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Abstract

The need for autonomy is imperative in many critical technology areas. Vehicle autonomy can
revolutionize our existing transportation system. Studies [1,2] show that by 2035 there will be
nearly 21 million autonomous vehicles operating on the road. Autonomous vehicles must be
equipped with reliable, durable, and safe driver-aid technology prior to being put into use on
public roads. To ensure road safety, autonomous vehicles must concurrently perform a number of
critical tasks in real-time, such as object detection, lane following, autonomous emergency
braking, and so on [3]. Past studies [4-6] have demonstrated that pre-trained neural network (NN)
algorithms are well capable of handling these tasks. Even though the advancements in NN pre-
training using machine learning and artificial intelligence are praiseworthy, there are occasions
when these networks malfunction or even fail, leading to minor to fatal safety incidents.
Examples of NN failure algorithms are non-detection of an object, such as a pedestrian or tree,
false detection of an object, and misdetection of lanes or other vehicles on the road. These failures
can primarily be attributed to the quality and quantity of pre-training data, and pre-training
methodology.

Most to nearly all the NN are trained using data comprising of excellent lighting
conditions and clear weather, but in reality, the vehicle could encounter poor lighting or harsh
weather conditions. Hence, this training data makes the machine learning results biased toward
good-quality data [7,8]. In this thesis, we propose a generalized data-driven approach for
improving the pre-training image datasets fed to NNs. The algorithms developed and tested in
this work could substantially enhance the image bringing out the critical spatial information in the
image for better NN performance. This image enhancement technique consists of two main
components: image colorization and contrast enhancement. Image colorization is implemented to
obtain a color corrected image from a grayscale image. The traditional global contrast
enhancement algorithm is extended to dynamic local contrast improvement to boost local
contrasts within an image frame that suffers from under/over-exposed lighting conditions. The
dynamic contrast improvement algorithm is further optimized for the computation cost. The
algorithm is lightweight and computationally inexpensive that can be implemented in real time to
improve images locally at the regions of interest. To increase robustness, a variable contrast
improvement factor is added to improvise the local dynamic contrast algorithm to enhance the
local region of interest in the image with appropriate improvements based on pixel intensities.

Since dynamic contrast improvement algorithm relies on image segmentation, it produces an



unsmooth, discontinuous global image. To resolve this issue, the image segments are smoothened
with a gaussian distribution to obtain a continuous image.

In summary, a Smoothened Variable Local Dynamic Contrast Improvement (SVL-DCI)
algorithm is developed and thoroughly tested in the present thesis that could run in real-time as a
pre-training algorithm for neural networks. SVL-DCI could substantially improve NNs prediction
capabilities. We implemented SVL-DCI on the 3P lab dataset of 2470 images, and observed
competitive improvement in the performance of the investigated NNs for object recognition
(MaskRCNN) [9] and lane detection (LaneNet) [10].
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Chapter 1

1. Introduction and Overview

A long-term objective of machine learning is to develop machine intelligence similar to human
intellect. A machine with machine intelligence undergoes pre-training via different learning
techniques to infer judgments. These judgments include many feedback-based or feedback-free
decisions that ultimately contribute to the capability of the machine’s performance in a specific
complex environment. Machine learning consists of algorithms and sub-processes that can be
harnessed individually or in unison to achieve goals that otherwise might require a lot of
computational complexities [11]. Machine intelligence also provides a utility benchmark to
multiple algorithms, can test their working functionalities in various environments, and draw
conclusions for further learning. Machine intelligence can tremendously benefit various industrial
sectors, including automotive, medical, consumer electronics, industrial automation, education,
and many other critical technology areas [12-14]. Machine intelligence applications include but
are not limited to areas that need understanding and decision-making to a greater extent.
Examples of such applications include viewer content suggestions in on-demand content
platforms, intelligent portfolio management systems for investors, analysis and predictions in
sports, autonomous and intelligent transportation, etc.

In the last decade, technologies that rely on machine intelligence have rapidly penetrated
the automotive sector, and the idea of self-driving autonomous cars is now becoming a reality.
The number of advancements in this sector is unparalleled, and the number of algorithms and
sub-processes developed using the amalgamation of software and hardware is prevalent to an
extent where it undeniably can be called the future of transportation. The novel technologies
under development just for specific applications in transportation take up one of the most
significant chunks in the upcoming technological breakthroughs. Although the mass deployment
of autonomous vehicles still has a substantial path ahead, significant research activities are
bringing up new and frequent evolutions in vehicle autonomy. The growth in the automotive
industry due to the introduction of autonomy has created exponential market value growth and
has given impetus to applications like never before. Technologies that use LIiDAR (Light
Detection and Ranging), cameras, and radars for automatic lane detection, driver assist, and
parking assist are now made even more accessible. Their sophistication is several folds better

than before. The extensive use of machine intelligence, neural networks, deep networks, and



other algorithms has made it feasible to make intelligent collaborative transportation a reality,
thus making autonomous vehicles ‘see’ and ‘perceive’ things with higher accuracy than human
drivers. Autonomous vehicle systems execute thousands of processes simultaneously to make
critical decisions with minimal errors. Various neural networks (NNs) and deep learning
networks (DL) addressing image segmentation [15], multi-sensor fusion, depth estimation [16],
object recognition, and other operations make autonomous driving systems capable of adapting to
complex real-world scenarios.

Even though state-of-the-art object recognition and lane detection NNs outperform
humans in complex driving situations [17,18], there are not flawless. The performance of NNs
changes drastically with driving conditions and surrounding information. Even the most accurate
neural network suffers from inconsistency and mis/non-detection with a varied degree of
detection confidence. To achieve any progress toward vehicle autonomy, we must develop robust
NNs capable of delivering accurate results under a variety of driving conditions. Nearly all
current research is concentrated on modifying the NNs parameters, such as weights and biases, as
well as its structure to improve the robustness of NNs. However, this approach quickly turns into
an application-specific optimization process and takes significant effort, rarely reaching any
unified solution. Even if the NNs are over-optimized to specific driving conditions or scenarios, it
could result in false or non-detections for challenging scenarios. This inconsistency in NNs
compelled us to think about other factors causing this issue. We found that the problem partly
results from the disparity between the quality and quantity of training data. Although real-life
driving conditions include low illumination (heavy cloud covering, night-time driving, etc.) or
bad weather (rain, snow, etc.), the training data is heavily biased toward clear skies and ideal
lighting conditions. Machine learning results are heavily biased toward high-quality training data.
Figure 1.1 illustrates the analogy of the training dataset to a normal distribution. The model
performs worse when the data contains only low-quality images and performs better when the

data contains only ideal-quality images.

Data Distribution of Training Datasets

Frequency

Poor Quality
Datal

: Good Quality Data

- »
+ 1* L |
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Figure 1.1: Imbalance of quality of data in training datasets



In the current work, a data-driven approach is adapted to improve the quality of the NNs
training datasets, obtaining a robust result. Our recommended techniques could enhance the
images and accentuate the spatial features between the frames for a NN to function more
effectively. Our data-driven approach could improve the robustness of a wide range of NNs. The
current research mainly investigates NNs for object recognition (MaskRCNN) [9] and lane
detection (LaneNet) [10] as our baseline implementations. Currently, study utilizes two different
datasets.

- Dataset 1: A dataset of around 2470 images was collected during the snowfall of 2021 on the
streets of Saint Louis Park, MN. This source dataset is used for the object recognition task.

- Dataset 2: We are also utilizing VSI lab’s dataset of 500 images as a source dataset for the
lane detection task. Our work starts with implementing the mentioned two NNs, which serves
as a baseline implementation.

A series of methodically constructed step-by-step image enhancement techniques were
used to optimize the input/source dataset for our NN algorithm. First, the image enhancement
initializes by checking the color correction of the image. We implement image colorization using
Generative Adversarial Networks (GANs) [19]. We implement a traditional linear contrast
improvement algorithm to generate enhanced image datasets. We extend the baseline image
enhancement algorithm to dynamically decide if the image needs improvement based on the
histogram representation (pixel intensities versus the number of pixels) of the image. This
algorithm is referred to as Dynamic Contrast Improvement (DCI). After implementing DCI, we
observed that the histogram representation of the image might not be the correct representation of
the histograms of the local region of interest. The algorithm is improved by splitting the image
into pre-determined regions and applying the DCI on all the regions separately. The DCI
algorithm is enhanced to Local-Dynamic Contrast Improvement (L-DCI) algorithm. The scale of
contrast enhancement is an input parameter consistent for all the regions of interest. A variability
is introduced to the L-DCI by scaling the contrast improvement as needed by the corresponding
regions. The Variable Local-Dynamic Contrast Improvement (VL-DCI) gives an image with
distinguishable boundaries of the regions of interest. A Gaussian kernel is applied to the
improvement scale to get a smoothened region of interest across the image.

Finally, a Smoothened Variable Local Dynamic Contrast Improvement (SVL-DCI)
algorithm is used to obtain the improved dataset that can be used to get the expected detections
from a pre-trained neural network. Results of this research highlight the quantified improvements
in the performance of the given neural networks. The SVL-DCI could support the execution of

the image enhancement in real-time.



