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ABSTRACT

This paper proposes a novel approach for enhancing
image contrast by leveraging contextual energy
equalization and gamma correction with a clipping
constraint. Traditional contrast enhancement techniques
often suffer from issues such as loss of image details and
over-amplification of noise. To address these challenges,
the proposed method utilizes contextual information to
adaptively equalize the image's energy distribution while
applying gamma correction to enhance contrast.
Additionally, a clipping constraint is imposed to avoid
excessive enhancement and preserve image integrity.
Experimental results demonstrate that the proposed
approach effectively enhances contrast, improves visual
quality, and retains important image details. Moreover,
the integration of contextual energy equalization, gamma
correction, and clipping constraint provides flexibility
and adaptability, making it suitable for various image
processing applications. The proposed method exhibits
promising potential in enhancing contrast in real-world
images.

Keywords: Image contrast enhancement, Contextual
energy equalization, Clipping constraint, Color image,
Hopfield neural network, Gamma correction.

1. INTRODUCTION

The enhancement of image contrast is a fundamental task
in various image processing applications, such as
computer vision, medical imaging, and surveillance
systems. It plays a crucial role in improving visual
perception, extracting meaningful information, and
facilitating subsequent analysis tasks. However,
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traditional contrast enhancement techniques often face
challenges in simultaneously preserving image details
and avoiding the amplification of noise and artifacts.

To address these limitations, this paper introduces a
novel approach for image contrast enhancement based on
contextual energy equalization and gamma correction
with a clipping constraint. Contextual information has
been proven to be valuable in image processing tasks as
it considers the local characteristics and relationships
among neighboring pixels. By incorporating contextual
energy equalization, the proposed method adaptively
adjusts the energy distribution of the image to enhance
contrast while preserving important image details.

Gamma correction is employed as an additional step
to further improve the perceptual quality of the enhanced
image. By applying a nonlinear mapping, gamma
correction enhances the visibility of image details in both
the dark and bright regions. Moreover, to ensure the
output remains visually pleasing and retains the overall
image integrity, a clipping constraint is introduced to
prevent over-enhancement and limit the amplification of
noise.

The effectiveness of the proposed method is
evaluated through extensive experiments on various
images with different levels of contrast distortion.
Quantitative metrics such as Natural Image Quality
Evaluator (NIQE | , the lower the better) and Blind
Referenceless Image Spatial Quality Evaluator
(BRISQUE | , the lower the better) are employed to
assess the quality of the enhanced images. Additionally,
qualitative evaluations are conducted to visually compare
the results against existing contrast enhancement
techniques.
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The rest of the paper is organized as follows:
Section II provides a review of related works in the field
of image contrast enhancement. Section III presents the
proposed method in detail, including the contextual
energy equalization, clipping constraint, and gamma
correction. Experimental results and analysis are
presented in Section IV. Finally, Section V concludes the
paper, highlighting the contributions and potential future
research directions.

Overall, this paper aims to provide a comprehensive
and effective solution for image contrast enhancement by
leveraging contextual energy equalization, gamma
correction, and a clipping constraint. The proposed
method addresses the limitations of traditional techniques
and offers improved visual quality while preserving
image integrity.

2. RELATED WORK
2.1. Histogram Equalization

The conventional Histogram Equalization (HE) process
consists of two main steps. Firstly, the histogram is
computed by counting the occurrences of each intensity
level in the image. Consider an image /,, which has
dimensions m % n and contains N pixels. The gray levels
of the image range from 0 to L-1. Generally, the intensity
contained in the 8bits image is 0 to 255. The histogram is
computed as H(l)=n(l), where [ is the intensity level and
n(l) is the number of the pixel at that intensity level. This
provides information about the distribution of intensity
values across the image. Secondly, a transfer function is
generated based on the Probability Density Function
(PDF) and Cumulative Distribution Function (CDF)
derived from the histogram. The PDF represents the
normalized histogram and is defined as

PDF(l) = % , forl=0,1,2,... L-I

while the CDF is obtained by cumulatively summing the
PDF values and is defined as

CDF() =X _oPDF(l), for/=0,1,2,...,L-1
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Illustration of the proposed algorithm.

