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Abstract

We propose a color vision approach that enables normalizing images based on au-
toencoder technique using deep neural networks. The proposed model consists of
three main different steps: image processing, encoding and decoding. In the im-
age processing part, an efficient image processing method is used to resize acquired
images into a finite image resolution equal to the number of input nodes of an au-
toencoder. Autoencoder comprises encoding and decoding processes. Secondly, the
encoding process based on deep neural networks generates a code of an input image
and finally the decoding process using deep neural networks reconstructs the origi-
nal image from the code generated by the encoder. The autoencoder is trained with
more than ten thousand resized image dataset using convolutional neural networks.
The experimental results verified that the proposed model enables reconstructing
predefined normalized images from original images which can be used in sophisti-
cated color vision applications.

Keywords: Autoencoder, Image Reconstruction, Deep Neural Networks, Color
Vision.
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Nomenclature

The next list describes several symbols & abbreviation that will be later used within
the body of the document

AFE  Autoencoder

CNN Convolutional Autoencoder

MNIST Modified National Institute of Standards and Technology
NIR Near-infrared

PAIN Poisson autoencoder inverting network

PICS Poisson Inverting Convolutions

PSNR Peak signal to noise ratio

SDA Stacked Denoising Autoencoders

UDAFE Underwater Denoising Autoencoder
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Chapter 1

Introduction

1.1 Background

One of the most influential areas of deep learning is the study of images. Images
are easy to create and manage, and they are just the right type of machine learning
data: easy for humans to understand, but difficult for computers. No surprise, the
study of images has played a key role in the development of deep neural networks
for developing such wonderful applications like detecting: vehicle, human or animal,
lane, pedestrians and so on. RGB image files are traditionally and usually used in
CNN training if they are available [1].These features can be used in autonomous
vehicles, surveillance purposes or to observe the citizens and many other purposes.
However, the problem of analyzing an image is variation of light. If the image gets
sufficient light then the analysis is easier than low light. For example, in daytime
the light is brighter than night because of the absence of the sun. To solve this prob-
lem different methods are currently being used for analyzing images by using both
hardware and software implementations. New test to give access to precise knowl-
edge about these perception thresholds of the colour contrasts [2]. There are various
methods using artificial neural networks and image processing for classification and
grading of fruits and agricultural products as reviewed in, where features such as
size, shape, color, texture, etc. are used for grading [3]. Automatic harvesting it is
important to detect color in outdoor condition [4].

To begin with, in 2019-2020, coronavirus (official name Covid-19) is declared as
pandemic due to its highly infectious characteristics. Many developed countries
like the USA, Britain found it difficult to stop spreading the virus whereas South
Korea were able to control the pandemic in its country by using technology like Al
for tracing contact by analyzing surveillance camera footage and quarantine them
immediately [5], [6]. Also, many developed countries use artificial intelligence over
the surveillance camera to measure the speed of the vehicles in the highway and
detect the vehicle number right away. It helps them to punish the suspected driver
almost hundred percent accurately and to ensure road safety as well [7]. Moreover,
early detection of disease such as Parkinson’s disease can be also be done using ANN
and other image processing techniques [8].

However, there are several methods used for detecting an object like R-CNN, YOLO
V2/V3 etc. The problem arises when the sunlight turns dark. Detecting objects



in the dark is a bit difficult for humans as well as the machine. As the machine
is not intelligent as human, it has to be trained or has to be equipped with the
technology to overcome this barrier. As a result, night vision cameras, grayscale
images etc. are used for overcoming the low light image analysis problem. In other
words, enhancement of images amplifies visible light. That makes it easier to see the
pictures. Tiny pieces of light are visible even at the darkest hours. All of this light
may be infrared light that can’t be seen by humans. Night vision goggles capture
all available light using Image Enhancement technology. Instead, they intensify it
so you can actually see what’s happening in the night [9].

However, there are several methods used for detecting an object like R-CNN, YOLO
V2/V3 etc. The problem arises when the sunlight turns dark. Detecting objects
in the dark is a bit difficult for humans as well as the machine. As the machine
is not intelligent as human, it has to be trained or has to be equipped with the
technology to overcome this barrier. Color histogram is one of the important and
widely used features to describe the content of an image [10].The major issues in
object detection are the shape variance, lighting variance and objects’ pose variances
[11].The feed forward neural network is implemented to estimate the transformation,
defined in terms of the translation, rotation and magnification parameters, to align
the corresponding images [12].

As a result, night vision cameras, gray scale images etc. are used for overcoming the
low light image analysis problem. In other words, enhancement of images amplifies
visible light. That makes it easier to see the pictures. It is a challenge to display the
captured scene in an authentic color image [13].Tiny pieces of light are visible even
at the darkest hours. All of this light may be infrared light that can’t be seen by
humans. Night vision goggles capture all available light using Image Enhancement
technology. Instead, they intensify it so you can actually see what’s happening in
the night [9].

Furthermore, the alternative is using what is called thermal imaging. Instead of
searching for the light that things are reflecting, then we are searching for the heat
that they give off. Generally speaking, living objects traveling in the dark would be
hotter than their surroundings; this goes for cars and machines as well. Hot objects
give off infrared radiation, a light-like source of energy but with a slightly longer
wavelength (lower frequency). Creating a camera that absorbs infrared radiation and
converts it into visible light is fairly easy: This operates like a digital camera except
that an image detector chip (i.e., a load-coupled device (CCD) or a CMOS image
sensor) responds to infrared rather than visible light; it still generates a transparent
image on a screen in the same way as a typical digital camera [14].

On the other hand, the acquired photos are distinguished by the presence of noises
under the low light conditions. This induces not only the loss of visual perception
of the image but also the decrease in the rate of detection of objects. Denoising an
image is normally connected to filtering activity. A variety of known methods of
denouncing images exist, such as: Gaussian smoothing model [15], Bilateral filter
[16].Moreover, noises such as speckle and white noise are reduced in hologram re-
construction process[17]. More noise reduction method includes Zhou-Wang wavelet



total variation [18], etc.

Therefore, it is clearly understood that analyzing an image in various conditions
needs various approaches due to lights.Sparseness of light tends to move in more
complex analysis. This research however mainly focuses on intensity of the light by
using an AE which is a kind of deep neural network. That is, any image which tends
to have low light or nearly no light then the model converts the image such that it
fills with full of light like daylight image.

1.2 Research Problem

In this thesis we proposed and demonstrated a color vision approach using deep
neural networks based on autoencoder technique that allows converting real world
images into normalized images to be applied in advanced color vision/color machine
vision applications such as robot vision and other industrial applications.

1.3 Research Objective

The purpose of this research work is to eradicate efforts to do for darkness or low
light. The main goal of this research is to convert an image brighter which can be
found dark or lacking light. The objectives of this research work are:

e To prepare a dataset of images in various lighting conditions.
e To reconstruct an image through a deep neural network.

e To study performance of the proposed and state of the art models.

1.4 Scope and Limitations

Through this thesis paper it has been tried to develop a system which can reconstruct
an image entirely by variation of its color. Reconstruction of image may play a vital
role in various aspects. Many models, algorithms are used to overcome the low light
image configuration. By using this model one can find it useful for not doing extra
hard work. Instead of doing extra hard work of detecting an object from an image
using various models, algorithm for low lighting one can concentrate on other tasks.
However, it is difficult to reverse the work, that is, this model cannot make a bright
image to dark which might be necessary sometimes. For instance, to predict the
gloomy weather how it looks or to portrait an image of how it seems to watch in
the morning or evening. Besides, predicting a dark image is difficult when the moon
shines at night because the night looks a bit brighter than a usual dark night.