Chapter 2

2. Background

2.1 Future of Mobility

Modes of mobility are rapidly changing and evolving. For ease in vehicle operability, the focus of
vehicle development has shifted from the manual gearbox to automatic transmission. The manual
transmission was a bottleneck in developing a driver-friendly environment, as the driver had to
actively participate in engaging the clutch mechanism to change the vehicle speed. The automatic
transmission eliminates the need for drivers’ participation in speed change, making it automated
and controllable. All the wheel speeds, the steering, the lighting system, and other complex
mechanisms operate synchronously and can be controlled centrally. This control over the entire
system has opened the doors for introducing various driver assistance functions in vehicles
equipped with basic sensors such as cameras and short and long-range radars. These driver
assistance systems, often known as Advance Drive Assistance Systems (ADAS) [20], handle
critical tasks, including lane assistance, lane maintenance, obstacle avoidance, autonomous
emergency braking, and more.

Over the last two decades, the scarcity of fossil fuels and the negative impact of a
changing climate has encouraged the research and development of green and sustainable mobility
[21]. The world is moving from carbon emissions towards green emissions. The automotive
industry has entered a new sector of electric vehicles. Though much work is needed to improve
the range of battery electric and hybrid vehicles, they are advantageous in handling, maintenance,
and in the long term, reducing carbon footprint in the environment. The architecture of a battery
electric or hybrid vehicle, given that every single process is controlled centrally, is suitable for
implementing the ADAS technology to a greater extent. Ease in the large-scale deployment of
ADAS in electric and hybrid cars has provoked researchers to further simplify driving by aiming
for complete autonomy of the system. Autonomous driving involves taking signals from various
sensors, processing them simultaneously, making crucial decisions in real time, and acting
accordingly. Complete autonomy in vehicles is a difficult task to achieve as the vehicle constantly
needs to interact with the dynamic environment, other vehicles in the scene, and pedestrians and

maintain road safety by following the traffic lights and traffic signs.



Researchers are putting in efforts to develop flawless autonomous consumer vehicles and
public transport vehicles. This mode of mobility would reduce traffic conjunctions on roads,
improve the efficiency of the transport system, and reduce road accidents. An autonomous
vehicle is a step closer to reducing human errors in transportation. The focus is on reducing
machine errors by optimizing the performance of autonomous systems. As per SAE J3016 levels
of driving automation, “there are total six levels of automation ranging from no driving
automation (Level 0) to full driving automation (Level 5). Level 0: no automation; Level 1:
automation of one control function, such as lane keep or autonomous speed control; Level 2:
automation of two control functions; Level 3: confined self-driving but expect the driver to take
control at whichever time with an adequate warning from the system; Level 4: drivers are not
expected to take control at any point of the execution; and Level 5: fully autonomous driving with
no human control [22-24].” Figure 2.1 [25] shows the differences in all the levels of driving
automation.

- Human driver monitors the road

- Automated driving system monitors the road
Driver Only Assistance Automation Automation

High Full
Automation Automation

No Automation Driver Partial Conditional
Figure 2.1: The levels of driving automation [25]

Tech giants such as Tesla, Waymo, Zoox, and Cruise are working on autonomous taxi
services and vehicles for commercial use. They have achieved excellent results regarding the
large-scale deployment of autonomous vehicles in real-world scenarios. The vehicle system must
completely perceive and understand the environment to work autonomously in a dynamic
environment. Most systems use a combination of vision cameras, LiDAR, radars, and thermal
cameras to improve perception [26]. Similar to how the eyes are essential for humans, a vision
sensor is vital for the vehicle to comprehend its surroundings. Visual information achieved using

the most common vision sensor - a camera, misses depth information which is critical for



decision-making. This is where LIiDAR sensors can bridge the information gap. LIDAR generates
a 3D point cloud of the surroundings containing depth information. In conjunction with LiDAR,
radars and thermal cameras are used to maintain the safety sphere by detecting other vehicles,
objects, or pedestrians in the vehicle's proximity. A considerable amount of data is generated with
all these sensors, and computationally heavy algorithms are implemented to make these systems
work flawlessly.

Even though the research for autonomous vehicles has reached a milestone of
deployment of such systems in masses, various edge cases could cause a safety hazard that is still
difficult to address. Researchers are exploring options for shared intelligence between the traffic
on the road. Instead of relying on the processing capabilities of a single vehicle and trying to
make it robust, multiple autonomous vehicles can work together to make the decisions for
dynamic situations easier. This research leads to the connected and autonomous vehicles (CAV)
domain [27]. If a vehicle has already processed the surrounding completely, it can transfer this
learning to the other vehicles wirelessly connected. This reduced processing load would help the
network of connected vehicles perform efficiently and robustly in the dynamic environment.

As the research community progresses towards autonomous driving and CAVs, the need
for a supportive infrastructure becomes crucial. The infrastructure at present is supportive of
human drivers. All the ADAS features, such as lane following, cruise control, and adaptive
braking, are built on the existing infrastructure features such as types of lanes, the color of lanes
markings, the position of traffic signals, and traffic signs. For systems to perform more
efficiently, these features could be altered and improved so that a machine could perceive the
surroundings more accurately and efficiently. Considering the lane marking example: If the car
exits a tunnel, there is a sudden change of light in the scene from dark to extremely bright. During
this change, the visual feed obtained from the camera mounted on the car does not capture any
features from the scene, including the lane markers, as shown in Figure 2.2 (a). There are few
test efforts to improve the visibility of lane markers by adding a high contrast darker patches at
the boundary of the lane marking, as shown in Figure 2.2 (b). These high-contrast lane markings
are expected to give better performance of lane detection in situations where the scene is

overexposed with the light.



Figure 2.2: (a) Visual feed of vehicle exiting a tunnel, (b) A high contrast lane marking

The efforts of improving the infrastructure and the technology should be happening in a
synchronized manner. Any developments in either of the domain complement the developments
in the other domain considerably. A vehicle system can only reach complete autonomy if the
perception sensing and control system is robust and precise enough to extract all necessary
information from the operating surrounding [28]. The more details captured, the more the tasks
could be processed quickly and accurately. Perception algorithms in autonomous vehicles are
crucial as they would make the vehicle capable of exploring the various features in the
dynamically changing environment. The algorithms utilize these features to make crucial
decisions in various applications, such as object detection, lane keeping, and adaptive cruise

control.

2.2 Perception in Autonomous Vehicles

An autonomous vehicle must operate in a dynamically changing environment and consider all the
possible movements of the objects in the scene to decide the safe trajectory of motion. The
vehicle simultaneously performs various tasks such as perception, mapping, localization,
locomotion, and providing feedback to the system. In the entire processing cycle of a vehicle, the
first step is to perceive the surroundings completely. Autonomous vehicles are equipped with
various sensors, such as color cameras, LIiDAR, radars, etc., to obtain specific types of
information from individual sensors [29]. Different sensor fusion algorithms are utilized to obtain
valuable and meaningful insight from all the available sensor data. In particular, this data is used
by various perception algorithms to carry out tasks such as object detection, scene recognition,
depth estimation, pedestrian detection, automatic emergency braking, etc.

The perception function mainly focuses on computer vision, as visual feed makes the
collected data meaningful. Various computer vision algorithms were developed to extract features

from an image, and these features are used for solving complex problems of object detection, face



recognition, etc. Features can be edges, corners, changes in intensity, and specific points in an
image [30]. Traditional computer vision algorithms are used for feature extraction from an image.
Binary thresholding, Sobel filtering, linear contrast improvement, normalization, etc., are
examples of feature extraction techniques [31]. These techniques have been in use for a long time
and are computationally efficient. However, there are limitations to the implementation of these
algorithms. While these above-mentioned algorithms produce excellent results for simpler
scenarios, they lack versatility and sophistication for a complex vehicle operating environment.
The traditional computer vision algorithms are susceptible to thresholding parameters, and the
results change drastically even with a slight change in these parameters. If the algorithm is tuned
for a particular lighting condition in the scene, and the input scene conditions change, the
algorithm will not give the desired output. For an autonomous vehicle, there are better solutions
than having a sensitive system that needs tuning repeatedly. With the rise of machine learning and
artificial intelligence, researchers started to explore new and generalized computer vision
algorithms. Neural network-based machine learning algorithms hold significant promise to enable
vehicle autonomy.

A neural network is a collection of algorithms that aims to identify underlying links in a
set of data using a method that imitates how the human brain functions. Neural networks consist
of an input layer, multiple hidden layers, and an output layer. The neural network's architecture is
fundamental as it determines the accuracy and execution time of getting the output. The feature
extraction techniques using traditional computer vision algorithms are used internally to convolve
the image and generate meaningful information out of the image. The images are passed to deep
neural networks, and these networks are referred to as deep convolution neural networks [32].
The neural networks are trained on massive amounts of data to detect and classify the features.
The accuracy and robustness of neural networks depend on the structure of the network and the
type of data used for training it. The quantification of measurable parameters for the neural

network is discussed in Section 2.3.

