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Thresholding plays an important role in image segmentation and image analysis. In this
paper, the normalized histogram of an image is fitted by a linear combined normal dis-
tribution functions and each normal distribution function represents a class of pixels,
whereas the parameters like the mean, the variance and the weights in the fitting function
are undetermined. By transforming the fitting problem into a nonlinear and non-convex
optimization problem, the state transition algorithm (STA) which is a new global opti-
mization method is used to choose the optimal parameters of the fitting function. The
effectiveness of proposed approach in multilevel thresholding problems is tested by several
experimental results. By comparing with OTSU, particle swarm optimization (PSO), genetic

Global optimization algorithm (GA) and differential evolution (DE) algorithm, it has shown that STA has com-

petitive performance in terms of both optimization results and thresholding segmentation.

© 2017 Elsevier Inc. All rights reserved.

1. Introduction

The process of image segmentation can subdivide a digital image into several regions according to the requirement of the
problem to be solved. The segmentation result of an image determines the eventual success of analysis for computerized
procedures [1]. With proper segmentation, an image can be described simply by means of meaningful things which are
easier to analyze. In general, the intensity values assigned to the same region are substantially similar, and the intensity
values from the adjacent regions are significantly different. In all possible approaches of image segmentation, thresholding
plays an important role in practical applications. It can be applied to many areas such as document image analysis [2,3],
image enhancement [4,5], feature extraction, map analysis [6], industrial inspection, and medical image processing.

Commonly, there are two major types of thresholding segmentation problems: single thresholding and multiple thresh-
olding. For single thresholding, there is only one threshold, which means the entire image can be divided into two classes:
the background and the foreground. Whereas for multiple thresholding segmentation, the distinct objects are subdivided
from an image by multiple thresholds, and each thresholds should be appropriate for the corresponding segmentation [7].

Thresholding segmentation approach has attracted the attention of many researchers for several years, and various
thresholding techniques have been investigated, consisting of parametric techniques and non-parametric techniques [8].
Parametric techniques begin with the assumption that the probability density function of each part of original image has a
normal distribution. Then the normal distribution functions can be combined to fit the normalized histogram of the image
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and the relevant parameters of such a fitting are estimated [9-12]. On the other hand, non-parametric techniques, including
entropy [13], error minimization [14], and between-class variance [15], use some dividing criteria to compute the threshold
values. The difference between parametric and non-parametric techniques lies in the criteria for threshold selection. The
non-parametric techniques are more efficient and simpler [16], but they may cost too much computation time especially
when dealing with multi-threshold image segmentation problems.

Optimization approaches in recent years have been used to solve multilevel thresholding segmentation problems. The
estimation of parameters in the fitting problem can be transformed into an optimization problem. Since parametric tech-
niques use transcendental functions, such as exponential function, the parameter estimation problem is usually a nonlinear
and non-convex optimization problem. Hence, it may not only have multiple disconnected feasible regions but also multiple
locally optimal points in such optimization problem. This problem is intrinsically very difficult to solve and the time re-
quired to solve this problem increases rapidly with the number of variables and constraints. There are a variety of methods
for solving this problem, and stochastic global optimization algorithms are the most popular and effective type of methods
[17-19].

Stochastic global optimization algorithms, such as genetic algorithms and evolutionary algorithms, maintain a population
of candidate solutions, increasing the probability of finding the global optimum [20]. Based on the theory of state and state
transition, a novel stochastic global optimization method named state transition algorithm (STA) has been proposed in [21-
25], which have strong ability of both global search and local search by using four special state transformation operators,
i.e,, rotation, translation, expansion and axesion. The superiority of the STA has been testified by comparing with other
global optimization algorithms such as genetic algorithm (GA) [26], particle swarm optimization (PSO) [27] and differential
evolution (DE) [28] algorithm. Thus, a multi-threshold image segmentation approach using STA is investigated [29]. Based
on the preliminary work of this study, the detailed process of multi-thresholding segmentation by using state transition
algorithm is illustrated in this paper. Moreover, the image denoising process is introduced to obtain better segmentation
results and the performance of the STA is compared with more optimization algorithms in terms of both computational
cost and solution precision. In addition, we add three test images, including medical images and human image, to verify the
effectiveness of proposed method.

