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Abstract

Image enhancement with edge retention in the presence of outliers and
artefacts is a daunting task in the field of image processing and computer vi-
sion. Inspired by the information processing mechanism in the human retina,
an effective two-pathway image enhancement framework that incorporates
anisotropic diffusion smoothing filter is developed, which aids in the low dy-
namic range image enhancement. The input image is decomposed into two
layers using TV-L1 denoising method into base layer and detail layer and
are sent into two channels, namely, structure pathway and detail pathway,
which processes the low and high frequency information of the input visual
images. In the structure-pathway, a normalization model incorporating the
local and global visual adaptation terms is used, which manifested better
performance in the case of the visual scenes with fluctuating illumination
conditions. Furthermore, the detail enhancement and noise suppression are
achieved in the detail-pathway based on local energy weighting. The out-
puts of two channels are unified and is eventually subjected to Perona Malik
diffusion filter to achieve the low-light and night-time image enhancement.
Experimental results on LDR image dataset called PKUnight corroborated
that the proposed bioinspired image enhancement framework contributes well
to the image enhancement tasks efficiently and outperform the related state-
of-the-art techniques in terms of standard image quality evaluation metrics.
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Chapter 1

Introduction

The nighttime image enhancement plays a pivotal role in many real life appli-
cations. In night time and twilight scenes, due to the low brightness and low
contrast, the features of images such as color, corners, ridges and edges be-
come vague, which resulted in deplored performance of current image process-
ing methods. Effectual and robust nighttime image enhancement techniques
should improve the contrast and the brightness of nighttime image, and also
suppress noise and preserve details of such images. However, contemporary
nighttime image enhancement methods cannot fulfill all the requirements of
users.

Some state-of-the-art image enhancement techniques are able to extract fea-
tures from the original images captured in daytime. However, in nighttime
images, the brightness and the contrast between background and object are
so low that some high frequency information of the images become obscure.
Hence, there is a need to enhance the brightness, contrast and high frequency
details of the lowlight and nighttime images.

Inspired by the retinal information processing mechanisms of the human
visual system, an efficient nighttime image enhancement framework is de-
veloped that models a unified two pathway model incorporating Perona —
Malik diffusion filter. Using such denoising filters can improve the perfor-
mance of current detection methods. In this work, the denoising approach
called anisotropic diffusion filter, also called Perona—Malik model is used,
which aims at reducing the noise content of the image without removing high
frequency components such as edges, lines or other details that are salient for
the elucidation of an image.

The prime focus of traditional image enhancement methods is on adjusting
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the histogram of input images to demonstrate more visual details of an image.
Various types of histogram equalization (HE) such as adaptive histogram
equalization (AHE) [12], bi-histogram equalization (BHE) [13], multipeak
histogram equalisation(MPHE), multipurpose beta optimised bi-histogram
equalisation and contrast limited adaptive histogram equalization (CLAHE)
[14]) aim at adjusting the distribution of histogram by using different regu-
larization terms. Moreover, variational and contextual contrast enhancement
techniques utilize contextual information for nonlinear data mapping of vi-
sual inputs [15]. A contrast enhancement method was developed based on
the layered difference representation of two-dimensional (2D) histogram.

A well known theory, called Retinex theory, assumes that an image can
be decomposed into two main components, i.e., reflectance and illumination
[17].Different versions of Retinex theory such as single-scale Retinex (SSR)
[18], multi-scale Retinex (MSR) [19], multiscale Retinex with color restora-
tion etc. have been developed. A weighted variational model is one of the
most recent development for simultaneous reflectance and illumination es-
timation (SRIE). This model can preserve more details by suppressing the
noises to a certain extent [21].

The common goal of the aforementioned methods is the detail preservation
or even detail enhancement of the visual images.These methods can achieve
fine performance for dynamic range compression of input visual images. The
biological visual system is an efficient system that can improve the quality
of the visual images. Most of the studies have proved that the divisive nor-
malization plays a crucial role in the visual adaptation process [45]. The
divisive normalization serves as a canonical neural computation mechanism
and helps in the visual light adaptation [45], [48]. From the perspective of
human visual system, the retina is considered as the fundamental unit of vi-
sual information processing system. The basic function of retina is to sense
the incident light and sent them to brain as electrical signals [9], [46]. The
human retina has the ability of adjusting the wide range of intensity levels of
scenes to the operating range of the human nervous system. The contribution
of divisive normalization models have shown superior performance in many
image enhancement tasks [49].