The transfer function maps the input intensity values to
output intensity values 7(/), effectively redistributing the
intensity levels / to achieve a more balanced histogram.
The transfer function is as follows

T(l) = (L — 1) x CDF(I)

This transformation aims to spread out the intensity
values across the entire dynamic range, enhancing the
overall image appearance. The scaling of the CDF
ensures that the output intensities cover the full range of
possible values.

2.2. Gamma Correction

Luminance plays a crucial role in image processing as it
greatly influences the perception of details. However,
imaging devices often introduce non-linear effects that
impact the overall brightness of an image. To address this,
gamma correction is employed as a non-linear operation
that enhances the brightness of an image. Gamma
correction is defined by a power law expression as
follows

Vour = CV”};

where the output brightness value (V,,;) is determined
based on the input brightness value (V;;,) using a gamma
value (y), both the input and output values are non-
negative real numbers. C is a constant. Typically, when
A is set to 1, the input and output values range between 0
and 1. In the case of y < 1, the gamma correction
expands the darker regions of an image, resulting in an
overall brighter image. Conversely, when y > 1, the
gamma correction expands the brighter regions, leading
to a darker image overall. This process allows for the
adjustment of brightness levels to achieve the desired
visual effect.

By applying the inverse of the gamma correction
process, the original brightness values can be recovered.

<=

Vin =V,

o
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The application of gamma correction is particularly
beneficial in removing non-linear effects during the
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Fig 2. Illustration of the Hopfield neural network (a)
Hopfield Network Model architecture. (b) Second-
order topological network.

(b)

preprocessing stage of various applications, including
digital photography, image processing, and computer
vision. It allows for improved visual quality and ensures
more accurate representation of the original scene.

In this paper, a technique is proposed for estimating
the gamma correction factor without any prior
information or knowledge about the ambient light or
imaging device. The basic approach leverages the fact
that the gamma correction factor is based on the average
brightness value and is used to adjust the brightness of an
image.

3. CONTEXTUAL ENERGY EQUALIZATION
AND CLIPPING CONSTRAINT

The proposed method is visually depicted in Figure 1,
illustrating its three main steps: energy curve
computation, limit clipping and Transfer Function (TF)
generation. In the following subsections detail the
computation of the energy curve and the energy curve
equalization process.

3.1. Energy Curve

The energy curve of the image is derived from a modified
Hopfield Neural Network (HNN) architecture [3, 4, 5].
The Hopfield neural network is composed of multiple
neurons, each of which is connected to each other
through different synaptic weights in Fig.2(a). It is a
recurrent neural network with feedback connection
neurons from output to input. Using the improved
Hopfield neural network, each neuron is regarded as each
pixel in the image, and each pixel is connected to the
nearest neighbor pixel, and the corresponding energy is
calculated. Synaptic weights are also modified in the
modified Hopfield neural network. These weights are
fixed at "1" or "0". For pixels located in neighboring
regions, the synaptic weight was assigned 'l1'; otherwise,
it was fixed to '0'. The complete state of the network is
represented by an energy function computed using the
network architecture. The energy curve consists of peaks
and troughs similar to a histogram and is calculated by
obtaining the distribution of pixels in the neighborhood
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Fig 3. Visual presentation of B, matrix computation.
(a)Structure of B; matrix. (b) Sample entry values in
B/ matrix.

