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abstract

Images taken in low light suffer from poor visibility and noise. A low-
light image enhancing strategy based on Retinex and histogram equaliza-
tion is presented in this study. Retinex employs two algorithms: single
scale Retinex (SSR) and Multi Scale Retinex (MSR), both of which are
based on experimental data and has no a unived mathematical model.
Brightness preserving bi-histogram equalization (BBHE) and dualistic sub-
image histogram equalization are two algorithms for histogram equaliza-
tion (DSIHE). Finally, we used Retinex-based algorithms since they boost
contrast while also improving visibility.

Keywords :

Image enhancement, Retinax, histogram equalization .
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Résumé

Les images prises en basse lumiere souffrent d’une mauvaise visibilité et

de bruit. Une stratégie d’amélioration d’image a faible luminosité basée

sur Retinex et ’égalisation d’histogramme est présentée dans cette étude.
Retinex utilise deux algorithmes : le Retinex a échelle unique (SSR) et

le Retinex multi-échelles (MSR), qui sont tous deux basés sur des données
expérimentales et n’ont pas de modele mathématique unique. L’égalisation

de bi-histogramme préservant la luminosité (BBHE) et I’égalisation d’histogramme
de sous-image dualiste sont deux algorithmes d’égalisation d’histogramme
(DSIHE). Enfin, nous avons utilisé des algorithmes basés sur Retinex car

ils augmentent le contraste tout en améliorant la visibilité.

Mots clés :

Amélioration de I'image, Retinax, égalisation de I’histogramme
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General Introduction

Low-light image enhancement is one of the most difficult challenges in com-
puter vision, and it is currently being explored and applied to a variety of
issues. Under normal lighting circumstances, image processing achieves
substantial performance most of the time.The reflectance image of the tar-
get surface can be obtained by comparing one pixel to its neighboring
pixels. The ”"gray world” assumption was used to analyse the images. In
low-light situations, however, an image becomes chaotic and black, mak-
ing future computer vision tasks challenging. A lot of studies have been
carried out to investigate the augmentation of contrast and lightness in
color images in various methods, with some of these in suggesting an algo-
rithm to improve the brightness, contrast, and sharpness of an image. It
performs a non-linear spatial/spectral transition that compresses the dy-
namic range at the same time. In this research, At first we talked about
7 ways that can improve image quality, then we relied on two methods
Histogram Equalization (HE) and Retinex These two algorithms are two
more advanced picture improvement algorithms . In Retinex, we relied
on two algorithms jsingle scale Retinex (SSR) and Multi Scale Retinex
(MSR) , As for the histogram equalization , we relied on Brightness pre-
serving bi-histogram equalization (BBHE) ,dualistic sub-image histogram
equalization (DSIHE) . finally , we combined the two equations and chose

the best equation capable of image processing and color stability .



Chapter 1

Introduction to image processing

and computer vision

1.1 introduction

Computer vision has been used in a variety of engineering fields as a result
of advancements in computer technology and camera sensors, such as ob-
ject detection in autonomous vehicles[1]and harvesting robots [2], detection
and monitoring in civil engineering [3,4], video surveillance [5,6], 3D recon-
struction [7], and so on. Because visual duties are so crucial in so many
industries, dependable work performance is necessary. The tasks, however,
rely on scene illumination, and any camera-sensor-based perception task’s
performance suffers greatly under bad lighting situations, such as low-light
scenarios [7]. When a camera cannot get enough light or the camera sensor
is not sensitive enough in low-light situations, the collected pictures may
have issues such as poor visualization and bad image quality, disrupting
the image’s valid information and restricting its usage in computer vision
tasks [8]. As we all know, low-light photos acquired in a non-uniform light-
ing situation suffer from significant object information loss, making object
recognition more difficult [9]. Although the camera’s night mode can occa-
sionally prevent this deterioration, a minor tremor might cause additional
issues such as blurring. In other cases, improving the lighting of the scene

or replacing the camera sensor is not possible [10].



1.2 Computer vision

1.2.1 Definitions

There are many definitions of a computer vision according to many authors:

definition 1

is the study of extracting information and knowledge from photos and films
using image and video analysis. We work with genuine photographs the
majority of the time (Street with cars). Comprehending video and images
is the ultimate aim; understanding entails categorizing distinct aspects of

a picture and following them as they move.[11]

definition 2

is a branch of artificial intelligence (AI) that allows computers and sys-
tems to extract useful information from digital photos, videos, and other
visual inputs, as well as conduct actions or make suggestions based on that
data.[11]

definition 3

is the study of how computers see and comprehend digital pictures and
movies. Computer vision encompasses all functions carried out by biolog-
ical vision systems, such as "seeing” or perceiving a visual stimuli, com-
prehending what is seen, and extracting complicated information into a

format that can be utilized in other processes.[12]

1.2.2 Applications of computer vision

The success of computer vision applications has been enormous, and some

of the most noteworthy use cases are included here :

Defect Inspection

industrial hase benefited from image recognition. Image recognition has

traditionally been used to identify damaged objects throughout the pro-
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duction process. The capacity to check thousands of problematic products
on the production line dramatically speeds up the whole process and im-

proves operational efficiency [13]

Image Classification

Picture categorization is perhaps the most important aspect of image recog-
nition that has been studied in a variety of ways. Several studies in recent
years have looked into the prospect of aiding doctors in locating a region of
interest for diagnosing and forecasting a certain disease. In the e-commerce
industry, image categorization has been a key contribution to improving
the customer experience by providing rapid search options. Image classi-
fication allows you to categorize photographs based on their content. It
is included in the majority of today’s recommendation systems and image

retrieval engines.[13]

Robotics

Many robotics-based projects have utilized image recognition to train them
to recognize items for improved navigation and detect anything that may

be encountered in their route.[13]

e-Commerce

Shoppers may now submit photographs of existing items or things they
want to discover complimentary styles to in order to identify similar prod-
ucts. This necessitates the conversion of the image into a visual embedding,
with the suggestions consisting of goods that are either identical to the one

that was uploaded or those that are recognized to be complimentary.[13]



1.3 Image processing basics

1.3.1 Definitions of Image

definition 1

is a binary representation of visual data such as drawings, photographs,
graphs, logos, or single video frames. Digital photos can be stored on any

type of storage medium.[14]

definition 2

is a visual artifact that resembles a topic and hence gives a representation
of it, such as a photograph or other two-dimensional picture. An image is

a color distribution with a dispersed amplitude in signal processing (s).[15]

1.3.2 types of images

Real images

An image is the projection onto a plane of a 3D scene. mathimathicly, it
can be viewd as a function of two variables . I (x, y) The location of a point
in space on the projection plane is (x, y). The intensity (or brightness) at
the coordinate point (x,y)is the value of I(x, y). An picture is a real-world

analog plane with real-world intensities.