Department of Computer Science and Engineering Page 2
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Parallel information processing channels in the retina play vital roles in hu-
man visual processing [51]. The human retina consists of two types of cells,
namely, Midget cells and Parasol cells. The input visual signals are processed
in the retina with two types of cells, i.e., Midget cells and Parasol cells [51],
[52].Midget cells are a type of retinal ganglion cell that helps in the processing
of high frequency information such as details, edges, corners and ridges. Para-
sol cells are also a type of ganglion cells found in primates, which helps in the
processing of low frequency information, for example, long unchanging spaces
and structure of an image.[52] The main difference between Midget cells and
Parasol cells is the midget ganglion cells have smaller receptive fields than
parasol ganglion cells. Moreover, most of the motion related information are
processed in the parasol ganglion cells. In the biological visual system, Mag-
nocellular pathway (M-pathway) and Parvocellular pathway (P-pathway) are
two main channels in the neuronal machinery. In the field of neuroscience
and cognitive psychology, the two-pathway strategy and visual adaptation
with Perona Malik diffusion filter have demonstrated superior performance
compared to the state-of-the-art technologies.

With the advent of modern digital cameras and its increasing usage, the
haze removal of low light and night time images have gained significant at-
tention. Image enhancement has got wide applications in numerous scientific
fields such as agronomy, surveillance, astronomy, medical sciences etc.. Image
decomposition has been used extensively in image processing [56],computer
graphics and computational photography, such as image smoothing [57], im-
age abstraction and detail enhancement.

In this report, the focus is primarily on low dynamic range image enhance-
ment. The common goal of this task is to enhance the details for the better
elucidation of the visual images. In summary, we have developed a novel and
robust bio-inspired two pathway model integrated with anisotropic diffusion
filter for low dynamic range image enhancement. Inspired by the divisive
normalisation models in the image processing tasks, a normalisation model
was used to incorporate the local and global visual adaptation terms. The
use of anisotropic diffusion filter have shown fine performance compared to
the existing methods in terms of numerous quality evaluation metrics.

Department of Computer Science and Engineering Page 3
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The remainder of this report is constructed as follows: Chapter 2 recalls
some related works used as reference for completing this study. Chapter 3
details the process of generating the trimap of a fundus image automatically,
and the proposed hierarchical image matting model. Chapter 4 introduces
the public available datasets and the experimental results. The conclusion is
provided in Chapter 5.

Department of Computer Science and Engineering Page 4



Chapter 2
Related Works

Image enhancement has become an important research field in recent years.
Here, a brief review of the most relevant and best-performing approaches of
various studies and the methods are discussed.

2.1 Nonlinear total variation based noise removal al-
gorithms

Rudin et al.[1] presented a constrained optimization style of numerical algo-
rithm for removing noise from images. The overall variation of the image is
minimized by taking the statistics of the noise. The constraints are imposed
using Lanrange multipliers. The answer is obtained using the gradient pro-
jection method. This amounts to solving a time dependent partial equation
which is determined by the predefined constraints. As the value of t tends to
infinity, the answer converges to a gradual state, which is the desired denoised
image. The numerical algorithm is straightforward and comparatively fast.
The results appear to be state-of-the-art for very noisy images. The tactic is
noninvasive, yielding sharp edges within the image. The technique might be
interpreted as a primary step of moving each level set of the image normal
to itself with velocity capable the curvature of the amount set divided by the
magnitude of the gradient of the image, and a second step which projects the
image back onto the constraint set.

2.2 Structure-Texture Image Decomposition—Modeling,
Algorithms, and Parameter Selection

Aujol et al.[2] explored the various aspects of the image decomposition prob-
lem using modern variational techniques. This work aims at splitting an
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explicit image I into two components u and v, where u holds the geometrical
information and v holds the textural information. The most focus of this
work is to check different energy terms and functional spaces that suit the
various styles of textures. The modeling uses the total-variation energy for
extracting the structural part and one among four of the subsequent norms
for the textural part: L2, G, L' and a replacement tunable norm, suggested
here for the primary time, supported Gabor functions. other than the broad
perspective and our suggestions when each model should be used, the work
contains three specific novelties, the correlation graph between u and v is an
efficient tool to pick out the splitting parameter, a new fast algorithm to un-
ravel the T'V-L1 minimization problem is developed, and the idea and style
tools for the TV-Gabor model is introduced.

2.3 Fast Noise Variance Estimation

John Immerkaer [3] developed a quick and straightforward method for esti-
mating the variance of additive zero mean Gaussian noise in a picture. The
strategy can also be used to provide a local estimate of the noise variance
within the situation in which the noise variance varies across the image. It
requires only the employment of a 3 x 3 mask followed by a summation over
the image or a neighborhood neighborhood. A total of 14 integer operations
per pixel is critical. The tactic performs well for an outsized range of noise
variance values. In highly textured images or regions, though, the noise esti-
mator perceives thin lines as noise.

2.4 Nighttime image enhancement based on image de-
composition

A nighttime image enhancement method based on image decomposition was
proposed by Xuesong Jiang et al. [4]. A nighttime image taken in a low- or
unevenly illuminated environment always has a loss of visibility and is full
of unwanted noise and artefacts. The noise and artefact will also be exacer-
bated as we increase the brightness’s amplitude. As a result, a technique to
nighttime picture enhancement based on image decomposition is suggested.
The input image is divided into two layers: the texture layer contains the
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details, noise, and artefacts, while the structure layer holds the primary in-
formation of the input image. The structure layer is enhanced using a more
effective retinex image enhancement technique. The mask-weighted least
squares method is employed in the texture layer to preserve features and re-
duce noise and artefacts. In the end, these two elements are combined to
produce the desired outcome. The results of the experiments show that the
suggested method can enhance the perceptual quality of nighttime photos
while suppressing noise and artefact without using too much reinforcement.

