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Abstract — Local enhancement methods are mostly needed to improve the contrast of relatively small objects in the image, or 
image with poor illumination.  In this paper, we investigate the performance of one well-known local enhancement method, which 
is Block Overlapped Histogram Equalization (BOHE).  One parameter, which is its window size, must be set in order to execute 
BOHE. Thus, in this paper, we examine the effect of window size towards the performance of BOHE.  This evaluation is based on 
five image quality measures, which are the entropy value, maximum distance, speckle index value, mean structure similarity index 
map value, and a new image quality measure which was proposed by Song-Der Chen in 2012.  It is found that a bigger window size 
produces more natural images as compared to the results from a smaller window size. 
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I. INTRODUCTION  

The distribution of an image can be characterized by an 
intensity histogram.  This histogram is useful because it can 
give some useful statistics regarding to an image, such as the 
mode of the intensity distribution, and the intensity range 
(i.e., the dynamic range).  The histogram also can help us to 
predict the characteristic of an image.  Normally, a dark 
image has an intensity histogram that is skewed towards the 
low side of the intensity scale.  On the other hand, when the 
image is a bright image, the intensity histogram tends to 
concentrated on the high side of the scale.  An image with 
poor contrast normally has the intensity histogram which 
showing a narrow dynamic range [1]. 

 For an image X with L discrete gray levels, its intensity 
can be written as {X0,X1,…,XL-1}, where X={X(i,j)}. Here, 
X(i,j) is the intensity of the image at spatial location (i,j), 
where X(i,j) {X0,X1,…,XL-1}.  The histogram of a digital 
image is a discrete function, because the intensities in digital 
image are all in discrete values. Therefore, the histogram h 
can be defined as:  

1,...,1,0for   ,)(  LknXh kk                     (1) 
where Xk is the k-th gray level, and nk represents the number 
of times that the gray level Xk appears in the image. In other 
words, the histogram is the frequency of occurrence of the 
gray levels in the image [2]. 

Alternatively, histogram also can be defined as the 
statistic probability distribution of each gray level in a digital 
image [3], [4]. For a given image X, the Probability Density 
Function (PDF) for intensity Xk, p(Xk), is defined as:  

1,...,1,0for   ,/)(  LkNnXp kk               (2) 
where N is the total number of samples in the image. 
Comparing equation (2) with equation (1), the PDF is 
actually a normalized version of the histogram. Usually, the 
histogram of an image X is presented as a graph plots of 
h(Xk) versus Xk, or p(Xk) versus Xk. 

II. TYPES OF HISTOGRAM EQUALIZATION 

TECHNIQUE 

A. Global Histogram Equalization 

The main principle of Global Histogram Equalization 
(GHE) is to reallocate the intensity of an image 
homogeneously over the entire range of gray-levels.  It aims 
to enhance low contrast image [5] by equalizing the intensity 
distribution, and thus maximize the entropy of an image [2], 
[4]. GHE redistributes the gray levels of an image according 
to the image’s gray levels Cumulative Density Function 
(CDF). Based on the PDF in (2), the CDF for intensity Xk, 
c(Xk), is defined by the following equation:  

1,...,1,0for   ,)()(
0




LkXpXc
k

j
jk          (3) 

where by definition,  c(Xk)=1. Now, let x=Xk. The transform 
function, f(x), is defined based on the CDF as:  

1,...,1,0for   )()()( 010   LkxcXXXxf L     (4) 
As a result, the output image produced by GHE, Y={Y(i,j)}, 
can be expressed by the following equation:  
 }),(|)),(({)( XXY  jiXjiXff          (5) 

