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Abstract-In this paper, two adaptive thresholding schemes 
have been proposed. These two schemes are based on adaptive 
selection of windows based on the proposed window merging and 
window growing. Windows are selected based on the entropy and 
feature entropy criterion. PGA and MMSE based segmentation 
schemes have been proposed to segment the windows selected a 
priori. The efficacy of the proposed approaches have been com
pared with the Huang's pyramidal window merging approach. 
It is found that the proposed approaches exhibited improved 
performance in the context of accuracy of segmentation. 

Index Terms-Image Segmentation, Parallel Genetic Algo
rithm, Clustering, Adaptive Thresholding, Entropy. 

I. INTRODUCTION 

It has been found that the existing global thresholding 
methods and the adaptive thresholding methods proved to be 
quite inefficient to segment images acquired under uneven 
lighting conditions. To address this problem, many adaptive 
methods have been proposed in the literature for quite some 
time [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11] and these 
methods are based on different approaches. Recently, Huang 
et al. [11] have proposed an adaptive thresholding method 
based on the window merging approach. The basic notion is 
to adaptively select the window size for local thresholding. 
His approach has used Lorentz Information Measure (LIM) 
as criterion for selection of windows. The window merging is 
based on the pyramid approach. Even though it has provided 
satisfactory results for many cases, it produced poor results 
for different uneven lighting conditions. The method although 
proved to be quite effective, the efficacy of this method is 
found to greatly depend upon the proper selection of initial 
window size. This motivated to develop adaptive window 
selection criteria for determining local thresholds and in turn 
segmentation. 

It has been found that the nature of the histogram of images 
with uneven lighting condition is quite complex and does not 
exhibit clear modes to obtain threshold. By and large, global 
thresholding method yields suboptimal threshold which in turn 
segments the images with high misclassification error. In order 
to handle such cases, we have proposed two adaptive thresh-

978-1-4244-6588-0/10/$25.00 ©201 0 IEEE 

olding schemes. In one of the proposed schemes, the image is 
partitioned into different windows and the combined windows 
are selected for segmentation based on the proposed criteria 
of entropy and feature entropy. If a window fails to satisfy 
the criterion, it is merged with other neighbouring windows 
to form a new window to be selected for segmentation. After 
selection of all the windows spaning the image, the windows 
are segmented using the proposed Parallel Genetic Algorithm 
(PGA) based approach and Minimum Mean Square Error 
(MMSE) based approach. Segmentation of the whole image 
is the union of segmented results of all the windows. This is 
called window growing approach and it has been found that 
the final result is dependent on the initial choice of the window 
size. In order to ameliorate this, a window growing approach 
has been proposed where a small arbitrary size of the window 
is selected initially and tested with the window selection 
criterion. If the choosen window fails the test, the size of the 
window is incremented to encompass more information so that 
the histogram exhibits bimodality. Thereafter, a new window 
is selected from the rest of the images and the above process 
is repeated to obtain another window to be segmented. This 
process is continued till the whole image has been exhausted. 
After the whole image is exhausted, the windows of different 
sizes are segmented using the proposed PGA based and MMSE 
based schemes. The results of the two proposed schemes have 
been compared with the Huang et al.'s [11] approach and it has 
been found that the proposed approaches proved to be better 
than that of Huang's [11] pyramidal approach. 

II. PROBLEM STATEMENT 

Images acquired under controlled environment can have 
uniform lighting conditions, but often images of real world 
shows uneven distribution of lighting condition. This could be 
due to the uneven distribution of intensity in the scene. The his
togram of such images exhibit unimodality or almost unimodal. 
Therefore, conventional global threshold based segmentation 
approaches have been found to produce poor segmentation 
results which are unsuitable for many practical applications. 
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Attempts have been made in the past [1], [2], [3], [4], [5], 
[6], [7], [8], [9], [10], [11] to address such cases by adhering 
to the notion of adaptive thresholding. Many such approaches 
focous on adaptive selection of window size to be selected for 
segmentation. 