Digital images

is made up of single-colored dots called pixels that are arranged in a mosaic.
The more pixels it has, the more well defined it is. When you enlarge pixels
a picture on the screen, you don’t modify the number of dots; instead,
you make them bigger or smaller and therefore visible.[16] One is a two-
dimensional descent function, f (x, y), with x and y being the spatial (plane)

coordinates for each pixel. [17]



1.3.3 Image file formats

types of image formats

A quick summary of the most common file formats is given in the list below

e TIFF image format

TIFF or Tagged Image File Format are lossless picture files, which
means they don’t have to compress or lose any image quality or in-
formation (though compression options are available), allowing for

extremely high-quality photos but bigger file sizes.[18]

BMP image format

BMP or Bitmap Image File is a Windows format created by Microsoft.
BMP files contain no compression or information loss, allowing for
images of extremely high quality but also very large file sizes. TIFF
files are often preferred over BMP files since BMP is a proprietary
format.[18]

JPEG image format

JPEG stands for Joint Photographic Experts Groups is a "lossy” for-
mat, which means it compresses the picture to generate a smaller file.
There is a quality reduction as a result of compression, although it is
usually not visible. JPEG files are widely used on the Internet, and
JPEG is a popular digital camera format, making it excellent for web

usage and non-professional printing.[18]

GIF image format

GIF or Graphics Interchange Format file because they are limited to

just 256 colors, they can allow for transparency, and they may be



animated, they are commonly used for online graphics. GIF files are

often tiny and easy to transport.[18]

PNG image format

PNG or Portable Network Graphics files are a proprietary image for-
mat that was created to replace and improve on the gif format. Unlike
GIF, which only supports 256 colors, PNG files can hold up to 16 mil-

lion colors.[18]

1.3.4 Pixel

is the smallest unit of a digital picture or graphic that may be represented
and shown on a digital display device. In computer graphics, a pixel is the
most fundamental logical unit. Pixels are used to create a complete picture,
video, text, or any other visible object on a computer screen. [19] The pixel
size, i.e. the grid’s thinness, determines the resolution in comparison to
the original analog picture. The lower the resolution, the fewer pixels there

are in the image, and the worse the quality of the digital image. [20)]

1024 pixels 256 pixels

04 pixels 16 pixels 4 pixels

Figure 1.1: variation in the number of pixels. In fact, when viewing the screen, the size
is divided by 4 at each step. [20]

1.3.5 Matrix Size

the width and height in pixels of a digital image; commonly described in
terms of the image’s width and height. The matrix size also determines

the picture aspect ratio for an image with square pixels.[21]
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1.3.6 Spatial Resolution

a metric for how much spatial detail there is in a digital image. Resolution
is measured in pixels per centimeter or dots per inch, and is expressed as
a ratio of physical to sampled dimensions. Whether the application is for

acquisition or output determines the physical size.

1.3.7 Color Space

The mechanism for representing color is called color space or color speci-
fication system. A single intensity gradient is frequently used in greyscale
or monochrome pictures. Color pictures, on the other hand, frequently
encode color in numerous channels and combine them to represent a single

color. Red-Green-Blue (RGB) and Cyan-Magenta-Yellow-Black (CMYK)

are two common examples .[21]

1.3.8 Bit Depth

Color resolution, also known as bit or color depth, is a measurement of
the amount of color detail in a digital image. The amount of computer
storage units (bits) needed to describe the color of each particular pixel
in a picture is referred to as bit depth. For RGB color pictures (8 bits
per channel), the most common values are 24 bits per pixel (bpp) and 8
bits per pixel (bpp) for greyscale images. Medical greyscale photographs
frequently surpass 8 bits per pixel, with 10 bits per pixel and 12 bits per
pixel being the most prevalent.[21]

1.4 Image Processing

image processing is the use of a digital computer to run an algorithm
on digital images. [21,22] Digital image processing, provides a number of

benefits over analog image processing :

e Any format of the digital image can be made available (improved

image, X-Ray, photo negative, etc)

9



e [t aids in the enhancement of pictures for human understanding.

e Images may be analyzed and information retrieved for machine inter-

pretation.

e The density and contrast of the pixels in the image may be adjusted

to any desired level.

e Images can be simply stored and accessed.

1.4.1 Components of the Image Processing System

Different computer algorithms are used to conduct image processing on
digital images in digital image processing. [23] It is made up of the following
elements:

Image Sensors

The intensity, amplitude, co-ordinates, and other properties of the pictures
are sensed by image sensors, which then transfer the information to the

image processing hardware.

Image Processing Hardware

Is the specialised hardware that processes the commands received from the

image sensors. The result is sent to a general-purpose computer.

Computer

The image processing system’s computer is a general-purpose computer

that we all utilize on a regular basis.

Image Processing Software

Is the software that contains all of the image processing system’s methods

and algorithms.

10



Mass Storage device

During processing, the pixels of the photos are stored in mass storage

device.

Image Display

It includes the monitor or display screen on which the processed pictures

are shown.

11



Network

Network

I
)

Image Display Computer Mass Storage

Image Processing Image Processing
Hardware Software

Image Sensors

Figure 1.2: Components of Image Processing System [23]

is the link between all of the image processing system’s above pieces.

1.4.2 TImage processing tasks

e description
e Visualization Look for items that aren’t visible in the photo.
e Recognition Identify or locate things in the image.

e Sharpening and restoration From the original photograph, create an

upgraded image.

e Pattern recognition Calculate the different patterns that surround the

things in the picture.

e Retrieval Browse and find photos comparable to the original image

from a big library of digital images.

12



1.4.3 Image processing stages
Acquisition

It may be anything as basic as being handed a digital image. The major

task entails:
1. Sizing up
2. Color transformation (RGB to Gray or vice-versa)

Image enhancement

It is one of the most basic and attractive image processing techniques. It
is also used to extract certain hidden information from a picture and is

subjective.

Image restoration

It similarly deals with visual appeal, but it is objective (Restoration is

based on mathematical or probabilistic model or image degradation).

Color image processing

It is applied to digital image processing and works with pseudocolor and

full color image processing color models.

Wavelets and multi-resolution processing

It is the foundation for varying degrees of visual representation.

Image compression

It entails creating certain functions to carry out this task. It mostly con-

cerns picture size or resolution.

Morphological processing

It is concerned with picture component extraction technologies that are

useful in the representation and description of form.

13



Segmentation

It entails breaking down a picture into its component elements or objects.
The most demanding problem in Image Processing is autonomous segmen-

tation.