 GHE uses the information of the whole intensity values 
inside the image for its transformation function and thus this 
method is suitable for global enhancement [6]. However, the 
histogram of GHE is far from being flat [1] due to many 
empty bins (a bin is defined as a series of equal intervals in 
a dynamic range of an image employed to describe the 
divisions in a histogram). This situation happens because the 
histogram is actually a shifted version of the original 
histogram [7]. Thus, the entropy value of the GHE enhanced 
image is almost similar to the original version, and not 
maximized as expected in theory. 
    GHE usually causes level saturation (clipping) effects in 
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small but visually important areas [8]. This saturation effect, 
is not only degrades the appearance of the image, but it also 
leads to information loss [6]. 
    The enhancement is done globally by GHE, without 
considering the local contents of the image. For other 
images, GHE mapping often result in undesirable effects 
such as over enhancement for intensity levels with high 
probabilities, and loss of contrast for levels with low 
probabilities [6], [8], [9], [10], [11].  
    Moreover, GHE often causes the shifting on the average 
(i.e. mean) luminance of the image [3], which is a well-
known mean-shift problem [11]. Besides that, GHE causes 
unnatural enhancement and annoying artifacts in an image. 
The noise in the image is also enhanced or magnified [12]. 
Thus, although GHE can increase the brightness level in the 
image, this technique might significantly degrade the quality 
of the image. 

B. Block Overlapped Histogram Equalization 

Due to the limitation of global enhancement cause by 
GHE, an extension to HE known as Local Histogram 
Equalization (LHE) has been introduced. The main aim of 
LHE is to define a local intensity transformation function for 
each pixel based on its surrounding neighbouring pixels [8]. 
An example of the LHE method is Block Overlapped 
Histogram Equalization (BOHE) [1][10][13].  
 BOHE uses an overlapped small window or Contextual 
Region (CR) to perform local enhancement for the centre 
pixel of that window. The small window slides through 
every pixel of the image sequentially and only the block of 
pixels that fall in this window are taken into account for the 
calculation of CDF. In other words, as the window slides, the 
CDF is modified. Thus, in BOHE, the transformation 
function of a pixel depends on the statistics of its neighbors 
in CR. From (4), the mapping function of BOHE is similar to 
GHE, except that it takes the histogram over CR instead of 
the histogram over the whole image. BOHE mapping is 
defined by:  
 )()( min xcxxxf CRCR                                        (6) 
where 
 minmax xxx                                                       (7) 
and 
 CR

CR
accCR Nxhxc )()(                                        (8) 

where xmax and xmin indicate the upper and lower limits of 
the transformed gray values, respectively, cCR(x) is the CDF 

of CR, )(xhCR
acc is the cumulative histogram of CR, and NCR is 

the total number of pixels contain in CR.  
 Although BOHE effectively enhance the local features, 
standard implementation of this method required long 
computation time. In [14], two simple modifications are 
made to produce a faster BOHE. For the first modification, 
the local histogram of the current CR can be obtained from 
the previous CR. Thus, the local histogram is not updated 
from the entire window which resulted in less number of 
operations needed for BOHE. Another modification takes 

into account the moving or sliding direction of the window. 
In the ordinary BOHE, the window slides from left to right 
for each row of the image. This requires creation of local 
histogram from entire CR at the beginning of each row as 
the base histogram. The modification made only required 
one base histogram for its entire process. For example, 
given a 10 × 10 pixels image, a 3 × 3 CR is used. The base 
histogram is obtained from the second pixel of the second 
row. The CR slides from left to right until the 8-th pixel, 
then move down one pixel, and slides from right to left. 
This process is repeated until the second last pixel of second 
last row. Thus, the BOHE process is speeds up because the 
reduction on the number of base histogram. 

III. IMAGE QUALITY MEASURE 

Digital images suffer from visual quality degradation 
during acquisition, processing, compression, storage, 
transmission and reproduction. Thus, the goal of Image 
Quality Measure (IQM) is to determine and access the 
perceived image quality objectively [15]. In this paper, five 
IQMs found in the literatures [11], [15], [14], [16], [17], 
[18], [19] are calculated to choose the acceptable filter size 
for BOHE. These IQMs’ definition, mathematical expression 
and significance range are discussed as below.  

A. Entropy 

In information theory, the entropy is used to measure the 
richness of details obtained from the enhanced image [11]. 
Entropy, E, is normally related to histogram equalization 
methods [3], [4], and can be represented as:  

 )(log)( 2
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                                       (9) 

where 





1

0
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L

x

xp , and p(x) = h(x)/(M  × N). Here, p(x) is 

the probability density function, while h(x) is the image 
histogram for intensity x. A good enhanced image will has 
greater information on it, and thus resulting in a high entropy 
value [14].   