of the image. For images with the following changes, the
modified HNN completes the entire network structure
and calculates the energy value for each intensity level.
The energy curve calculation process is as follows:
Consider an image I with dimensions m x n where
the pixel value at location (i, j) is given by I(i,j) (0 <
1(i,j) < L-1). To account for the spatial correlation
between pixels, a neighborhood system N with order d at
a spatial location (7, j) is defined as N{fj ={(i+u j+
v)}, (u,v) € N%. Pixels included in N¢ take spatial
correlation into account. Depending on the value of d,
different neighborhood conditions can be considered.
Since the second-order neighborhood system is
considered in this work, eight surrounding pixels are
considered, namely, N’ = {(£1, 0), (0, 1), (1, £1), (-1,
+1)}. A second-order system in Fig. 2(b) is considered
because it is connected to all surrounding pixels.
Increasing the order will increase the complexity of
energy calculation. The term modified Hopfield neural
network is used because the values of the synaptic
weights are modified to be 1 or 0. For neurons located in
the neighborhood (N{fj), connection weights are assigned
1, while for neurons outside the neighborhood (Ni‘,ij ),
connection weights are assigned zero. This makes each
neuron only connect to its neighbors, which makes the
result only depend on the neighbors. This process
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essentially models the network and examines the spatial
contextual properties of the pixel information. [7]
computes the energy curves and presents the
corresponding normalized energy curves for the 3x3, 55,
and 7x7 neighborhood sizes. Increasing the
neighborhood size results in smaller bias gain and
increases computation time compared to smaller
neighborhood sizes. Therefore, in this paper, a
neighborhood size of 3 x 3 is considered instead of larger
neighborhood sizes.

The calculation of the energy function involves the
matrix Bi (Bo, Bi, B:...., B2ss), whose entries are "+1" or
"-1" based on the intensity values of the original image.
The size of matrix By is also similar to the input image.
For a particular intensity level (/), the entries of the matrix
B are computed as

+1,
-1,

. if 1(i,j)>1
B;(i,j) =
(@.1) { else
The structure of the matrix B; and its internal elements
are shown in Figure 3. From the matrix By, the energy
curve of a particular intensity level [ is calculated as

Ef(l)=—ii > BGH)XB@.)

i=0 j=0 p,quL-dj

+ii > c@nxcw.a)

1=0 j=0 p,geng;

The energy curve consists of different energy values for
different intensity values, where ‘1’ represents the
grayscale value and the value of ‘f’ represents image’s
depth, varies from 1 to 3 for color images and is fixed at
‘1’ for gray images. The matrix C=1 V(i,j)
incorporated into the equation to realize the energy of the
pixel, which is a non-negative value (E/ > 0). For a
particular value of /, if all pixel values are either larger or
smaller, the energy of that gray level becomes minimum.
The energy curve has a minimum at the point where the
histogram has a zero value. The calculated energy curve
of an image is shown in Figure 4, which follows the range
of the histogram. Energy curves look smoother than
histograms.The energy value at each intensity level
depends on neighboring pixels; therefore, the value at
each intensity location is not similar to the image's
histogram.

3.2. Clipping and Sectioning of the Energy Curve

In order to limit the enhancement rate, the calculated
energy is bounded within the clipping limit. Most
algorithms use the mean or median as clipping limit. In a
symmetric data distribution, the mean and median are
equal. If the data are distributed asymmetrically
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Fig 4. Results for a sample image (a) Input image (b)
Enhanced image (c¢) Energy curve (clipped and
without clipped) and equalization process (d)
Mapping function (e) Input histogram and (f) Output
histogram.

(positive/negative skew), the mean and median are not
equal. Here, the proposed algorithm provides the
flexibility to handle these changes in the data distribution.
It does this by selecting the clipping of the input energy
curve by mean of the median and mean of the intensity.
The clipping limit is calculated as the average of the
median and mean intensity values of the energy curve and
calculated as

Crnedian = median(Ef(l))
Cinean = mean(Ef(l))

Cmedian + Cmean

Cclip = 2

The energy curve is clipped using the computed clipping
limit as
if ET() = Cpp

~ Celin,
W= { i else

ET(D),
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Where E (1) is the clipped energy curve. Calculated as
energy values above the calculated clipping limit (C;)
are replaced by Cy;p, leaving the rest unchanged. And
then the clipped energy curve is divided into three regions
according to the standard deviation (SD) and is calculated
as follows

Sp = ZIL:_()l(l - Efmean)z X Ef(l)
- LIS ET

where E ..., is the mean of the clipped energy curve,
which is calculated as follows

o _MREWOx!
mean Z%‘;Ol Ef(l)

Based on the SD value, the lower and upper limits are
computed to split the energy curve. The lower (L;,,,) and
upper (Lp;gp, ) limits are computed as

—-SD

Liow = Efmean
Lhigh=Efmean + 5D

The energy curve is spliced into three sub-energy regions.
The first sub-energy curve ranges from 0 to L;,,,, the
second sub-energy curve ranges from Ly,,, + 1 10 Lpigp ,
and the third sub-energy curve ranges from Ly;4p, + 1 to
L — 1. The standard deviation is chosen as the splicing
parameter to cover the image’s maximum energy region.
The middle sub-energy curve conceals the maximum
energy region, which helps conserve the image’s mean
energy. The computed energy curves, along with the
clipping limits and lower and upper bounds for the sub-
division of energy curves.

