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Abstract: Image thresholding is a very common image processing operation, since all image processing schemes need some
sort of operation of the pixels into different classes. In order to determine thresholds, most methods analyze the histogram of
the image. The optimal thresholds are often found by either minimizing or maximizing an objective function with respect to
the values of the thresholds. In this paper, improved particle swarm optimization (IPSO) based multilevel thresholding has
been proposed for the minimization of objective function. The chaotic sequences are included in the inertia weight factor of
the classical PSO to improve the searching capability of the algorithm. The experimental results show that the proposed
method can make optimal thresholding applicable in case of multilevel thresholding and the performances are better than
those of some property–based multilevel thresholding methods.
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1. INTRODUCTION

Thresholding is an important technique for image
segmentation. Because the segmented image obtained from
thresholding has the advantage of smaller storage space, fast
processing speed and ease of manipulation, compared with
a gray level image containing 256 levels, thresholding
techniques has drawn a lot of attention during the last few
years. Thresholding is used in many image processing
applications such as optimal character recognition where the
goal is to extract the character in a document image and then
recognize it [1], automatic visual inspection of defects where
it is adopted to detect defects of electronic components for
industrial applications [2], detection of video change where
it utilizes an adaptive threshold to detect the changes between
a current image and a pre-established background [3],
moving object segmentation where an image is segmented
into objects with homogeneous characteristics to achieve
efficient compression by coding the contour and texture
separately for real-time content-based applications [4] and
medical image applications where it is used to extract the
brain region from a magnetic resonance images (MRI) for
detecting tissue deformities such as cancers and injuries [5].
The aim of an effective segmentation is to separate objects
from the background and to differentiate pixels having
nearby values for improving the contrast.

Thresholding techniques can be divided into bi-level
and multilevel category, depending on number of image
segments. In bi-level thresholding, image is segmented into
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two different regions. The pixels with gray values greater
than a certain value T are classified as object pixels, and
others with gray values lesser than T are classified as
background pixels. Multilevel thresholding is a process that
segments a gray level image into several distinct regions.
This technique determines more than one threshold for the
given image and segments the image into certain brightness
regions, which correspond to one background and several
objects. The method works very well for objects with colored
or complex a background on which bi-level thresholding fails
to produce satisfactory results.

Over the years, many researchers have proposed several
algorithms for bi-level and multilevel thresholding of image
histograms [7-12]. The main objective of many such schemes
is to achieve optimal thresholding, such that the thresholded
classes achieve some desired characteristic. Many of these
methods attempt to achieve optimization of an objective
function by maximizing posterior entropy that indicates
homogeneity of segmented classes [7], maximizing some
measure of separability [8], employing index of fuzziness
and fuzzy similarity measure [10], minimizing Bayesian error
[12] etc. Several such methods have been originally
developed for bi-level thresholding and later extended to
multilevel thresholding [7-8]. However instead of employing
optimization of a fitness function, they have implemented
histogram thresholding based on a similarity measure
between gray levels.

The present paper proposes the development of a new
optimal multilevel thresholding algorithm, especially suitable
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for multi-model image histograms employing Improved
Particle Swarm Optimization algorithm. In the recent years
particle swarm optimization (PSO) has gained much
popularity in different kind of applications because of its
simplicity, easy implementation and reliable convergence
[13-15]. It has been found to be robust in solving continuous
non-linear optimization problems. However the traditional
PSO highly depends on its parameter and often suffers the
problem of being trapped in local optima [16-17]. To
overcome these drawbacks, the improved particle swarm
optimization (IPSO) algorithm has been introduced.

2. PROBLEM FORMULATION OF ENTROPY BASED
MULTILEVEL THRESHOLDING

The popularly employed entropy criterion for satisfactory
determination of optimal thresholds of image histograms as
utilized in segmentation problems was proposed by kapur
(1985). The original algorithm was developed for bi-level
thresholding and was later extended for multiple levels. The
bi-level algorithm can be described as follows: Let there be
L gray levels in a given image and these gray levels are in a
given image and these gray levels are in the range {0, 1,
2………(L – 1)}. Then one can define Pi = h(i)/N, (0 ≤ i ≤
(L – 1)) where h(i) denotes number of pixels with gray-level
L and N denotes total number of pixels in the image =
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The optimum threshold is t which maximizes f(t). The
optimal multilevel thresholding problem can be configured
as a P-dimensional optimization problem, for determination
of P optimal thresholds for a given image [t
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This entropy criterion based measure tries to achieve
more and more centralized distribution for each histogram
based segmentation region in the image. In this proposed
IPSO algorithm, optimum c-dimensional vector [t
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]

