
 

Image Analytics and Artificial Intelligence 

Architectures for Medical and Forensic Applications 

 

 

A dissertation submitted by 

Rahul Rajendran 

 

in partial fulfillment of the requirements for the degree of 

Doctor of Philosophy 

In 

Electrical Engineering 

Tufts University 

 

May 2022 

© 2022, Rahul Rajendran, All rights reserved 

Advisor: Dr. Karen Panetta



I | P a g e  
 

Abstract 

Artificial Intelligence (AI) has emerged as a critical technology that enables machines to 

learn from their experiences, adapt to new inputs, and perform tasks similar to those performed by 

humans. With improvements in methodology and the availability of large databases, AI systems 

are capable of achieving exceptional performance on a variety of complex tasks. Despite these 

groundbreaking advances, challenges continue to exist that inhibit or even prevent the widespread 

adoption of AI in certain applications. For example, (1) the high complexity and energy demands 

of current AI models make it difficult to deploy them in resource-constrained environments, (2) 

the poor quality of data impacts the performance of the AI systems and leads to inaccurate 

predictions, and (3) the lack of understanding of the underlying process reduces the trust in and 

the verifiability of the decisions made by the AI system. 

This dissertation addresses the present challenges and opportunities by promoting the 

development of high-performance, low-cost AI-inspired architectures. In particular, this 

dissertation focuses on addressing the following questions: 

 Can the enhancement and augmentation of low-quality data improve the performance of 

AI systems? 

 Is it possible to reduce the number of parameters in a neural network while increasing its 

accuracy and robustness? 

 Can the integration of visual perception and cognition of the expert into current 

architectures demystify the “black-box” element of AI? 
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The contributions of this dissertation are expected to facilitate the development of efficient 

models that will accelerate the adoption of AI in medical and forensic applications. 

 



 

To my family 
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Chapter 1. Introduction 

1.1. Overview 

Artificial Intelligence (AI) is one of the most prolifically growing areas spanning into every 

section from medicine to self-driving vehicles. AI has demonstrated a capacity to process and 

analyze massive amounts of data to help humans explore, explain, and expand our capabilities to 

understand the world around us. The significance of AI is likely to grow and more diverse sectors 

will use it as a foundational tool to process and analyze the massive amounts of disparate data.  

Over the last few years, significant advancements in AI have been made in the field of 

medicine and forensic science [1-4]. In particular, deep learning (DL), a subset of AI, has been 

extensively used for analyzing and extracting valuable information from images. With the 

availability of increased computation power, DL-based algorithms are best suited for performing 

complex tasks and working with large amounts of unstructured data [5].  

In the field of medical imaging, different imaging modalities, such as CT, MRI, X-ray, and 

ultrasound, are used by physicians and radiologists to detect, diagnose, and treat a wide range of 

disorders that occur in various sections of the human body. Imaging diagnosis involves the visual 

perception of images and the application of pattern recognition to differentiate normal from 

abnormal findings, followed by detailed characterizations of these findings that would allow for 

interpretation [6]. The interpretation thus derived enables appropriate patient care and 

management. All radiological investigation necessitates the interpretation by the radiologist to 

arrive at a diagnosis. Although efficient, human inspection requires specialized training and a 
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radiologist's time, which are increasingly expensive [7]. Human examination gives a subjective 

judgment, which may fluctuate from one practitioner to another, which results in a degree of 

uncertainty in quantitative estimation. Furthermore, inspection results could be affected by factors 

such as fatigue and distraction due to cognitive overload.  

In forensics, identifying specific patterns in large amounts of data is critical. This could 

involve tasks ranging from analyzing crime scenes to recognizing patterns in texts. Traditional 

forensic analysis relies on forensic experts manually extracting information from crime scene 

evidence [8]. Not only is this time-consuming, but also complicated by subjective factors. Human 

error in forensic testing is one of the most common problems that forensic scientists face, and these 

errors frequently lead to incorrect results [9, 10]. The advent of DL systems offers the prospects 

of more accurate and more efficient results in forensic testing. 

Despite these potentials, DL-based solutions have not yet become the norm in routine 

medical and forensic practices. To work as intended, DL algorithms require access to a continued 

supply of data for training, testing, and validating. To ensure widespread adoption, data may need 

to be shared across multiple institutions and potentially across nations. However, due to privacy 

concerns and legal restrictions, it can be difficult to access some of this data [10]. The quality of 

data plays a significant role in developing accurate DL models. The performance of the algorithm 

is highly contingent on the quality of the training data; low-quality data will result in low-quality 

outcomes. To parse low-quality data and generate comparable results, advanced and deeper models 

are required. Such models are computationally expensive to train, requiring significant memory 

and computational resources.  
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There are two well-known approaches that can be used to address the limited availability 

of data. The first entails applying the transfer-learning concept. Transfer learning is used to 

enhance the performance of a model or a system in a given domain by transferring information 

from a related domain [11]. While the transferred data does not directly augment the real data, it 

will aid in enhancing the original data input representation and the mapping function. The second 

approach involves synthetic data generation. Synthetic data allows you to create artificial data from 

scratch or use complex data manipulation techniques to create new and unique training instances. 

This approach is particularly useful for enriching data and eliminating bias. 

In addition to the issues mentioned above, AI is also prone to cognitive bias, just like the 

human brain. Human cognitive biases are heuristics or mental shortcuts that influence decision-

making and thinking, resulting in errors in reasoning. Stereotyping, the bandwagon effect, 

confirmation bias, priming, and selective perception are some examples of cognitive biases [12]. 

The inherent cognitive biases of the human programmer, the size, collection methodology, source 

of data, algorithmic designs, and manual human adjustments are some of the ways in which human 

cognitive bias is transferred to AI. Existing strategies for overcoming bias rely mostly on changing 

the dataset by adding more samples, enhancing the input data through improved pre-processing, 

including human-in-the-loop, and providing algorithmic confidence alongside the prediction to 

assist humans in determining how much emphasis should be given to the prediction. However, 

these methods necessitate a large workforce to program the algorithms and collect new data to be 

implemented. Furthermore, in the current AI framework, an AI system is trained to perform a 

single task, most often utilizing a single form of input data, and the entire system is activated to 

perform the task. As a result, the AI framework will require a large and specialized dataset, 
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consume more time to train each task, and consume massive amounts of computer power and 

energy. 

Researchers are striving to create AI models that can match or even surpass human 

capabilities. To meet this expectation, it is crucial to have accurate data to develop such models 

that can mimic the behavior of a human expert. AI has demonstrated a particularly impressive 

ability to recognize patterns in data through correlation. But such models are fundamentally blind 

to the cause and the effect. For example, unlike a human doctor, AI algorithms cannot explain why 

a particular image may suggest a disease. Furthermore, human involvement is pivotal in the field 

of medicine; however, current state-of-the-art systems are limited to visual imagery alone, and 

humans turn into passive observers. To truly mimic an expert, the AI system must consider the 

visual perception and cognition of the human. 

This dissertation addresses these shortcomings by promoting the development of high-

performance, low-cost AI-based architectures for medical and forensic applications. In particular, 

this dissertation focuses on addressing the following questions: 

 Can the enhancement and augmentation of low-quality data improve the performance of 

AI systems? 

 Is it possible to reduce the number of parameters in a neural network while increasing its 

accuracy and robustness? 

 Can the integration of visual perception and cognition of the expert into current 

architectures demystify the “black-box” element of AI? 

In addressing these questions, this dissertation explores and demonstrates the importance 

of fundamental elements that aid in developing reliable AI systems. The dissertation focuses on: 
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 Developing algorithms and metrics to improve and analyze poor/low-quality images for 

better human perception and improved detection. 

 Creating high-performance, lightweight neural networks for real-time applications tailored 

to image interpretation and deployment on edge devices. 

 Enabling AI systems to combine multimodal data and generate more explainable models 

while maintaining a high level of performance. 

 

1.2. Objectives 

The overall objective of this dissertation is to develop and investigate novel methods and tools that 

address the aforementioned questions by demonstrating their effectiveness in medical and forensic 

applications, including feature enhancement and detection, segmentation, and classification. 

 Following are some of the tasks that were performed to accomplish the goals of this 

dissertation: 

1. Develop an edge-aware enhancement algorithm that enhances the quality of images and 

augments datasets to improve the performance of DL systems. 

2. Develop a scale and rotation invariant image stitching algorithm that utilizes state-of-the-

art feature detection and matching algorithms to generate panoramic images. 

3. Develop a lightweight, high-performance Convolutional Neural Network architecture that 

incorporates classical image processing techniques to improve the image segmentation 

accuracy and deploy such models on edge devices. 
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4. To implement an adaptive thresholding technique for color and grayscale images to 

differentiate between foreground and background segments. This technique can be utilized 

to annotate images and generate ground truths. 

5. To introduce the first-of-its-kind comprehensive multimodal dataset for benchmarking 

diagnostic systems and creating novel multimodal and explainable AI systems. 

1.3. Contributions 

1. Feature Enhancement: The quality of data is of great importance in both medical and 

forensic applications. Images in these domains are often accompanied by noise and 

unwanted artifacts, making it hard for the observer to analyze and discern certain features. 

With the focus now shifting from human-based analysis to AI-based analysis, the quality 

of data will play a significant role. Furthermore, AI systems usually require large amounts 

of training data. With privacy concerns and legal restrictions, the lack of data can prove to 

be a bottleneck in developing efficient AI systems. This dissertation presents a novel edge-

aware image enhancement algorithm to improve the quality of images. The algorithm was 

utilized to enhance panoramic radiograph x-ray images. In addition, state-of-the-art image 

enhancement techniques are employed to generate synthetic data to develop and improve 

a thermal emotion recognition system. 

 

2. Development of a scale and rotation invariant image stitching algorithm: Two 

adaptive correlation techniques are developed to generate a high-resolution panoramic 

view of the environment. The performance of the image stitching algorithms was tested on 

underwater images. In addition, a new technique for underwater image quality measure is 
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proposed by combining the spatial and transform domain approaches based on the human 

visual system. 

 

3. Development of a dual decoder-based CNN architecture: a new 2D CNN architecture- 

KTNet is developed for image segmentation, which utilizes the features obtained from edge 

enhanced images. The network comprises of a dilated ResNet encoder architecture and a 

novel dual decoder branch that was designed to individually segment the kidney and tumor 

regions. 

 

4. Multimodal Dataset: The Tufts Dental Database, a new X-ray panoramic radiography 

image dataset, has been presented. This dataset consists of 1000 panoramic dental 

radiography images with expert labeling of abnormalities and teeth. This first-of-its-kind 

multimodal dataset also includes the radiologist's expertise, captured in the form of eye-

tracking and audio. The comprehensive dataset will serve as a foundation for developing 

the next generation of multimodal and explainable AI systems. 

 

1.4. Organization 

Fig.  2.1.1 provides a visual overview of the dissertation. The dissertation is divided into 

two main sections: feature engineering and image analytics. Each section is further broken down 

into chapters that are tailored to specific tasks and applications.  
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Fig.  2.1.1: A visual overview of the dissertation. The focus of the dissertation is to develop 
novel methods and systems for applications in medical and forensic sciences.  

 

Feature Engineering 

Feature enhancement: Chapter 2 begins with a brief introduction to the importance of 

medical image enhancement and a literature survey of the current medical image enhancement 

techniques. The chapter presents a novel edge-aware image enhancement tool to improve the 

quality of panoramic radiographic X-ray images (Objective 1). This enhancement is designed to 

eliminate the noisy components of the image while simultaneously improving its contrast. Finally, 

the performance of the enhancement technique is quantitively evaluated and compared with 

various state-of-the-art methods. 
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Feature enhancement: Chapter 3 presents a robust thermal emotion recognition system – 

TERNet. The customized architecture adopts features obtained via transfer learning from the 

VGG-Face CNN model, which is further fine-tuned with the thermal expression face data from the 

TUFTS face database [13]. The chapter provides further insights on the applications of feature 

enhancement in generating synthetic data for training and validation (Objective 1). 

Feature Detection and Matching: Chapter 4 provides an overview of the state-of-the-art 

feature detection and matching algorithms. These algorithms were utilized for two specific tasks: 

(1) to match antemortem and postmortem dental radiographs and (2) to develop a color transfer 

algorithm.  In addition, a scale and rotation invariant image stitching algorithm is proposed to 

generate a panoramic view of the underwater environment. The algorithm is further evaluated by 

testing its robustness in different applications (Objective 2). 

Image Analytics 

Segmentation: Chapter 5 presents a novel 2D CNN architecture to segment kidney and 

tumor regions from Computed Tomography (CT) images. The network comprises of a Dilated 

ResNet encoder architecture and a novel dual decoder branch. In addition, features were extracted 

from edge-enhanced images to boost the performance of the system (Objective 3). 

Segmentation: Chapter 6 proposes a new local human visual-based thresholding technique 

dedicated to nuclei segmentation from H&E stained images (Objective 4). H&E images are stained 

with specific colors to differentiate each component in the tissue. Segmentation and analysis of 

such images are problematic, as they present high color and cell clusters variability. The chapter 

also provides a visual comparison of the proposed algorithm with existing thresholding techniques.  
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Classification: Chapter 7 proposes a system to assess the aggressiveness of an incidentally 

detected renal mass using CT images. A tumor roughness score is employed to categorize the type 

of tumor. Finally, linear regression analysis noted that the roughness score is the most influential 

on the model, with all other demographics being equal, including tumor size. 

Tufts Dental Database: Chapter 8 introduces a novel multimodal panoramic x-ray dataset 

for benchmarking diagnostic systems. This multimodal dataset consists of a tooth segmentation 

mask, abnormality mask, maxillomandibular region of interest mask, eye-tracking gaze map, and 

text description of the abnormality. The dataset opens the opportunity to seamlessly integrate the 

radiologist's expertise into the AI system, making it more efficient and reliable. It also paves the 

way for a new generation of AI systems to highlight the identified features and explain the reasons 

for the outputs generated (Objective 5). 

Chapter 9 summarizes the dissertation and provides insights into future research directions 

and opportunities that build on the ideas presented in this thesis. 
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Section 1: Feature Engineering
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Chapter 2. Image Enhancement 

2.1. Introduction 

Medical imaging systems commonly utilize image enhancement to better visualize images 

of the human body and its organs. Good quality images help medical professionals in detecting 

and diagnosing irregularities or abnormalities. Acquiring accurate and consistent images and 

enabling accurate observations is challenging in medical image acquisition. Many previous efforts 

and ongoing research have been directed toward the problem of improving the distinguishability 

of significant features in medical images to simplify the diagnosis process for a given application. 

[14, 15]. Various factors such as restricted image dimension, pixel resolution, and the compulsive 

effects caused due to noise are deemed as key components for poor visualization of images. 

Removing or suppressing noise from medical images is an arduous and delicate task. To minimize 

noise while retrieving diagnostically relevant image content, a compromise must be made between 

preserving the image features and retrieving diagnostically relevant image content. 

Image enhancement aims to improve the quality of images for subsequent analysis or image 

display. Image enhancement includes contrast enhancement, edge enhancement, noise filtering, 

sharpening, and interpolating [16, 17]. There is no known general theory of image enhancement. 

When an image is processed for visual interpretation, the ultimate judge of how well a method 

works is the expert looking at the image. The visual evaluation of image quality is highly 

subjective. The definition of a “good image” becomes an elusive standard used to evaluate an 

algorithm’s performance [18]. When the problem is processing images for machine perception, 

this evaluation task is somewhat easier. For instance, in a character recognition application, the 
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optimal image processing method would be the one that produces the best machine recognition 

results, disregarding other factors such as computational requirements. However, even when a 

clear performance criterion can be imposed on the problem, a certain amount of trial and error is 

usually required before selecting an image enhancement approach.[18]. 

Image enhancement can be broadly classified into two categories: spatial domain 

enhancement and frequency domain enhancement [19]. In the spatial domain, pixel values may be 

modified based on rules that depend on the original pixel value (local or point processes). Another 

class of operations combines or compares pixel values to others in their local neighborhood in 

various ways [20]. Spatial domain methods operate directly on the pixels of the image and are 

denoted by 

𝑔𝑔(𝑎𝑎, 𝑏𝑏) = 𝐿𝐿[𝑓𝑓(𝑎𝑎, 𝑏𝑏)] Eq.  2.1.1 

where 𝑓𝑓(𝑎𝑎, 𝑏𝑏) is the input image, 𝑔𝑔(𝑎𝑎, 𝑏𝑏) is the processed image, and 𝐿𝐿 is an operator on 𝑓𝑓, defined 

over some neighborhood of (𝑎𝑎, 𝑏𝑏). In addition, 𝐿𝐿 can operate on a set of images, such as performing 

a pixel-by-pixel sum of K images for noise reduction. 

Frequency domain techniques manipulate the image's orthogonal transform rather than the 

image itself. Frequency domain techniques are well suited for processing the image based on the 

frequency content [18]. The frequency-domain enhancement involves computing a 2-D discrete 

unitary transform of the image, such as the 2-D DFT, manipulating the transform coefficients with 

an operator M, and then performing the inverse transform. The orthogonal transform of the image 

has two components: magnitude and phase. The phase is used to restore the image back to the 

spatial domain. The transform domain enables operations on the image's frequency content; 

therefore, high-frequency content such as edges and other subtle information can easily be 



14 | P a g e  
 

enhanced. The edges and sharp transitions (e.g., noise) in an image contributes significantly to the 

high-frequency content of the Fourier transform. Whereas, the low-frequency contents in the 

Fourier transform are responsible for the general appearance of the image over smooth areas. The 

concept of filtering is easier to visualize in the frequency domain. Therefore, enhancement of 

image 𝑓𝑓(𝑥𝑥,𝑦𝑦) can be done in the frequency domain based on the Discrete Fourier Transform. This 

is particularly useful in convolution if the spatial extent of the point spread sequence ℎ(𝑥𝑥,𝑦𝑦) is 

larger than the convolution theory [21]. 

𝐺𝐺(𝑥𝑥,𝑦𝑦) = ℎ(𝑥𝑥,𝑦𝑦) ∗ 𝑓𝑓(𝑥𝑥, 𝑦𝑦) Eq.  2.1.2 

where 𝐺𝐺(𝑥𝑥,𝑦𝑦) is the enhanced image. 

Panoramic dental radiography is one of the most commonly used medical imaging 

techniques, both by general practitioners and dental specialists [22-24]. Various factors, such as 

the device used, the acquisition technique, and the subsequent processing of the acquired images, 

can influence the quality of the image [25, 26]. The major limitation of panoramic radiographs is 

their complex representation; a three-dimensional structure is represented in a two-dimensional 

plane, superimposing anatomical images.  

Contrast enhancement is a common technique applied to enhance radiographs and assist 

radiologists in making better assessments. Many contrasts, brightness, detail, and edge 

enhancement algorithms have been proposed [27]. In particular, histogram-based algorithms are 

commonly used in medical image enhancement. There are many variants of histogram-based 

algorithms, and they have been used to improve different types of images [27-32]. Veska [33] 

proposed an effective X-ray image enhancement approach to detect dental caries using Contrast 

Limited Adaptive Histogram Equalization (CLAHE), followed by morphological operations. In 
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addition, homomorphic filtering was used to eliminate the nonuniformity luminance distribution 

in the image. Rahmi-Fajrin [32] investigated how contrast enhancement results influence the 

dentist's evaluation. Shreyas [34] compared the performance of the Particle Swarm Optimization, 

Cuckoo Search Algorithm, and Artificial Bee Colony optimization to enhance periapical dental x-

rays. Chen [35] proposed a multiscale feature sensing network to enhance the quality of low-dose 

dental CT images under different downsampling methods. Suprijanto [36] evaluated the contrast 

quality of a digital image that was scanned using transmission and reflection mode based on the 

mean and standard deviation of the image. In addition, algorithms such as contrast stretching, 

histogram equalization, adaptive histogram equalization, and CLAHE were employed to enhance 

the panoramic radiographs. YangDai [37] proposed an enhancement method based on Single Scale 

Retinex. The image was divided into different regions using the knowledge of the dental CT’s 

histogram. Finally, a weighted Single Scale Retinex method is employed with a stronger 

enhancement in the region of interest and a relatively weaker enhancement in the other parts. 

Khairunnisa [38] used a fuzzy grayscale image enhancement technique to develop an algorithm 

for enhancing low contrast images. Low contrast images were degraded due to insufficient lighting 

during image capture. By maximizing fuzzy events contained in the image, the fuzzy grayscale 

image enhancement method is proposed. The membership function is then tweaked using the 

power-law transformation and the saturation operator to improve the image quality. Uday 

Kumbhar [39] proposed a method to enhance the medical images by using a median filter for 

removing noise from the images followed by unsharp mask filters and CLAHE. 

This chapter proposes an edge-preserving image enhancement system to enhance dental 

panoramic radiographs. The performance of the proposed system is visually evaluated and 

https://ieeexplore.ieee.org/author/37399894400
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compared to the state-of-the-art enhancement algorithms such as Histogram Equalization, 

CLAHE, Dynamic Fuzzy Histogram Equalization, and Bi-Histogram equalization. 

2.2. Proposed Work 

 

Fig.  2.2.1: A workflow of the proposed edge-aware enhancement system 

 

This section provides a detailed description of the enhancement system. The flow diagram 

of the process is illustrated in Fig.  2.2.1. The system encompasses image processing techniques 

such as guided filtering, edge enhancement, contrast enhancement, and image fusion. The system 

also employs CLAHE to enhance certain radiograph features. Each component is further explained 

in this section. 
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2.2.1. Guided Filtering 

In image processing, guided filtering [40] has become increasingly popular in eliminating 

noise. This filtering technique has a wide range of applications, including image fusion, 

colorization, image matting, and upsampling [41]. The guided filter outperforms other filters 

because of its non-approximate implementation, which results in superior image quality. 

Furthermore, this edge-preserving filter is computationally less expensive due to its invariance to 

the size of the filter [42]. Theoretically, a guided filter is defined as 

𝐺𝐺𝑖𝑖 = 𝛼𝛼𝑘𝑘𝐼𝐼𝑖𝑖 + 𝛽𝛽𝑘𝑘, ∀𝑖𝑖 ∈ 𝜔𝜔𝑘𝑘 Eq.  2.2.1 

where 𝜔𝜔𝑘𝑘 is an odd-size square window. The linear coefficients 𝛼𝛼𝑘𝑘 and 𝛽𝛽𝑘𝑘 are constant and are 

defined as 

𝛼𝛼𝑘𝑘 =

1
|𝜔𝜔|∑ 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝜔𝜔𝑘𝑘 𝑃𝑃𝑖𝑖 − 𝜇𝜇𝑘𝑘𝑃́𝑃𝑘𝑘

𝛿𝛿𝑘𝑘 + 𝜀𝜀
 

Eq.  2.2.2 

𝛽𝛽𝑘𝑘 = 𝑃́𝑃𝑘𝑘 − 𝛼𝛼𝑘𝑘𝜇𝜇𝑘𝑘 Eq.  2.2.3 

 where 𝛿𝛿𝑘𝑘 and 𝜇𝜇𝑘𝑘 represents the variance and mean of 𝐼𝐼 in 𝜔𝜔𝑘𝑘 respectively, |ω| depicts the number 

of pixels in 𝜔𝜔𝑘𝑘, and 𝑃́𝑃𝑘𝑘 is the mean of 𝑃𝑃 in 𝜔𝜔𝑘𝑘. A pixel 𝑖𝑖, involved in all overlapping windows 𝜔𝜔𝑘𝑘 

that covers 𝑖𝑖, is not identical when computed in different windows. Therefore, all possible values 

of 𝐺𝐺𝑖𝑖 are averaged. Hence the guided filter is defined as: 

𝐺𝐺𝑖𝑖 = 𝛼𝛼𝑖𝑖𝐼𝐼𝑖𝑖 + 𝛽𝛽𝑖𝑖 Eq.  2.2.4 

 where 𝛼𝛼𝑖𝑖 = 1
|𝜔𝜔|
∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑘𝑘𝜔𝜔𝑖𝑖  and 𝛽𝛽𝑖𝑖 = 1

|𝜔𝜔|
∑ 𝛽𝛽𝑘𝑘𝑘𝑘𝑘𝑘𝜔𝜔𝑖𝑖 .  
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For enhancing panoramic radiographs, the guided filter functions as an edge-preserving 

smoothing operator where the guide is similar to the filtering input image. Finally, the enhanced 

edge preserved output is obtained by 

𝐼𝐼𝑒𝑒𝑒𝑒ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = �𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑙𝑙 − 𝐺𝐺𝑖𝑖� ∗ 𝜆𝜆 + 𝐺𝐺𝑖𝑖 Eq.  2.2.5 

where 𝜆𝜆 is a constant. 𝜆𝜆 was set to 2 in this case, and the results of the guided filter can be visualized 

in Fig.  2.2.2. 

 

(a) 

 

(b) 

Fig.  2.2.2: The figure displays the result of the guided filtering process where (a) original image, 
and (b) guided filter output  
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2.2.2. Edge Enhancement 

Edges carry essential structural information for object classification [43] and are a growing 

area of research in computer vision [43]. Additionally, edge detection has been widely used in 

medical imaging, object tracking, computer-aided detection systems, biometrics, remote sensing, 

industrial machine vision and inspection systems, and geophysical applications [43-45]. In general, 

edge detection kernels are separable in the sense that they smooth the image in one direction while 

distinguishing it in the other. As a result, they can be characterized by a low and high pass filter 

pair. The concept of low pass and high pass filters, which are used to acquire edge information, is 

examined and used to generate filters for any specification. Consider two kernels, 𝐾𝐾𝑥𝑥 and 𝐾𝐾𝑦𝑦, that 

detect edges along the x and y directions. These kernels are defined as 

𝐾𝐾𝑥𝑥 = �
𝐿𝐿
𝑃𝑃
𝐹𝐹
� [𝐻𝐻 𝑃𝑃 𝐹𝐹] Eq.  2.2.6 

 

𝐾𝐾𝑦𝑦 = �
𝐻𝐻
𝑃𝑃
𝐹𝐹
� [𝐿𝐿 𝑃𝑃 𝐹𝐹] 

Eq.  2.2.7 

where HPF and LPF are classical high and low pass filters, respectively. As these filters are 

separable, various kernels can be generated by simple permutation and combination. 

 As edge detection is an essential stride in computer vision, it is necessary to acquire the 

true edges to get the best results from the matching process. It is essential to choose edge detectors 

that fit best to the application. As shown in Eq.  2.2.8, a 7x7 truncated kernel is employed to 

enhance panoramic radiographs. The kernel is normalized by dividing it by the absolute value of 

the total sum. The kernel is applied to the image by sliding it across its entirety and the gradient 
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map is acquired. The kernel is further rotated by 45, 90, and 135 degrees to detect edges in those 

directions. Finally, the directional gradient maps are added together.  

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡
1 1
1 2    1 0

2 0     −1 −1
−2 −2    −1

−1
1 2
1 2    3 0

3 0     −3 −2
−3 −2    −1

−1
1 2
1 2    3 0

2 0     −3 −2
−2 −2    −1

−1
1 1
      1 0

       −1 −1
      −1

 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 Eq.  2.2.8 

 The acquired gradient map is passed through a series of morphological filters, and the final 

edge map is obtained. For the filtering process, top and bottom hat filters were utilized. Using a 

suitable structuring element, these filters can extract dark or bright features from an image [46]. 

The top-hat and bottom-hat filtering function is defined as 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 (𝐼𝐼, 𝑠𝑠) = (𝐼𝐼 ⋅ 𝑠𝑠) − 𝐼𝐼 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (𝐼𝐼, 𝑠𝑠) = 𝐼𝐼 − (𝐼𝐼 ∘ 𝑠𝑠) 
Eq.  2.2.9 

where 𝐼𝐼 is the grayscale image and 𝑠𝑠 is the structuring element. A diamond shape structuring 

element is employed to obtain clear and prominent edges. The final gradient image is generated as 

formulated in Eq.  2.2.10. The gradient map obtained is further subjected to thresholding. The 

thresholding value is selected based on the application. For enhancing panoramic radiographs, the 

threshold value was set to 0.1. The acquired edges are visualized in Fig.  2.2.3. 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = (𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝑎𝑎𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) −

                                                                           𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵ℎ𝑎𝑎𝑎𝑎 𝑓𝑓𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  Eq.  2.2.10 
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(a) 

 

(b) 

Fig.  2.2.3: The resulting gradient map acquired after edge enhancement. (a) original image, and 
(b) gradient map 

  

2.2.3. Contrast Enhancement 

The contrast enhancement technique is employed to improve the image's contrast by 

altering the distribution of the intensity values. It is a vital step to image enhancement as it 

increases the dynamic range of the pixel’s intensity, thereby producing an image that displays 
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enhanced contrast between the features of interest. Unlike histogram equalization, which attempts 

to modify the intensity values of all the pixels in the image such that the histogram is "flattened", 

the contrast enhancement technique linearly maps the input intensity values to the output intensity 

values. The contrast stretching function is defined as shown in Eq.  2.2.11, where 𝛼𝛼 = 100,𝛽𝛽 =

20, and 𝛾𝛾 = 50 are the centers of the transition area. 