In this paper, the problem has been addressed by adaptively 
selecting the window size for segmentation. The proposed 
window selection strategy is based on information theoritic 
criterion. The objective of the window selection is such that 
the histogram in a given window tends to be bimodal or 
atleast two clear modes are available to determine the optimal 
threshold. Each mode in the histogram corresponds to one class 
and in this context, the histogram of the selected windows 
often shows overlapping class distribution. This necessiates 
to design efficent thresholding schemes to determine optimal 
threshold. In this work, we have proposed two threshold detec
tion schemes to find out optimal threshold while minimizing 
error due to overlapping class distributions. In this approach, 
the image is partitioned into subimages that are sufficiently 
rich in information. The size of the window and hence the 
number of windows are governed by the proposed entropy and 
feature entropy based criteria. The windows thus selected are 
of different size and each window is segmented separately and 
segmentation of the whole image is the union of the segmented 
results of all windows. 

Segmentation in each window is achived as follows. Be
cause of entropy based window merging or growing, the 
histogram of each window exhibits either clear bimodality or 
almost bimodal. The histogram being discrete in nature, PGA 
based scheme has been devised to detect the threshold for 
segmentation. First, the peaks of the histogram are determined 
and in between the two peaks the valley, being the threshold, 
is determined by the PGA based and MMSE based algorithm. 
This threshold has been used to segment the respective win
dows. 

III. ENTROP Y BASED WINDOW MERGING AND GROWING 

A. Window merging 

The window merging criterion is based on entropy and 
feature entropy of a given window. The image is partitioned 
into sub-images and in each sub-image, the entropy is com
puted based on the histogram. In each sub-image, the edges 
are considered as features and the feature entropy is also 
computed. The entropy and the feature entropy of the total 
image is also computed. 

Entropy of an image is defined as 

256 
H = - LPiln(Pi). (1) 

i=l 
Where Pi is the probability of the ith gray value. Similarly the 
feature entropy of an image is defined as 

256 
Hf = - LPhln(PfJ· (2) 

i=l 

Where Pf; is the probability of the ith gray value in the feature 
space. 

Analogously, the entropy and featured entropy of a window 
W can be defined as 

256 
Hw = - LPw; In(pwJ. (3) 

i=l 
Where, Pw; is the probability of the ith gray value in the 
window 

256 
HWf = - LPWfi In(pwfJ i=l 

(4) 

Where, Pw f i is the probability of the ith gray value in the 
feature space within a window 

A window is selected to be segmented if the following 
condition is satisfied. Otherwise the window is merged with 
the neighbouring windows. 

Hw > Th, subject to the constraint HWf > Thf (5) 

The thresholds Th and Thf in the above inequalities are 
chosen based on the total entropy of the image and that of 
the feature image. 

Based on the above decision criterion, a window is either 
merged with the neighbouring window or unmerged to be seg
mented. Thus the selected windows are segmented with Otsu's 
and our proposed methods of PGA and MMSE approaches. 

B. Window growing 

In window merging, the whole image has been partitioned 
into windows of same size. Thereafter, the window merging 
methods are adopted. It has been observed that, in the above 
notion of window merging, the segmentation accuracy greatly 
depends upon the proper choice of initial window size. In order 
to ameliorate the above effect, a window growing method is 
proposed. In this method the initial window size considered 
is very small and the window selection depends on both the 
entropy of the gray values and the feature entropy. We consider 
edge as a feature and compute the entropy of the feature. If 
the following constraint information condition is satisfied, the 
window is selected to be segmented or the window size is 
incremented by � wand again the selection criterion is tested. 
If the enhanced window satisfies the selection criterion, the 
window is fixed to be segmented. This process of window 
merging is continued untill none of the windows selected need 
merging. The criterion for fixing size of the window is 

Hw > Th, subject to the constraint Hwf > Thf (6) 

Where, Hw represents the entropy of the window and Hwf 
represents the entropy of the feature window. 

