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Abstract: Illumination pre-processing is an inevitable step for a real-time automatic face recognition system in solving
challenges related to lighting variation for recognizing the face images. This paper proposes a novel framework namely
Completely Overlapped Uniformly Decrementing Sub-Block Histogram Equalization (COUDSHE) to normalize or pre-
process the illumination deficient images. COUDSHE is based on the idea that efficiency of the pre-processing technique
mainly depends on the framework for application of the technique on the affected image. The primary goal of this paper is to
bring out a new strategy for localizing a Global Histogram Equalization (GHE) Technique to help it adapt to the local light
condition of the image. The Mean Squared Error (MSE), Histogram Flatness Measure, Absolute Mean Brightness Error
(AMBE) are the objective measures used to analysis the efficiency of the technique. Experimental Results reveal that
COUDSHE has better performance on Heavy shadow images and half lit image than the existing techniques.
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1. Introduction

One of the major challenge faced by automatic face
recognition system is facial appearance variation due
to effects of illumination variation. Changes in
Illumination causes drastic variation between the same
facial images acquired under different illumination
effects. In a real time scenario, changes in illumination
can be caused mainly due to two reasons. One is due to
the Brightness in the light rays and other is due to the
direction of illumination [12]. The effects of severe
illumination variations are overexposed, heavy
shadowed, half lit images and black lit images [4, 5]. It
has been proved that large variation caused to the
acquired image because of change in illumination
resulted in large image difference than did varying the
identity of the face [5, 15, 17, 19]. As a result the
subsequent steps of image processing namely, face
detection, face recognition fails drastically [7, 14, 15,
19].

There are many algorithms proposed for pre-
processing images acquired with Illumination
variations. Illumination pre-processing algorithms are
broadly classified into three main categories namely
principles of gray-level transformation, gradient or
edge extraction and reflectance field estimation [5]. By
a cross category comparison of three kinds of

methods, it is specified that approaches based on gray-
level transformation and reflectance field estimation
usually preserve more facial features compared with
gradient or edge extraction based methods [5].

Reflectance field estimation decomposes the image
into large-scale and small-scale bands [5] where as
Gray-level transformation is simple, efficient and yet
an easy to understand technique. Histogram
Equalization falls under the category of Gray level
transformation.

Histogram equalization is an efficient, simple,
commonly used technique [1, 2, 4, 21]. Histogram
equalization technique is broadly classified into Global
Histogram Equalization (GHE) and Local Histogram
Equalization technique (LHE) [13]. Global histogram
equalization uses the histogram information of the
whole input image as its transformation function. As, a
result the dynamic range of the image histogram is
flattened and stretched and the overall contrast is
improved [17]. The major drawbacks are it cannot
adapt to local brightness of the input image and
preserve the brightness of the original image [1, 21].
Local Histogram Equalization and Partially
Overlapped  Sub-Block Histogram  Equalization
(POSHE) are few of the methods proposed to localize
and to overcome the challenges the global technique
[6, 9, 11].
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LHE also called block-overlapped histogram
equalization is adaptive to local brightness changes and
obtains a overall contrast regardless of the location of
the input image [9]. In this method the computation
complexity is very high. Despite this, LHE results in a
over enhanced image.

POSHE was proposed to make the histogram
equalization locally adaptive for higher contrast, and
reduce computation complexity [9]. This method
reduces the computational overhead in LHE by
partially overlapping the sub-blocks yet localizing the
global histogram technique.

This research work concentrates on proposing in a
novel strategy for localizing histogram equalization
technique for enhancing the illumination affected
image. The proposed framework is Completely
Overlapped Uniformly Decrementing Sub-Block
Histogram  Equalization = (COUDSHE).  Using
COUDSHE the contrast of input image can be
enhanced and brightness of the input image can be
preserved. COUDSHE minimizes the computation
complexity present in LHE and POSHE, despite of
localizing the global technique.