1.5 Thesis Report Outline

The rest of the portion of this research paper contains the following. Chapter 2 con-
tains the background study and literature review. It describes the existing works on



this topic and different types of machine learning algorithms. Chapter 3 is method-
ology which describes the structure of our total works. It shows the whole process of
our proposed model with proper diagrams. This portion will contain the information
on the dataset, data preprocessing and feature extraction and classification model.
In chapter 4, results and analysis of our model is discussed. It describes about the
results with confusion matrix and classification reports. This portion will show the
parameters to find out the comparison of our result and also the finding from these
results. Chapter 5 concludes the research work by summarizing our whole work.



Chapter 2

Literature Review

Computer vision deals with the problems that general algorithms fail to deter-
mine.Computer visionis a subfield of artificial intelligence (Al) aimed at understand-
ing still images and video sequences [19].Human eyes are extremely sensitive to light
as we can differentiate various colors. Color constancy models and with the help of
computer graphics models the system can achieve better results compared to human
vision systems.Many challenges still exist in computer vision research area because
of the limited information provided by RGB images [20].Images and videos are usu-
ally encoded by lossy compression methods due to their large memory or bandwidth
requirement [21] However, the retinal system works in a way where color can vary
from person to person in perspective [22]. Computer vision will help us achieve con-
stant success across the domain. The objective of our research lies in proper color
variation determination color illuminance determination with proper co-efficient
with reflectance models and CNN architecture. Pretrained CNN can extract better
features for input images and can reconstruct image for better feature visualization
[23].Color discrimination is the most important factor in object detection and recog-
nition it should be observed in advance computer vision test [24].Computers have to
process visual information in data space formed by the robustly detectable but less
meaningful features such as colors, textures etc [25]. Image reconstruction some-
times becomes a concern for object detection. Stereoscopic techniques are used for
better image reconstruction in 3D images [26]. General images can be reconstructed
using general neural networks.

Human vision of color recognizing and detecting object can be accumulated in the
concept of computer vision system for autonomous vehicles. However, images cap-
tured by a camera are influenced by the chromaticity of illumination [27]. Object
recognition plays a vital role in machine learning, computer vision, and robotics in
the modern technologies [28] Color constancy processing can help as a pre-processing
step to make sure that recorded color of the objects in the scene does not change
under different illumination conditions [29].Various weather conditions such as haze,
fog, smoke, rain will affect the scene analysis and disrupt classification [22]. Datasets
of night and make better use of RGB matrix and color constancy. Red , green and
blue mixture can be seen by human eye [30]. Various physical characteristics such
as illumination, orientation, depth, reflectance, velocity are the parameters upon
which an image of a scene depends on [22]. In this research paper [31], the re-
searchers proposed a method for reducing noise from images with the assistance of



sparse AE. These enthusiasts have done a number of studies to test the efficiency
of the approaches in different scenarios. These authors selected gray images and
gray versions of datasets as their experimental sources and they trained their net-
work with various datasets. The use of neural networks in image processing has
conventionally been limited to its use in image compression or image restoration

32].

In addition, they included multiple noises with various criterions in a significant
number of images in their datasets. In order to fit in various situations they experi-
mented on images with multiple noises in a single image. They trained their model
by testing their datasets included with various noises such as Gaussian noise. In
this paper, they also included Salt noise and Speckle noise in their datasets along
with Pepper noise for comparison. However, after they employed it to a testing
set under another kind of noise that is different from the sort they did not prepare
their model, the function started to collapse. However, they discovered that the
Hybrid image datasets can generate more successful outcomes. The performance is
estimated in terms of peak signal to noise ratio (PSNR) [33] that is a widely used
quality index. The hybrid noise training sets provide a higher value of the PSNR
index absolutely on the maximum of other networks. These researchers found very
strong results for various situations by their method using hybrid datasets to train
the sparse denoising AE. In this important paper [34], these authors presented a
dual AE network model to reduce the noise from images and intensify the low light
condition of images. These researchers merged the convolutional and stacked AEs
to create the paired AE network model and they did their research with the idea
of retinex theory [35]. The principal objective of their designed network model is
to achieve noise reduction and brightness enhancement. In their research, on the
illumination part the stacked AE can be considered as the brightness constraint or
smoothness term. These enthusiasts used convolutional AE to apply the penalty on
the reflectance element to diminish the artificial noise. Their proposed model used
a set of regions of both high and low contrast images to train the neural network.
The stacked denoising autoencoder can be applied to remove noise from images. On
the other hand, the convolutional autoencoder can train by using two-dimensional
structural information. It eliminates the lack of details. Their proposed dual AE can
therefore calculate the raised reflectance with the assistance of convolutionary AE to
minimize the expansion of noise. Since the reduced portion of incoming light brings
the low lighting portion, the over-enhanced reflectance component is very likely to be
obtained since the predicted reflectance is inversely proportional to the illumination
element. They compared their revealed paired AE model to avoid overriding of the
reflectance components with the drawbacks of the variational framework of retinex
method in this paper. Their proposed method can minimize the augmented noise in
the intensified reflectance component by using the convolutional AE for noise reduc-
tion. Moreover, their proposed network model can generate the output equivalent
to input in a self-monitored way of learning that can be achieved by training their
model. Since there is the possibility of obvious difficulty to acquire the pairs of low
and high contrast images they created a collection of data for experiment supported
by pairs of low and high contrast pixels. These researchers proposed a design that
can generate strong results with the assistance of a dual AE model focused on the
theory of retinex without augmentation and saturation. These researchers proposed



this model which can produce the high-quality image in low light conditions for many
applications of image processing for instance visual monitoring system (VMS).

In this paper [36] these researchers worked on UDAE. They tried to maintain the
accuracy and estimated cost to allow real time implementation applying the AE
network on their proposed model. They found it difficult to gather data collection
to train the network as it is difficult to get clear images. They obtained data
from large fish aquariums, different pictures taken from software-processed video
and underwater images that were captured in a nearby distance to artificial light
exposed structure. These authors collected more than fifteen thousand see-through
and distorted images where 7,055 pairs of images were produced and filtered. They
used the CycleGAN generative model [37] for style transferring of images. The
CycleGAN model training took more than one week on 4 NVIDIA TITAN X GPU
devices. After removing the unsuccessful cases 5,194 pairs of images remained. The
limitations of CycleGAN in style transferring was the reason behind the failure
cases. These enthusiasts restored the color of the underwater image applying a
single denoising AE. Their UDAE’s testing on NVIDIA Quadro M5000 took about
one day. They instructed and trained their proposed network model to restore the
color of underwater images. UDAE network was trained to evaluate its simplification
capability on real data for instance underwater videos extracted from social media.
These researchers showed that underwater images can be reconstructed using a
single denoising AE based network and it is easier to use a single AE for real time
implementation. In addition, their network model showed that UDAE can generate
better results for color restoration in images.

