194 E-04
3 2.6975 E-08 3.5380 E-02
4 1.5260 E-08 6.0360 E-02
5 7.2818 E-08 7.6730 E-02
Living room 2 1.4000 E-03 2.6340 E-02
3 6.8066 E-08 2.8000 E-03
4 8.7456 E-07 5.8730 E-03
5 1.7000 E-03 5.1580 E-03
Blonde 2 3.0000 E-03 4.1320 E-02
3 5.9000 E-03 8.9300 E-02
4 1.3800 E-02 2.7700 E-02
5 2.3440 E-02 5.6000 E-03
Bridge 2 1.5000 E-03 1.5700 E-02
3 1.4300 E-02 1.5350 E-02
4 1.7871 E-06 7.0400 E-03
5 8.7000 E-03 1.2400 E-02
Butterfly 2 1.5000 E-03 1.1150 E-02
3 3.1800 E-02 1.3760 E-02
4 4.8445 E-07 8.1800 E-03
5 1.6000 E-02 1.0630 E-02
Lake 2 7.6118 E-06 2.9500 E-02
3 1.2514 E-06 6.5644 E-06
4 2.2366 E-10 6.6000 E-03
5 5.3980 E-06 9.4790 E-03




30 2 Multilevel Segmentation in Digital Images

Table 2.7 Fitness comparsion of PSO (blue line), CSA (Black line) and EMO (red line) applied
for multilevel tresholding using TE

(Camera man

[Lena

[Baboon

[Hunter

[Butterfly

2.6 Conclusions

In this chapter, a new algorithm for multilevel segmentation based on the
Electromagnetism-Like algorithm (EMO) has been presented. The proposed
approach considers the segmentation process as an optimization problem, where
EMO is employed to find the optimal threshold points that maximize the Tsallis
entropy (TE). As a result, the proposed algorithm can substantially reduce the
number of function evaluations preserving the good search capabilities of an evo-
lutionary method. In our approach, the algorithm uses as particles the encoding of a
set of candidate threshold points. The TE objective function evaluates the seg-
mentation quality of the candidate threshold points. Guided by the values of this
objective function, the set of encoded candidate solutions are modified by using the
EMO operators so that they can improve their segmentation quality as the opti-
mization process evolves. In order to evaluate the quality of the segmented images,
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the use of the PSNR, STD, SSIM and FSIM is proposed. Such metrics considers the
coincidences between the original and the segmented image.

The study compares the proposed approach with other two similar approaches
the Cuckoo Search algorithm (CSA) and Particle Swarm Optimization algorithm
(PSO). The efficiency of the algorithms is evaluated in terms of PSNR, STD, SSIM,
FSIM and fitness values. Such comparisons provide evidence of the accuracy,
convergence and robustness of the proposed approach. The fitness of TSEMO is
compared with the CSA and PSO where is possible to see that both EMO and CSA
need a reduced number of iterations to converge. However the speed of conver-
gence of EMO is higher than de CSA in the same way PSO is the slower and it has
lack of accuracy. Although the results offer evidence to demonstrate that the
TSEMO method can yield good results on complicated images, the aim of our
chapter is not to devise a multilevel thresholding algorithm that could beat all
currently available methods, but to show that electro-magnetism systems can be
effectively considered as an attractive alternative for this purpose.
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