2. Related Work

GHE is a image contrast enhancement technique used
for pre-processing the image. GHE is commonly used
technique because of its simplicity and high efficiency
[8, 18, 20]. Its basic idea lies on mapping the gray
levels based on the cumulative distribution function of
the input gray levels obtained [3, 16]. Given an digital
image X, gray scale values of the pixels ranges from [0,
255]. Let Xk denote the pixels with gray scale K [0, L-
1] in image X. The probability of occurrence of gray
level X in the image is given by
ni
p(X) = 1)

where,
N stands for total number of pixel in an image.
n; stands for the number of pixels having the intensity
Xk.

Based on the probability distribution function (pdf)
the cumulative distribution function (cdf) is defined

k
C(X)=2  p(X) )
where,
K varies from 0 to L-1.
Now the transformation function is given by

T(X<)= Xo+ (XL -1— Xo)C(X«) (3)
where,
T(X«) represents image after histogram equalization.
There are many drawbacks in the GHE. being a
conventional histogram equalization technique it
introduces a significant change in brightness of the
image [3, 6]. The limitations are the presence of

annoying artifacts and brightness of the image is not
preserved. The Figure. 4-f shows the half lit image and
histogram representation of an half lit image. Figure 4
summarizes the results (Pre-processed image and
histogram) after the application of GHE on the half lit
image.

Several extensions of GHE was developed to
overcome the drawbacks of GHE. Brightness
Preserving Bi-Histogram Equalization (BBHE) was
proposed to preserve the original brightness of the
image [3, 8, 10, 20, 21]. BBHE partitions the
histogram of the original image into sub histograms
using the mean brightness value and equalizes each
sub-histogram independently using GHE. But mean of
the input image used for partition the histograms did
not guarantee maximum brightness preservation [3].
So Minimum Mean Brightness Error Bi-Histogram
Equalization in Contrast Enhancement (MMBEBHE)
was proposed. In this technique threshold for the mean
which was used to partition the histogram was chosen
in such a way that it results in minimum Absolute
mean brightness error [3, 20]. All the aforementioned
techniques use the global information to derive the
global transformation function but it cannot adapt to
local brightness.

In LHE, a window is defined, for that window
histogram is computed and then histogram equalization
function is determined for that window. The centre
pixel of that window is equalized using equalization
function obtained. The centre of window is moved to
the adjacent pixel. The same procedure is repeated for
each pixel in the input image. Histogram equalization
has to be performed for all pixels in the entire image,
hence the computational complexity is very high.

Partially  overlapped sub block histogram
equalization was proposed to reduced the
computational complexity of LHE yet retain the local
adaptability of LHE.

Steps for performing Partially overlapped Sub-block
histogram Equalization [9]:

e Step 1: given an input image |, define an output
image array of size equal to the input image.

o Step 2: Now define a sub-block of size mxn. Let
the origin of the sub-block be the origin of the
image.

e Step 3: perform histogram equalization on the
whole sub-block, and accumulate the results in the
output image array [9].

e Step 4: now move the sub block origin by
horizontal step size. The step size can be half of the
size of the block.

e Step 5: now, perform histogram equalization on the
new region. Continue the above mentioned steps till
the horizontal end of the image.

e Step 6: now, move the sub-block by vertical step
size and repeat the application of  histogram
equalization.
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e Step 7: Repeat these horizontal and vertical
movement till the sub-block travels over the whole
image plane.

e Step 8: Now average the intensity values for each
pixels based on the number of times histogram
equalization has been done.

Figure 1 illustrates the procedure adapted in POSHE.
Suppose the image is composed of four partially
overlapped sub-blocks as in Figure 1 and the step size
is half of the sub-block size. The first sub-block
considered comprises of regions Ri, Rz, Rs, and Rs.
Histogram equalization is performed in this block. The
Second sub-block considered comprises of regions Rz,
Rs, Rs, and Re. The Second sub-block considered
overlaps the second part of the first sub-block. Now,
histogram equalization is performed in this sub-block.
The third sub-block considered is R4, Rs, R7 and Re.
Here again the Regions Rs; and Rs is reconsidered
along with R; and Rs. The sub regions Ri, Rs, R7 and
Rg undergo histogram equalization once. Sub-regions
R2, R4, Rs, and Rg undergo histogram equalization only
twice. The region Rs is 4 times histogram equalized.