The remainder of this paper is organized as follows. Section 2 provides the optimization problem by using a combined
normal distribution functions to fit the normalized histogram of the image. Section 3 introduces the state transition algo-
rithm and the whole process of multi-threshold segmentation is presented in Section 4. Section 5 demonstrates the effec-
tiveness of proposed method by experimental results. Finally, the main conclusions of this paper is drawn in Section 6.

2. Normal distribution fitting

The image histogram with L total possible intensity levels in the range [0,L — 1] is defined as the following discrete
function:

h(Tj) =n; (l)
where n; represents the number of pixels in the image and its intensity level is r;. In general, for convenience of analysis,
all elements of h(r;) in the image will be divided by the total number of pixels n to obtain the normalized histogram

h(rj) nj

prp)=—2=4 =2 Vj=01...L-1, )

where p(r;) is an estimation of the probability of occurrence of intensity level r; in an image. The sum of all components
of normalized histogram is equal to 1. In order to fit the normalized histogram, the following form of a linear combined
normal distribution functions is used:

Z pi=1, (3)

where K means the number of classes in the image, p}(x) represents the ith normal distribution function, p; is the weight
of class i, the mean and the variance of the ith part are denoted by w; and O‘iz, respectively. The fitting function needs to be
consistent with the normalized histogram data, usually by the means of the least mean square error approach. Let define
Q={p;, ujoi;i=1,2,..., K}, the optimization problem is constructed as follows [1]:

. L
min E(p;, i, 03, ...) = — Z [p*(xj. pi. i 0y ...) — p(x))]?
iz0

~

st. Y pi=1, (4)
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where E means the objective function, p*(-) denotes the fitting function, p(-) is the probability of occurrence, and x; repre-
sents the jth intensity level in the range [0,L — 1]. By using the penalty method to dealing with the constraints, the problem
(4) can be reformulated as follows [29]:

2

. 1 K
minE(p;, i, 0, ...) ZZZ (0" (%), i i 03 ) = PP+ [ DYoo) -1 . (5)
=1 i=1

where w is the penalty factor.

This optimization problem is nonlinear and non-convex due to the presence of the term exp(-) in p*(-). Because of the
non-convexity of this problem, it has multiple locally optimal points. Therefore, the state transition algorithm which is a
stochastic global optimization algorithm is adopted to find the global optimum in this study.

3. State transition algorithm

Based on the control theory of state transition and state space representation, a novel stochastic global optimization
method called state transition algorithm (STA) has been proposed recently, in which, the state represents an optimization
problem’s solution, and the state transition means the process of updating the current solution [21]. In general, the unified
form of generation of solution in STA can be described as follows:

Vi1 = f(xlc+1)v (6)

where x, ¢ R" means a state, which corresponds to the optimization problem’s solution; A, and Bj are state transition
matrices which has proper dimensions; u; is a function of x;, as well as history states; f represents the evaluation function
or objective function.

There are four special operators of state transformation designed by referring to multifarious types of space transforma-
tions.

{le = AgXy + By

1. Rotation transformation
1
X1 =X+ ———Rxy, (7
" ol

where « is the rotation factor which is a positive constant; R € R™" means a random matrix whose elements within
the range of [-1, 1].
2. Translation transformation
X — X1
1% — 2_1112°
where § is the translation factor which is a positive constant; R; € R means a random variable whose elements within
the range of [0,1].
3. Expansion transformation

X1 =X+ BR (8)

X1 =X+ Y ReXy, 9)

where y is the expansion factor which is a positive constant; R, € R™*" means a random diagonal matrix whose elements
subjecting to the Gaussian distribution.
4. Axesion transformation

X1 =X+ ORexy. (10)

where § is the axesion factor which is a positive constant; R, € R™" means a random diagonal matrix whose elements
subjecting to the Gaussian distribution and there are only one random position with a nonzero value.

The following pseudocodes outline the procedure of the basic state transition algorithm.
: repeat
if o < oy, then
O < Omax
end if
Best <« expansion(funfcn,Best,SE,B, y)
Best <« rotation(funfcn,Best,SE,«, )
Best « axesion(funfcn,Best,SE,B, §)
o <« %c
: until the specified termination criterion is met

© XU RN
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where SE is the search enforcement, which indicates the number of times by a certain operator to transform, and a new
optimal solution is selected by using the “greedy criterion”. Besides, the translation transformation is only performed when
other transformation operators find a better solution.