𝑦𝑦(𝐼𝐼,𝛼𝛼,𝛽𝛽, 𝛾𝛾) =
1

1 + 𝑒𝑒−0.5(𝐼𝐼−𝛼𝛼) −
1

1 + 𝑒𝑒−0.5(𝐼𝐼−𝛽𝛽) +
1

1 + 𝑒𝑒−0.5(𝐼𝐼−𝛾𝛾) Eq.  2.2.11 

2.2.4. Image Fusion 

The term "image fusion" refers to the process of integrating key characteristics from two 

or more images into a single image. This procedure can be carried out at three different levels of 

processing: pixel, feature, and decision levels of representation [47]. Image level fusion is the 

lowest preprocessing level in which the result is a gray image obtained by merging pixels. This 

fusion technique is more helpful for human visual or machine perception [47]. Fusion at the feature 

level necessitates feature extraction from the input images. These properties include edges, 

regions, shape, size, and length, all of which are environment dependent. Decision level fusion 

represents a method that combines the results from several algorithms to yield an output image. 

Several algorithms are executed on the input images in this fusion technique to extract information 

individually. Once obtained, they are merged by applying decision rules to reinforce common 

interpretation, resolve differences, and better understand the observed objects. A pixel-level fusion 

is utilized to blend the outputs at each stage for this implementation. The working of the image 

fusion technique is depicted in Fig.  2.2.4. A detailed description of the fusion technique can be 

found in [46]. 
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Fig.  2.2.4: Visual illustration of the Image Fusion technique [46] 

  

2.2.5. Contrast Limited Adaptive Histogram Equalization 

The CLAHE algorithm prevents saturation by limiting the slope associated with the gray 

level assignment scheme [48]. CLAHE is an improvement over the Adaptive Histogram 

Equalization technique, as it avoids noise amplification, is computationally fast, and controls the 

brightness saturation. 

The enhancement is performed by dividing the image into non-overlapping regions. The 

histogram is estimated for each region. A clipping limit is set for the histogram that determines the 

degree of contrast enhancement. The clipping limit ranges from 0 to 1. The clipping limit 𝛿𝛿 is 

defined as 

𝛿𝛿 =  
𝑀𝑀
𝑁𝑁
�1 +

𝛼𝛼
100

(𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 − 1)� Eq.  2.2.12 

where 𝑁𝑁 is the maximum number of gray levels, and 𝛼𝛼 is the clip factor. The default clipping factor 

was set to 0.01. The clipped pixel points are evenly distributed to the histogram of each region. 
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(a) 

 

(b) 

Fig.  2.2.5: The output of the CLAHE enhancement. (a) original image, and (b) CLAHE output 

 

Assume 𝐻𝐻(𝑖𝑖) is the original histogram and 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎 is the average number of pixels, then the 

redistributed histogram is defined as 

𝐻𝐻(𝑖𝑖)𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = �
𝛿𝛿                              𝐻𝐻(𝑖𝑖) > 𝛿𝛿
𝛿𝛿               𝐻𝐻(𝑖𝑖) + 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎 > 𝛿𝛿
𝐻𝐻(𝑖𝑖) + 𝛿𝛿                         𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 Eq.  2.2.13 

Each histogram's redistribution may necessitate several iterations, with the number of 

iterations increasing as the percent clip factor decreases. The result of the CLAHE algorithm is 
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shown in Fig.  2.2.5. Finally, the original, fused, and CLAHE images are combined as defined in 

eq. 𝛼𝛼, 𝛽𝛽, and 𝛾𝛾 are set constants, and 𝛼𝛼 + 𝛽𝛽 + 𝛾𝛾 = 1. For this application, 𝛼𝛼, 𝛽𝛽, and 𝛾𝛾 were set to 

0.1, 0.2, and 0.7, respectively. The final enhanced out is shown in Fig.  2.2.6. 

𝐸𝐸𝐸𝐸ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =  𝛼𝛼 ∗ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 +  𝛽𝛽 ∗ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝛾𝛾 ∗ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 Eq.  2.2.14 

  

 

(a) 

 

(b) 

Fig.  2.2.6: The final enhanced image from the proposed system. (a) original image, and (b) 
enhanced image. 
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2.3. Experimental Results 

 The performance of the proposed enhancement system is visually evaluated by comparing 

it to state-of-the-art image enhancement techniques that are utilized to enhance medical images, 

such as Histogram Equalization (HE), CLAHE, Dynamic Fuzzy Histogram Equalization (DFHE), 

and Bi-Histogram equalization (BBHE).  

  

(a) original (b) HE 

  

(c) CLAHE (d) DFHE 

  

(e) BBHE (f) Proposed Method 

Fig.  2.3.1: The figure displays a comparison of the various state-of-the-art techniques to the 
proposed method. The proposed method performs better in comparison. 
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 The comparison results are displayed in Fig.  2.3.1 and Fig.  2.3.3. On analyzing Fig.  2.3.1, 

HE over-enhanced the image, where the intensity of the entire image was amplified. CLAHE was 

able to improve the contrast of the image but over-enhanced the noisy components and the brighter 

regions of the image. BBHE and DFHE marginally enhanced the contrast but introduced additional 

artifacts to the image. The proposed method effectively enhanced the contrast of the image while 

suppressing the noise and preserving the details. Fig.  2.3.2 displays the zoomed view of a region 

in Fig.  2.3.1. The figure shows that the proposed method enhances the edge and texture 

information while preserving essential features. The red box displays the loss of texture 

information in the state-of-the-art techniques, where the difference in texture between the enamel 

and dentin layer is lost. This is well preserved in the proposed method. These improvements can 

also be visualized in Fig.  2.3.3.  

   

(a) original (b) HE (c) CLAHE 

   

(d) DFHE (e) BBHE (f) Proposed Method 

Fig.  2.3.2: The figure displays zoomed-in regions of the results in Fig.  2.3.1  

v 
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(a) original (b) HE 

  

(c) CLAHE (d) DFHE 

  

(e) BBHE (f) Proposed Method 

Fig.  2.3.3: The figure displays a comparison of the various state-of-the-art techniques to the 
proposed method. The proposed method performs better in comparison. 

 

2.4. Summary 

The chapter presents an edge-aware image enhancement system that to improve the quality 

of panoramic radiographs. The system employs various image processing techniques such as 
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guided filtering, edge enhancement, contrast enhancement, and image fusion. The system employs 

a new directional edge filter and a contrast enhancement component that highlights the regions of 

interest and reduces the noise in the image. The proposed system was visually compared to the 

existing enhancement algorithms, generating sharper and well enhanced images. 
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Chapter 3. Synthetic Data Generation for Thermal Emotion 
Recognition 

3.1. Motivation 

Facial emotion recognition technology has a wide range of practical applications in virtual 

learning, cognitive psychology analysis, avatar animation, neuromarketing, human-machine 

interactions, and entertainment systems. Most state-of-the-art emotion recognition systems 

primarily focus on information in the visible spectrum. The task of identifying emotions can be 

challenging, as emotions vary from individual to individual. Furthermore, visible images are 

affected by changes in lighting conditions. Factors such as low lighting, pose variation, aging, and 

disguise all significantly impact the appearance of images and texture information. Despite 

significant progress in the field, existing systems for facial emotion recognition lack precision 

when compared to human performance. To overcome these challenges, thermal imaging systems 

are replacing visible imaging systems. Thermal images have the following advantages: (a) they 

are less sensitive to changes in lighting conditions, (b) they have consistent thermal signatures, 

and (c) they have a temperature distribution formed by the face vein branches. This chapter 

introduces a robust emotion recognition system using thermal images- TERNet. A customized 

CNN is employed to accomplish this, which possesses excellent generalization capabilities. The 

architecture adopts features obtained via transfer learning from the VGG-Face CNN model, which 

is further fine-tuned with the thermal expression face data from the Tufts Face Database. 
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3.2. Introduction 

The majority of off-the-shelf deep neural networks have significantly improved 

performance in applications involving visible images. However, the lack of large, labeled datasets 

limits the use of such networks for thermal imaging applications. Synthetic data is a valuable tool 

for solving the data problem. Synthetic data allows you to create artificial data from scratch or use 

complex data manipulation techniques to create new and unique training instances. Numerous 

methods and tools are available to assist us in creating synthetic data that may be used in a range 

of applications [49-53]. The significance of synthetic data stems from its ability to generate 

features that are not available in real-world data. In particular, synthetic data can be used to 

augment/enrich existing datasets in order to create hybrid datasets that are more suitable for model 

training. In this approach, synthetic data is typically used to cover portions of the data distribution 

that are underrepresented in the real dataset, with the primary goal of mitigating dataset bias. The 

work presented in this chapter employs synthetic data creation to eliminate bias, simulate 

unencountered conditions, and improve the accuracy of the thermal emotion recognition system. 

Facial emotion recognition (FER) has a wide range of practical applications in the fields of 

virtual learning, cognitive psychology analysis, avatar animation, neuromarketing, human-

machine interactions, and entertainment systems. Emotions such as anger, disgust, fear, happiness, 

neutral, sadness, and surprise form the basis for emotion recognition [54]. The ability to generate 

representative characteristics determines the accuracy of recognizing a specific mood. On the other 

hand, the state of emotion often differs between individuals, making classification a difficult task 

[55]. FER is traditionally classified into two broad categories: static-based FER and dynamic-

based FER. Static-based methods take into account only the characteristics of a single image, 
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whereas dynamic-based methods take into account the sequential relationship between frames 

[56]. In a controlled context, traditional state-of-the-art classifiers such as support vector machines, 

AdaBoost, and random forest have been effective at classifying posed facial expressions. However, 

classifying images collected in an uncontrolled, spontaneous manner or when applied to datasets 

for which they were not created can present its own challenges [57]. 

Current research focuses on visible-spectrum face images or videos. An extensive survey 

on existing approaches and the techniques of emotion recognition on visible images is provided in 

[55]. Predicting emotions from visible images is often challenging, as variations in the pose and 

surface of the face result in significant illumination variations in the images. Thermal face 

recognition systems were developed to address this issue. Thermal face recognition technology 

has demonstrated a high level of resistance to illumination variations, making it attractive for use 

in a variety of fields of research and business. Few of the applications include testing psychopathic 

offenders who demonstrate a lack of emotion [56], classifying cognitive workload [58], measuring 

emotional stress for safe driving [59], and detecting anxiety by assessing the breathing rate along 

with facial skin temperature [60]. Fig.  3.2.1 illustrates a set of visible face images and their 

corresponding thermal face images. Thermal face imaging was introduced for the first time in [61, 

62] as a non-invasive, robust facial identification signature. It is primarily composed of 

temperature changes caused by the vein structure on the facial surface [63]. Thus, thermal face 

recognition is a distinguishing trait for biometric identification applications [63, 64]. In addition, 

thermal technology penetrates through smoke, dust, and mist, allowing for the detection of 

individuals in a wide variety of difficult climatic conditions [65]. On the other hand, thermal 

images have their own set of issues. One of the most significant issues is occlusion caused by the 

opaqueness of eyeglasses. Thermal images are also sensitive to the variations in environmental 



33 | P a g e  
 

temperature and physical and health conditions of the person. Moreover, given the limited 

availability of thermal images in datasets, training a deep neural network model would prove 

unfruitful. 

   

   

Fig.  3.2.1: Examples of visible face images (top row) and their corresponding thermal face 
images (bottom row) 

Most state-of-the-art algorithms employ visible images to detect facial emotions [66-69]. 

But a major downside of visible facial emotion recognition algorithms is their inability to 

differentiate between genuine and fake emotions. Fake expressions can be used to hide genuine 

emotions. Furthermore, for visible images, the recognition rate is affected by ambient lighting. To 

combat this, a few researchers [70-74] have focused on emotion detection using infrared thermal 

images.  

Khan [75] proposed a non-intrusive automated facial expression classification system by 

computing the variances in thermal intensities captured at thermally significant locations on human 

faces. Derivation of principal components, stepwise selection of optimal and most discriminating 
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features, and linear discriminant analysis within the reduced optimal Eigenspace were employed 

for classification purposes. Sophie [76] proposed a technique to categorize nine action units by 

employing a non-invasive technique that assesses fluctuations of facial heat patterns induced by 

facial muscles contractions. For quantification purposes, the leave-one-out cross-validation 

method with the K-nearest neighbor model was used. Trujillo [77] presented a method that used 

unsupervised Local and Global feature extraction techniques. Bi-modal thresholding was used for 

face localization, followed by extraction of Eigen features. Finally, a Support Vector Machine was 

used for classification purposes. Yoshitomi [74] proposed a technique that uses 2D-Discrete 

Cosine Transform on thermal difference images. Feature vectors were generated according to a 

heuristic rule. These features were then classified using the nearest neighbor criterion to detect 

facial expressions. Nhan [73] classified different affective states and baseline states. A genetic 

algorithm was employed to classify emotions. This algorithm selected the best combination among 

features such as various time and time-frequency features extracted from facial thermal infrared 

imaging data, blood volume pulse data, and respiration data. Shen [78] used infrared thermal 

videos to perform facial expression recognition. A subset of features was extracted according to 

the F-values of horizontal and vertical temperature difference sequences of different facial sub-

regions. Finally, an Adaboost algorithm with the weak classifiers of k-Nearest Neighbor was 

employed for classifying purposes.  

In machine learning, the input feature space and distribution of the training and testing data 

are similar. Owing to a lack of training samples, learning from a related supplementary dataset and 

transferring its feature representations becomes necessary. This is the conceptual foundations of 

transfer learning. Transfer learning emulates the human visual system by utilizing sufficient prior 

knowledge in other related domains when performing new tasks in the current domain. Recent 
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research in the field of DCNNs has demonstrated the network's ability to extract unique 

characteristics from input images and its superior performance across a wide variety of tasks [79]. 

However, when applied to FER, they have several limitations, including the following: a) a large 

amount of training data is required to avoid overfitting; b) expensive computational power is 

required to run deep layers for training purposes; c) existing thermal facial emotion databases are 

insufficient to train the well-known neural network with deep architecture [80], and d) significant 

inter-subject variation exists due to various personal characteristics, such as age, facial 

temperature, and gender [81]. Recently published studies have also called attention to the lack of 

variance in the thermal FER datasets, which fails to account for a variety of emotional states, 

alcohol intake or activity, and ambient temperature, leading them to call into question the rigor of 

the presented results, particularly in real-world scenarios[82].  

To address the aforementioned issues, a DCNN based transfer learning method is proposed. 

The system is designed to solve the task at hand with limited data and reduce computational power 

by using pre-trained weights from a similar task [68]. The contribution of the work is three-fold. 

First, different image enhancement techniques are employed to increase the number of images in 

the dataset. Second, a transfer learning architecture based on DCNN is introduced for thermal 

facial emotion recognition. The architecture is capable of classifying emotions detected on thermal 

images based on the feature learned from visible images. Third, the architecture will be tested on 

a new and comprehensive face database, the Tufts Face Database [13], which contains different 

modalities of face images. 
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3.3. Proposed Work 

This section presents a deep learning-based thermal emotion recognition system (TERNet). 

A visual block diagram of TERNet is illustrated in Fig.  3.3.1. The proposed network is initialized 

using the weights provided by the VGG-Face model [83], and the network is fine-tuned using 

thermal images from the Tufts database. VGG-Face weights were reused, as it was trained on 2.6 

million face images for visible image face recognition, when compared to ImageNet, which was 

mainly developed for different object recognition tasks. This network was trained on N=2,622 

unique individuals and set up as an N-ways classifier. To perform recognition, a triplet loss was 

employed to verify identities by comparing the N linear predictors from the final fully connected 

layer with the ground truth in the Euclidean space. To perform transfer learning, the last fully 

connected layer is replaced with the custom layer. 

 

Fig.  3.3.1: The proposed Thermal Face Emotion Recognition system architecture. The input to 
the system is thermal images. The network follows a VGG style architecture and an added 
custom layers. 
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3.3.1. Architecture 

The CNN architecture of TERNet is provided in Table 3.3.1. In this network, each linear 

operation, such as convolution layers, is followed by non-linear operations, such as a ReLU 

activation function [84], as defined in Eq.  3.3.1. Each block [1-5] is followed by a maxpooling 

layer to reduce the dimensionality of the feature maps. For the last convolution layer, a softmax 

function is employed and can be formulated as shown in Eq.  3.3.2. 

ReLU (Φ) = max (0,Φ) Eq.  3.3.1 

F(Xi) =
𝐸𝐸𝐸𝐸𝐸𝐸(𝑋𝑋𝑖𝑖)

∑ 𝐸𝐸𝐸𝐸𝐸𝐸(𝑋𝑋𝑗𝑗)𝑘𝑘
𝑗𝑗=0

 Eq.  3.3.2 

  

The VGG-Face model used visible face images of 224 x 224, whereas TERNet uses 161 

x161 resolution of the thermal face images. This image is propagated through the network, and the 

softmax layer provides N predictions. These N predictions are compared to the ground truth using 

multiclass log loss. This loss function quantifies the accuracy of a classifier by penalizing false 

classifications. To compute Log Loss, the classifier must assign a probability to each class rather 

than simply yielding the most likely class. Mathematically Log Loss is defined as 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =  −
1
𝜆𝜆
� � 𝑦𝑦𝑖𝑖𝑖𝑖 log ( 𝑝𝑝𝑖𝑖𝑖𝑖)

𝜌𝜌−1

𝑗𝑗=0

𝜆𝜆−1

𝑖𝑖=0
 Eq.  3.3.3 

where 𝜆𝜆 is the number of samples or instances, 𝜌𝜌 is the number of possible labels, 𝑦𝑦𝑖𝑖𝑖𝑖  is a binary 

indicator of whether label 𝑗𝑗 is the correct classification for instance 𝑖𝑖, and 𝑝𝑝𝑖𝑖𝑖𝑖 is the model 

probability of assigning label 𝑗𝑗 to instance 𝑖𝑖. A perfect classifier would have a Log Loss of 
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precisely zero. Less ideal classifiers have progressively larger values of Log Loss. The fully 

connected layers in the VGG-Face model are replaced by convolutional layers. These fully 

connected layers have fixed dimensions and require a certain number of parameters to connect the 

input to the output. Moreover, they eliminate spatial coordinates [85]. The replacement allows us 

to be more efficient as only one forward pass is needed.  

Table 3.3.1: Architecture of TERNet. Building blocks are shown in brackets with [kernel size, 
# of filters] x repetition 

Block 1_conv_x Block 2_conv_x Block 3_conv_x Block 4_conv_x Block 5_conv_x Block 6_conv_x 

Conv_x 
[3 × 3, 64]  × 2 

Conv_x 
[3 × 3, 128]  
× 2 

Conv_x 
[3 × 3, 256]  
× 3 

Conv_x 
[3 × 3, 512]  
× 3 

Conv_x 
[3 × 3, 512]  
× 3 

Conv_x 
[5 × 5, 512] 
[1 × 1, 512] 

[1 × 1, 4] 

Softmax 

Maxpool 
[2 × 2], stride = 

2 

Maxpool 
[2 × 2], stride = 

2 

Maxpool 
[2 × 2], stride = 

2 

Maxpool 
[2 × 2], stride = 

2 

Maxpool 
[2 × 2], stride = 

2 

 

3.3.2. Tufts Face Database 

This section introduces the Tufts Face Database [13], a comprehensive multi-modal face 

database introduced to benchmark imaging systems. The face image dataset was developed for 

multimedia, forensic, security, biometric, and entertainment applications. The database includes 

six different types of image modalities: photographic images, a computerized facial sketch created 

from a volunteer’s portrait using the FACEs software, thermal images, near-infrared (NIR) images, 

a video, and 3D images of the participant. The dataset contains more than 10,000 raw images 

collected from 113 volunteers of different nationalities, gender identities, ages, and ethnicity (74 

females + 39 males, from more than 15 countries with an age range between 4 to 70 years old). 

An example of the different image modalities is shown in Fig.  3.3.2.  
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2D Thermal NIR Sketch 3D 

     

Fig.  3.3.2: Example images selected from the Tufts Face Database. 

   

3.3.3. Dataset and synthetic data generation 

For thermal FER, only thermal emotion images were considered from the Tufts Face 

Database. This dataset contains a total of 565 images from 113 participants, with five images per 

participant. In this work, expressions consist of a) a neutral expression, b) a smile, c) eyes closed 

(sleepy), d) an exaggerated shocked expression, and e) with sunglasses. However, the images with 

sunglasses were discarded for the emotion recognition task. An example of the different facial 

expressions is illustrated in Fig.  3.3.3. 
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(a) (b) (c) 

   

  

(d) (e) 

Fig.  3.3.3: An illustration of the different facial expressions where (a) a neutral expression, (b) 
smiling, (c) sleepy, (d) shocked, (e) with sunglasses. 

  

  

(a) (b) 

Continued 
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(c) (d) 

Fig.  3.3.4:  Illustrative examples of the cropped thermal image, panel [a, c] are original image, 
and panel [b, d] are the corresponding cropped image 

 

The images were cropped such that irrelevant information was removed. The original 

images were of size 336 x 256, and the cropped images were of size 161 x 161. Examples of the 

original and cropped image can be visualized in Fig.  3.3.4. Synthetic data was generated using 

classical image processing techniques to increase the amount of data. The goal was to introduce 

variations in the dataset, thereby increasing the number of images. The variations in the images 

were introduced to simulate variations in temperature conditions. In order to do so, different image 

enhancement techniques were employed, such as, Contrast limited adaptive histogram equalization 

(CLAHE) [86], guided filtering [87, 88], Bi-histogram equalization, and an intensity adjusted 

CLAHE technique. Examples of the enhancement results are shown in Fig.  3.3.5. As seen in the 

figure, the Bi-histogram equalization technique outputs introduce unwanted artifacts. The 

remainder of the enhancement techniques were utilized to generate the dataset for this work. For 

training and testing, all these images were considered and split into 70% training and 30% testing.   
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(a) (b) (c) 

  
(d) (e) 

Fig.  3.3.5: Illustrative examples of the same expression images obtained after image 
enhancement- panel [a - e] are original images, guided filtered image, adaptive histogram 
equalization, intensity adjusted CLAHE, and Bi-Histogram equalization images, respectively 

 

   

(a) (b) (c) 

  

(d) (e) 
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3.4. Results 

3.4.1. Training Phase 

For training, thermal images of size 161 x 161 pixels were considered. All the images were 

preprocessed by subtracting the mean and divided by the standard deviation of the dataset. To 

reduce overfitting, during training, the images were randomly rotated by +/- 15 degrees, shifted 

horizontally and vertically by 10 pixels, and horizontal flips were performed. Training was 

performed with an ADAM optimizer [89] by setting the learning rate to 2 x 10-5, β1 = 0.9, β2 = 

0.999. The batch size was set to 32. The pretrained VGG-Face model was employed for initializing 

the starting layers, and the custom layers were initialized with Xavier Initialization [90]. The new 

model was fine-tuned till the convergence. 

3.4.2. Comparison 

Since the dataset is relatively small when compared to VGG-Face and ImageNet, 

pretrained network weights are employed. The performance of TERNet was computed using 

pretrained weights obtained by training the original VGG16 network using VGG-Face and 

ImageNet datasets separately. TERNet fine-tuned with pretrained weights obtained from VGG-

Face performed better when compared to the model trained on ImageNet dataset. This is because 

the VGG-Face pretrained weights correlate better with the thermal face images and the features 

extracted are similar for visible and thermal face images. This can be realized by the top1 accuracy 

(see Table 3.4.1) obtained when the proposed model was fine-tuned using weights obtained from 

the aforementioned datasets. 
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Table 3.4.1: Comparison of TERNet with state-of-the-art models. 

Model VGG16-custom layer VGG19 ResNet18 

Pretrained weights VGG-Face ImageNet ImageNet ImageNet 

Top1 Accuracy (%) 96.2 93.4 94.8 94.2 

  

  

(a) (b) 

  

(c) (d) 

Fig.  3.4.1: Panel [a-d] provides the confusion matrices generated by using (a)TERNet - VGG16 
with pretrained VGG-Face, (b) VGG16 with pretrained ImageNet, (c) VGG19 and (d) 
ResNet18. The x-axis represents the predicted labels and the y-axis represents the true labels. 

 

The proposed model was compared with other state-of-the-art networks such as VGG19 

and ResNet18. The feature maps obtained from the original networks were passed through average 

pooling layers, and finally, a fully connected layer followed by a softmax function was used to 

obtain the predictions. It can be inferred from Table 3.4.1 that VGG16 with custom layer and 
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pretrained VGG-Face weights produce the best accuracy. To observe the misclassifications among 

the classes, confusion matrices are provided in Fig.  3.4.1.  

The images with ‘sleepy’ emotion tend to fluctuate depending on our training scheme and 

architecture. This might be due to very subtle changes in the face images when expressing ‘sleepy’ 

and ‘neutral’, especially in thermal images. This can be verified by examining the confusion 

matrices in Fig.  3.4.1, which indicates that the ‘sleepy’ class is often mistaken for other classes 

by the models. Even though the above observations highlight high accuracy, training CNNs using 

a small dataset with classes that are not visually distinctive is difficult. 

 

3.5.  Summary 

The chapter presents a robust and efficient thermal face emotion recognition system based 

on a custom convolution neural network, TERNet. The thermal facial recognition system utilizes 

pretrained weights from VGG-Face as initial facial feature maps. To extract thermal facial features 

and classify emotions more effectively, a custom layer is added to the VGG16 network. Extensive 

computer simulations show that the proposed system produces 96.2% accuracy in categorizing 

facial emotions. The architecture has proven to have advantageous characteristics in position-

invariance, varying illumination conditions, and high noise tolerance. It was also observed that the 

network posed difficulty in assigning correct labels to faces depicting some of the more nuanced 

expressions. As a part of future work, a loss function that can distinguish between classes with 

subtle changes will be investigated. Furthermore, the proposed system will be prototyped and 

integrated into augmented reality devices to demonstrate an online assessment of human emotion. 
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Chapter 4. Feature Detection and Matching 

Feature detection and matching are widely used in computer vision and play a vital role in 

image registration [91, 92]. A feature is defined as a distinct, significant structure present in the 

image. Features in an image can vary from a single pixel to edges and contours, and the process 

of recognizing such features is known as feature detection. A feature detector's output is often a 

set of precise locations in an image known as feature points. These locations were selected based 

on their resistance to noise, transformations, and other deformations. The goal of a feature detector 

is to locate a set of distinct interest points or regions that are stable (invariant). 

The detection of features can be automatic or manual, depending on the complexity of the 

application. Image features are broadly classified as local and global features [93]. Global features 

describe and present the features of an image as one multidimensional feature vector. In other 

words, the global representation approach generates a single vector containing values that measure 

several image properties, such as color, texture, or shape. In practice, a single vector is extracted 

from each image, and then two images are compared by comparing their feature vectors. Though 

these features are well-suited for detecting shapes and texture, they are affected by partial 

occlusion and clutter [94]. Moreover, global features are not suitable for the spatial localization of 

objects. On the other hand, local features distinctively represent an image based on relevant regions 

such as closed boundary regions, edges, contours, and corners, while remaining invariant to the 

viewpoint and illumination changes. 

This chapter presents an overview of various feature detectors and their application to 

image matching, image registration, image stitching, and color transfer. The chapter is divided into 

three main sections. In particular, the feature detection and matching algorithms are utilized for 
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two specific tasks: (1) to match antemortem and postmortem dental radiographs and (2) to develop 

a color transfer algorithm.  In addition, a scale and rotation invariant image stitching algorithm is 

proposed to generate a panoramic view of the underwater environment. The algorithm is further 

evaluated by testing its robustness in different applications.  
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4.1. Matching Antemortem and Postmortem Xray Radiographs 

4.1.1. Motivation 

Law enforcement agencies have been developing dental biometric feature-based tools in 

forensic identification, including identifying the victims of massive catastrophes, such as the 9/11 

terrorist attack, airplane crashes, and other natural disasters such as hurricanes and tsunamis [95]. 

When human remains are found, the priority of the investigation is to confirm the identity of the 

deceased. Physical features are often destroyed in such situations, making it very difficult to 

identify an individual. Dental tissues have the capability of withstanding higher temperatures and 

pressure. The survivability of dental features makes them an ideal identification tool. Forensic 

dental identification methods typically use radiological documentation techniques such as 

periapical radiographs, bitewing films, panoramic radiographs, and CT [96, 97]. The quality of 

dental records scans is extremely inconsistent across the world and is accompanied by noise [98]. 

Hence, analyzing and visualizing different scans is tedious and time-consuming.  

In some cases, features extracted from dental x-rays are insufficient to identify individuals. 