2.5 Model of retinal local adaptation for the tone map-
ping of color filter array images

Meylan et al. [5] presented a tone mapping algorithm that is derived from
a model of retinal processing. This approach has two major improvements
over existing methods. As with the human visual system, which applies a
non-linearity to the chromatic responses acquired by the cone mosaic, tone
mapping is first applied directly to the mosaic image captured by the sen-
sor. This reduces the number of necessary operations by a factor 3. Also,
a variation of the center/surround class of local tone mapping algorithms is
introduced, which are known to increase the local contrast of images but tend
to create artifacts. This method gives a good improvement in contrast while
avoiding halos and maintaining good global appearance. Like traditional cen-
ter /surround algorithms, this method uses a weighted average of surrounding
pixel values. Instead of being used directly, the weighted average serves as
a variable in the Naka—Rushton equation, which models the nonlinearity of
photoreceptors. This algorithm provides pleasing results on various images
with different scene content and dynamic range.

2.6 Divisive Normalization in Population Codes

Olsen et al.[6] have proved that a normalization occurs during olfactory pro-
cessing in the Drosophila antennal lobe. Researchers have exploited the or-
derly anatomy of this circuit to independently manipulate feedforward and
lateral input to second-order projection neurons (PNs). Lateral inhibition
increases the level of feedforward input needed to drive PNs to saturation,
and this normalization scales with the total activity of the olfactory recep-
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tor neuron (ORN) population. Increasing total ORN activity also makes PN
responses more transient. Strikingly, a model with just two variables (feed-
forward and total ORN activity) accurately predicts PN odour responses.
Finally, it is shown that the discrimination by a linear decoder is facilitated
by two complementary transformations: the saturating transformation in-
trinsic to each processing channel boosts weak signals, while normalization
helps equalize responses to different stimuli.

2.7 A non-local algorithm for image denoising

A. Buades, B. Coll and J.Morel[7] proposed a new measure, to evaluate and
compare the performance of digital image denoising methods. Noise is com-
puted and analyzed for a wide class of denoising algorithms, namely the local
smoothing filters.Also, a new algorithm is proposed, the nonlocal means (NL-
means), based on a nonlocal averaging of all pixels in the image. Extensive
experiments are done for comparing the NL-means algorithm and the local
smoothing filters.

2.8 Image Denoising by Sparse 3-D Transform-Domain
Collaborative Filtering

Dabov et al.[8] proposed a unique image denoising strategy supported by
an enhanced sparse representation in transform domain. The enhancement
of the sparsity is achieved by grouping similar 2D image fragments into 3D
data arrays which are also known as ”groups”. Collaborative Altering may
be a special procedure developed to cope with these 3D groups. This can
be realized using the three successive steps: 3D transformation of a bunch,
shrinkage of the transform spectrum, and inverse 3D transformation. The
result is a 3D estimate that consists of the jointly filtered grouped image
blocks. By attenuating the noise, the collaborative filtering reveals even the
best details shared by grouped blocks and, at the identical time, it preserves
the essential unique features of each individual block. The filtered blocks are
then returned to their original positions. Because these blocks are overlap-
ping, for every pixel, many different estimates are obtained which need to
be combined. Aggregation may be a particular averaging procedure which is
exploited to require advantage of this redundancy. A big improvement is ob-

Department of Computer Science and Engineering Page 8
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tained by a specially developed collaborative Wiener filtering. An algorithm
supported this novel denoising strategy and its efficient implementation are
presented fully detail; an extension to color-image denoising is additionally
developed. The experimental results demonstrate that this computationally
scalable algorithm achieves state-of-the-art denoising performance in terms
of both peak signal-to-noise and subjective visual quality.

Department of Computer Science and Engineering Page 9



Chapter 3

Methodology

In this study, an image improvement architecture is suggested that was
inspired by the parallel pathways in the primitive visual system. In this
work, an image enhancement architecture based on two visual streams, i.e.,
structure-pathway and detail- pathway is developed, inspired by the parallel
pathways in the early visual system. Figure 3.1 provides a summary of the
conceptual design of the suggested model. The first step is to segregate and
send the input visual image into these two parallel routes. In particular, the
structure pathway transmits and processes low frequency information (such
as brightness) and uses visual adaptation mechanisms to reduce the image
luminance to a tolerable level. In the detail-pathway that transmits the high
frequency information, noises are reduced while structural features are main-
tained (e.g., the details and noises). The brightness correction, noise suppres-
sion, and detail enhancement are accomplished by combining the outputs of
the structure-pathway and detail-pathway. Finally, the resulting output is
eventually subjected to an anisotropic diffusion filter to further denoise the
image and to enhance the visual naturalness of an image.

