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Abstract

Multilevel thresholding is a simple and effective method in numerous image segmentation applications. In this paper, we propose a
new multilevel thresholding method that uses cooperative pigeon-inspired optimization algorithm with dynamic distance threshold
(CPIOD) for boosting applicability and the practicality of the optimum thresholding techniques. Firstly, we employ the cooperative be-
havior in the map and compass operator of the pigeon-inspired optimization algorithm to overcome the “curse of dimensionality” and help
the algorithm converge fast. Then, a distance threshold is added to maintain the diversity of the pigeon population and increase the vitality
to avoid local optimization. Tsallis entropy is used as the objective function to evaluate the optimum thresholds for the considered gray
scale images. Four benchmark images are applied to test the property and the stability of the proposed CPIOD algorithm and three other
optimization algorithms in multilevel thresholding problems. Segmentation results of four optimization algorithms show that CPIOD

algorithm can not only get higher quality segmentation results, but also has better stability.
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1 Introduction

Image segmentation refers to the technology and
process of dividing an image into several regions with
specific properties by some criteria, and then extracting
the desired objects. It is a significant step towards image
processing, and it is used in many fields, such as re-

[34

. 1.2 .. . .
mote—sensmg[ 2 bioimage informatics 1 and compu-

terized examination of the industrial parts. There are
various kinds of image segmentation methods” "), in-
cluding clustering-based methods, threshold-based me-
thods and region-based methods. Among these methods,
threshold-based method is used widely in many domains
because of its simplicity and ease of realization. Gener-
ally, threshold-based method is worked by minimizing
or maximizing an objective function which uses the
chosen thresholds as parameters. Ostu''*! and Kapur’s

I are the most frequently used function to get

entropy[15
the thresholds. However, both of them do not consider
the correlations between the elements, and the accuracy
of both functions is depending on the number of thre-
sholds. In addition, the increase of threshold level will

reduce the efficiency of image segmentation; so many
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intelligent algorithms are used to eliminate this effect,
such as Particle Swarm Optimization (PSO)!'®!, Genetic
Algorithm (GA)!'”), Differential Evolution (DE)""® and
Simulate Anneal Arithmetic (SAA)[lgl. Some scholars
have made a lot of improvements to these optimization
algorithms in order to effectively solve multilevel thre-
sholding problems. For example, Liu et al. proposed an
improved PSO algorithm that is applied in the field of
multilevel thresholding™. Uros Mlakar et al. made
substantial improvements to the DE algorithm with re-
gard to the problem of multilevel thresholding!*'.

Therefore, there are two main problems in multi-
level thresholding. One is to enhance the ability of the
optimization algorithm to improve the efficiency of the
segmentation process, such as the multilevel threshold-
ing method using Otsu and chaotic bat algorithm %), The
other is to design or modify the objective function of
evaluation threshold to improve the quality of the seg-
mentation results, like, the multilevel thresholding me-
thod which uses the fuzzy entropy as the objective
function!,

Inspired by the concept of multi-fractal, Tsallis
generalized standard Bolzmann-Gibbs entropy and
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proposed the concept of Tsallis entropy[24]. Tsallis en-
tropy has non-extensibility (Pseudo additivity) and it can
describe physical systems with long-term interaction,
long-term memory and fractal-type structure. There
exist several studies that report the similarities among
Tsallis, Shannon and Boltzmann-Gibbs entropy[25’26].
Due to the non-extensibility of Tsallis entropy, it has
been applied in many fields. Image processing is one of
the successful application area in numerous fields. A
bi-level thresholding method which first used Tsallis
entropy as the objective function is introduced in Ref.
[27]. Agrawal et al. proposed a Tsallis entropy based
optimal multilevel thresholding method using cuckoo
search algorithm™®!. Diego Oliva et al. summarized the
relevant literature in the field of multilevel thresholding
and pointed out that Tsallis entropy is different from
Kapur’s entropy and Ostu that the Tsallis entropy pro-
duces a functional formulation whose accuracy does not
depend on the number of thresholds®®”). So, in this paper,
we use Tsallis entropy as the objective function to eva-
luate the thresholds.