Also, different imaging techniques carry varying amounts of information. For example, bitewing 

images hold localized information about the curvature of the tooth and the roots, whereas 

panoramic images illustrate an end-to-end picture. Here, a solution is proposed that utilizes image-

based features to match antemortem and postmortem panoramic radiographs. 
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4.1.2. Introduction 

Disaster victim identification (DVI) is a demanding task that involves authorities and 

experts from various fields [99]. When human remains are found, the priority of the investigation 

is to determine the identity of the deceased. In recent years, several disaster incidents have 

challenged the DVI team with various difficulties [99]. Accurate identification of the deceased 

would aid in obsequies and issues involving criminal investigations, insurance settlements, and 

military proceedings [100].  

Routine identification tasks are a simple one-to-one matching process; however, this is not 

the case in mass disasters [101]. Multiple fatality incidents (MFI) is now the common term given 

to the fatal results of any mass disaster. The identification of a large number of casualties in an 

MFI is complex. Such incidents include accidents (fires, military accidents, plane crashes), natural 

disasters (earthquakes, tornadoes, tsunamis, etc.), genocide, and terrorism [102]. Physical features 

are often destroyed in such situations, making it incredibly hard to identify an individual. This 

builds a perfect platform for forensic dentistry. Dental tissues have the capability of withstanding 

higher temperatures and pressure. Hence, they make an ideal identification tool. 

In forensic dentistry, comparisons of antemortem and postmortem dental records are 

performed by experts to look for similarities [103]. Antemortem records are essential for 

developing an Automatic Dental Identification System (ADIS). The quantity and quality of 

antemortem dental records are highly inconsistent across the world [98]. Hence, analyzing and 

visualizing different scans is tedious and time-consuming. In some cases, features extracted from 

dental x-rays are insufficient to identify individuals [104]. The literature highlights methods and 

tools to aid in automated analysis. 
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Image segmentation methods are in practical use in radiology, keeping in mind the end 

goal to help or automate numerous methodologies [105-108]. The process involves subdividing 

the image into its constituent regions. Dental image segmentation helps identify dental 

abnormalities and can be utilized for applications in forensic dentistry, dental biometrics, etc., for 

human identification [109]. Alazab [110] proposed a fully automated segmentation algorithm that 

combined the region growing method with an optimized false boundary elimination method. Oprea 

S [111] developed an edge detection technique for dental x-ray images for segmenting decayed 

teeth. The major drawback of this method was that the segmentation was done manually. Since 

dental x-ray images are of poor quality, the proposed work did not use any enhancement technique. 

Thus, it failed to classify caries accurately.  Rani [112] developed a fully automatic multistep 

segmentation method that utilizes a combination of Dual-Tree Complex Wavelet Transform and 

Watershed transform to segment caries from dental x-rays. Shuo [113] implemented an automatic 

variational level set segmentation framework to segment lesions that used a window-based feature 

extraction followed by principal component analysis (PCA). The images were chosen at random 

and segmented using hierarchical level set region detection to train the support vector machine.  

Age estimation is an important characteristic used to establish the identity of any individual 

[114]. Kvaal [115] method is based on examining linear measurements of the pulp width, tooth 

width, and root length at three different root levels. The examinations were initially applied on 

periapical radiographs and later extended to panoramic radiographs. Cameriere  [116] devised a 

method based on analyzing the pulp and tooth areas on dental radiographs. Methods described in 

[117-120] used different approaches for dental age estimation in adults based on pulp/tooth volume 

ratio from cone-beam computer tomography images. 
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Postmortem dental findings and teeth conditions are recorded in a dental chart and 

compared with antemortem records during DVI. Manually matching these record is physically 

challenging and laborious. Nomir [121] proposed a hierarchical chamfer matching method for 

contour matching. The segmented teeth were numbered, and matching was performed in a ranked 

fashion. Jain [103] suggested a computerized method for matching the ante and postmortem dental 

images. The tooth contour was extracted from each tooth and based on the intensity. Matching was 

performed on the corresponding image based on the extracted contours. Zhou [122] proposed a 3-

step method to retrieve matched images. First, the images were classified into bitewing, periapical, 

or panoramic images. Second, the teeth on bitewing images were segmented using a top-hat filter 

and an active contour method. Finally, matching was performed on the corresponding image based 

on the boundary shape. Hosntalab [123] investigated a 3-step process for classifying and 

numbering teeth on multi-slice CT images. First, the tooth regions were segmented using a 

variation level set. Second, crucial features were extracted from these regions using the wavelet-

Fourier descriptor. Lastly, the teeth were grouped into four classes using a supervised classifier. 

Using this technique, they achieved high classification accuracies above 94% for 804 teeth from 

30 CT cases. Y Miki [124] proposed a system that investigated the utility of the DCNN for 

classifying tooth types using cone-beam CT. By increasing the number of training samples, the 

proposed work was able to achieve a high accuracy of 91%.  

This work proposes an image feature-based matching system that accurately matches 

postmortem and antemortem panoramic radiographs. The system employs state-of-the-art feature 

detectors for the matching process.   
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4.1.3. Proposed Work 

The general flow diagram of the proposed matching architecture is illustrated in Fig.  4.1.1. 

The system presented in this work is an automated tool that identifies individuals by matching 

postmortem scans to antemortem scans. Panoramic radiographs are often very noisy and low in 

contrast [125, 126]. The low image quality is a result of low dose usage. Low-dose usage is related 

to its effect on a patient’s health [127]. Therefore, image enhancement plays a vital role in 

improving the quality of the radiograph, thereby improving the analysis and detection of features. 

The enhancement method proposed in Chapter 2 is employed to enhance the quality of the images. 

 

Fig.  4.1.1: The proposed system architecture matches panoramic antemortem and postmortem 
radiographs.  

  

Tooth isolation or segmentation is performed to analyze each tooth individually. Several 

state-of-the-art algorithms have been proposed in the literature to isolate particular instances in 

images[37][85, 128]. The proposed system employs the Mask R-CNN [129] algorithm to isolate 

and number each tooth in the radiographs. Mask R-CNN is an extension of Faster R-CNN [130] 

that provides a class label, a bounding box coordinate, and an object mask for each tooth in the 
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radiograph. The model is divided into two stages, where the first stage is used for object detection, 

and the second stage carries out semantic segmentation. Once each tooth is isolated and numbered, 

the image is fed to the feature detection and matching system. This work provides an overview of 

the various image feature detectors and their application in matching panoramic radiographs. 

Difference of Gaussian (DoG): This multiscale detector improves on the Laplacian of 

Gaussian (LoG). Lowe [131] proposed an effective technique that detects stable features from 

scale-space extrema by closely approximating the LoG. It is a feature detector that is translation, 

rotation, and scale-invariant. The whole detection technique entails detecting extrema in the scale 

space, that is, across various scales and places, and then selecting keypoints based on a measure 

of stability. The DoG function 𝐷𝐷(𝑥𝑥, 𝑦𝑦,𝜎𝜎) can be obtained without convolution by subtracting 

neighboring Gaussian pyramid scale levels separated by a factor 𝑘𝑘. It is defined as 

𝐷𝐷(𝑥𝑥,𝑦𝑦,𝜎𝜎) = �𝐺𝐺(𝑥𝑥,𝑦𝑦, 𝑘𝑘𝑘𝑘) − 𝐺𝐺(𝑥𝑥,𝑦𝑦,𝜎𝜎)� ∗ 𝐼𝐼(𝑥𝑥,𝑦𝑦) 
Eq.  4.1.1 

𝐷𝐷(𝑥𝑥,𝑦𝑦,𝜎𝜎) =  𝐿𝐿(𝑥𝑥,𝑦𝑦, 𝑘𝑘𝑘𝑘) − 𝐿𝐿(𝑥𝑥,𝑦𝑦,𝜎𝜎) 

where 𝐺𝐺(𝑥𝑥,𝑦𝑦,𝜎𝜎) is the Gaussian kernel. The steps involved in estimating the features are: 1) 

Construct the scale-space of an image by convolving the image with the Gaussian kernel at various 

scales, 2) Divide the resulting scale-space into octaves, 3) Each generated octave is convolved 

again with the Gaussian to build a series of scale-space images for that octave, 4) Adjacent sub-

octave scale-space are subtracted to generate the DoG, 5) To proceed to next octave, the Gaussian 

image is down-sampled by 2, and 6) Detect the maxima and minima of the DoG in scale-space by 

comparing each point with eight neighbors in the current image and with nine neighbors each in 

the scales above and below. This process is illustrated in Fig.  4.1.2. 
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Fig.  4.1.2: An illustration of the DoG acquired by subtracting adjacent sub-octaves and 
detecting the maxima and minima by comparing each point with its neighbors. [132] 

  

Hessian Detector: The Hessian blob detector is derived from the Hessian matrix, which is 

composed of second-order partial derivatives. This matrix has been used to analyze local image 

structures. For a given intensity image 𝐼𝐼(𝑥𝑥,𝑦𝑦) the Hessian matrix is defined as  

𝐻𝐻(𝑥𝑥, 𝑦𝑦,𝜎𝜎) = �
𝐼𝐼𝑥𝑥𝑥𝑥(𝑥𝑥,𝑦𝑦,𝜎𝜎) 𝐼𝐼𝑥𝑥𝑥𝑥(𝑥𝑥, 𝑦𝑦,𝜎𝜎)
𝐼𝐼𝑥𝑥𝑥𝑥(𝑥𝑥, 𝑦𝑦,𝜎𝜎) 𝐼𝐼𝑦𝑦𝑦𝑦(𝑥𝑥,𝑦𝑦,𝜎𝜎)� 

Eq.  4.1.2 

𝑑𝑑𝑑𝑑𝑑𝑑(𝐻𝐻) = 𝐼𝐼𝑥𝑥𝑥𝑥𝐼𝐼𝑦𝑦𝑦𝑦 − 𝐼𝐼𝑥𝑥𝑥𝑥2 Eq.  4.1.3 

  

where 𝐼𝐼𝑥𝑥𝑥𝑥, 𝐼𝐼𝑥𝑥𝑥𝑥, and 𝐼𝐼𝑦𝑦𝑦𝑦 are the second-order image derivatives estimated using the Gaussian function with 

standard deviation 𝜎𝜎. The steps involved are: 1) Find the Hessian matrix's determinant, which 

detects image structures with high signal variation in two directions, as depicted in Eq.  4.1.3. 2) 

Build a scale-space representation by convolving the image with Gaussians of increasing size. 3) 

The Gaussian kernels are chosen such that successive images differ by a particular scale ratio. The 
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Hessian matrix has to be made invariant to scale. Hence a factor σ = 2 is multiplied with the 

Hessian matrix, where σ represents the scale of the image. 4) A 3 x 3 search window is swept over 

the entire image. If the pixel value is larger than all eight immediate neighbors and above a given 

threshold, a feature point is then associated with the present location.  

Harris-Laplace Detector: is a scale-invariant corner detector proposed by Mikolajczyk 

[133] that integrates the Harris corner detector and a Gaussian scale-space representation. The 

Harris-Laplace detector utilizes the Harris detector to compute interest points at different scales. 

For a given 3x3 window, at each scale, a point that outputs the largest Harris response is picked as 

the interest point among all points within that window. After computing the interest point, the 

window is moved to the next point until it covers the entire image in each scale. The Harris-Laplace 

detector is defined as  

𝑀𝑀(𝑥𝑥,𝑦𝑦,𝜎𝜎𝐼𝐼 ,𝜎𝜎𝐷𝐷) = �
𝐼𝐼𝑥𝑥2(𝑥𝑥,𝑦𝑦,𝜎𝜎𝐷𝐷) 𝐼𝐼𝑥𝑥𝐼𝐼𝑦𝑦(𝑥𝑥,𝑦𝑦,𝜎𝜎𝐷𝐷)
𝐼𝐼𝑥𝑥𝐼𝐼𝑦𝑦(𝑥𝑥,𝑦𝑦,𝜎𝜎𝐷𝐷) 𝐼𝐼𝑦𝑦2(𝑥𝑥,𝑦𝑦,𝜎𝜎𝐷𝐷)

� Eq.  4.1.4 

where 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 are the image derivatives estimated in their respective directions using a gaussian 

kernel 𝜎𝜎𝐷𝐷. 𝜎𝜎𝐼𝐼 determines the current scale at which the Harris corner points are detected. The Harris-

Laplace detector searches for local maxima keypoints in the current and neighboring scales by comparing 

the keypoint with those in the adjacent scale. 

Hessian Laplace Detector: This is similar to Harris Laplace. The difference is that they 

start from the determinant of the Hessian rather than the Harris corners. The Hessian function 

detects points in space, and the Laplacian Function is used to determine the local maxima for all 

scales. The Laplacian function is defined as  
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𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 (𝑥𝑥;𝜎𝜎𝐷𝐷) =  𝜎𝜎𝐷𝐷2|𝐼𝐼𝑥𝑥𝑥𝑥(𝑥𝑥;𝜎𝜎𝐷𝐷) +  𝐼𝐼𝑦𝑦𝑦𝑦(𝑥𝑥;𝜎𝜎𝐷𝐷)| Eq.  4.1.5 

where 𝐼𝐼𝑥𝑥𝑥𝑥 and 𝐼𝐼𝑦𝑦𝑦𝑦 are the second-order derivatives of the intensity image 𝐼𝐼(𝑥𝑥,𝑦𝑦). Hessian-Laplace 

detector extracts a large number of features over the entire image at a marginally lower 

repeatability when compared to Harris-Laplace.  

Multiscale Harris Detector: The Harris corner detector is applied at successive integration 

scales. For locating interest points, the eigenvalues of the matrix M are computed for each pixel, 

where M is defined as:  

𝑀𝑀(𝑥𝑥,𝑦𝑦) = �𝑤𝑤(𝑢𝑢, 𝑣𝑣)
𝑢𝑢,𝑣𝑣

∗ �
𝐼𝐼𝑥𝑥2(𝑥𝑥,𝑦𝑦) 𝐼𝐼𝑥𝑥𝐼𝐼𝑦𝑦(𝑥𝑥,𝑦𝑦)
𝐼𝐼𝑥𝑥𝐼𝐼𝑦𝑦(𝑥𝑥,𝑦𝑦, ) 𝐼𝐼𝑦𝑦2(𝑥𝑥,𝑦𝑦)

� Eq.  4.1.6 

where 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 are the local image derivatives in the x and y directions, and 𝑤𝑤(𝑢𝑢, 𝑣𝑣) denotes a 

weighting window over the area (𝑢𝑢, 𝑣𝑣). This algorithm determines many points which repeat in 

the neighboring scales. An auto-correlation matrix is employed in the Harris detector, which aids 

in feature detection. 

Multiscale Hessian Detector: As image dimensions can be different, it is necessary to 

introduce a measurement scale that changes within a certain range [134]. The Taylor expansion is 

calculated in the vicinity of the point under consideration. This expansion will approximate the 

structure of the image up to the second order [135]. Finally, the eigenvalues of the Hessian are 

used to determine the possibility of a blob feature being present. The Multiscale Hessian can 

extract features from images that have different dimensions. 

Scale Invariant Feature Transform (SIFT) Descriptor: The SIFT descriptor [131, 136] 

combines the Difference of Gaussians (DoG) interest region detector with a feature descriptor. 
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This descriptor has distinct properties that make it insensitive to complications like rotation, 

translation, and object scaling. Many studies have been conducted on the descriptor's performance, 

and SIFT generally performs well compared to other local descriptors [137]. The SIFT Descriptor 

encodes image information in a localized set of gradient orientation histograms by providing minor 

shifts in the positions, achieving robustness to lighting variations. Cascade filtering was 

introduced, which reduced the cost of extracting features by allowing costly operations to be 

performed only after passing the initial test [131]. The data from the DoG is used to create the 

keypoint descriptors. The orientation of the data created must be changed to match the keypoint's 

orientation. The data is then weighted using a Gaussian with a variance of 1.5 times the keypoint 

scale. Using this data, a histogram centered on the keypoint is created. 

The magnitude and orientation of the image gradient are sampled using a 16 x 16 grid 

around the keypoint location, and the level of Gaussian blur is selected using the region scale. As 

shown in Fig.  4.1.3, the sampled region is further divided into a 4x4 square grid with accurate 

scale and rotation. Every cell in this grid contains a histogram with eight orientation bins.  

 

Fig.  4.1.3: An illustration of  the image gradient and the keypoint descriptors 
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Local feature-based matching algorithms are often more efficient and are capable of 

handling geometrical deformation than global feature-based matching algorithms. Once the 

features are extracted from the postmortem and antemortem images, they are matched by 

estimating each keypoint’s nearest neighbor. Two keypoint are matched if the distance between 

these points is significantly smaller than any other keypoint pair. This distance threshold is defined 

during the matching process.  

  

(a) (b) 

  

(c) (d) 

Fig.  4.1.4: The figure displays the feature detection and matching process, where (a) represent 
the tooth images to be matched, (b) features detected on the images using the multiscale Harris 
detector, (c) matched feature with erroneous matches, and (d) accurate matches after geometric 
verification. 
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An example of the matching process for a teeth pair is shown in Fig.  4.1.4. As seen in Fig.  

4.1.4 (c), the matching algorithm produces erroneous matches. These matches are eliminated by 

performing geometrical verification. In the verification process, the similarity transform is 

computed using Eq.  4.1.7. This transformation is employed to map all keypoints from one image 

to another. The matching points are disregarded if the mapped keypoints lie beyond a defined 

threshold. The final matched output is shown in Fig.  4.1.4 (d). The final matched score is estimated 

by averaging the matched score for each tooth pair. 

�
𝑥𝑥′
𝑦𝑦′�

= 𝑠𝑠 𝑅𝑅(𝜃𝜃) �
𝑥𝑥
𝑦𝑦
� + �

𝑡𝑡𝑥𝑥
𝑡𝑡𝑦𝑦
� 

𝜃𝜃 → 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟;   𝑠𝑠 → 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓;   �𝑡𝑡𝑥𝑥 , 𝑡𝑡𝑦𝑦� → 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣  

Eq.  4.1.7 
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4.1.4. Experimental Results 

To evaluate the performance of the proposed matching algorithm, a dataset containing 

antemortem and postmortem panoramic radiographs was created. The radiographs for this dataset 

were acquired from the Tufts University School of Dental Medicine. The radiographs were de-

identified and saved with a unique identifier. These scans include images from multiple visits. To 

simulate antemortem and postmortem data and demonstrate the concept of matching, the first scan 

of the patient was considered as the antemortem data, and the following scan was considered as 

the postmortem data. A total of nine patients with follow-up scans were used for this study. Fig.  

4.1.5 displays examples of the antemortem and postmortem scans for two patients. An additional 

nine dissimilar radiograph pairs were utilized to evaluate the matching performance of the 

proposed system. 

  

  

(a) (b) 

Fig.  4.1.5: Example image pairs of the (a) antemortem and (b) postmortem scans 
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Fig.  4.1.6: The figure displays a panoramic radiograph and its isolated tooth. The numbers 1-
31 denote the tooth number. 

 

During the data acquisition process, dental images are exposed to degradations and/or 

deformations. Therefore, image enhancement plays a crucial role in evaluating dental images. The 

image enhancement process proposed in Chapter 2 is utilized to enhance the quality of the 

radiographs, in turn improving the feature detection accuracy. Following the enhancement process, 
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the teeth in the postmortem and antemortem scans are isolated/segmented using the Mask-RCNN 

algorithm [129]. The Mask-RCNN model was trained on the Tufts Dental Database to isolate each 

tooth and number each tooth in the radiograph. Fig.  4.1.6 displays a radiograph and its isolated 

teeth.   

Table 4.1.1: A comparison of the performance of the feature detectors in matching antemortem 
and postmortem scans 

 DoG Hessian Hessian 
Laplace 

Harris 
Laplace 

Multiscale 
Harris 

Multiscale 
Hessian 

Subject 1 23 123 95 7 64 703 

Subject 2 19 83 60 4 47 480 

Subject 3 18 68 80 4 26 372 

Subject 4 14 61 47 3 49 433 

Subject 5 26 97 53 3 53 510 

Subject 6 21 99 88 8 76 922 

Subject 7 13 67 29 3 57 489 

Subject 8 3 32 60 5 13 483 

Subject 9 19 85 77 5 46 578 

       

Subject 10 15 42 51 4 26 169 

Subject 11 14 42 50 3 25 135 

Subject 12 11 38 51 3 20 212 

Subject 13 10 38 42 2 12 218 

Subject 14 13 45 70 1 21 218 

Subject 15 12 33 42 3 24 137 

Subject 16 4 14 59 2 12 87 

Subject 17 12 36 33 8 35 189 

Subject 18 14 46 84 3 16 200 
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Once the teeth are isolated, the postmortem scans are matched with the antemortem scans 

in the database using the feature detection and matching algorithm. The feature described above 

were employed in the detection process, and matching scores were generated. The results for each 

feature detector are tabulated in Table 4.1.1, where the values depict the matching score. Subjects 

1-9 have matching scans, and subjects 10-18 have dissimilar scans. These dissimilar scans simulate 

cases when no matches are found.  

Table 4.1.2: A comparison of the feature detectors in estimating the feature count range for 
good and bad matches 

 DoG Hessian Hessian 
Laplace 

Harris 
Laplace 

Multiscale 
Harris 

Multiscale 
Hessian 

Good Match 3-26 32-123 29-95 3-7 13-76 433-922 

Bad Match 4-15 14-46 33-84 1-8 12-35 87-218 

 

As seen in Table 4.1.1, Multiscale Hessian produces the most number of feature matches. 

Furthermore, the multiscale hessian features can accurately measure the similarities between scans. 

The matching score ranges from 433 to 922 matches for similar scans, and for dissimilar scans, 

the matching score ranges from 87 to 218 matches. The other feature detectors generate a lower 

matching score. The score range for each feature detector is displayed in Table 4.1.2. As shown in 

the table, other feature detectors cannot discern between good and bad matches. Hence Multiscale 

Hessian is employed to match antemortem and postmortem scans. 
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4.2. Pixel-based Color Transfer 

4.2.1. Motivation 

Most state-of-the-art techniques focus primarily on daytime surveillance, and limited 

research has been performed on night-time monitoring. Surveillance is often more important in 

darker environments since many activities of interest occur at night. But, night-time imagery 

presents its challenges: they are mostly monochrome and very noisy.  Night vision systems are 

also affected by a bright light or glare off a shiny surface. Color imagery has several benefits over 

grayscale imagery. The human eye can discriminate a broad spectrum of colors but is limited to 

about 100 shades of gray [138]. Also, color drives visual attention and aids in a better 

understanding of the scene. Moreover, the context information of the scene affects the way humans 

distinguish and recognize things. The essential step of the coloring process is the choice of an 

appropriate color image model and color mapping scheme. To enhance relevant information of 

night-time images, a color mapping or color transfer technique is employed. This section proposes 

a robust pixel-based color transfer architecture that maps the color characteristics of the daytime 

images to the night-time images. The architecture can also compensate for image registration 

issues encountered during acquisition. A visual analysis of the results demonstrates that the 

proposed method performs better in comparison to the state-of-the-art techniques and is robust to 

different imaging sensors. 
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4.2.2. Introduction 

Night-time imagery plays an important role in the field of computer vision. Night vision 

systems are deployed in various scenarios related to surveillance, intelligence gathering, and 

security [139]. The two most common night-time imaging systems are low-light-level cameras 

(VNIR) and thermal infrared (IR) cameras. Most night-time surveillance cameras use a standard 

gray or green-scale representation. The footage acquired from such systems is often accompanied 

by noise and is hard to interpret. Moreover, night-time images of a scene contain a relatively high 

dynamic range in intensity, where parts of the scene are illuminated by strong light sources, while 

the other regions are comparatively darkened [140]. However, with the advent and increasing 

availability of multimodal imaging sensors, the color representation of night vision imagery is in 

demand. Color imagery proves advantageous over grayscale imagery as it improves visual 

disparity, thereby improving the understanding of the scene and driving visual attention [139]. The 

goal of such an application is to leverage relevant information from each modality into a single 

representation.  

Images acquired under low light conditions are often hard to interpret due to their narrow 

dynamic range. Images captured in such conditions are accompanied by sensor noise. With limited 

information, interpreting a scene and performing recognition tasks can prove cumbersome and 

unreliable. Hence, preprocessing these low-light images is crucial. Most of the classical methods 

used for low light image enhancement are histogram-based and are primarily categorized as direct 

and indirect methods. Direct methods make use of a contrast measure to improve the image 

contrast, whereas the indirect method manipulates the dynamic range without using a contrast 

measure. However, such techniques usually result in false manipulation of the color space of the 

scene. Comprehensive research has been conducted in improving the quality of low-light images. 
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The most widely used image enhancement method is the Retinex theory [141]. The retinex 

algorithm decomposes the image into reflectance and illumination map. Most retinex algorithms 

utilize the reflectance map as the enhanced image [142]. Dong [143] proposed a technique to 

enhance low light videos, which applies an optimized dehazing technique on inverted negative 

images. Fu [144] proposed a weighted variational model that simultaneously enhanced the target 

images by estimating reflectance and illumination. Gao [145] presented a low light image 

enhancement method (LIME) that estimated the illumination of each pixel and predicted the total 

maximum value in each channel. The model, although efficient, suffered from color distortion. 

While the aforementioned algorithms work well, they also have some drawbacks, such as being 

computationally expensive or sometimes producing halo artifacts. In the presented work, 

enhancing the low light image resulted in better feature extraction, which in turn aided in the image 

registration process. To accurately perform color transfer, it was crucial to align the two images. 

   

Fig.  4.2.1: An example of multimodal images (a) visible image, (b) infrared image, and (c) near 
infrared image 

  

Color transfer or mapping has received a lot of attention in recent years. With the 

availability of multispectral imaging sensors, fusing two or more modalities improves the human’s 

visual capabilities in discriminating objects of interest. An example of multimodal images can be 

seen in Fig.  4.2.1. Color transfer methods can be broadly classified into three categories: 
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geometric-based, statistics-based, and user-guided-based. Geometric-based color transfer methods 

use matching feature points in multiple images to estimate the color mapping functions. First, 

feature detectors such as Scale-Invariant Feature Transform (SIFT) and Speeded-Up Robust 

Feature (SURF) are adopted to acquire the keypoints. After obtaining the keypoints in each image, 

the RANdom SAmple Consensus algorithm (RANSAC) is employed to eliminate the outliers 

efficiently and improve the matching accuracy. Finally, a color transfer function is derived by 

minimizing the color difference between the corresponding keypoints and applied to the target 

image. Statistics-based color transfer method uses statistical correlation to generate the mapping 

function between the reference and target images. The mapping function transfers the color style 

of the reference image to the target image. Papadakis [146] proposed a histogram-based color style 

transfer method that utilizes the energy functional minimization technique to apply the 

transformation to the target image. Reinhard [147] proposed a statistics-based algorithm to perform 

color transfer between two images. User-guided methods generate the color transfer mapping 

function based on the inputs provided by the user. 

Many color transfer techniques have been proposed in the literature. Wang [148] suggested 

a nonlinear transfer method to enhance the targets with an intense red color while the background 

rendered natural color appearance. Zheng [149] presented a local color night vision algorithm that 

enhanced the color mapping effect based on image segmentation and recognition. Toet [15] 

proposed a color mapping technique that maps the natural color appearance from daytime images 

to its respective night-time images. The method matches the statistical properties of the reference 

image (daytime) to the target image (night-time). One of the major drawbacks of this method was 

that the image registration process was performed manually. Also, the method did not provide 

consistent object colors and was computationally expensive. Hogervorst [150] proposed a new 
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color mapping technique that used the combination of a multi-band image and a corresponding 

natural color daytime reference image. The mapping improved the match between the multi-band 

image and the reference image, giving it a pleasant daytime color appearance. Pouli [151] 

presented  a color transfer technique that can progressively reshape the histogram of a given image 

to match it to the histogram of another based on user-guided inputs. Xiao [152] presented a method 

that performed Singular Value Decomposition (SVD) on the reference and target images, 

following which the pixels in the target image are transformed appropriately to match the 

reference. Pitie [153] proposed an automated color mapping method using color iterative 

distribution transfer. The method uses a nonlinear and convergent algorithm to generate one-to-

one color mapping using a three-dimensional probability density function. As most color transfer 

methods are accompanied by noise, the author proposes a technique to reduce grain noise artifacts, 

which adjusts the gradient field of the corrected image to match the test image. Fecker [154] 

proposed a color correcting technique using a basic histogram matching algorithm for the 

luminance component and chrominance components. Further modifying the first and last bin 

values of the cumulative histograms avoids possible visual artifacts. Nikolova [155] proposed a 

fast histogram specification algorithm for color transfer. The algorithm uses a fixed-point 

algorithm to minimize the functions and obtain color corrected images. With the advent of deep 

neural networks, a few style transfer techniques have been proposed in the literature. Gatys [156] 

introduced an image style transfer algorithm based on a pre-trained convolutional neural network 

(CNN). Extending the approach by Gatys, Luan [157] extended the approach used by Gatys by 

enforcing photorealism on the result image.  

