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Abstract—A Parallel Genetic Algorithm (PGA) based scheme
for detection of cracks in images is proposed. The proposed
segmentation scheme is a feature based one and the optimum
threshold is determined from the the feature histogram. Par-
allel Genetic Algorithm (PGA) based clustering is proposed
to detect two peaks and thereafter the optimal threshold is
determined by Minimum Mean Square Error (MMSE) based
strategy. The proposed method has been tested successfully
with various images. The performance of the proposed method
is compared with that of Otsu’s, Kwon’s, Feature Less(FL) and
Feature Based(FB) approaches and it is found that the proposed
method outperformed all these methods for crack detection.

Keywords-Image Segmentation, Parallel Genetic Algorithm,
Clustering, Thresholding

I. INTRODUCTION

It is important in image processing to select a proper
threshold for extracting objects from the background. Image
thresholding is a necessary step in many image analysis
applications [1], [2], [3], [4], [5]. In it’s simplest form,
thresholding means to classify the pixels of a given image
into two groups (e.g. objects and background), one including
those pixels with their gray values above a certain threshold,
and the other including those with gray values equal to and
below the threshold. This is called bi-level thresholding.
Generally, one can select more than one threshold, and use
them to divide the whole range of gray values into several
sub ranges. This process is called multilevel thresholding.
Most thresholding techniques [6], [7], [8], [9], [10] utilize
shape information of the histogram of the given image while
selecting thresholds.

In an ideal case, for images having two classes, the
histogram distribution has a deep and sharp valley between
two peaks representing objects and back ground respectively.
Thus, the threshold can be chosen at the bottom of this valley
[5]. However, for images with cracks, it is often difficult to
detect the valley precisely [11], because; (i) valley could
be flat and broad, and (ii) the two peaks could be unequal
in height, often producing no traceable valley. Rosenfeld
et al. [12] proposed a valley sharpening technique which

restricts the histogram to the pixels with large absolute
values of derivatives, S. Watanable et al. [10] have proposed
the difference histogram method, which selects threshold at
the gray level with the maximal amount of difference. This
method utilizes information concerning neighbouring pixels
or edges in the original picture to modify the histogram so as
to make it useful for thresholding. Another class of methods
deal directly with the gray level histogram by parametric
techniques. The histogram has been approximated by a
sum of Gaussian distributions in the least square sense,
and statistical decision procedures have been applied [7],
[9]. However, such methods are found to be tedious and
computationally involved. Recently, the notion of cluster
analysis has been employed for determination of optimal
threshold [8], [13]. A new similarity measure has been
proposed in [14] based on the inter class and intra class
variance of the clusters. Qiao et al. [15] have also pro-
posed a variance and intensity contrast based thresholding
scheme for segmenting small objects in a given scene. A
feature based approach using Parallel Genetic Algorithm
(PGA) has been proposed [6] for segmentation where the
algorithm could be successfully employed for segmentation
of two class noisy images. Here, the PGA based scheme
detected peaks but the valley or threshold was determined
by exhaustive search.

In this paper, a PGA based method has been proposed to
obtain an optimal threshold to segment an image consisting
of cracks only is proposed. Specifically, we propose a
technique of separating cracks and non crack portions. In the
context of classification, this problem could be viewed as a
two class problem and the histogram distribution has two
modes corresponding to the two classes. We consider cases
where there is overlapping between the class distributions in
the histogram and the area of the two distributions are quite
uneven. It has been observed that the standard methods such
as Ostu’s and others fail to obtain the optimum threshold.
Hence, a feature based scheme has been proposed to segment
such kind of images. In this scheme, we construct the
feature histogram and thereafter determine the two dominant
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peaks corresponding to two class of the histogram. This is
achieved by the proposed PGA based clustering scheme.
Subsequently, a MMSE base iterative scheme has been
devised to obtain the optimum threshold. The proposed
scheme, when tested on images with cracks, produced better
results than those of Otsu’s [9] and Kwon’s [8] method.