In STA, the rotation transformation operator has the ability of local search, and the rotation factor « can adjust the search
range by exponentially reducing from a maximum value amax to @ minimum value o, . The translation transformation has
the function of line search. The expansion transformation is designed for global search, which can search the entire space
with probability, and the axesion transformation is used to strengthen the ability of single dimensional search as well as
global search.

4. Multi-threshold image segmentation approach
4.1. Thresholding value calculation

After using STA to fit the normalized histogram of original image, the optimal thresholding values can be calculated by
minimizing the overall probability error, which is given by

min E(T;) = o1 - E1(T) + i - E2(Ty),

1
i=1,2,....K-1, (n
where T; is the thresholding level between the ith and the (i + 1)th parts. In this function, the detailed form is
T;
EuT) = [ pia(od (12)
and
ExT) = [ piGodx (13)

Eq(T;) is the probability of classifying the pixels in the (i + 1)th part to the ith part by mistake, and E,(T;) is the probability
of erroneously categorizing the pixels in the ith part to the (i + 1)th part. When the error E(T;) is minimized, the T; will be
obtained. Based on the knowledge of calculus, by differentiating E(T;) with respect to T;, we have

dE(T) _
dr, 0
CdE(T) | dEx(T)
< Pit1 dT, Pi ar,_ ~ 0

& i Pi (T — pipi (1) =0
Pt axp [_ (T — Mi+1)2:| _ P e |:_ (Ti — Mi)z] _0

V2o, 202, V2mo; 207
(Ti—pis1)?
T
N Oty - 101. 1+1'
exp [_ (E;ol_éi) ] Pi+10i
o Jiz mi)? (T pisn)® 1 Pi%it1

Zo’iz 20—,’11 Pi+10i

< (Uiz - Jiil )le + [Z(Mioizﬂ - MH]U,‘Z)]T:' +

Oii1 0
+(Oii11)* = (011 141)* + 2(0101,1)* In (mM) =0. (14)
OiPit1
Therefore, the following equations can be used to obtain the optimum threshold level T; [29]:
AT? + BT, +C=0, (15)
where,
A=of -0},
B= Z(Mio'fﬂ - /Li+10','2)’
C= 2 2 2 Oi10i
= (Oiliy1)” — (O i) +2(0i011) In | ——— ). (16)
OiPi1

Although the above quadratic equation has two possible solutions, only the positive one which within the interval is
chosen for segmentation [28,30].
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4.2. Image segmentation and denoising

It is known that an image can be defined as a two-dimensional function, f{x, y), where x and y are spatial coordinates,
and the amplitude of f at any coordinate pair (x, y) is the intensity level of the image at that point. Based on the threshold
values T ={T1.T5,....Tx_1}. Ty < T <. ..., < Tx_1. an original image can be separated into K classes. For example, an image
can be segmented into three classes by two thresholding values as follows:

& if fx,y)<T
O, ifTi <fxy)<Th (17)
@3 if f(x,y) > T,

where ®;, &, and &3 represent three different classes, respectively, T; and T, denote the threshold values.

Considering that there may exist noise in the image, next, an image denoising algorithm is introduced. Firstly, each class
of the segmented image is converted into a binary image. Specifically, when dealing with the class @, every point (x, y) in
this class can be regarded as the foreground point of the first class; otherwise, the point is called a background point. In
other words, the binary image of the class ®; is given by

)1 if (xy) e Dy
sy = {0 otherwise. o

In this way, the class @ is transformed into a binary image and the process of image denoising can be implemented. In
order to remove noisy objects from the segmented image, the operator “bwareaopen” is used for image post-processing.

As a morphological operator, the “bwareaopen” can delete connected components that are smaller than a predefined
threshold [31]. It is also a predefined operator in MATLAB, with two parameters to adjust: the connectivity and the maximal
size of pixels to remove [32]. In this paper, the connectivity is set at 8. As a result, the objects in foreground that have fewer
than 64 pixels and the objects in background that have fewer than 256 pixels are removed from the binary image. After the
denoising process for each class of the binary image, the final thresholding results can be obtained as follows:

a ifgixy)=1
gxy)=1b ifg@xy) =1 (19)
c ifgxy) =1,

where g(x, y) is the final segmented image, a, b and c are three distinct intensity values, g;, g, and gz are the denoising
results of the corresponding classes.