3.3. Energy Curve Equalization

During this process, sub-energy curves are generated and
individually equalized before being combined to form the
final transfer function. The computation of the transfer
function follows a similar procedure to that of Histogram
Equalization (HE) and involves three main steps:
calculating the Probability Density Function (PDF),
deriving the Cumulative Distribution Function (CDF)
from the PDF, and generating the transfer function.

The PDFs for the sub-energy curves are denoted as
PDF, (1), PDF,, (1), and PDF; (1) are defined as

Er()
PDF, (1) = for 0 <1 < Ly,
L
Er()
PDFM (l) = n— for LlOW +1<I< Lhigh
M
O]
PDFH(Z)= fOFLhigh+1SlSL—1
H
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where n;, ny, and ny are represent the absolute energy
level in the three sub-energy curves, respectively. These
values indicate the magnitude of energy within each sub-
energy curve. These PDFs represent the probability
distributions of the lower, middle, and upper portions of
the energy curve, respectively. They provide valuable
insights into the distribution of pixel intensities within
each sub-energy curve and guide the subsequent
equalization process.

The CDFs represents the accumulated probabilities of
encountering pixel intensities within the sub-energy
curve. It provides valuable information about the
distribution and relative frequencies of pixel values in the
image and is defined as follows

!
PDF, (k) for 0 <1< Ly,

k=0
1
CDFy () = PDFy (k) for Lygy +1 <1< Lyign
k=Ljow+1
l
CDFy () = PDFy(k) for Lygn+1<1<L—1
k=Lpigh+1

Using the Cumulative Distribution Functions (CDFs)
obtained from the sub-energy curves, the transfer
function for each curve is generated as follows

T (D) = Liow X CDF, (1)
Ty(D) = (Ligw + 1) + (Lhigh = (Liow + 1)) X CDFy (1)
Ty(D) = (Lhign + 1) + (L = 1) = (Lpign + 1)) X CDFy (D

The final Transfer Function (7F) is obtained by merging
the three individual functions together as shown below.

TO =T+ Ty +TyD

The proposed method employs a Transfer Function
(TF), derived from above equations, to enhance the
contrast of the input image. This transfer function serves
as a mapping between the input intensity values and the
corresponding output intensity values in the contrast-
enhanced image. It can be visualized as a lookup table,
where each input intensity value is transformed to its
corresponding output intensity value.

3.4. Gamma Correction

The average luminance is a simple metric that can be
computed quickly. In this study, we propose a basic
method that estimates an appropriate gamma based on the
average luminance. While the average luminance may
not capture all the information of an image, it serves as a
good indicator when selecting a sample between
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Fig 5. Visual comparison of input and enhanced images. From left to right indicates the (a) Input image,
(b) HE [8], (¢) CLAHE [9] and (d) Proposed method.
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brightness values in the histogram. We present a method
that performs correction based on the average luminance.
The global gamma for gamma correction can be chosen
by considering this power. The optimal contrast in an
image is typically achieved at a luminance of 0.5, thus no
correction is applied when the overall luminance of the
image falls within the range of 0.4 to 0.6. If the overall
luminance is below 0.4, setting gamma to a value less
than 1 expands the dark regions, resulting in a brighter
image. Conversely, if the overall luminance is above 0.6,
setting gamma to a value greater than 1 expands the
bright regions, enhancing the image contrast.