IV. IMPLEMENTATION OF PROPOSED WINDOW MERGING 

AND WINDOW GROWING APPROACHES 

Besides pyramid structure approach of Huang et al.[ll], 
we have proposed window overlapping technique for window 
merging. Selection of windows in this method needs to be 
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based on the three proposed criterion. The overlapping ap
proach is shown in Fig. 1. The image is partitioned into say, 
for example, 16 windows and for example wI, w3, w4, w8, 
w13, and w16 satisfy the selection criterion and therefore, they 
have been selected. The partition is carried out in a raster scan 
fashion and hence wI to w16 occur in a raster scan manner. 
Since, w2, w6, and w7 do not satisfy the criteria, they are 
merged with w3 to form a window consisting of w2, w3, w6, 
and w7 and this larger window is tested with the proposed 
criterion. These merged windows are shown with dotted lines. 
Since, wS does not satisfy the criteria, this is merged with 
w6, w9, and wlO to form a window to be tested with the 
criterion. Analogously, wll is merged with w12, wlS, and 
w16 to form a window to be tested with the criterion. These 
merged windows satisfy the criterion and hence, selected to be 
segmented. Finally, w14 is merged with wlS, wll, wlO, w16, 
w12, w8, w7, and w6 to form a large window, to satisfy the 
criterion. This is shown in Fig 1(f). As seen from Fig. 1(f), 
all the merged blocks have been tick marked and hence, the 
whole image has been considered. 

The notion of merging affects the histogram distribution and 
this effect is demonstrated in Fig. 2. Fig 2(a) shows a hexagon 
image partitioned into 16 windows and the corresponding 
histograms are shown in Fig. 2(b). It may be observed that the 
histograms of most of the windows, except few ones, exhibit 
unimodal distribution and, hence unsuitable for segmentation. 
The windows have been merged based on the pyramid structure 
and these four merged windows are shown in Fig. 2(c). The 
corresponding histograms are shown in Fig. 2( d), where it 
may observed that the histogram in each window exhibits bi
modality condition and hence, can be segmented by proposed 
approaches. Thus, the notion of merging helps to add informa
tion so that the merged window can be segmented properly. 

The notion of window growing is illustrated in Fig. 3. Fig. 
3(a) shows that a small window has been selected initially 
and the window is incremented in the direction of the arrow 
to satisfy the selection criterion. Once, one window has been 
selected for segmentation, subsequent window growing starts 
from other portion of the image as shown in Fig. 3(c). This 
procedure is reiterated until all the portions of the image have 
been considered. 

V. PGA BASED SEGMENTATION OF WINDOWS 

Usually GAs are used for function optimization and hence 
determine the global optimal solutions [12], [13]. The his
togram landscape can be viewed as a nonlinear multimodal 
function and determination of the peaks of these functions is 
tantamount to determining the peaks of the histogram. For a 
bimodal histogram, once the two peaks have been identified, 
the valley is determined using these two peaks. Thus, the 
threshold to segment the image is found out. The threshold for 
each window is determined and the window is segmented. The 
peaks are determined by the proposed PGA based clustering 
algorithm [14], where stable populations are maintained at each 
of the peaks forming clusters. In other words, each cluster 
represents a peak. Thus, the problem reduces to clustering the 

m' � ., .. m' � � � �. � "" ., � 
" .. � .. .. .. � ':; " .. � ':; 
� _ �, � M �. �I' � M �. W,' � 

..... WI' "',, ..... ...� .. " w" ":" ";::' "',, w" "::"-

Fig. l. Window overlapping concept with LIM criterion:(a) Image is devided 
into 16 subimages (Windows), (b) wI, w3, w4, w8, wl3,wl6 are satisfied the 
criterion, (c) w2 is merged with w3, w6 and w7 to form a window w2w3w6w7 
after satisfying the criterion, (d) w5 is merged with w6, w9 and wlO to form 
a window w5w6w9wlO after satisfying the criterion, (e) wll is merged with 
wl2, wl5 and wl6 to form a window wllwl2wl5wl6 after satisfying the 
criterion, (f) wl4 is merged with wl5, wll, wlO, wl6, wl2, w8, w7 and 
w6 to form a window w6w7w8wlOwllwl2wl4wl5wl6 after satisfying the 
criterion 

(c) 
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(d) 

Fig. 2. Pyramid structure Window Merging Concept: (a) Image is partitioned 
into 16 sub-images (windows); (b) corresponding histograms of the sub
images; (c) 4 sub-images after window merging; (d) corresponding histograms 
of the sub-images. 

population elements around the given niches of the multimodal 
nonlinear function. The fitness function is defined as follows 

Fitness function for peaks f(g) = peg) g E [O,L] , (7) 

where g denotes the gray value, p(g) denotes the histogram 
distribution, and L denotes highest gray level in the image. 

