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MULTIHISTOGRAM EQUALIZATION METHODS

Abstract
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INTRODUCTION
Multi Histogram Equalization is a technique in
which the input image is divided in to multiple sub
images and then Histogram Equalization technique
is applied for each sub image.
The intensity value that divides the image in to sub
images is the optimal threshold set. The optimal
threshold can be calculated using different methods
but here we use two methods to calculate the
threshold set. The first algorithm calculates the
optimal threshold set based on the within class
variance and divides the input image in to different
sub images based on the threshold set. The second
algorithm divides the input image in to several sub
images based on the optimal threshold set
generated using Otsu method. The image is divided
up to a scale r, so that 2r sub images are generated.
Where r can any predefined value.
The main idea behind the Multi Histogram
Equalization Methods is to find an optimal
threshold set Tk = { t1k , t2k, .......,tkk-1 }. The given
input image is divided in to two sub images based
on the mean value. The optimal threshold set is
then calculated for each sub image and the original
image is then divided in to K sub images I[ ls1,
le1],.....,I[lsk, lek], where ls1 referred to the minimum
threshold value in the first sub image and le1
referred to the maximum threshold in the first sub
image. After dividing the image in to sub images
apply Histogram Equalization Method for all the
sub images and combine the equalized images to
obtain the desired result.

The present paper explains about the intensity
value that divides the image in to sub images
is the optimal threshold set. The optimal
threshold can be calculated using different
methods but here we use two methods to
calculate the threshold set. The first algorithm
calculates the optimal threshold set based on
the within class variance and divides the input
image in to different sub images based on the
threshold set. The second algorithm divides
the input image in to several sub images based
on the optimal threshold set generated using
Otsu method.
Keywords: Histogram, technique.

Minimum Variance Multi Histogram Equalization
Step 1: Calculate the histogram of the image.
Step 2: Based on the mean Brightness value, divide
the histogram in to two classes.
Step 3: Calculate the within class variance for both
the classes. Within class variance is calculated as
shown in equation (4)
Disc(i)=(i-Im) 2* p(i)
(4)
Where Im is the average of all the intensity values
within each class.
p(i) is the probability density function and „i‟ is the
intensity value.
Step 4: Consider the intensity value that yeilds
Minimum Within Class variance and divide each
class in to different sub images.
Step 5: Apply Histogram Equalization technique
for all the sub images.
Otsu method is used to perform histogram shapebased image thresholding. The method assumes
that the input image contains two classes of pixels
or bi-modal histogram i.e., foreground and
background, and then calculate the threshold
separating these two classes.
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The extension of multi-level thresholding is
referred to as the Multi Otsu method, in which
multiple threshold values are identified to divide
the image in to multiple sub images.

In principle, image contrast will be enhanced as
long as one can make use of the whole available
intensity range. A uniform histogram is therefore
used, where the numbers of pixels that fall inside
each intensity level are equal. That is, the desired
histogram is

Optimal Thresholding Multi Histogram
Equalization
Step 1: Calculate the histogram of the image.
Step 2: Based on the mean Brightness value, divide
the histogram in to two classes.
Step 3: Calculate the optimal threshold set using
otsu method.
Step 4: Based on the optimal threshold set divide
the image in to different sub images.
Step 5: Apply Histogram Equalization technique
for all the sub images.

To perform enhancement, two cumulative
histograms are constructed from the input and
desired histograms, respectively. We have

For a pixel with original intensity i in the
cumulative histogram C at the cith position, its
equalized intensity value is obtained by referring to
the cdjth element in the cumulative desired
histogram Cd and overriding. That is,

Global Histogram Equalization
Histogram equalization is a technique used to
enhance the contrast of an image. The statistics of
the image are collected and represented in a
graphical representation showing the distribution of
image data. Color images are frequently delivered
from cameras in red green blue (RGB) signals or
spaces. It is also a common strategy to enhance a
color image by first converting the image to its
intensity-related space, where enhancement
operations are applied. The intermediate results are
then converted to eventually give an enhanced
color image.
Let the input or original color image be represented
by