In last few years, with the development of the ap-
plied mathematics and information science, various new
meta-heuristic optimization algorithms have emerged,
such as Brain Storm Optimization(BSO)[30], Gray Wolf
Optimization(GWO)"" and Pigeon-Inspired Optimiza-
tion (PIO)*%. These new optimization algorithms often
have the characteristics of multi-structure, that is to say;
they complete the tasks of exploration and exploitation
respectively at different stages of the algorithm iteration.
Taking PIO as an example, it converges faster and has
fewer parameters than the conventional algorithm. It has
been proved that PIO algorithm has advantages over
conventional algorithms in standard function optimiza-

tion*?

] However, it is easy to premature convergence
and fall into a local optimum, and it updates the position
of the particle as a whole item like PSO sufferring from

1331 The performance of

the “curse of dimensionality
PIO deteriorates as the dimensionality of the search
space increases. Cooperative behavior method was in-
itially presented by Vanden et al.*"to improve the per-
of PSO. It

high-dimensional problem into several low-dimensional

formance decomposes a whole
or one-dimensional parts. The particle in cooperative

particle swarm optimization makes a contribution to the

population not only as an entire item but also in each
dimension.

In this study, we apply the improved pig-
eon-inspired optimization algorithm to multilevel thre-
sholding. The new PIO algorithm (named cooperative
pigeon-inspired optimization algorithm with dynamic
distance threshold, CPIOD) could converge faster and
overcome the “curse of dimensionality” with the help of
the cooperative method. So, it could be helpful for im-
proving the accuracy of optimization results and ob-
taining more precise threshold. Tsallis entropy is chosen
as the objective function to evaluate the thresholds, so
the segmentation result is more reasonable. The expe-
rimental results also confirm our hypothesis. The re-
mainder of this paper is organized as follows. In section
2, an overview of the PIO and the expound of CPIOD are
provided and a mathematical model of the concept of
Tsallis entropy is introduced. Section 3 evaluates the
performance of CPIOD algorithm when it is used in
multilevel thresholding by four benchmark images and
section 4, conclusion of this paper.

2 CPIOD algorithm and Tsallis entropy

2.1 PIO algorithm

Inspired by pigeon homing behavior, Duan and
Qiao first proposed PIO algorithm in 2014, which was
used in air robot path planningm]. The algorithm has two
main operators to imitate the pigeon’s behavior, that is
map and compass operator and landmark operator.
, Xipd and the
velocity V; of each pigeon are initialized in the range of

Firstly, the pigeons position {X;;, Xip, ...

the solution, where, M is the dimension of the problem to
be optimized, i is the ith pigeon. In map and compass
operator, pigeons in the pigeon flock rely on the “earth’s
magnetic field” to build a map, and use the compass to
constantly correct their position and guide them to
quickly approach the target. The update of its location
can be described as:

V(t)=V(t)-e ™ +rand - (X, - X,(t - 1)), (1)

XO=X@-)+V.(-1), 2)
where X(¢) represents the position of the current gener-
ation of pigeons, and X;(+—1) represents the position of

the previous. R is the map and compass factor decided by
practical problem, X, is the global best position of all
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pigeons and rand denotes a random number in [0,1]. In
map and compass operator, the pigeons are close to their
destination. After that, the pigeons who are familiar with
landmarks in the pigeon flock will find their destination
more quickly and accurately with the help of landmarks
but pigeons that are not familiar with landmarks will be
abandoned. Assuming that half of the pigeons are fa-
miliar with landmarks, their center can be regarded as
the target area, and it can guide them to the target faster
and more accurately. The process is described below:

N,(n-1)
2
D X.(n)- fitness(X,(n))
N, -Zﬁmess(X, (n))

X(m)y=X.(n-D)+rand - (X ,(n)- X,(n-1)), (5

N, (n) = , )

X (n)= “4)

where, X, is the center of pigeons. In each iteration, the
number of N, (pigeon population) is halved. fitness(Xy(n))
is the fitness of ith pigeons in each iteration and it has
different computational rules for different optimization
problems. In maximizing optimization problem:

fitness(X;(n)) = f . (X;(n)), Q]
and in minimizing optimization problem:
1
fon (X, () e

where e is a small positive value that goes to 0 to prevent

fitness(X,(n)) = @)

0 in the denominator.