Representation and description

It is based on the segmentation stage’s output; selecting a representation is

only one part of the solution for converting raw data into processed data.

Object detection and recognition

It’s a method of giving an object a label depending on its description.[23]

1.4.4 Examples of image processing

Enhancement : improve the quality of the visual impression of a picture

that we have.
Restoration : compensate for the loss of quality (noise, blurring, etc.).
Compression : Effortlessly store and transmit data.
Segmentation : Separate the "objects”.
3D reconstruction : Obtain a volume from a set of plans (images).
Analysis : transform images into information .
Recognition / Understanding : Determine the content of an image.

[24]

1.5 coclusion

In this chapter we introduced some of the basic concepts of computer vi-
sion and image processing. Computer vision as a field of a wide range of

discipline has been closely linked to the discipline of image processing, The

14



Image processing, itself has brought benefits in different areas of technol-
ogy especially to analyze images to obtain the necessary information and

improve it.

15



Chapter 2

State-of-the-art of low-light image

enhancement

2.1 Introduction

This chapter reviews the main techniques of low-light image enhancement

First, we present a classification of these algorithms, dividing them
into seven categories: gray transformation methods, histogram equaliza-
tion methods, Retinex methods, frequency-domain methods, image fusion
methods, defogging model methods and machine learning methods. Then,
all the categories of methods, including subcategories, are introduced in

accordance with their principles and characteristics.

2.2 Classification of low-light image enhancement al-

gorithms

Many image improvement methods for photos acquired in low-illumination
settings have been proposed by scholars all over the world to improve low-
light films and photographs from various angles [25,26,27]. We have seven
kinds of processing techniques based on the algorithms used for bright-
ness enhancement: gray transformation methods, histogram equalization
(HE) methods, Retinex methods, frequency-domain methods, image fusion
methods, defogging model methods, and machine learning approaches. Ac-

cording to the variations in their principles, these techniques can be further

16



separated into subclasses. Figure 2.1 shows the total classification.

Gray transformation methods

Histogram equalization

Retinex methods

Low-light image

Frequency-domain methods
enhancement methods

Image fusion methods

— Defogging model methods

Machine learning methods

Figure 2.1: Classification of low-light image enhancement algorithms.

2.2.1 Gray transformation methods

A gray transformation technique, also known as a mapping-based ap-
proach, is a spatial-domain picture enhancement procedure based on the
notion of changing the gray values of single pixels into other gray values
using a mathematical function [28]. This approach improves a picture by
changing the gray value distribution and dynamic range of the pixels [25,27]
Linear and nonlinear transformations are the two primary subcategories of

this class of methodes.

Linear gray transformations

A linear transformation of gray values is a linear function of the gray values
of the input image [25], commonly known as linear stretching, it’s givn by

the following formula :

g(sc,y) ZC.f(SE,y)+R (21)

where f(z,y) and g(x,y) are the input and output images, respectively,

while C and R are the linear transformation coefficients. The values of the

17



coefficients in the following formula can be adjusted to enhance a picture

to various degrees. Figure 2.2 depicts the relevant transformation curve

(a).

f (3j ) y) — f min
fmax - fmin

where fmax and fmin are the input image’s maximum and mini-

g(ﬂ}, y) = (gmax - gmin) + Gmin (22)

mum gray values, respectively, and g max and gmin are the output im-
age’s maximum and minimum gray values, respectively [27]. To improve
the brightness and contrast, the image’s dynamic range is changed from
[f min, f max| to [¢gmin,g max|. Only the gray values in a specific section
of the image may need to be stretched at times.

Colored polylines in the coordinate system corresponding to the trans-
formation represent the various functions in the piecewise formula. Figure

2.2 shows an example of a piecewise linear transformation curve (b).

lg{xllll) i E(I,IL')

=

0 Jr.':ll.'.ll JFf-JI.'I.I f{x.) ") O a h € ;’{IE_,)
(a) (b)

Figure 2.2: Linear transformation curves.

The piecewise linear transformation approach lacks an adaptive mech-
anism since parameter tuning can only be done based on experience or
with significant human involvement. Although the theory of linear image
enhancement is easy and quick to implement, the result is unsatisfactory,
as certain picture features are often lost owing to unequal image enhance-
ment.|[29]

18



NonLinear gray transformations

The main idea behind a nonlinear gray transformation is to alter an image’s
gray values using a nonlinear function [30]. Logarithmic functions, gamma
functions, and several other enhanced functions are often used nonlinear
transformation functions .[31,32] A logarithmic transformation function
indicates that the value of each pixel in the output picture is proportional
to the value of the corresponding pixel in the input image. Because it may
lengthen the picture’s lower gray values while compressing the dynamic
range of the pixels with higher gray values, this sort of modification is
appropriate for an extremely dark image [33]. The following is a common

formula:
g9z, y) = log(1 +cf(z,y)) (2.3)

where f(x,y) and g(z, y) are the input and output pictures andc is a control

parameter.
| o 1
.-"'-_I"P /
. et : S
ﬂ.H (_'_:‘1(:)/-/ U.S }’ 0_3 . J..
s .
061, =10 0.6 /
.f (-=] Y _1 ."I
04f / 0.4 /
; . y=3s'
-3 f s
0.2 0.2 L
-
0 0! =
{ 0.2 04 06 08 1 0 0.2 04 06 08 1
{a) Logarithmic transformation (b) Gamma transtormation

Figure 2.3: Nonlinear transformation curves.

Figure 2.3 depicts the forms of many logarithmic transformation func-
tions (a). The gray values of pixels in low-gray-value areas are stretched,
while the values of pixels in high-gray-value areas are compressed, using a
logarithmic transformation function.

The gamma function is a nonlinear transformation having a wide range

of applications, and its formula is:

19



Figure 2.4: (a)original image, (b)results of Gray transformation methods

g(x7 y) - f(xa y)Py (24)

The gamma correction parameter, which is normally a constant, is de-
noted by Fig 2.3 depicts many gamma transformation curves (b).

By altering the parameter v, as illustrated in Fig. 2.3(b), numerous
distinct transformation curves may be generated. When v > 1, the trans-
formation will lengthen the low-gray-value parts of the image’s dynamic
range while compressing the high-gray-value areas. When ~ <1, on the
other hand, the transformation compresses low gray values while stretch-
ing high gray values. When 7 = 1, the output is unchanged [34]. As a
result, by altering this parameter, distinct gray portions of a picture may
be selectively stretched or compressed for a greater enhancing effect.

Gray transformation may be used to emphasize gray regions of interest
and has the advantages of being easy to use and quick. However, because
such approaches do not take into account an image’s general gray distribu-

tion, their enhancing potential is restricted, and their flexibility is weak.