II. PROBLEM STATEMENT

In case of a two class problem, threshold can be de-
termined from the histogram distribution of images if the
distribution exhibits distinct separability. However for noisy
images or because of the uneven distribution of gray values,
there may be appreciable amount of overlapping of the
classes in distribution. This could lead to determination
of incorrect threshold. A feature based scheme has been
proposed where, we consider the histogram of the features
as opposed to the original gray values. In the feature
histogram we consider the two classes corresponding to the
two dominant modes of the distribution. Fig. 1(a) shows
the histogram that has two distinct modes with overlapping
class distributions. But, the feature histogram shown in Fig.
1(b) has two modes corresponding to two classes without
any overlapping. The PGA based clustering notion is used
to detect the peaks. These detected peaks are assumed to be
the mean of the class distribution. A MMSE based iterative
scheme is proposed to determine the optimum threshold. The
notion is to choose a threshold that partition the whole image
into two classes. The corresponding means are computed.
The error between these computed mean and the assumed
mean is minimized to determine the optimal threshold.

III. MINIMUM MEAN SQUARE ERROR FEATURE BASED

(MMSEFB) METHOD

This scheme consists of two parts. The first part deals with
the extraction of features from the image and construction
of the feature histogram. In the second part, we formulate
MMSE based scheme to determine the optimum threshold.

A. Feature Based (FB) Approach

By and large, the gray level distribution in histogram of
noisy scenes or images with cracks have overlapping class
distribution. In such situations, the feature less (FL) [6]
approach yields approximate results with large percentage
of misclassification error. This could be precisely attributed
to the error due to the overlapping class distributions. Hence,
in this scheme, the feature based histogram distribution is
considered. A window of a given size is considered around
a pixel and the distributions of the gray values over the
window is assumed to be Gaussian. The first moment of
this distribution over the window is used as the feature and
this is governed by the second moment (variance) of the
distribution. With Gaussian assumption it is known that the

likelihood estimates of the first and second moment becomes

μ̂wij =
1

Nw

Nw∑
k=1

xk and σ̂wij =

√√√√ 1
Nw

Nw∑
k=1

(
xk − μ̂wij

)2
. (1)

The first moment of the pixels is considered as the feature
value if the following condition is satisfied.

if |xij − μ̂wij | ≤ σ̂wij /K then xij = μ̂wij ; (2)

where K is any positive constant, xij is the gray value
corresponding to the (i, j)th pixel, μ̂wij and σ̂wij are the
average value and standard deviation of the Gaussian dis-
tributed pixels over the window centered at (i, j)th pixel,
and Nw is the number of pixels in the window. Thus another
image consisting of featured pixel is generated. Fig.1(a)
shows the histogram of a two class image. It is seen from
the Fig.1(a) that there are distinct overlapping of the class
distributions. The histogram of the featured image, generated
using (1) and (2), as shown in Fig.1(b) that exhibits clear bi-
modality with minimum overlapping. Hence, optimal thresh-
old can be determined using Fig.1(b). Usually, a iterative
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Figure 1. (a) Normalized histogram of the image, (b) Featured based
normalized histogram

search algorithm might determine threshold as suboptimal
solution due to the discrete nature of the histogram. Hence
Genetic Algorithm (GA) and PGA based algorithms have
been proposed to determine niches (peaks) of the feature
histogram and thereafter the MMSE based approach is used
to determine the valley and hence the optimal threshold.

B. Optimum Threshold using Minimum Mean Square Error
(MMSE) Scheme

In this formulation, in a given scene, we assume objects
to be one class and rest of the classes (one or more) are
assumed to be background. In case of a two class problem,
the object and background have distinct class distributions
as shown in Fig. 2. In Fig. 2, it is observed that there are
two peaks and one valley. To the left of the valley, the area
under the curve corresponds to one class distribution and
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Figure 2. Bimodal distribution with the peaks representing the dominant
gray value of object and background

the area to the right of the valley corresponds to other class
distribution. Let one of them represent the object class and
the other the background class. It is assumed that the two
peaks correspond to the mean of the class distributions. Let
T denote the threshold selected to distinguish the object and
background classes. Because of threshold T, the distribution
as shown in Fig. 2 is divided into two classes, one to
the left of T and the other to the right of T. The class
distribution to the left of T may either correspond to object
or background and analogously the distribution to the right
of T may correspond to either background or object. Let
moT and mbT denote the mean value of the object and
background class distribution respectively.

