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Abstract—In this paper, an adaptive thresholding technique 
based on gray level co-occurrence matrix (GLCM) is 
presented to handle images with fuzzy boundaries. As 
GLCM contains information on the distribution of gray 
level transition frequency and edge information, it is very 
useful for the computation of threshold value. Here the 
algorithm is designed to have flexibility on the edge 
definition so that it can handle the object’s fuzzy 
boundaries. By manipulating information in the GLCM, a 
statistical feature is derived to act as the threshold value for 
the image segmentation process. The proposed method is 
tested with the starfruit defect images. To demonstrate the 
ability of the proposed method, experimental results are 
compared with three other thresholding techniques.    
 
Index Terms—Co-occurrence matrix, entropy, thresholding, 
edge magnitude 
 

I.  INTRODUCTION 

Thresholding techniques are often used to segment 
images consisting of dark objects against bright 
backgrounds, or vice versa. It also offers data 
compression and fast data processing [1]. The simplest 
way is through a technique called global thresholding, 
where one threshold value is selected for the entire 
image, which is obtained from the global information. 
However, when the background has non-uniform 
illumination, a fixed (or global) threshold value will 
poorly segment the image. Thus, a local threshold value 
that changes dynamically over the image is needed. This 
technique is called adaptive thresholding.  

Many works have been done to formulate the best 
technique for the adaptive thresholding to accommodate 
image conditions such as non-uniform illumination, noisy 
image and complex background [1-15]. Basically these 
techniques can be divided into region-based and edge-
based thresholding. Region-based technique uses the 
whole image to extract the information for the threshold 
value computation, while edge-based technique is based 
on the attributes along the contour between the object and 
the background.  

For region-based technique, most of the early 
introduced techniques are based on the image histogram. 
In 1979, Otsu [2] presented a technique that considered 
the image histogram as having a two gaussian distribution 
representing the object and the background. A threshold 
is selected to maximize the inter-class separation on the 
basis of the class variances. Using the same two gaussian 
classes assumption, Kittler and Illingworth [3] selected a 
threshold value that minimized error in the Bayes sense. 
However, the shape of the image histogram is usually 
multi-modal instead of bimodal. One solution for this 
problem is by considering the local statistic measure of 
the input image [4]. These statistics include the mean 
value of the gray level and function obtained from the 
minimum and maximum values of the gray level. Apart 
from that, a thresholding technique, which is based on 
illumination-independent contrast measure, is introduced 
to segment outdoor scene images [1]. The primary idea of 
this method is to employ only the contrast measure and 
its threshold in a region-wise interpolation of the 
threshold for the adjacent regions.  

For the edge-based thresholding technique, the idea 
of applying the boundary based attributes is based on the 
fact that discriminant features exist at the boundary 
between the object and the background [5]. Thus, the 
edge-based thresholding technique has become more 
popular for exploration. Milgram [6] applied edge 
information to segment images by proposing “superslice” 
method. In this method, the edge information (gradient) is 
integrated with the recursive region splitting technique. 
The superslice method was also applied and improved in 
References [5, 7]. For a more complex approach, a multi-
scale computation through wavelet transform was 
introduced. For example, Zhonghua [8] extracted the 
edge information on both of the coarse and fine scale of 
the wavelet transform to compute the threshold value. 
This is to make sure that the computation is less affected 
by noise. Using almost the same idea, Zhang et. al [9] 
used the technique for the segmentation of bright targets 
in an image. Another approach for the edge-based 
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thresholding is based on the co-occurrence matrix where 
distribution of grayscale transitions together with the 
edge information is embedded in the matrix [10]. From 
the co-occurrence matrix, several types of entropies such 
as global, local, joint and relative entropy are computed 
to determine the threshold value [10-15]. This technique 
is simple and easy to use because the co-occurrence 
matrix itself already contains most information needed 
for threshold value computation. However, most of the 
techniques do not use the edge information in the co-
occurrence matrix effectively and produce poor result 
when dealing with noisy, complex background and fuzzy 
boundary images. Thus, this paper is proposing a new 
technique based on the co-occurrence matrix where 
statistical features will be defined from the edge 
information to handle images that have fuzzy boundaries 
between the object and the background of the image.  