3.1 Pathway Separation with (Global Noise Estimation

Images taken in low light, especially at night, frequently have loud noises.
During the processing of image enhancement, the sounds must be suppressed
or eliminated in order to increase the visual quality of such images. In gen-
eral, directly enhancing a scene’s lighting also intensifies its noises, which will
make noise removal or suppression more challenging. Since the visual path-
ways are distinct, the luminance can be adjusted in the structure-pathway
and the noises have been modified (improved). In the detail-pathway, noise
suppression is accomplished. Biologically, Li et al. [59] discovered that some
cat LGN cells react poorly to the stimulus of widely spaced out dots, in com-

10
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Denoising
using Perona —»
Malik model

Final enhanced
output image

I.(5.9) JRGBPHSV

— Detail pathway

Luminance Adaptation — Structure pﬁth‘v\'a}"

Figure 3.1: The framework of the proposed model inspired by the biological visual mecha-
nisms.

parison to those of the densely spaced out dots (like the scattered dots are
gathered into a line). From the perspective of engineering, denoising can be
accomplished using image decomposition techniques. For instance, the noise
reduction algorithm proposed by Rudin et al. is based on the TV model
[57], which eliminates the noise layer to achieve denoising using image de-
composition based on Total Variation. This work does not remove the detail
layer that the T'V-based system has broken down immediately, but use noise
cancellation and attenuation to details in the detail layer preserving.

We use the total-variation (TV) energy based image decomposition algo-
rithm [2] to divide the input image into two routes. Firstly, it is possible to
think of the input image I (z, y) as the superimposition of the two layers:

Ic(x? y) - Igase(x7 y) + ]dcetail(x7 y) (31)

After that, the base layer is obtained by minimising the following objective
function based on the TV regularisation presented in [2].

mingg S T (.y) = I, 9))” + XV I, y)| (3.2)
(z,y)
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This objective function has two terms. The first is a difference term tailored
to the texture component, which helps to preserve the meaningful structure
[57]. The second term is a regularisation term based on the total variation. It
helps to reduce the amount of details in the image. The operator V stands for
the gradient operator, and the value of \® is set to be 2 times the global noise
estimation (), that is, \° = 2¢°, ¢ € {r, g, b}. Setting \° = 2¢° serves primar-
ily to ensure that noises and a portion of high frequency details (such as fine
edges) are separated into the detail layer. As a result, the detail-pathway can
achieve noise suppression and detail enhancement without being disturbed by
the low-frequency information.

It is possible to calculate the global noise estimation (¢°) using [60].

Cc __ m 1 c
=\ sy 0 e (33)
1 -2 1
Ny=|-2 4 =2 (3.4)
1 -2 1

where * stands for the convolution operator and ¢ € {r, g, b}. H and W
stand for the height and width of the image (in pixels), respectively (I°).
The magnitude (size) of the high-frequency component, which is utilised to
calculate the regularisation parameter in (3.2), can be roughly estimated
using (3.4). The high-frequency component that will be transmitted into the
detail-pathway can therefore be determined using the suggested method in
an adaptive manner.

By figuring out (3.2), we can get the base layer, which contains the primary
structure of the scene. The detail layer can therefore be easily obtained by
subtracting base layer from the original image.

[ccletail('rﬂ y) - [c(x, y) - ]bcase(ajv y) (35)
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Several instances of image decomposition with global noise estimation are
shown in Fig. 3.2. From Fig. 3.2, it is obvious that the base layer primar-
ily contains the brightness information, whereas the detail layer contains the
finer features and noise. As a result, the base layer information will be com-
municated in the structure-pathway, therefore changing the brightness in the
structure-pathway will not exacerbate the noises already present in the detail-
pathway. On the other hand, the noise suppression in the detail-pathway will
be facilitated by the detail layer being isolated from the brightness, as ex-

plained below.
- - b

(a) Images (b) Base Layers (c) D.ct.'ﬁi.l (llﬁisc) II_ETycrs_.

Figure 3.2: Examples of image decomposition with global noise estimation. The numbers
listed in the detail maps are the global noise estimations for the R,G and B channels respec-
tively.

Be aware that from the perspective of image processing, breaking down an
image into different scales is a standard technology, especially in the fields of
image enhancement. Structure-texture decomposition is one technique that
has been frequently employed in image processing [2]. The structure-texture
decomposition was explored in this work, but, from the perspective of the
biological visual system. Additionally, we used global noise estimation for
parameter tuning.

Department of Computer Science and Engineering Page 13
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3.2 Luminance Adaptation in Structure Pathway

In this approach, the structure pathway allows for both brightness adjust-
ment and visual adaptation. It is necessary to convert the base layer of the
given image from RGB to HSV colour space to retrieve the luminance in-
formation, and then extract the luminance information from the V channel.
With little quality loss, this colour conversion has been routinely employed
for image improvement applications [21] - [23].