4.3. Flow chart of the proposed approach

The flow chart of multi-threshold segmentation using state transition algorithm is shown in Fig. 1. First and foremost, it
should determine the type of the original image, and if its type is RGB, the operator “rgb2gray” is executed. Then, based on
the normalized histogram, a fitting problem is constructed and its optimal parameters are estimated by using STA. According
to the Egs. (15) and (16), the threshold values can be computed, and after image segmentation, a denoising process is carried
out. In the end the final segmented result is outputed.

5. Computational results and analysis

In this section, several experiments are carried out to evaluate the performance of the proposed approach. Most of the
test images are from the segmentation evaluation database [33] and USC-SIPI image database, which have been transformed
into gray-scale images. In order to compare the segmentation results with other references, one medical image from Human
Connectome Project Wu-Minn Consortium is chosen for analysis. In the same time, the performance of the OTSU method,
genetic algorithm (GA), particle swarm optimization algorithm (PSO) and differential evolution (DE) algorithm in MATLAB
are investigated for comparison. Fig. 2 shows the detailed information of all test images, including the original images,
original normalized histograms, the maximum and minimum values of intensity levels.

5.1. Parameters setting

The tests in this paper are all run under the software platform of MATLAB(Version R2010b). For STA, we use the same
parameter settings as in previous papers [21,22,34,35] which all successfully dealt with the optimization problems such
as benchmark, nonlinear system control and resolution of overlapping linear sweep voltammetric peaks, and the parameter
settings in these papers can be considered as the empirical values which are also appropriate for the problems in this paper.
The details of parameter settings of STA are shown in Table 1.

For fairness, we also adjust the parameter settings in other algorithms to obtain plausible solutions. As for GA, after
combining the existing parameter settings in [26], the final parameters of GA in this paper are set as follows: the crossover
rate P. equals to 0.95, the mutation rate Py equals to 0.1, the crossover index 7. equals to 5 and the mutation index 7np,
equals to 20. Then, for PSO, based on the previous setting in [27], the measurements in this paper is set to 6 and this
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Fig. 1. Flow chart of multi-threshold image segmentation using STA.

Table 1
Parameter settings of STA.

Parameter  Value

SE 30

o 1— le—-4
B 1

Y 1

$ 1

fc 2

parameter can influence the cooperation performance between multiple Monte Carlo measurements for each particle. As for
DE, we use the MATLAB codes provided by the author in [28] with minor revisions for this experiment to obtain proper
results. The details of parameter are set as follows: the scaling factor F is approximated by a normal distribution with mean
value 0.5 and standard deviation 0.3, denoted by N(0.5, 0.3), and the crossover rate CR equals to 0.5.

In the experiments, the empirical value of population size is 30, and in order to determine the number of iterations, the
iterative results are analyzed. For example, Fig. 3 shows the fitness values with respect to the number of iterations for the
building image with two threshold, and we can find that the iterative curves of STA, GA, PSO and DE nearly have no update
from 90, 85, 70 and 75 generations, respectively. It is almost unnecessary to increase the number of iterations, so the the
maximum number of iterations is chosen 100. For the parameters in handling constraints, the penalty factor w is chosen 1
based on empirical tests.
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Fig. 2. The detailed information of all test images.

5.2. Experimental results

The goal of these experiments is to divide the image into several different categories and segment the objects from the
background. The number of thresholds depends on the goal of segmentation, which means it can be determined by the
number of objects to be segmented. For example, according to the intensity levels of cell image, if the goal is to segment
the cell from background, the number of thresholds is chosen at one, while if the goal is to separate the cell nucleus and
cytoplasm from background, the tri-level thresholding is adopted. After image segmentation, a denoising algorithm is used
to remove small connected components. The results are evaluated in two aspects: (1) the accuracy of the object to be
segmented; (2) the speed of the algorithm and the precision of the solution.

Table 2 shows a Wilcoxon rank sum test [36,37] to analyze the performance of four different optimization algorithms. For
each problem, 25 independent runs are performed and statistical results are provided including the mean and the standard
deviation values. The last three rows of Table 2 summarize the experimental results.

Table 2 shows that STA is superior to PSO with high quality final solution with lower mean values and the performance
of STA has competitive results when comparing with GA and DE since it has better solutions on more than half of cases.
From the Wilcoxon rank sum test results, it is obvious that STA is superior to PSO in all cases and as for GA, there are 6 test
results indicating that STA has better performance, and in other 6 tests they have same performance. Moreover, compared
with EA, STA has better performance in 9 test and has similar performance in 3 tests. Thus, STA is almost either better or
equal to other methods.
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Fig. 3. The iterative curve of building image with two threshold.