In another research paper [38], these authors researched several deep learning archi-
tectures that can be applicable for compressed sensing. They explored their experi-
ment in the area of photon-limited imaging. These researchers applied a stacked AE
and convolutional neural network to implement signal reconstruction. They designed
their proposed model to reconstruct compressed signals assessed with Poisson noise
applying PAIN architecture. They used MNIST dataset to train their model and
uphold deep neural networks following reconstruction methods. In their proposed
model they applied three different deep learning architectures to restore data from
noisy low dimensional images. These authors trained their all three architectures
by using the backpropagation algorithm and they used mean squared error (MSE)
as a loss function. The three architectures they suggested were SDA, PICS and
PAIN. The MNIST dataset has seventy thousand images of handwritten numbers
where they took sixty thousand images for training and took others for testing. The
PAIN and PICS architectures generated far better results than SDA in the area of
compression. They found that PAIN architecture can surprisingly regenerate initial
images with higher intensity. Their experiment showed that the MSE often delivers a
lower MSE value for all three architectures. The proposed model showed that PICS
architecture is more exquisite in figures and while the compression raises, SDA and
PAIN architectures are more resemblance to the PICS architecture. They discovered
that considering overall performance PAIN and PICS networks can generate better
results using MSE as a resulting metric compared to SDAE.

In this relevant research paper [39], these enthusiasts proposed a method for re-



constructing a color image sequence and reducing the noise along with blurriness
from the captured color images. They used near-infrared (NIR) images which are
captured in very low brightness conditions with different time of exposure for test-
ing their network model. In this paper, they presented a system that can capture
the RGB and the NIR images at the same time. They used an RGB camera and
NIR camera in their imaging system to capture RGB/NIR images. The long ex-
posure image of an RGB color model can receive adequate color information. On
the other hand the short exposure NIR image can capture timely changes in the
background. Therefore, their imaging system can gather required information of
the image sequence for reconstruction. These researchers trained their algorithm
with artificial images as well as real images. In addition, they made comparisons
with guided image filtering [40] and Yan’s method [41] that minimize the noise in
color images applying NIR images in their research paper. They received significant
results from this comparison. Their research showed that their algorithm has capa-
bility to reduce excessive noise from color images and reconstruct the images where
other methods did not succeed. They examined their algorithm with the images
with low light background and excessive low light background with long exposure
time. Their experimental result showed that they resolve the critical problem cre-
ated by the very dark atmosphere. There are some drawbacks also in their imaging
system. One of the challenges is to suppress the haze in motion and excessive noise
completely. They suggested selecting optimal control parameters (k) figuring on the
background of the scene. Moreover, they showed better performance by manually
installing the parameters for places where major motion exists. One more draw-
back of their network model is that it utilizes two cameras in order to adjust the
pixel spot between the cameras correctly. If there is a slight difference between the
cameras, their system may struggle to produce appropriate results. These authors
pointed out that using one camera for capturing both RGB and NIR images can be
the approach to overcome this drawback.



Chapter 3

Proposed Methodology

In order to develop a proper efficient reconstruction technique in different color
variations for images, We took pictures in different directions. There were many
different types of objects in these different directions, we worked on the color differ-
ences of those objects. The color of the object varies at different times of the day.
To produce more color variation, five different directions are used. By training these
color variations in the autoencoder, the encoding part resizes the image according
to its model and refers to the bottleneck of the autoencoder. Decoding part then
takes the resized image as input from the bottleneck and produces a normalized
image. Each layer uses different activation functions which are ReLu and Sigmoid
to validate the image as output in the corresponding layer. In the following sections
the working flow of the autoencoder is discussed consecutively.

3.1 Structure of Proposed Model

Figure 3.1 illustrates the proposed model. The proposed model consists of two
main techniques: image processing and autoencoder. The image processing includes
image resizing and color space conversion. The autoencoder is composed of two
different processes: encoding and decoding as shown in Figure 3.1.

r—-— — — — "
| Autoencoder |
r - — — — " r—— - — A
- . I
lImage Acquisition| | Image Preprocessing | oo
| | | | Layer |
Input Color | |
| | Image | | sSpace Output
| (Raw I—P' Resize Conversion l—PI |_> (Normalized
Image)
| | | BRtoRGE | | | Image)
Decoding |
R | Lo 1 Layer |

Figure 3.1: Structure of proposed model



3.2 Image Acquisition

Image acquisition defines the first part of the model where the image dataset is
collected in raw image format with a pixel value of 1920 x 1080 pixel. For the re-
search purpose a unique dataset has been generated. Generally, it is very difficult
to accumulate stable images for a scenario where we can speculate the same image
for different lighting conditions. Moreover, open source datasets contain various
anomalies such as lack of ambient lighting, proper angle variation, time definition
and pure RGB distribution. As time dimension, sunlight and defined angle distribu-
tion was important in order for our model to be trained and tested properly based
on our autoencoder structure. Therefore, creating a unique dataset provided an op-
portunity to properly define the problem domain and work accordingly. Our dataset
consists of 10,000 images shot in 5 different angles with equal distribution of 1000
in each angle. The dataset is divided and collected based on 5 different positions. A
device is used which is xiaomi yi lite 4k camera to capture the images. This camera
can produce images with wide angles, sharp images and provide eye-view images.
On the day of the collection of the dataset the highest recorded temperature was
31 degree Celsius and lowest recorded temperature was 23 degrees Celsius in that
particular zone. Lighting conditions and temperature are correlated weather condi-
tions. Therefore, temperature plays an important role in dataset collection as sun
and cloud can affect the amount of light that can be refracted and reflected from the
image to be captured on the image. Moreover, time and lighting condition are also
correlated factors. In the context of Bangladesh, this dataset was collected from 9
am to 4 pm. The timing dimension affects our dataset collection as it will be diffi-
cult to train the initial dataset if they are collected before sunrise and after sunset.
The images are in 1920x1080 pixel (2073600 pixel) format. Wind conditions can
add a lot of noise in an event of collection of an image. Wind conditions during the
collection of the dataset were stable. Unnecessary objects that have a lot of vibrant
colour was avoided as it could potentially give us a color value which can cause
a spike on RGB histogram resulting in dominance of one colour over the training
time-frame. And this could also lead to better training in one colour dimension and
under performing results in another colour dimension. The dataset is labelled into
two categories afternoon and noon. Each of the categories consists of 5 different
angles to speculate the difference of lighting condition. Our dataset consists of 1000
images per angle. The model has made a validation split of 10% and trained 80%
images and used 10% images as our test images. This distribution was made to
avoid overfitting of data as RGB values can overlap during the AE training.

3.3 Image Preprocessing

Due to hardware limitations our images are resized into two different pixel dimen-
sions 148 x 196 and 380 x 420 pixel size where we have mainly shown the results
for 380 x 420 pixel to validate our theoretical approach. After the initial resizing
of the image later part contains the image color space transformation of BGR to
RGB. This approach is taken in this model due to the image importing mechanism
of OpenCv. OpenCV generally imports images in BGR format due to its unique
importing feature. However, our problem domain mainly involves the computation
on RGB features. Therefore, we have opted to use the inbuilt feature of OpenCv
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architecture to convert to RGB color space. During this process it is important
to make sure during the conversion that our image values do not change. There-
fore, it was checked for every image if the conversion was made successfully as the
conversion process only transfers values of one array to another.

3.4 Autoencoder

An autoencoder is a technique which attempts to rebuild its output as much as close
to its input. It has mainly two parts such as encoding and decoding. Figure 3.2
represents the detailed workflow of the autoencoder and its processing in our model.