Some visual photoreceptor response models have been put forth in accor-
dance with the well-known Naka-Rushton (NR) equation, which was created
to fit the responsive curves for the rods and cones in the biological visual
system [48], in order to adjust the luminance of the given image to a reason-
able range. The traditional Naka-Rushton equation has the formula as given
below,

L(z,y)"

R(z,y) = Llz.y)" + o

(3.6)

It defines an S-shaped responsive curve. L(z, y) denotes the intensity of the
visual input. The mean of the S-shape curve on the log input luminance axis
is controlled by the global adaptation factor (a constant denoting the input
light level) in Fig. 3.3(left). The scaling of the global contrast is influenced
by the slope of the S shaped curve, which is controlled by n (Fig. 3.3(right)).
As a result, it is possible to think of visual adaptation processing as the ad-
justment of ¢ and n in accordance with the input visual scenes or the local
areas of the scenes.

A straightforward, yet effective method for visual adaptation is offered by
the traditional NR equation in equation (3.6). This NR equation is, however,
typically ineffective for adjusting to local visual inputs. A global adapta-
tion level (o), especially for nighttime pictures, cannot effectively capture
the local aspects of the significantly variable illumination in various image
regions. The neural responses in the fly olfactory system have recently been
better described by a revised equation that includes a new local term [55].
It should be mentioned that a fly’s vision differs significantly from a human’s.
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Input(log)
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Figure 3.3: The responsive curves generated with Naka-Rushton. Left: the responsive curves
when varying o with fixed n ; Right: the responsive curves when varying n with fixed o.

Normalization, however, may be a canonical neural computation in such a
diversity of visual systems across numerous animals, according to some stud-
ies [45]. This motivates us to change the traditional NR equation in this
study to merge the local and global visual adaptation in a weighted man-
ner.Because the traditional Naka-Rushton equation is a global equation, we
computationally altered the NR equation to include the spatial dependence
in the luminous regulation [45].

Lin(xa y)n
Lin(xa y)n + wl(xa y).O'l(.fU, y)n + wg(x7 y)(o-g)n

Lin(z, y) in (3.7) refers to the luminance channel of the base layer for the
specified image. The local adaptation level (w)(x, y)), which varies with the
local areas of the image, and the global adaptation level (o), which is ap-
proximated from the entire image, are the two components that determine
the visual adaptation level. This technique therefore evaluates the global and
local adaptation terms for an input image first. According to the local bright-
ness of the scene, w ,(z, y) and w ;(z, y) are the weights used to balance the
contributions of the global and local adaption variables.The weights, global
and local adaptation factors, and the modified luminance map (Lyu(z, y))
are computed as follows.

Lowt(x,y) = (3.7)
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First, let us define M,, as the average pixel intensity and S, as the standard
deviation for the luminance channel of the image. Calculating the global
adaptability factor ( o) is as follows:

M,

=9 3.8
% 1+ ws.S, (3.8)

where wy is a variable that regulates how much the standard deviation con-
tributes. We simply trimmed the pixels with values outside of the range of
0.5% 99.5% intensity level in order to prevent the unfavourable influence of
the excessively bright or dark pixels on the mean and standard deviation
estimations.

The global adaption factor denoted as (o) in Equation (3.8), is dependent on
the global mean (M,) and standard deviation (.S,) of the luminance adjusted
map. The outcome is that a darker scene generates a smaller o, which leads
to a higher brightness improvement, and vice versa. For certain situations
with both significant dark and bright sections, or for images with a bimodal
distribution of the histogram, the standard deviation term (S,) is employed
to correct the calculation of the global adaption factor.

When employing merely the global mean, an image with more bright pix-
els would produce a bigger global mean, which would be ineffective for the
dark regions because it would overestimate the global adaption factor. How-
ever, because S, is typically much smaller than 1.0, S, has a minimal impact
on the majority of scenes. Additionally, we may easily eliminate the standard
deviation (5,) term by setting s = 0 for particular situations.

The global adaption term can change the overall luminance of the input
image, but it cannot improve some localised low-light areas, especially when
the dark and bright areas are present in the same scene. Therefore, to further
alter the local luminance of the scenes, we define the term ”local intensity
adaptation”. The global adaptation term constrains the local intensity adap-
tation term, which is a fine-tuning step. The local adaption term (o (%, y))
is defined as
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— ¥ Lm('xay)
7 1+ ws-Sl(xa y)

o(z,y) (3.9)
where Sj(z,y) is obtained by calculating the standard deviation of the lu-
minance channel inside a limited window (for instance, 21 X 21) of the
structure-pathway L;,. The local adaptation factor (w;(z, y)), which works
well to brighten the dark parts and preserve the bright regions, is similar to
the global adaptation factor in that it depends on the local light level and
the standard deviation in the local regions. Keep in mind that, Li,(x, y) is
used as the luminance channel’s intensity, directly rather than calculating the
local mean because Ly, (x, y) comes from the foundation layer, which reflects
the image’s structure and is essentially noise-free.