In this work, a pixel-based color transfer system to recolor night-time imagery is proposed. 

To evaluate the performance of the proposed system, we compare the results to the methods in 
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[153] and [152]. In addition, the robustness of the algorithm is validated by fusing visible and 

thermal face images.   

4.2.3. Proposed Color Transfer System 

In this section, a reference-based color transfer system is presented. A visual flow diagram 

of the color transfer architecture is illustrated in Fig.  4.2.2. The system comprises of four main 

components, namely, image registration, image preprocessing, color transfer, and color correction. 

 

Fig.  4.2.2: The proposed flow diagram of the color transfer system 

  

Image registration defines the process of overlaying two or more images of a scene 

acquired from multiple views and sensors. Image registration finds its application in medical 

imaging [158], military [159], traffic control [160], panoramic imaging [161, 162], agriculture 

[163], and remote sensing [164]. The image registration task involves two major steps: Feature 

matching and Homography estimation. The feature matching process performed in this step is 

adopted from Section 4.1.3.  Homography estimation is used in applications such as image 

rectification, image registration, and computation of rotation and translation between two images 
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[165]. In order to acquire a distortion-free result, the information of how much an image must be 

rotated and translated with respect to the other must be known. This is achieved by estimating the 

homography using the Random Sample Consensus (RANSAC) model [166]. The homography 

estimates the scaling and rotation factor required to align the images together. An illustration of 

the matching and alignment process is shown in Fig.  4.2.3 and Fig.  4.2.4, respectively. 

  

(a) (b) 

 

(c) 

Fig.  4.2.3: The images above depict the image matching results where (a) is the reference image, 
(b) is the rotated view of the near-infrared image of the same scene, and (c) displays the matched 
features 
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Images are often accompanied by noise and blur during acquisition. Moreover, images 

captured at night are susceptible to poor visibility, hindering the image registration and color 

transfer process. To ensure the reliability of the systems, it is desirable to enhance the low-light 

images. The technique used to enhance and simultaneously denoise the images is a modified 

version of the method described in [88]. To eliminate the unwanted noise information, the edge  

 

preserving method described in Chapter 2 is used. The guided filter supersedes other filters due to 

its non-approximate manner implementation, which results in a better quality image and reduces 

the run time due to its invariance with the size of the filter [42]. Results of the enhancement process 

can be visualized in Fig.  4.2.5 and Fig.  4.2.6. 

  

(a) (b) 

Fig.  4.2.4: Aligned images (a) reference image (b) target image 
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(a) (b) 

Fig.  4.2.5: Results obtained after image enhancement. (a) original image (b) enhanced image 

  

(a) (b) 

Fig.  4.2.6: Results obtained after image enhancement. (a) original image (b) enhanced image 

 

The goal of the color transfer algorithm is to transfer each pixel information from the 

reference to the target image. For the given input image 𝑋𝑋 where 𝑋𝑋 ∈ [𝑋𝑋𝑜𝑜,𝑋𝑋𝐿𝐿] the color transfer 

function is defined by Eq.  4.2.1, where 𝑓𝑓1(𝑥𝑥) is the gray tone of the target image, and 𝑀𝑀 is 

𝑚𝑚𝑚𝑚𝑚𝑚(𝑋𝑋). 𝑓𝑓2(𝑥𝑥) is defined as in Eq.  4.2.2. 
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𝜏𝜏(𝑋𝑋) =  𝑓𝑓2 �𝑓𝑓1(𝑥𝑥) ∗
𝑐𝑐
𝑀𝑀
�   𝑐𝑐 ∈ [𝑅𝑅,𝐺𝐺,𝐵𝐵] Eq.  4.2.1 

 

𝑓𝑓2 =  𝑋𝑋𝑜𝑜 + [𝑋𝑋𝐿𝐿 − 𝑋𝑋𝑜𝑜] ∗ 𝑘𝑘(𝑋𝑋) 
Eq.  4.2.2 

 

where 𝑘𝑘(𝑋𝑋) is the CDF of the image. For a given reference and target image, the result is shown 

in Fig.  4.2.7. 

  

(a) (b) 

  

(c) (d) 

continued 
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(e) (f) 

Fig.  4.2.7: The images above demonstrates the results of the color transferred images. (a) & 
(b) reference image, (c) & (d) target image, and (e) & (f) recolored image 

 

After performing the color transfer technique, a mismatch still exists between the recolored 

and reference image. A color correction method proposed by Pitie [16] is applied to minimize the 

difference between the two. The color correction technique presents the application of an iterative 

distribution transfer (IDT) with grain reduction. For a given dataset source 𝑢𝑢, the proposed 

manipulation consists of choosing an orthogonal basis 𝑅𝑅 = [𝑒𝑒1 , … … … … , 𝑒𝑒𝑛𝑛 ] and applying the 

mapping function 𝜏𝜏 given by: 

𝜏𝜏(𝑢𝑢) = 𝑢𝑢 + 𝑅𝑅

⎣
⎢
⎢
⎢
⎡𝑡𝑡1�𝑒𝑒1

𝑇𝑇𝑢𝑢(𝑘𝑘)� − 𝑒𝑒1𝑇𝑇𝑢𝑢(𝑘𝑘)

..

.
𝑡𝑡𝑁𝑁�𝑒𝑒𝑁𝑁𝑇𝑇𝑢𝑢(𝑘𝑘)� − 𝑒𝑒𝑁𝑁𝑇𝑇𝑢𝑢(𝑘𝑘)⎦

⎥
⎥
⎥
⎤
 

Eq.  4.2.3 

 

where 𝑡𝑡𝑖𝑖 is the one-dimensional pdf transfer mapping for the axis 𝑒𝑒𝑖𝑖. Iterating this manipulation 

over different axes will result in a sequence of distributions that will eventually converge to the 

target distribution. Color mapping is often accompanied by grain artifacts. The author in [153] 
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proposes a grain reduction algorithm by forcing the noise to stay constant and adjusting the 

gradient field of the target image to match the reference image. The result of the color correction 

technique is shown in Fig.  4.2.8. 

  

(a) (b) 

  

(c) (d) 

Fig.  4.2.8: Color correction results. (a) original image, (b) target image, (c) after color 
correction, and (d) after re-graining. Image source [153]. 
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4.2.4. Experimental Results 

This section presents the computer simulations performed on the RGB-NIR Scene Dataset 

[166] and AMOS dataset [167]. The RGB-NIR Scene Dataset consists of 477 images with nine 

categories captured using RGB and NIR cameras. The images were captured using separate 

exposures from modified SLR cameras using visible and NIR filters. The images were pre-

registered by extracting SIFT features and using RANSAC to find a similarity transform. The 

AMOS dataset consists of 17 image sequences containing 1722 images in total. These images were 

taken at different times of the day using fixed webcams. In order to assess the quality of the 

proposed method, the results were visually compared to the methods mentioned in Xiao [152] and 

Pitié [153].  

  

(a) (b) 

   

(c) (d) (e) 

Fig.  4.2.9: A comparison of color transfer methods (a) reference image, (b) target image, (c) 
result obtained by Pitié [153], (d) result obtained by Xiao [152], and (e) proposed method 
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The proposed algorithm was applied to the entire dataset. But, only a few images are shown 

for simplicity. First, the proposed color transfer technique is compared to [153] and [152] using 

random day-night images and the AMOS dataset. The results are displayed in Fig.  4.2.9 and Fig.  

4.2.10. As seen in Fig.  4.2.9 and Fig.  4.2.10, the proposed method performs well in comparison. 

The result closely mimics the daytime images. The proposed system is further tested on the RGB-

NIR Scene Dataset, comparing it to the method proposed by [153]. As seen in Fig.  4.2.11, the 

proposed system performs seamlessly compared to [153].  

 

  

(a) (b) 

   

(c) (d) (e) 

Fig.  4.2.10: A comparison of color transfer methods applied to the AMOS dataset image (a) 
reference image, (b) target image, (c) result obtained by Pitie [153], (d) result obtained by Xiao 
[152], and (e) proposed method 
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Moreover, it captures the minute detail present in the reference image during color transfer. 

Hence, the color transfer method can recolor images from different modalities. In some cases, 

generating a 3D of a scene from multiple sources is challenging. The images are acquired at 

different times during the day, resulting in a color mismatch. The proposed method can be used to 

recolor such images and reduce the color variation. The proposed method can also be used as a 

means to generate synthetic data to train and develop novel AI systems. 

  

    

    

    

(a) (b) (c) (d) 

Fig.  4.2.11: A comparison of color transfer methods applied to the RGB-NIR Scene Dataset 
images (a) reference image, (b) target image, (c) result obtained by Pitie [153], and (d) 
proposed method 
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4.2.5. Extended Application: Fusion of thermal and visible face images 

Significant research has been conducted to improve the performance of automatic human 

authentication systems in uncontrolled environments. Despite extensive research, many issues 

with face authentication continue to exist due to the inherent difficulties in extracting biometric 

data from faces [168]. As previously stated in Chapter 3, several factors affect the performance of 

the face recognition system, such as pose variations, facial expression changes, occlusions, and, 

most importantly, illumination changes. Hence, thermal image-based face recognition systems 

were developed to address the issue of variation in illumination. However, thermal imagery 

presents its own challenges. It is sensitive to temperature changes in the surrounding environment 

and variations in the heat patterns of the face. Therefore, it can prove beneficial for automatic face 

recognition systems to fuse/combine the properties of the visible and thermal images into a single 

image.  

𝜏𝜏(𝑋𝑋) =  𝑓𝑓2 �𝑓𝑓1(𝑥𝑥) ∗
𝐼𝐼
𝑀𝑀
� Eq.  4.2.4 

where 𝐼𝐼 denoted the gray level intensity. 

The proposed color transfer method is modified to transfer the gray level features from the 

visible image to the thermal image. The fusion is performed by modifying Eq.  4.2.1 by employing 

the pixel transfer method to a gray level image, as defined in Eq.  4.2.4. The color correction task 

is excluded during the fusion process. Thermal and visible face images from the Tufts face 

database were used to evaluate the proposed method. Matching pairs of thermal and visible images 

were cropped and resized to 128 x 128 pixels. The results of the fusion process are displayed in 

Fig.  4.2.12. 
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(a) (b) (c) 

Fig.  4.2.12: An illustration of the image fusion process. (a) visible gray level image, (b) thermal 
image, and (c) fused image. 
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4.3. Image Stitching 

4.3.1. Motivation 

Image stitching is a technique of combining multiple underwater images to generate a 

composite image with a much larger field of view. With its advancement in various imaging 

applications, underwater image stitching presents its own challenges. Underwater images suffer 

from clouding effects and grayed-out colors, and these complexities impede the image stitching 

process, resulting in misalignments and uneven illumination. This section presents a system that 

combines multiple underwater images to generate a fused image, overcoming the impediments of 

a visible seamline. The method is based on two new correlation techniques: Alpha-Winzorized 

and Weighted Rank Order Statistics. The system is designed to adapt to the difficulties encountered 

in underwater image stitching. The performance of the stitching algorithm is tested against its 

ground truth, both subjectively and quantitatively. The quantitative analysis is performed using 

non-reference-based underwater quality measures such as UICM, logAMEE, and CTSUIQM. In 

addition, the robustness of the stitching algorithms is tested by generating end-to-end finger 

images. 

4.3.2. Introduction 

Over the last few decades, automatic underwater imaging systems have become a powerful 

tool in oceanography study [169]. Underwater imaging has a wide range of applications, including 

habitat monitoring, structural monitoring [170], environmental damage assessment, and a variety 

of industrial uses [171]. In panoramic image stitching, advances have been made to acquire a 

global view of our surroundings. But its application to underwater image stitching is in its nascent 
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stages [172]. Underwater image stitching is used for various purposes, including damage 

assessment, detection of temporal changes, reconstruction of the ocean floor, 360-degree view 

(virtual tour of the aquatic environment), and maritime rescue [173]. 

Image stitching techniques are broadly categorized into two groups: direct and feature-

based [174]. The direct technique is a pixel-by-pixel method, where the pixel intensities of one 

image are compared to another. In practice, this approach employs all of the image's pixels. The 

technique uses a cost function or simply considers the sum of the absolute differences between the 

overlapping pixels to combine the images [174]. The direct method's key advantage is that it 

optimally utilizes the information provided for image alignment. The technique measures the 

contribution of every pixel in the image. This approach is more accurate as it uses all the available 

information but requires human interaction to find the matching image pairs. It is also 

computationally heavy. The feature-based technique compares feature points of one image to 

another using a local descriptor, which is faster. The method establishes a correspondence between 

feature points. An overview of the various feature detectors is discussed in Section 4.1.3. 

Commonly used stitching methods are effective only when dealing with good, visible, and 

noiseless images with uniform illumination. 

Underwater images, in general, suffer from low contrast and resolution due to poor 

visibility, variations in color with respect to depth, and extreme noise [175]. As seen in Fig.  4.3.1, 

light absorption and dispersion make underwater images seem murky and make it challenging to 

visualize underwater images [176]. As a result, it impacts the image stitching system's accuracy 

and efficiency. Aside from the above-listed issues, image acquisition is critical to image quality. 

While capturing images in shallow waters, the surrounding light is sufficient to acquire quality 

images [172]. At deeper depths, however, artificial lights are necessary for image acquisition 
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[172]. Artificial light sources are unreliable due to inhomogeneous illumination, resulting in a 

bright spot in the center surrounded by an illuminated area. As a result, such images are challenging 

to process. 

  

  

Fig.  4.3.1: Poor visualization of underwater images [177, 178] 

  

A few underwater image stitching algorithms have been proposed in the literature [175, 

179-181]. Henhyu Li [179] proposed an algorithm that uses Speeded-Up Robust Feature (SURF) 

to extract feature points to stitch the images. If the feature point does not satisfy a threshold, the 

phase correlation method is used to stitch the images. Finally, a weighted smoothing fusion 

technique is used to combine the images. Chen [180] developed a method that used a combination 
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of Scale Invariant Feature Transform (SIFT) and wavelet fusion to generate a panoramic image. 

Saeed Hojjati [181] uses a color transfer method to transform images into the same color space 

and applies the graph cut method to blend the two images together. Pardos [175] uses pixel-level 

graph cut and a weighted average gradient blending operation to stitch multiple underwater 

images. 

This chapter employs two novel adaptive correlation techniques to stitch underwater 

images and generate a panoramic view of the underwater environment. The correlation techniques 

estimate the best seam line along which the images are stitched together. The images are enhanced 

prior by employing a modified version of the method mentioned in [182]. The performance of the 

stitching algorithms is tested against its ground truth. Non-reference quality metrics such as 

logAMEE (image contrast) [183, 184], Underwater image colorfulness measure (UICM) [185], 

and Combined Transform and Spatial domain Underwater Image Quality Measure (CTSUIQM) 

are used in the quantitative analysis. 

4.3.3. Proposed Work 

The general flow diagram of the stitching method is illustrated in Fig.  4.3.2. The images 

given as input to the system must have an overlapping field of view to generate a panorama. 

 

Fig.  4.3.2: Flow diagram of the underwater image stitching system 
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 As mentioned earlier, underwater images suffer from poor contrast, which reduces the 

image's visual quality and makes post-processing a challenging task. Image enhancement is a vital 

process required for image stitching. The technique mentioned in [13] is implemented and used in 

this work for our system. The method follows a three-stage enhancement procedure. The first stage 

performs an RGB color equalization, where each color channel is balanced. The equalization keeps 

the dominant color channel constant, blue in this case, and enhances the other color channel by a 

gain factor. The second stage focuses on contrast correction of the RGB color space. The correction 

technique stretches the range of the intensity values to extend the desired range of values. The 

color correction uses the following equation 

𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜 = (𝐼𝐼𝑖𝑖𝑖𝑖 − 𝑐𝑐)
(𝑏𝑏 − 𝑎𝑎)
(𝑑𝑑 − 𝑐𝑐) + 𝑎𝑎 Eq.  4.3.1 

where 𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜 is the contrast corrected pixel value, 𝐼𝐼𝑖𝑖𝑖𝑖 is the considered pixel value, 𝑎𝑎 corresponds to 

the lower limit value, 𝑏𝑏 is the upper limit value, 𝑐𝑐 corresponds to the minimum pixel value in the 

image, and 𝑑𝑑 is the maximum pixel value in the image. The third stage focuses on contrast 

correction of the HSI color space. The contrast corrected image is transformed to the HSI model, 

and contrast correction is performed on the Intensity and Saturation channels. A de-hazing 

algorithm and a guided filter are used to further improve the enhancement process. The de-hazing 

algorithm removes the clouding effects seen in underwater images. The guided filter [186, 187] 

used enhances the details of the image. The enhancement results are shown in Fig.  4.3.3. 
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(a) (b) 

Fig.  4.3.3: An illustration of the image pre-processing algorithm. (a) original image and (b) 
enhanced image 

 After the image pre-processing step, the images are passed to the feature detection and 

matching algorithm. The feature detection and matching algorithms described in section xyz are 

employed. For underwater stitching, the Hessian detector is used to detect features in the images, 

and the features of the images are matched by identifying their nearest neighbor. Fig.  4.3.4 

displays the results of the detection and matching process. Finally, the images are aligned using 

the homography estimation technique (RANSAC) [188]. Homography plays a crucial role in 

estimating the scaling and rotation factor as the images can be acquired from different locations 

and varying distances.  
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(a) (b) 

 

(c) 

Fig.  4.3.4: Illustration of feature detection and matching. 

  

Once the images are aligned, the overlapping regions of the two images are acquired. The 

maximal and minimal column coordinates define the overlapping region. Finally, the Alpha-

Winzored and Weighted Rank Order Statistic based correlation algorithms are used to obtain a 

relationship between the two overlapping regions and to estimate the best seam line.  
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The correlation coefficient is a measurement of how closely two variables are related. It's 

also known as a statistical measure of the relationship between two or more variables. The various 

correlation methods are classified in terms of their strength and direction. The numerical value of 

a correlation determines its strength, and the direction of the correlation determines whether it is 

positive or negative [189]. Knowing the value of one variable will help predict the value of the 

other if the two variables are closely correlated. Classical correlation can be divided into three 

categories: 

• Positive correlation: High 'X' values are often associated with high 'Y' values. As X rises, 

Y rises with it. 

• Negative correlation: High 'X' values are related to low 'Y' values. Y lowers as X rises. 

• No correlation: No consistent tendency for values on Y to increase or decrease as X 

increases. 

Pearson's correlation coefficient, alternatively referred to as the classical correlation 

coefficient, measures the intensity of a linear or non-linear relationship between two variables. The 

Pearson’s correlation coefficient is defined as 

𝑟𝑟(𝐴𝐴,𝐵𝐵) =  
∑ �𝐴𝐴𝑖𝑖 − 𝐴𝐴� −  �𝐵𝐵𝑖𝑖 − 𝐵𝐵�⃑ �𝑛𝑛
𝑖𝑖=1

(∑ �𝐴𝐴𝑖𝑖 − 𝐴𝐴�
2𝑛𝑛

𝑖𝑖=1 ∑ �𝐵𝐵𝑖𝑖 − 𝐵𝐵�⃑ �
2𝑛𝑛

𝑖𝑖=1 )0.5
 Eq.  4.3.2 

where  𝐴𝐴 =  1
𝑛𝑛
∑ 𝐴𝐴𝑖𝑖𝑛𝑛
𝑖𝑖=1 , and 𝐵𝐵�⃑ =  1

𝑛𝑛
∑ 𝐵𝐵𝑖𝑖𝑛𝑛
𝑖𝑖=1  

The correlation coefficient is computed by individually measuring the variability of A and 

B. The covariance, or tendency for A and B to vary together, is then measured by the sum of their 
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products [21]. Depending on the direction of the relationship, the correlation can be positive or 

negative, and its magnitude can range from 0 to 1. The correlation coefficient is always between 

±1. We have a perfect correlation only when all of the data points lie on a straight line. If the 

correlation coefficient is +1, the slope of the line is positive; if the correlation coefficient is -1, the 

slope of the line is negative. When there is no relationship between two variables, their correlation 

is 0. A value close to 0 indicates that the two variables have a random, nonlinear relationship. 

The mathematical formula for computing the Alpha-winzorized and the weighted rank 

order statistic correlation is given by: 

𝑅𝑅 =  
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴)(𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵�⃑𝑛𝑛𝑚𝑚 )

�(∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴)2)(∑ ∑ (𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵�⃑ )2)𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚

 
Eq.  4.3.3 

where, 𝐴𝐴, 𝐵𝐵�⃑  are the α – winzorized mean values given by:  

𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼�𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … . . ,𝑋𝑋𝑁𝑁;𝛼𝛼�

=  
1
𝑁𝑁

(𝛼𝛼𝛼𝛼 .𝑋𝑋(𝛼𝛼𝛼𝛼+1) + � 𝑋𝑋(𝑖𝑖) + 𝛼𝛼𝛼𝛼 .𝑋𝑋(𝑁𝑁−𝛼𝛼𝛼𝛼);
𝑁𝑁−𝛼𝛼𝛼𝛼

𝑖𝑖=𝛼𝛼𝛼𝛼+1

 

 

Eq.  4.3.4 

The weighted rank order statistics is given by: 

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊(𝑋𝑋1,𝑋𝑋2, … … ,𝑋𝑋𝑁𝑁;𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡, 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟)

= 𝑟𝑟𝑡𝑡ℎ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜 {𝑎𝑎1♢X1, 𝑎𝑎2♢X2, … … ,𝑎𝑎𝑁𝑁♢X𝑁𝑁} 

 

Eq.  4.3.5 
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These correlations define the seamline along which the images are combined, as seen in 

Fig.  4.3.5 and Fig.  4.3.6. 

  

Fig.  4.3.5: Generation of seam line using Alpha-winzorized correlation 

 To create a visually acceptable image, it is vital that the stitching procedure does not leave 

a trace. Factors such as exposure variance, gamma correction, and white balancing affect the image 

stitching process as it adds additional artifacts to the overlapping regions [190]. The issues 

mentioned above can be resolved by simple color correction. An example of the problem is seen 

in Fig.  4.3.7.  

  

Fig.  4.3.6: Generation of seam line using weighted rank order statistics correlation. 
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Fig.  4.3.7: Intensity differences encountered during image stitching. Image source [191] 

  

There are two approaches to eliminating the visible seam line. The first approach finds the 

optimal stitch line and normalizes the energy along it. An energy function based on intensity or 

gradient difference can be applied. The second approach involves enhancing the pixel values of 

the two images, providing a smooth transition in the overlapping region. There exist several color 

correction algorithms [190, 192, 193]. The method described in [190] is used in the proposed 

system. The color correction technique eliminates the artifacts and color differences between the 

images by applying Poisson’s equation. The equation is defined as: 

𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐼𝐼𝑠𝑠 + 𝜓𝜓 Eq.  4.3.6 

where 𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the corrected image, ψ is the resulting correction function, and 𝐼𝐼𝑠𝑠 is the overlapping 

image. 

The proposed system uses the Laplacian pyramidal blending technique to overcome 

intensity differences along the seam of the overlapping regions [194]. A Difference of Gaussian 

pyramid is built for the source and target images. The image is downsized to different levels using 

a Gaussian filter. The Gaussian image is expanded to a lower level, and the difference between the 
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expanded image and the image at that lower level generates the Laplacian image. Once the 

pyramids of the two images are generated, the images are combined at different Laplacian levels. 

4.3.4. No Reference Measure for Underwater Images 

In the study of marine ecology, ocean engineering, and sea life monitoring, the quality of 

underwater images is a crucial factor [195]. Several algorithms for underwater image enhancement 

are based on generic quality measuring algorithms such as SNR, MSE, or visual inspection [196].  

Measures like MSE and SNR require a reference/ground truth image to assess the quality of the 

image. Such measures cannot be used when in the absence of a ground truth image. On the other 

hand, visual inspection methods are biased, and the cost and resources required are high, especially 

when dealing with large amounts of data, as they are not automated. Hence there is a requirement 

for a stable, reliable, and cost and resource efficient method for evaluation of quality. 

A new human visual system (HVS) based measure for underwater image quality is 

proposed in this work. The Combined Transform and Spatial domain Underwater Image Quality 

Measure (CTSUIQM) uses both transform domain and spatial domain measures and combines 

them using HVS. This new no-reference method differs from existing methods such as root mean 

square error (RMSE) and signal-to-noise ratio (SNR). Furthermore, the use of the HVS model, 

which is effective in dealing with human perception of underwater images [195], makes this 

method more suited to underwater applications.  

In this work, opponent color space, as defined by Hering’s opponent color theory [180], is 

used. Yellow – blue (YB), red-green (RG), and white-black (WB) are the color hues that are never 

perceived together by the human eyes and also have mutually exclusive sensory qualities [180]. 

YB, RG, and WB color components will be used for determining the color score.  



93 | P a g e  
 

The source image is decomposed into an n-level Gaussian and Laplacian pyramid. By 

performing pyramidal decomposition, the tri-stimulus intensity map is converted to transform 

domain coefficients, which are further used by the various spatial domain quality calculators like 

LogAMEE and edge ratio operator. The proposed algorithm requires the calculation of three sub-

scores: color score, edge score, and contrast score. This section describes the components of each 

score and the procedure for calculating the final CTSUIQM score. The Gaussian pyramid 

calculates the color and contrast scores, while the Laplacian pyramid calculates the edge score. 

The Laplacian decomposition of an image is an over-complete decomposition based on the 

difference between successive low-pass filtered outputs. This produces the image's second-order 

derivative, which translates to edge information and is thus used to calculate the edge score. For 

all of the results presented in this work, the number of levels, n, for pyramidal decomposition is 

Set to 3. 

As mentioned previously, RG, YB, and WB opponent color spaces will be used for color 

score and are formulated in Eq.  4.3.7, Eq.  4.3.8, and Eq.  4.3.9.  The overall color score for 

underwater images is as shown in Eq.  4.3.10. The coefficients are chosen to be p = -0.0268 and q 

= 0.1586 and are obtained by the formulation given in [195]. 

𝑅𝑅𝑅𝑅 = 𝑅𝑅 − 𝐺𝐺 Eq.  4.3.7 

𝑌𝑌𝑌𝑌 = 0.5 ∗ (𝑅𝑅 + 𝐺𝐺) − 𝐵𝐵 Eq.  4.3.8 

𝑊𝑊𝑊𝑊 = 0.33 ∗ (𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵)   Eq.  4.3.9 
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The overall color score is formulated as: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑝𝑝 ∗ �𝜇𝜇∝,𝑅𝑅𝑅𝑅
2 +  𝜇𝜇∝,𝑌𝑌𝑌𝑌

2 +  𝜇𝜇∝,𝑊𝑊𝑊𝑊
2  +  𝑞𝑞 ∗ �𝜎𝜎∝,𝑅𝑅𝑅𝑅

2 +  𝜎𝜎∝,𝑌𝑌𝑌𝑌
2 +  𝜎𝜎∝,𝑊𝑊𝑊𝑊

2  Eq.  4.3.10 

 

𝜇𝜇∝,𝑅𝑅𝑅𝑅 =
1

K –  R –  S
 � 𝑥𝑥𝑅𝑅𝑅𝑅,𝑖𝑖

𝐾𝐾−𝑆𝑆

𝑖𝑖=𝑅𝑅+1
 

Eq.  4.3.11 

  

𝜎𝜎∝,𝑅𝑅𝑅𝑅
2 =

1
𝐾𝐾
� (𝑥𝑥𝑅𝑅𝑅𝑅,𝑘𝑘 − 𝜇𝜇∝,𝑅𝑅𝑅𝑅)2

𝐾𝐾

𝑘𝑘=1
 Eq.  4.3.12 

where 𝜇𝜇∝,𝑅𝑅𝑅𝑅  is the RS-Trimmed mean value of the RG color component. This definition of mean 

is used instead of the average value because it is resistant to Gaussian and impulsive noise [197]. 

The RS-Trimmed mean will behave like the average value when R = S = 0. Also, 𝑥𝑥𝑅𝑅𝑅𝑅  represents 

the intensity values of the RG color component, and K represents the total number of pixels. For 

all the results shown in this research, R and S values considered are 0.2*K, 0.1*K, and 0.05*K for 

each level. 