Table 2
Wilcoxon rank sum test at a 0.05 significance level.
Problem Number of thresholds GA PSO DE STA
Building One 3.9183e—06+1.1070e—06 — 1.2688e—05+7.8604e—06 — 3.2572e—06+7.6862e—07 — 3.0568e—06+2.3967e—06
Two 4.1842e—06+1.7419e—06 — 1.7258e—05+9.0199e—06 — 5.6244e—06+2.4326e—06 — 3.6515e—06+3.0098e—06
Camera Two 9.4577e—06+4.8318e—06 ~ 1.6070e—05+2.0063e—06 — 1.3854e—05+8.8294e—07 — 7.3286e—06+7.6085e—06
Four 1.3116e—05+3.4377e—-06 — 1.7372e—05+2.4330e—06 —  1.1410e—05+2.7983e—06 — 3.7018e—06+2.5009e—06
Ship Two 5.4406e—06+2.2723e—06 ~ 1.5144e—05+5.9656e—06 — 5.0947e—06+1.2986e—06 ~ 5.0943e—06+3.2859e—06
Three 6.9180e—06+3.1320e—06 ~  1.5758e—05+6.2529e-06 — 5.4512e—06+1.4634e—06 ~ 4.8615e—06+3.9356e—06
Flower  Two 3.1178e—06+4.4871e—07 ~ 4.6233e—06+5.7173e—07 — 3.7557e—06+3.0308e—07 — 2.9630e—06+9.4310e—07
Three 3.2540e—06+4.7818e—07 ~ 4.4454e—06+7.4676e—07 — 3.3537e—06+3.7684e—07 ~ 2.9401e—06+1.2840e—06
Cell One 2.7750e—05+3.9226e—05 ~ 2.4141e—04+4.2788e—05 —  1.4015e-04+6.0172e—05 — 2.6361e—05+3.6813e—05
Two 1.7041e—054+9.3954e—-06 — 2.3268e—04+6.5509e—05 — 1.4604e—04+6.9149e—05 — 1.1759e—05+2.3684e—05
Medical Two 1.3623e—05+1.8519e—06 — 1.7059e—05+8.4868e—07 —  1.5710e—05+9.6495e—07 — 1.0787e—05+3.3281e—06
Three 1.3079e—05+2.3304e—06 —  1.6555e—05+1.2119e—06 — 1.5381e—05+9.9667e—07 — 7.8375e—06+4.7180e—06
- 6 12 9
+ 0 0 0
~ 6 0 3
““+" and “~ " denote that the performance of the corresponding algorithm is worse than, better than, and similar to that of STA, respectively.

Table 3 shows the average execution time (in seconds) of optimization algorithms in each test using a 3.1 GHz Intel i5
PC with 2G RAM. In terms of the Table 3, we can find that the execution time increases with the number of thresholds.
Moreover, the speed of STA is faster than GA, PSO and DE. For example, in the test of building image with two thresholds,
the execution time of STA (1.2006 s) is less than the time of GA (1.2704 s), PSO (1.3721 s) and DE (1.2520), which indicates
the high efficiency of STA.

Figs. 4-15 show the segmentation results of the test images. For each test, 25 independent runs are performed and the
results of mode are chosen to represent the performance of these different approaches.

Figs. 4 and 5 summarize the thresholding results of the building image. Fig. 4(a)-(e) show the segmentation results of
OTSU, STA, GA, PSO and DE with one threshold, respectively. The two buildings are all segmented from the background.
But the results obtained by PSO erroneously classifies some pixels in the white part to the black part. Fig. 4(f)-(i) are the
fitting curves obtained by STA, PSO, GA and DE. It is obvious that STA can fit the initial normalized histogram with lowest
mean square error 2.4605e—006. The other three fitting results exist some distortions when fitting the original normalized
histogram.