2.2 CPIOD algorithm

In map and compass operator of P10, the pigeons in
the pigeon flock keep the communication with each
other by following the pigeons in the optimum position.
Under the interaction of pigeons, they have the ability to
achieve a new search space. Its convergence speed is fast
but it is also easy to fall into local optimum, because the
pigeons lack individual cognitive ability in this operator.
So, in PIO algorithm, when the pigeons reach a target
area quickly with the help of “map and compass”, the
algorithm switches to landmark operator to help pigeons
reach their destination more accurately. Therefore, in
map and compass operator, the closer the pigeon group
arrives to the target, the better the final result will be.
Like many other swarm optimization algorithms, PIO

algorithm also suffers from “curse of dimensionality”. In
map and compass operator, with the increase of the di-
mension of the problem, the global search ability of
particles will decrease. So, a cooperative mechanism is
introduced in the new algorithm to mitigate this effect. In
a n-dimensional optimization problem, each pigeon in
the pigeon flock represents a potential solution. In the
process of location updating, some dimensions of the
pigeons are modified to be closer to the target, but some
dimensions may leave the original better position. In Van
Den Bergh’s paper®, this phenomenon is called “two
steps forward one step back”. To solve this problem, the
idea that each dimension of the n-dimensional problem
can be updated separately produces a cooperative ap-
proach which initializes n subgroups to optimize dif-
ferent dimensions.

In map and compass operator, the pigeons in the
flock follow the pigeons in the best position X,. In order
to keep the algorithm from stagnating in the early stages,
pigeons need to keep a certain distance (d = [|.X; —X/")
from X,. Once the distance between them is too close (d
< D) and the corresponding velocity is less than a certain
value, the position of the pigeon will be reset. D is called
distance threshold. As you can see in Fig. 1, the distance
between X3 and X, is less than D, so X3 will be reset in
the solution space. The goal of setting such a threshold is
to prevent the flock from gathering prematurely and thus
inactivating the flock.

However, with the gradual convergence of the al-
gorithm, if the pigeons always keep such distance from
Xg, it is not conducive to the local exploitation of the
algorithm in the later stage. So in the latter part of the
algorithm, it only needs a small distance to keep the
algorithm active. That is to say, it is hoped that the value

Xy
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Fig. 1 Pigeons optimization model.
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of D will gradually decrease with the iteration, which
can be expressed as:
D=w-D, ®)

where, D, is the initial value, w is the threshold factor,
w=1—t/iter, 9

where, ¢ is the tth iteration and ifer is the numbers of
iteration. So as the algorithm iterates, pigeons gradually
change from searching in the whole space to searching
locally.

2.3 Multilevel thresholding using Tsallis entropy

Tsallis entropy is widely used in multiple image
processing applications such as biomedical analysis and
automatic target recognition. It introduces parameter g to
measure the non-extensibility of the system which could
be express as:

k
1- Z(p, )q
S =—>= 10

= (10)
where, p; represents the probability of finding the system
in each possible state 7 , thus 0 <p;<1 and pr,. =1,k
denotes the total number of states. Based on pseu-
do-additivity, the Tsallis entropy of the system can be
expressed as

§,(4+B)=S5,(A)+S,(B)+(1-¢)S,(4S,(B). (11)

In image segmentation, the gray level range of the input
image pixels is {1,2,...,G}, p; represents the probability
of each gray level pixel in the total pixel. In single-level
threshold, pixels are classified by threshold #, into two
classes, which are object of interest (O) and background
(B). Based on the above definition, the entropy formula
can be given:

1- Z?:l(pi P )’
A () P T— and
q q—l
XL
S,(B)= — . (12)

where, p, =Z§':1pi s Py :Z;Hpi and p,+p, =1.
The threshold corresponding to the maximum

amount of information between the object and the

background is the optimal segmentation threshold:

T, =argmax[S (0)+S,(B)+
(-9)-5,(0)-S,(B)]. (13)

On this basis, it can be easily extended to multi-level
thresholding:

(7,,7,,..T,]1=arg[S,(D+S,(2) +...+ S, (m+ 1)+
(I-¢)-S,()-S,(2)..S,(m+1)] (14)

where,
=3y
s,()=——"D—,
qg-1
=3 Ay
S,Q)=—-L (15)
qg-1
G D;
=2 (T )’
S, (m+1)= !
qg-1

Pl, P25 -.-» Pm+1 18 the probability distribution of m + 1
classes with m thresholds.

The improved CPIOD algorithm and Tsallis en-
tropy multilevel thresholding method are combined to
find the best threshold for image segmentation. The
algorithm can be described by the following steps, and
Fig. 2 shows the flow chart of CPIOD.

( Start )

A4
\ 4

Initialize parameters
Merged subgroup|

A\ >

4

|Evaluate the fitness of initial pigeonsl

IConduct the landmark operator, and
update the position of pigeons as

=1 a whole item, according to Egs. (3)
and (4)
~
Conduct the map and v

compass operator, and
each subgroup updates a
part of position (different
dimensions), according
to Egs. (1) and (2)

Evaluate the fitness of pigeons

Y ien,

N

Evaluate the fitness of
pigeons in each subgroup

Output the best result

YANMN

Fig. 2 The flow chart of CPIOD algorithm.
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Step1 Initialize parameters of CPIOD and randomly
generate pigeon positions in the solution space.

Step2 Evaluate the fitness of pigeons in different sub-
groups and find the pigeon with the best position in the
initial pigeons of each subgroup. Combine the optimal
solution of (M/K)-dimension of each subgroup into a
global optimal solution (X,) of D-dimension.

Step3 Conduct map and compass operations. Each sub-
group updates the different dimensions of the solution.
Evaluate the fitness values and update X, according Eqs.
(1) and (2).

Step4 Merge the subgroups after N, iterations to con-
tinue the landmark operator. Update the position of the
fused population as a whole item.

Step5 Evaluate the fitness of pigeons and update the
position of X, according to Eqs. (4) and (5) until the
termination condition is satisfied. Then, output the best
result.

3 The performance and quantitative evalua-
tion of CPIOD

The performance of the proposed CPIOD is eva-
luated by comparing its results with original PIO algo-
rithm, GWO algorithm and PSO algorithm. These algo-

| ‘L”.! IJ||I|||h”|I| |||‘ ‘Il ‘|||II_|I

5000

S

100 200

©

rithms are implemented in MATLAB 2014a and the
hardware configuration is Intel core i5 8500 3.0GHz
CPU with 16G memory, running windows 10. Four
benchmark images (Airfield, couple, loco, peppers)
are used for testing the performance of the algorithms.
Fig. 3 shows these images and their corresponding his-
tograms.

The performance of algorithms is closely related to
their parameter selection. In general, it is unlikely to
identify the optimal set of such parameters. Therefore,
the parameters need to be tested before the simulation.
We choose the parameters that provide the best compu-
tational results in the light of the best thresholds and
corresponding computational stability. The selected
parameters are listed in Table 1.

In our simulation, each algorithm runs 50 times to
guarantee the availability of the obtained result. The
average objective function values of these algorithms in
50 runs and the thresholds corresponding to the optimal
objective function values obtained by each algorithm in
50 runs will be compared. Table 2 shows the mean of the
objective function values (Ob) and the optimal threshold
values (Th) obtained using CPIOD, GWO, PSO, and
PIO, in which m is the number of thresholds.