A. Crowding method 

This clustering is accomplished by the notion of crowding 
in Genetic Algorithm. In the following, the crowding method 
is explained. Each peak or nich of the nonlinear multimodal 
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(c) 

Fig. 3. Window Growing Concept 

function represents a class. 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. 

R. PGA based clustering algorithm 

The objective of designing PGA is two fold: (i) reducing the 
computational burden, and (ii) improving the quality of the so
lutions. Design of PGA involves choice of multiple populations 
where the size of the population must be decided judiciously 
[15]. These populations may remain isolated or 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 

Fig. 4. Interconnection model used in PGA 

small subpopulations 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 [16], [17]. In our 
problem, we considered four demes D 1, 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 [17] 
has been used in the PGA. 

C. 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 
peg) in (13). 
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(3.3) The tournament selection mechanism is a binary tourna
ment selection among the two parents and offsprings, 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 Rsmig with 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 corresponding 
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. 

VI. MMSE BASED SEGMENTATION OF WINDOWS 

1l1o T 
Gray Values "g" 

Fig. 5. Bimodal distribution with the peaks representing the dominant gray 
value of object and background 

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. 5. In Fig. 5, 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 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. 5 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[�] = E[eo(k)] + E[eb(k)]. (8) 

The optimum threshold value is obtained by minimizing (8) 
with respect to T [18]. Finally, omitting the intermediate steps, 
the optimal threshold can be determined by the following 
expression. 

Topt = arg min E[e(k)], (9) T 
or Topt=argmin(eo2+eb2). (10) T 

substituting eo 2 and eb 2 in (10), it can be written as, 

Topt = argmin {(mOT - mo)2 + (mbT - mb)2}. (11) T 
This optimum value is obtained by the proposed iterative 
algorithm. 

A. Algorithm 

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

e�in to a large value. At each time step k compute the 
following: 

(3) Compute moT(k) and mbT(k) corresponding to the cho
sen Tk. 

(4) Compute ef(k) = {(moT(k) - mo)2 + (mbT(k) - mb)2} 
or ef(k) = (e�(k) + e�(k)). 

(5) If ef(k) < e�in ' then e�in = ef(k), T = Tk; k=k+l; 
Tk = Tk + !:1T; else k=k+l, Tk = Tk + !:1T. 

(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. 

VII. RESULTS AND DISCUSSIONS 

In simulation, four images have been considered and are 
shown in Fig. 6. The nonuniform lighting condition in each 
case has been created with different degree of lighting. The cor
responding histograms are shown in Fig. 7. It may be observed 
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TABLE I 
THRESHOLD VALUES FOR HUANG'S ApPROACH (HEXAGON 

IMAGE:400x400, INITIAL WINDOW SIZE 100xl00) 

Window 
SL No 

1 (2nd W) 
2 (3rd W) 
3 (4th W) 
4 (8th W) 

5 (12th W) 
6 (14th W) 
7 (15th W) 
8 (16th W) 

9 (3+4+7+8th W) 
10 (11+12+15+16th W) 

12 (all windows) 

Starting 
point 

(1,101) 
(1,201) 
(1,301) 

(101,301) 
(201,301) 
(301,101) 
(301,201) 
(301,301) 

(1,201) 
(201,201) 

(1,1) 

TABLE II 

End 
point 

(100,200) 
(100,300) 
(100,400) 
(200,400) 
(300,400) 
(400,200) 
(400,300) 
(400,400) 
(200,400) 
(400,400) 
(400,400) 

Huang's 
Approach 

T 
46 
67 
84 
89 
90 
47 
66 
82 
77 
78 
60 

WINDOW MERGING (ENTROPY BASED): SELECTED WINDOWS AND 
THRESHOLD VALUES DETERMINED BY DIFFERENT METHODS (FOR 

HEXAGON IMAGE OF SIZE 400x400, INITIAL WINDOW SIZE=200x80) 

Starting End Ostu PGA MMSE 
Window point point (Method 1) (Method2) (Method3) 
SL No T T T 

1 (2nd W) (1,81) (200,160) 35 36 39 
2 (3rd W) (1,161) (200,240 ) 54 49 57 
3 (4th W) (1,241) (200,320) 74 73 55 
4 (5th W) (1,321) (200,400) 90 94 111 
5 (7th W) (201,81) (400,160) 34 32 38 
6 (8th W) (201,161) (400,240) 54 51 58 
7 (9th W) (201,241) (400,320) 73 74 54 