II.  GRAY LEVEL CO-OCCURRENCE MATRIX 

Gray level co-occurrence matrix (GLCM) has been 
proven to be a very powerful tool for texture image 
segmentation [16, 17]. GLCM describe the frequency of 
one gray tone appearing in a specified spatial linear 
relationship with another gray tone within the area of 
investigation [18]. Here, the co-occurrence matrix is 
computed based on two parameters, which are the relative 
distance between the pixel pair d  measured in pixel 
number and their relative orientation φ . Normally, φ  is 
quantized in four directions (horizontal: 00, diagonal: 
450, vertical: 900 and anti-diagonal: 1350) [18]. These 
orientations are referred to the 4-adjacency pixels at 

),( ydx + , )1,( −yx , ),1( yx −  and )1,( +yx . In 
practice, for each d , the resulting values for the four 
directions are averaged out. To show how the 
computation is done, for image I , let m  represent the 
gray level of pixels ),( yx  and n  represent the gray 

level of pixels ),( 21 φφ dydx ±±  with L  level of 
gray tones where 10 −≤≤ Mx , 10 −≤≤ Ny  and 

1,0 −≤≤ Lnm . ),( 21 φφ  is set to )0,1(  for 
horizontal direction, )1,1( −  for diagonal direction, 

)1,0(  for vertical direction and )1,1(  for anti-diagonal 
direction. From these representations, the gray level co-
occurrence matrix nmC ,  for distance d  and direction φ  
can be defined as 
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where 1{.} =P  if the argument is true and otherwise, 

0{.} =P . In words, for each of the intensity pair 
),( nm , Equation 1 counts the number of the pixel pair 

that occurred in the whole image I  at relative distance 
d  and direction φ . Variable R in Equation 1 normalized 

the computation. Thus, GLCM is actually represents the 
probability of the pixel pairs. As an example, Figure 1 
shows the GLCM for 1=d , 00=φ  and 

4=== LNM  where the resulting GLCM is anti-
diagonally symmetry.  
 
 
 
 
 
 
 
 
 

Figure 1. GLCM 
 

In the classical paper [19], Haralick et. al have 
introduced fourteen textural features from the GLCM and 
then in Reference [2] stated that only six of the textural 
features are considered to be the most relevant. Those 
textural features are Energy, Entropy, Contrast, Variance, 
Correlation and Inverse Difference Moment. All these 
textural features are computed based on the frequency or 
repetition of the pixel pair, as it is the apparent 
information contains in the GLCM. However, there is 
another information, which is applied for the computation 
of a few of the textural features. It can be best described 
as an edge magnitude p defined as gray value difference 
of the pixel pair. Inside the GLCM, the edge magnitude is 
not shown by the value of the matrix but the value of the 
edge magnitude is determined by the position of the pixel 
pair inside the GLCM. Visually, the edge magnitude 
increases diagonally in the GLCM as shown by the bold 
arrows in Figure 2 

 
 
 
 
 
 
 
 
   

    
 
 

Figure 2. Edge magnitude 
 

From Figure 2, the edge magnitude is equal to zero 
along the symmetrical line where nm =  while the 
maximum value of the edge magnitude are located at 

)0,(lC  and ),0( lC  where 1−= Ll  is the maximum 
value of the gray tone of the image. Among the six 
textural values defined from the GLCM, only the contrast 
computation includes the edge magnitude information as 
shown in Equation 2. This is why contrast has the ability 
to measure coarseness of an image. For variance and 
correlation, almost similar information is included. 
However, the edge information is computed based on the 
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current pixel pair and the mean pixel value of the image 
rather than based on the pixel pair alone. 
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Object in an image is visible if the boundary of the 

object is visible. One way of quantifying the visibility of 
the object’s boundary can be done by applying the edge 
magnitude computation. Normally, the object’s boundary 
will have higher edge magnitude value compare to the 
object region itself and the background region of the 
image. In GLCM, instead of the ability of representing 
the edge magnitude, the matrix can be partitioned into 
sub-regions where object, background and boundary of 
the object are placed in different region. These regions 
are called GLCM quadrants [22]. 