B. Maximum Difference 

Maximum Difference is used to determine the maximum 
error difference between the original and enhanced image. 
Maximum Difference, MD, can be defined as:  
 |)),(),(max(| jiYjiXMD                                     (10) 
where X(i,j) and Y(i,j) denote the original and enhanced 
image respectively [16]. First, MD computes the value of 
intensity difference for each pixel in the original and 
enhanced image with the same spatial location. Then, a 
comparison is made among those values to obtain the 
maximum difference value. In other words, MD gives the 
maximum difference values in the pixel level [17].   
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C. Speckle Index 

Speckle Index is used as a measure to remove speckle in 
terms of average contrast of the image [17]. The Speckle 
Index, SI, is calculated by using the following equation:  

 



SI  

where σ and μ are the standard deviation and mean of the 
image respectively [19]. The smaller the speckle index is, the 
less speckle noise is left in the images [19].  

D. Mean Structure Similarity Index Map 

Structure Similarity Index Map is used to compare 
luminance, contrast and structure of two different images. It 
can be treated as similarity measure of two different images. 
Structure Similarity Index Map, SSIM, of two images A and 
B can be defined as :  
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where μi (i = A or B) is the mean intensity, σ i (i = A or B) is 
the standard deviation, σAB is the covariance, and CZ (Z = 1 
or 2) is the constant to avoid instability when 22

BA    is very 
close to zero and is defined as CZ = (kZL)2 in which kZ « 1 and 
L is the dynamic range of pixel values, e.g. L=255 for 8-bit 
gray scale image [15]. The calculation of MSSIM is based on 
a local sliding window approach, which moves from top-left 
to bottom-right [20]. Usually, SSIM can be summed and 
averaged to get an overall quality measurement of the entire 
image, denoted by mean SSIM:  
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MSSIM value closer to unity reflects a more optimal measure 
of similarity.  

E. Song-Der Chen’s IQM 

Song-Der Chen’s IQM (SDCIQM) is based on a generic 
framework that incorporates important properties of human 
visual perception (HVP). HVP has a good correlation to 
human perceived annoyance of distortion. Two fundamental 
visual masking effects that are closely related to the visibility 
distortion are luminance masking and texture masking. 
SDCIQM is basically the ratio of the total number of pixels 
detected with noise artifacts (Inoise) to the image’s total 
number of pixels, which is defined in [18]:  
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where, Inoise(i,j) depends on local entropy and edge 
magnitude of the original and enhanced image. The smaller 

the value of SDCIQM, the better is the perceptible quality of 
the image [21]. 

IV. EXPERIMENT RESULTS 

In order to this determine the acceptable filter size, an 
experiment has been carried out on ten images (Arctic Hare, 
Baboon, Fire, Flower, Frogs, Lena, Paddy Field, Peppers, 
Pot, and Sea), as shown in Fig. 1. This dataset contains 
standards and non-standard images, where these images are 
with different resolution (see Table I).  

TABLE I.  INPUT IMAGES 

Image Name Dimensions 
Image 1 Artic Hare 400 × 400 pixels 
Image 2 Baboon 512 × 512 pixels 
Image 3 Fire 1000 × 1000 pixels 
Image 4 Flower 1000 × 1000 pixels 
Image 5 Frogs 1000 × 1000 pixels 
Image 6 Lena 512 × 512 pixels 
Image 7 Paddy Field 2448 × 2448 pixels 
Image 8 Peppers 512 × 512 pixels 
Image 9 Pot  1000 × 1000 pixels 
Image 10 Sea 1000 × 1000 pixels 

 

(a) Image 1 (b) Image 2

(c) Image 3 (d) Image 4

(e) Image 5 (f) Image 6

Figure 1.  Ten input images used in this experiment. 
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(g) Image 7 (h) Image 8

 
(i) Image 9 (j) Image 10

Figure 1.  Continued. 