The edge maps are constructed using the Laplacian pyramid. These edge maps are 

multiplied by the tri-stimulus input image to obtain an edge map for each color component. As a 

result, each color component image is composed entirely of edge pixels. These edge pixels are 

then fed into a window-independent Edge Score Estimator (ESE) to calculate the edge score. The 

newly introduced edge score estimator uses two different window sizes to map and find the 

sharpness of the edges accurately. It uses Edge Ratio Operator (ERO) for this purpose. The edge 

score is formulated as: 
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𝐸𝐸𝐸𝐸𝐸𝐸 =
1
𝛽𝛽
�

1
𝑘𝑘1𝑘𝑘2

� � log (𝐸𝐸𝐸𝐸𝐸𝐸)
𝑘𝑘2

𝑛𝑛=1

𝑘𝑘1

𝑚𝑚=1

� Eq.  4.3.13 

𝐸𝐸𝐸𝐸𝐸𝐸 =  
|𝜇𝜇1 −  𝜇𝜇2|
𝜇𝜇1 +  𝜇𝜇2

 Eq.  4.3.14 

𝜇𝜇𝑖𝑖 =  
1

𝑤𝑤1𝑤𝑤2
 ��𝑥𝑥𝑝𝑝,𝑞𝑞

𝑤𝑤2

𝑞𝑞=1

𝑤𝑤1

𝑝𝑝=1

 Eq.  4.3.15 

 𝛽𝛽 = max �∑ ∑ log �|𝜇𝜇1− 𝜇𝜇2|
𝜇𝜇1+ 𝜇𝜇2

�𝑘𝑘2
𝑛𝑛=1

𝑘𝑘1
𝑚𝑚=1 � 

Eq.  4.3.16 

   

The final edge score is formulate in Eq.  4.3.17, where γ1 = 0.299, γ2 = 0.587 and γ3 = 0.114 

are selected based on the visual response of each color channel [195] 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  �𝛾𝛾𝑐𝑐

3

𝑐𝑐=1

 𝐸𝐸𝐸𝐸𝐸𝐸(𝑋𝑋𝑐𝑐) Eq.  4.3.17 

  

The LogAMEE score is used to estimate the contrast. To make the measurement 

independent of the window size, the score is calculated for three different window sizes, which are 

non-linearly combined. This nonlinear combination makes it more accurate than using a linear 

combination. The contrast score is defined as 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) Eq.  4.3.18 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =  
1

𝑘𝑘1𝑘𝑘2
⨂��

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙 ⊝ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙 ⨁ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙

𝑘𝑘2

𝑘𝑘=1

𝑘𝑘1

𝑙𝑙=1

∗  log �
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙 ⊝ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙 ⨁ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑘𝑘,𝑙𝑙
� Eq.  4.3.19 
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where the 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is divided into k1k2 blocks, and PLIP operations are performed. This 

measure is the average entropy of Michelson's law for each block over the entire image [198]. 

PLIP operations provide an efficient nonlinear representation of relative image contrast that 

correlates to human perception [198]. 

The Underwater Quality Scores (UQS) for each n level are calculated using a linear 

superposition model as stated in [195]. Thus, the Color Score, the Edge Score, and the Contrast 

Score of each level are combined using Eq.  4.3.20. Additionally, using the advantages of nonlinear 

processing, the UQS of each level is combined to get the final CTSUIQM, as shown in Eq.  4.3.21. 

The choice of coefficients c1, c2, c3 is application-specific. For simulation, c1 = 0.0282, c2 = 0.2953 

and c3 = 3.5753 are used and δi = 1 ∀ i. α, β, and γ are parameters used to control the impact of 

each score on the final measure. Generally, a higher CTSUIQM score implies better quality. 

𝑈𝑈𝑈𝑈𝑈𝑈 = 𝑐𝑐1 ∗ (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)𝛼𝛼 +  𝑐𝑐2 ∗ (𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)𝛽𝛽 +  𝑐𝑐3 ∗ (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)𝛾𝛾 Eq.  4.3.20 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼𝑄𝑄𝑄𝑄 =  ��(𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖)𝛿𝛿𝑖𝑖
𝑛𝑛

𝑖𝑖=1

𝑛𝑛

 

Eq.  4.3.21 
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4.3.5. Experimental Results 

This section provides the results obtained using the Alpha Winzorized and Weighted Rank 

Order Statistic Correlation system. For our simulation, underwater images were acquired from 

[177]. Due to the unavailability of a database, the images used in this work were manually cropped 

and stitched back together. The advantage of doing so is the availability of a ground truth. The 

results acquired after stitching are compared subjectively and quantitatively to the ground truth. 

The final stitched images and their respective ground truths are shown in Fig.  4.3.8 and Fig.  4.3.9. 

   

(a) (b) (c) 

  

(d) (e) 

Fig.  4.3.8: Visual analysis (a), (b) Original images, (c) ground truth, (d) alpha-winzorized result, 
(e) weighted rank order statistic results. 
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As seen from Fig.  4.3.8 and Fig.  4.3.9, the final stitched image is a replica of its ground 

truth, indicating a perfect stitch. The color distribution is uniform and the color difference between 

the fusion region has been handled. To further evaluate the quality of the stitched images, non-

reference quality measures such as UICM, log AMEE, and the proposed CTSUIQM have been 

employed. These measures help evaluate images based on colorfulness, contrast, and edge 

information. The stitched images are compared to their respective ground truths. The UICM 

measure is defined as: 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 =  −0.0268�𝜇𝜇𝛼𝛼,𝑅𝑅𝑅𝑅
2 + 𝜇𝜇𝛼𝛼,𝑌𝑌𝑌𝑌

2 + 0.1586�𝜎𝜎𝛼𝛼,𝑅𝑅𝑅𝑅
2 + 𝜎𝜎𝛼𝛼,𝑌𝑌𝑌𝑌

2  Eq.  4.3.22 

   

(a) (b) (c) 

  

(d) (e) 

Fig.  4.3.9: Visual analysis (a), (b) Original images, (c) ground truth, (d) alpha-winzorized result, 
(e) weighted rank order statistic results. 
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where 𝜇𝜇𝛼𝛼,𝑅𝑅𝑅𝑅
  and 𝜇𝜇𝛼𝛼,𝑌𝑌𝑌𝑌

  are the respective alpha trimmed mean of RG and YB opponent color 

components. 𝜎𝜎𝛼𝛼,𝑅𝑅𝑅𝑅
2  and 𝜎𝜎𝛼𝛼,𝑌𝑌𝑌𝑌

2  are the respective alpha trimmed variance of RG and YB opponent 

color components. LogAMEE is a measure of image contrast as formulated in Eq.  4.3.19. It is 

similar to the AMEE measure, but PLIP arithmetic operations replace the arithmetic operations.  

The measures discussed above are tested on Fig.  4.3.8 and Fig.  4.3.9. Each measure is 

tested on the stitched image and its resulting ground truth. The results are tabulated as shown in 

Table 4.3.1.  

Table 4.3.1: Performance analysis of the image stitching algorithms 

Measures Fig.  4.3.8 
(c) 

Fig.  4.3.8 
(d) 

Fig.  4.3.8 
(e) 

Fig.  4.3.9 
(c) 

Fig.  4.3.9  
(d) 

 Fig.  4.3.9 
(e) 

UICM 1.1195 1.1043 1.1038 1.2420 1.0860 1.0807 

logAMEE 0.7871 0.8081 0.8062 1.1347 0.8230 0.8228 

CTSUIQM 3.9492 3.3489 3.2883 2.5378 7.6760 7.6745 

  

The results inferred from Table 4.3.1 imply that the quality of the stitched image is similar 

the ground truth. The difference in the results is due to the color correction method. Quantitative 

and subjective analysis shows that the final stitched image is as good as its ground truth. 
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4.3.6. Extended Application: Finger image stitching 

Biometric authentication systems are vital in forensics and civilian applications [7]. It 

verifies an individual's identity by examining several characteristics such as their voice, 

fingerprints, face, and signature [199]. Fingerprint biometrics are the most frequently utilized in 

comparison to other biometric traits since they are a very reliable technique [200]. The most 

commonly used methods of fingerprint registration are based on the contact of a finger with a 

surface. It is divided into two stages: enrollment and authentication. The enrolment stage involves 

acquiring and processing a person's fingerprints to extract a set of features [200]. The acquired 

feature set is the individual's identity, which is kept in a dataset. During the authentication 

procedure, a person's fingerprint data is collected once more and compared to other publicly 

available datasets. Fingerprints are represented based on local landmarks called minutiae, which 

include ridge endings, ridge bifurcations, islands, etc. [201]. 

The traditional method for registering a fingerprint involves applying pressure to a platen 

surface, which acquires a set of features for authentication. Such systems are prone to nonlinear 

plastic distortions, accumulation of dirt on the sensors, and sensor noise [178, 202]. To overcome 

these challenges, touchless fingerprint sensing technologies were introduced that generated an end-

to-end view of the finger. These systems were less expensive and had a faster computation time. 

However, one of the significant issues with finger image stitching is the visibility of a seam line. 

This can occur when the correlation method used is weak, or there is a color difference between 

the images. The proposed correlation methods overcome the issue of a visible seamline, and the 

results are presented in Fig.  4.3.10. 
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(a) (b) (c) 

  

(d) (e) 

Fig.  4.3.10: The results of the stitching algorithm applied to finger images. (a) left image, (b) 
center image, (c) right image, (d) alpha-winzorized result, and (e) weighted rank order statistics 
result. 

 

4.3.7. Summary 

The chapter presents an overview of the various image feature detectors and their 

application to panoramic radiograph matching, color transfer, and underwater image stitching. The 

matching algorithm produced successful results in comparing antemortem and postmortem 

images. The Multiscale Hessian detector performed exceptionally in extracting matching feature 

sets. The color transfer section introduces a new pixel-based color transfer system to recolor 

nighttime imagery. The system can compensate for image registration issues encountered during 

acquisition from different image sensors. The performance of the proposed system is evaluated 
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using the RGB-NIR Scene dataset and the AMOS dataset. The method can accurately transfer the 

color information from the reference to the target image. To further assess the method, the results 

are visually compared to those acquired using [153] and [152]. Our method closely mimics the 

daytime images compared to the state-of-the-art methods. It maps colors accurately in the visible 

spectrum and performs well in cross-domain color transfer. Finally, a new image stitching system 

that combines multiple underwater images to generate a panoramic view of the environment is 

introduced. The system comprises of three major sections: image enhancement, image registration, 

and image stitching. The image enhancement section eliminates the clouding effect and restores 

color to a certain extent. Feature detection and matching are implemented using SIFT. The 

advantage of using SIFT features is its invariance to rotation and scaling. These features were 

further used to estimate the homography. The proposed Alpha-Winzorized and Weighted Rank 

Order Statistic Correlation helped generate seamless panoramic images. The system's performance 

is evaluated using UICM, logAMEE, and CTSUIQM. Based on the results acquired by the 

measures, it can be inferred that the ground truth and stitched images are similar. 

 



103 | P a g e  
 

Section 2: Image Analytic 
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Chapter 5. Image Segmentation 

5.1. Motivation 

There are more than 400,000 new cases of kidney cancer each year, and surgery is its most 

common treatment. Accurate segmentation and characterization of kidneys and kidney tumors is 

an important step in quantifying the tumor's morphological details to monitor the progression of 

the disease and improve treatment planning. Segmentation of kidney tumors in CT images is a 

challenging task due to the low contrast, irregular motion, diverse shapes, and sizes. Furthermore, 

manual delineation techniques are extremely time-consuming and are prone to errors due to the 

variability between different specialists. The literature provides the application of 3D 

Convolutional Neural Networks (CNNs) for the segmentation of kidneys and tumors. While 

effective, 3D CNNs are computationally expensive. The applications of a novel 2D CNN 

architecture to segment kidneys and tumors from CT images is presented. The proposed 

architecture uses features from enhanced images to improve the segmentation performance. 

Quantitative and qualitative analysis of the proposed model on the KITS19 dataset shows the 

improvement against recent state-of-the-art architectures. 
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5.2. Introduction 

Kidney cancer represents 2.4% of the cancers worldwide, making it the 14th most common 

cancer [203, 204]. According to a recent study, a total of 431,288 people were diagnosed with 

kidney cancer in 2020 [203]. Kidney cancer is caused by malignant kidney cells that develop into 

tumors and appear in the kidney as tiny tubules [205]. Previous research has demonstrated that 

cancers can be treated more efficiently if found early, while still being contained within the renal 

capsule. Small renal masses are typically not aggressive and are slow-growing with low malignant 

potential [206]. However, if left untreated, these tumors can grow to be quite large and even spread 

throughout the body [206]. Renal tumors were traditionally treated by removing both the tumor 

and the affected kidney. But advances in surgery combined with earlier tumor detection have 

shifted kidney cancer treatment toward more conservative nephron-sparing procedures [207]. 

While imaging techniques such as CT enable precise tumor detection, the evaluation continues to 

rely on nephrometry grading methods [208]. Hence, there is an urgent need for computer-aided 

tumor delineation techniques that can assist radiologists in precisely evaluating and quantifying 

renal tumors.  

In many screening centers and hospitals across the United States, Computer-Aided 

Diagnosis (CAD) has recently been part of routine clinical work and is commonly used in the 

identification and differential diagnosis of a variety of anomalies [209-212]. Almost all 

radiological investigation necessitates the interpretation by the radiologist to arrive at a diagnosis. 

Although efficient, human inspection requires specialized training and a radiologist's time, which 

are increasingly expensive [213]. Human examination gives a subjective judgment, which may 

fluctuate from one practitioner to another, which results in a degree of uncertainty in quantitative 
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estimation. Furthermore, inspection results could be affected by factors such as fatigue and 

distraction due to cognitive overload. In order to overcome subjective disparity and observer 

variability, CAD systems were developed to improve the capability of radiologists and facilitate 

efficient interpretation and enhanced diagnostic accuracy. It is critical to have accurate information 

about the kidney and tumor positions when evaluating and planning surgery. Thus, computer-aided 

automatic segmentation of renal tumors will assist urologists in determining the optimal treatment 

and minimizing any complication risks. 

Automatic isolation of renal tumors in CT images is a very challenging task. These 

challenges include (1) low-intensity contrast between the tumor and the surrounding tissues and 

organs, (2) unclear and blurred boundaries of tumors, (3) variations in size, shape, and location of 

the tumors, and (4) presence of noise or the poor quality of images. The quality of the CT images 

is dependent on the X-ray dosage. Higher dosage results in a high-quality reconstruction of the 

image; however, this can cause serious harm to the human body [214]. Hence, lowering the dosage 

and ensuring CT image quality becomes crucial. Deep learning is one such area that has begun to 

achieve state-of-the-art (SOTA) results in many problem domains [79, 215, 216]. In the field of 

medical image segmentation, deep learning-based image segmentation methods have shown 

promising results. Deep learning has some advantages in segmentation accuracy and speed when 

compared to traditional machine learning and computer vision methods. Four main factors 

contribute to their success: To begin with, advances in neural networks are the main reason for 

deep learning's incredible success and its ability to decode and learn high-level features. Second, 

with the advent of GPUs and GPU-computing libraries, models can now be trained much faster 

when compared to training them on CPUs. Third, publicly available databases can be utilized for 
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training, allowing researchers to train and develop novel architectures. Finally, various effective 

optimization strategies have helped with the overall success. 

Deep Convolutional Neural Networks (DCNNs) have achieved great success in the field 

of medical image segmentation, such as the brain [217-219], lung [220], pancreas [221, 222], and 

prostate [223]. Zhang [224] investigated the use of multimodal images to improve image 

segmentation and demonstrated its superiority over single modality inputs. Prasoon [225] applied 

three separate CNNs to segment tibial cartilage in low field MR images. Moeskops [226] employed 

a 2.5D architecture to segment multiple organs from different image modalities using a single 

network design. Kamnitsas [227] developed a multiscale dual-path 3D CNN to segment brain 

tumors in MRI images. Kleesiek [228] developed a 3D CNN architecture that used four modalities 

and a thresholding function for brain extraction in MR images. Cicek [229] developed a 3D U-net 

model to generate dense volumetric segmentation from 2D sparse slices. Zeng [230] proposed a 

deeply supervised 3D U-net-like fully convolutional network for segmentation of proximal femur 

in 3D MR images. Milletari [231] proposed a 3D image segmentation approach based on a 

volumetric, fully convolutional neural network trained on MRI volumes depicting prostate, and 

learns to predict segmentation for the whole volume at once. Yu [232] developed a fully 

convolutional residual network for pixel-wise melanoma recognition and segmentation. Dou [233] 

introduced a 3D deep supervision mechanism during the learning process to combat potential 

optimization difficulties and acquire a much faster convergence rate and more powerful 

discrimination capability. Feng [234] employed a CNN for the segmentation of lung nodules that 

learns discriminative regions from the activation maps of convolution units at different scales, and 

identifies the true nodule location with a novel candidate-screening framework. 
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Similarly, many kidney tumor segmentation techniques have been proposed in the 

literature. Andrzej [235] proposed a hybrid level set method with elliptical constraints to segment 

kidney tumors from CT images. Qian [236] presented a cascaded trainable segmentation model 

that used two orthogonal non-squared patches that trained two sub-models in a cascaded manner 

to segment the kidney and tumor regions from CT images. Xiaoshuai [237] proposed a deeper U-

Net architecture that employed dilated convolutional blocks to replace the traditional pooling 

operations. Further, a hybrid loss of dice and weighted cross-entropy is used to guide the model to 

focus on voxels close to the boundary. Luana [238] applied the DeepLabv3+ 2.5D model to 

perform the kidney tumor segmentation. Zhao [239] presented a multi-scale supervised 3D U-Net, 

MSS U-Net, to automatically segment kidneys and kidney tumors from CT images. Yang [205] 

suggested a 3D fully convolutional network with a pyramid pooling module to improve 

segmentation in extremely large-sized kidney tumors. Yi [240] offered a three-step automated 

kidney tumor and cyst segmentation approach based on 3D U-Net that included segmenting the 

kidney and tumor from low-resolution CT, locating each kidney and fine segmenting the kidney, 

and finally extracting the tumor and cyst from the segmented kidney. Santini [241] proposed an 

automatic, multi-stage, 2.5D deep learning-based segmentation approach based on combining 

ResNet with Res-U-Net architectures. Li [242] proposed deep learning network architecture based 

on the residual and 3D UNet architecture for the kidney, renal tumor, and renal cyst segmentation.  

Although 3D CNNs have a high segmentation capacity, they are complex and have a high 

computational cost. Furthermore, training can be challenging when dealing with volumetric data 

due to variance between the target and neighboring voxels. This chapter proposes a dual decoder-

based 2D CNN architecture to segment kidneys and tumors from CT images. The architecture uses 

features from enhanced images to further improve the network’s performance. 
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5.3. Proposed Work 

 

(a) 

   

(b) (c) (d) 

 

(e) 

Fig.  5.3.1: The network architecture of the proposed KTNet - (a) provides an overall structure 
of KTNet with the encoder and a dual decoder network, (b) visualizes the standard residual 
network proposed by He [243], (c) visualizes the residual network with a channel attention 
mechanism, (d) visualizes the enhance unit utilized to boost the feature extraction from the 
encoder network to emphasize more on significant features, and (e) is the legend for this flow 
diagram. 
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This section contains an overview of the proposed dual decoder-based kidney and tumor 

segmentation network (KTNet). A basic flow diagram of the network is provided in Fig.  5.3.1(a). 

This network showcases a function 𝑓𝑓 that can link each pixel from an input image 𝐼𝐼 of any arbitrary 

size (𝑚𝑚,𝑛𝑛) to two semantic maps that represent kidneys and tumors with the same dimension. 

Following this, the novel KTNet comprises of an encoder network and two decoder networks 

accompanied by final pixel-wise classification layer.  

This network aims at capturing, optimizing, and sharing the feature representation 

encompassed by the encoder with dual stage decoders, thereby producing semantic maps that are 

spatially consistent with sharp boundaries. Additional details of these components are provided in 

further subsections. 

5.3.1. Encoder Network 

The primary objective of KTNet is to develop a model that is position sensitive across two 

decoders and performs robust pixel-wise classification. Thus, the network builds on an encoder 

network that follows the design rule of LeNet-5 [244]. To capture features with varied 

representation capacities, this design rule adapts gradual condensation mechanism wherein the 

spatial size of features is reduced as they transition from high-level to low-level representations. 

The encoder network comprises of two feature groups which can be denoted as 𝐸𝐸�𝜃𝜃 where 𝜃𝜃 =

0,1,2 and 𝐸𝐸𝜆𝜆𝜃𝜃 where group 𝜃𝜃 = 3,4,5 and 𝜆𝜆 indicates the number of the residual layer in that group 

and ranges from 1,2, . . ,𝑛𝑛. The first feature group 𝐸𝐸�𝜃𝜃 comprises of a series of weight standardized 

convolutional [245] (WsConv) layer followed by batch normalization (BN) and ReLU activation 

layer, while 𝐸𝐸𝜆𝜆𝜃𝜃comprise of residual units. The weight standardized convolutional block was 

utilized to accelerate micro-batch training. For effective BN training, a large-batch training is 
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required, but as the batch size is decreased, BN performs poorly. Various standardization 

techniques have been proposed to overcome this; however, they do not rely on batch knowledge, 

thereby reducing the performance when compared to BN. Thus, in KTNet, weight standardized 

convolutional layers are utilized to overcome the mini-batch problem and attain superior results. 

The 𝐸𝐸0 layer focuses on converting the representation from the image domain to the feature 

domain. The WsConv layer employs a 3 × 3 kernel and produces 16 feature maps. 

Table 5.3.1: Architectural details of the encoder network 

Group name 𝐸𝐸1 𝐸𝐸2 𝐸𝐸3 𝐸𝐸4 𝐸𝐸5 

Output size considering 512 
x 512 input image 512 x 512 256 x 256 128 x 128 64 x 64 32 x 32 

[kernel size, # 
feature maps, 

stride, dilation] 

𝐸𝐸0 [3,16,1,1] [3,32,2,1] [3,64,2,1] [3,128,2,1] [3,128,1,2] 

𝐸𝐸1−𝑛𝑛 - - [3,64,1,1] [3,128,1,1] [3,128,1,2] 

 

The basic structure of the residual layer used in 𝐸𝐸3−5 in the encoder network is formulated 

in Eq.  5.3.1 and can be visualized in Fig.  5.3.1 (b). 

Ψ𝜆𝜆+1 = 𝑅𝑅( 𝛪𝛪 (Ψ𝜆𝜆) + 𝛺𝛺 (𝕎𝕎𝜆𝜆 ∗  Ψ𝜆𝜆 + 𝔹𝔹𝜆𝜆)  |    {𝕎𝕎𝜆𝜆  = ( 𝜛𝜛𝜆𝜆,𝑘𝑘: 𝑘𝑘 = 1 ≤ 𝑘𝑘 ≤ 𝐾𝐾)} Eq.  5.3.1 

 

where 𝛹𝛹𝜆𝜆 is the input feature map for the 𝜆𝜆𝑡𝑡ℎ residual layer, 𝕎𝕎𝜆𝜆 and 𝔹𝔹𝜆𝜆 are the associated set of 

weights and biases, respectively. 𝛺𝛺 denotes the combination of layers such as 

WsConv→BN→ReLU→ WsConv →BN, 𝑅𝑅 denotes the ReLU activation function, 𝛪𝛪 is the identity 

map, and 𝐾𝐾 is the number of filters. In groups 𝐸𝐸2−4 the first layer performs downsampling by 

striding instead of max pooling since max pool layers lead to high amplitude, high-frequency 
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activations in the subsequent layers, which might increase gridding artifacts [246, 247]. As 

generating semantic maps rely on spatial information, it is necessary to comprehend the 

information and generate a semantic map with finer details.  

  

(a) (b) 

  

(c) (d) 

Fig.  5.3.2: Results of the edge enhancement process. (a) original image, (b) gaussian blurred 
image with sigma = 2, (c) the extracted edge information, and (d) the enhanced image. As seen, 
the additional edges improve the resolution of the image. 

 

However, further downsampling of features may lead to loss of information and 

eliminating downsampling may cause a detrimental effect on the receptive field in the following 
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layers. As a result, dilated convolution is used to address this limitation by adjusting the receptive 

fields of feature points without reducing the resolution of feature maps [246]. The architectural 

details of the encoder network are provided in Table 5.3.1. 

To improve the representation capability of the encoder network, an edge-enhanced version 

of the original image is utilized. This edge-enhanced image is obtained by applying a gaussian 

filter and extracting the edge information from the image. These edges are added back to the 

original image, thereby enhancing the crucial information required to generate sharp semantic 

maps. This process can be formulated as Eq.  5.3.2. This image is passed through WsConv → BN 

→ ReLU → WsConv → BN → ReLU to generate 32 feature maps and is added to the output of 𝐸𝐸2. 

𝛪𝛪 = 𝐼𝐼 + (𝐼𝐼 − (𝒢𝒢𝜎𝜎 ⊗ 𝐼𝐼)) 

Eq.  5.3.2 
𝒢𝒢𝜎𝜎 =

1
2𝜋𝜋𝜎𝜎2

𝑒𝑒−
𝑥𝑥2+𝑦𝑦2
2𝜎𝜎2  

where ⊗ denotes convolution and 𝜎𝜎 was set to 1 empirically. A visual illustration of this 

mechanism is shown in Fig.  5.3.2. 

5.3.2. Dual Decoder Network 

The objective of a decoder is to upsample the encoded features to perform effective pixel-

wise classification to generate sharp and spatially sound semantic maps. As KTNet aims at 

generating semantic maps for kidney and tumor separately, two different decoders are employed. 

For simplicity of exposition, the architecture of one decoder is described as both the decoders are 

identical. The decoder network comprises of feature groups, which can be denoted as 𝐷𝐷𝜆𝜆𝜃𝜃, where 

group 𝜆𝜆 = 1, . . . ,4, and 𝜃𝜃 indicates the number of the residual layer in that particular group and is 
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set to 1. The feature layers of the encoder and decoder network are symmetric across the fusion 

block, as shown in Fig.  5.3.1 (a). Each decoder group in 𝐸𝐸𝜃𝜃 mainly consists of upsampling layers, 

compression layers, and residual layers. The input to these groups is a combination of the feature 

maps from the corresponding encoder group and the previous decoder group. This aids in the 

propagation of contextual information to higher layers with a better resolution. The upsampling 

layer consists of transposed convolutions with kernel size 2 × 2 and stride 2 × 2. This increases 

the resolution of the feature maps by a factor of 2. The compressing layer consists of 

WsConv→BN→ReLU, wherein the kernel size of WsConv is 1 × 1. This is used to compress the 

feature dimensions by a factor of 2. The compressed feature maps are then fed to the residual layers 

for further processing. Finally, the output of the group 𝐸𝐸1 is connected to a WsConv layer with 

kernel size 1 × 1 to generate a single channel output. 

5.3.3. Channel Attention (CA) Mechanism 

Most deep learning-based semantic map generation networks treat all the feature maps 

equally, which is not often the case in many real-world situations. When comparing the feature 

maps generated by these residual layers, it is possible that a few of the features contribute much 

more than the rest. Additionally, the learned filters in the residual layers have a limited receptive 

field, and each filter output makes only marginal use of contextual information beyond the 

subregions. Therefore, it is necessary to implement a feature-recalibration method that provides 

attention to critical feature maps more than the rest. Various researchers have proposed preliminary 

work on applying attention to deep neural networks [248-250], however, they are not yet fully 

developed for low-level visual tasks such as medical semantic map generation techniques. 
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The primary purpose of this approach is to assign distinct values to individual channels 

based on their interdependencies between each convolution layer. This can be accomplished by 

exploring the global spatial information of each feature map. The channel attention mechanism 

can be formulated, as shown in Eq.  5.3.3. 

𝛩𝛩� = 𝜎𝜎 �𝕎𝕎↑ �𝑅𝑅�𝕎𝕎↓ �
1

(𝐻𝐻 × 𝑊𝑊)
� � (Θ

𝑊𝑊−1

𝑛𝑛=0

)
𝐻𝐻−1

𝑚𝑚=0

�� + 𝔹𝔹↓� + 𝔹𝔹↑� Eq.  5.3.3 

  

where Θ = [Θ1,Θ2, . . . .Θ𝜅𝜅] is input feature map with 𝜅𝜅 number of channels/feature maps and 

𝐻𝐻 × 𝑊𝑊 dimensions, 𝕎𝕎↓[𝔹𝔹↓] denote weight [bias] of the compression convolution, which reduces 

the dimension by a factor of 𝛿𝛿, 𝕎𝕎↑[𝔹𝔹↑] denote weight [bias] of the expansion convolution, which 

increases the dimension by a factor of 𝛿𝛿, 𝑅𝑅 denotes the ReLU activation function, and 𝜎𝜎 is the 

sigmoid activation function. The compression layer output can be realized as the fusion of local 

descriptors whose statistics express the entire feature map [248]. The channel attention mechanism 

comprises of standard convolutions with kernel size 1 × 1. This aids in learning the nonlinear 

interaction between the channels and ensures that emphasis is given to channels with higher 

distinctive features [248]. As 𝜅𝜅 in the encoder and decoder network varies, the gating mechanism 

adapts to accommodate these changes. The factor 𝛿𝛿 is a hyperparameter, which varies the capacity 

of the gating mechanism. An illustration of this mechanism is illustrated in Fig.  5.3.1 (c). 
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5.4. Experimental Results 

This section provides the performance evaluation of the KTNet. After outlining the 

experimental settings, chosen datasets, and training details, the performance comparisons with 

SOTA methods are provided to demonstrate the effectiveness and generality of KTNet. 