III.  GLCM QUADRANTS 

When a threshold value T is chose and mapped on 
the GLCM, the threshold value partitions the GLCM into 
four quadrants as shown in Figure 3. Quadrant A 
represents gray level transition within the object (dark 
area) while quadrant D represents gray level transition 
within the background (bright area). The gray level 
transition between the object and the background or 
across the object’s boundary is placed in quadrant B and 
quadrant C. These four regions can be further grouped 
into two classes, referred to as local quadrant and joint 
quadrant. Local quadrant is referred to quadrant A and D 
and it is called local quadrant because the gray level 
transition arises within the object or the background of 
the image. Then quadrant B and C is referred as joint 
quadrant because the gray level transition occurs between 
the object and the background of the image.  

    
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. GLCM quadrants 
 

As mentioned in the Introduction section, entropy as 
one of the GLCM feature is the only feature applied to 
determine the threshold value [10-15]. Before entropy is 
quantified based on GLCM, it is quantified based on gray 
level image histogram [23]. The drawback of this 
technique is lack of gray level correlation information. As 

a result, two different images with identical image 
histogram will results similar threshold value [22]. The 
problem is solved when Pal and Pal introduced entropy 
based thresholding based on GLCM where correlation of 
the pixel pair is considered [13]. In their method, local 
entropy ( LEH ) is computed within the local quadrants. 
As there are two local quadrants in GLCM (quadrant A 
and D), two entropy values are computed for each of the 
local quadrant as in Equation 3 and 4.  
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The LEH  is then derived by summing up the 

)(TH A  and )(TH D . Based on the LEH , Pal and Pal 

chose the threshold value as LET  values specified by 

Equation 6, which maximize the LEH  defined by 
Equation 5. 
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Alternatively, Pal and Pal also derived entropy called 

joint entropy, JEH  (Equation 9) where it is a summation 
of entropy in quadrant B (Equation 7) and entropy in 
quadrant C (Equation 8).  
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Similar to local entropy, threshold value based on the 

joint entropy is selected when maximum JEH  is 

achieved. This is shown in Equation 10 where JET  is the 
resulting threshold value. 
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Another entropy that can be derived from the GLCM 

quadrants is global entropy ( GEH ), which is simply 
defined as the sum of the local entropy and the joint 
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entropy. The threshold value is then selected based on 
Equation 11. 
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An extended formulation of the entropy, which is 

called relative entropy was also introduced [22]. It is 
defined by Equation 12 where nmC ,  is GLCM generated 

from the original input image and nm
Th ,  is GLCM 

generated from the thresholded image.  
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Relative entropy in Equation 12 is actually a function 

that measures the distance between the input image and 
the result image (thresholded image). Here, good 
thresholded image is the one that tries to match the input 
image. Thus, the selected threshold value T should be the 
gray value that minimizes the relative entropy as 
described in Equation 13.   
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IV.  PROPOSED THRESHOLDING TECHNIQUE 

In the previous section, it was shown how entropy in 
GLCM is used for thresholding. In this work, instead of 
entropy, information based on edge magnitude, which is 
found in GLCM contrast quantification will be applied 
for the thresholding process. Based on the edge 
magnitude, a new statistical feature representing the 
threshold value T  is computed according to Equation 14 
as follow 
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),( nmC ′  in Equation 14 gives information on the 

frequency of the pixel pair and on the other hand, the 
edge component is represented by the range of the two 
level summation operations. This summation range forces 
the equation to compute the threshold value within a 
specific area in the GLCM, which is an area restricted by 

pmn ≥− . This means that the computation only 
involves pixel pair with the edge magnitude greater than 

or equals to p . Figure 4 illustrates the computation area 
(shaded area) within the GLCM. By choosing a right p  
value, the computation area will be on the object’s 
boundary area. This area is differs from the GLCM 
quadrants where the object’s boundary area is placed in 
quadrant B and C. As the proposed technique compute 
the threshold value based on edge magnitude, regions in 
the GLCM are separated diagonally rather than separating 
it into four different rectangular as in the GLCM 
quadrants.  