Encoded layer1 Decoded layer1

64 conv 16 conv
3x3 3x3

Decoded layer2

Y Encoded layer2 v
Input
32 conv 32 conv Output
3x3 3x3
Latent View
A 4 v
16 conv
64 conv
3x3
3x3
Encoded layer3 Decoded layer3

Figure 3.2: Workflow of autoencoder

3.4.1 Encoding layer

Figure 3.3 shows a part of an AE where it learns how to reduce the input dimensions
and converts the input into lower-dimensional code gradually.Here, encoding layer
works by encoding multiple or single layer encoding layers which are also basically
known as convolution layers. Encoding layer consists of three encoding convolutional
layers. Our model works by running max pooling layer after each encoding layer.
Third encoding layer sends the output of the third layer to the bottleneck layer.
This part of the model compresses the image by taking the significant features of
our image.In our encoding architecture convolution layer is used to learn colour
drops and colour value of an input image. We have used three encoding layers in
our encoding architecture. In our first encoding convolution layer we have used 64
filters with a weight matrix of 3x3 dimension. In our second encoded layer 32 filters
are used with a weight matrix of 3x3 dimension. In our third layer 16 filters with
3x3 dimension weight matrix are used. The third maxpool layer is our latent view
which is the final layer before the decoding layer starts.
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Figure 3.3: Architecture of encoding in proposed model

3.4.2 Bottleneck layer

Bottleneck layer also known as latent view layer represents the final reduced di-
mension of the input image which was provided in the input part of the image. In
our bottleneck layer represents three hidden layers. Due to the complexity of our
training we have used three hidden layers as it could provide more depth to our final
output. RGB image is quite a complex domain as it has its own 256x256x256 pixels
which represents approximately 16.8 million colour combinations. As convolutional
layers operate on feature maps with two spatial axes which are height, width and
depth. For our problem domain we have used 3 as the dimension of depth axis
because our images and our problem domain mainly focuses on red, green and blue
images. Therefore, our output layer is 3D form tensor.

3.4.3 Decoding layer

Decoded layer works by performing the final stages of convolution operation. Figure
3.4 represents, the image’s dimensionality increases and the image is resized to
the original input image. Upsampling is used to increase the image dimensions
with learnt features everytime the model runs. The Decoding layer consists of
three decoding layers. Third layer’s output determines the final output which is
the normalized image in this model. In decoding architecture, we have used three
decoding layers. In the first convolution layer we have used 16 filters with a weight
matrix of 3x3. Second and third convolutional layer we have used 32 and 64 filters
respectively with a weight matrix of 3x3. In our decoding architecture we have used
up sampling by using a 2x2 filter after convolution layer. Stride 2 is used to maintain
the ratio of max pooling. It helps to reconstruct images.

/
/V

Latent View \

Decoding Layer 1 Decoding Layer 2 Decoding Layer 3

v

Figure 3.4: Architecture of decoding in proposed model

Output: The output of the suggested model depicts the output image in size of 380 x
420 pixel. This output is in RGB format. The resultant output that we obtain is of
the opposite timeframe than the input timeframe. For instance, if we give an image
of an afternoon lighting condition, our model provides output for an image of a noon
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lighting condition. The model provides output for corresponding angles.RGB values
can change depending on color of lighting condition as color space is a primary fac-
tor in learning the outcome of our model. Lighting condition is a primary concern
for the image to produce an effective output. RGB values can change depending on
color of lighting condition as color space is a primary factor in learning the outcome
of our model. Therefore, a normalized image is obtained in our model.

This proposed model is defined by an encoding and decoding architecture with
several convolution layers. Our model uses a structure of AE which followed the
rigorous training and testing of our own dataset. Our model can generate two
kinds of output depending on the input. One output defines the afternoon lighting
condition and another output defines the noon lighting condition. 2D maxpool is
used in our model to sample the input image so that assumptions of feature can
be made conveniently. We have used a 2x2 filter that will be used upon the input
layer after every convolution layer stride value 2 is used for smooth movement from
images. Max Pooling will help our model in better extraction of sharp and smooth
features. Figure 3.5 depicts the pooling layer structure for the third encoded layer
and first decoded layer.

Maxpool2D Latent UpSampling2D
2x2 View 1 2x2

Figure 3.5: Maxpool and upsampling architecture

3.5 Activation Functions

The proposed model has used Relu (Rectifier Linear Unit) activation function in
all the layers except the output layer where this model has used sigmoid function.
Relu is used in processing part of our model as it helps this model for interaction
effects and non-linear effects. Relu in accordance with the bias term makes this
model more efficient as it is a monotonic function. It makes this model faster for
taking less time to train and run. Vanishing gradient problem is not faced by the
ReLu activation function. It converges faster than other functions. We didn’t have
to rely on leaky Reliu as there is a lack of negative value in the RGB domain and
it would leave a detrimental effect on our model. As we have no negative value
in the RGB domain its sparse feature will make it by ignoring for a false negative
value. ReLu is mathematically defined as y=max(0,x) [42]. The Figure 3.6 depicts
the ReLu function graph.

Sigmoid function is used in the output layer of our architecture to avoid unnecessary
changes of output over minor changes to input and integrity of our architecture.
Formula for sigmoid function. Having only to work on the color features of our
model in RGB format and basic underlying features we can get a good grasp on our
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Figure 3.6: Graph of ReLu activation function

output due to sigmoid function. If a value is far from the original value sigmoid
function makes it possible to relate that value to the original value to reduce the
deviation between the input and output values. This feature in contrast to our AE
model works well to maintain the features of our original images while training and
validation split. After the successful training of model results are well distributed
for the use of sigmoid activation function ¥ = H% [43]. The Figure 3.7 depicts
the sigmoid function graph.

0.5

0.0

A
y

Figure 3.7: Graph of sigmoid activation function

3.6 Adam Optimizer and Cross Validation

Adam (Adaptive Moment Estimation) optimizer is used as it is a stable optimization
algorithm for computer vision image processing. It is used in our model to update
network weights iteratively based on training data. Moreover, Adam optimizer used
both the benefits of RMSProp and Momentum. Here, updating of parameters is
invariant to rescaling the gradient. Stationary objective is not required by Adam
Optimizer. Annealing of step size is done naturally. For epoch we have used two
different epochs to determine whether variation of epoch creates a difference in
training and validation of our data. We have used standard validation of .1 to
properly fine tune the model hyper parameters. Therefore, cross validation is used
in our model to avoid overfitting and underfitting. Furthermore, we have used 20 as
our batch size. This descent hyper parameter defines the number of samples that
our model works through before updating the internal model parameters.
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3.7 Dataset

For this research purpose an unique dataset has been created. Generally, it is very
difficult to accumulate stable images for a scenario where we can speculate the
same image for different lighting conditions. Moreover, open source datasets contain
various anomalies such as lack of ambient lighting, proper angle variation, time
definition and pure RGB distribution. As time dimension, sunlight and defined angle
distribution was important in order for our model to be trained and tested properly
based on our autoencoder structure. Therefore, creating a unique dataset provided
an opportunity to properly define our problem domain and work accordingly. The
dataset consists of 10,000 images shot in 5 different angles with equal distribution
of 1000 in each angle.