Let eo denote the error in the object class occurring due to
the selection of threshold T and is defined as eo = (moT −
mo). Analogously eb denote the error in the background
class occurring due to the selection of threshold T and is
defined as eb = (mbT − mb). Let the eo and eb denote
the instantaneous values of the random variables eo and eb

respectively. The total error for both the class distribution at
a given time instant k is

E[ξ] = E[eo(k)] + E[eb(k)]. (3)

In order to achieve the optimum threshold, Topt, in the
minimum mean square error (MMSE) sense, the following
function need to be minimized. Assuming eo(k) and eb(k)
are uncorrelated,

ξ(k) = eo(k) + eb(k)

, and

ξ2(k) = eo
2(k) + eb

2(k) + 2eo(k)eb(k). (4)

Taking expectation of both sides

E[ξ2(k)] = E[eo
2(k)] + E[eb

2(k)] + 2E[eo(k)eb(k)]. (5)

Since eo(k) and eb(k) are uncorrelated, therefore
2E[eo(k)eb(k)] = 0 and (4) can be expressed as,

E[ξ2(k)] = E[eo
2(k)] + E[eb

2(k)]. (6)

In (6), evaluation of the expectation of the individual term
is difficult because at kth instant all possible values of
the errors are not available. Hence, we consider only the
available instantaneous value and hence,

E[eo
2(k)] = eo

2(k) and E[eb
2(k)] = eb

2(k). (7)

Therefore, (6) can be expressed as,

E[ξ2(k)] = eo
2(k) + eb

2(k). (8)

The optimum threshold value is obtained by minimizing (8)
with respect to T. Hence, the optimum threshold Topt can
be determined as,

Topt = arg min
T

E[ξ2(k)], (9)

or Topt = arg min
T

(eo
2 + eb

2). (10)

substituting eo
2 and eb

2 in (10), it can be written as,

Topt = arg min
T

{(moT − mo)2 + (mbT − mb)2}. (11)

This optimum value is obtained by the proposed iterative
algorithm.

Algorithm:
(1) Select mo and mb from the PGA based algorithm.
(2) Choose an arbitrary initial threshold T. Initialize the

error e2
minto a large value. At each time step k compute

the following:
(3) Compute moT (k) and mbT (k) corresponding to the

chosen Tk.
(4) Compute e2

T (k) = {(moT (k) − mo)2 + (mbT (k) −
mb)2} or e2

T (k) = (e2
o(k) + e2

b(k)).
(5) If e2

T (k) < e2
min, then e2

min = e2
T (k), T = Tk; k=k+1;

Tk = Tk + ΔT ; else k=k+1, Tk = Tk + ΔT.
(6) Check if all gray values are exhausted. If ”No” Go to

Step (3) or if ”YES” go to Step (7)
(7) T denotes the optimum threshold corresponding to the

minimum error.

IV. GA BASED CLUSTERING

By and large, GA is used for optimization of functions and
yields optimal solutions. Here, we employ GA for clustering
by maintaining sub-population in the peaks of nonlinear
multimodal functions. This notion is known as crowding.
In the following, we explain the GA based class model.