All the ten input images in Fig. 1 are converted to gray 
scale images before applying BOHE. The filter shape is set 
to be square where the filter height, M, is equal to the filter 
width, N. In this experiment, there are 126 filters of odd sizes 
being used (i.e. M = N = 5 + v, where v is an even number 
from 0 to 250). BOHE with different filter sizes are 
performed on those ten images and only the result of Image 
3, Image 5 and Image 10 are shown in Fig. 2, Fig. 3 and Fig. 
4 respectively.  

Fig. 2(a) is an image dominated by dark pixels, as shown 
by the histogram in Fig. 2(b). This is because the picture was 
taken at night. Besides, it is noticed that there is a hike in the 
end part of this histogram due to the fact of the bright fire 
flame in the center of the image. 

The image shown in Fig. 2(c) is the resultant image using 
filter of size 5 × 5 pixels. This filter size is relative small 
compare to the original image size of 1000 × 1000. The 
content of this image has been severely damaged as the 
bright fire flame is the only part noticeable while the rest of 
the image is dark. The spectators gather around the fire flame 
are blended with the image’s dark background. 
Consequently, the spectators cannot be detected in the image. 
Thus, the image seems to consist of only black and white 
pixels. This is because the sliding of the filter over uniform 
regions at most of the time. For an almost uniform region, 
the output pixel is assigned to the maximum intensity value, 
which is the white pixel, as only one bin of histogram is 
being occupied. Another reason for this phenomenon is 
because of the transformation function which is defined in 
equations (6) and (8). These equations cause only 25 possible 
intensity values assigned to the corresponding pixels as 
shown in Fig. 2(d). As a result, the output image has 25 high 
contrast gray levels as compared to the original image which 
has 256 gray levels. 

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

Figure 2.  Image 3. (a) Original gray scale image. (b) The histogram of (a). 
(c) Enhanced image by filter size 5 × 5. (d) The histogram of (c).              
(e) Enhanced image by filter size 129 × 129. (f) The histogram of (e).       
(g) Enhanced image by filter size 255 × 255. (h) The histogram of (g).  

Fig. 2(e) and (g) produce almost similar results with the 
use of 129 × 129 and 255 × 255 filter size respectively. By 
referring to equations (6) and (8), the possible number of 
intensity levels in the output image depends to the value of 
NCR. In order to allow the output image occupies 256 
intensity levels, the value of NCR should be greater than 256 
[14]. The NCR value for Fig. 2(e) is 16,641 (i.e. 129 × 129).  

For Fig. 2(g), the NCR  value is 65,025 (i.e. 255 × 255). 
Both of these values are greater than 256. This can be 
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verified by the histogram in Figure Fig. 2(f) and (h) which 
contain more intensity levels than the histogram in Fig. 2(d). 
Besides, the spectators are visible in these two images as the 
result of the increasing intensity levels. As both of these two 
filters produce similar results, the filter size of 129 × 129 
has an advantage over the filter size of 255 × 255 in terms 
of less processing time. 

 

 
(a) (b) 

 
(c) (d) 

 
(e) (f) 

 
(g) (h) 

Figure 3.  Image 5. (a) Original gray scale image. (b) The histogram of (a). 
(c) Enhanced image by filter size 5 × 5. (d) The histogram of (c).              
(e) Enhanced image by filter size 129 × 129. (f) The histogram of (e).       
(g) Enhanced image by filter size 255 × 255. (h) The histogram of (g). 

 

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

Figure 4.  Image 10.(a) Original gray scale image.(b) The histogram of (a). 
(c) Enhanced image by filter size 5 × 5. (d) The histogram of (c).              
(e) Enhanced image by filter size 129 × 129. (f) The histogram of (e).       
(g) Enhanced image by filter size 255 × 255. (h) The histogram of (g). 