3.7.1 Data Cleaning

To make a clean dataset of clear images of stable RGB distribution blurry images,
unusual noise distortion images with moving objects such as birds and humans
were removed. The images which were out of focus were removed to maintain the
integrity of our training and testing methodology. Moreover, images with almost
similar RGB values were cleared of our dataset to avoid training of similar images
more than one time. Further, more than 10% images of our initial collection with
overexposed ISO were removed from our dataset. Excessive zooming of background
was avoided to maintain 100% of original images to avoid import loss.

3.7.2 RGB Color Space Distribution

In the model dataset as there are two time zones that have been chosen for this
research purpose, this methodology provides the RGB distribution for the respective
images. In Figure 3.8 section (a) and section (b), it has shown the RGB histogram
for angle 5(W) sample image of afternoon time frame. In section (c) and section (d),
it has shown RGB Histogram for angle 5 sample image of noon time frame. These
Figures depict a random sample of images of their RGB distributions.
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(b)

(d)

Figure 3.8: Image and histogram representation for 1920 x 1080 pixel size image
for two different time frame (a) original sample image of afternoon time frame (b)
histogram representation of image in first section of afternoon time frame (c) original
sample image of noon time frame (d) histogram representation of image in third
section of noon time frame.

16



3.7.3 RGB vs HSV Color Space

Following Figure 3.9 represents a 3D scatter plot for RGB and HSV values. HSV
value represents a different color space than RGB. It consists of Hue, saturation and
value. These diagrams are represented to get an in depth idea about our dataset.
These are sample images randomly taken from our dataset and a random selection
of angles. To avoid redundancy of visualization the model has opted to only provide

a sample 3D scatter plot.

250
200
150 Blue
100

75 100
Hue 125150 155 0

(d)

Figure 3.9: RGB vs HSV Color Space representation in 3D scatter plot for original
image in 1920 x 1080 pixels in Figure 3.8 (a) RGB scatter plot for original image
of the first section of Figure 3.8 (b) HSV scatter plot for original image of the first
section of Figure 3.8 (c) RGB scatter plot for original image of the third section of
Figure 3.8 (d) HSV scatter plot for original image of the third section of Figure 3.8.
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3.7.4 BGR to RGB Conversion

Opencv platform is used in this model. Also, for importing images to minimize any
import loss of image. However, Opencv loads in any given image in BGR (Blue-
Green-Red) format. Therefore, This model has used Opencv’s built-in one of the
150 color space conversion methods. Here, BGR2RGB method is utilized to import
images directly to RGB format without losing my value. In this part of data pre-
processing, we have converted the BGR image to RGB as OpenCv loads images in
default BGR format. It does not alter the image format nor the RGB distribution.
It has converted all of the dataset into RGB format before loading into this model.
Figure 3.10 depicts the transformation of an image from BGR color space to RGB
color space for a sample image of noon time frame setting.

(a)

Figure 3.10: an original image in the noon from two different color space (a) BGR
color space of the original image (b) RGB color space of the original image

3.7.5 Image Resize

We have created our dataset in Full HD format which has a pixel value of 2073600
(1920x1080). However, due to hardware limitations we had to resize our image into
a smaller image size. Moreover, we have used two different pixel values that are
148x196 (29008) pixels which is 380x420 (159600) pixels to show that with higher
pixel value better results can be achieved. With two different pixel ratios, different
conditions and outcomes of our model can be determined through plotting. We have
trained our dataset for two epochs for each pixel ratio so that we can determine the
variation in our training environment.

Benefits of Using Autoencoder in the projected problem scenario:

Data-specific: An AE is only capable of compressing data similar to what they are
trained on. An AE is not similar to a standard data compression algorithm like
gzip as it learns specific features for a given specific set of data. An AE trained on

handwritten digits can not compress it to landscape photos.

Reconstruction Loss: It is a method that measures how well an AE is performing
and difference between the input and output.Then the model attempts to minimize
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the reconstruction loss using backpropagation method.

Unsupervised: Training an AE is not that much complex. As it is an unsupervised
learning technique this is why an AE doesn’t require explicit labels to train on. An
AE creates its own label to get trained on a specific set of data. It can be called
self-supervised learning.

An AE is primarily a fully connected layer, through this layer input construct the
bottleneck layer or the code. This is mainly the encoder. The decoder part is also
an ANN architecture which constructs the output from the bottleneck layer. The
output should be identical to the input. Actually encoder and decoder are the mir-
ror image of each other, but this is not a must. The only compulsory requirement
of an AE is to have the dimensionality of the input and result must be similar . The
middle part can be fixed with trial and test basis.

Here comes the hyperparameter part of the AE. Hyperparameters are the variables
which signifies the network architecture and the variables which tells how the net-
work is trained. In this case, the network structure is the number of layers or
number of nodes per layer and the variables are loss function, learning rate, number
of epochs etc. Primarily, There are four hyperparameters that is needed to define
before training an AE.

Code size: Quantity of nodes in the mid point layer or the bottleneck layer. Smaller
size results in more condensation.

Quantity of nodes for each layer: The quantity of nodes per layer reduces with ev-
ery subsequent layer of the encoder, and heightens back in the decoder. Also the
decoder is uniform to the encoder in the structure of layers. As determined above
this is vital and we have total dominance over the parameters. Using a number of
hidden units lower than inputs forces AE to learn a compressed approximation [44].

Loss function: There are few loss functions in the neural network. Such as mean
squared error (mse), binary cross entropy. If the input values are in the range
between 0 and 1, the cross entropy can be used, otherwise the mean squared error
is used.
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Chapter 4

Results and Discussion

The output of this model is not resized to 1920 x 1080 pixels due to the fact that
the model mainly works on the resized image of 380 x 420 pixels and 148 x 196
pixels as input and runs the autoencoder model to eventually train and validation
test in resized image size. Hence, fully scaling the output image to original image
size which is 1920 x 1080 would stretch and make false RGB values. RGB value
would further deteriorate as the model is making a huge amount of scaling back to
the original image and we would get a distorted image in output. Therefore, due
to hardware limitations of eventually training and testing 1920 x 1080 pixels the
method has to work with smaller image sizes of 380 x 420 and 148 x 196 pixels to
train and test this model. In Figure 4.2 the result for 380 x 420 pixel represents the
output due to the fact that this model works better for higher pixel ratio. However,
the proposed methodology has also trained and tested this model for a smaller pixel
148 x 196 to represent the fact and compare that this model works better for larger
pixel proportions which is represented in Figure 4.3 for smaller pixel. A particular
aspect ratio of 148 x 196 and 380 x 420 pixel is chosen for the convenience of this
model to produce better output as pixel sizes maintain a distinctive pattern of
RGB values. This model has verified and defined different aspects through cardinal
directions which includes in Figure 4.1 the directions of north, south, east and west.
The model is completed to objectify the difference of lighting conditions in various
directions due to the sun.

angle-1
angle-2 E

SE NE
angle-3
S N
A NW
SW

angle-4 w
angle-5

Figure 4.1: Cardinal directions defining our angles

a. Original Image: This section represents the raw data that were originally obtained
as part of our dataset in 1920 x 1080 pixel ratio. Section (a) of Figure 4.2 and
Fig 4.3 is segmented in five different angles which are labeled as angle 1, angle 2,
angle 3, angle 4 and angle 5. These images are clicked in an afternoon environment
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which according to Bangladesh time zone represents the reduction of overall lighting
condition and eventually leading to sunset (dark lighting condition as dark is also
a color spectrum in RGB color space). According to the section (a) we can see
that angle 1 has the most vibrant color setting whereas angle 5 has the least color
vibrancy.