The updated NR equation (3.7) integrates the global and local adaption
elements, and the weights of the terms are spatially adjusted based on the
local luminance, which is specified as:

wy(@,y) = Lin(,y)" (3.10)

wl(xay) =1- wg(xay) (311)

where, k is a variable that regulates how much each local and global adap-
tation term contributes. In the section on experiments, the impact of k on
the outcomes will be examined. In the equation 3.7, n regulates the slope of
S-shape curves and aids in the improvement of contrast. In this study, the
global contrast enhancement factor is calculated as a related measure to the
global adaption term (g), which is denoted by

n = exp(oy) (3.12)

where n will be between [1, 2.7] approximately because o, has a [0, 1] range.
As seen in Figure 3.4 for the curves with varying n, it is a reasonable range

Department of Computer Science and Engineering Page 17



A Biological Vision Inspired Framework for Image Enhancement

for global contrast scaling. There is an implied limitation that substantial
scaling of the global contrast should be avoided for dark scenes as that could
result in the loss of details in the dark regions given that the estimated global
adaption term (o) represents the light level of the input image.

Additionally, dynamic range adjustment may lessen some local contrast of
some places. Consequently, we create a new local contrast enhancement op-
erator that is optional and supplementary. It is meant for sharpening the
image details using a Gaussian (DoG) filter, which is expressed as

Lout(xa y) = (1 + wdog)-Lout(fCa y) - wdog-(Lout * G) (377 y) (313)
1 —(2? + 9

For this investigation, we chose ¢ = 21 for the night photographs (about 400
x 300 pixels). Additionally, for all trials in this work, we fixed wdog = 0.5.

The increased luminance maps are then subjected to a standard post-processing
step that involves clipping the pixels that are outside of the range [0, 1] and
normalising. The improved luminance map could be used to convert from
HSV to RGB colour spaces to provide the desired outcome. However, it is
discovered that for some photographs with extremely intense light sources,
immediately acquiring the output RGB image converted from HSV (HSV
RGB) may result in an over-saturated appearance. Because of this, a dif-
ferent effective technique is proposed for minimising the color shift when
recombining the luminance values into a colour image, which incorporates an
exponent s to regulate the colour saturation. The final colour image that has
been processed is obtained by

Ogase(xa y) = Lout(xa y) (%) (315)
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where s is a parameter used to adjust colour shift, and in this work, we used s
= 0.6. As a result, the structure-pathway processes the increased base layer.
Several instances of luminance modification outcomes in the structure path-
way are shown in Figure 3.4. Detail — preserved noise suppression are shown
in detail - pathway.

3~  —

Figure 3.4: Examples of luminance adjustment in the structure pathway.

3.3 Detail-preserved noise suppression in detail path-
way

Images taken in low light frequently have severe noise interference, which is
unavoidable, especially when using some poor-quality cameras. Noise sup-
pression is a vital step to increase the visibility of the enhanced nighttime
landscapes. In reality, a number of denoising techniques have been devel-
oped and demonstrated to function well on high resolution daylight photos,
including Non-local Mean [64] and BM3D [65]. There are also other enhanc-
ing techniques for low-light photos that use particular denoising operators as
post-processing to get rid of noises [24]. Denoising, however, can reduce noise
from some low-resolution photos while also obstructing the details.

In order to reduce noise and maintain details of an input image, it is better to
employ noise suppression rather than noise removal. Additionally, noise sup-
pression is incorporated in the detail-pathway, which might somewhat miti-

Department of Computer Science and Engineering Page 19



A Biological Vision Inspired Framework for Image Enhancement

gate the disruption from low-frequency information. High-frequency details
and noises are divided into the detail-pathway using the structure texture
decomposition in (1)—(4). As a result, the assumption that the noise level is
constant over the entire scene is used in order to estimate the local noises.
The local energy of the detail layer can then be used to estimate the local
noise level with reasonable accuracy.

Since the regions with the lowest local energy are typically smooth regions
(like the sky), which mostly include sounds, it is assumed that these regions
indicate the noise level of the image. The combination of the regional specifics
and noises should be present in other places with higher energy, in contrast.

In order to calculate the weights of detail preservation (u¢ (x, y)) with the
local energy of detail layer, we use the formula:

:uc<x7 y) - (’]ccletail| * G)(xa y) (316)

where G(x, y) denotes a Gaussian filter defined in the Equation 3.14, and
x means the convolution operator. A low weight of detail preservation, as
described in (3.16), means that the point (x, y) would be in a smooth zone
that lacks detail and should be suppressed. A extremely high ¢ (x, y), on the
other hand, suggests that the point (x, y) may be located in the areas that
contain details and should be maintained. As a result, the detail-pathway
may achieve our detail-preserved noise suppression by

Ogletail(xa y) = Ofletail(xa y)luc(x7 y) (317)

Examples of detail-preserved noise suppression in the detail-pathway are
shown in Fig 3.6.