Exemple
2.2.2 Histogram Equalization (HE) Methods

When an image’s pixel values are uniformly spread throughout all poten-
tial gray levels, it has a strong contrast and a wide dynamic range. Based

on this property, the HE algorithm adjusts the output gray levels to have

20



a probability density function that corresponds to a uniform distribution,
allowing hidden information in dark areas to reemerge and the visual im-

pression of the input picture to be successfully improved [35,36].

Principale of HE

The CDF is utilized as the transformation curve for the picture gray values
in the HE method [37]-[41]. Let’s use the letters I and L to represent a
picture and its gray levels, respectively. N represents the total number of
pixels in the picture, and nk indicates the number of pixels of gray level k.
I(i,7) represents the gray value at the coordinates (1, j), IV represents the
total number of pixels in the image, and nk represents the number of pixels
of gray level After that, picture I's gray-level probability density function
is defined as

p(k) = %,(/{: 1,2,3,...,L— 1) (2.5)

The CDF of the gray levels of image I is

k
c(k)y=> p(r), k=0,1,2,...,L-1 (2.6)
r=0
The conventional HE technique uses the CDF to convert the original image

to an improved image with a nearly uniform gray-level distribution. The

following is the mapping relationship:

f(k) = (L = 1)c(k) (2.7)

In Fig.2.4, (a) the input low-light picture is displayed, (b) the histogram
of the input low-light image is displayed, (c) the improved image after HE
is displayed, and (d) the histogram of the enhanced image is displayed.
The typical HE method has a basic premise that can be implemented in
real time. However, owing to gray-level merging, the brightness of the

improved image will be uneven, and some features may be lost.
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(a) (b)

Figure 2.5: Example of HE on a grayscale image.

Basic models of HE methodes

HE approaches are classified as global histogram equalization (GHE) or
local histogram equalization (LHE) based on the regions included in the

computation [42].

e global histogram equalization (GHE) : The model shown in Fig. 2.5
illustrates the general concept of a GHE algorithm, in which X rep-
resents the original image,Y represents the enhanced image generated
by theHE algorithm, Y = f(X) represents the traditional HE pro-
cess or an improved version, and X1, X2, X3,..., Xnrepresent n sub
images composed of pixels in the original image that satisfy certain
conditions according to a given property, which is defined as Q.(x).
The picture Y after equalization is created by merging the sub images
in accordance with the pixel coordinates, and the parameter = denotes
the magnitude of the image gray value. Y1,Y2,Y3, ..., Yn signify the

equalized images corresponding to the n sub images.

The GHE model has several advantages, such as relatively few cal-
culations and high efficiency, and it is especially suitable for the en-
hancement of overall darker or brighter images [44]. However, it is
difficult for a global algorithm, which conducts statistica loperations
based on the gray values of the whole image, to obtain the optimal
recovered values for each local region. Such an algorithm is unable to
adapt to the local brightness characteristics of the input image, and
consequently, the sense of depth in the image will be decreased after

processing.
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Several pixels in the original The results are merged in
image are extracted in accordance accordance with the original
with a given property Ofx). pixel positions.

Figure 2.6: Basic model of GHE algorithms.

e local histogram equalization (LHE) : The primary concept behind
LHE is to apply the HE operation to numerous local areas in the form
of a picture. The original picture is broken into several sub blocks,
and equalization is applied to each sub block independently to adap-
tively improve the image’s local information to produce the desired
enhancement result. As illustrated in Fig. 2.6, LHE methods may be
further separated into three approaches: LHE with nonoverlapping
subblocks, LHE with overlapping subblocks, and LHE with partially
overlapping subblocks. The following is the procedure for implement-

ing these algorithms.

1. A subblock with dimensions of M N is defined in the upper left
corner of an input picture of a particular size, M N, and other sub-
blocks are defined by advancing along the horizontal and vertical

axes with step sizes of h and w, respectively.

2. Each subblock is subjected to HE processing in the same way
as a GHE algorithm is. The findings are then combined with the
output image, and the total number of subblock processing rounds

for each pixel is kept track of.

3. Moving horizontally with the horizontal step size h and vertically

with the vertical step size w defines the following subblocks. Phase
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{a) LHE with nonoverlapping subblocks. (b) LHE with overlapping
subblocks, where Xi(r.0) and ¥i(r.0) are the central pixels of the subblocks.
(c) LHE with partially overlapping subblocks, where h and w are the step
lengths.

Figure 2.7: Basic model of LHE algorithms.

(2) is repeated for each subblock that does not exceed the picture
border; if no such unprocessed subblocks remain, the procedure

moves on to the next step.

4. Divide the gray value of each pixel in the output picture by the
corresponding cumulative number of subblock processing rounds
to get the output image. The local block effects and the enormous

number of computations are also downsides of this technique.

HE Alghorithms

Many algorithms have been proposed created using the traditional HE

method. For example :

e Kim [44] developed the equal-area dualistic subimage histogram equal-
ization (DSIHE) technique [45],

e while Wang et al [44]. proposed the brightness-preserving bi-histogram
equalization (BBHE) approach to retain image brightness [46].To max-
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imize the image’s entropy value, this approach utilizes the original
image’s median gray value as a threshold to divide it into two pieces

of equal size.
Similarly, Tian et al. [47] suggested a :

e BBHE method that maintains color information. As explained in
[48,49], this technique not only keeps the color information of the

input image but also enhances the visual features. [50]

e The HE approaches outlined above, on the other hand, frequently
fail to successfully reduce the potentially severe interference of noise
in poorly lighted pictures; in fact, they may significantly exacerbate

such noise.

Interpolation-based HE techniques, in which linear interpolation methods
are employed to derive the transformation function for the current pixels,
have been developed by researchers.

The AMHE [99], BBHE [46], CLAHE [51], DSIHE [45], HE [37], RMSHE
[50], RSTHE [52], and WHE [53] algorithms are examined in both the RGB
and HSI color spaces to demonstrate the performance of HE techniques on
color photographs. Figures 2.7-2.9 show test image and its HE processing

results.

e If the final image is obtained by simply equalizing and merging the
three R, G, and B subimages after equalization, equalization and
merging of the three R, G, and B subimages is observed. The fun-
damental reason for this is that the typical HE algorithm brightens
the image too much. If one of the three R, G, and B subimages of a
color picture has a mean brightness that is too dark or too bright, the
mean brightness of that subimage after equalization will be close to
the component’s median gray value. As a result, following enhance-
ment, the color associated with this subimage will be either enhanced
or diminished, resulting in visible color distortion and inconsistencies

in the final color image.
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Figure 2.8: Image decomposition (into RGB and HSV subimages).

e Only the brightness component is equalized in the HSI model. The
input color image is first transformed from RGB to HSI color space,
and then HE enhancement is applied to the brightness component
I in this approach. Finally, the RGB space is applied to the color
picture. The number of equalizations is decreased from three to one
in this method. However, certain computations are still required for
the color space transition, and there is still a risk of over-enhancing

images.