is obtained, which can maximize the objective function as
given in equation (2). As PSO algorithms are usually
designed to solve minimization problems, we solve this
maximization problem, given in (2), by constructing the
fitness function as the reciprocal of f ([t
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, t
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]).

3. GENERAL PSO METHOD

Particle swarm optimization (PSO) first introduced by
Kennedy and Eberhart is one of the heuristic optimization
algorithms. A simple PSO maintains a swarm of particles
that represent the potential solutions to the problem on hand.
The simple PSO consists of a swarm of particles moving in
the D-dimensional space of possible problem solutions. Each
particle embeds the relevant information regarding the D
decision variables and is associated with a fitness that
provides an indication of its performance in the objective
space. Each particle i has a position X
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found among all the particles in the swarm so far.

In essence, the trajectory of each particle is updated
according to its own flying experience as well as to that of
the best particle in the swarm. The standard PSO algorithm
can be described as
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Where W is a weighting factor; C
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is a cognition
acceleration factor; C
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 is a social acceleration factor; rand
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k is the velocity of particle i at iteration
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k is the dth dimension position of particle i at iteration
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k is the dth dimension of the own best position of
particle i until iteration k; gbest
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the best particle in the swarm at iteration k.

The time varying weighting function W using [13] is
given by

W = W
max

 – (W
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Where W
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 and W
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 are initial and final weight
respectively, Iter is current iteration number and Iter

max
is

maximum iteration number. The model using (5) is called
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‘inertia weights approach (IWA)’. The inertia weight is
employed to control the impact of the previous history of
velocities on the current velocity. Thus the parameter W
regulates the trade-off between the global and the local
exploration abilities of the swarm. A large inertia weight
facilitates exploration while a small one tends to facilitate
exploitation.

4. PROPOSED IPSO METHOD

One of the simplest dynamic systems evidencing chaotic
behavior is the iterator called the logistic map, whose
equation is described as follows:

f
k

= µ.f
k-1

.(1 – f
k – 1) (6)

where µ is a control parameter and has the real value between
[0,4]. Despite the apparent simplicity of the equation, the
solution exhibits a rich variety of behaviors. The behavior
of the system represented by equation (6) is greatly changed
with the variation of µ. The value of µ determines whether
‘f’ stabilizes at a constant size, oscillates between a limited
sequence of sizes, or behaves chaotically in an unpredictable
pattern. And also the behavior of the system is sensitive to
initial value of ‘f’ [15]. Equation (6) is deterministic,
displaying chaotic dynamics when µ  = 4.0 and
f
0 {0, 0.25, 0.5 0, 0.75,1.0}∉ .

In this paper, the new weight is equal to the
multiplication of equation (5) by equation (6) in order to
improve the global searching capability as follows:

Wnew = W × f (7)

Whereas the conventional weight decreases
monotonously from W

max
 to W

min
, the proposed new weight

decreases and oscillates simultaneously for total iteration
as shown in Fig. 1.

Figure 1: Comparison of Weights

4.1. IPSO Algorithm

The proposed IPSO algorithm not only improves the standard
PSO algorithm but also adds new strategy in order to find
the global solution better than PSO algorithm by applying
the chaotic sequences for weight parameter. The proposed
algorithm can be summarized as follows:

Step 1: Get the threshold value as input.

Step 2: Initialize parameters W
max

, W
min

, C
1
, C

2
 and

Iter
max

.

Step 3: Generate intial population of N particles with
random positions and velocities.

Step 4: Calculate Fitness: Evaluate the fitness value of
current particle using objective function (1) or (2).

Step 5: Update Personal Best: Compare the fitness value
of each particle with its pbests. If the current value
is better than pbest, then set pbest value to the
current value.

Step 6: Update Global Best: Compare the fitness value
of each particle with gbest. If the current value is
better than gbest, set gbest to the current particle’s
value.