2.3 Quantification Metrics for Neural Networks:

Various quantification metrics for neural networks are used in research, such as accuracy of
detections, mean squared error, etc. Recall and precision of detections is a practical quantification
matrix as it gives an idea about the number of correct predictions versus the number of false

predictions.



Let us consider an example of a neural network that would classify an object as a car or
not a car. The confusion matrix for this example is shown in Figure 2.3. A confusion matric or
error matrix [33,34] is a special kind of contingency table comprised of two dimensions ("ground

truth" and "prediction™) with identical sets of "classes" (car and not a car) in both dimensions.

Car Prediction Not a Car
Ground Truth True Positive False Negatlve
False Positive True Negative

Figure 2.3: Confusion matrix for a car classification model

The recall of a neural network is defined as the number of true positives (TP) divided by
the sum of true positives and false negatives (FN). The precision of a neural network is defined as
the number of true positives divided by the sum of true positives and false positives (FP).

Recall = TP/ (TP+FN) (2.1)

Precision = TP/ (TP+FP) (2.2)

In the case of object detection models, the confusion matrix would be similar, as shown
in Table 2.1.

P True Actual object in the ground truth,

Positive Model did detect an object in prediction
™ True No object in the ground truth,

Negative Model did not detect an object in prediction
ep False No object in the ground truth,

Positive Model did detect an object in prediction
EN False Actual object in the ground truth,

Negative Model did not detect an object in prediction

Table 2.1:Confusion matrix for an object detection model



For an object detection model, having higher recall is more important than having higher
precision. In the case of an autonomous vehicle, detecting FP might not be critical, but
identifying any FN could be dangerous or even catastrophic, posing a collision danger since an
object is present in reality, but the model does not predict it. Hence, the lower the FN, the higher
the recall.

There are a few methods by which recall, and precision can be improved. First is
improving the image given to the neural network, and second is optimizing the structure of the
neural network. Image enhancement is targeted with a combination of implementing traditional
computer vision algorithms and various image improvement neural networks. The neural
network’s structure is optimized by changing the number of layers and manipulating the weights
and biases, leading to the activation of corresponding neurons in the output layer. In Section 2.4,
we will discuss the literature review regarding improving the performance of the neural network

by optimizing the structure and the image enhancement using image colorization GAN.

2.4 Literature Review

Traditional computer vision algorithms for image enhancement focus on image improvements
that are often primitive/rudimentary and lack sophistication. These improvements change the
fundamental properties of an image, such as contrast, brightness, and color saturation.
Sometimes, these primitive improvements do not help achieve the expected neural network
results. Color correction is an essential aspect of image enhancement. After rudimentary
improvements, a color correction can be applied to an image to get the desired results. The NNs
utilizing shapes and colors of the features to identify objects perform better with the enhanced
images. NNs’ structure and other controllable parameters can be optimized to improve
performance.

Previous studies [35-38] have demonstrated that contrast improvement implemented
judiciously can be a robust image enhancement technique. Contrast can be defined as a difference
in the luminous intensity along the pixels in the image. The human visual system is more
sensitive to contrast than absolute luminance. Better contrast images make the objects in them
appear distinguishable from the background. Contrast Improvement includes altering the intensity
of the pixel along with the brightness. Wongsritong et al., 1998 [35] implemented a contrast
enhancement on an image using multipeak histogram equalization while preserving the image's
brightness. The results show that the output image has the same brightness as the input image, but

the contrast is enhanced. They validated their method on two images with extreme brightness
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values and got promising results. Stark, 2000 [36] proposed an adaptive image contrast
enhancement using generalizations of histogram equalization. This implementation gives various
stages of contrast enhancements for a given input image, starting from an image with no change
and finally with an adaptive equalization. Chen et al., 2003 [37] proposed and analyzed a
minimum mean brightness error bi-histogram equalization technique in contrast enhancement.
This study implemented the bi-histogram equalization on highly bright and dark images and got a
normalized image as output by keeping the brightness of the image constant. Sun et al., 2005 [38]
implemented a dynamic contrast enhancement based on histogram specification. This method is
computationally efficient and robust; hence it could be utilized for real-time executions. All the
discussed methods showed promising improvements in the contrast of the image and are
computationally efficient as they are logically simple and computationally inexpensive. In this
research, we utilize these implementations as our baseline. The primary issue with these methods
is that they convert images from pixel to histogram space and lose the spatial information of the
features in the image. We build a spatial relationship between the histograms in the proposed
method by localizing these implementations throughout the image.

Besides contrast, color is another important aspect associated with an object and is
utilized by the human eyes while processing information [39]. Computers also perceive the world
similarly, and researchers are training machine learning models to achieve the processing
complexity of a human brain. Images can be enhanced with a color correction. If the input image
has an improper distribution of the RGB colors, then neural networks can help to color correct
that image. Various GANSs are used to colorize grayscale images. GANSs are a class of machine
learning frameworks developed by Goodfellow et al., 2014 [40] that utilize a generator and a
discriminator. These two models are trained simultaneously with the backpropagation technigue.
GANs are used broadly to solve problems such as image colorization, classification,
segmentation, etc. Creswell et al., 2018 [41] studied deep learning for visual understanding and
presented various advantages and challenges of using GANs in computer vision. Zhang et al.,
2016 [42] proposed a method to colorize an image by solving the problem as a classification
problem and demonstrated the results on various image classes. Guo et al., 2020 [43] proposed a
technique to colorize a grayscale image using a GAN. This method was validated on a dataset
containing a top view of the land. In this research, we propose utilizing a pre-trained GAN for
image colorization that is validated on real-world scenes containing various objects such as
vehicles, bicycles, and traffic lights. The implementation proposed by Isola et al., 2016 [44] in
Image-to-Image translation with conditional adversarial network showed promising results on our

test datasets.
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GANSs have two networks, a generator, and a discriminator, that predict different tasks
simultaneously. Let us consider an example of face generating GAN. Figure 2.4 shows a block
diagram of the structure of a GAN for this example. Unlike a neural network having one loss
function, GANs have two separate loss functions, one for the generator and one for the

discriminator.

Real Face Real
Y A
Random

selection | —» D
| of Face

Fake

Random | Generated
Noise = = o Face

G: Generator, D: Discriminator

Figure 2.4: GAN structure

Initially, the generator starts generating random faces from noise, and the discriminator
correctly classifies a true face versus a false face. At the start, the loss function of the generator
creates more correction, and for the discriminator, the loss function deviates minutely. As the
training progresses, the generator starts to create faces similar to real faces, and the discriminator
starts to falsely predict the synthetically generated face as an actual face. At this moment, the loss
function of the generator starts to give minute corrections, and that of the discriminator gives
more corrections. This is the iteration where the training is completed, and the GAN is ready to
implement on test data.

Most networks take the input image as a grayscale image for image colorization. Two
representations are most commonly used to predict the color values for the output image, RGB
and LAB representation. A given pixel has red, green, and blue intensities in RGB representation.
In LAB representation, a given pixel has a lightness value, i.e., the grayscale intensity of the
pixel, a channel value which is the green-red color intensity of that pixel, and b channel value
which is the yellow-blue color intensity of that pixel. If the model uses RGB representation, it
would need to predict three intensity values in the range [0,256], giving the possible combinations
of 256x256x256, which is more than 16 million values. On the other hand, for the LAB
representation, the number of predictions the model has to make is 256x256, which is about
65000, as the lightness values are already available from the input grayscale image. Most
networks utilize the LAB representation to reduce the execution complexities and runtime.
Figure 2.5 shows the difference between an image's RGB representation and the LAB

representation.
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Main Image

Red Chanre Green Channel Blue Channe!

Main Image

Figure 2.5: RGB representation (top), LAB representation (bottom) [45]

The contrast improvement and image colorization techniques will be utilized in this
research as a baseline implementation for image enhancement. The other approach to improve the
recall and precision of detections for neural networks is modifying the structure of the network,
tweaking the weights and biases of the neurons, and the learning rate of the algorithm. Li et al.,
2009 [46] proposed an improved backpropagation training algorithm for the neural network with
a self-adaptive learning rate. This method helped to reduce the iteration time for the batch
backpropagation resulting in better training performance and flexibility in modifying the network
parameters. The process of initializing the weights and biases at the first iteration is often a
random selection, and then they get adjusted and corrected as per the designed loss function.
Pavelka and Prochazka, 2004 [47] proposed a comparison study between algorithms for
initializing weights for the neural networks. This study presents a quantified outcome of various
randomization techniques that can be used to initialize the weights for the network.

Modifying the network's structure and manipulating the weights and biases of the
activations is an application-specific task that needs multiple trial-and-error attempts. If the
network is trained and tuned for one application, it can only be used for some applications. In this
research, we propose a generalized data-driven technique for image enhancement that is an
application for various neural networks addressing different problems. We verify our method on

networks such as MaskRCNN for object detection and LaneNet for lane detection.