R1 Rz R3
R4 R5 Rﬁ
R7 | Rs | R

Figure 1. Partially overlapped sub-blocks.

The drawback of POSHE is blocking effect and
implementation of the POSHE on half lit images fails
to enhance the input image. The reason for the failure
is it gives good results only in the middle part of the
image, namely the regions R», Rs, Rg but the regions
like R;, R4, Ry and Rs3, Rs, Ry are not equalized
efficiently. The reason is that, POSHE overlaps only
second half of the first block and first half of the
second part of the image. So the equalization or
normalization happens only in the regions Rz ,Rs,Rs
will not affect the regions Ri1, R4, R7 and Rs3, Rg, Ro.
There is no normalization of the gray level between the
regions Ri, R4, R7 and Rs, Rg, Rg. Hence illumination
pre-processing using POSHE does not normalize or
enhance the input image symmetrically. For facial
images, R:and Rz are symmetrical regions which
requires to be normalized with respect to each other.
Similarly regions Rs, Rs and R7, R suffers for the same
deficiency. The results after the application of the
POSHE on half lit images are presented in the
following Figure 4-h.

In the Figure 4-h the image pre-processed using
POSHE has blocking effect. This blocking effect
occurs due to change in the transformation function
obtained for each sub-block [9]. The difference in the
transformation between the adjacent blocks causes
gray-level change at the boundaries. This gives rise to
gray-level discontinuities which introduces blocking
effect. To reduce the blocking effect Blocking Effect
Reduction Filter (BERF) is used [9]. The procedure

adapted to reduce the blocking effect brings in
computation complexity. To reduce the effect of
computational complexity and to localize the global
technique COUDSHE is proposed.

3. Proposed Work

The proposed methodology brings out an unique
framework to localize the global technique. The
COUDSHE frame work reduces the computational
complexity of LHE as in POSHE but overcomes the
drawback of POSHE which suffers from equalizing the
symmetrical image regions. This novel framework is
proposed with three main perspectives:

1. To localize the global technique.

2. To enhance the image efficiently by adapting to the
local brightness considering symmetrical regions.

3. To reduce the computation complexity associated
with Local Histogram equalization and Removal of
the Blocking effect.

Figure 2 shows the unique framework of COUDSHE.
COUDSHE is performed on the four blocks which are
completely overlapping on each other. In Ry histogram
equalization is done once, In R, HE is done twice, in
Rs HE is done thrice and in R4 it is done 4 times.

R1i

Rz

Rz

Ra

Figure 2. Completely overlapped Uniformly Decrementing Sub-
Block Histogram Equalization (COUDSHE).

3.1. Procedure of COUDSHE is as Follows

e Step 1. define an output image array equal to the
size of input image and set all the value to be zero.

e Step 2: perform Global Histogram Equalization for
the whole image(whole block) and store the output
to a temporary array of size equal to the input array.

o Step 3: now, reduce the size of the block uniformly
on all four sides of the image. That is shift the origin
of the image by increasing the horizontal step size
and the vertical step size by a value of your choice.
Similarly decrease the image's horizontal and
vertical size by the same value opted in the previous
step, now perform Global Histogram Equalization
on the uniformly decremented block.

e Step 4: store the output to another temporary array
size equal to the size of the input image in the
corresponding image locations and pad zeros on the
outer most region.
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o Step 5: repeat the steps 3 again until the block size is
minimal (your choice).

e Step 6: after decrementing block equalization is
complete, add the each pixel value in the
corresponding locations of temporary array and
divide by the number of times they were equalized
and store the average value in the output image
array.

In Figure 2, consider the region Ra, HE is applied 4
times. Let the transformation function for histogram
equalization on each block namely Ri, Rz, Rs, R4 be
denoted by TRl(Xk), TRz(Xk), TR3(Xk), TR4(Xk)
respectively.