3000
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0 200
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2000
1000
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0 100 200
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Fig. 3 Test images and their corresponding histograms: (a) Airfield, (b) couple, (c) loco and (d) peppers.
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Table 1 Parameters used for CPIOD, PIOD, PIOS and PIO

Parameters CPIOD GWO PSO PIO
Total iteration number (N) 50 50 50 50
Number of iterations for map and compass operations (N,,) 45 ~ ~ 45
Iteration number of landmark operations (V;) 5 ~ ~ 5
Initial value of distance and velocity threshold (D,V) (10,0.1) ~ ~ (20,0.1)
Map and compass factor (R) 0.1 ~ ~ 0.1
Population size (P) 20 20 ~ 20
Number of subgroups (K) 2 ~ ~ ~
Acceleration coefficient (C;,C3) ~ ~ 2 ~
Inertia weighting coefficient (Wiax, Winin) ~ ~ (0.9,0.4) ~

Table 2 Mean objective function values and optimal threshold values

CPIOD GWO PSO PIO
Image m
b Th Ob Ob Th ob h
Airfield 2 210123 98,168 210122 98,168 20.9746 98,168 21.0065 98,168
3 398827 71,121,178 39.8810 71,121,178 395563 71,121,178 397764 71,121,178
66 66 64
4 882767 g9 154000 224 109,154,199 863200 109154200 8O3 108,154,199
60,98, 60,97 57,96 60,94
S 2082860 34090005 2074995 34160005 1990867 133460005 1993108 133166005
Couple 2 219128 94,173 219125 94,173 21.8843 94,173 21.9046 94,173
3 440020 55,107,175  43.9963 55,107,175 437336 55,107,175 438164 55,107,175
50 50 50
4050338 4o g0 1049824 o B 1024162 4o 50 1gp 1035033 g 3000
47,88 47,88 47,88 47,89
S 2692273 ociga199 2084088 o0 tean09 2831 g i6a109 2P 155165200
Loco 2 159933 73,142 15.9951 73,142 15.9682 73,142 15.9897 73,142
3 289041 64,121,170  28.8883 64,121,170 286116 64,121,170 287563 64,121,170
54 57 57
4 80097 o 1azass 898 100,140,184 STT205 oo razase 8129 105 143,184
45,83 45,83 4583 45,84
S 142749 53193 1333493 o tsaq03 1280023 o0 156005 1282857 n 154103
Peppers 2 243964 97,176 243964 97,176 243306 97,176 243497 97,176
3 546572 72,125,177 54.8065 72,125,177 542351 72,125,177 543819 72,125,177
47 47 47
T U FIF <L 1366394 (o300 1303 o030
4576 4576 45,76 47,76
S 3954470 aaig0 SO oasis0 71O g qaa080 37T 110146181

From Table 2, it is obvious that CPIOD algorithm
exceeds the other algorithms in the light of obtaining the
maximum of the objective function values of these im-
ages. The bold numbers in the table represent the
maximum function values that can be obtained by each
algorithm under the same number of thresholds. In most
cases, CPIOD has shown its superiority, although the
performance of CPIOD is not outstanding when the
number of thresholds is small. It is also shown that the
introduction of cooperative mechanism helps PIO algo-
rithm to improve the optimization ability for the
high-dimensional functions. With the increase of the

threshold number, the advantage of CPIOD algorithm is
highlighted.

The segmentation results for CPIOD, GWO, PSO,
and PIO are shown in Figs. 4 and 5 (with two and five
threshold) to evaluate the performance of the proposed
CPIOD algorithm in image segmentation. From a visu-
alization perspective, the results of the segmentation
verify the above conclusions from Table 2. For example,
airfield is a gray-scale image, which is shown in Fig. 3.
When the threshold number is 2, there is no significant
difference between the segmentation results of the dif-
ferent algorithms. Whereas, in Fig. 4, when the threshold

@ Springer



960 Journal of Bionic Engineering (2019) Vol.16 No.5

number is 5, it is easy to distinguish the ground, aircraft
and buildings from the result obtained by CPIOD
while these objects are all mixed up in the result of
PIO. The advantages of CPIOD algorithm in the
case of the great number of threshold are intuitively
reflected.