2.5 Dataset

Our lab — Plasma Power Propulsion Laboratory (3P Lab), is located in Minneapolis, Minnesota,
where winter/snow driving conditions could last 4-5 months of the year. The weather here in

winter is very harsh, with heavy snowfalls. The average annual snowfall in Minnesota varies from
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36 to 70 inches of snow [48]. Most R&D efforts related to autonomous vehicles are concentrated
in places with no or light snowfall, such as Arizona and California with nearly 2 to 12 inches of
snow [49]. Our research aims to make the algorithms of autonomous vehicles robust to extreme
weather conditions. We aim to implement the image enhancements resulting in an improvement
of the neural network performance on a dataset collected in snow conditions.

In conjunction with VSI Labs, an autonomous vehicles solution company in Saint Louis
Park, Minnesota, we collected data during winter driving conditions. We utilized their Ford
Fusion Vehicle equipped with an RGB camera in the front to collect the visual feed of real-world
scenarios on the streets of Saint Louis Park. This dataset is used to implement the image
enhancement algorithm and validate the improvements in the results of the object detection
model. This dataset consists of 2470 images in ‘.jpeg’ format of 800x600 pixels. Figure 2.6
shows a sample image from this dataset.

I worked as a summer intern at VVSI Labs this summer from May-August. We were able
to get a sample dataset of 500 images from the VSI Labs data repository (with VSI Labs’ written
permission) to implement the image enhancement algorithm and validate the implementation
results on the lane detection model. This lane detection dataset consists of RGB images in a
‘jpeg’ format of 1600x900 pixels. Figure 2.6 shows a sample image from this dataset as well.
Both the images shown in this figure are resized to the same dimension for representation

purposes.

Figure 2.6: Sample images, object detection dataset (left), lane detection dataset (right)

These two datasets are used to implement the proposed method, and part of these are used
as a testing dataset to validate the improvements in the neural network’s performance. The object
detection and lane detection dataset are used to implement the baseline image enhancement
algorithm and the respective neural network models on these datasets to generate quantitative
results to support the proposed method. Further developments in the contrast improvement
algorithm followed by the neural network implementation are done on the object detection dataset

as it contains more images to validate the results.
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2.6 Need for a Data-Driven Approach

We implemented the MaskRCNN and LaneNet models on the datasets that are discussed in the
earlier section. These neural networks are pre-trained on the COCO (Common Objects in
Context) and LaneNet datasets. We utilized the same input parameters for our implementation, as
we want to generalize the use of neural networks and make it independent of the quality of data
they are implemented on. The neural network performs well on a good-quality image where the
lighting conditions are bright, and the weather conditions are not harsh. However, in real-life
scenarios, the lighting conditions are darker, and the weather can be harsh. Figure 2.7 shows the
images from the COCO dataset used for training the MaskRCNN and the LaneNet dataset used
for training the lane detection model. Figure 2.8 shows the images that the system encounters in
the real-world.

2 17, = -
777 1 COPELETINY EWAay © ¢

Figure 2.7: Sample images from training dataset, COCO dataset (top), LaneNet dataset
(bottom)
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Figure 2.8: Sample images from real-world scenarios, 3P Lab dataset (top), VSI Labs
dataset (bottom)

It is clear from the above figures that the neural networks are biased toward good-quality
data. If the system encounters a poor-quality image, the networks perform inconsistently and lack
robustness. We examined the implementation of MaskRCNN and the LaneNet models on the
collected datasets and confirmed the inconsistent robustness in the detections of the neural
networks. Figure 2.9 and Figure 2.10 shows the implementation results of MaskRCNN on the
object detection dataset. Figure 2.11 shows the implementation of LaneNet on the lane detection

dataset.

Figure 2.9: False negatives for MaskRCNN shown in dashed rectangles
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Figure 2.11: Inconsistent horizon for detected lanes marked with a horizontal dashed line

This shows the imbalance in the quality of images in the training dataset. It concludes the
need for a data-driven approach to improve the robustness of the neural networks. Before being
given to the network, the dataset needs to be improved to match the quality of the training dataset
in order to achieve the expected results from the neural network. This research proposes a data-
driven technique to improve the quality of the datasets and aims to achieve a real-time execution

so that this method can serve as a pre-processing framework to the neural network.
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Chapter 3

3. Methodology

3.1 Overview

The proposed image enhancement algorithm adds a data-driven framework to the traditional
approach of generating the outputs from various neural networks. Figure 3.1 shows the

traditional approach of feeding the input images to the neural network and predicting the output.

MNeural
Input Image = Netwark
Detections

Figure 3.1: Traditional method to implement the neural network

We have studied the implementation of the traditional method and observed the
inconsistency in the robustness of the results of the neural networks. This inconsistency is
guantified in terms of false positives and false negatives for object detection and the horizon level
for lane detection, as shown in Figure 2.9, Figure 2.10, and Figure 2.11. Figure 3.2 shows the
proposed method by adding an image enhancement framework between the input and output
blocks.

Image Neural
Input Image ) Enhancement —) Network
Framework Detections

Figure 3.2: A proposed method for improving the robustness of neural networks

The image enhancement framework consists of two steps. The First process deals with
the color correction of the image. The second addresses the contrast improvement of the image.
Neural networks focus on the features in the image and can be affected by color, size, shape, and
various other factors of the features. Figure 3.3 shows the two steps involved in implementing

the image enhancement framework.
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Image Enhancement Framework

Neural

Input Image | ) I — Contrast —) Network

Colorization Improvement Detections

Figure 3.3: Two-step image enhancement framework

The image colorization block is crucial if the image does not have a proper Red-Green-
Blue (RGB) distribution. The features that are supposed to get detected by the neural network
might be adversely affected. The histogram representation of the image can gauge the correct
distribution of the RGB channels. For any RGB image, the color histogram representing each
color should be distinguishable. If any of the color histograms of channels overlap, then the
algorithm concludes that the image is not colorized properly and needs color correction. Once the
image is color corrected, it is passed to the second block, where the contrast improvement
algorithm is implemented. Figure 3.4 shows the complete implementation of the image

enhancement technique.

Checking Identical R or Image
Input Image color ) | GorB Colorization
histograms Channels using GANs
Distinguishing j
RGB
Channels

l

Neural

Contrast = Network

Lzl Detections

Figure 3.4: Details of the implementation of the image enhancement technique

The details about the setup, experiments, and other implementations for the two blocks in

the image enhancement framework are explained in Section 3.2 and Section 3.3.
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3.2 Image Colorization

The image dataset that the 3P lab collected is used to generate faulty RGB images synthetically.

The blue and red channels are made to overlap with each other and generate the incorrect

distribution of color histograms. Figure 3.5 shows the faulty RGB image and color histograms of

corresponding images. These images appear grayscale, but they are RGB images, as every

channel has a histogram distribution of pixel intensities versus the number of pixels.
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Figure 3.5: Faulty RGB image (left) and corresponding color histogram (right)

The color histogram of the image can be manually studied, and a decision can be made

whether or not the image needs color correction. If the image needs color correction, image

colorization using GAN could be implemented. Figure 3.6 shows the output of the GAN

implementation. The image is color corrected, and the result can be verified from the color

histogram of the image. The blue and red channel distribution has become distinct.
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Figure 3.6: Image colorization using GAN

To verify the GAN implementation, we also studied the histogram of the original image
used to generate the synthetically faulty RGB image. The histogram distributions are distinct but
demonstrate a similar trend of pixel intensities. Note the first peak — peak closer to pixel 50-75
signifies the overrepresentation of darker pixels. Figure 3.7 shows the source image and the

corresponding color histogram of the images.
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Figure 3.7: Source RGB image (left) and corresponding color histogram (right)

The color correction step makes the RGB histogram of the image smooth and regularly
spaced. This improved color distribution helps to decide that the image is ready for further
enhancement. After getting a color-corrected RGB image, it is passed onto the next step of the

image processing framework, i.e., contrast improvement.

3.3 Contrast Improvement (ClI)

Image enhancement with linear contrast improvement is the baseline implementation for this
research. We found that, with contrast enhancement, the image's features are highlighted, which
helps the neural networks for detection. We implemented the MaskRCNN and LaneNet on the
images obtained from the contrast improvement and noticed an increase in recall and precision.