HE algorithms can improve low-light photos and are frequently used in
conjunction with other techniques. The contrast and detail enhancement
given by a HE algorithm can increase the visual impression of such a pic-
ture. However, these techniques can easily result in color fidelity loss and

noise creation, resulting in picture distortion.

2.2.3 Retinex methods

The Retinex hypothesis, also known as the retinal cortex theory, was de-
veloped by Land and McCann [54]and is based on human color perception
and color invariance modeling [54]. The goal of this theory is to determine
an object’s reflective nature by eliminating the illuminating light’s effects

from the picture. According to Retinex theory, during the transmission
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Figure 2.9: Image enhancement using RGB model .

{a) AMHE (b) BBHE (c) CLAHE (d) DSIHE

N A Y

(e) HE (f) RMSHE () RSIHE (h) WHE

Figure 2.10: Image enhancement using HSI model.
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of visual information, the human visual system processes information in
a certain way, eliminating a number of unknown elements such as light
intensity and unevenness. As a result, only the information that reflects
the object’s key features, such as the reflection coefficient, is kept [55]-[59].
An image may be described as the product of a reflection component and
an illumination component [60] using the illumination-reflection model (as
illustrated in Fig.2.10):

I(z,y) = R(z,y)L(z,y) (2.8)

where R(x,y) is the reflection component, which reflects the object sur-
face’s reflective properties; L(x,y) is the illumination component, which is
dependent on the ambient light characteristics; and I(z,y) is the perceived

image.

Reflected object

Light Observed

V4

Figure 2.11: Light reflection model.

The dynamic range of the picture is determined by L(x,y), whereas the
intrinsic character of the image is determined by R(x,y). If L(x,y) can be
calculated from I(x,y), the reflection component may be isolated from the
overall quantity of light, and the illumination component’s influence on the

picture can be minimized to improve the image [60].

F r’.r._v!. Log fix, v rr’.r.}',b Exp R(x,vf"

[umination
estimation |, 1)

Figure 2.12: General process of the Retinex algorithm.
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Sharpening, color stability, huge dynamic range compression, and good
color fidelity are all aspects of the Retinex algorithm. The Retinex algo-
rithm’s overall process is depicted in Figure 2.11 , where Log signifies a
logarithmic operation and Exp denotes an exponential operation.

Some algorithms suggested by researchers :

Single-Scale Retinex (SSR)

The SSR method produces a reflection picture by evaluating ambient bright-

ness. The following is the formula:

logR;i(z, ) = logli(x,y) — log[G(z,y) * Lz ] (2.9)

where I(z,y) represents the input image, R(x,y) represents the reflec-
tion image, i represents the various color channels, (z,y) represents the
position of a pixel in the image, G(z,y) represents the Gaussian surround
function, and represents the convolution operator.

The Gaussian surround function’s formula is :

22442

G(z,y) = kexp o2 (2.10)

where ois the scaling factor. The smaller this parameter’s value, the
greater the image’s dynamic range compression and the clearer the local
values. K is a normalizing factor that ensures the Gaussian function meets

the requirements.
//G(x,y)da:dy =1 (2.11)

However, the SSR algorithm has some limitations. It is difficult to main-
tain a balance between detailed information enhancement and color fidelity
in image sprocessed with this algorithm due to the use of a single scale pa-

rameter.

Multiscale Retinex (MSR)

Jobson, Rahman, and colleagues [61] modified the single-scale technique

to a multiscale approach, the MSR algorithm [61], to maintain a balance
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between dynamic range compression and color constancy:

k=1
N

(2.12)

N
> wp=1 (2.13)
k=1

where I stands for the three color channels, k for the Gaussian surround
scales, Nfor the number of scales, and the parameters for the scale weights.
The MSR method, as opposed to the SSR algorithm, may take advantage of
the advantages of numerous scales. The MSR algorithm improves picture
details and contrast while also producing upgraded photos with increased

color consistenxe and aesthetic effect.

Multiscale Retinex with color resroration (MSRCR)

During the process of image enhancement, the SSR or MSR algorithm is
applied separately to the three color channels, R, G and B. Therefore, com-
pared with the original image, the relative proportions of the three color
channels may change after enhancement, thus resulting in color distortion.
To overcome this problem, MSRCR has been proposed. This algorithm
includes a color recovery factor C' for each channel, which is calculated
based on the proportional relationship among the three color channels in
the input image and is then used to correct the color of the output image
to eliminate color distortion.

The color recovery factor is calculated as follows:

(x - [z(xvy)
Ci(z,y) = f (Zf’l L-(x,y)) (2.14)

where C'(x, y) is the color recovery factor and f is the mapping function.

Jobson et al. discovered that when the mapping function is a logarithmic
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function, the best color recovery result is obtained.

Ci(x,y) = B x log (a X —]g(x,y) > (2.15)
Zi Ii(z,y)

The convolution operation with Gaussian functions is used in the method.
At large, medium, and small scales, dynamic range compression and color
constancy are accomplished, resulting in a visually perfect appearance.
Figure 2.12 depicts experimental results produced using the SSR, MSR,

and MSRCR algorithms.

(a) Source image

Figure 2.13: Enhancement with different Retinex algorithms.

2.2.4 Frequency-domain methods

Image enhancement methods have been extended from the spatial domain
to the frequency domain as a result of the development of multiscale im-
age analysis technology [62]. Picture enhancement methods that use the
frequency domain convert an image into the frequency domain for filter-
ing using Fourier analysis, and then inversely transform the final image
back into the spatial domain. Homomorphic filtering (HF) and wavelet

transform (WT) are two common frequency-domain approaches.

Homomorphic filtering (HF)

The properties of the illumination-reflection model are used in HF-based
enhancement approaches to turn the illumination and reflection compo-
nents into a sum in the logarithmic domain rather than a product [29].