It is evident from Fig. 3.6(b) that the detail layer decomposed from a
nighttime image typically has substantial noises, particularly in the smooth
areas, like the sky. The local energy indicated in (16) can be used to accu-
rately estimate the weights of detail preservation, as seen in Fig. 3.6. (c).
Fig. 3.6(d) displays the processed detail maps with detail-preserving noise
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(a) o i (©) (d)

Figure 3.5: The detail preserved noise suppression in the detail layer. a) nighttime images;
b)the detail maps (only the positive values); c¢) the weights of detail preservation based on
local noise estimation; d)the detail maps with detail preserved noise suppression.

suppression, where the smooth regions’ sounds are successfully suppressed
and the structure details (such as the buildings) are well retained.

3.4 Reconstruction of the Final Image

The luminance enhanced map from the structure-pathway and the detail map
with noise suppression from the detail-pathway are obtained once the input
picture has been processed through both the structure-pathway and detail-
pathway. Finally, using the processed base layer and detail layer, the final
result is received by using the formula,

06(567 y) - Ogase(a:? y) + wd‘Occietail(xv y) (318)

where wq is utilised to balance the detail enhancement and noise suppression.
The final enhanced result map of a low-light or nighttime image will then be
obtained by the post-processing steps of pixel clipping and normalising.
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3.5 Denoising using Anisotropic Diffusion Filter

The methodology is based on the idea that the estimation of the pixel in-
tensity increment or decrement in terms of the directional derivatives with
respect to nearby pixels inside an open subset can be used to anticipate the
value of the candidate pixel’s intensity in the near future[56]. In relation
to the pixel in the middle of a 3 X 3 window, the open subset consists of
four neighbourhood pixels along the north, south, east, and west axes. Ein-
stein’s stochastic defence of Brownian motion led to the creation of the pre-
diction equation, a revolutionary mathematical model. Four nearby pixels,
a weighting function, a control parameter, a candidate pixel, and a mathe-
matical model make up the model. An algorithm is produced by translating
the mathematical model. Einstein’s stochastic argument for Brownian mo-
tion served as the basis for the development of the prediction equation, a
revolutionary mathematical model. A candidate pixel, four nearby pixels,
a weighting function, and a control parameter make up the mathematical
model. The algorithm is converted from the mathematical model. The can-
didate pixel’s directional derivatives along its north, south, east, and west
axes are computed for the algorithm’s numerical computation, and a median
estimate of these derivatives is obtained. The median estimate of the di-
rectional derivatives is multiplied by a value to update the candidate pixel
intensity value. For each pixel in the image, this process is repeated. Until
the desired signal to noise ratio performance is attained, the entire method
is iterated n times[56].

With regard to an image pixel (I";;), or the centre pixel, and its four neigh-
bours along the north(1"; ; ;), south(I";;;;), east(I"; 1), and west(I"; ;.;)directions,
the following steps are included in the algorithm given below:

1. Determine the differences in pixel intensities between each surrounding
pixel along each direction and the central pixel to obtain the four directional
derivatives of the centre pixel along the four directions of north, south, east,
and west. The initial row, last row, first column, and last column of an image
can all be processed using pixel padding.

2. Decide which of the four directional derivatives from step 1 has the median
value.
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3.Find the value of the weighting function using the analytical formula given
in the below equation, Using the median value the directional derivatives of
step 2,

g(Med|Ayl] = exp(—(Med[AxI]/K])) (3.19)

4. Choose a suitable control parameter (\) value between 0 and 1, which
provides the best performance for the supplied input image.

5. Locate a scalar value that is the sum of the values from steps 2, 3, and 4.
Add the value from step 5 to the pixel intensity of the centre pixel (I";;) to
obtain the revised pixel intensity value (I"*7;))

7. The same process needs to be expanded to three image planes when dealing
with colour photos.
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Chapter 4

Experimental Results and Discussion

In this section, we will demonstrate the performance of the proposed method
for two visual enhancement related tasks: (1) LDR image enhancement and
(2) HDR scene tone mapping.

4.1 Parameter Setting

We empirically adjusted the free parameters in our model to the following
values: ws = 5.0 in (3.8 and 3.9), k = 0.2 in (10), and wgq = 5.0 in or-
der to assess the performance of the suggested strategy (3.18). First of all,
since Sy is typically much smaller than 1.0, it has a minimal impact on the
majority of scenes. Particularly, when dealing with situations with various
luminance distributions, the contrast-aware estimation of the adaptation fac-
tors in (3.8)—(3.9) improves the robustness. The luminance of the output
scene will be improved for some scenes with larger value of Sy, though, as
increasing S, will result in a decrease in the value of the global term. wy =
5.0.