Consider an RGB image of size MxN pixels. Given the pixel at the location (X,y), the

intensity of that pixel, I, is a vector of intensity values for R, G, and B channels given by
equation 3.1:
I(x,y) = [lR le |B] (31)
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Linear Contrast Improvement function, f(l), changes the intensity of the pixel at the
location (X,y), as given by equation 3.2 [50]:
Px,y) = a*l(x,y) +f (3.2)
Where o is the factor to improve the contrast and B is the factor in improving the
brightness. Contrast is about change in intensities. Hence, we will only consider a, as it is a
scaling factor to intensity, and would keep p=0, as we are interested in improving the contrast of
the image and not the brightness of all the pixels. The equation for linear contrast improvement
becomes:
I(xy) = a*I(x,y) (3.3)
All the pixels in an image could take any intensity value 1(x,y) out of possible 256 values
as [0:255]. While we scale the intensity, it is important to clip the values at extreme ends. The

linear contrast improvement algorithm for all the pixels in the image is as shown below:

I'(xy) = a*l(x.y)

IFI'(x,y) <0:
I'(x,y) =0
ELSE IF I'(x,y) > 255:
I'(x,y) = 255

This algorithm would limit the I'(x,y) values in the range [0:255]. The value of « can be
varied in the range of [0,3]. « < 1 would reduce the contrast; hence, we would use a € [1,3].
Figure 3.8 shows some qualitative results with various values of « tested on the lane detection
dataset. The figure below shows that the higher the value, the better the feature visibility in the
image is. The image with a 2.5 and 3 highlights the lane markers better than all the other a
values. To verify the selection of a value, contrast improvement is implemented on the object
detection dataset, as it contains a snow scene. Figure 3.9 shows contrast enhancement

implementation on an image from the object detection dataset.
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Source Image Contrast Improvement, a = 1

Contrast Improvement, a = 1.5 Contrast Improvement, a = 2

Contrast Improvement, a = 2.5 Contrast Improvement, a = 3

Figure 3.8: Source image and various contrast improved images with corresponding a.
values
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Figure 3.9: Contrast Improvement on object detection dataset

It is clear from the figure above that, with « of 3, the image containing the lights or snow
is washed out. To avoid the loss of features, a of 2.5 is finalized. To support this selection of a as
2.5, we randomly selected 1% of the images from the object detection dataset. We varied the «
value and generated corresponding contrast-improved image datasets. We implemented the
MaskRCNN on these datasets and obtained the quantified recall and precision results. The
quantification supports the selection of a value as 2.5 for all the implementations further. Table
3.1 shows the quantified results for various a values. Table 3.2 shows the percentage

improvement in recall and precision from the baseline implementation.

Alpha Values Recall Precision

! 0.52 0.86
(Baseline Implementation)
15 0.58 0.86
2 0.59 0.88
2.5 0.61 0.88
3 0.58 0.88
Table 3.1: Quantification of recall and precision for various e values

Alpha Values Recall Precision
15 10.0% 0.4%
2 13.2% 2.4%
2.5 16.6% 2.7%
3 10.7% 2.4%

Table 3.2: Percentage improvement from _tr_]e baseline implementation in recall and
precision
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The above results are plotted on a graph, and the smooth curve of recall peaks at a of 2.5,
as shown in Figure 3.10. This peak indicates that the neural network performs better at this value
of a as the objects and the features in the scene are highlighted due to higher contrast. The
performance decreases beyond this a value, as the image starts to wash out due to overexposure,

and the details of the features are lost.

% Improvement in Recall and Precision for Various Alpha Values
m= Recall Precision

200%

16.6%

15.0% —

15 20 25 3.0

Alpha Values

Figure 3.10: Plot for percentage improvement from baseline implementation in recall and
precision

With the concluded value of a, the contrast-improved dataset is created and referred to as
the baseline implementation hereafter. Both the neural networks are implemented on respective
datasets, and improvements in the detections were observed. The object detection neural network
results are quantified with the recall and precision of detections. Figure 3.11 shows the
improvement in the results obtained from the implementation of MaskRCNN. The lane detection
neural network results are quantified with the detected horizon level. Figure 3.12 shows the

improved horizon level results obtained from the implementation of LaneNet.
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Number of Detections = 8

TP=2,FN=2,FP=1 TP=2,FN=2,FP=0 Number of Detections = 4
R =0.50, P =0.67

TP=0,FN=0,FP=0 TP=1,FN=0,FP=0 Number of Detections = 1
R=0,P=0 R=1,P=1

TP=1,FN=6,FP=0 TP=4,FN=3,FP=0 Number of Detections = 7

R=014,P=1 R=057,P=1

Figure 3.11: Quantification of detections by MaskRCNN on source dataset (left), and
contrast improved dataset (middle), and the ground truth detections(right)
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Horizon for left lane = 4/5 . Horizon for left lane = 5/5

Horizon for right lane = 5/5 Horizon for right lane = 5/5

Horizon for left lane = 5/5 Horizon for left lane = 5/5

Horizon for right lane = 0 Horizon for right lane = 5/5

Figure 3.12: Quantification of detections by LaneNet on source dataset (left), contrast
improved dataset (right)

The implementation above shows promising results regarding improving the robustness
of the neural networks. The contrast improvement algorithm can be improved further, as the
image might already have good exposure to light. Applying a contrast improvement algorithm to
that image might lead to a washed-out image. Also, the headlights of the cars can cause a glare in
the image, and it would increase if the contrast improvement were applied to such an image.
Figure 3.13 shows a scene having snow and the contrast improvement resulting in a washed-out

image. Similarly, Figure 3.14 shows a vehicle with headlights turned on, and the contrast

improved the image, losing the vehicle features due to increased glare around the headlights.

-

Figure 3.13: Issues with contrast improvement, source image (left), contrast improved
image (right)
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Figure 3.14: Issues with contrast improvement, source image (left), contrast improved
image (right)

An algorithm that accounts for the current pixel intensities of the image before applying
contrast enhancement will be a robust image enhancement technique. The algorithm would be
able to decide if the contrast improvement is needed or not. Chapter 4 explains the evolution and
developments in contrast improvement algorithms that are robust and can work on various
datasets.
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Chapter 4

4. Algorithm Improvements

4.1 Dynamic Contrast Improvement (DCI)

Dynamic decision-making is added to the contrast improvement algorithm to address the issue of
limiting the contrast enhancement in already overexposed frames. This algorithm is referred to as
Dynamic Contrast Improvement Algorithm (DCI). The image representation is converted from
pixel space to histogram space. The histogram is a plot of intensity values of the pixels ranging
from 0 to 255 versus the number of pixels belonging to that particular pixel intensity. Histogram
representation of an image gives an idea about the overall pixel intensity distribution in the image
[51]. The peak of this histogram represents the overall intensity of the image. The higher the
peak, the higher the intensity values of most pixels. We added a step of thresholding the peak of
the histogram to dynamically decide if the image needs a contrast enhancement or not in the
contrast improvement algorithm, which became the foundation of DCI. The DCI algorithm is as

follows:

intensitypeax = intensity corresponding to the maximum number of pixels in the histogram
intensityimreshold = peak threshold (input parameter)

IF intenstiypeak < iNtenSitysnreshold
I'xy) = a*I(x))

IFI'(x,y) <0:
I'x,y) =0
ELSE IF I'(x,y) > 255:
I'(x,y) = 255

ELSE
I'(x,y) = I(x,y)

After implementing the DCI, the peak of the histogram shifts towards the brighter pixel

values, i.e., 255. Figure 4.1 shows the images with the histogram of corresponding grayscale

images. The shifting of the peak is visible after the DCI implementation.
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Figure 4.1: Shifting of intensity peak, RGB image (left), histogram of grayscale image

(right)

If the intensity peak of the histogram of the image is already beyond the threshold

parameter, then the DCI would interpret that the image is already bright and would not enhance

the image further. DCI helps improve the scenes with poor lighting conditions but keeps the well-

light images. This helps in improving the dataset quality generically. Figure 4.2 shows the

implementation of DCI when the intensity peak of the histogram is beyond the threshold. DCI

decides not to enhance the image further and prevent the overexposure of the image that is caused

due to the contrast enhancement algorithm.
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Figure 4.2: Advantage of DCI over Contrast Improvement, RGB image (left), histogram of
grayscale image (right)

When an image is converted from pixel space to histogram space, the information about

the local region of interest (ROI) and spatial cues are lost. The histogram gives information about
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the overall pixel intensity distribution in the image and does not consider the local spatial cues
between the features of interest. DCI can falsely interpret the histogram in some instances where,

a. The scene includes other bright features, but the ROI is darker, giving a histogram peak
towards the bright side. The image remains unchanged after DCI implementation.

b. The scene includes other dark features, but the ROI is bright, giving a histogram peak
towards the dark side. The image is enhanced and results in wash-out after DCI
implementation.

Figure 4.3 shows an example of a scene where the road being the region of interest, is
darker, and DCI implementation decides to enhance the image based on the thresholding. The
image is getting washed out, as the enhancement was needed only for the ROI and not the other

surrounding features.

Figure 4.3: Source Image (left), Image after DCI implementation (right)

The ideal enhancement would be focusing only on the ROI rather than improving the
contrast of other features in the image. This is possible if we isolate the ROI from the rest of the
image. Figure 4.4 shows the DCI implementation on a pre-defined ROI from the image. This
allows the image not to lose other important features in the process of image enhancement and get
the improved contrast for the ROI simultaneously.

Figure 4.4: DCI implementation on pre-defined region of interest

33



The DCI algorithm needs to consider the region of interest for better and generic image
enhancement. It is challenging to compute the ROI for different applications. For lane detection,
the road is the ROI; for object detection, the surrounding is also included in the ROI. This task of
extracting ROIs from an image is known as image segmentation. Various neural networks give
image segmentation outputs from an image [52]. Figure 4.5 shows the image segmentation from
the MaskRCNN maodel [9] focusing on object detection. Similarly, various pre-trained models

give image segmentation for roads and other features.