A. GA class model

Usually GA are used for function optimization and hence
determine the global optimal solution [16], [17]. In case
of nonlinear multimodal function optimization, the problem
of determining the global optimal solution as well as local
optimal solution reduces to determining the niches in the
multimodal functions. Thus, the problem boils down to
clustering the population elements around the given niches.
Some effort has been made in this direction for last couple
of years where new strategies and algorithms have been
proposed
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B. Crowding method

In the deterministic crowding, sampling occurs without
replacement. We will assume that an element in a given
class is closer to an element of its own class than to
elements of the other classes. A crossover operation between
two elements of same class yield two elements of that
class, and the crossover operation between two elements of
different classes will yield either: (i) one element from both
the classes, (ii) one element from two hybrid classes. For
example, for a four class problem, the crossover operation
between two elements of class AA and BB may results in
elements either belonging to the set of classes AA, BB,
or AB, BA. Hence the class AB offspring will compete
against the class AB parents, the class BA offspring will
compete with class BA parents. Analogously for a two class
problem, if two elements of class A are randomly paired,
the offspring will also be of class A, and the resulting
tournament will advance two class A elements to the next
generation. The random pairing of two of class B elements
will similarly result in no net change to the distribution in
the next generation. If an element of class A gets paired
with an element of class B, one offspring will be from class
A, and the other from class B. The class A offspring will
compete against class A parent, the class B offspring against
the class B parent. The end results will be that one element
of the both classes advances to the next generation and hence
no net change.

C. GA based algorithm for optimal threshold

Once the stable subpopulation is maintained at the peaks
of the multimodal function, the problem is to determine the
valley between the two successive peaks. The two peaks
correspond to two gray levels and in between these two gray
values the minimum of the function is found out. The fitness
function is defined as follows,

Fitness function for peaks,

f(g) = p(g) g ∈ [0, L] . (12)

Fitness function for valley,

f(g) = p(g) g ∈ [p1, p2] ; (13)

where g denotes the gray value, p1 denotes the first peak
gray value, p2 denotes the second peak gray value and
p(g) denotes the featured pixels distribution. We have em-
ployed basic GA to determine the minimum of the objective
function which is the fitness function itself. Our proposed
algorithm consists of determining all the peaks of the gray
label distribution in the histogram and in the sequel to find
out the minima in between each pair of peaks.

D. Algorithm

The salient steps of the algorithm are:

(i) Initialize randomly a population space of size Np

(each element corresponds to a gray value between
0 and 255) and their classes are determined.

(ii) Choose two parents randomly for crossover and muta-
tion operation with crossover probability Pc and mu-
tation probability Pm. Compute the fitness of parents
and off-springs. The fitness function is the normalized
featured histogram function p(g) in (13).

(iii) The offspring generated compete with the parents
based on the concept of binary tournament selection
strategy.

(iv) After selection the selected elements are put in their
respective classes.

(v) Steps (ii), (iii) and (iv) are repeated for all elements
in the population.

(vi) Step (v) is repeated till the convergence is met i.e. the
elements of respective classes are equally fit.

(vii) The peaks will be determined from the converged
classes of step (vi).

(viii) An arbitrary value of threshold is selected preferably
in between the peaks.

(ix) The mean of the two class mbT and moT correspond-
ing to object class are computed.

(x) Equation (11) is evaluated.
(xi) Steps (viii)-(x) are repeated and the minimum value

of error is found out. Threshold corresponding to the
minimum value is the optimal threshold.

(xii) This threshold is used to segment the image.

D1 D2

D3D4

Figure 3. Interconnection model used in PGA

E. PGA based clustering algorithm

The objective of designing PGA is two fold: (i) reducing
the computational burden, and (ii) improving the quality of
the solutions. Design of PGA involves choice of multiple
populations where the size of the population must be decided
judiciously [18]. These populations may remain isolated or
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they may communicate exchanging individuals. This process
of dividing the entire population into sub-populations and
then providing the mechanism of interaction between them
is known as coarse grained parallelism. The process of
communications between individual demes is known as
migration. The coarse grained PGA is broadly based on
the Island model and Stepping Stone model. In an Island
model, the population is partitioned in to small subpopula-
tions by geographic isolation and individuals can migrate
to any other subpopulation. In this parallel scheme, the
population is divided into demes and the demes evolve for
convergence. After some generations, migration is carried
out to achieve convergence. A new interconnection model
having the notion of self migration is proposed and is shown
in Fig 3. Besides, the interconnection between demes, a
self loop (SL) has been introduced to take care of intra-
deme migration. This helps in accelerating the convergence
and also improves the quality of the solution. We have
adopted the good-bad(GB) based migration policy [19], [20].
In our problem, we considered four demes D1, D2, D3 and
D4 and the interaction network model is shown in Fig 3.
Tournament selection mechanism is applied to all demes.
A new crossover operator known as Generalized Crossover
(GC) operator [20] has been used in the PGA.