The following are the specific steps in the HF process :

1. The illumination component is multiplied by the reflection component

in the illumination-reflection model, which cannot be converted into
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the frequency domain. As a result, the logarithmic transformation
needs be used to convert these multiplicative components into additive
components before they may be treated independently. Taking the
logarithm of both sides of equation (2.16) gives us:

Inl(z,y) =InL(z,y) + InR(x,y) (2.16)

. The Fourier transform is used to transform the picture from the spatial
domain to the frequency domain, i.e. the Fourier transform is applied

to both sides of the given equation :

Flinl(z,y)] = FlinL(z,y) + InR(z,y)] (2.17)

. A suitable high-pass filter is chosen for contrast enhancement, and the
transfer function H enhances the R(u,v) component in the frequency

domain (u,v). The following is the resultant expression:

S(u,v) = H(u,v)I(u,v) = H(u,v)L(u,v) + H(u,v)R(u,v) (2.18)

. The image is transformed from the frequency domain to the spa-
tial domain using the inverse Fourier transform. Let s(u,v) indicate
the inverse Fourier transform corresponding to S(u,v); then equation

(2.16)’s inverse Fourier transform is

s(u,v) = FNH (u,v)L(u,v))+F Y (H(u,v)R(u,v)) = hp(x,y)+hr(u,v)
(2.19)

. The inverse logarithmic transform G(x,y) = exp[s(z,y)] is applied
to 2.19 to obtain the final corrected image. Thus, by taking the ex-

ponent of both sides of equation, the image after frequency-domain
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correctionis obtained as follows:

G(z,y) = explhr(z,y)|exp|hr(z,y)] (2.20)

The primary goal of the HF technique is to reduce the dynamic range
and improve contrast by designing an appropriate filter H(u,v) based
on the image properties defined by the illumination component and the
reflection component. This filter is then combined with a frequency
filter and a gray transformation. The general form of a homomorphic

filter is as follows:

H(u,v) = (vg — o) Hup(u, v) + 71 (2.21)

where vz 1 and vy 1; these parameters are used to regulate the filter’s
amplitude’s range. Hp,, is typically a high-pass filter, such as a Lapla-
cian, Butterworth, or Gaussian high-pass filter. If Hhp is a Gaussian
filter, then :

Hyp =1 — exp[—c* (D*(u,v)/Dj)] (2.22)

where ¢ is a constant that controls the form of the filter.

According to Fig.2.13, the slope gets steeper the higher the value of the

gradient separating low frequency from high frequency.

T 1H)

e

—

Dy v

Figure 2.14: Amplitude-frequency curve of a homomorphic filter.

Figure 2.14 depicts the HF method’s particular algorithm flow. Log rep-

resents the logarithmic transform, FF'T represents the fast Fourier trans-

form, H(u,v) represents the frequency filtering function, IFFT represents

the inverse FFT, and Exp represents the exponential operation in this
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diagram.

Fixvl Gx,v)

|::> Log :> FFT $H{u__v}:> IFFT j> Exp :>

Figure 2.15: Flowchart of the HF process.

Wavelet transform

The WT is a mathematical transform that represents or approximates a
signal using a combination of functions termed a wavelet function basis[63].
The WT may be used to describe the local properties of signals in the
time and frequency domains, as well as to undertake a multiscale analysis
of functions or signals using scaling and translating procedures. W'T' tech-
niques have so made significant progress in image contrast enhancement.
The following is the fundamental procedure for WT-based picture en-

hancement.

t—T1

WT(a,7) = % /_ :O (80" ( - )dt (@>0)  (2.23)

The displacement 7 is processed for the function (t) representing the
fundamental wavelet (parent wavelet); subsequently, the inner product be-
tween the processed ¢(t) and the signal x(t) to be studied at various scales

yields a wavelet sequence :

400
WT,(a,T)= 2—\/5/ X(w)Y* (aw)e’"dw (2.24)
T —0o0
The steps of WT-based image enhancement are as follows [163], [164] :
1. The source image is used.

2. Wavelet decomposition is used to extract the low- and high-frequency

components of the source image.

3. With a functional relationship that satisfies, the wavelet coefficients

are nonlinearly increased.
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4. To obtain the reconstructed improved picture, the enhanced wavelet

coefficients are inversely converted.

Figure 2.15 depicts the basic flow of the WT-based picture enhancing

Input Wavelet Coefficient Inverse Output
wavelet .
image transform processing transform image

Figure 2.16: Flowchart of WT-based image enhancement.

technique.

2.2.5 Methods based on image fusion

Methods based on picture fusion techniques [64] are another area of re-
search in low-light image improvement.

Many photos of the same scene are collected with separate sensors in
these approaches, or additional images of the same sensor are obtained
using different imaging methods or at different times. Finally, as much
valuable information as possible is retrieved from each image in order to
synthesize a high-quality image, increasing the image information’s usage
rate. The synthesized picture can reflect multilayer information from the
source photographs to fully characterize the scene, allowing available im-
age information to better fulfill the needs of both human observers and

computer vision systems.

Multispectral image fusion

By fusing a visible picture with an infrared image, multispectral image
fusion improves the process of acquiring the details of a low-light imaged
scene. Because near-infrared (NIR) light has a longer wavelength and
greater penetrating capabilities than visible light, it may be used to filter
out redundant information from an infrared picture. Additionally, a low-
light viewable picture can give rich background information, allowing image

fusion to produce superior images [65]-[67].
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Some algorithms proposed by researchers :

1. Toet et al. introduced a pseudocolor fusion technique for infrared and
visible pictures [68], which improves image clarity while preserving the

unique information recorded by different sensors. Furthermore, [69].

2. Night vision context enhancement (FNCE) [70] is a fusion framework
suggested by Zhu et al. for night vision applications, in which the
fused output is achieved by integrating deconstructed pictures using

three separate principles.

Image fusion based on background highlighting

In general, backdrop highlighting image fusion approaches rely on the in-
tegration of low-light photographs with daytime images to increase image
details, hence boosting the visual impression of the low-light images [71].

The following is a description of the overall procedure.

To begin, an image is captured during the day under reasonable lighting
circumstances to serve as the background for the fused image.

The backdrop of this image is then deleted, and another photograph
is taken in the same spot under low illumination. The foreground of the
fused picture is made up of the remainder of the latter image.

Finally, an appropriate algorithm is used to combine the backdrop and

foreground into a single image.

Fusion based on multiple exposures

The technique of integrating many photographs of the same scene into
a single high-quality image with more information than any single input
image is known as image fusion.

Low-light photos can be significantly enhanced by combining many pho-
tographs taken from the same scene. Because high-quality picture data
from the same scene is required, these approaches have severe image ac-
quisition criteria; in particular, the camera equipment must be reliable.

This technology cannot be used for real-time image or video enhancement
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since it requires a significant shooting time. Furthermore, for photographs

with a low overall brightness, the enhancing impact is minimal.

Fusion based on a singal image

The primary principle behind image fusion approaches is that meaningful
information about the same target acquired from numerous sources may
be combined using image processing and computer technology to produce
a final high-quality image without the usage of a physical model.