Figure 4.5: Segmentation output for MaskRCNN model

As this research focuses on improving the robustness of neural networks with a data-
driven approach, we utilize the traditional image processing technique to focus on the ROIs in an
image. We are keeping the image enhancement framework independent from the neural networks.
Hence, we introduce contrast improvement to various ROIs of the image locally. The
development of extending the DCI to various local patches of ROIls in the image is a step closer

to the generalization of data-driven image enhancement.

4.2 Local-Dynamic Contrast Improvement (L-DCI)

The limitations of DCI leading to the washing out of the image due to overexposure are essential
to address. The goal is to focus on small regions of interest and apply DCI to those regions. This
localized image enhancement algorithm is called Local-Dynamic Contrast Improvement (L-DCI).

The entire image is split into a pre-defined number of regions of a selected size, and each part is
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treated as a separate ROI. Each ROI is converted from pixel to histogram space, and DCI is

implemented on every ROI separately. The L-DCI algorithm is as follows:

intensityimreshols = peak threshold (input parameter)
ROI = number of ROl windows in an image (input parameter)
FOR every ROl in an image
intensitypeaxk = intensity corresponding to the maximum number of pixels in the histogram

IF intenstiypeax < intensityinreshold
I'(xy) = a*Ixy)

IFI'(x,y) < 0:
I'(xy) =0
ELSE IF I'(x,y) > 255:
I'(x,y) = 255

ELSE

I'(x,y) = I(x,y)
NEXT ROI

Here, apart from the intensityinresnold,, the number of ROl windows in an image is also a
controllable input parameter. Figure 4.6 shows the implementation of DCI versus L-DCI on an
RGB image. For this implementation, the number of ROIs taken is 100.

Figure 4.6: Implementation of L-DCI, Source Image (left), DCI (middle), L-DCI (right)

It is clear from the figure above that the more ROIs, the better the localized dynamic
contrast enhancement for the image. However, the more the number of ROIs, the more the time
complexity of the algorithm. Figure 4.7 shows the implementation of L-DCI with various

numbers of ROI windows to weigh the performance versus runtime of execution.
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ROI: 16 (left), 25 (right)

ROI: 49 (left), 64 (right)

ROI: 100 (left), 121 (right)
Figure 4.7: Implementation of L-DCI for various number of ROIs

We performed a time complexity analysis to compute the supported frames per second
(FPS) by the L-DCI algorithm for the given number of ROl windows. We observed that the

supported FPS drops drastically as the number of ROIs increases. Currently, the camera hardware
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used on autonomous driving cars captures a visual feed at 30 FPS. Many state-of-the-art object
detection and classification algorithms can achieve FPS support comparable to the camera FPS
[53,54]. For our research, we extended the expected camera FPS support to 40 and optimized the
L-DCI algorithm to meet that targeted FPS by deciding the appropriate number of ROIs. Figure
4.8 shows the FPS comparison for various ROI blocks in the L-DCI implementation.

FPS comparision for various number of ROI blocks in Local-DCI

—8—Supported FPS Camera FPS

107

FPS

Supported

Number of ROI blocks

Figure 4.8: Runtime comparison of L-DCI implementation for various number of ROIs

The figure above shows that the FPS support drops below the camera FPS for 121 ROIs.
To achieve the target of running the L-DCI in real-time, we decided to keep the number of ROIs
at 100 for further implementations. L-DCI with 100 ROIs supports the execution of the algorithm
at 46 FPS.

As shown in Figure 4.6, the L-DCI algorithm implements the DCI for every region of
interest. The DCI algorithm does not consider the absolute values of current intensity levels
present in the image. It only decides if the image needs an enhancement based on the threshold
intensity. There might be a scenario where the ROI needs a contrast improvement, but it is very
minute. Suppose a constant enhancement factor is applied to all the ROIs qualified for
improvement. In that case, it might improve a few ROIs and lead to washing out of a few as their
need for improvement was different from the constant enhancement factor. This leads to a need

for a variable contrast improvement factor in the L-DCI algorithm.

4.3 Variable Local-Dynamic Contrast Improvement (VL-DCI)

The local improvements in an image give a better image than the DCI implementation. The ROls
are enhanced with a constant contrast improvement factor in L-DCI. A scale of variability is

added to the enhancement factor before implementing the L-DCI on all the ROIs of the image.
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This leads to Variable-Local-Dynamic Contrast Improvement Algorithm (VL-DCI). The ROIls
would be enhanced with a scale based on the ratio of the pre-defined threshold intensity and the
peak intensities of the histograms. The obtained improvement scale needs to be clipped to a

maximum value of 3, as it is the maximum value of a. The algorithm for VL-DCI is as follows:

intensitymreshola = peak threshold
ROI = number of ROI windows in an image (input parameter)
FOR every ROl in an image
intensitypeax = intensity corresponding to the maximum number of pixels in the histogram

scale = intensityinreshoid / INtENSitypeak

IF scale >3
o=23
ELSE
o = scale

IF intenstiypeax < intensityinreshold
I'(xy) = a*I(xy)

IFI'(x,y) <O0:
I'(x,y) =0
ELSE IF I'(x,y) > 255:
I'(x,y) = 255
ELSE
I'ty) = Iky)
NEXT ROI

Adding the scale factor allows the input parameter of intensityinreshold t0 be kept constant
for various datasets. The scale would take care of appropriate enhancements as it considers the
intensitypeax Of the ROI. VL-DCI has one input parameter: the number of ROI windows in an
image. By the time complexity analysis presented in the earlier section, it can be set to 100 ROIs
for better results and achieving real-time execution. Figure 4.9 shows the implementation of VL-
DCI on an image split into 100 ROI windows. Four ROIs were selected randomly to visualize the

histograms of intensities and the scale of enhancements.
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Figure 4.9: Implementation of VL-DCI

Figure 4.10 shows the output images from DCI, L-DCI, and VL-DCI implementations. It
is evident that the poor contrast regions of the source image are improved, and the over-contrast

regions are with reduced contrast in the VL-DCI implementation.

N,

Figure 4.10: Source image (left-top), DCI (right-top), L-DCI (left-bottom), VL-DCI (right-
bottom)

-
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As VL-DCI takes the current intensity peak of the ROI into consideration, the scale plays
an important role in reducing the contrast in the overexposed patches of the images. If the image
is highly overexposed and the features are missing in the source image, it will not regenerate the
features. However, if the overexposure is such that the features are visible in the source image,
then VL-DCI would reduce the contrast and make those feature highlight. Figure 4.11 shows VL-

DCI resolving the vehicle headlight glare issue that was prominent in the CI implementation.

p— : V* |

Figure 4.11: VL-DCI algorithm addressing the headlight glare issue, Source image (top), CI
(middle), VL-DCI (bottom)
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The object detection neural network was implemented on the dataset obtained from VL-

DCI implementation. Figure 4.12 shows the improvements in the recall and precision of the

detections in VL-DCI from DCI and source implementations.

TP=2,FN=6,FP=0 TP=3,FN=5FP=0 TP=3,FN=5FP=0
R=0.25P=1

TP=3,FN=2,FP=0 TP=3,FN=2,FP=0 TP=4,FN=1,FP=0
R=0.60,P=1 R=0.60,P=1 R=0.80,P=1

TP=3,FN=1,FP=1 TP=3,FN=1,FP=0 TP=4,FN=0,FP=0

R=0.75,P=0.75 R=0.75P=1 R=1,P=1

Figure 4.12: Improvement in recall and precision with VL-DCI implementation, Source
image (left), DCI (middle), VL-DCI (right)

Due to the scaling of enhancement to all the ROIs in an image, the output after
implementing VL-DCI is patchy. The edges appear brighter due to sudden changes in the contrast
values of the adjacent ROIs. This leads to neural networks missing the detections in some cases.

Figure 4.13 shows images where the NN could not detect the vehicles in the scene.
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Figure 4.13: Issues of appearing edges of ROIs with VL-DCI |mplementat|on

Smoothening of the output image generated by the VVL-DCI algorithm is needed to reduce
the sudden differences in the contrast between the adjacent ROIs. It can be done by smoothening
the ROls to get a continuous image, improving the neural network detections.

4.4 Smoothened Variable Local-Dynamic Contrast Improvement
(SVL-DCI)

The VL-DCI implementation gave rise to an image with highlighted borders shared between the
ROIs having a different scale of improvement. The object detection neural network considers
spatial information to detect an object confidently. If the object is split into different ROIs, as
shown in Figure 4.13, the same object has a different level of contrast at different locations. This
makes the NNs task difficult. A smooth transition between the scales of improvements for
adjacent ROls is essential. We extended the VL-DCI algorithm to smoothen the changes in the
intensities at the boundaries of ROIls. This algorithm is called Smoothened Variable Local
Dynamic Contrast Improvement (SVL-DCI).

We smoothened the image obtained after the implementation of VL-DCI. For
smoothening an image, there are various algorithms used, such as the Gaussian filter [55], fast
global image smoothening [56], and sigmoid function [57]. We used the sigmoid function as
given by equation 4.1, as using the Gaussian filter on the image was leading to blurring the
features, which was not intended.