To quantify the differences between different me-
thods we use, we further evaluate the peak sig-
nal-to-noise ratio (PSNR) and the structural similarity
index (SSIM) of the segmentation results which are
often used to estimate the image quality. PSNR is an
objective indicator, the higher the PSNR value, the
closer the segmented image to the original image. SSIM
is related to the lightness and structure which evaluate
the visual likeness between original image and seg-
mented image; it can reflect the subjective perception of
human eyes. Higher values of the PSNR and SSIM in-
dicate the better segmentation results. The mathematical
expressions for choosing constraints (metrics) are in-

Airfield

Couple

Loco

Peppers

troduced in Refs. [35] and [36].

Table 3 and Table 4 record the mean and standard
deviation (std) values of PSNR and SSIM of the seg-
mented images after 50 runs of these algorithms. Com-
pared to the other algorithms, it can be noted that the
proposed CPIOD algorithm has the superior metric
values in the case of different threshold numbers. Espe-
cially, when the threshold number is 4 or 5, the supe-
riority of CPIOD algorithm is particularly obvious. Be-
cause the additional relevant information extracted by
the CPIOD algorithm is more than that of other algo-
rithms, and the extraction of noise pixels is also more. So
the PSNR value is higher in some cases. The SSIM me-
tric is also related to the noise pixels of the image and
can provide better similarity index values. Therefore, in
those algorithms considered in this paper, CPIOD algo-
rithm provides better output through the use of multile-
vel thresholding method to extract information from
images.

Fig. 4 The result of image segmentation with two thresholds.
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Fig. 5 The result of image segmentation with five thresholds.
Table 3 Mean and std values of PSNR
CPIOD GWO PSO PIO
Image m
Mean std Mean std Mean std Mean std
Airfield 2 14.3602 0 14.3576 1.31E-02 14.2835 3.10E-01 14.3071 1.38E-01
3 16.3930 1.43E-14 16.3385 6.60E—02 16.2995 1.06E-00 16.2050 4.50E-01
4 20.2987 3.33E-02 20.3837 2.60E-01 19.9874 1.16E-00 19.2654 1.49E-00
5 21.8841 1.61E-03 22.1905 2.87E-01 22.2126 8.59E-01 21.1287 1.23E-01
Couple 2 16.0511 5.63E-04 16.0343 5.87E-02 15.9570 3.75E-01 16.0032 1.95E-01
3 19.4480 6.28E-02 19.4144 9.39E-02 19.2606 3.75E-01 19.2636 3.24E-01
4 22.5542 9.48E-02 22.4073 1.99E-01 22.4685 5.20E-01 21.7101 9.23E-01
5 24.6654 7.96E-02 24.6512 1.94E-01 243317 5.60E-01 23.5373 1.56E-00
Loco 2 17.5207 5.33E-03 17.4439 6.92E-03 17.3753 2.60E-01 17.4508 1.07E-01
3 19.6326 2.15E-14 19.5828 6.76E—02 19.5866 3.90E-01 19.5420 2.89E-01
4 20.9691 1.23E-01 20.9313 1.43E-01 20.9245 4.69E-01 20.7256 4.70E-01
5 22.3256 1.21E-03 22.1488 1,88E-01 22.2900 6.38E-01 21.6804 6.25E-01
Peppers 2 15.1644 1.81E-03 15.1642 1.25E-02 15.0729 7.72E-01 14.6293 1.29E-00
3 17.1176 6.51E-01 16.9736 5.18E-02 17.2386 8.91E-01 16.9745 5.36E-01
4 21.0936 3.22E-02 21.0032 1.11E-01 20.7132 1.45E-00 19.5497 1.91E-00
5 21.9958 5.07E-02 22.1411 1.72E-01 22.4508 9.36E-01 21.5140 1.54E-01
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Table 4 Mean and std values of SSIM