From Figure 4, It can also be seen that the 
computation area is only assigned to the upper triangle of 
the GLCM although area with edge magnitude greater 
than or equal to p  also exist at the lower triangle. The 
reason is to reduce the computation burden as both areas 
at the upper and lower triangles have similar values due 
to the symmetrical feature of the GLCM. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Threshold computation area 
 
To illustrate the difference between the entropy 

based method and the proposed method, Figure 5 shows 
three basic images and its GLCM mapping. Brighter 
points in the GLCM represent higher value of the GLCM 
components or higher repetition of the pixel pair 
occurrence. Figure 5(a) is a two color image, Figure 5(b) 
shows an image with low blurred effect and Figure 5(c) is 
a horizontal gradient effect image where the image pixel 
value changes uniformly in the horizontal direction.  

In the entropy based method, the T value is chosen 
based on the most uniform or lowest randomness texture 
of the input image in the joint quadrants [13]. Higher 
value of entropy contributes to more uniform texture. 
Thus, the resulting T value for image in Figure 5(a) is 
equal to 0 where white points at the upper left, upper 
right and lower left of its GLCM mapping were included 
in the computation. The thresholding result is perfect 
where pixel value less than or equals to zero becomes 0 
and the rest becomes one. For image in Figure 5(b), 
entropy based thresholding results a threshold value 
equals to 0.92. Its thresholding in Figure 6(b) shows a 
poor thresholding. This is because the most uniform 
texture for the joint quadrants in the GLCM is near to the 
right and bottom limit of the GLCM. However, pixels 
value bounded by the joint quadrants have most values 
from 0 to 1. Thus, the resulting threshold value does not 
precisely represent the boundary’s pixel values. Problem 
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also occurred if the entropy based thresholding is applied 
to the image in Figure 5(c) because the obtained GLCM 
contained only nonzero values mapped diagonally on it. 
With this pattern of GLCM mapping, for most gray 
values, entropy value computed in the joint quadrants will 
be similar. Thus the threshold value will be too low if the 
first maximum entropy is considered or the threshold 
value will be too high if the last maximum entropy is 
considered. Figure 6(c) shows the thresholding results 
when the first maximum entropy is considered. This is a 
poor thresholding since only a small part of the image 
becomes dark.  

 

         
(a)                                           (d) 

 

        
(b)                                            (e) 

 

         
(c)                                            (f) 

 
Figure 5: Basic shapes and their GLCM mapping. (a) Two color 

image, (b) Blurred image, (c) Gradient image, (d)-(f) respective GLCM 
mapping for image (a)-(c) 

 
As for the proposed technique, the computation area 

is depends on the edge magnitude rather than the GLCM 
quadrants. In the proposed technique, only the 
computation area is referred to the GLCM while the 
threshold value computation is totally based on the gray 
values of the input image (first order statistic feature). 
This is varying with the entropy based technique where 
both the computation area and the threshold value 
computation are based on the GLCM pixel pair repetition 
(second order statistic feature). Thus a more precise 
representation of the pixel values on the boundary  of  the   

        
                        (a)                                          (d) 

 

        
                        (b)                                          (e) 

 

         
                        (c)                                           (f) 
 

Figure 6: Thresholding results for image In Figure 5(a) to 5(c). (a)-
(c) Results based on entropy method respectively, (d)-(f) Results based 

on the proposed technique. 
 