F. Algorithm

The steps of the parallelized crowding scheme are the
following.

(1) Initialize randomly a population space of size Np

(each element corresponds to a gray value between
0 and 255) and their classes are determined.

(2) Divide the population space into fixed number of sub-
populations and determine the class of individuals in
each sub-population.

(3.1) In the given sub-population, choose two elements at
random for Generalized Crossover (GC) and Mutation
operation with crossover probability Pc and mutation
probability Pm.

(3.2) Evaluate fitness of each parents and offspring. The
fitness function is the featured normalized histogram
function p(g) in (13).

(3.3) The tournament selection mechanism is a binary tour-
nament selection among the two parents and off-
springs, the set which contains the individual having
highest fitness among the four elements is selected to
the set of parents for the next generation.

(3.4) Repeat steps 3.1, 3.2 and 3.3 for all the elements in
the sub population.

(3.5) Repeat steps 3.1, 3.2, 3.3 and 3.4 for a fixed number
of generations.

(4) Step 3 is repeated for each sub-population.
(5) Migration is allowed from each deme to every other

deme. The individuals are migrated based on the
selected migration policy. Numbers of elements to

migrate are determined from the selected rate of
migrationRmig. The elements migrate with migration
probability Pmig .

(6) Self Migration is allowed in each deme based on the
selected migration policy and selected rate of self-
migration Rsmigwith a probability Psmig .

(7) Repeat Steps 3,4,5 and 6 till convergence is achieved.
The algorithm stops when the average fitness of the
total population is above pre-selected threshold.

(8) The peaks will be determined from the converged
classes of Step 7.

(9) An arbitrary value of threshold is selected preferably
in between the Peaks.

(10) The mean of the two class mbT and moT correspond-
ing to object class are computed.

(11) Equation (11) is evaluated.
(12) Steps (8)-(10) are repeated and the minimum value

of error is found out. Threshold corresponding to the
minimum value is the optimal threshold.

V. SIMULATION

The proposed scheme could successfully be tested on
different images. For the sake of illustration, results have
been presented for three images. The first image considered
is shown in Fig. 4(a). It can be observed that there are cracks
in some portion of the image and also no crack in the left
side of the image. The corresponding histogram is shown in
Fig. 4(b) where it can be observed that the two dominant
peaks correspond to two classes with much large area in one
class and a very small area in the other class. Besides, there
is appreciable amount of overlap of the distribution. The
feature based approach produces the histogram as shown
in Fig. 4(c). We have considered a window size of (9x9)
to determine the feature. It is observed from Fig. 4(c)
that the overlapping has been reduced appreciably and also
unevenness in distribution of areas of classes is reduced.
The feature histogram is considered and the proposed PGA
based clustering algorithm has been applied to determine
the two peaks and thereafter the iterative scheme has been
used for optimum threshold detection. The two detected
peaks are marked “X” in Fig. 4(d). The parameters used
for PGA are: Generation=1000, Migration period is 10
generations, Number of demes is 4, Probability of Crossover
Pc = 0.8, Probability of Mutation Pm = 0.001, population
size Np = 400 and Nv = 100, Probability of migration
Pmig = 0.8, Migration rate Rmig = 8%,, Probability of self
migration Psmig = 0.8 and Self migration rate Rsmig = 4%.
We have used Good-Bad (GB) migration policy in the PGA
based clustering. It is observed with the proposed algorithm
that PGA converges faster than GA. This phenomenon can
bee observed from Fig. 4(e) and (f) for individual classes.