When the number of thresholds increases to two, the results from OTSU, STA, GA, PSO and DE are able to identify the
objects better than the ones with lower thresholds, especially in the two buildings. It is obvious that STA and GA perform
better than OTSU, PSO and DE according to Fig. 5(a)-(e). But the segmentation result obtained by GA is still imperfect. From
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Fig. 4. Experimental results for building image with one threshold.
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Fig. 5. Experimental results for building image with two thresholds.
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Fig. 6. Experimental results for cameraman image with two thresholds.
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Fig. 7. Experimental results for cameraman image with four thresholds.
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(f) STA (g9) GA curve fitting (h) PSO curve fitting (i) DEcurve fitting
F\',:EZS 3.079C: - 006 3.9512-006 8.624%-006 3.669% - 006
Fig. 8. Experimental results for ship image with two thresholds.
Result

Bl O e T

(b) STA (c) GA (d) PSO - (e) DE
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Fitting
curve 001 00| 01|

(f) STA (9) GA curve fitting (h) PSO curve fitting (i) DEcurve fitting
F\',:,'Ef 2.8808e- 006 5.9512e-006 1.8827% - 005 4.4814e- 006

Fig. 9. Experimental results for ship image with three thresholds.
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Fig. 10. Experimental results for flower image with two thresholds.
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Fig. 11. Experimental results for flower image with three thresholds.
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Fig. 12. Experimental results for cell image with one threshold.
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Table 3
The average execution time (s) of all test.
Problem Number of thresholds  GA PSO DE STA
Building One 0.9401 10736  0.9671 0.9214
Two 1.2704 1.3721 1.2520 1.2006
Cameraman Two 1.2665 1.2584 1.2152 1.2138
Four 2.0440  2.0617 1.9581 1.8294
Ship Two 1.2699 1.3625 1.3651 1.2416
Three 1.5788 1.7056 1.5983 1.5228
Flower Two 1.2242 12388  1.2315 11596
Three 1.5709 16390 1.6178 14373
Cell One 0.8945 1.0506  0.9670  0.8532
Two 1.2150 13500 1.2146 1.1960
Medical One 1.0442 11637 1.0886  1.0301
Two 1.5047 16686  1.7000  1.4671

Result
(a) OTSU (b) STA (c) GA (d) PSO (e) DE
Level 33,113 39,73 25,75 24,78 30,75
Fitting | oo
curve | oo W oo o0 o0
(f) STA (9) GA curve fitting (h) PSO curve fitting (i) DEcurve fitting
F\';’:j:s 1.7351e-005 1.8397e-004 2.510% - 004 2.44460 - 004
Fig. 13. Experimental results for cell image with two thresholds.
Result [}
(a) OTSU b) STA © GA (d) PO (e) DE
Level 92,192 | 128,213 80,203 101,218 77,211
Fitting > oots oot 00
L Ww . \ W - Q WLWJ&W“C
(f) STA (9) GA curve fitting (h) PSO curve fitting (i) DEcurve fitting
F\I/::SZS 1.4985e- 005 1.5982e- 005 1.6874 - 005 1.6640e- 005

Fig. 14. Experimental results for building image with one threshold.
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Fig. 5(f), it is shown that the fitting curve obtained by the STA well fits the normalized histogram of the original image and
its mean square error is 1.9936e—006.

The segmentation results of cameraman image with two and four thresholds are shown in Figs. 6 and 7, correspondingly.
Fig. 6(a)-(e) are the thresholding results obtained by OTSU, STA, GA, PSO and DE. For all results, the man is recognized by
black part. The sky is mainly identified by white part except in Fig. 6(d) and the gray part in Fig. 6(d) is not performing as
good as gray part in others. Fig. 6(f)-(i) show that the normalized histogram can be well fitted by STA and the mean square
error of STA is very small which is only 6.6438e—006.

In Fig. 7, there are five different colors in the segmentation results, including white, light gray, gray, dark gray and black.
From Fig. 7(a)-(e), all of the results can identify the man with black and dark gray part. Fig. 7(a)-(c) and Fig. 7(e) can identify
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Result
(a) OTSU (b)VSTA ) (c) GA - (d) PSO ] ] (e) DE ] ]
Level 55,134,203 20,147,188 25,132,208 38,138,235 37,167,191
Fitting|oe o0y ooy
. w w‘ L\ SN M AT
(f) STA (9) GA curve fitting (h) PSO curve fitting (i) DEcurve fitting
Fitness 1.0837¢-005 1.1177¢-005 1.54860 - 005 1.4790e- 005

Fig. 15. Experimental results for building image with two thresholds.

the sky with white and light gray part, and the ground is described by gray part. But in Fig. 7(a), (c) and (e) obtained by
OTSU, GA and DE, there are many interferences in the ground. Similar to Fig. 6, the fitted curve obtained by STA can also
well approximate the normalized histogram with mean square error of 1.6902e—006.