The aforementioned process is referred to as global
histogram equalization because all pixels in the
image are used in constructing the histograms. This
method is easy to implement but there are also
limitations in its performance, particularly in
viewing. To illustrate this remark, an image is
taken for an indoor scene where the camera is
being saturated from the background high-level
illumination magnitude (Fig. a). The result from
global histogram equalization is given in Fig. b. It
is observed that some degree of enhancement is
obtained for the people sighted at the bottom-right
corner. Further comparison can be made with
results from a canonical implementation of a local
equalization scheme as well as the proposed
approach, discussed in what follows, for which the
results are shown respectively in Figs. c and d. It is
noted that further contrast enhancements can be
obtained, also illustrated by the bottom-right corner
portion of the image, via the sectorized approach,
while a better result is obtained from the proposed
method. Histograms of the intensities of these
images are plotted in Fig. e For the global
equalization process, the histogram shown in cyan
illustrates that there are occasions where some of
the intensity ranges, with zero counts of pixel
intensity, have not been utilized for conveying
scene information. On the other hand, intensity
ranges are more utilized in the two other sectorbased equalization methods, as can be seen in Figs.
c and d.

where u, v are pixel coordinates in the width and
height dimensions, respectively.
Since the RGB space contains three color-related
signals, it is intuitive to operate on the three signal
spaces simultaneously for image enhancement.
Furthermore, since the human visual system is
sensitive to intensity variation when accessing
image contrast, the image is converted before
applying enhancement. For example, the image is
commonly converted to the hue saturation value
(HSV) format:

where the H component represents the color tone, S
denotes saturation and V corresponds to the image
intensity. The restoration from HSV to RGB space
is conducted using T−1(), the inverse transform of
T().
A histogram is obtained from intensities Vuv, giving

Local Histogram Equalization
In order to enhance the contrast of a color image
and to extract details not deliverable by global
histogram equalization, a local equalization method
is developed and reported in the remainder of this
chapter. In brief, the proposed method consists of
three major steps: (i) to independently equalize
image sectors or blocks, (ii) to reduce intensity
discontinuity along sector boundaries, and (iii) to

where hi is the number of pixels having the ith
intensity level and N is the total number of pixels.
The number of levels is taken as L = 256,
corresponding to 8-bit (28 = 256) electronic
display.
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aggregate an enhanced image using a weightedsum scheme.

Each sector
is then equalized to the desired
uniform distribution using the procedure described,
giving equalized sectors as
The result is depicted in Fig. where it can be seen
that for each individual sector, the contrast is
increased. However, it is also observed that along
the sector boundaries, intensity differences or
discontinuities are noticeable and need to be
mitigated.

Mitigation of Sector Discontinuities
In order to reduce the difference of intensities
along sector boundaries, an arithmetic mean
aggregation approach is adopted in order to
combine the locally equalized

Figure:
Performance
of
global
against
local/sectorized histogram equalization: a original
image, b globally equalized image by a uniform
target distribution, c canonical sectorized
equalization result, d proposed sectorized
equalization result, e resulting histograms, blue:
original a; cyan: globally equalized image b;
magenta: canonical sectorized equalization c; red:
proposed sectorized equalization d, to be discussed.

Fig. The Gaussian weighting kernel to remove
boundary discontinuities corresponding to the
sectors.
sectors. In addition, enhancements in each sector
should be retained as much as possible. Here, these
requirements are satisfied by weighting the sectors
with a Gaussian kernel and then integrating with
the original image.
Let a normalized one-dimensional Gaussian for
each boundary be given by

Sectorized Equalization
Given an image to be enhanced, the process starts
first with its conversion from the RGB space to the
HSV space, where the intensity component is
denoted as Vuv.
Four sectors are then generated. The center point
(p, q) of dividing the sectors is determined by
randomly drawing a sample in the image. That is,

where superscript b ∈ {u, v} denotes if the
Gaussian is for the height (v) or width (u) for the
image dimension, δ is the distance from the
boundary along the associated dimension, and σ is
the Gaussian standard deviation. The overall
Gaussian used to remove the boundary
discontinuities is obtained from an element-wise
maximization operation, that is,