SX)=1/(1+¢ (4.1)

Using the sigmoid function, a 2D normal distribution was obtained that would give the
scale values in the range [0,3]. Figure 4.14 shows a sigmoid distribution for a kernel size of
200x200.
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Figure 4.14: Sigmoid distribution

This sigmoid distribution was further modified with the kernel size and applied to every

ROI in the image to smoothen the edges. The results are shown in Figure 4.15.

i &
Figure 4.15: Attempt to smoothen the edges of ROls

The output image shown in the figure above was not expected. The main issue with the
current algorithm is that the image is generated with VL-DCI and then smoothened with the
sigmoid after. The algorithm is modified to generate a smoothened image by utilizing matrix
multiplication. When the image is split into various ROIs, and the scale is computed based on the
histogram of the ROI, a scale matrix of the size of the image is created that has all the scale

values associated with the corresponding pixels. Instead of applying this scale matrix to the image
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and then smoothening the output image, this scale matrix is smoothened with a 2D gaussian. The
smoothened scale matrix is now applied to the input image. This gives an image with the contrast
enhancements as VL-DCI while not losing any features as the image is not blurred. The SVL-DCI

algorithm is as follows:

intensitymreshola = peak threshold
ROI = number of ROI windows in an image (input parameter)
scale_matrix = matrix of image size
FOR every ROI in an image
intensitypeaxk = intensity corresponding to the maximum number of pixels in the histogram

scale = intensityinreshoid / INtENSitypeak

IF scale >3
oa=3
ELSE
o = scale

FOR every pixel in an ROI
scale_matrix = a
NEXT ROI
smoothened_scale_matrix = 2D_Gaussian(scale_matrix)

smoothened_image = image * smoothened_scale_matrix
The scale matrix obtained before smoothening is shown in Figure 4.16. After applying

2D gaussian to this matrix, the edges between the ROI blocks smoothen out and give a
smoothened scale matrix, as shown in Figure 4.16.

3.0 3.0
Scale Matrix Smoothened Scale Matrix
[
100 2.5 2.5
200
2.0 2.0
300
400 15 15
500
10 | 10

1] 100 200 300 400 500 600 700

0 100 200 300 400 500 600 700

Figure 4.16: Smoothening of scale matrix
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When applied to the input image, this smoothened scale matrix gives a smoothened
image enhancement. Figure 4.17 shows the gradual image enhancement with SVL-DCI versus
the VL-DCI implementation.

Figure 4.17: Image enhancement using SVL-DCI, source image (left), VL-DCI (middle),
SVL-DCI (right)

We implemented the MaskRCNN on the SVL-DCI dataset and obtained improvements in
the detections. The issue of the objects not getting detected due to the split between multiple
ROls is addressed with the implementation of SVL-DCI. Figure 4.18 shows the improvement in
the detection of SVL-DCI versus VL-DCI.
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Figure 4.18: Improvement in object detection, VL-DCI (left), SVL-DCI (right)

The SVL-DCI algorithm is a generalized data-driven algorithm to improve image
contrast and neural network robustness. The quantification of recall and precision of detections
for the MaskRCNN is discussed in the results section. The summarized result explains how
various algorithms have improved detection performance for the neural network.
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Chapter 5

5. Results and Discussion

Various neural networks [58,59] use a 10% sampling of the entire dataset to generate the
performance metrics of the networks. In this research, we collected a random sample of 15% of
the total dataset for the object detection model to validate the proposed method. This consists of a
total of 363 images out of 2470 images. The MaskRCNN model classifies the object into various
classes. For our study, we focused on three classes Vehicles, Pedestrians, and Road Safety, as
these classes are the most crucial for autonomous vehicles. The vehicle class considers all the
various types of cars, trucks, and vans. The road safety class considers traffic lights, traffic signs,
and stop signs. A manual ground truth labeling of the test data is performed for these classes.
Neural networks are examined based on various performance measures depending on the
application. Taha and Hanbury, 2015 [60] have explained a few important metrics for evaluating
image segmentation models. In this research, we validate the networks on three performance
measures: recall and precision, accuracy, and F-score. True Positive Rate (TPR), also called
recall, measures the fraction of retrieved relevant instances. Positive Predictive Value (PPV),
called precision, measures the fraction of relevant instances among the retrieved instances.
Equations 2.1 and 2.2 show the formula to compute recall and precision. The accuracy of the
neural network is defined as the number of correct predictions divided by the total number of
predictions. Equation 5.1 shows the formula to compute the accuracy of the neural network. F-
score is the metric of performance measure that considers a weighted factor that determines the
importance of recall over precision or vice versa. Equation 5.2 shows the formula to compute the
F-score of the neural network. Ye et al., 2012 [61] explained how to obtain the F-score with
various values. To add more weight to precision, 8 < 1, and to add more weight to recall, g > 1.
In our study, recall is more critical than precision. Hence, we consider 8 = 2, giving recall twice
the importance as the precision [62].
accuracy = (TP + TN) /(TP + TN + FP + FN) (5.1)

F-score = [(B? + 1) * precision*recall] | [(B? * precision) + recall) (5.2)

In the end, to validate the time complexities of the algorithms, we compare the runtime of

execution for various developments in the contrast improvement algorithm.
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5.1 Performance Comparison: Recall and Precision

We observed a promising improvement in the recall and precision of detections. Table 5.1 shows
the improved recall and precision values for various implementations. Table 5.2 shows the
percentage improvement in the performance of the MaskRCNN with contrast improvement

algorithm versus VL-DCI versus SVL-DCI from the baseline implementation.

Algorithm Recall Precision
Baseline 0.47 0.64
Contrast Improvement 0.50 0.65
VL-DCI 0.51 0.66
SVL-DCI 0.52 0.66

Table 5.1: Improvement in the recall and precision

Algorithm Recall Precision
Contrast Improvement 7.2% 2.6%
VL-DCI 8.1% 3.8%
SVL-DCI 10.4% 4.1%
Table 5.2: Percentage improvement from th_e_baseline implementation in the recall and
precision

Figure 5.1 shows a graphical representation of the percentage improvement in the
performance of neural network detections in baseline implementation with various algorithms.
This improvement in recall and precision is critically important in autonomous driving as it

represents an increase in the number of correct predictions as well as a reduction of FN and FP.

% Improvement in Recall and Precision for various algorithms
B Recall [l Precision
12.5% |

10.4%

100%
7.5%
50%

25% —

‘Contrast Improvement VL-DCI SVL-DCI

Algorithm

Figure 5.1: Percentage improvement from the baseline implementation in the recall and
precision
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5.2 Performance Comparison: Accuracy

Accuracy is the most frequently used measure of the performance of the neural network. It is a
measure of correctly predicted classes. We noticed an encouraging rise in detection accuracy.
Table 5.3 shows the improved accuracy values for various algorithms. Table 5.4 shows the
percentage improvement in the accuracy of the neural network with contrast improvement

algorithm versus VL-DCI versus SVL-DCI from the baseline implementation.

Algorithm Accuracy
Baseline 0.45
Contrast Improvement 0.48
VL-DCI 0.48
SVL-DCI 0.49
Table 5.3: Improvement in the accuracy
Algorithm Accuracy
Contrast Improvement 6.4%
VL-DCI 7.2%
SVL-DCI 9.0%

Table 5.4: Percentage improvement from the baseline implementation in the accuracy

Figure 5.2 depicts graphically the percentage increase in neural network detection
accuracy over baseline implementation using different techniques. The gradual increase in the

accuracy of the neural network signifies that logically complex image enhancement algorithms

can improve the images better.
% Improvement in Accuracy for various algorithms

100% T 9.0%

7.5%

50%

Accuracy

2.5%

VL-DCI SVL-DCI

Contrast Improvement

Algorithm

Figure 5.2: Percentage improvement from the baseline implementation in the accuracy
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5.3 Performance Comparison: F-score

The F-score is a performance metric for neural networks that accounts for a weighted component
that establishes the relative relevance of recall and precision. It measures classes that were
incorrectly predicted. Table 5.5 shows the improved F-score values for various implementations.
Table 5.6 shows the percentage improvement in the F-score of the network with contrast
improvement algorithm versus VVL-DCI versus SVL-DCI from the baseline implementation.

Algorithm F-score
Baseline 0.49
Contrast Improvement 0.52
VL-DCI 0.52
SVL-DCI 0.53

Table 5.5: Improvement in the F-score

Algorithm F-score
Contrast Improvement 6.8%
VL-DCI 7.3%
SVL-DCI 9.5%

Table 5.6: Percentage improvement from the baseline implementation in the F-score

Figure 5.3 depicts graphically the percentage increase in neural network F-score over
baseline implementation using different techniques. F-score is critical, particularly in the
autonomous driving application, as can be designed to give more weight to the recall over

precision and the gradual increase in F-score indicates the improvement in recall.

% Improvement in F-score for various algorithms

100% 9.5%
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Contrast Improvement YL-DCI SVL-DCI

Algorithm

Figure 5.3: Percentage improvement from the baseline implementation in the F-score
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These results of improved performance of the neural network are promising and support
the hypothesis that a generalized data-driven approach can be utilized to improve the robustness
and accuracy of neural networks. The SVL-DCI algorithm can be implemented on various
datasets for applications such as object detection, object classification, image segmentation, pose

estimation, depth perception, and other image enhancement models.