Fig. 3 shows the processed image of Frogs. For this 
figure, the stone where the frogs sit on is the main focus. 
Fig. 3(a) shows the original input image where the textual of 
the stone is clearly visible. After processing with different 
filter sizes, by vision inspection, it can be said that BOHE-
ed image with filter size 5 × 5 causes the loss of the stone 
texture as shown in Fig. 3(c). However, filter sizes of 129 × 
129 and 255 × 255 produce acceptable result whereby the 
texture of the stone is visible. This is due to the increasing 
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intensity levels that can be used to differentiate the texture 
of the stone with other parts of the image. 

Fig. 4 shows the processed image of Sea. The main focus 
is the white clouds in the sky. The image on Figure Fig. 4(c) 
suffers from unnatural appearance with the white clouds 
appears in black patches. On the other hand, the white clouds 
of Fig. 4(e) and (g) are more natural. 

Statistical graphs of five IQM methods (as discussed in 
section III) versus different filter sizes are plotted as given in 
Fig. 5. Notice that from Fig. 5(a), the entropy for all ten 
images increase as the filter size becomes larger. The entropy 
started to be flat when the filter size of 25 × 25 is used. This 
indicates that image with larger filter contains more 
information. 
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(b)  

Figure 5.  The statistical graph  of  IQM versus the  different filter size. (a)  
Entropy values. (b) Maximum distance values, MD. (c) Speckle index 
values, SI. (d) Mean structure similarity index map values, MSSIM. (e) 
Song-Der Chen’s image quality measure values, SDCIQM. 
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Figure 5.  Continued. 
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In Fig. 5(b), bigger filter size resulted in smaller MD. 
Therefore, the maximum error difference between the 
original and enhanced image tends to be lower for larger 
filter size. Fig. 5(c) shows that when the filter size becomes 
larger, the SI rises slightly. The SI should be low for a better 
quality image. Hence, an image enhanced with smaller filter 
size has less speckle noise. From Fig. 5(d), the MSSIM 
value increases towards unity when filter of larger size is 
used. Thus, the enhanced image becomes more similar to 
the original image when the filter size increases. Fig. 5(e) 
shows that SDCIQM value increase with larger filter size. 
As low SDCIQM reflects image with better perceptible 
quality, thus smaller filter size is more preferable. Based on 
the observation of the images in Fig. 2, Fig. 3 and Fig. 4 
along with the evaluation of graphs in Fig. 5, we think that 
filter size of 129 × 129 pixels is adequate for the 
enhancement. 
 

V. CONCLUSION 

In this paper, the acceptable filter size is chosen for 
BOHE method. To determine the acceptable filter size, we 
use IQM as a quantitative (objective) and the enhanced 
image as a qualitative (subjective) assessment. From the 
experiment results, it is found that filter size of 129 × 129 
produces better IQM values. Besides, the enhanced image is 
more visually pleasing when using this filter size compare 
with smaller filter size.  

REFERENCES  
[1] R. C. Gonzalez and R. E. Woods, Digital Image Processing, 2nd ed. 

Boston, MA, USA: Prentice-Hall of India,  2002. 

[2] Menotti, L. Najman, J. Facon, and A. de A. Ara´ujo, “Multi-
histogram equalization methods for contrast enhancement and 
brightness preserving,” IEEE Transactions on Consumer Electronics, 
vol. 53, no. 3, pp. 1186–1194,  2007. 

[3] Y. Wang, Q. Chen, and B. Zhang, “Image enhancement based on 
equal area dualistic sub-image histogram equalization method,” IEEE 
Transactions on Consumer Electronics, vol. 45, no. 1, pp. 68–75, 
1999. 

[4] Wang and Z. Ye, “Brightness preserving histogram equalization with 
maximum entropy: a variational perspective,” IEEE Transactions on 
Consumer Electronics, vol. 51, no. 4, pp. 1326–1334,  2005. 

[5] L. Hall, “Almost uniform distributions for computer image 
enhancement,” IEEE Transactions on Computers, vol. 23, no. 2, pp. 
207–208, 1973. 

[6] M. Abdullah-Al-Wadud, M. Hasanul Kabir, M. Ali Akber Dewan, 
and O. Chae, “A dynamic histogram equalization for image contrast 
enhancement,” IEEE Transactions on Consumer Electronics, vol. 53, 
no. 2, pp. 593–600, 2007. 