Fig. An intermediate image showing
independently equalized sectors. Note intensity
differences along the sector boundaries

The resultant Gaussian weighting kernel is shown
in Fig.
The original image I and the complete image E,
formed by aggregating the independently equalized
sectors Espq, are then fused to obtain a smoothed
image Ssm. For this, the Gaussian weights and an
element-wise operator
defined by

Four sectors that are formed using the point (p, q)
as the center, indexed by superscript s = 1, . . . , 4,
are given by

are used, where I is a matrix having dimension u ×v
for all elements equal to unity. The smoothed
image is depicted in Fig.
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Figure: Resultant image obtained from fusion of
sectorized equalization and smoothing Vcomponent in the HSV domain and is finally
converted back to the RGB space as a color image.

PSO-Based Parameter Optimization
In the above development and illustration, it is
observed that effective results are obtained by
incorporating an iterative smoothing operation into
the sectorized local equalization approach. A
nontrivial question can then be raised as to what
should be the proper sector that divides the image
and how should smoothing weighting be assigned.
To this end, we solve these unknowns by the use of
a multi objective optimization algorithm for which
the computational effectiveness remains a
requirement.
For this, particle-swarm optimization (PSO) is used
as described in the following.
The PSO algorithm can be viewed as a stochastic
search method for solving nondeterministic
optimization problems. For example, in the
problem at hand, the sector center point (p, q) and
the standard deviation σ of the smoothing Gaussian
are coded as particles:
x = [p1, q1, σ1, . . . , pτ , qτ, στ ]T ,
where each set of parameters or part of the particles
{p, q, σ} gives one smoothed image from the
sectorized histogram equalization approach.
At the start of the algorithm, the particle positions
are generated to cover the solution space. These
positions may be deterministically or randomly
distributed and the number of particles is
predefined. In general, a small number reduces the
computational load but at the expense of extended
iterations required to obtain the optimum (but the
optimal solution is not known a priori). The
velocities vi0 can also be set randomly or simply
assigned as zeros. A problem-dependent fitness
function is evaluated, and a fitness value is
assigned to each particle. Here, the fitness function
is taken from the entropy of the image given in Eq.
For the set of fitness values, the one with the
highest value is taken as the global best gbest (for a
maximization problem). This set of initial fitness
values is denoted as

Fig. The boundary smoothed image is obtained by
fusing the equalized and original images via the
Gaussian weighting kernel

Iterated Enhancement
The smoothed image in Fig. is obtained from a
randomly selected center point (p, q). A further
improvement can therefore be expected from
deliberate determination of a proper center point.
For the purpose of ensuring enhancement across all
possible cases of scene variations, a number of
center points and sectors have to be generated and
their enhancement conducted iteratively using
histogram equalization.
To this end, a collection of smoothed images is
created. Moreover, in order to produce an enhanced
image from the smoothed images, a strategy for
their combination using an information-based
weighted-sum technique is adopted.
The quality of the smoothed intermediate image Ssm
is taken as information entropy. That is,

where subscript t stands for the iteration count, L =
255 is the maximum intensity, pi is the probability
of pixel that takes on the ith intensity. The values
of pi are obtained as normalized histogram
elements hi.
In local and sectorized equalization, through the
selection of a certain enter point to sector the
original image as well as repeated calculation of
the quality metric for, say, τ iterations, the final
output can be obtained by first normalizing the
information contents as

and then by combining this with a weighted-sum
average of the intermediate resultant images,
yielding

REFERENCES
[1] R. C. Gonzalez and R. E. Woods, “Digital
Image Processing”, Prentice Hall, vol. 2nd edition,
(2002).
[2] S. C. Pei, Y. C. Zeng and C. H. Chang, “Virtual
restoration of ancient Chinese paintings using color
contrast enhancement and lacuna texture
synthesis”, IEEE Trans. Image Processing, vol. 13,
(2004), pp. 416-429.
[3] A. Wahad, S. H. Chin and E. C. Tan, “Novel
approach to automated fingerprint recognition”,
IEE Proceedings Vision, Image and Signal
Processing, vol. 145, (1998), pp. 160-166.
[4] A. Torre, A. M. Peinado, J. C. Segura, J. L.
Perez-Cordoba, M. C. Benitez and A. J. Rubio,