5.4.1. Dataset 

In this work, the KITS [251] CT database was used to train and validate our network 

architecture. The dataset provides a collection of multi-phase CT scans, segmentation masks, and 

detailed clinical outcomes for 300 patients who underwent partial or radical nephrectomy for one 

or more kidney tumors at the University of Minnesota Medical Center between 2010 and 2018 

[251]. 210 patients were selected for the training (178), validation (16), and testing (16) set. In 

total, 13593 images were used for training and 1517 images were used for both testing and 

validation. The included volumes are characterized by different in-plane resolutions ranging from 

0.437 to 1.04 mm, with a slice thickness varying among cases from a minimum of 0.5 mm up to 

5.0 mm. CT images and masks were provided in a NIFTI format for each volume. The dataset was 

further modified to eliminate a few mislabeled volumes, as mentioned in [252]. Case IDs 15 and 

17 were confirmed to be mislabeled by the challenge organization. Case IDs 23, 68, 125, and 133 

in the training phase for reasons mentioned in [253] were eliminated. Fig.  5.4.1 displays a test 

case of the KITS dataset. 
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(a) (b) (c) 

   

(d) (e) (f) 

Fig.  5.4.1: Example images from the KITS dataset where (a) and (d) are the input CT images, 
(b) and (e) are the ground truth masks of the Kidney+Tumor regions, and (c) and (f) are the 
ground truth masks of the Tumor region 

5.4.2. Training 

For training, gray input images along with the corresponding semantic map was 

considered. The input images were augmented by random cropping to a size 480 × 480, random 

scaling in the range of (0.5, 2), and random horizontal flipping along with the corresponding 

masks. ADAM [89] optimizer with a base learning rate of 0.001 is employed to train the model. 

The batch size was set to 16. The network was trained for 250 epochs, and a poly learning rate 

policy with the power of 0.9 was used to drop the learning rate. For training the network, Binary 

Cross Entropy loss was utilized and employed at the output of each decoder. For evaluation, three 
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metrics, namely, Pixel Accuracy, F1 metric, and Intersection over Union (IoU), were utilized. Pixel 

accuracy provides the percent of pixels that are accurately classified. The F1 score corresponds to 

an equally weighted average of the precision and recall scores. IoU, also known as the Jaccard 

Index, provides the ratio of the intersection of the pixel-wise classification results with the ground 

truth to their union. Among all these metrics, a higher percentage depicts how close the predicted 

class maps are to the ground truth. The formulation of these metrics is provided in Table 5.4.1. 

Table 5.4.1: Definitions of the metric utilized in this work 

Metric Formulation 

Pixel accuracy 
𝑃𝑃𝑃𝑃 =

1
𝑁𝑁
� (𝑦𝑦𝑖𝑖 == 𝑦𝑦𝚤𝚤�)

𝑁𝑁

𝑖𝑖
 

where 𝑦𝑦𝑖𝑖 is a target values, and 𝑦𝑦𝚤𝚤�  is the prediction. 

F1 Score 𝐹𝐹1 =
2 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

Intersection over 
Union 

𝐼𝐼𝐼𝐼𝐼𝐼 =
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁)
 

5.4.3. Ablation Study 

Extensive ablation studies on the various architectural components of KTNet architecture 

were performed. Dilated residual network with 5 layers, as mentioned in Table 5.3.1 was utilized 

as the encoder for baseline results. In this ablation study, various parameters that affect the design 

of the model are presented. 
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Table 5.4.2: Analysis of various normalization techniques without the features from edge 
enhanced images. Blue text indicates the best and Red text indicates the second-best 
performance. GN →  Group Normalization 

Models Pixel Accuracy F1 Score IoU Combined 
Accuracy 

CONV+BN 94.26 94.90 95.14 94.76 

WSCONV + 
GN 94.54 94.55 94.85 94.65 

WSCONV + 
BN 94.62 95.01 95.24 94.96 

  

Impact of varying the normalization techniques: This section will evaluate the 

performance of KTNet when the various normalization techniques were utilized. For a fair 

comparison, all the network components were fixed and only normalization layers were varied. 

Table 5.4.2 provides the quantitative results of this study. It can be seen that KTNet with weight 

standardized convolution and batch normalization provided superior results compared to other 

normalization techniques. This indicates that weight standardization is required for accelerating 

micro-batch training. 

Impact of varying the depths of encoder topology: When optimizing the network, it is 

critical to adjust the depth of the model to attain optimal results. Table 5.4.3 provides a set of 

quantitative results for varying depths of the network. In particular, only the encoder depths were 

varied to obtain these results. When the residual blocks were set to 1,1,2,2,2, KTNet outperformed 

when compared to other models with lower and higher parameters. This demonstrates that the 

encoder depth with 1,1,2,2,2 was adequate to encapsulate all the features available in the CT image 

of the KITS dataset. 
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Table 5.4.3: Analysis of various encoder depths with the features from edge enhanced images. 
Blue text indicates the best and Red text indicates the second-best performance 

# residual 
blocks 

# of 
Parameters 

Pixel 
Accuracy F1 Score IoU Combined 

Accuracy 

1,1,1,1,1 2.2 M 91.87 87.90 91.03 90.26 

1,1,1,1,2 2.5 M 95.08 94.5 94.79 94.79 

1,1,1,2,2 2.8 M 95.55 95.07 95.30 95.31 

1,1,2,2,2 2.9 M 96.50 95.77 95.94 96.07 

1,1,2,2,3 3.2 M 95.77 95.19 95.41 95.46 

  

5.4.4. Benchmark Results 

To show the effectiveness of the proposed KTNet, it is compared with other SOTA, such 

as UNet [128], UNet++ [254], CeNet [255], and nnUNet [256]. The base learning rate for nnUNet 

was set to 0.0001, as the network failed to train with a learning rate of 0.001. For all these 

comparisons, KTNet with the configuration explained previously is utilized. The total number of 

parameters with this configuration is 2.87 M. The performance of this system was tested on the 

KITS CT database. The complete set of Pixel Accuracy, F1 score, and IoU for this dataset is 

provided in Table 5.4.4. These results demonstrate the performance of KTNet when compared to 

the SOTA methods. KTNet without edge enhanced feature provides a combined accuracy of 

94.96%, while KTNet with edge enhanced features achieves 96.07% on the KITS dataset, which 

is superior when compared to SOTA methods - UNet, UNet++, CeNet, and nnUNet, which 

produced 93.11%, 94.14%, 94.35%, and 92.24% respectively. This shows the effectiveness of the 

proposed network.  
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Table 5.4.4: Segmentation results on the KITS datasets. Blue text indicates the best and Red 
text indicates the second-best performance 

Models 
Edge 

Enhanced 
Features 

# of 
Parameters 

Pixel 
Accuracy F1 Score IoU Combined 

Accuracy 

UNet X 14.3 M 90.98 94.01 94.32 93.11 

UNet++ X 16 M 93.21 94.47 94.75 94.14 

CeNet X 29 M 94.49 90.86 94.46 94.35 

nnUNET X 31 M 93.13 91.04 92.54 92.24 

KTNet X 2.8 M 94.62 95.01 95.24 94.96 

KTNet  2.9 M 96.50 95.77 95.94 96.07 

  

Apart from the quantitative analysis, qualitative analysis has been illustrated in Fig.  5.4.2, 

Fig.  5.4.3, and Fig.  5.4.4. These examples show the complex nature of the input images and the 

performance of KTNet when compared to the SOTA methods. The proposed network generated 

sharp kidney and tumor semantic maps with a higher correlation to the ground truth despite the 

quality of the input images. As seen in the figures, the SOTA methods were only partially able to 

segment the kidney and the tumor from the CT image. In Fig.  5.4.3, UNet and UNet++ were 

unable to detect the tumor regions. In Fig.  5.4.4, a discrepancy in the ground truth image is noticed. 

The left kidney contain a tumor which is unmarked in the ground truth image. KTNet was still able 

to detect the tumor, while some of the other SOTA methods were unable to. 
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(a) 

   

(c) GT (KT) (c) UNet (KT) (d) UNet++ (KT) 

   

(e) CeNet (KT) (f) nnUNet (KT) (g) KTNet (KT) 

   

(h) GT (T) (i) UNet (T) (j) UNet++ (T) 

   

(k) CeNet (T) (l) nnUNet (T) (m) KTNet (K) 

Fig.  5.4.2: A visual comparison of the performance of the SOTA methods in segmenting the 
kidney and tumor regions. (a) test image, (b) ground truth (GT) of the kidney+tumor (KT) 
region, (h) GT of the tumor (T) region. (c)-(f) are the results produced by the SOTA methods 
for the KT region and (i)-(l) are the results produced by the SOTA methods for the T region. As 
shown, KTNet (g) and (m) in Blue performs better in comparison. 
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(a) 

   

(c) GT (KT) (c) UNet (KT) (d) UNet++ (KT) 

   

(e) CeNet (KT) (f) nnUNet (KT) (g) KTNet (KT) 

   

(h) GT (T) (i) UNet (T) (j) UNet++ (T) 

   

(k) CeNet (T) (l) nnUNet (T) (m) KTNet (K) 

Fig.  5.4.3: A visual comparison of the performance of the SOTA methods in segmenting the 
kidney and tumor regions. (a) test image, (b) ground truth (GT) of the kidney+tumor (KT) 
region, (h) GT of the tumor (T) region. (c)-(f) are the results produced by the SOTA methods 
for the KT region and (i)-(l) are the results produced by the SOTA methods for the T region. As 
shown, KTNet (g) and (m) in Blue performs better in comparison. 
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(a) 

   

(c) GT (KT) (c) UNet (KT) (d) UNet++ (KT) 

   

(e) CeNet (KT) (f) nnUNet (KT) (g) KTNet (KT) 

   

(h) GT (T) (i) UNet (T) (j) UNet++ (T) 

   

(k) CeNet (T) (l) nnUNet (T) (m) KTNet (K) 

Fig.  5.4.4: A visual comparison of the performance of the SOTA methods in segmenting the 
kidney and tumor regions. (a) test image, (b) ground truth (GT) of the kidney+tumor (KT) 
region, (h) GT of the tumor (T) region. (c)-(f) are the results produced by the SOTA methods 
for the KT region and (i)-(l) are the results produced by the SOTA methods for the T region. As 
shown, KTNet (g) and (m) in Blue performs better in comparison. A discrepancy in the ground 
truth image is noticed. The left kidney contains a tumor which is unmarked in the ground truth 
image. KTNet was still able to accurately detect the tumor. 
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5.5. Summary 

This chapter introduces a new 2D CNN architecture- KTNet, that exploits the features 

obtained from edge enhanced images to segment kidneys and tumors from CT images. The 

network comprises of a dilated ResNet encoder architecture and a novel dual decoder branch 

designed to segment the kidney and tumor regions individually. In addition, features were 

extracted from edge-enhanced images to boost the system's performance. Extensive ablation 

studies and quantitative analysis conducted on the KITS CT database demonstrated the nature of 

design and effectiveness of the proposed KTNet. It was able to outperform state-of-the-art 

techniques by achieving 96.07% combined accuracy with just 2.9 million parameters. Quantitative 

analysis shows that KTNet was able to achieve superior semantic maps for the kidney and tumor 

regions with crisp boundaries when compared to state-of-the-art techniques. As a part of future 

work, the possibilities of usage of KTNet for other medical fields such as lung cancer segmentation 

and mammogram segmentation will be explored. As the parameter count is lower than the state-

of-the-art systems, the possibilities of deploying KTNet on edge devices will also be explored. 
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Chapter 6. Image Binarization 

6.1. Motivation 

Thresholding is a critical pre-processing step for image segmentation in the field of vision-

based systems for object detection and classification. Segmentation of medical images such as 

Computed Axial Tomography (CAT), Magnetic Resonance Imaging (MRI), X-Ray, Phase 

Contrast Microscopy, and Histological images presents a number of challenges due to the high 

variability of human anatomy and modality variation. Recent advancements in CAD of histological 

images aid in disease detection and classification. Given that the majority of pathology diagnosis 

is dependent on the pathologist's expertise and ability, there is clearly a need for an automated 

assessment system. Histopathology is the microscopic examination of tissues to determine the 

appearance of damaged and degenerated cells. Histological images are stained with a specific color 

to aid in the differentiation of the tissue's components. Segmentation and analysis of such images 

are challenging, as they exhibit a high degree of variability in terms of color and clustering of cells. 

This work presented in this chapter describes an adaptive thresholding technique for segmenting 

cell structures from Haematoxylin and Eosin stained images. Additionally, pathologists can use 

these results to make an accurate diagnosis. The effectiveness of the Human Visual Thresholding 

(HVT) method is determined visually by comparison to state-of-the-art thresholding methods such 

as Otsu, Niblack, Sauvola, Bernsen, and Wolf. Computer simulations demonstrate the HVT 

method's effectiveness in segmenting critical data. 
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6.2. Introduction 

Binarization or thresholding of images is a critical step in the field of image processing. It 

is an effective technique for differentiating the foreground (area of interest) from the background. 

Document analysis, medical image binarization, object detection in videos, biometric recognition 

systems, and gait recognition are just a few of the widely used applications [257-261]. Binarization 

is quite often the first step in image analysis and is used to locate a particular area or region of 

interest [262]. A binary image is a representation of a grayscale image using two gray values, 

namely 0 (black) and 255 (white). The benefit of acquiring a binary image is its simplicity in image 

processing. Binarization can be divided into two broad categories: global and local [263]. Global 

binarization is equivalent to a single threshold value being applied to the entire image. The 

thresholding value is chosen to denote the foreground and background of the image. The method 

is fast and produces reliable results in certain applications. Global thresholding is suitable only if 

the image's contrast distribution is uniform. Additional artifacts/noise may impair the performance 

of the thresholding technique [264]. Local thresholding techniques are used to overcome such 

issues. Local thresholding divides the image into overlapping blocks and assigns a threshold to 

each sub-block. The thresholds for each block are determined using the pixel information and its 

surroundings. Local thresholding generally produces superior results but is comparatively slower 

than global thresholding. Binarization is classified into six distinct groups, as explained in [259]. 

Medical imaging techniques are used to obtain information about organs or parts of the 

human body, physiological variations or abnormalities from the norm (for example, tumors and 

cysts), or structural information about bones, ligaments, and vessels [265]. Examination of medical 

images requires segmentation to aid pathologists in automatic detection [266]. Medical image 
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segmentation is important for anatomical research on normal body structure, quantifying tissues 

using metrics such as surface area and volume, localization of abnormalities, prognosis and 

treatment planning, 2D and 3D registration of imaging data, and computer-aided surgery [105-

108]. For over a century, microscopy has been critical in diagnosing diseases [267, 268]. It entails 

the examination of a patient's surgically removed specimen [269]. Manual diagnosis of tissue cells 

requires considerable time and effort [268]. The accuracy of the diagnosis is entirely dependent on 

the pathologist's ability and experience. Early detection is critical for patient care, therefore, an 

automated segmentation technique is essential for perfect diagnosis and treatment planning [269-

271]. 

The literature presents some of the techniques used in the segmentation of pathological 

images. Roullier [272] proposed a multiresolution algorithm that used a graph-based segmentation 

procedure to segment mitotic count in breast histology images. Basavanhally [273] proposed a 

method that used rank-based normalized cuts for detecting tubules in breast histology images. 

These cuts were defined by a mean shift clustering algorithm. Xu [274, 275] developed a method 

that used a combination of rank-based normalized cuts and active contours to segment prostate 

gland structures. Al-Lahham [276] proposed a method that segments out cancer cell nuclei using 

the K-means clustering method. Loukas [277] proposed a method that segments the cell nuclei by 

applying a Principal Component Analysis (PCA) technique, which performs color transformation 

of the image. The transformed image is then globally thresholded to segment the nuclei. 

Markiewicz [278] proposed a method that used color information and morphological features to 

train the support vector machine (SVM) classifier for cell segmentation. Kong [279] proposed a 

method that separated cellular regions of the image from the background. The algorithm used a 

controlled pixel-wise classification technique. The cells were isolated based on the radial 

http://www.sciencedirect.com/science/article/pii/S1361841515001474#bib0003
http://www.sciencedirect.com/science/article/pii/S1361841515001474#bib0043
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symmetry and shape. Karsnas [280] proposed a learning algorithm where the intensities and label 

dictionaries are constructed to separate the foreground from the background. The cells were 

isolated by merging regions with a marker-controlled watershed technique. Kim [281] developed 

a marker-controlled watershed algorithm based on the H-minima transform to segment the nuclei 

from histopathological images. 

Some of the approaches mentioned above rely on color. These methods do not perform 

well when the image contains a larger cluster of cells touching one another [282]. Although graph-

based segmentation techniques are extremely efficient, they are also very time-consuming, which 

limits their application to real-time cell segmentation [282]. Furthermore, learning-based methods 

require a sizable training dataset, and the probabilistic models must be carefully chosen. This 

chapter presents a thresholding technique that helps in segmenting the nuclei from Haematoxylin 

and Eosin (H&E) stained images. The HVT technique is compared to existing algorithms such as 

Otsu [283], Niblack [284], Sauvola [285], Bernsen [286], and Wolf [287]. Due to the lack of 

availability of ground truth images, the performance of the above-mentioned techniques is 

evaluated visually.  

 

6.3. Existing Binarization Techniques  

Otsu's [283] is a global thresholding technique based on clustering. It is widely used as a 

result of its simplicity and effectiveness. The technique is predicated on the assumption that the 

image contains only foreground and background data. The algorithm conducts a comprehensive 

search for a threshold that minimizes the intra-class (foreground and background) variance. This 

intra-class variance is defined as  
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𝜎𝜎χ 
2 =  𝑤𝑤1(𝑡𝑡) 𝜎𝜎1 

2(𝑡𝑡) + 𝑤𝑤2(𝑡𝑡) 𝜎𝜎22(𝑡𝑡) Eq.  6.3.1 

where 𝑤𝑤1 and 𝑤𝑤2 are the class probabilities of the pixels set by threshold 𝑡𝑡 and the class means 𝜇𝜇1 

and 𝜇𝜇2 and the class variance 𝜎𝜎1 
2 and 𝜎𝜎2 

2 are defined as 

𝜇𝜇1(𝑡𝑡) =  �
𝑖𝑖𝑖𝑖(𝑖𝑖)
𝑤𝑤1(𝑡𝑡)

𝑡𝑡

𝑖𝑖=1

 𝜇𝜇2(𝑡𝑡) =  �
𝑖𝑖𝑖𝑖(𝑖𝑖)
𝑤𝑤2(𝑡𝑡)

𝐼𝐼

𝑖𝑖=𝑡𝑡+1

 

Eq.  6.3.2 

𝜎𝜎1 
2(𝑡𝑡) = �[𝑖𝑖 − 𝜇𝜇1(𝑡𝑡)]2

𝑃𝑃(𝑖𝑖)
𝑤𝑤1(𝑡𝑡)

𝑡𝑡

𝑖𝑖=1

 𝜎𝜎2 
2(𝑡𝑡) = � [𝑖𝑖 − 𝜇𝜇2(𝑡𝑡)]2

𝑃𝑃(𝑖𝑖)
𝑤𝑤2(𝑡𝑡)

𝐼𝐼

𝑖𝑖=𝑡𝑡+1

 

 where 𝑤𝑤1(𝑡𝑡) =  ∑ 𝑃𝑃(𝑖𝑖)𝑡𝑡
𝑖𝑖=1  𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤2(𝑡𝑡) =  ∑ 𝑃𝑃(𝑖𝑖)𝐼𝐼

𝑖𝑖=𝑡𝑡+1  

Niblack [284] is a simple local thresholding method that works by sliding an overlapping 

window across the entire image to calculate a pixel-wise threshold. The local threshold is 

calculated for a given window size using the mean and standard deviation of the window's 

neighborhood. The Niblack threshold equation is as follows: 

𝑇𝑇𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + 𝑐𝑐�
∑ 𝐼𝐼𝑖𝑖2

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
− 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2  Eq.  6.3.3 

where B is the binarized image, c is a constant, 𝐼𝐼𝑖𝑖  is the pixel value, and 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the average value 

of the pixels in the neighborhood.  

Sauvola [285] method is a refinement of the Niblack method. The threshold is calculated 

using the dynamic range of the image gray values. By reducing the impact of noise on the standard 

deviation, it outperforms the Niblack method. The equation to estimate the threshold value is as 

follows: 
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𝑇𝑇 = 𝑚𝑚�1 − 𝑘𝑘 �1 −
𝜎𝜎
𝑅𝑅
�� Eq.  6.3.4 

where 𝑚𝑚 is the mean, 𝜎𝜎 is the standard deviation, 𝑘𝑘 is a positive value [0.1-0.5], and 𝑅𝑅 is the 

dynamic range of the standard deviation. 

Bernsen [286] proposed a local contrast-based thresholding method. There are two stages 

to the algorithm. The contrast threshold value is calculated as the difference between the maximum 

and minimum value for a given window in the first stage. The mean of the maximum and minimum 

gray-level values for the same window is estimated in the second stage. If the contrast value in the 

window falls below a certain threshold, the pixels are assigned to the background or foreground. 

The equation for the threshold is as follows: 

𝑇𝑇(𝑖𝑖, 𝑗𝑗) = �
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥,𝑦𝑦) + 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥,𝑦𝑦)

2
 𝑖𝑖𝑖𝑖 𝐶𝐶(𝑥𝑥,𝑦𝑦) ≥ 𝑇𝑇𝑐𝑐

0                                                   𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
 Eq.  6.3.5 

where 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum gray-level value, 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 is  the minimum gray-level value. The result is 

dependent on the size of the window. 

Wolf [287] proposed a method that calculates the standardized mean and contrast values 

of the image. The method overcomes the impediments of Sauvola’s method. The threshold 

equation is as follows 

𝑇𝑇 = �(1 − 𝑘𝑘) ∗ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 +
𝜎𝜎 ∗ 𝑘𝑘

𝑅𝑅 ∗ (𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑀𝑀)
+ 𝑘𝑘 ∗ 𝑀𝑀 Eq.  6.3.6 

where 𝑘𝑘 is the initial threshold value, 𝜎𝜎 is the standard deviation, 𝑀𝑀 is the minimum intensity 

value, and 𝑅𝑅 is its maximum deviation. 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Fig.  6.3.1: Results of the existing thresholding techniques. (a) test image, (b) Otsu, (c) Niblack, 
(d) Sauvola, (e) Bernsen, and (f) Wolf 
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6.4. Human Visual Thresholding Method 

This section describes the thresholding technique for segmenting nuclei from H&E stain 

images. The concept is to adjust the threshold across the image by computing the local mean and 

standard deviation of each pixel in the window. The methods outlined above do not work well for 

histological images due to the low contrast between foreground and background. Moreover, as the 

space between the cell is minimal, it becomes hard to separate them. Such impediments are 

overcome in the proposed method. The general flow diagram of the thresholding procedure is 

depicted in Fig.  6.4.1. The HVT technique makes use of the integral image concept as defined in 

[288]. 

 

Fig.  6.4.1: The flow diagram of the proposed Human Visual Thresholding method 

 

Color consistency remains a significant issue in whole-slide imaging, as even minor 

differences in the appearance of digitized slides can result in image misinterpretation by 

pathologists or computer-aided diagnosis systems. These differences are primarily due to 

variations in laboratory protocols and imaging device manufacturers. Fig.  6.4.2 illustrates the 

color variation in digitized whole-slide images. To overcome such variations in the data, an image 

standardization technique is employed. Consider a target image 𝐹𝐹(𝑚𝑚,𝑛𝑛) and a reference image 
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𝐾𝐾(𝑚𝑚,𝑛𝑛). First, the images are transformed from the RGB color space to HSV color space 

(𝐹𝐹𝑇𝑇(𝑚𝑚,𝑛𝑛) and 𝐾𝐾𝑇𝑇(𝑚𝑚,𝑛𝑛)). Second, the histogram of 𝐾𝐾𝑇𝑇(𝑚𝑚,𝑛𝑛) in computed for the H, S, and V 

channels individually. Third, the Histogram Equalization [289] algorithm is employed to map the 

histogram values of 𝐾𝐾𝑇𝑇(𝑚𝑚,𝑛𝑛) to 𝐹𝐹𝑇𝑇(𝑚𝑚,𝑛𝑛). Finally, 𝐹𝐹𝑇𝑇(𝑚𝑚,𝑛𝑛) is transformed from the HSV 

colorspace to RGB. The result of the image standardization technique is displayed in Fig.  6.4.3. 

 

  

  

Fig.  6.4.2: H&E stained histopathology images demonstrating color variations caused by 
difference in slide preparation 
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(a) (b) (c) 

Fig.  6.4.3: Illustration of the image standardization process. (a) reference image, (b) target 
image, and (c) resulting standardized image 

  

When an input image 𝐹𝐹(𝑚𝑚,𝑛𝑛) is considered, its integral image 𝐻𝐻 at position (𝑚𝑚,𝑛𝑛) 

contains the sum of all the pixels on the top and left of that (𝑚𝑚,𝑛𝑛). Thus, for a given window, the 

intensity of a pixel at (𝑚𝑚,𝑛𝑛) is defined as  

𝐻𝐻(𝑖𝑖, 𝑗𝑗) =  � � 𝐹𝐹(𝑚𝑚,𝑛𝑛)
𝑗𝑗

𝑛𝑛=0

𝑖𝑖

𝑚𝑚=0
 Eq.  6.4.1 

 An integral image can be generated from any grayscale image efficiently in a single 

iteration. Mean at a position (𝑖𝑖, 𝑗𝑗) can be computed swiftly by: 
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𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑖𝑖, 𝑗𝑗) =
�𝐻𝐻 �𝑖𝑖 + 𝑤𝑤

2  , 𝑗𝑗 + 𝑤𝑤
2� −  𝐻𝐻 �𝑖𝑖 + 𝑤𝑤

2  , 𝑗𝑗 − 𝑤𝑤
2� + 𝐻𝐻 �𝑖𝑖 − 𝑤𝑤

2  , 𝑗𝑗 − 𝑤𝑤
2� − 𝐻𝐻 �𝑖𝑖 − 𝑤𝑤

2  , 𝑗𝑗 + 𝑤𝑤
2� �

𝑤𝑤2  
Eq.  6.4.2 

The output of 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is shown in Fig.  6.4.4. The standard deviation is defined in Eq.  6.4.3 and the 

resulting deviation image is displayed in Fig.  6.4.5.   

𝜎𝜎(𝑖𝑖, 𝑗𝑗) = � 1
𝑤𝑤2  � � 𝐹𝐹2(𝑚𝑚,𝑛𝑛) − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2 (𝑖𝑖, 𝑗𝑗)

𝑗𝑗+𝑤𝑤2

𝑛𝑛=𝑗𝑗−𝑤𝑤2

𝑖𝑖+𝑤𝑤2

𝑚𝑚=𝑖𝑖−𝑤𝑤2

 Eq.  6.4.3 

 

  

(a) (b) 

Fig.  6.4.4: An illustration of the 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 image generation. (a) test image and (b) 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 image. 

  

  

(a) (b) 

Fig.  6.4.5: An illustration of the deviation image (a) test image and (b) deviation image. 
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 𝐹𝐹2(𝑚𝑚,𝑛𝑛) can be computed the same way as defined in Eq.  6.4.2. The output 𝐹𝐹2(𝑚𝑚,𝑛𝑛) is 

show in Fig.  6.4.6. The deviation image can also be combined with the original image, as shown 

in Eq.  6.4.6, depending on the application. As the outcome of the thresholding is dependent on 

the standard deviation, a guided filtering procedure is applied to the deviation image [187]. This 

is an edge-preserving filter and performs remarkably well due to its non-approximate means of 

implementation. The resulting output is shown in Fig.  6.4.7. Furthermore, it yields better quality, 

and the computation time is greatly reduced due to its filter size invariance. It can be defined as 

shown in Eq.  6.4.4. 

  

(a) (b) 

Fig.  6.4.6: An illustration of the 𝐹𝐹2(𝑚𝑚,𝑛𝑛) image generation. (a) test image and (b) 𝐹𝐹2(𝑚𝑚,𝑛𝑛) 
image. 