8 (1Oth W) (201,321) (400,400) 91 101 100 
9 (1+2+3+ (1,1) (400,320) 54 60 45 

4+6+7+ 
8+9 W) 

from these histograms that non of these histograms shows clear 
bimodality except in case of rabbit image, where the second 
mode is very small as compared to the first dominant mode. In 
case of rice grain image, the histogram is almost unimodal. But 
in case of the hexagon image misleading modes are apparent. 
As observed from Fig. 6(b), a predominant mode is observed 
in the histogram of the crow image. Hence, as intuitively 
expected, the global thresholding approach produced poor 
results as shown in Fig. 8. Since all the considered cases are 
two class problems, Otsu's method being an eligant method for 
such two class problem has been used to segment the images. 
The corresponding results are shown in Fig. 8. Comparing 
these images with the ground truth images of Fig.9, it may 
be noted that, except the rabbit image, all other images could 
not be segmented properly. The proposed adaptive thresholding 
schemes based on window merging and window growing have 
been applied and the results have been compared with Huang 
et al. [11]. The results obtained by Huang's approach are 
shown in Fig. 10. Huang's approach is based on the pyramidal 
approach and as observed from Fig. 10, none of the images 
could be segmented properly. For ease of reference, results 
of Fig. 10 has been reproduced in the first row of Fog. 11. In 
Fig. 11, the first row corresponds to Huang et al.'s [11] window 
merging approach where the whole image of size 400x400 has 

I 

TABLE III 
WINDOW GROWING APPROACH: SELECTED WINDOWS AND THRESHOLD 

VALUES DETERMINED BY DIFFERENT METHODS (FOR HEXAGON IMAGE OF 
SIZE 400x400, INITIAL WINDOW SIZE=50xl0, ROW INCREMENT=5, COL 

INCREMENT= 1) 

Ostu PGA MMSE 
Window (Methodl) (Method2) (Method3) 
SL No Starting End 

I: Initial point point T T T 
F:Finai 
1 I (1,1) (50,10) 

F (1,1) (400,175) 32 34 41 
2 I (1,175) (50,185) 

F (1,175) (295,234 ) 55 51 63 
3 I (1,234) (50,144) 

F (1,234) (335,301) 71 68 77 
4 I (1,301) (50,311) 

F (1,301) (150,331) 82 80 60 
5 I (1,331) (50,341) 

F (1,331) (155,362) 88 94 64 
6 I (1,362) (50,372) 

F (1,30l) (l'U,4UU) 90 ISo 1S9 
7 I (150,301) (200,311) 

F (150,301) (360,343) 83 93 93 
8 I (155,343) (205,353) 

F (155,343) (300,372) 92 94 65 
9 I (170,356) (220,366) 

F (17u,350) (4UU,4UU) 95 1S3 117 
10 I (295,175) (345,185) 

F (295,175) (400,240) 57 60 64 
11 I (235,330) (285,340) 

F (235,33U) (4UU,4UU) 91 105 73 
12 I (310,235) (360,345) 

F (310,235) (4UU,4UU) 73 71S ISIS 

TABLE IV 
THRESHOLD VALUES AND MISCLASSIFICATION ERROR (ME) FOR 

DIFFRENT WINDOW SIZE USING THE FB APPROACH. 

Different Approach Percentage (%) of 
Different Approach Missc1asification error of different images 

Hexagone Crow Rabbit Rice 
Otsu's Approach 10.8850 15.4229 2.9260 18.5837 

(Global Thresholding) 
Huang's Approach 8.1781 5.8403 14.7740 8.3664 

Entropy Metho<11 1.'019 11.0099 l.'U33 1.3443 
based Method2 1.5337 1.41119 1.3211U 1.915u 
WM Method3 2.3444 2.1016 1.9033 2.6430 

Entropy Methodl 1.5776 10.6323 2.4767 1.4252 
based Method2 1.51144 2.91111U 1.0360 0.75 
WG Method3 2.5062 3.9395 2.4333 5.2017 

been divided into 16 windows each of size 100xl00. Based 
on the Huang's Lorentz information measure, the windows 
have been merged and the corresponding thresholds have 
been computed. The merged windows and the corresponding 
thresholds have been tabulated in Table I. As seen from the 
first row there are misclassified pixels and the misclassification 
errors have been found to be high as provided in Table IV. 