These fusion-based approaches are straightforward and effective. How-
ever, they necessitate two or more different photos of the same scene; as
a result, it is difficult to achieve image enhancement in a short period of
time, as is required in real-time monitoring scenarios, and these approaches

are difficult to use and popularize in reality.

2.2.6 Methods based on defogging models

Algorithms based on defogging models provide high performance while
requiring little computing effort. Their physical interpretation, on the
other hand, is a little shaky, and they’re still prone to over-enhancement
in several particular areas. Inverted low-light photographs have their own
set of features, and applying defogging algorithms directly to them is still

not the best way to improve them.

2.2.7 Methods based on machine learning

Deep-learning-based approaches can generate good results in low-light im-
age improvement, and they’re also a hot topic in image processing research
. However, such approaches require big datasets, and increasing the com-
plexity of a model increases the time complexity of the related algorithm
dramatically. With the steady growth of low-light image enhancement re-
search, not only is some low-light data available from widely used public
benchmark datasets like PASCAL VOC [72], ImageNet [73], and Microsoft
COCO [283], but researchers are also creating public datasets specifically
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designed for low-light image processing, such as SID [74] and EDD (Exclu-
sively Dark Dataset) [75].

2.3 conclusion

This chapter outlines and analyzes the basic principles of seven frequently
used classes of low-light image enhancement techniques, as well as their
upgraded versions. Low-light image enhancement’s main goal is to improve
image contrast both globally and locally in a certain region of gray space,
in accordance with the gray value distribution of the original image pixels.
Simultaneously, guarantee that the improved image has good image quality
in terms of human visual perception features, noise suppression, image

entropy maximization, brightness maintenance, and so on.
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Chapter 3

Implementation of low light image

enhancement methods

3.1 Introduction

In this chapter we present the implementation of some state-of-the-art low
light image enhancement methods, Namely we focus on the Retinex and

histogram equalization algorithms.

3.2 Retinex methods

In this method it is assumed that the input image I(z,y) is regarded as
the product I(x,y) = R(z,y)L(x,y) where R(x,y) is the reflectance and

L(z,y) is the illumination at each pixel (z,y).

3.2.1 single scale Retinex (SSR)

we input the image to enhance it, then we Follow us following steps :

Source image Reflection image
Gaussian I(x,v) -
filtering » log | log > R(x,y)

Gilxy)

L(x.y)

A

» log

Figure 3.1: Schematic diagram of a single-scale Retinex (SSR) algorithm.
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step 1 :We chose that the Gaussian function because can effectively es-
timate the illumination image from the source image as Figure 3.1.As

may be seen in formula :

22442

G(z,y) = kexp o2 (3.1)

step 2 :the transformation of a picture into the logarithmic domain

As may be seen in formula :

logS = logR + logL (3.2)

step 3 : The logarithm of the reflectance is derived by subtracting the
logarithm of the illumination from the logarithm of the picture. As

may be seen in formula :

logR = logS — logL (3.3)

step 4 : The reflectance may then be calculated using the index form,

as illustrated in formula :

R = exp(logS — logL) (3.4)

3.2.2 Multi Scale Retinex (MSR) :

The multi scale retinex (MSR) algorithm is a variant of the single scale

retinex method . The MSR proficiency is represented by the functions
listed below :

MSR = logR;(z,y) (3.5)

method of algorithm works :

for processing :

1. Utilizing spatial filters, two functions for multiscale(MSR) and single

scale retinex algorithms (SSR) are created. If the source image is

grayscale, each pixel’s gray value is changed from an integer (int) to a
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|{h}single scale Retinex (SSR) {c)Multi Scale Retinex (MSR)

Figure 3.2: results of Retinex MSR and SSR algorithms

floating point (float) and then to a logarithmic domain. If the original
image is a color map, each component pixel value is changed from
an integer (int) to a floating point (float) and then to a logarithmic

domain.

2. finally The image is displayed after the log domain has been translated

to the real domain for additional image processing.
3.2.3 Results of Retinex methods
Figure 3.2 shows an image of both MSR and SSR algorithms enhancement
results.

3.2.4 histogram equalization methods

Because of its high efficiency and simplicity, histogram equalization is a
widely used contrast-enhancement technique in image processing. It is one
of the more advanced methods for manipulating an image’s dynamic range
and contrast by changing the image’s intensity histogram to the desired

shape.
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Exemple

Old image New Image

EEREREN

Figure 3.3: Example of the histogram equalization technique
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Figure 3.4: Exemple 2 of histogram equalization

Brightness preserving bi-histogram equalization (BBHE)

The BBHE divides an input image’s histogram H(X) into two sub-images
based on the input image’s mean. Using the input mean X,,, we can now

deconstruct the input image X into two sub-images X and Xy,
X=X, UXypy (3.6)

Then, for the sub-images X; and Xy, define their respective probability

density functions as :

PL(Xg) = n¥ /npwhereK =0,1,2,....... m (3.7)

PU(Xg) = nis /npwhereK =m+1,........ L—-1 (3.8)

Sub images are equalized independently using these transformation func-

tions, and the result of BBHE is a composition of equalized sub images.
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BBHE’s output, Y, may now be expressed as :

Y =Y(i,j) = fL(X) U fu(Xv) (3.9)
dualistic sub-image histogram equalization (DSIHE) :

RLBHE was proposed by Chao Zuo et al, and it is based on selecting a
suitable threshold for histogram equalization and determining upper and
lower bounds for the same [4]. The weighted sum of variances between the
pixel classes is used to determine the best threshold for separating the two

classes of pixels in an image :
o* (Xr) = Wy (E (X1 = B(X))” + Wy (B(Xp) - B(X))  (3.10)

The final image’s mean brightness is essential, as it is not changed by the

technique used. It is expressed as :

L-1
~E(X) =Xy =) Xjp(X)) (3.11)

3.2.5 Experimental results

We have processed many images to show the performance of different his-
togram equalization techniques discussed above. We have selected some
standard images and apply HE, BBHE, DSIHE, methods to evaluate their
performance. the performance is assessed on the basis of absolute mean
brightness error (AMBE), peak signal to noise ratio (PSNR), and structure

similarity index measure (SSIM).

e Absolute Mean Brightness Error (AMBE): The absolute mean bright-
ness error (AMBE) is used to assess how well a processed image retains
its brightness. AMBE is defined as :