[7] M. Eramian and D. Mould, “Histogram equalization using 
neighbourhood metrics,” in Proc. 2nd Canadian Conference on 
Computer and Robot Vision, 2005, pp. 397–404. 

[8] Q. Wang and R. K. Ward, “Fast image/video contrast enhancement 
based on weighted thresholded histogram equalization,” IEEE 
Transactions on Consumer Electronics, vol. 53, no. 2, pp. 757–764, 
2007. 

[9] H. D. Cheng and X. J. Shi, “A simple and effective histogram 
equalization approach to image enhancement,” Digital Signal 
Processing, vol. 14, no. 2, pp. 158–170,  2004. 

[10] T. K. Kim, J. K. Paik, and B. S. Kang, “Contrast enhancement system 
using spatially adaptive histogram equalization with temporal 
filtering,” IEEE Transactions on Consumer Electronics, vol. 44, no. 
1, pp.  82–87,  1998. 

[11] M. Kim and M. G. Chung, “Recursively separated and weighted 
histogram equalization for brightness preservation and contrast 
enhancement,” IEEE Transactions on Consumer Electronics, vol. 54, 
no. 3, pp. 1389–1397,  2008. 

[12] C. J. Zhang, F. Yang, X. D. Wang, and H. R. Zhang, “An efficient 
nonlinear algorithm for contrast enhancement of infrared image,” in 
Proc. Of 2005 International Conference on Machine Learning and 
Cybernetics, 2005, vol. 8, pp.  4946–4951. 

[13] J. B. Zimmerman, S. M. Pizer, E. V. Staab, J. R. Perry, W. 
McCartney, and B. C. Brenton, “An evaluation of the effectiveness of 
adaptive histogram equalization for contrast enhancement,” IEEE 
Transactions on Medical Imaging, vol. 7, no. 4, pp. 304–312,  1988. 

[14] N. S. P. Kong, and H. Ibrahim, “Multiple layers block overlapped 
histogram equalization for local content emphasis,” Computers and 
Electrical Engineering, vol. 37,  no. 5,  pp. 631–643,  2011. 

[15] Z. Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli, “Image 
quality assessment: from error measurement to structural similarity,” 
IEEE Transactions on Image Processing, vol. 13, no. 1, pp.1–14, 
2004. 

[16] A. M. Eskicioglu and P. S. Fisher  "Image quality measures and their 
performance,”  IEEE Transactions on Communications, vol. 43, no. 
12, pp.2959–2965, 1995. 

[17] R. Sivakumar, M.K. Gayathri, D. Nedumaran, "Speckle filtering of 
ultrasound B-Scan Images - A comparative study between spatial and 
diffusion filters,” IEEE Conference on Open Systems (ICOS), 2010, 
pp. 80–85. 

[18] S. D. Chen, “A new image quality measure for assessment of 
histogram equalization-based contrast enhancement techniques,” 
Digital Signal Processing, vol. 22,  no. 4,  pp. 640–647,  2012. 

[19] Y. Huang and J. L. Genderen  "Evaluation of several speckle filtering 
techniques for ERS.1&2 imagery,”  International Archives of 
Photogrammetry and Remote Sensing,  vol. XXXI,  pp. 164–169, 
1996. 

[20] Z. Liu, E. Blasch, Z. Xue, J. Zhao, R. Laganiere, and W. Wu 
"Objective assessment of multiresolution image fusion algorithms for 
context enhancement in night vision: A comparative study,” IEEE 
Transactions on Pattern Analysis and Machine Intelligence, vol. 34, 
no. 1, pp. 94–109, 2012. 

[21] M. F. Khan, E. Khan, and Z. A. Abbasi, “Segment dependent 
dynamic multi-histogram equalization for image contrast 
enhancement,” Digital Signal Processing, 2013, 
http://dx.doi.org/10.1016/j.dsp.2013.10.015. 

 
 

 
 
                                                   
 
                                                  
 
                                                   
 
 
                                                   