The proposed self loop (SL) based interconnection model
[20] for PGA has been considered. It is observed from
Fig. 4(g) and 4(h) that the proposed interconnection model
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Figure 4. (a) Image 1, (b) Histogram, (c) Featured histogram, (d) Detected
peaks and valley, (e) Avg. fitness vs generations of class ”A” PGA and GA,
(f) Avg. fitness vs generations of class ”B” PGA and GA, (g) Avg. fitness
vs generations of class ”A” SL and WSL, (h) Avg. fitness vs generations of
class ”B” SL and WSL, and (i) Shows segmented images using proposed
FB mehtod.

Table I
THRESHOLD VALUES OBTAINED BY OTSU’S, KWON’S, FL, FB AND

MMSE-FB APPROACHES FOR CRACK DETECTION

Sample Threshold Selection Methods
Images Otsu’s Kwon’s FL FB MMSE-FB

T T T T T
Image 1 114 79 56 58 52
Image 2 110 125 60 60 15
Image 3 108 117 31 58 32

Table II
PERFORMANCE EVALUATION OF OTSU’S, KWON’S, FL, FB AND

MMSE-FB APPROACHES FOR CRACK DETECTION

Threshold Sample Images
Selection Image 1 Image 2 Image 3
Methods ME %age ME %age ME %age
Otsu’s 18.45 22.932 17.51

Kwon’s 0.781 30.7881 22.6
FL 1.52 8.232 2.8
FB 1.302 8.232 4.5

MMSE-FB 1.74 3.5 2.8

converges faster than that of without selfloop model (WSL).
The detected peaks are considered as the means and MMSE-
FB scheme is applied to determine the threshold. The
threshold as given by the proposed method is found to be
52 and the segmented image is shown by Fig. 4(i). It is
seen from Fig. 4(i) that the cracks have been classified and
the leftside region of the image without cracks has been
identified as one class. Results of Fig. 5(c) and Fig. 5(d)
correspond to the Otsu’s and Kwon’s method. As observed
from Fig. 5(c), there are many misclassified pixels and hence
the misclassification error is 18.45% as given in Table 2. In
case of Kwon’s method, there are visible cracks which are
actually edges but not cracks. The misclassification error has
been presented in Table 2. Fig. 6 shows the results obtained
for three images by different methods. Fig 6(a) shows the
original images and the corresponding ground truth images

(a) (b)

(c) (d)

Figure 5. (a) Image 1, (b),(c) and (d) Shows segmented images using
proposed Featured based(FB), Otsu’s and Kwon’s mehtod.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

Figure 6. (a) shows the original images of image 1, 2 and 3. (b) shows
the Ground trouth segmented images for the images in “a”. (c) shows the
segmented images of images in “a” using the Otsu’s method. (d) shows the
segmented images of images in “a” using the Kwon’s method. (e) shows
the segmented images of images in “a” using FL method. (f) shows the
segmented images of images in “a” using the FB method. (g) shows the
segmented images of images in “a” using the proposed method.

are shown in Fig. 6(b). Fig. 6(c) and 6(d) correspond to
Otsu’s and Kwon’s method. Here it can be observed that
not only cracks but there are many misclassified pixels also.
The results obtained by Feature Less (FL) and Feature Based
(FB) [6] method are shown in Fig. 6(e) and 6(f). There are
improvements as compared to Otsu’s and Kwon’s method
but still there are quite a bit of misclassified pixels. Fig. 6(g)
shows the results obtained by the proposed method where
it may be seen that the cracks could be properly detected.

The thresholds obtained by different method are given in
Table 1. The misclassification error in case of the proposed
method is given in Table 2 and is much less than those of
Otsu’s and Kwon’s method. Hence the proposed method is
found to be best among Otsu’s Kwon’s, FL and Fb methods.

VI. CONCLUSIONS

A novel scheme to detect cracks in earth surface images
has been proposed. Histograms of such images are found
to have appreciable amount of overlap and very much
unequal area of class distributions. We propose a PGA based
clustering algorithm to determine the peaks and thereafter an
iterative scheme to determine the optimal threshold. It has
been found that for images having cracks the performance
of the proposed scheme was quite effective and best among
Otsu, Know, FL and FB methods. Current work focusses on
devising adaptive threshold for uneven lighting condition.
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