Figs. 8-9 are the results of ship image with two and three thresholds. Fig. 8(a)-(e) describe the segmentation results by
OTSU, STA, GA, PSO and DE, respectively. All of the results can identify the ships with black part, the mountains and lakes
with gray part, the sky with white part, but the gray part in Fig. 8(a) is still imperfect. Moreover, the gray part segmented
by STA is more similar to the shape of the mountains. Fig. 8(f)-(i) illustrate that the fitting results of STA and GA are better
than others with very small mean square error of 3.0790e—006 and 3.9512e—006, respectively.

In order to identify two mountains, the thresholds are increased to three. According to Fig. 8(a)-(e), four-level segmen-
tation does well in recognizing the two mountains but it creates some interferences in the surface of water. Fig. 8(c) and
(e) has poor performance to identify the shape of mountains and the light gray part of Fig. 8(d) exist much more interfer-
ences than others. Fig. 8(f) shows that the STA can fit the normalized histogram accurately with the mean square error of
2.8808e—006.

The segmentation results of flower image with two thresholds are shown in Fig. 10. OTSU, STA, GA, PSO and DE all
perform similar according to the Fig. 10(a)-(e). Notice that, since the normalized histogram is a smooth curve, this image
with low contrast is difficult to be segmented accurately. Compared with the original image in Fig. 2, the white part of
Fig. 10(a)-(c) are closer to the left flower while the gray part of Fig. 10(d) and (e) are closer to the right flower. Fig. 10(f)—(i)
show that the STA and GA have better fitting results which can approximate most peaks and valleys.

Fig. 11 is the four-level segmentation results of flower image. From Fig. 11(a)-(e), the OTSU, STA, GA and DE can identify
the left flower with white part while PSO can identify the right flower with light gray part. Fig. 11(f)-(i) show that the
STA, GA and DE can well fit the normalized histogram and their mean square error are only 1.6704e—006, 3.1312e—006 and
3.5358e—006, respectively.

Figs. 12 and 13 are the bi-level and tri-level thresholding results of the cell image. The comparisons among those five
different approaches show that all of results can identify the cell outlines but the segmentation results obtained by OTSU,
STA and GA are more accurate and reasonable. The mean square error of STA is also showing better fitting results than
others. Fig. 13 shows the segmentation result by two thresholds. Both OTSU and STA can identify the cell nucleus, but the
gray part of Fig. 13(b) obtained by STA is more closer to the shapes of the cells. It means that the STA is more appropriate
for solving the multi-threshold image segmentation problem of this kind of image. Fig. 13(f)-(i) show that the STA can fit
the histogram with better results.

Figs. 14 and 15 summarize the thresholding results of the medical image. Fig. 14(a)-(e) show the segmentation results
obtained by OTSU, STA, GA, PSO and DE, respectively. They all describe the white matter and cerebellum with white part, the
gray matter with gray part, and the lacuna and paracele with black part. The differences among all results are not obvious
to human eye and their fitting curves also with small distinction according to Fig. 14(f)-(i).

Fig. 15 is the four-level segmentation results of medical image. When the thresholds are increased to three, the lacuna
can be segmented by black part and the paracele can be described by dark gray part according to Fig. 15(a)-(e). The re-
sults obtained by OTSU, STA and GA can identify the gray matter with gray part, while the results obtained by PSO can
separate white matter with white part. Fig. 15(f)-(i) show that the fitting curves obtained by STA and GA well fit the initial
normalized histogram and their mean square error are 1.0837e—005 and 1.1177e—005, respectively.

6. Conclusion and future work

For a general image thresholding problem, a parametric technique associated with global optimization method is inves-
tigated in this paper. A linear combined normal distribution functions is used to fit the normalized histogram of an image,
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and the fitting problem can be considered an optimization problem. Then the state transition algorithm which is a novel
stochastic global optimization method is adopted to obtain the optimal parameters in the fitting function. Compared with
OTSU, PSO, GA and DE, experimental results have shown that STA has competitive results in terms of both solution preci-
sion and image segmentation, which also testify the effectiveness of the proposed method. However, the main idea of this
paper is based on the whole intensity information of the image, and future work may combine location information with
thresholding method.
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