 

𝐹𝐹𝑥𝑥 =  𝜎𝜎𝑦𝑦𝐼𝐼𝑥𝑥 + 𝜌𝜌𝑦𝑦  ∈  ∅𝑦𝑦 
Eq.  6.4.4 

𝜎𝜎𝑦𝑦 =
1

|∅|  ∑ 𝐼𝐼𝑥𝑥 𝐺𝐺𝑥𝑥− 𝜇𝜇𝑦𝑦 𝐺𝐺𝑦𝑦�𝑥𝑥∈∅𝑦𝑦

𝜑𝜑𝑦𝑦+𝜀𝜀
 ;  𝜌𝜌𝑦𝑦 = 𝐺𝐺𝑦𝑦� −  𝜎𝜎𝑦𝑦𝜇𝜇𝑦𝑦 

Eq.  6.4.5 

where ∅𝑦𝑦 is an odd-sized window, 𝜑𝜑𝑦𝑦 and 𝜇𝜇𝑦𝑦 are variance and mean of I, respectively, |∅| and 𝐺𝐺𝑦𝑦� 

provides the count of the pixels and mean of 𝐺𝐺, respectively, in ∅𝑦𝑦. Finally, thresholding is 

performed and is given by equation Eq.  6.4.7. In this 𝛾𝛾1 and 𝛾𝛾2 depend on the intensity 

characteristics of the image into consideration. 
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𝜎𝜎� =  𝜏𝜏 ×  𝐹𝐹+ (1−  𝜏𝜏 )  ×  𝜎𝜎𝑦𝑦 Eq.  6.4.6 

𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 =  𝛾𝛾1 × � 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 × � 1 + ∁ ∗ (𝜎𝜎�)�� + 𝛾𝛾2 
Eq.  6.4.7 

 
 

  

(a) (b) 

Fig.  6.4.7: The output of the detailed enhancement. (a) deviation image and (b) enhanced 
deviation image 

 

  

Fig.  6.4.8: Thresholded images acquired using HVT method (a) test image (b) Result 

 

Kim [290] proposed a multi-window thresholding technique that aimed at reducing the 

effect of window size on documentary images. Similarly, in medical imaging, particularly, nuclei 
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size may vary. To make the algorithm less dependent on window sizes, three window sizes are 

employed to compute the thresholding. This is defined by 

𝜎𝜎� =  𝜅𝜅1  × 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜(𝑤𝑤1) + 𝜅𝜅2  × 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜(𝑤𝑤2) +  𝜅𝜅3  × 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜(𝑤𝑤3) 

where  𝜅𝜅1 + 𝜅𝜅2 + 𝜅𝜅3 = 1 

Eq.  6.4.8 

The output acquired after applying the HVT technique is shown in Fig.  6.4.8. 

6.5.  Computer Simulation 

    

(a) (b) (c) (d) 

   
(e) (f) (g) 

Fig.  6.5.1: Visual comparison of thresholding methods: (a) Original image, (b) Otsu’s method, 
(c) Niblack’s method, (d) Sauvola’s method, (e) Bernsen’s method, (f) Wolf’s method, and (g) 
HVT method. 

 

For computer simulations, the UCSB Bio-Segmentation Benchmark dataset is considered. 

This database contains 58 cellular-level breast cancer images. Each input image has a resolution 

of 896 x 768. The effectiveness of the HVT method is analyzed by visually comparing the results  
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to the state-of-art thresholding methods such as Otsu, Niblack, Sauvola, Bernsen, and Wolf. The 

threshold values were set individually and the best results were chosen for each technique. The 

       
(a) (b) (c) (d) (e) (f) (g) 

Fig.  6.5.2: Zoomed view of thresholding methods: (a) Original image, (b) Otsu’s method, (c) 
Niblack’s method, (d) Sauvola’s method, (e) Bernsen’s method, (f) Wolf’s method, and (g) 
proposed method. The proposed system isolates each nucleus while perfectly suppressing the 
background information. 

 

    

(a) (b) (c) (d) 

   
(e) (f) (g) 

Fig.  6.5.3: Visual comparison of thresholding methods: (a) Original image, (b) Otsu’s method, 
(c) Niblack’s method, (d) Sauvola’s method, (e) Bernsen’s method, (f) Wolf’s method, and (g) 
HVT method. 
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main criteria adapted was to see if all the nuclei were detected. The post thresholding results are 

shown in Fig.  6.5.1, Fig.  6.5.3, and Fig.  6.5.4.  

For a comparative evaluation, Fig.  6.5.1 is used. As seen in the figure, each state-of-the-

art thresholding method segments the nuclei but is accompanied by a lot of background noise. 

Moreover, as the nuclei are close to each other, these techniques perform poorly in separating 

them. This is not the case in the proposed method. As seen in Fig.  6.5.1 (g), the image segments 

the nuclei and contains no background information. The nuclei are well defined and separated. 

This can be visualized clearly in Fig.  6.5.2, which displays the zoomed view of a particular section 

of the image.  

    

(a) (b) (c) (d) 

   
(e) (f) (g) 

Fig.  6.5.4: Visual comparison of thresholding methods: (a) Original image, (b) Otsu’s method, 
(c) Niblack’s method, (d) Sauvola’s method, (e) Bernsen’s method, (f) Wolf’s method, and (g) 
HVT method. 

 

The method proves its robustness as it can be used to segment nuclei from colon, prostate, 

and neuroblastoma histology images, and is negligibly affected by the illumination variations of 
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the images. As the nuclei are separated, determining the size of each is easier, which assists 

pathologists in detecting and grading cancer types. 

6.6. Summary 

Thresholding is an important topic in vision-based systems that has received a lot of 

attention. However, the majority of cutting-edge techniques have been applied and tested for non-

medical applications. The extraction of nuclei is a critical step in medical imaging, particularly in 

H&E stained histological images. Pathologists will be able to detect and diagnose diseases, such 

as cancer, more effectively if the nuclei are isolated from the stained images. Global thresholding 

techniques perform poorly in segmenting the nuclei, owing to the non-uniform illumination and 

poor contrast of images. Whereas, local thresholding methods handle these variations smoothly 

and perform better. In this work, a new local thresholding technique for nuclei segmentation from 

histological images is presented. In situations where the difference between the background and 

the foreground (nuclei) is small, the HVT method outperforms the existing techniques. Computer 

simulations demonstrate the HVT method's superiority over state-of-the-art methods. Further 

investigation will be conducted as part of future work to determine the optimal values for constants 

such as 𝛾𝛾1, 𝛾𝛾2 and 𝐶𝐶. In addition, the effectiveness of the thresholding method can be quantified 

by developing a non-reference measure due to the unavailability of ground truths. 
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Chapter 7. Initial Evaluation of Tumor Roughness to Predict 
Renal Cancer Subtypes  

7.1. Introduction 

Kidney cancer (renal cell carcinoma; RCC) is expected to account for 3.8% of all new 

cancers diagnosed and will be responsible for an estimated 14,400 deaths [291]. The widespread 

use of radiologic imaging likely accounts for the increased incidence of new cancer cases 

diagnosed in the United States since the 1970s. Up to 40% of these incidental masses are localized, 

and approximately 15-20% of these small renal masses are ultimately benign [292-297]. 

Small renal masses are typically not aggressive and are slow-growing with low malignant 

potential; therefore, urologists have adapted a monitoring program to follow these masses over 

time called active surveillance [298]. Active surveillance heavily relies on the growth of tumors in 

size and lacks uniform standardization, usually citing every 6-month imaging [299]. While size is 

an important factor in renal tumors, it does not solely predict the malignant potential of a small 

renal mass. In a study, Daugherty [300] proposed the need for different size cut-offs for the various 

renal cancer subtypes indicating that clear cell cancer has the most malignant potential and should 

be smaller than 4cm, and chromophobe has the lowest malignant potential and could wait until 

7cm size. While active surveillance in appropriately selected patients is a viable alternative to 

surgical intervention, it still carries the burden of uncertainty, patient anxiety, risk of disease 

progression, and the associated financial cost to the patient [301]. As the diagnosis of small renal 

masses remains primarily radiographic, the development of software to assess the potential 

aggressiveness of a mass would be a useful aid in the clinicians’ armamentarium for shared 

decision-making. Previous studies have attempted to discern tumor histology through the use of 
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current imaging techniques and automated image analysis with varying degrees of success [302-

306]. 

In order to provide additional information on the malignant potential of small renal masses 

without needing a biopsy, CT scans were utilized with image enhancement techniques and edge 

detection to calculate the surface irregularities of renal masses scheduled for partial nephrectomy. 

Using this technology, an overall “Tumor Roughness Score” (TRS)  is proposed to determine the 

distinction between renal tumor subtype and potential aggressiveness. The initial assessment of 

this technique is to determine its utility in active surveillance clinical follow-up and potential 

research trials.   

7.2. Methods 

7.2.1. Patient Population 

Thirty patients who underwent nephrectomy for RCC at the University of Texas Health 

Science Center represent cases of clear cell RCC (n=10), papillary RCC (n=10), and chromophobe 

RCC (n=10).  Limited demographic and follow-up data were available.  Patients with known 

hereditary disorders and those deemed to have poor quality CT images were excluded. 

7.2.2. Tumor Roughness Measure by Using Multi-Level Voxel Box-Counting 

The “roughness” measure of a kidney tumor requires contrast-enhanced CT scans, which 

can automatically detect, quantitatively measure, and distinguish lymph node involvement and 

local tumor invasion based on the tumor’s topography [307]. The extensive computer simulation 

validates the proposed roughness measure acquisition that requires a three-stage algorithm: 
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A. Improving the image quality and contrast 

In general, the quality of images is affected by factors such as restricted image dimension 

and pixel resolution, along with the compulsive effects caused due to noise and poor contrast. To 

overcome these problems, well-described enhancement methods such as guided filtering, edge 

enhancement, and image fusion to improve the contrast and quality of the image [308, 309] were 

utilized. 

B. Multi-level  image segmentation 

Multiple level segmentation aims to obtain more than one threshold for a given image and 

segment the image into specific regions of interest (tumor), which correspond to one background 

and several regions of interest [310]. The method assumes that the image contains only foreground 

and background information. Traditional multilevel segmentation techniques are usually 

susceptible to Gaussian and Impulse noise. The algorithm is a modification of the multilevel 

thresholding technique for image segmentation that eliminates noise and performs a 

comprehensive search for a threshold that minimizes the intra-class (foreground and background) 

alpha-trimmed variance [311]. The critical component of this method is the selection of a threshold 

such that it separates the pixels into multiple classes by maximizing the between-class variance. 

The between-class variance is defined as 

𝜎𝜎2 =  �𝑃𝑃𝑖𝑖(µ𝑖𝑖 − µ𝑇𝑇)
𝑀𝑀

𝑖𝑖=1

 Eq.  7.2.1 

where 𝜎𝜎2 is the between-class variance, 𝑃𝑃𝑖𝑖 is the probability of class 𝑖𝑖, µ𝑖𝑖 is the mean value of class 

𝑖𝑖 and µ𝑇𝑇 is the total mean of the histogram. 
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C. Hausdorff’s measure of the regions of interest 

The Hausdorff measure is a scale of the closeness of two groups of points that are 

subclasses of a metric space [312]. The measure assigns a scalar score to the similarity between 

two paths, data clouds or any group of points. It is defined by Eq.  7.2.2 and Eq.  7.2.3. Let (𝐴𝐴,𝑑𝑑) 

be a metric space. For any subset 𝑀𝑀⊂𝐴𝐴, 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑀𝑀) will denote the diameter of 𝑀𝑀. For any 𝑀𝑀 ⊂ 𝐴𝐴, 

any 𝛿𝛿 ∈ [0,∞], and any 𝛼𝛼 ∈ [0,∞], the outer measure is given by 

𝐻𝐻𝛿𝛿
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Eq.  7.2.2 

Hence the Hausdorff 𝛼𝛼-dimensional measure of 𝑀𝑀 is  

𝐻𝐻 
𝛼𝛼(𝑀𝑀) =  lim

𝛿𝛿→0
𝐻𝐻𝛿𝛿𝛼𝛼(𝑀𝑀) Eq.  7.2.3 

 The system uses the box-counting method to generate feature points based on the presence 

of edges in the image. Based on these feature points, the Hausdorff dimension is estimated, and 

the slope of the best fit line generates a roughness score. In our case,  the Hausdorff’s measure is 

an outer measure that calculates the roughness of each level, and a combined score is generated. 

This score is referred to as the Tumor Roughness Score. 

7.3. Statistical Analysis 

Continuous variables were analyzed with either T-tests or ANOVA for comparisons of the 

five renal mass subtype groups. ANOVA post-hoc analysis used the least significant difference 

(LSD). All p-values are two-tailed with a significance of p < 0.05, unless otherwise specified. 
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Pearson correlation coefficient is used to determine correlation analysis specifically between renal 

mass size and tumor roughness because larger tumors are more likely to be aggressive. We utilized 

a linear regression model to identify the factors that are most influential in predicting tumor 

subtype.  

7.4. Results 

Of the thirty patients selected, three patients were excluded due to poor-quality CT images.  

The data from 27 patients selected for analysis comprised of the following subtypes: benign cyst 

(n=1), oncocytoma (n=2), clear cell RCC (n=15), papillary RCC (n=7), and chromophobe RCC 

(n=2).  Overall demographics include median age of 56 (IQR 48 – 63), median body mass index 

30.4 (27.6 – 32.0), median tumor size  of 2.5 cm (IQR 1.8-4 cm), four positive margins (14.8%, 

4/27) and consisted of 93% men (25/27). Only one tumor was upgraded to pT3a and a total of 3 

pT1b, with all other tumors being pT1a. Race/Ethnicity includes 59% of European descent and 

41% of non-European descent. The demographics of each subtype and comparison are displayed 

in Table 7.4.1. At a median follow-up of 3.9 years (interquartile range (IQR) 2.2-5.4 years), there 

were no patient deaths.  None of the patients had a documented recurrence.  The majority of the 

cases were Stage 1 disease; two cases did not have a recorded stage, and none of the subjects had 

documented metastasis or received neoadjuvant therapy before surgical resection (Table 7.4.1).  

An example of the adaptive segmentation technique for image processing for the calculation of the 

tumor roughness score is displayed in Fig.  7.4.1. Standard clinical CT scans were obtained and 

the kidney and tumor regions were segmented for surface enhancement separately. To investigate 

tumor irregularity, the tumor for each slice was extracted using edge detection and other technique 
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described in Methods to obtain a 3-dimensional surface irregularity. These slices are calculated 

into a composite score of tumor roughness. 

Table 7.4.1: Demographics by tumor subtype 

Renal Cancer 
Subtype 

Benign 
Cyst Oncocytoma Chromophobe Clear 

Cell Papillary p Value 

Number of 
Patients (N) 1 2 2 15 7  

Age 60 45 (42 - 45) 54 (51-54) 56 (42 - 
66) 

57 (51 - 
63) 0.9 

Body Mass 
Index 24.9 26.3 (24.1 - 

26.3) 
31.8 (31.3 - 

31.8) 

30.1 
(27.3 - 
31.6) 

32.01 
(29.9 - 
40.7) 

0.05 

Race/Ethnicity 
(white%) 

1/1 
(100%) 1/2 (50%) 0/2 (0%) 9/15 

(60%) 5/7 (71%) 0.4 

Biologic 
Gender (male 

%) 
0/1 (0%) 1/2 (50%) 2 /2(100%) 15/15 

(100%) 
7/7 

(100%) 0.001 

Tumor Size 
(cm) 1.8 5.3 (4.0-5.3) 4.45 (4.4-4.45) 2.3 (1.5 

- 3.8) 
2.5 (2.0 - 

2.7) 0.01 

Tumor Stage 
(stage 3) 0/1 (0%) 0/2 (0%) 0/2 (0%) 1/15 

(7%) 0/7 (0%) 0.3 

Tumor 
Surface 

Roughness 
1.18 1.16 (1.12 - 

1.16) 
1.27 (1.21 - 

1.27) 

1.52 
(1.38 - 
1.55) 

1.56 (1.43 
- 1.66) 0.004 

  

The range of tumor size for each tumor class associated with the 27 patients is displayed 

in Fig.  7.5.1.  The mean roughness score for each mass is 1.18, 1.16, 1.27, 1.52, and 1.56 units, 

respectively (Fig.  7.5.2, p<0.004). The mean TRS Score did trend along the renal cancer subtype 

associated with tumor aggressiveness. The lowest quartile is 1.32 and would indicate the lowest 

risk based on this dataset and is visually displayed in the waterfall plot of TRS and colored by the 
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corresponding tumor subtype. The stage T3a upgraded tumor has a TRS of 1.46. The mean scores 

of positive and negative margins were identical (p = 0.9), but both were above the lowest quartile. 

Table 7.4.2: Multivariable linear regression model or the outcome of kidney cancer subtype. 

Demographic Coefficient (95% CI) t sore p Value 

Constant 2.59 (-5.8 - 0.58) -1.709 0.1 

Age 0.004 (0.17 - 0.025) 0.9 0.69 

Body Mass Index 0.049 (0.008 - 0.107) 2.7 0.09 

White (yes vs. no) 0.114 (0.364 - 0.592) 0.5 0.62 

Tumor Size 1.71 ( -.351 - 0.009) -1.2 0.06 

Roughness Score 2.601 (0.977 - 4.225) 4.2 0.003 

  

These tumors were investigated with Furman score (n=23) and did not show significant 

differences between high-grade tumors vs. low-grade tumors (p=0.7); however, 83% (19/23) were 

documented as Furman Grade 2 (low grade) and therefore there was not an acceptable range of 

tumor cellular aggressiveness based on histopathology. Renal mass size correlates with tumor 

roughness (Pearson, p=0.02, Fig.  7.5.3). However, tumor size itself was larger in benign tumors 

rather than malignant tumors (p=0.01) giving the indication that size would not be a significant 

factor for aggressiveness. Linear regression analysis noted that the roughness score is the most 

influential on the model, with all other demographics being equal, including tumor size (p=0.003) 

(Table 7.4.2). 
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(a) 

 

(b) 

Fig.  7.4.1: Tumor roughness score image analysis. (a) Adaptive segmentation technique 
developed to segment the kidney and tumor for surface enhancement and investigate tumor 
irregularity. (b) The summary irregularity score (Ravg = 1.0413) is averaged across all segments 
of the tumor. 
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7.5. Discussion 

Herein, a data image processing technique is described to provide a tumor roughness score 

that can have additional information beyond tumor size. Currently, physicians use tumor size and 

growth rate in active monitoring strategies. However, this strategy has not been shown to be 

accurate regarding tumor subtype or tumor aggressiveness.  

 

Fig.  7.5.1: Box and whisker plot of renal mass size compared to the renal tumor subtype for 
trend. 

 

 It is demonstrated that TRS can be a useful adjunct to image assessment and has the 

potential for automation using artificial intelligence and machine learning. TRS provides 

additional information regarding tumor subtype which correlates with the traditional RCC 

aggressiveness without a renal mass biopsy. This information is already available to physicians;  



152 | P a g e  
 

 

(a) 

 

(b) 

Fig.  7.5.2: (a) Box and Whisker plot displaying the tumor surface roughness score compared 
to each renal mass subtype comparison for trend. (b) Waterfall plot for tumor roughness score 
for each renal cancer tumor subtype. 
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however, computer-assisted techniques remain limited for evaluation. The roughness scoring 

could provide information regarding those tumors that may be less aggressive than the clear cell 

and papillary cancers. These techniques could theoretically be employed in future clinical trials 

and to potentially implement machine learning protocols, which would enhance its predictive 

ability with more comprehensive datasets. 

 

Fig.  7.5.3: Scatter plot noting the correlation between renal mass size and tumor roughness 
score (Pearson p=0.02) 
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The analysis presented in this work is distinct from previous research describing the surface 

contact area, which has also been shown to predict postoperative outcomes but was not 

investigated regarding tumor subtype [313, 314]. Tumor surface contact areas only represent how 

much the tumor is touching the kidney parenchyma; essentially, the test is an indicator of how 

exophytic a renal tumor is to its surrounding tissue.    

The proposed technique enhances and outlines the entire tumor surface for irregularity not 

based on exophytic or endophytic, which is usually reserved for surgical resection planning. 

Another utilization of CT imaging is the texture analysis performed by Khene and colleagues, 

noting that the texture on CT could predict malignant or benign tumors as well as adherent 

perinephric fat during surgical intervention [315, 316]. Closure to this analysis is the work 

performed by Linguraru et al., who developed semi-automated quantification and classification of 

renal tumors to classify benign or malignant tumors, especially those patients with genetic 

abnormalities prone to forming multiple kidney tumors [317]. Considerable effort has been placed 

to detect papillary renal cancer from clear cell, including subtypes based on contrast enhancement, 

largely because papillary renal neoplasms have a poor or delayed enhancement that can be difficult 

to discern from hyperdense renal cysts [318, 319].  In addition, papillary subtype tumors are less 

likely to have a thick pseudo-capsule around the tumor which would coincide with having more 

irregular edges to the tumor [320]. The proposed technique could assist with this particular 

question in more extensive studies.  

Data science with the uses of deep learning based automated methods is ever increasing 

and merging with clinical care [321]. Other authors have utilized similar techniques for image 

analysis. Pattern recognition is essential in radiology; however, the utilization of quantitative 

image analysis will provide additional objective data on tumor aggressiveness. These techniques 
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have been applied to lung cancer and others [322-324]. A review of other techniques for small 

renal mass characterization will be utilized in further evaluation and improvements [325, 326]. 

The goal is to add to the expanding literature using image analysis techniques to utilize data science 

to implement actionable data for physicians and patients.  

There are some limitations to this study.  First, while potentially significant associations 

were identified, this is a pilot study in a small cohort of patients without validated findings. 

Secondly, the cohort included CT scans performed at different institutions using different CT 

scanners, which could insert variability into the quality of the roughness score. However, in 

practical use, this would be the norm as other clinicians would utilize CT images from their home 

institutions.  The assumption made here is that the tumor roughness score will have more 

applicability in small renal masses to have more influence on future decision-making. 

Unfortunately, a comparison of our method with methods of previous authors could not be made 

because specific algorithms have not been published [327]. We acknowledge the fast-moving field 

of image analysis and new techniques to separate target lesions in imaging with new techniques 

such as topographical assessments [328]. All renal mass types were included in this study because 

until surgical removal the subtype is completely unknown, providing impetus for this study. We 

are currently developing validation profiles of our work and the development of AI technology 

that can provide visual tumor characteristics in quantitative form as a biomarker.  

7.6. Summary 

Using existing CT imaging in this proof of concept study, renal mass tumoral topography 

can be quantified and correlated with histology and biological aggressiveness in small renal 
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masses. Preliminary data is provided to suggest the use of imaging topography and genetic markers 

could provide additional information in the selection of patients for active surveillance or 

monitoring of renal masses compared to more aggressive therapy. A larger study is warranted to 

validate these findings and to determine if radiographic tumor surface analysis can obviate the 

need for conventional serum or urine biomarkers. 
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Chapter 8. Tufts Dental Database 

8.1. Motivation 

Imaging diagnosis involves the visual perception of an image and application of pattern 

recognition to differentiate normal from abnormal findings, followed by detailed characterizations 

of the abnormal findings that would allow for interpretation. The interpretation thus derived 

enables appropriate patient care and management. 

The application of AI in dental healthcare has a very promising role due to the abundance 

of imagery and non-imagery-based clinical data. Expert analysis of dental radiographs can provide 

crucial information for clinical diagnosis and treatment. In recent years, DL-based systems have 

achieved the highest accuracy in various benchmarks, including analyzing dental X-ray images to 

improve clinical care quality. But, such systems are often opaque, making it challenging to 

comprehend their actions. One of the major reasons why successful implementation and 

integration of AI into routine clinical practice is rare is that most existing AI systems lack sufficient 

explainability and transparency. Explainable AI and Multimodal AI are emerging research topics 

aimed at understanding the decision-making process of an AI system. These research areas 

examine the metrics, data, and models used in decision-making and propose solutions to explain 

them explicitly. In order to develop such systems pertaining to dental healthcare, the is a dire need 

for data that encapsulates the cognitive process of the expert.  

The Tufts Dental Database, a new X-ray panoramic radiography image dataset, has been 

presented in this thesis. This first-of-its-kind multimodal dataset includes the radiologist's expertise 

captured in the form of eye-tracking and think-aloud protocol. This dataset consists of 1000 
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panoramic dental radiography images with expert labeling of abnormalities and teeth. The 

classification of radiography images was performed based on five different levels: anatomical 

location, peripheral characteristics, radiodensity, effects on the surrounding structure, and the 

abnormality category. The contributions of this work are 1) a publicly available dataset that can 

help researchers to incorporate human expertise into AI and achieve more robust and accurate 

abnormality detection; 2) a benchmark performance analysis for various state-of-the-art systems 

for dental radiograph image enhancement and image segmentation using deep learning; 3) an in-

depth review of various panoramic dental image datasets, along with segmentation and detection 

systems. The release of this dataset aims to propel the development of AI-powered automated 

abnormality detection and classification in dental panoramic radiographs, enhance tooth 

segmentation algorithms, and the ability to distill the radiologist's expertise into AI. 
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8.2. Introduction 

The need for precise imaging and diagnostic tools has led to an exponential increase in 

computed tomography (CT) and X-ray imaging-based technologies to detect, diagnose, and treat 

various dental diseases in the last few decades. However, manual X-ray film interpretation and 

analysis may take large amounts of crucial clinical hours and may lead to misdiagnosis or 

underdiagnosis, owing to personal factors such as stress, fatigue, and experience levels [329]. 

These shortcomings can be reduced if intelligent dental X-ray film interpretation tools are 

developed to assist dentists in improving dental care. From this perspective, dental informatics, 

including automatic teeth identification, dental anomaly identification, and annotation, become an 

essential aspect of intelligent health care.  

Utilizing classical Machine Learning (ML) techniques such as mathematical morphology 

[330], active contour [331], and level-set [332] have been used for teeth segmentation. 

Additionally, Bayesian techniques [333], linear models [334], and support vector machines [335] 

with hand-crafted features extracted utilizing Fourier descriptors [333], contours [336], and 

textures [332] have been used to perform classification. However, most of these methods require 

careful engineering of the feature extractor to transform the raw data into an appropriate 

representation for the algorithms to detect or classify the input images. The efficiency of these 

methods relies heavily on the image preprocessing performed and the quality of the features 

extracted. While some of these methods achieve satisfactory results, the test data is generally small, 

and they tend to perform poorly when tested on large datasets. 

The limitations of the traditional approaches were overcome efficiently with the 

introduction of Artificial Intelligence (AI). AI-based systems' success can be mainly attributed to 
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the progress made in computer engineering, the massive availability of imagery data, and the 

development of deep learning algorithms [337]. The deep learning methods involve 

representation-based learning techniques that consider raw image data as input, process this data 

in different layers to automatically identify the optimal representations, and produce a meaningful 

output in the form of detection or classification of the input data. In recent years, deep learning-

based methods have been employed in various medical tasks, producing promising results [338]. 

The main advantage of the deep learning system over the classical ML systems is its ability to 

learn features directly from the raw data using a general-purpose learning procedure instead of 

hand-crafted features.  

In dentistry, AI has been applied recently to detect carious lesions on bitewing radiographs 

using pre-trained convolutional neural networks (CNNs) [339]. It has also been used to identify 

periodontal bone loss (PBL) in peri-apical radiographs and the detection of apical lesions and 

treatment planning in panoramic dental radiographs [340-344]. Furthermore, given the complexity 

and the associated diagnostic efforts, the application of CNNs on panoramic radiographs may 

result in a higher diagnostic yield in terms of increased accuracy, reliability, and time savings for 

the assessment [340]. 

In dentistry, imagery plays a vital role in screening and treatment. Multiple types of 

imagery for the same anatomical region of the same individual are taken over multiple time points, 

and the corresponding non-imagery-based clinical data is also present. Further, dental conditions 

such as caries, apical lesions, and PBL are relatively prevalent, making it easy to build the dataset 

to train and optimize neural networks. Despite these potentials, AI solutions have not yet become 

the norm in routine medical practice. Systems based on CNNs have only been recently adopted in 
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dental radiograph research, and the applications based on these technologies are only now entering 

the clinical arena [345].  

As suggested in [346], some of the main reasons for AI technologies not being fully 

adopted in dentistry are: 1) dental data is not readily accessible due to data protection and privacy 

concerns, 2) datasets lack structure and are complex, multi-dimensional, and often biased with 

overly sick, overly healthy, or overly affluent data points, 3) datasets are relatively small compared 

to other image-based datasets for AI, 4) lack of "hard" gold standards and the requirement of an 

expert to label, and 5) lack of trust in AI, as it does not provide any feedback on how/why it arrived 

at the prediction. 

To alleviate some of the problems mentioned above, a new X-ray dental image dataset 

called the "Tufts Dental Database (TDD)" is introduced in this work. TDD consists of 1000 

panoramic radiographs with the abnormalities, teeth, and the maxillomandibular region of interest 

outlined. Among the various types of intra-oral and extra-oral radiographs, panoramic X-ray 

images were selected for this study due to their advantage over traditional x-ray imaging 

methodologies. They display (i) the entire mouth region, (ii) all the teeth in both the upper and 

lower jaws in a single X-ray, and (iii) the positions of fully emerged as well as emerging teeth. 

Furthermore, faster operation time, more diagnostic capabilities, less radiation exposure, better 

patient acceptance, and fewer infection control procedures [347] make it ideal for dentistry. 