We take the average brightness as a basis, and then
estimate the gamma value according to the following
equation

Vour = V”):
ceil(log(Avg))
W for Avg < 0.4
y=41 for 0.4 < Avg < 0.6
floor(log(4Avg))
_— for Avg > 0.6
log(Avg) oravg

where Avg is the average of the clipped energy curve,
which is calculated as below:

A SEYES(D) x
vg =E—//———————
=0

The estimated gamma value is applied to enhance all
pixels in the output image. Subsequently, the same
enhancement method is applied to the entire input image.
This ensures that every pixel in the output image benefits
from the estimated gamma value, resulting in an overall
enhancement of the image.

4. EXPERIMENTAL RESULTS

In this section, various experiments were conducted to
validate the proposed algorithm. The experiments
involved images with significant contrast variations
under different lighting conditions. It was important to
compare the performance against other histogram-based
algorithms. Such comparisons were justified given that
the performance of these histogram-based algorithms has
been previously verified for contrast enhancement tasks.
The experimental results, as shown in Figure 5,
demonstrate a visual comparison between the input
image and the enhanced image. These comparisons
clearly validate the effectiveness of the proposed
algorithm in enhancing image contrast. In addition,
objective image quality assessment metrics such as NIQE
and BRISQUE were used for comparison, as shown in
Tables 1 and 2. Both metrics provide a quantitative
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Table 1. NIQE | values for the Different Methods.

NIQE Original ~ HE[§] CLAHE[9] Proposed
Imgl 3.466 3.593 371 3.187
Img2 3.233 3419 3.146 3.005
Img3 218 3.694 3.263 2671
Img4 2.54 2.821 3.37 2423
Img5 2473 2.36 2467 2433
Imgb 3.592 4.193 3929 3412
Img7 3.278 3.135 3.547 3178
Img8 2.903 2.768 2.82 2.851
Img9 3.616 4.126 4.587 3.765
Imgl0 3.428 3.892 3233 3.447
Imgll 3.308 3.366 3.016 3.139
Imgl2 4.765 4.706 4.097 4.286
Imgl13 2.01 3.581 2.5 2.296
Imgl4 2.835 2.819 2342 2,616
Imgl5 3.085 2.695 2.143 2.31
Imgl6 2.599 3291 2.367 2202
Imgl7 2704 3.404 2719 2.673
Imgl18 8.123 5.836 5.515 6.836
Average 3.374 3.539 3.265 3.155

Table 2. BRISQUE | Values for the Different

Methods.

BRISQUE  Original  HEI[8] CLAHE[9] Proposed
Imgl 26.438 28.479 30.248 29.611
Img2 23.447 26.189 13.245 15.73
Img3 25.687  39.365 35.962 24.114
Img4 29.31 22.15 1.69 30.61
Img5 19.32 21.717 14.63 20.443
Imgb 14.476 27.074 26.067 5.128
Img7 16.668 29.077 31.944 16.202
Img8 22.361 28.75 10.729 20.452
Img9 30411 32.731 36.207 30.47
Imgl0 17.681 19.981 20.771 17.465
Imgll 8.219 22.264 16.438 7.885
Imgl2 16.29 34.122 37.019 5401
Imgl3 7.691 17.658 20.612 7.185
Imgl4 7.929 25.052 11.345 4137
Imgl5 27.401 16.452 14.245 30.598
Imgl6 15.846 14.346 3.251 6.648
Imgl7 13.907 18.152 23.944 23.596
Imgl8 43.492 42177 42.109 41.002

Average 20365  25.874 21.692 18.704

evaluation of image quality without the need for
reference images, and lower scores indicate better image
quality. The results of the experiment further emphasize
the superiority of the energy curve-based approach over
traditional histogram-based methods in addressing the
challenges of contrast enhancement.
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The objective evaluation using NIQE and
BRISQUE metrics supports the visual comparisons and
confirms the improved quality achieved by the proposed
algorithm. These findings contribute to the overall
validation and effectiveness of the energy curve-based
method in enhancing image contrast.

5. CONCLUSION

Our study introduces an innovative approach for image
contrast enhancement that leverages contextual energy

equalization, gamma correction, and a clipping constraint.

By incorporating contextual information and considering
the local characteristics, our method offers a promising
solution to enhance contrast while preserving image
integrity. The experimental results demonstrate the
effectiveness of our approach and its potential in various
image processing applications.
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