COUDSHE for region Ra =1/4{TR1(Xk) for the Image region
overlapping with R4 + TRz(xk)for the Image region (4)
overlapping with Ra + Tr( X )for the Image region

overlapping with Ra+ Tra(Xx)}

3.2. Analysis of COUDSHE

COUDSHE initially considers the whole image. In the
next step it considers a sub-block whose origin is
diagonally below the origin of the input image. The
origin of the sub-block is selected by defining a
incrementing size d which changes the origin (0, 0) to
(d, d). Subsequently decrease the size of the image
from M\N to M-d, N-d. Perform histogram
equalization on the new region and store it in a
temporary array. Continue these steps till we reach a
minimal size. If the value of d is less, then the number
of completely overlapping sub-blocks considered will
be more. If the value of d is huge the number of sub-
blocks considered will be less. So if n denotes the
number of sub-blocks and d denotes the incrementing
size then d is inversely proportional to n
1

d=-— ©)
In General for any value of d and n COUDSHE for
inner most region R,=1/n{Tri(x«) for image region

overlapping with n+Te:(X«)for the image region
overlapping with n+Tss(x«) for the image region
overlapping with

N+t Trn (XK (6)

Image Portion of R; overlapping with Ry is given by
the image coordinates:

Origin =(n-1)*d,(n -1)*d (7)
Imagesize =(M —(n—1)*d ),N —(n-1)*d) (8)

| Image Portion of R, overlapping with Ry is given
by the image coordinates:

Origin =(n-2)*d,(n-2)*d (9)
Imagesize =(M —(n-2)*d),N —(n-2)*d) (10)

3.3. Computational Complexity Analysis

When applying LHE, for a 640x480 pixel image,
histogram equalization must be performed 307200
times. When applying POSHE, for a 640x480 pixel
image, sub block size and step size must be defined
before estimating the computational complexity of
POSHE. Suppose the sub block size is defined to be
160x120 and step size is half the size of the sub block
then histogram equalization must be performed 7x7=
49 times. In COUDSHE, for an image of size
640x480, and number of sub block be 7, then
histogram equalization is performed 7 times. POSHE
computational cost must also include BERF cost,
where as COUDSHE does not include any BERF cost.

4. Experimental Results and Discussions

To reveal the efficiency of the proposed method
COUDSHE, the result of COUDSHE is compared with
GHE and POSHE for illumination pre-processing.
Images considered are one subject's image under
varying illumination (see Figure 3).

Figures 4-b shows a heavy shadowed image and it’s
histogram representation. The resultant images after
pre-processing the heavy shadowed image using GHE,
POSHE and COUDSHE and their respective
histograms are shown in Figures 4-c, 4-d and 4-e. The
next image considered is half lit image. Figure 4-f
shows the half lit image and its histograms before pre-
processing. The resultant images after pre-processing
the half lit image using GHE, POSHE and COUDSHE
and their respective histograms are shown in Figures 4-
0, 4-h, and 4-i. Lastly, we have considered a black lit
image shown in Figures 4-j. The resultant images after
pre-processing the black lit image using GHE, POSHE
and COUDSHE and their respective histograms are
shown in Figures 4-k, 4-1, and 4-m respectively.

Figure 3. shows the images of the same person taken under
different illumination conditions.

The histograms of the images pre-processed using
COUDSHE has better spread between the gray level
[0-255] compared to the histograms of the image pre-
processed using other techniques. Higher the spread
better is the contrast ratio. The Quality measure used to
check the competence of the proposed technique are
Mean Squared Error (MSE), Histogram Flatness (o)
and Absolute Mean Brightness Error (AMBE).

MSE of an image measures the difference between
the histograms of the image taken under proper
lightening condition and illumination pre - processed
image. The Error rate between the image taken under
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proper lightening condition and illumination pre-
processed image is given by MSE:

VSE ZM (11)

where,

h% ™ stands for the size of the ith bin of the image's
histogram taken under proper  lightening  condition
and hP; th stands for the size of the ith bin of the image
preprocessed using various pre- processing techniques.

The Histogram flatness value(c) measures the main
objective of histogram equalization. The main
objective of GHE is to produce a perfectly flat
histogram which uses equally the entire dynamic range
of image intensities. A perfectly flat histogram which
uses equally the entire dynamic range of image
intensities results in a high contrast image. Smaller
value of ¢ indicates a flatter histogram.