Step 7: Update Chaotic Weight: Calculate weight
Wnewk+1 using equation (7).

Step 8: Update Velocities: Calculate velocities V k + 1

using equation (3).

Step 9: Update Positions: Calculate positions X k + 1 using
equation (4).

Step 10: Return to step (4) until the current iteration
reaches the maximum iteration number.

Step 11: Output the optimal solution in the last iteration.

5. PERFORMANCE EVALUATION

The performance of the proposed method is evaluated by
comparing its results with the conventional PSO and GA
methods.

Figure 2: Lenna Image (512×512)
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Figure 3: Pepper Image (512×512)

Two well-known images (namely Lenna and pepper
images each of size 512 × 512) are taken as test images. It is
shown in the Figs. 2 and 3 respectively. Table 1 show the
optimal thresholds obtained with c = 2, 3, 4 and 5
respectively and corresponding objective function values
attained using IPSO, conventional PSO and GA methods. It
is observed that the IPSO outperforms well as compared with
PSO and GA methods. For a visual interpretation of the
segmentation results, the segmented Lenna and pepper
images with c=3 and c=5 are presented in Fig. 4 and 5
respectively. It can be easily seen that the quality of
segmentation is better, in each case, when c=5 is chosen. To
quantitatively judge the quality of several thresholding based
segmentation algorithms, the uniformity measure is utilized
which has also been extensively utilized in several literatures.
This uniformity measure is given as

u =

2
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2
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1 2 * *

* ( )
j

c
j i R i jf

c
N f f

= ∈Σ Σ − µ
−

−
Where, c number of thresholds

R
j

jth segmented region

f
i

gray level of the pixel i

µ
j

mean gray level of pixels in jth region

N total number of thresholds in the given
image

f
max

maximum gray level of pixels in the given
image and

f
min

minimum gray level of pixels in the given
image.

The value of this uniformity measure, u, should be a
positive fraction i.e. it should lie between 0 and 1. A higher
value of u indicates that there is better uniformity in the
thresholded image, depicting better quality of thresholding
and vice versa. It can be also seen that the proposed IPSO
could achieve significantly better segmentation results as
demonstrated by quite higher values of u in each case,
compared to other methods.

Figure 4: The Thresholded Images of Lenna (a) 3-levelthresholds,
(b) 5-level thresholds.

Figure 5: The Thresholded Images of Pepper (a) 3- level
Thresholds, (b) 5-level Thresholds.
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Table1
Comparative Study of IPSO, PSO and GA methods

Images c Optimal thresholds  Objective values Uniformity measure

IPSO PSO GA IPSO PSO GA IPSO PSO GA

Lenna 2 98,160 100,166 105,167 12.54 12.35 12.10 0.9699 0.9682 0.8844

3 82,123,179 79,125,176 90,131,176 15.81 15.31 14.99 0.9812 0.9760 0.9164

4 74,110,153,186 74,114,149,186 75,105,143,181 18.35 17.99 17.60 0.9858 0.9792 0.9198

5 63,102,136,170,198 69,104,137,169,197 74,103,133,166,195 21.05 20.54 20.12 0.9901 0.9799 0.9269

Pepper 2 73,142 75,145 84,150 12.86 12.64 12.39 0.9685 0.9647 0.8659

3 62,110,161 62,113,166 72,119,167 16.09 15.70 15.36 0.9798 0.9728 0.8970

4 42,78,125,171 46,80,126,172 57,90,132,174 19.30 18.49 18.08 0.9806 0.9738 0.9054

5 40,71,111,152,190 43,78,118,154,193 56,88,121,157,194 22.26 21.28 20.84 0.9886 0.9779 0.9080

6. CONCLUSION

In this paper an optimal multilevel thresholding using
improved particle swarm optimization (IPSO) algorithm has
been described. The IPSO uses chaotic sequences for weight
parameter to improve the global searching ability and escape
from local minima. The performance of the proposed
algorithm has been compared with conventional PSO and
GA methods. The experimental results show that the
proposed scheme can accelerate the optimal thresholding
methods in the multilevel thresholding case and the quality
of the thresholded images is better that those of property-
based multilevel thresholding methods.
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