The second row of Fig. 11 shows the results obtained 
by the proposed entropy based window merging techniques. 
Here, after fixing the window size, segmentation has been 
carried out by Otsu's approach. In this case, the hexagon could 
be segmented properly while there are many misclassified 
pixels in the crow image. This large error has been reflected 
in misclassification error of 1.56 and 11.60 percentage. The 
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(a) (b) (c) (d) 

Fig. 6. Nonuniform lighting images (a) Hexagon (400x400); (b) Crow 
(400x512); (c) Rabbit (300x500); (d) Rice (256x256). 
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Fig. 7. Corresponding histogram of the (a) Hexagon; (b) Crow; (c) Rabbit; 

Fig. 9. Corresponding ground truth images manually constructed. 

(a) (b) (c) (d) 

Fig. 10. Segmented images using Huang's Approach with Pyramid window 
merging. Initial window size: (a) 100x100; (b) 50x64; (c) 75x125; and (d) 
32x32. 

percentage of missclassification errors are low in case of rabbit 
and rice image as tabulated in Table IV. The selection of win
dows are based on the notion of the entropy and the windows 
thus fixed are segmented by the proposed PGA based and 
MMSE based approaches. Segmentation of the whole image is 
the union of segmented results of all windows. The thresholds 
obtained by these methods have been tabulated in Table II 
and the results are presented in Row:3 and Row:4 of Fig 
11. As observed from Row:3 all images could be segmented 
properly except a few misclassified pixels appearing as white 
dots in the background of rabbit image. Misclassification error 
in case of PGA are lowest among all the methods. As observed 

Row 1: Huang's Approach. 

.. � 

Row 4: EBWM with method 3 (MMSE). 

Fig. II. Adaptive window merging with entropy based criterion (EBWM) 
and segmentaion of windows using methodl, method2, and method 3. 

from Row:4, the proposed MMSE method could segment the 
images but there are few misclassified pixels in the hexagon 
and the crow image. This has also been corroborated from 
misclassification error, which are more than that of PGA based 
approach. Hence, it is found that the entropy based window 
merging with PGA proved to be the best among all. It has been 
found that the results obtained using window merging scheme 
depends upon proper choice of initial window size. 

In order to alleviate the problems of window merging, the 
proposed window growing method has also been applied and 
the results obtained are shown in Fig. 12. In this approach, the 
window size starts from a small window (for hexagon image 
the initial window size is 50xl0) and then incremented to be 
fixed based on the proposed notions of entropy. The different 
windows selected for the hexagon image are tabulated in Table 
III. The results obtained by different approaches are shown in 
Fig. 12. As observed, from Row:2, there are more misclassified 
pixels in crow image in case of Otsu's method than that of PGA 
based approach and MMSE approach. In case of rabbit image, 
PGA based approach yielded better results than that of MMSE 
approach. This has also been reflected in the misclassification 
errors tabulated in Table IV. Thus in both window growing 
and window merging approaches the proposed PGA based 
approach proved to be the best. 
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Row 1: Huanj;?:'s Approach. 

Row 2: EBWG with method 1 (Otsu). 

�� 

Row 4: EBWG with method 3 (MMSE). 

Fig. 12. Adaptive window growing with entropy based criterion (EBWG) 
and segmentaion of windows using method I, method2, and method 3. 

V III. CONCLUSION 

In this work, segmentation of images acquired under uneven 
lighting condition has been carried out. It has been observed 
that global thresholding approach failed to segment these 
images and hence adaptive thresholding methods are necessary. 
New adaptive thresholding approaches have been proposed 
based on window merging and window growing notions with 
entropy criterion. It has been observed that with window 
merging, proper portion of the image could be selected for 
segmentation. The methods, when compared with Huang's 
approach showed improved performance. However, in case 
of window merging, it has been found that the segmentation 
accuracy greatly depends upon the proper choice of size of 
the initial windows. The selection of window size has been 
achieved by trial and error approach. In order to overcome this 
problem, a window growing approach has been proposed based 
on the notion of entropy and feature entropy. The accuracy of 
segmentation in window growing approach has been found to 
be better than that of window merging approaches and Huang's 
method. The results could be further improved by proposing 
new window selection criterion. 
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