(AMBE)(X,Y) = | Xy — Y| (3.12)
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] Image \ HE \ BBHE \ DSIHE \
couple 96.88 | 32.07 | 40.97
einstein 20.67 | 17.23 9.98

f16 52.29 | 0.194 | 18/10

fighterplane | 98.81 | 14.75 | 33.14

fruits 17.99 | 10.03 | 11.24
girl 6.70 | 22.60 | 12.89
house 10.13 | 3.300 14.28
lady 70.98 | 21.20 | 29.21
plene 37.09 | 1.463 | 23.75
tank 21.76 | 18.90 9.64
average 43.33 | 14.17 20.32

Table 3.1: For Mean Brightness Error (AMBE)

e Peak signal to noise ratio (PSNR) : Assume an input image X(i,j)
with M*N pixels and a processed image Y for peak signal to noise
ratio (PSNR) (i,j). We begin by calculating the Mean Squared Error
(MSE) :

St i X (0,5) = Y (. 9)P°

MSE = 3.13
M x N (3:13)
Now peak signal to noise ratio (PSNR) :
(2-1)?
PSNR =10log.q . (3.14)

| Image | HE | BBHE | DSIHE |
couple 7.56 | 13.43 12.14
einstein 15.05 | 15.22 16.06
f16 11.49 | 20.16 15.63
fighterplane | 15.63 | 12.51 33.14
fruits 16.81 | 18.98 18.59
girl 13.31 | 13.60 14.41
house 17.70 | 17.83 17.46
lady 10.16 | 16.20 14.68
plene 10.97 | 13.32 11.66
tank 13.10 | 13.19 14.10
average 12.31 | 15.76 14.72

Table 3.2: For Peak Signal to Noise Ratio (PSNR)
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e Structured Similarity index (SSI) : The structural similarity index is
a tool for comparing two photographs’ similarities. The SSIM index
is a full reference metric, which means that it measures image quality
using an uncompressed or distortion-free image as a starting point.

The structural similarity index is defined as follows:

(2ptapty + C1) (204 + Co)
(12 + pE + Ch) (02 + o2+ ()

SSI(x,y) = (3.15)

] Image \ HE \ BBHE \ DSIHE ‘
couple 0.29 | 0.68 0.61
einstein 0.68 | 0.67 0.68

f16 0.56 | 0.90 0.74

fighterplane | 0.16 | 0.64 0.37

fruits 0.92 | 0.92 0.92
girl 0.30 | 0.38 0.35
house 0.57 | 0.62 0.59
lady 0.61 | 0.87 0.80
plene 0.34 | 0.48 0.37
tank 0.50 | 0.49 0.51
average 0.49 | 0.67 0.59

Table 3.3: For Structure Similarity Index (SSI)
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e Entropy : The entropy is a useful tool for determining how rich the
features in the output image are. is defined as follows:

1-1

Entropylp = = > p(Xx)log, p (Xi) (3.16)

] Image \ HE \ BBHE \ DSIHE ‘
couple 6.42 | 6.25 6.19
einstein 6.89 | 6.75 6.75

f16 6.70 | 6.44 6.60

fighterplane | 5.64 | 5.41 5.54

fruits 7.59 | 7.45 7.43
girl 559 | 5.28 5.28
house 6.50 | 6.26 6.25
lady 7.05 | 6.90 6.90
plene 4.00 | 3.88 3.93
tank 599 | 5.88 5.87
average 6.24 | 6.05 6.06

Table 3.4: For Entropy
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this is some results and comparing booth the image and histograme :

Original Image Equalized Imag

i

Original Image Histogram Equalized Image Histogram

L] 1 10000t

10000 ¢

5000 |
5000t

0 ]
0 50 100 150 200 250 0 50 100 150 200 250

Figure 3.5: input and output of image using histogram equalization
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we have tested images with the BBHE and DSIHE methods , in fg 3.6
and 3.7 shows the results of them

(a) Chigingl Image il HE (e} HEHE (dl IATHE

Figure 3.6: Results of methods tested on the image of ‘Einstein

{c3) Crriginagl Image () HE (cd) DATHE

Figure 3.7: Results of methods tested on the image of ‘Couple’.
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3.3 implimentation and comparesion

The use of histogram equalization techniques and Retinex algorithm-based
techniques for picture contrast enhancement has been completed, with sam-
ple image outputs presented in Figure 3.9/3.10/3.11.

The original photographs taken are shown in figure 3.9/3.10/3.11 (a).
With respect to the algorithms used, the resulting photographs clearly
exhibit the contrast increases. With the limitation of poorly visible features
on photographs, the outputs of histogram equalization algorithms boost
the contrast of the image. This is depicted in figure 3.9/3.10/3.11 images
(b), (c), and (d).

Retinex-based algorithms, on the other hand, increase contrast with
better visible characteristics. Figure 3.9/3.10/3.11’s images (e) and (f)

demonstrate the use of retinex algorithms.

dshe rage

Figure 3.8: (a) Original Image (b) BBHE (¢) DSIHE (d) SSR (e) MSR
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(d)
Figure 3.9: (a) Original Image (b) BBHE (c) DSIHE (d) SSR (e) MSR
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Figure 3.10: (a) Original Image (b) BBHE (c) DSIHE (d) SSR (e) MSR

3.4 implementation environment

3.4.1 Hardware
The experements was carried out in DELL DESKTOP-UB5DHKb5 machine

with the following specifications :
e Memory: 4 GB RAM

e Processor: Intel(R) Core (TM) i5-4310U CPU @ 2.00 GHz, 2.60 GHz,
2 Core(s),

e Operating system: Windows 10 Pro 64 bits

3.4.2 Programming language

For the development of our system, we used the Python programming

language with Opencv,numpy,matplotlib frameworks.
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3.5 conclusion

In this chapter, we implemented the two low-light image enhancing al-
gorithms. Retinex and equalization of histograms, The use of histogram
equalization and retinex algorithm-based techniques results in excellent
contrast enhancement when retinex algorithms are used instead of other
techniques. As a result, the output images shown above are the final prod-
uct. The following are some of the disadvantages of past orderliness: Equal-
ization procedure in BBHE and DSIHE diminishes pixel quality, Variation
in grey-scale image during Histogram, and loses definition on the borders
of objects. All of these flaws are overcome by Retinex algorithms, which

provide improved image contrast augmentation.
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General conclusion

Image Enhancement is one of the most important and complex techniques
in image processing technology. The main aim of image enhancement is to
improve the visual appearance on an image and to offer a better represen-
tation of the image for Computer Vision Algorithms. In this project,we is
covered a few methods of image enhancement with various images like gray
transformation methods, histogram equalization methods, Retinex meth-
ods, frequency-domain methods, image fusion methods, defogging model
methods and machine learning methods. The main objective of this paper
is It is a comparison between two methods and choosing the best method

to low light image enhancement .
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