object can be achieved by the proposed technique. Back 
to the three basic images in Figure 5, better thresholding 
results as shown in Figure 6 are obtained by the proposed 
technique. For the image in Figure 5(a), the proposed 
technique only includes the GLCM upper right white 
point in its computation area. Then, the average of the 
gray value contained in the computation area is 
computed. This means that, average of gray value 0 and 1 
is computed, which results a threshold value equals to 
0.5. Previously, the entropy based technique results the 
threshold value equals to 0. For the blurred image in 
Figure 5(b) where most of the high values in the GLCM 
are located near the right and bottom limit of the GLCM, 
the proposed technique also results a better representation 
of the boundary’s pixel value. Thus, a better threshold 
value is also obtained. Based on the proposed technique, 
most of the GLCM elements contained in the joint 
quadrant are also included in the proposed technique 
computation area. By averaging all involve gray values in 
the computation area, threshold value equals to 0.57 is 
obtained. By applying this threshold value, a less 
corrupted images is obtained as shown in Figure 6(e). For 
the last image as in the Figure 5(c), the proposed 
technique has overcome the problem faced by the entropy 
based technique. If the entropy based technique only 
contained only certain GLCM elements in the joint 
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quadrants for any gray levels value, the proposed 
technique includes the entire GLCM elements in its 
computation area. Thus, average value of the gray values 
gives a good threshold value where the input image is 
segmented evenly with bright and dark pixel as shown in 
Figure 6(f). 

Another parameter included in the threshold value 
T  formulation is η , defined as the total number of pixel 
pairs within the GLCM with the edge magnitude higher 
than or equal to p . Dividing the formulation with η  
translates the T  value to have a similar function with the 
image gray value. This process is also called 
normalization where the T  value is placed within 0  to 

1−L . Back to Equation 1, normalization is also applied 
in the GLCM computation by dividing the formulation 
with R . In the proposed technique, the GLCM 
normalization with R  is ignored and replaced with the 
normalization based on η  in Equation 14. Thus, GLCM 
used in Equation 14 )),(( nmC ′  is not normalized. 
Replacing the normalization function is done because the 
summation range in Equation 14 has been altered based 
on the shaded region in Figure 4 while the summation 
range for GLCM in Equation 1 is the whole GLCM. By 
adopting the normalization in the Equation 14, the 
thresholding process can be applied straight from the T  
value. This circumstance gives an advantage to the 
proposed technique compared to the other co-occurrence 
matrix based thresholding techniques [10-12] where a 
nonlinear transformation from the computed parameter 
from the GLCM is required prior to the thresholding 
process. The nonlinear transformation is done by 
selecting a gray value as a threshold value that maximizes 
or minimizes the parameter (Equation 6, 10, 11, 13). 

The most significant feature in the proposed 
technique is its flexibility, which is denoted by variables 
d  and p . This flexibility gives the ability to handle 
either solid or fuzzy edges where wider pixel distance is 
occupied by the edges. Here, by changing the value of d  
(relative distance between the pixel pair) and p  (edge 
magnitude) will change the sensitivity of the edge 
definition in the thresholding process. The greater the 
fuzziness of the edges need higher d  and p . In 
previous work, such flexibility is also described in 
Reference [15]. However, the edge detection process and 
selection of the suitable threshold value is done 
separately while in this work, both processes are 
combined in one equation. In Reference [15], flexibility 
in its edge detection process is possible as it uses the 
Laplacian operator where the output depends on the 
selected standard deviation (σ ). Figure 7 illustrates the 
results of the thresholding process on starfruit skin with 
various values of d  and p .  

The purpose of the thresholding process in this work 
is to segment the defect area on the starfruit skin. The 
starfruit skin image is chosen because defects on its 
surface have fuzzy edges as in Figure 7. The defect in the 

image is not properly segmented when the distance 
between the pixel pair and the edge magnitude is too 
small (Figure 7(b) & 7(c)). The best segmentation result 
is achieved when d  and p  are set to 3 and 5 
respectively (Figure 7(e)) where edge is defined with 
wider pixel and higher edge magnitude. However, when 
p  is set at a very high value (Figure 7(f)), no defect is 

segmented. This is because in this case, ),( nmC  usually 
has a zero value and causes the threshold value T  to 
become infinity. 
 

         
                (a)                               (b)                              (c) 
 

         
                 (d)                              (e)                              (f) 
 

Figure 7. Segmentation, (a) original image, (b) d=1 p=1,  (c) d=2 p=2, 
(d) d=2 p=3, (e) d=3 p=5, (f) d=3 p=12. 