b. Resized input image: section (b) in Figure 4.2 and Figure 4.3 represents the
resized image ratio before being loaded into the AE model. This section represents
the reduction in pixel size to 380 x 420 and 148 x 196 pixels for Figure 4.1 and Figure
4.2 in the afternoon in contrast to the original image. The section also contains 5
angles as the previous section (a) and these images are fed into the first encoding
layer of our architecture for the training to start. Here, we have chosen afternoon
images as input to show the effectiveness of our model as according to general color
space problems it is easier to reduce the lighting condition of an image. Whereas it
is difficult to increase the lighting condition of an image to make it as close to the
original image of an noon setting. Therefore, we have chosen to show the output of
noon setting of images with given input of afternoon images.

c. Output image: This section contains the images that are output images. In
Figure 4.2 and Figure 4.3 the output of the images are differentiated by 5 angles.
The results we get from training our model are in the Noon setting here. Noon
setting represents a more vibrant lighting condition which is basically before 12 pm
according to Bangladesh timezone. Here, we can differentiate the difference between
afternoon angle 3 image in section (a) which is input image and noon angle 3 image
in section (b) which is the output image. Lighting conditions can also be noticed
under different angles of section (a) and section (b). The output here is represented
in 380x420 for Figure 4.2 and 148 x 196 pixel size Figure 4.3.

4.1 Experimental Results for two different image
dimensions with five different angular images
as test inputs

The model has tested two different image spaces with five angular images as test
inputs. The experimental result shows that images with resolution provide recon-
structed image output with higher quality. Figure 4.1 shows original input images,
resized input images and reconstructed output images using the proposed model
with the resolution of 380 x 420 pixel whereas captured images are with resolution
of 1920 x 1080 pixel. Both for training and testing we used resized images as input
to autoencoder technique.

Similarly, we tested the proposed model using the images with lower resolution, 148

x 196 pixel both for training and testing. Figure 4.2 and Figure 4.3 presents the
results of this experiment for both pixel 380x420 and pixel 148x196.
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a) Original Image (1920 x 1080p, Afternoon)
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angle 1 (E) angle 2 (SE) angle 3 (S) angle 4 (SW) angle 5 (W)

(b) Resized Input Image (380 x 420p, Afternoon)

angle 1(E angle 2 (SE) angle 3 (S angle 4 (SW) angle 5 (W)
(c) Output Image (380 x 420p, Noon)

Figure 4.2: Sample results of proposed model for 380 x 420 pixel (a) original test
input images from five different angles (b) resized input images from the original
images (¢ ) reconstructed output images from afternoon images to noon images.
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(a) Original Image (1920 x 1080p, Afternoon)
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angle 1 (E angle 2 (SE) angle3(S) angle4(SW) angle5(W
(b) Re5|zed Input Image (148 x 196p, Afternoon)

angle 1(E) angle2(SE) angle3(S) angle4(SW) angle5 (W)
(c) Output Image (148 x 196p, Noon )

Figure 4.3: Sample results of proposed model for 148 x196 pixel-(a) original test
input images from five different angles (b) resized input images from the original
images (c) reconstructed output images from afternoon images to noon images.

22



From Figure 4.2 and Figure 4.3 this can be observed that the more resolution input
dataset provide the higher quality reconstructed output images can be obtained.
Moreover, the histogram and other analysis is presented in the Result Analysis
subsection.

4.2 Result Analysis

Images and figures represent the analysis and visualization of our model. The anal-
ysis of our results provide validity to the proposed.

4.2.1 MSE Representation for Lower Epoch

MSE represents mean square error during the training and validation testing period.
It shows the squared estimation between the actual and estimated value. Here, the
model has shown MSE representation for lower epoch which is 20. The following
graphs (Figure 4.4. and Figure 4.5) show mean square error for angle 1 and angle
5. Angle 1 and angle 5 represent east and west direction respectively.

400 —— 3830x420
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Figure 4.4: MSE vs Epoch graph for anglel(E) from afternoon to noon.
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Figure 4.5: MSE vs Epoch graph for anglel(E) from noon to afternoon.

This epoch graph determines the training difference between different pixel sizes of
380 x 420 and 148 x 196. In both the above figures it has shown representation for
20 epochs and its corresponding mean square error. Here | this can be seen that
with increased epoch our model’s error is decreasing. The curve almost flattens and
remains the same after the fifth epoch in terms of Figure 4.5 in the noon to afternoon
training whereas there is a sudden increase and decrease of MSE in Figure 4.4 for
pixel value 380 x 420.
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Figure 4.6: MSE vs Epoch graph for angle5(W) from afternoon to noon.
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Figure 4.7: MSE vs Epoch graph for angle5(W) from noon to afternoon.

Figure 4.6 and Figure 4.7 shows MSE(mean square error) vs epochs graph is shown
for the training domain of Afternoon to Noon(angle 5) and Noon to Afternoon(angle
5) respectively. Here, angle 5(W) represents the west direction. This epoch graph
determines the training difference between different pixel sizes of 380 x 420 and 148
x 196. In both the above figures we have shown representation for 20 epochs and its
corresponding mean square error. Here , it can be seen that with increased epoch
this model’s error is decreasing. The curve almost flattens and remains the same
after the seventh epoch. In Figure 4.7 MSE is higher for 380 x 420 pixels rather
than 148 x 196 due to the higher amount of RGB processing per pixel domain.

4.2.2 MSE Representation for Higher Epoch

MSE represents mean square error during the training and validation testing period.
Here, it has shown MSE representation for higher epoch which is 40. The following
graphs show mean square error for angle 1(E) and angle 5(W).

150 —— 380x420
pixel

— 148x196
pixel

100

rors

50

(R

10 20 30 40

Epochs

Figure 4.8: MSE vs Epoch graph for anglel(E) from afternoon to noon.
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Figure 4.9: MSE vs Epoch graph for anglel(E) from noon to afternoon.

Figure 4.8 and Figure 4.9 MSE(mean square error) vs epochs graph is shown for
the training domain of Afternoon to Noon(angle 1) and Noon to Afternoon(angle 1)
respectively. This epoch graph determines the training difference between different
pixel sizes of 380 x 420 and 148 x 196. In both the above figures it is a representation
for 40 epochs and its corresponding mean square error. Here , this is shown that
with increased epoch our model’s error is decreasing over the epoch iterations and
almost flattens for Figure 4.9. In Figure 4.5 380 x 420 pixel has a higher MSE
than Figure 4.9 due to higher image values needed to process. Moreover, it also
determines that due to difficulty to generate lighting conditions similar to that of
afternoon more computation is needed where output image is of noon time frame
with a higher light intensity Figure 4.8.
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Figure 4.10: MSE vs Epoch graph for angle5(W) from afternoon to noon.
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Figure 4.11: MSE vs Epoch graph for angle5(W) from noon to afternoon.