Image " CPIOD GWO PSO PIO
Mean std Mean std Mean std Mean std
Airfield 2 0.4686 3.36E-16 0.4686 6.14E-04 0.4668 1.13E-02 0.4684 6.80E—03
3 0.5470 3.36E-16 0.5470 1.61E-03 0.5419 1.12E-02 0.5410 7.81E-03
4 0.6108 3.28E-04 0.6125 3.71E-03 0.6125 1.31E-02 0.6064 9.71E-03
5 0.6785 2.81E-04 0.6816 4.81E-03 0.6789 1.51E-02 0.6638 2.03E-02
Couple 2 0.4730 1.36E-05 0.4727 8.48E-04 0.4707 1.13E-02 0.4721 3.15E-03
3 0.5993 1.11E-04 0.5993 3.98E-04 0.5911 1.44E-02 0.5888 1.27E-02
4 0.6790 2.10E-03 0.6773 2.43E-03 0.6698 1.18E-02 0.6617 1.60E—02
5 0.7281 1.41E-03 0.7263 3.53E-03 0.7122 1.62E-02 0.7085 1.97E-02
Loco 2 0.4778 3.30E-02 0.4795 4.31E-02 0.4779 7.43E-02 0.4782 4.65E-02
3 0.5424 4.49E-16 0.5411 1.90E-03 0.5413 1.19E-02 0.5411 8.41E-03
4 0.5901 421E-03 0.5885 4.63E-03 0.5900 1.56E—02 0.5843 1.66E—02
5 0.6402 6.84E-05 0.6326 7.51E-03 0.6375 2.50E-02 0.6171 2.16E-02
Peppers 2 0.3681 4.37E-05 0.3546 5.90E-04 0.3681 1.08E—02 0.3634 6.31E-03
3 0.4389 3.26E-02 0.4315 1.91E-03 0.4413 3.49E-02 0.4345 2.51E-02
4 0.6141 1.51E-03 0.6115 4.11E-03 0.5833 6.00E—02 0.5558 6.71E-00
5 0.6429 8.05E-04 0.6450 3.91E-03 0.6381 2.38E-02 0.6125 4.33E-02

Besides, the stability of these algorithms is eva-
luated by the standard deviation (std) of the results. A
lower value of std indicates the lower differences be-
tween the results obtained by the algorithm, which
means the higher stability of the algorithm. The std
values of PSNR and SSIM that using CPIOD vary from
0 to 6.51E-01 and 3.36E—16 to 3.30E—02, while other
algorithms vary from 1.31E-02 to 1.91E—00 and
6.14E—04 to 4.31E—02. We can obtain the stability order
of the algorithm from the Tables 3 and 4, that is:
CPIOD > GWO > PIO > PSO. It means CIPOD algo-
rithm can not only get better results but also has better
stability compared with other algorithms. In addition, we
find that although the CPIOD algorithm is not much
different from the PSO algorithm in image segmentation
results, its stability is better than that of the PSO algo-
rithm, which also shows that the introduction of dynamic
distance threshold improves the stability of the algo-
rithm.

4 Conclusion

In this work, an improved PIO algorithm is used for
image segmentation. The application of the cooperative
mechanism improves the optimization ability of the
algorithm when the number of threshold is great. In
addition, the introduction of dynamic distance threshold
can help the algorithm balance its global exploration

ability and local exploitation ability in map and compass
operator. The segmentation results of four different
kinds of images confirm that the proposed CPIOD al-
gorithm offers superior image quality measurement
values compared to its original PIO algorithm and other
modified algorithms. Our future work is to apply the
CPIOD algorithm to different image segmentation me-
thods and extend it to many other aspects of image
processing.
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