V.  EXPERIMENTAL RESULTS 

Our method has been tested with 5 starfruit defect 
images. These images contained fuzzy edges, uneven 
light concentration and complex background. Figure 9 
shows the thresholding results of our method on these 
images. For comparison, the results by Otsu method [2], 
Entropy based method [12] and Yun Li method [15] are 
also illustrated. Otsu thresholding algorithm is one of the 
most popular methods [13, 14, 20]. It is simple and has 
been shown to perform well in general. Thus, it is 
included in the results comparison although it is not 
related to the GLCM while the other two methods are 
designed based on the GLCM. For GLCM based 
thresholding, entropy based method is widely used. Pal 
and Pal [13] used the GLCM to define second-order 
entropies, named local entropy and joint entropy. Then, 
Chang et al. [14] came out with a new feature where they 
presented an algorithm based on the concept of relative 
entropy. Relative entropy can be used as a criterion to 
measure the mismatch between an image and a 
thresholded bilevel image [12]. However, for comparison 
purpose, local entropy and joint entropy is chosen as 
features for the entropy based method. Last but not least, 
the Yun Li method is chosen to be included in the result 
comparison because our method and the method proposed 
by Yun Li has similarity in the edge detection element in 
the thresholding algorithm. Here, Yun Li defined the 
edge based on the Laplacian computation as represented 
by Equation 16 and applied joint entropy based 
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computation to select the threshold value. As for our 
method, we set d = 3 and p = 5. 
 

),(4)1,(
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From Figure 9, it shows that our method provides the 

best result in segmenting all the test samples compare to 
other methods. However, when there is an even light 
concentration (Figure 9(b)), all the methods gave 
acceptable results. For uneven light concentration and 
complex background images (Figure 9(c), 9(d) & 9(e)), 
the results are contrary for Entropy based method, Yun Li 
method and Otsu method. Entropy based method and Yun 
Li method resulted in poor segmentation because false 
edges form from the uneven light concentration and 
complex background are also computed in their 
algorithms. As for the Otsu method, the poor 
segmentation is due to the object (defect) and the 
background does not separate well in the image 
histogram. Otsu method assumes that images have two 
normal distributions with similar variances. The threshold 
value is selected by separating the image histogram into 
two classes such that its inter-class variance is maximized 
[21]. Unfortunately, the uneven light concentration and 
complex background of the tested images cause the 
defects to become invisible in the Otsu computation. For 
the five images in Figure 9, the image histogram 
separation by Otsu method is shown in Figure 8. The 
figure also shows the threshold value for our method, the 
entropy based method and Yun Li method. 

For image with the uneven light concentration but 
without the complex background (Figure 9(a)), Otsu 
method recognized the darker side as object although it is 
not the defect because the edges of the defects are very 
fuzzy where it can not be recognize in the image 
histogram. The entropy based method and Yun Li method 
segments the image better as they have edge element in 
their computation. For our method, where more flexibility 
for edge definition is included, defect image with fuzzy 
edges can be segmented properly.    

VI.  CONCLUSION 

In this paper, a thresholding technique has been 
proposed based on the gray level co-occurrence matrix. 
The technique extracts the edge information and the gray 
level transition frequency from the GLCM to compute the 
threshold value. The algorithm is also designed to have 
the flexibility over the edge definition. Thus, it can 
handle image with fuzzy boundaries between the image’s 
object and background. The proposed technique was 
tested with starfruit defect image and result good 
segmentation in order to identify the area of the defect on 
the starfruit skin. The results were compared with three 
other techniques. It showed that segmentation using the 
proposed method gives the best result compared to the 
other method.   
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Figure 8. Image histogram and threshold value, (a) to (e) are plotted 
from image (a) to (e) in Figure 9 respectively.  
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(a)                                    (b)                                    (c)                                    (d)                                    (e) 
 

             
 

             
 

             
 

              
 

             
 

Figure 9. Segmentation results for starfruit defect image (a), (b), (c), (d) and (e). From top row to fifth row: Original image, proposed method, Otsu 
Method, Entropy based method and Yun Li method. 
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