_ (b gm)’
o=X 0 (12)
where,
hi is the size of the i"" bin of the image  histogram,
Un is the mean histogram bin size and D is the number
of image intensities.

AMBE is defined to be the absolute difference
between the mean of the original image taken under
various illumination condition (input image) and
illumination pre-processed image (output image) as
stated below

AMBE= | E(X)-E(Y)| (13)

where,
X is the input image
Y is the output image

Lower AMBE value implies better the brightness
preservation.

Table 1 clearly shows that histogram flatness
measure. Flatness measure of heavy shadow image
after processing using COUDSHE is remarkably
lessercompared to other pre-processing techniques. For
half-lit image, flatness measure obtained after
preprocessing using COUDSHE is lesser than flatness
measure of images processed using POSHE and GHE.
With respect to black lit image GHE and POSHE result
in a has better flathess measure compared to
COUDSHE.

The MSE tabulated in Table 2. Illumination affected
Images pre-processed using COUDSHE has the
minimum error rate compared to images pre-processed
using GHE and POSHE.

Table 3 tabulates the AMBE values of the images
preprocessed using various illumination preprocessing
techniques. For a heavy shadow image, illumination
preprocessed using COUDSHE has a lesser AMBE
value compared to POSHE, for a half lit image
COUDSHE performs in par with POSHE and GHE.
But for a black lit image POSHE performs better than
the proposed frame work.

Table 1. Histogram Flatness Values obtained after pre-processing
Image 1 in Figure 4-b, Image 2 in Figure 4-f, Image 3 in Figure 4-j
using GHE, POSHE, COUDSHE.

Method

Image 1(Heavy
shadowed image)

Image 2(Half lit
image)

Image 3(Black lit
image)

GHE

52.8867

72.7344

74.6630

POSHE

87.4150

72.7744

57.6200

COUDSHE

44.8846

72.6630

98.2070

Table 2. Mean Squared Error obtained after pre-processing Imagel
in Figure 4-b, Image 2 in Figure 4-f, Image 3 in Figure 4-j using
GHE, POSHE, COUDSHE.

Method Image l((!-leavy Imag'e 2((Half lit Imagg 3((Black lit
shadowed image) image) image)
GHE 7.4504e+005 1.1541e+006 2.0406e+006
POSHE 2.8540e+005 3.9658e+005 5.7319e+005
COUDSHE 2.8453e+005 3.5750e+005 5.5895e+005

Table 3. AMBE values obtained after preprocessing Imagel in
Figure 4-b, Image 2 in Figure 4-f, Image 3 in Figure 4-j using
GHE, POSHE, COUDSHE.

Image 1((Heavy Image 2((Half lit Image 3((Black lit

Method shadowed image) image) image)
GHE 74.0436 62.5264 88.5388
POSHE 80.0345 62.8558 86.9833
COUDSHE 73.9289 62.9773 95.3167

5. Conclusions

The main objective of this research work is to propose
a novel framework to localize Global Histogram
Equalization. Completely overlapping uniformly
decrementing sub block histogram equalization was
proposed to overcome the drawbacks of LHE and
POSHE. COUDSHE provides a framework for
localizing the global technique and normalizes the
symmetrical regions of an image efficiently. The
efficiency of COUDSHE framework for processing
heavy shadow image and half lit image is proved to be
better compared to GHE and POSHE.
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g) Resultant image2 after GHE and its histogram.
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i) Resultant image2 after COUDSHE and its histogram.
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9 100 15

j) Image 3(black lit image) and its histogram.

3000

o % 160 14 il #
k) Resultant image3 after GHE and its histogram.

m) Resultant image3 after COUDSHE and its histogram.

Figure 4. shows the various kinds of illumination affected images
and resultant images after preprocessing them using GHE,
POSHE,COUDSHE.

In terms of computational complexity, histogram
flatness measure, AMBE value and MSE.

Implementing other improvised methods of GHE
like Brightness preserving Bi-Histogram Equalization
(BHE), Dualistic sub-image Histogram Equalization
(DSIHE), Recursive mean separate histogram
equalization (RMSHE) in this frame work will give
improved results. The simplicity of COUDSHE
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leverage the implementation of this technique in
electronic products.
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