On the other hand, In above Figure 4.10 and Figure 4.11 MSE (mean square error)
vs epochs graph is shown for the training domain of Afternoon to Noon (angle 1)
and Noon to Afternoon (angle 1) respectively. This epoch graph determines the
training difference between different pixel sizes of 380 x 420 and 148 x 196. In both
the above figures we have shown representation for 40 epochs and its corresting
mean square error. Here, it can be observed that with increased epoch our model’s
error is decreasing over the epoch iterations and almost flattens for Figure 4.11.
In Figure 4.10, 380 x 420 pixel has a higher MSE than Figure 4.11 due to higher
image values needed to process. The later figure is more linear due to the fact
that more information is needed to process when converting an image to higher
intensity lighting condition values. Therefore, the higher pixel value has also the
higher amount of MSE corresponding to the epoch variation in Figure 4.10.
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4.2.3 RGB Histogram

RGB histogram is a way of representing an image in pure red, green and blue color
space. This methodology has shown the RGB histogram for 380 x 420 pixels and 148
x 196 pixels in Figure 4.12 and Figure 4.13 respectively. These histograms represent
the color reproduction capacity of the proposed model. Here, angle 3 represents the
south direction.

(d)

Figure 4.12: RGB histogram for 380 x 420 pixel original and output image noon
time frame for angle 3(S) direction (a) Original resized image of 380 x 420 pixel (b)
Histogram of original resized image (c) Output image in 380 x 420 pixel on given
input of afternoon angle 3(S) direction (d) Histogram of resized output image in 380
x 420 pixel.

Figure 4.12 section (a) depicts the original resized image size of 380 x 420 and
its RGB histogram in the right image in section (b) for angle 3 in noon lighting
condition. In section (c) depicts the output image size of 380 x 420 pixel and its
RGB histogram on the right for the image in noon lighting condition for section
(d). This representation helps us understand that after giving the input image of
afternoon for angle 3(W) the output is quite similar to the original image of noon
angle 3. Here, the original image that was used to train our model is the image
represented in section (a). On completion of training of our model after giving an
input image of afternoon time frame setting for angle 3(S) this research gets an
output for noon angle 3 time frame lighting condition and similar features for RGB
values. RGB histograms help us utilize the condensation of values to determine the
visual accuracy of our model. Between the histogram of section (b) and section
(d) that can be seen slight change in spikes of RGB values which show that after
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giving input image for afternoon time frame setting (angle 3) which get an output
image of noon time frame condition(angle 3) which has similar characteristic with
the original noon time frame condition and setting (angle 3).

(d)

Figure 4.13: RGB histogram for 148 x 196 pixel original and output image noon
time frame for angle 3(S) direction (a) Original resized image of 148 x 196 pixel (b)
Histogram of original resized image (¢) Output image in 148 x 196 pixel on given
input of afternoon angle 3(S) direction (d) Histogram of resized output image in 148
x 196 pixel
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Figure 4.13, section (a) depicts the original resized image size of 148 x 196 pixel
and its RGB histogram in the right image in section (b) for angle 3 in noon lighting
condition. In section (c¢) depicts the output image size of 148 x 196 and its RGB
histogram on the right for the image in noon lighting condition for section (d). This
representation helps to understand that after giving the input image of afternoon
angle 3(S) the output which has RGB edges to the original image of noon angle 3(S).
Here, the original image that is used to train our model is the image represented
in section (a). On completion of training of our model after giving an input image
of afternoon time frame setting for angle 3 we get an output for noon angle 3
time frame lighting condition and we get different features for RGB values. RGB
histograms help us utilize the condensation of values to determine the visual accuracy
of our model. Between the histogram of section (b) and section (d) which indicates
large change in spikes of RGB values which show that after giving input image
for afternoon time frame setting (angle 3) the output image of noon time frame
condition(angle 3) which has similar characteristic with the original noon time frame
condition and setting (angle 3).

4.2.4 Supersampled Heatmap

Supersampled heatmap here represents the color depth and effect of sunlight across
different objects. It also can be used to determine the effect and variation of colors
in a color image. Figure 4.14 and Figure 4.15 shows supersampled heatmap analysis
for 380 x 420 and 148 x 196 pixels respectively.
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Figure 4.14: Supersampled Heatmap for 380 x 420 pixel (a) original resized image
of noon time frame setting in angle 3(S) direction (b )output image of noon time
frame in angle 3(S) direction on given input of afternoon time frame setting of angle
3(S) image.

Figure 4.14 shows two different heatmaps of supersampled images for noon angle
3(S). The first figure depicts the original image and the second figure depicts the
output image for 380x420 pixels. Heatmap images help determine the exposure
difference in lighting conditions. Here, the first figure represents the exposure of
objects and color spaces under exposure of noon lighting conditions for the original
image. And the later figure defines the exposure of color spaces of noon angle 3(S)
timeframe lighting conditions if the input image is of afternoon angle 3(S) time
frame lighting condition.The supersampled heatmap version here depicts descent
visual similarity with the original image.
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Figure 4.15: Supersampled Heatmap for 148 x 196 pixel (a) original resized image
of noon time frame setting in angle 3(S) direction (b )output image of noon time
frame in angle 3(S) direction on given input of afternoon time frame setting of angle
3(S) image.

In Figure 4.15 it has provided two different heatmaps of supersampled images for
noon angle 3. The first figure depicts the original image and the second figure

depicts the output image for 148 x 196 pixel. Heatmap images help determine
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the exposure difference in lighting conditions. Here, the first figure represents the
exposure of objects and color spaces under exposure of noon lighting conditions for
the original image and the later figure defines the exposure of color spaces of noon
angle 3 timeframe lighting conditions if the input image is of afternoon angle 3 time
frame lighting condition. The supersampled image on the right is distorted than the
original image due to the fact that it has lesser pixel value than the original image.

4.2.5 RGB Channel

RGB channel segmentation helps understand the depth and variation of effect of
red, green and blue color domain in a RGB color space. Following Figure 4.16 and
Figure 4.17 show the representation for RGB channel segmentation for 380 x 420
pixels and 148 x 196 pixels.

Original Image Red Channel Output Image Red Channel
Green Channel Blue Channel Green Channel Blue Channel

(a) (b)

Figure 4.16: Red, Green and Blue channel segmentation for 380 x 420 pixels (a)
channel segmentation of original resized image of noon time frame setting in angle
3(S) direction (b) channel segmentation of output image of noon time frame in angle
3(S) direction on given input of afternoon time frame setting of angle 3(S) image.

Figure 4.16 shows separate red, green and blue channel segments for afternoon angle
3 original and output image of size 380x420. Output image is obtained through
taking the after noon angle 3 time frame setting image as an input. These channels
determine the variation that can be observed visually to determine channel variations
of both original and output images. Both figures determine the red, green and blue
segmentation of the original image in 380 x 420 size. Here, the segmentation of
channels helps us to visualize the impact of the RGB channels on the main image.
The channels verify the intensity of their respective values on the overall image.
Both of the figures have significant effect on the lighter green channel and a darker
blue channel which explains the effect of blue channel image on the whole image.
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Original Image Red Channel Output Image Red Channel

H

Green Channel Blue Channel Green Channel Blue Channel

(a) (b)
Figure 4.17: Red, Green and Blue channel segmentation for 148 x 196 pixels (a)
channel segmentation of original resized image of noon time frame setting in angle
3(S) direction (b) channel segmentation of output image of noon time frame in angle
3(S) direction on given input of afternoon time frame setting of angle 3(S) image.

In Figure 4.17 this model created separate red, green and blue channel segments
for noon angle 3 original and output image of size 148 x 196. Output image is
obtained through taking the noon angle 3 time frame setting image as an input.
These channels determine the variation that can be observed visually to determine
channel variations of both original and output images. Both figures determine the
red, green and blue segmentation of the original image in 148 x 196 size. The
channels verify the intensity of their respective values on the overall image. Both of
the figures have significant effect on the red channels and a less darker blue channel
than noon 3 time frame setting.