5.4 Runtime Comparison

The baseline implementation of linear contrast improvement is very naive and computationally
inexpensive. As we made progress and developments in the image enhancement algorithm, the
logical complexities of the algorithm increased and increased in the execution time. The
histogram generation in DCI adds computational processing and increases the execution time
further than the linear contrast improvement algorithm. The localization of the DCI by splitting
the image into multiple ROIs is the most time-consuming step in the L-DCI algorithm, as the DCI
is performed in a loop for a number of iterations equal to the number of ROIs. The optimal
number of ROIs to get a real-time execution is 100. This runtime study is performed on a
MacBook Pro with an Apple M1 Pro chip. System details are as follows:
Software: macOS Ventura (13.0.1), Memory: 16 GB, Hardware: 10-core CPU, 16-core GPU

To quantify the time of execution for the algorithms, we utilized frames per second (FPS)
as the quantification matrix. The FPS drops sharply as we progress from contrast improvement to
dynamic contrast enhancement and later to local-dynamic contrast improvement. As this research
focuses on a data-driven algorithm that could perform a real-time execution, the targeted FPS
support is 40. Figure 5.4 shows the FPS comparison for various algorithms and the targeted

camera FPS.

FPS comparison for image enhanancement algorithms
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Figure 5.4: Runtime comparison in terms of FPS support for various algorithms
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The figure above shows that the L-DCI algorithm supports the execution at 46 FPS. We
also computed the runtime of executions for VL-DCI and SVL-DCI. The major bottleneck in the
execution is splitting the image into various ROIs. Hence there was no FPS drop in the VL-DCI

and SVL-DCI executions to the L-DCI implementation.
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Chapter 6

6. Conclusion

Autonomous driving technology is constantly evolving, and perception is essential to this
technology. Computer vision and image processing have found various applications, such as
object detection, object recognition, and image enhancements, in improving the perception of
autonomous vehicles. Traditional computer vision algorithms utilizing various image filtering
techniques and convolution operations have limitations as the scenes in the real world are
dynamically changing. Moreover, these classical algorithms are computationally expensive.
Neural networks can address these limitations and perform on a wide variety of applications with
considerable success. Neural networks are trained on a vast dataset, and the quality of that data
decides the training weights and biases for the network. The training datasets are most of the time
captured in ideal scenarios, such as a bright scene with clear weather. Vehicles operating in the
real world often must deal with low light conditions and adverse weather conditions such as rain
and snow. Neural network algorithms lose detection efficiency and accuracy in such scenarios. It
is critical to improve the NNs’ robustness and accuracy to aim to enable vehicle autonomy.

The method proposed in this research is a data-driven approach to improve the
performance of neural networks. This approach focuses on dynamic image enhancement by
keeping the implementation independent of neural networks. It would serve as a preprocessing
framework for the dataset before passing it to the neural network. We studied various factors that
affected the performance of neural networks and observed that the color and contrast of the
features in an image are significant. The overall framework consists of two processing blocks: a)
Image colorization and b) Image enhancement.

The image colorization block is utilized to check and correct the RGB color distribution
of the image if required. The histogram of pixel intensities versus the number of pixels belonging
to that intensity is used to inspect the intensity distribution of every color channel of the image.
For any image, the RGB histograms should be separated from each other. The algorithm decides
that the image needs a color correction if any of these overlaps. A pre-trained GAN is used to
colorize the image. The input RGB image is converted to LAB space, and the GAN predicts the
values of the A and B channels to generate a color correction. Once the image is color corrected,

it is passed to the image enhancement block.
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The image enhancement algorithm has evolved from the baseline implementation of
linear contrast improvement by adding logical complexities to the approach, making it robust and
dynamic. The dynamic contrast improvement algorithm considers the lighting conditions to
decide whether the image needs an enhancement. The histogram of grayscale pixel intensities
versus the number of pixels belonging to that intensity is plotted. Manual thresholding is applied
to the histogram distribution to classify images into brighter and darker classes. Brighter images
are passed through the framework without changes, and the darker images are enhanced with
linear contrast improvement. The DCI is further extended to give localized enhancements to the
image. An image is split into pre-defined ROIs, and DCI is applied to all the ROIs individually.
This local dynamic contrast improvement helps the image enhancement to better localize
throughout the image. A variable factor of scale is added to the linear contrast improvement to
change the contrast of the ROIs as required. This implementation of VL-DCI gives an output
image with bright edges between ROIs. A 2D gaussian is applied to the scale matrix and then
convolved with the input image. The output of SVL-DCI is a smoothened enhanced image.

We implemented MaskRCNN on the datasets generated by DCI, VL-DCI, and SVL-DCI.
We found promising results in the performance of the neural network. The improvement in recall
from the baseline implementation is 7.2% for DCI, 8.1% for VL-DCI, and 10.1% for SVL-DCI.
The improvement in precision from the baseline implementation is 2.6% for DCI, 3.8% for VL-
DCI, and 4.1% for SVL-DCI. The accuracy and F-scores are also improved in a similar
proportion to the baseline implementation. We quantified the execution runtime in terms of
supported FPS for the various developments in the image enhancement algorithm. The baseline
implementation of contrast improvement supports 236 FPS, DCI supports 148 FPS, and L-DCI
supports the execution at 46 FPS.

This research concludes that SVL-DCI can be implemented on various datasets to
improve the pre-trained neural network performance. SVL-DCI is a generalized image
enhancement algorithm that can be utilized for various applications such as object detection, lane

detection, pose estimation, and semantic segmentation.
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Chapter 7

7. Future Work

7.1 Integration of Color Correction in the End-to-End
Implementation

The image enhancement framework mentioned above currently considers the two aspects,
namely, image colorization and contrast enhancement, separately. The user has to manually
decide whether the color correction is needed by checking the color histograms of the image.
Once the decision is made, the pre-trained GAN is used to colorize the image. This color-
corrected image is then manually passed to the contrast enhancement block of the framework.

Figure 7.1 shows the current method in a flowchart.

Checking Identical R or Image
Input Image = color ) | GorB — Colorization
histograms Channels using GANs

Channels

Distinguishing | |
RGB i

Neural
Contrast :
Improvement Netwgrk
Detections

Figure 7.1: Manual implementation (blocks grouped with dashed line), end-to-end
implementation (blocks with solid line)

The contrast enhancement algorithm can be further modified to take an input image and
generate the color histograms. The percentage difference between the distribution of the RGB

channels can be measured in order to determine the colorization of the image. The GAN can be
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attached prior to implementing the contrast improvement algorithm, making the code an end-to-

end execution. Figure 7.2 shows the proposed integration of color correction in the algorithm.

Checking Identical R or Image
Input Image =, color ) | GorB ) | Colorization
i histograms Channels using GANs

J

i RGB

Channels
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Neural
Contrast »
Improvement Netwgrk
Detections

Figure 7.2: Image enhancement end-to-end implementation (blocks grouped with dashed
line)

This would be an end-to-end implementation. The framework would generate an
enhanced image as an output for a given input image. Incorporating image colorization in the
main framework would be computationally expensive as it involves the implementation of a pre-
trained GAN. This would cause the execution time to increase, resulting in an FPS drop. The
algorithm would not be able to run in real-time. An alternative solution to image colorization

using GAN would help maintain real-time execution.

7.2 Implementing Non-Linear Contrast Improvement

The image enhancement proposed in this research is based on a solid foundation of linear contrast
enhancement. The further development of SVL-DCI is obtained after adding logical complexities
to the baseline implementation of the linear contrast improvement algorithm. Consider an RGB
image of size MxN pixels. Given the pixel at the location (X,y), the intensity of that pixel, 1, is a
vector of intensity values for R, G, and B channels given by equation 7.1:

I(x,y) = [Ir I 1g]" (7.2)
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Linear Contrast Improvement function, f(l), changes the intensity of the pixel at the
location (x,y), as shown below:

Pxy) = a*l(xy) +p (7.2)

This contrast improvement function could be further modified, and a non-linear term
could be introduced. Non-linear contrast improvement is useful to remove the shadows from the
image and helps deal with high-contrast images [63-66]. The function f(l) is given by equation
7.3:

I(x,y) = A*I(x,p)v (7.3)

A is a positive constant to the intensity value, and vy is the non-linear factor known as the
gamma value. Gamma-value less than one is called encoding gamma, which is used to make the
darker regions lighter. Gamma-value more than one is called decoding gamma and is used to
make the shadows darker.

There are various logarithmic transformation functions for modifying the pixel
intensities. The image enhancement function f(I) for a log transformation is given by equation
7.4
DI(x,y) = A*log(1 + I(x,y)) (7.4)

A is a positive constant to scale the pixel intensity. Log transformation is used when an
image has more low-value pixels than high-value pixels. The image will be enhanced further
when this technique is used on images with higher pixel values. The information on the image's
features will be lost as the pixel values reach the maximum intensity limit.

The overall framework can be utilized as described in this research. SVL-DCI can be
implemented on an image with any non-linear contrast improvement function. The algorithm is

modular and scalable, and the image enhancement function can be modified anytime.
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