4.2 LDR image enhancement

In this study, the technique for the LDR image enhancement challenge is
assessed using the PKUnight dataset. PKUnight refers to the subset of the
PKU-EAQA dataset that includes 100 nighttime photographs [59], the ma-
jority of which are 400 X 300 pixels in size. You can obtain this dataset by
visiting https://www.pkuml.org/resources/pku-eaqa.html.

The performance is furthur evaluated with the quantitative metrics called
Tone Mapped Image Quality Index, also called TMQI. TMQI is used to eval-
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uate the perform the LDR enhancement methods although it is designed for
evaluating tone mapping methods.

The output obtained corresponding to the given input image is given the
figure 4.1.

input image

final enhanced result map

Figure 4.1: The input image and its corresponding output image.

Note that a higher value of TMQI score represent better image quality. In
terms of TMQI, the proposed method also obtains acceptable performance.
In particular, the method obtains the best TMQI with the remarkably high-
est value on PKUnight dataset.

Images Without PM model With PM model

low low

high

average

high

average

N-[1-100]-0

0.537349

0.809105

0.708172

0.550330

0.834074

0.743832

N-[1-100]-1

0.665998

0.901645

0.796951

0.654495

0.969100

0.868488

N-[1-100]-2

0.552567

0.898863

0.729353

0.644089

0.933511

0.770076

N-[1-100]-3

0.408134

0.903385

0.749540

0.641650

0.985294

0.887087

N-|1-100]-4

0.673351

0.900509

0.759379

0.631890

0.960573

0.806162

N-[1-100]-5

0.299921

0.822377

0.669526

0.513982

0.863332

0.750932

Table 4.1: Performance of the proposed image enhancement framework on the PKunight
dataset with quantitative evaluation.
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The PKUnight datset consists of 100 images. Each image is captured under
six different illumination conditions. The performance of the model is evalu-
ated by finding the lowest, highest and average values of TMQI of the images
taken under same illumination conditions. Before applying anisotropic diffu-
sion filter, the model shows an average performance of 0.708172 for images
ranging from N-001-0 to N-100-0 ( taken under nighttime). After applying
anisotropic diffusion filter, the performance of the proposed image enhance-
ment framework has increased from 0.708172 to 0.743832.The lowest TMQI
value after applying anisotropic diffusion filter has raised from 0.537349 to
0.550330. Similarly, the highest value of TMQI after applying anisotropic
diffusion filter has shown a significant increase from 0.809105 to 0.834074.
Before applying anisotropic diffusion filter, the model shows an average per-
formance of 0.796951 for images ranging from N-001-1 to N-100-1. After
applying anisotropic diffusion filter, the performance of the proposed image
enhancement framework has increased from 0.796951 to 0.868488. Similarly,
for images ranging from N-001-2 to N-100-2,the model has shown a superior
performance in TMQI.Before applying anisotropic diffusion filter (also called
Perona Malik model), the model shows an average performance of 0.729353
for images ranging from N-001-2 to N-100-2. After applying anisotropic dif-
fusion filter, the performance of the proposed image enhancement framework
has increased from 0.729353 to 0.770076.The lowest TMQI value on applying
anisotropic diffusion filter has raised from 0.552567 to 0.644089. Similarly, the
highest value of TMQI after applying anisotropic diffusion filter has shown
a significant increase from 0.898863 to 0.933511.For images ranging from
N-001-3 to N-100-3,the model has shown a superior performance in terms of
TMQI. After applying anisotropic diffusion filter, the performance of the pro-
posed image enhancement framework has increased to 0.887087.The lowest
TMQI value on applying anisotropic diffusion filter has raised from 0.408134
to .641650. Similarly, the highest value of TMQI after applying anisotropic
diffusion filter has shown a significant increase from 0.903385 to 0.985294.
Similarly, the proposed model is evaluated for images ranging from N-001-4
to N-100-4 and N-001-5 to N-100-5. The results are given in the table 4.1.
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Chapter 5

Conclusion and Future Works

In this work, a biological visual mechanisms inspired image enhancement
framework is studied. In particular, the two-pathway processing can effi-
ciently disassemble the wrapped problems of low-quality images into multi-
ple specific tasks, including luminance brightening, detail enhancing, noise
suppressing, etc. In addition, a global to-local strategy is systematically
employed for luminance adaptation, contrast enhancement and noise estima-
tion. Extensive experiments on different datasets show that this method can
be directly used for nighttime and low-light image enhancement and simply
extended for HDR image tone mapping, and provide quite comparable per-
formance in comparison to the recent state-of-the-art methods, but in a quite
faster way. As an image enhancement method in poor visibility conditions,
this method focuses on improving the visibility of the details especially in
dark or low light regions. Brightening the dark regions may sacrifice a little
the dynamic range of the whole scene, and hence lead to a little loss of visual
naturalness of the processed images. Therefore, as future works, introduc-
ing some more flexible visual adaptation mechanisms is expected to further
improve the visibility of details and the visual naturalness of the enhanced
images.
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