4.2.6 RGB Matrix Evaluation

Figure 4.18 shows the sampling of RGB value matrix is shown to differentiate be-
tween the original resized image and output image of the noon time frame setting
of angle 3(S) for 380 x 420 pixels. Only representation of 380 x 420 pixels is given
as according to the above analysis matrix evaluation is a way of further proving the
fact of better output in 380 x 420 pixels.

In section (c), a matrix is shown for the red object in the image. The sampled
approximate pixel value for red range from 110 to 154, green range from 13 to 36
and blue ranges from 27 to 54. The value for images in section (e) for the output
image of noon angle 3 for the given input image of afternoon angle 3 time frame
setting we get the RGB matrix value for red object. The approximate value for red
ranges from 93 to 117, green from 13 to 16 and red from 22 to 29.

In section (d), a matrix is shown for the green object in the image. The sampled
approximate pixel value for red range from 54 to 70, green range from 75 to 87 and
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blue ranges from 44 to 53. The value for images in section (f) for the output image
of noon angle 3 for the given input image of afternoon angle 3 time frame setting we
get the RGB matrix value for green object. The approximate value for red ranges
from 39 to 52, green from 57 to 66 and red from 30 to 46.

From the above comparison it can be evaluated the fact that the proposed model
produces better output in terms of rgb values in the respective problem domain.
The values are close and form almost similar dimension of images in terms of RGB
color reconstruction where the values do not deviate much from the original value.

The sunlight condition is also adjusted through an unsupervised learning model to
adjust the values to accurate lighting conditions.

34



(d) Sample RGB matrix for green coloured object

(e) Sample RGB matrix for red coloured object

(f) Sample RGB matrix for green coloured object

Figure 4.18: RGB matrix evaluation for noon time frame image in angle 3 (S)
direction of 380x420 pixels (a) original resized image (b) Output image of noon
time frame in angle 3(S) direction on given input of afternoon time frame setting of
angle 3(S) direction image (c) sample rgb matrix for red coloured object for original
resized image (d) sample rgb matrix for green coloured object for original resized
image. (e) sample rgb matrix for red coloured object for output image. (f) sample
rgh matrix for red coloured object for output image.
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4.2.7 3D Scatter Plot Representation

As our research works on color vision approach we have mainly focused on RGB
color space. However, this research paper also tried to show the difference of output
in 380 x 420 pixels and 148 x 196 pixels for both RGB and HSV color space in 3D
scatter plot format. 3D scatter plot can help us determine in terms of actual value
distribution in color spaces. Figure 4.19 and Figure 4.20 represent the 3D scatter
plot for both color spaces in two different color spaces.

250

200

150 Blue
100

Blue

Value
Value

(b) (d)

Figure 4.19: 3D scatter plot diagram for 380 x 420 pixel original and output image
for noon angel 3(S) time frame (a) RGB scatter plot of original resized image (b)
HSV scatter plot of original resized image of angle 3 (S) direction image (c) RGB
scatter plot of output image on given input of afternoon time frame setting of angle
3(d) HSV scatter plot of output image on given input of afternoon time frame setting
of angle 3.

Figure 4.19 depicts the RGB and HSV scatter plot representation of our input and
output image. Here, it can be seen the RGB value does not defer much in terms
of original and output image as the distribution is almost similar. Therefore, the
proposed model works well for 380 x 420 pixels. For HSV scatter plot distribution
the changes are also very low as the hue, saturation and value depict almost similar
in terms of original resized image and output image on given input of afternoon
angle 3(S).
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Figure 4.20: 3D scatter plot diagram for 148 x 196 pixel original and output image
(a) RGB scatter plot of original resized image (b) HSV scatter plot of original resized
image(S) direction image (¢) RGB scatter plot of output image on given input of
afternoon time frame setting of angle 3 (d) HSV scatter plot of output image on
given input of afternoon time frame setting of angle 3.

Figure 4.20 depicts the RGB and HSV scatter plot representation of our input and
output image. Here, it can observe that the RGB value defer much in terms of
original and output image as the distribution is different in some areas in terms of
density in scatter plot. The proposed model provides an average result for 148 x
196 pixels. For HSV scatter plot distribution the changes are also high as the hue,
saturation and value depict differently in terms of original resized image and output
image on given input of afternoon angle 3(S).
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From the RGB histogram that we have shown we can know the difference between
the input and output image that we have trained. We have used supersampled
heatmap images to determine the effect of variation of exposure over various loca-
tions in the images. RGB channeling and matrix evaluation we used to determine
the effects on training on our output image.

After training our autoencoder based model and training our dataset of 10,000
images we have only selected mainly showed the visualisation of input data and
output data through some selected angle and timeframe to better grasp the changes
and outcomes of our model.

One of the drawbacks of our procedures include the fact of not being able to prop-
erly indicate the accuracy rate through regular accuracy algorithms or methodology.
Our research being visual centered makes it difficult for our dataset and outcomes to
measure through the normal standards. Therefore, we have shown various orienta-
tions and various image visualizations to further strengthen our claim and support
the model that we have created.

Despite having certain limitations our model proves better training and testing of
images in case of multi angle training and model verification. The input image of
a given angle of a time frame is generally brought to the output of the image in
another time frame.

From the gathered visualizations we can determine that our model provides good
accuracy to the given problem domain and works well for a multi angle framework
as we are working on five different angles facing in different directions.

It can also be confirmed from visualizations that our model provides better results
for higher resolution images as we get a better result for 380 x 420 pixels than the
smaller 148 x 196 pixels. Our different lighting condition is also objectified by the
RGB values of the output images which are trained by our model.
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Chapter 5

Conclusion

This research mainly focuses on reconstructing images to normalize into a predefined
form under various conditions of color vision or color machine vision. The main
challenge often occurs while analyzing an image from a low light state is to imply
different techniques when the outcome is not up to the mark in many cases. As the
reflection of light is very tiny from the image. Thus, detection of an object from an
image needs more affordance. The purpose of this paper is to overcome the challenge
in an efficient way. In this paper one unique method is introduced. By this approach
any image which has a lack of light can turn into a brighter one as the image is taken
in the daylight. That is, the image does not need further implication of different
methods or algorithms which makes detecting an object easier. In this approach,
an image is taken as input of SAE which feeds the encoding part. The image goes
through several hidden layers of encoding parts and reaches its bottleneck after some
features extraction. The bottleneck then appears as the input of the decoding part
of SAE. Similarly, it goes through several layers of decoding parts and is ready for
showing the output. The significant observation is the output is close to its input
after the implication of this method. However, several techniques are used to show
the output is close enough to its input. This paper shows the amount of loss using
graph for two different pixel images, one is 148x196 pixels and the other one is
340x420 pixels. The graph indicates that the amount of loss of input to output is
decreasing after some epochs. It is calculated for two different amounts of epochs
20 and 40. Also, the histogram we use to show the difference of input and output
is almost similar as the model works perfectly. Likewise, supersampled heatmap,
RGB color variation, 3D scatter plot and RGB color code are covered to show the
accuracy of the output against its input and original image. In general, the paper
proposes a new approach on reconstructing an image which yields promising results.
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