The result is depicted in figure. It can be seen that
intensity discontinues are removed and contrast is
increased in local sectors. This image then replaces
the

68

“Histogram equalization of speech representation
for robust speech recognition”, IEEE Trans. Speech
Audio Processing, vol. 13, (2005), pp. 355-366.
[5] S. M. Pizer, “The medical image display and
analysis group at the University of North Carolina:
Reminiscences and philosophy”, IEEE Trans Med.
Image, vol. 22, (2003), pp. 2-10.
[6] C. H. Ooi and N. A. Mat Isa, “Adaptive
Contrast Enhancement Methods with Brightness
Preserving”, IEEE Transactions on Consumer
Electronics, vol. 56, no. 4, (2010), pp. 2543-2551.
[7] Y. T. Kim, “Contrast Enhancement Using
Brightness Preserving Bi-Histogram Equation”,
IEEE Transactions on Consumer Electronics, vol.
43, no. 1, (1997) February, pp. 1-8.
[8] R. C. Gonzalez and R. E. Woods, “Digital
Image Processing”, 2nd edition, MA. AddisonWesley, (1992), pp. 85-103.
[9] K. Jain, “Fundamentals of digital image
processing”, Englewood Cliffs, NJ, Prentice-Hall,
(1989).
[10] J. Zimmerman, S. Pizer, E. Staab, E. Perry, W.
McCartney and B. Brenton, “Evaluation of the
effectiveness of adaptive histogram equalization for
contrast enhancement”, IEEE Trans. Medical
Imaging, (1988), pp. 304-312.
[11] T. K. Kim, J. K. Paik and B. S. Kang,
“Contrast enhancement system using spatially
adaptive histogram equalization with temporal
filtering”, IEEE Transaction on Consumer
Electronics, vol. 44, no. 1, (1998), pp. 82-86.
[12] J. S. Lim, “Two-Dimensional Signal and
Image Processing”, New Jersey: Prentice hall,
Englewood Cliffs, (1990).
[13] R. C. Gonzalez and P. Wints, “Digital Image
Processing”, 2nd edition, Ed., Massachusetts:
Addison-Wesley Publishing Co., Reading, (1987).

[14] N. Sengee and H. K. Choi, “Brightness
preserving
weight
clustering
histogram
equalization”, IEEE Transactions on Consumer
Electronics, vol. 54, no. 3, (2008), pp. 1329-1337.
[15] T. Kim and J. Paik, “Adaptive Contrast
Enhancement Using Gain-Controllable Clipped
Histogram Equalization”, IEEE Transactions on
Consumer Electronics, vol. 54, no. 4, (2008)
November, pp. 1803-1810.
[16] Y. Li, W. Wang and D. Y. Yu, “Application of
adaptive histogram equalization to x-ray chest
image”, Proc. of the SPIE, vol. 2321, (1994), pp.
513-514.
[17] Q. Wang and R. K. Ward, “Fast image/video
contrast enhancement based on weighted threshold
histogram equalization”, IEEE transactions on
Consumer Electronics, vol. 53, no. 2, (2007), pp.
757-764.
[18] 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, (2008) August, pp.
1389-1397.
[19] Y. Wang, Q. Chen and B. Zhang, “Image
Enhancement Based on Equal Area Dualistic SubImage Histogram Equalization Method”, IEEE
Transactions on Consumer Electronics, vol. 45, no.
1, (1999), pp. 68-75.
[20] S.-D. Chen and A. R. Ramli, “Minimum Mean
Brightness Error Bi-Histogram Equalization in
Contrast Enhancement”, IEEE Transactions on
Consumer Electronics, vol. 49, no. 4, (2003)
November, pp. 1310-1319.
[21] S.-D. Chen and A. R. Ramli, “Preserving
brightness in histogram equalization based contrast
enhancement
techniques”,
Digital
Signal
Processing, vol. 14, (2004), pp. 413-428.

69