Intraoral radiographs such as periapical and bitewing X-rays can image localized regions in the 

mouth but require multiple scans to capture different areas. This makes it time-consuming, causing 

discomfort to the patient, and can lead to an increase in radiation dose [348]. Fig.  8.2.1 shows an 

example for each of these three different kinds of radiographs. 
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(a) (b) (c) 

Fig.  8.2.1: Three different kinds of dental radiographs. (a) periapical x-ray, (b) bitewing x-ray, 
(c) panoramic x-ray 

  

Additionally, the perception (the ability to recognize abnormal patterns) and cognition (the 

ability to interpret) or the "expertise" of the radiologist is captured through eye-tracking and verbal 

dictation or the think-aloud protocol. To distill the knowledge of the expert into an AI system, it 

is essential that the eye-tracking data is supplemented with the think-aloud protocol. For example, 

a more prolonged fixation may point to an interesting area or an area challenging to interpret. 

Hence, supplementing the eye-tracking data with verbal dictation allows for better interpretations. 

The eye-tracking details are presented in TDD as gaze maps, and the oral dictation is provided as 

text within the .json file. 

Incorporating these aspects into TDD makes it a multimodal dataset with modalities such 

as X-ray images, gaze maps, and audio-text files. The multimodal nature of the dataset allows for 

a much more comprehensive range of applications, such as deeper investigation of visual 
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characteristics of medical experts and optimizing instructional design for students. For example, 

the Eye Movement Modeling Examples (EMME) [26] technique utilizes the experts' eye 

movements and think-aloud reasoning to direct the students' attention to the relevant information 

in the X-ray images. Furthermore, the multimodal dataset approach could be very helpful for use 

cases such as AI-based dental biometrics, which can utilize the X-ray images with the technicians' 

eye-tracking and verbal dictation for better detection. Similarly, in general-health condition 

investigation, oral X-ray images can be utilized along with the patients' medical records for a better 

prognosis. 

8.3. Related Work 

Databases: AE Rad [349] introduced a dataset containing 120 various Periapical dental X-

ray images of the top and bottom jaw. An expert specified the abnormality for each image. The 

dataset solely focuses on dental caries and contains the ground truth for each image. Abdi [350] 

introduced a dataset consisting of anonymized and de-identified panoramic dental X-rays of 116 

patients. The subjects cover a wide range of dental conditions, from healthy to partial and 

completely edentulous cases. The dataset consists of mandibles that two dentists manually 

segmented. Jader [351] introduced a dataset containing 1500 panoramic radiographs with each 

tooth labeled. To the best of our knowledge, these are the only datasets that are publicly available. 

The literature covers several studies that use privately owned datasets. Table 8.3.1 provides a 

comparison of the various datasets containing panoramic radiographs. 

Detection: Kim [352] proposed a fully automated network using Convolution Neural 

Networks (CNNs) to detect periodontal bone loss (PBL) using panoramic dental radiographs. The 
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overall framework consists of multiple stages: the first stage was trained to extract the region of 

interest (the teeth region), the second stage focused on training a network segment and predicting 

the PBL lesion, the third stage consisted of using the pre-trained weight of the second stage encoder 

to create a classification network that predicts the existence of PBL in each tooth, and the final 

stage consists of a classification network that predicts the existence of PBL lesion specifically for 

the molar and premolar teeth.  

Table 8.3.1: A comparison of panoramic radiography datasets 

Authors Variable 
Detected 

# 
Images 

Publicly 
Available 

Labeled 
Teeth 

Labeled 
abnormalities 

Eye-
tracking 

Textual 
description 

Oktay [353] Teeth 100      

Muramatsu 
[354] Teeth 100      

Jader [351] Teeth 1500      

Tuzoff 
[355] Teeth 1352      

Ekert [342] Endodontic 85      

Fukuda 
[356] Endodontic 300      

TDD Teeth, 
Abnormalities 1000      

  

The network was trained and tested on panoramic dental radiographs. Kim [357] 

investigated the application of CNNs to classify four types of implant fixtures. Periapical 

radiographs from 801 patients were used for this study and tested on state-of-the-art networks such 

as SqueezeNet [358], GoogLeNet [359], ResNet-18 [243], MobileNet-V2 [360], and ResNet-50 

[358]. All five networks produced an accuracy of above 90% in detecting the four types of 

implants, with SqueezeNet and MobileNet displaying accuracy of 96% and 97%, respectively. 



165 | P a g e  
 

Chang [361] developed a hybrid framework to automatically detect and classify periodontal bone 

loss in dental panoramic radiographs. A total of 340 panoramic radiographs were used for detecting 

periodontal bone level, cementoenamel junction level, and teeth. A modified Mask R-CNN [129] 

based on a feature pyramid network and a ResNet101 backbone was employed to detect the 

abovementioned categories. Further, the percentage rate analysis of the radiographic bone loss 

combined the tooth long-axis with the periodontal bone and cementoenamel junction level. This 

percentage rate would automatically classify the periodontal bone loss. The Pearson correlation 

coefficient of the automatic method with the diagnosis by radiologists was 0.73 overall for the 

entire jaw and the intraclass correlation value of 0.91 for the entire jaw. Geetha [362] proposed a 

back-propagation neural network architecture to detect caries in intra-oral radiographs. The 

radiographs are passed through a Laplacian filter to obtain sharper images. The images are further 

passed through different adaptive thresholding filters to get the segmented output. These images 

are further fed to a feature extractor, and 16 statistical features are acquired. Finally, the features 

are passed into the back-propagation neural network to detect the presence of caries. 

Segmentation and Classification: Muresan [363] proposed a deep learning-based semantic 

segmentation technique to classify and segment 15 different classes of specific tooth issues. The 

proposed solution consists of 5 main stages. The first stage focuses on image preparation, where 

the image is cropped to the required dimension, and the pixels are annotated for each image. A 

total of 1000 images were selected and annotated for semantic segmentation. The second stage 

employs the Efficient Residual Factorized Convolutional Network (ERFNet) [364] to perform 

semantic segmentation on the images. The application of the ERFNet on the test set resulted in an 

intersection over union score of 60.03%. In the third stage, different morphological operations 

were performed on different classes to separate the teeth better. The final part of this stage 
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consisted of a two-step labeling algorithm where each object was assigned a unique numeric label. 

The bounding box for each tooth or dental anomaly was computed for each instance of the label. 

The fourth stage focuses on inconsistencies caused by segmentation errors and utilizes a 

thresholding technique to eliminate pixel regions below the threshold. Finally, the classification is 

performed using a majority voting technique. This process is repeated for each tooth, and a number 

is associated with a dental abnormality. Oktay [353] proposed the application of a modified 

AlexNet [84] to classify teeth in panoramic X-ray radiographs. The images are further 

preprocessed to detect the mouth gap, which in turn gives the potential positions of the different 

classifications of teeth. The images are split into four quarters and fed to the AlexNet for tooth 

classification. Kim [365] presented automatic tooth detection and classification methods that 

combine the regional convolutional neural network (RCNN), Single Shot Detector, and heuristic 

methods. The proposed algorithm yielded precision values of 84.5%, sensitivity values of 75.5%, 

and specificity values of 80.4%. 

Forensics: Fahmy [366] proposed an Automatic Dental Identification System (ADIS) 

architecture capable of handling large amounts of data. The architecture adopts a two-stage 

approach: the first stage reduces the number of candidate images from thousands to hundreds. The 

second stage reduces the number of candidate images to a match-list of a few cases to be presented 

to the forensic experts for their final decision. The experiment was tested and validated on a 

database consisting of antemortem and postmortem scans provided by the FBI. Experimental 

results demonstrated that, for 90% of the cases, the authentic images were among the top 10% of 

the retrieved images. Anil [103] developed a semi-automatic method to identify humans based on 

dental radiographs. The technique consisted of three stages: radiograph segmentation, tooth feature 

extraction, and tooth feature matching. Contours of the teeth were utilized as features to which a 
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transformation was applied to align the contours and correct the imaging geometric variations, 

thereby generating a matching distance. The proposed identification system was tested on 38 query 

images and indicated to be a feasible approach. However, the proposed method would fall short in 

cases where a) the images are very blurry, b) the query shape is partially occluded, c) there is a 

substantial change in the imaging angle between the antemortem and postmortem images, and d) 

some teeth have been extracted. Sathya [367] proposed a three-stage transfer learning approach to 

identify humans using digital radiographic images. The first stage uses a pre-trained AlexNet [84] 

to determine if the query tooth image belongs to the upper or lower jaw. The second stage further 

classifies the tooth as Molar, Premolar, Canine, or Incisor. Finally, the tooth number is identified 

and matched with the images in the antemortem dataset. 

Eye-tracking and radiology: Karargyris [368] introduced a chest X-Ray dataset with 1083 

images. This dataset included the eye gaze coordinates data along with the radiologist dictation 

audio and transcription. Khosravan [369] developed a collaborative computer-aided diagnosis 

(CAD) system that combined eye-tracking with CAD. By creating a novel algorithm for graph-

based clustering and sparsification, this system could collaborate with radiologists and help them 

improve their diagnostic decisions. Stember [370] utilized eye tracking with deep learning for 

generating segmentation masks based on eye-tracking data and achieved results that were similar 

to hand annotations. Similarly, Aresta [371] and Mall [372] utilized gaze information for automatic 

lung nodule detection and mammogram interpretations. Hermanson [373] conducted a study to 

identify the visual search patterns of dentists while viewing and interpreting periapical dental 

radiographs. While this research showed that dentists tend to observe more significantly at regions 

of high contrast (radiopaque or radiolucent), it did not perform any correlation to the presence of 

abnormalities in the region of high contrast. 
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Fig.  8.3.1: The acquisition system setup. The system consists of an eye-tracker and an audio 
recording device. 

  

8.4. Tufts Dental Database 

The protocol developed to collect and publish the TDD was approved by the Tufts 

University Institutional Research Board (IRB ID MODCR-01-12631, approved on 7/14/2017). 

The protocol discussed the study's purpose and procedure, the confidentiality and public access of 

the database, and the protection of participants' identities. One thousand de-identified digital 

panoramic radiographs of Tufts University School of Dental Medicine patients have been included 

in this pilot study. These radiographs were randomly selected from the electronic patient database 

(axiUm) at the school of dental medicine. The random selection process was done through a search 

of the panoramic radiographic procedure codes from January 1, 2014, to December 31, 2016. Up 

to 1000 qualifying panoramic radiographs were selected from the generated list of chart numbers 

with panoramic images in the data frame.  The inclusion criteria were optimum diagnostic quality 
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of the image with minimal or no technical errors in the image. The 1000 selected radiographs were 

de-identified and saved in a generic image format (TIFF/JPEG) with a unique identifier. These 

radiographs were annotated by an expert and a student from the Tufts University School of Dental 

Medicine. In addition to the annotated radiographs, eye-tracking and audio data were collected 

from the expert and the student. Fig.  8.3.1 displays the acquisition system setup used for this 

project. 

The dataset consists of 6 major components: a) radiographs, b) labeled masks, c) eye 

tracker generated maps  (gray and quantized), d) text information describing each radiograph, e) 

teeth mask for each radiograph with labels, and f) maxillomandibular region-of-interest mask. Fig.  

8.4.1 shows an example of each imaging component. The expert and the student used Labelbox 

[36] to annotate and label each radiograph. To capture the annotator's eye movements, our system 

uses a Tobii Eye Tracker 4C, which has an operating distance of 50-95 cm [374]. The eye tracker 

was placed at the bottom of the screen. The audio was captured using a microphone and was 

synchronized with the eye tracker. 

   

(a) (b) (c) 

   

(d) (e) (f) 

Continued 
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(g) (h) (i) 

   

(j) (k) (l) 

Fig.  8.4.1: Illustration of the different imaging components. (a),(g) panoramic radiograph, 
(b),(h) segmented mask outlining the abnormality, (c),(i) grayscale eye-tracking gaze plot, (d),(j) 
color quantized eye-tracking gaze plot, (e),(k) teeth mask, (f),(l) maxillomandibular region of 
interest. 

  

All the digital panoramic radiographs included in this study were prescribed by clinicians 

based on the diagnostic and clinical needs of these patients. All panoramic images included in the 

dataset were obtained using OP100 Orthopantomograph (Instrumentarium Imaging/Kavo Kerr) 

and Plammeca Promax 2D (Henry Schein) radiographic units. Automatic exposure control was 

utilized to obtain clinically diagnostic images with optimal image density and contrast. 

The expert utilized a systematic approach to analyze each radiograph, identify the 

abnormality, and describe the radiographic characteristics of the abnormality, which allowed for 

categorization and differential diagnosis of the entity. The student was a fourth-year dental student 

who had completed the Oral and Maxillofacial Radiology (OMFR) didactic course and clinical 

OMFR rotations with a passing grade in the radiographic interpretation case-based competency 

exam. The course includes instruction and assessment in the systematic analysis of radiographs. 
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A consistent logical sequence of steps was followed for evaluating the radiographs in this 

study. As each panoramic radiograph was reviewed, the expert and the student recorded their 

findings. Diagnostic reasoning and analytical framework have been routinely described to aid in 

the interpretation of diagnostic images. Therefore, the first step was recognizing the abnormality, 

which required a thorough knowledge of variations of normal findings. Evidence shows that the 

employment of a systematic search strategy by novice clinicians improves their ability to detect 

abnormalities in panoramic radiographs [375]. 

 

Fig.  8.4.2: Logical sequence followed while evaluating each radiograph. It depicts the five 
different characteristics recorded for a radiograph with abnormalities. 

  

If an abnormality was detected, a detailed description of radiographic characteristics was 

recorded in five different levels, as depicted in Fig.  8.4.2. The first level described the anatomic 

location relative to the jaw and teeth. The second level described the periphery or marginal 

characteristics of the abnormality. The periphery was described primarily as well-defined versus 

ill-defined. The internal architecture was the third level of description and focused on the 

radiodensity- Radiolucent, Radiopaque, and Mixed with Septae or Calcifications. The fourth level 
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focused on the effects of the abnormality on adjacent structures and was recorded in terms of tooth 

displacement, root resorption, osseous thinning and expansion, and extension into the adjacent soft 

tissue or degenerative changes. Based on the overall descriptions, a category (fifth level) for the 

abnormality was selected from Trauma, Inflammation, Dysplasia, Developmental, Benign tumor 

or Cyst, Malignant Neoplasia, Systemic or Metabolic conditions. An example of a radiograph with 

its abnormality labeled is seen in Fig.  8.4.3.  

  

(a) (b) 

Fig.  8.4.3: An illustration of radiographs with their abnormalities labeled. (a) displays apical 
inflammation changes associated with teeth number 2, 3, and 30, and (b) displays a pericoronal 
defined corticated radiolucency associated with impacted 32, causing displacement of the tooth 
on the canal and possible loss of lamina dura and 31 intrauterine cyst odontogenic keratocyst of 
benign neoplasia there is apical inflammatory changes associated with 18. 

  

Table 8.4.1 to Table 8.4.5 summarizes the findings of the expert and the student in 

describing the abnormality for all 1000 panoramic radiographs. As shown, there lie discrepancies 

in categorizing the abnormalities by the student. These discrepancies are a result of either missing 

the abnormalities in the radiograph or misclassification of the abnormalities. The five-level 

classification of each radiograph is recorded in the .json files for the expert and the student. 



173 | P a g e  
 

Table 8.4.1: Summary of the categorization of abnormalities based on location 

Category Expert Student 

Periapical 217 129 

Non-odontogenic 105 50 

Pericoronal 48 29 

Inter-radicular 4 9 

None 660 802 

  

Table 8.4.2: Summary of the categorization of abnormalities based on the internal architecture 

Category Expert Student 

Radiolucent 128 151 

Radiopaque 125 65 

Mixed-Septae/Calcification 109 1 

None 11 0 

 

Table 8.4.3: Summary of the categorization of abnormalities based on its effects on adjacent 
structures 

Category Expert Student 

Root Resorption 29 1 

Osseous Expansion 4 2 

Osseous Thinning 18 0 

Degeneration 9 9 

Expansion into Soft Tissue 1 0 

None 341 205 
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Table 8.4.4: Summary of the categorization of abnormalities based on marginal characteristics 

Category Expert Student 

Well Defined 231 216 

Ill Defined 143 1 

None 0 0 

 

Table 8.4.5: Summary of the final categorization (fifth level) of abnormalities  

Category Expert Student 

Benign Cyst Neoplasia 39 25 

Malignant Neoplasia 2 0 

Inflammation 226 132 

Dysplasia 8 49 

Metabolic/Systemic 12 17 

Trauma 9 2 

Developmental 121 12 

None 10 0 

   

The regions of abnormality are outlined using the Labelbox software, and the ground truth 

masks are generated. As the expert and the student analyzed each radiograph, their eye movements 

were recorded simultaneously using the Tobii eye tracker. The Tobii starter kit [374] was 

employed to generate a file for each radiograph containing the x and y coordinates. 

 These coordinates are further processed to generate the gaze plot. An example of the gaze 

plot can be seen in Fig.  8.4.4. The gaze plot displays the location and time spent looking at each 

location on the radiograph [374]. The time spent looking at a location, or commonly known as 
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fixation time, is shown by the diameter of the fixation circle. As the fixation time increases, the 

diameter of the circle also increases. 

  

(a) (b) 

  

(c) (d) 

Fig.  8.4.4: Gaze plots generated from the eye-tracking data. (a) radiograph, (b) segmented 
mask outlining the abnormality, (c) the grayscale gaze plot displaying the expert looking at the 
abnormality, and (d) color quantized eye-tracking gaze plot. 

  

The audio files acquired from the expert and the student describing each radiograph were 

converted to text using Google [376] and Dragon [377] automatic speech recognition platforms. 

The text generated for each radiograph is added to the .json file. The structure of the .json file 

containing the label and text information is shown in Fig.  8.4.5. In addition, our dataset has teeth 

labeled by the expert for all radiographs. These images also have the maxillomandibular region of 

interest annotated, where researchers can emphasize on the information contained within this 

region. Fig.  8.4.6 provides a sample of a radiograph with the teeth annotated and its 
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maxillomandibular region of interest. The universal tooth numbering system was used to identify 

and label teeth in all the panoramic images.  

 

Fig.  8.4.5: Structure of the .json file. The file contains information on abnormalities pertaining 
to each radiograph. 

  

The TDD contains 9000 images and 3 JSON files describing each radiograph. These 

images belong to 4 main subsets: panoramic radiographs, the labeled masks highlighting the 

abnormalities, the eye-tracking gaze plots (gray and quantized), and the labeled teeth mask. The 

labeled masks and gaze plots are present for both the expert and the student. The availability of 

this database is critical for research transparency in the field. Therefore, TDD will be publicly 

available for download from our research website on the Tufts ECE servers. To access the 

database, researchers will need to submit a request form to receive the download permission. The 
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information on obtaining a copy of the TDD can be found on the project website 

(http://tdd.ece.tufts.edu/). Fig.  8.4.7 shows the folder structure of the TDD. 

 

(a) 

 

(b) 

 

(c) 

Fig.  8.4.6: A sample of the annotated teeth and the region of interest. (a) panoramic 
radiograph, (b) teeth mask overlaid on the panoramic radiograph, and (c) maxillomandibular 
region of interest 
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Fig.  8.4.7: Folder structure of the tufts dental database 

 

8.5. Performance Review 

In this section, a practical evaluation of the TDD is presented. In particular, the dataset is 

evaluated on recent state-of-the-art image enhancement and segmentation techniques. The 

performance of the segmentation and enhancement algorithms are assessed using popular metrics 

in computer vision and deep learning fields. 
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8.5.1. Image Enhancement 

In diagnostic radiography, the goal of image enhancement is to make the image visually 

more appealing. This is accomplished by increasing contrast, optimizing brightness, improving 

sharpness, and reducing noise. Subjective image enhancement is not expected to improve the 

accuracy of image interpretation and is often diagnostic task-specific [378]. Images from this 

dataset are tested on methods previously used for medical image enhancement. These methods 

include Histogram Equalization (HE) [289], Contrast Limited Adaptive Histogram Equalization 

(CLAHE) [379], Bi-Histogram Equalization (BBHE) [380], Dynamic Fuzzy Histogram 

Equalization (DFHE) [381], and Guided Filtering (GF) [382].  

Table 8.5.1: Quality scores on a subset of images from the TDD. CLAHE algorithm performs 
better in comparison 

Image 
Id 

HE CLAHE BBHE DF GF 

AME LogAME AME LogAME AME LogAME AME LogAME AME LogAME 

2.jpg 30.20 0.5011 26.69 0.4172 32.79 0.5517 33.19 0.5532 28.88 0.8585 

33.jpg 28.02 0.4507 25.50 0.3853 31.95 0.4987 33.09 0.5384 28.74 0.8264 

165.jpg 24.72 0.3817 21.79 0.3033 26.75 0.4026 28.48 0.4552 24.13 0.7144 

278.jpg 25.04 0.3622 21.79 0.3131 25.01 0.3792 25.69 0.4186 22.09 0.7098 

374.jpg 29.25 0.4754 27.31 0.4466 31.54 0.5312 32.27 0.5744 29.92 0.8989 

492.jpg 27.27 0.4233 22.50 0.3299 28.88 0.4490 29.49 0.5084 24.67 0.7602 

578.jpg 23.66 0.3404 21.68 0.3197 22.07 0.3447 23.24 0.4114 19.51 0.7043 

665.jpg 26.46 0.4125 23.81 0.3565 27.59 0.4359 29.28 0.4911 25.74 0.7775 

759.jpg 27.62 0.4420 24.60 0.3764 29.82 0.4780 30.70 0.518 26.13 0.7977 

908.jpg 25.68 0.3815 21.62 0.3270 24.23 0.3897 24.44 0.4325 20.29 0.7344 

Dataset 
Average 27.28 0.4310 24.32 0.3702 28.51 0.4611 29.14 0.4937 25.53 0.7970 
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 In general, the performance these enhancement methods are assessed using reference-

based measures such as SSIM and PSNR. However, due to the unavailability of a ground truth, 

non-reference-based measures are employed. AME and LogAME [15, 16, 383-386] are Human 

Visual System inspired quality metrics for testing algorithms and new datasets in the absence of a 

referenceEach image in the dataset was enhanced, and their quality scores were evaluated. An 

example set of the images and their respective quality scores are seen in Fig.  8.5.1 and Fig.  8.5.2. 

As seen in the figures, CLAHE performs better in comparison in enhancing the contrast of the 

images. A lower AME and LogAME measure is evidence of higher image contrast [383]. Visually 

comparing the results of each algorithm indicates that GF performs well in enhancing edges when 

compared to HE, BBHE, and DFHE. To quantify the performance of each enhancement algorithm 

over the entire dataset, the quality scores for each enhanced image is computed. The average across 

all images resulted in CLAHE performing better with an average AME score of 24.32 and a 

LogAME score of 0.3702. Table 8.5.1 displays the average scores and scores for a subset of 

images. As seen in the table, the CLAHE algorithm exhibits the best performance in enhancing 

the contrast of the images.   

8.5.2. Teeth Segmentation 

The performance of different deep learning-based algorithms is evaluated for segmenting 

teeth from panoramic radiographs. An example of the radiograph and its respective ground truth 

mask can be visualized in Fig.  8.4.1 (a) and Fig.  8.4.1 (e). The performance of FPN [387], UNet 

[128], UNet++ [388], PSPNet [389], DeeplabV3 [249], and DeeplabV3+ [390] is evaluated. Each 

of these networks were trained with a VGG19 [391], ResNet18 [243], and ResNet50 [243] 

backbone and was initialized using the ImageNet pre-trained weights.  
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(a) 
AME=32.3823, LogAME=0.5263 

(b) 
AME=27.5577, LogAME=0.4393 

  

(c) 
AME=25.0855, LogAME=0.3792 

(d) 
AME=31.6183, LogAME=0.4877 

  

(e) 
AME=32.0939, LogAME=0.5214 

(f) 
AME=27.9844, LogAME=0.8128 

Fig.  8.5.1: Results of the state-of-the-art enhancement algorithms where (a) input image, (b) 
HE, (c) CLAHE, (d) BBHE, (e) DF, and (f) Guided filtering 
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(a) 
AME=31.3351, LogAME=0.5364 

(b) 
AME=28.1996, LogAME=0.4529 

  

(c) 
AME=24.9148, LogAME=0.3834 

(d) 
AME=30.6813, LogAME=0.4875 

  

(e) 
AME=31.1098, LogAME=0.5258 

(f) 
AME=26.9720, LogAME=0.8090 

Fig.  8.5.2: Results of the state-of-the-art enhancement algorithms where (a) input image, (b) 
HE, (c) CLAHE, (d) BBHE, (e) DF, and (f) Guided filtering 

 



183 | P a g e  
 

The data comprised of 1000 radiographs and ground truth masks, which were split into 

training (85%) and validation (15%) sets. The models were trained on NVIDIA Tesla V100 GPUs 

with 32-GB memory. For training, the Adam optimizer [89] is used with an initial learning rate of 

1 × 10-3 and weight decay of 1 × 10-4. All models are trained for 150 epochs with a batch size of 

16. To evaluate the performance of each model, the most popular metrics for assessing the 

accuracy of segmentation algorithms were employed, namely, Pixel Accuracy (PA) [392], 

Intersection over Union (IoU) [392], and Dice coefficient [392].  

Table 8.5.2: Summary of the performance of the state-of-the-art algorithms in segmenting teeth 
from panoramic radiographs. The UNet architecture performs marginally better in comparison 

Model 
VGG19 ResNet18 ResNet50 

PA 
(%) 

IoU 
(%) 

Dice 
(%) 

PA 
(%) 

IoU 
(%) 

Dice 
(%) 

PA 
(%) 

IoU 
(%) 

Dice 
(%) 

FPN 95.11 86.39 92.30 95.17 86.37 92.24 95.08 86.42 92.29 

UNet 95.22 86.67 92.46 95.11 86.42 92.27 95.13 86.49 92.36 

UNet++ 95.19 86.62 92.47 95.15 86.54 92.43 95.16 86.62 92.49 

PSPNet 95.00 86.08 91.77 94.76 85.66 91.49 94.95 86.04 91.70 

DeepLabV3 - - - 94.91 86.02 91.87 95.00 86.21 92.00 

DeepLabV3+ - - - 95.13 86.41 91.80 95.07 86.33 92.29 

 

 PA (%) IoU (%) Dice (%) 

nnUNet** 94.91 86.11 90.86 

 

 150 epochs 250 epochs 400 epochs 

 PA 
(%) 

IoU 
(%) 

Dice 
(%) 

PA 
(%) 

IoU 
(%) 

Dice 
(%) 

PA 
(%) 

IoU 
(%) 

Dice 
(%) 

CE-Net** 86.52 71.13 76.92 91.68 79.75 84.98 92.67 81.64 86.62 

** no backbone and pretrained weights used  
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 Table 8.5.2 summarizes the findings of the segmentation algorithms. The table displays 

the scores for each model with its respective backbone architecture. The UNet and UNet++ 

perform marginally better in comparison. The average PA, IoU, and Dice coefficient score across 

all models is 95.01%, 86.19%, and 91.96%, respectively. In addition, the performance of the 

nnUNet [393] and CE-Net [255] architecture were tested, as these architectures were specifically 

designed for medical image segmentation. Both architectures were trained from scratch without 

the use of a backbone network. A generalized version of the nnUNet architecture is utilized and 

the model is trained for 150 epochs with the same hyperparameters. The nnUNet produced 

comparable results as seen in Table 8.5.2. In the case of CE-Net, the architecture required a lot 

more training iteration to achieve comparable results. After 400 epochs, the network produced a 

92.67% PA score. 

8.6. Discussion 

The applications of AI and image interpretation to generate accurate and reliable diagnosis 

is expanding. AI in Dentistry has a proven potential to offer assistance to clinicians in providing 

appropriate patient care and early diagnosis, enhance the accuracy of diagnosis, treatment planning 

and predicting as well as monitoring outcomes while improving efficiencies, serving as a 

secondary opinion, value add in forensic diagnosis, measurement of clinical/treatment outcomes 

and objective management of appropriate insurance coverage. Ideally, with ongoing advances in 

imaging and technology, computer systems could advance to an economically viable state enabling 

AI to serve as an adjunct to the clinical acumen of the radiologist [394]. 
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Eye-tracking has been extensively used for research in the field of marketing, image 

interpretation, and psychology [395-397]. In particular, eye tracking has been evolving and 

expanding in understanding diagnostic interpretations in the field of medicine [368, 371-373, 398-

403]. In dentistry, the interpretation of radiographs interweaves the process of perception (visually 

scanning the image) and cognition (decision making and diagnostic reasoning) [404]. The eye-

tracking technology can be employed to specifically determine what the observer is focusing on 

within the image and further illustrate patterns in the scanning process. The application of eye-

tracking in dentistry has provided novel opportunities to study the interpretive process and 

elucidate the differences in decision making, perception, misinterpretation, and misdiagnosis 

between novices and experts.  

There is a lack in availability of annotated data and a need for a framework for 

incorporating eye-tracking data into AI systems. Annotating data typically involves manually 

tracing out regions or objects in the images. This approach is time-consuming when dealing with 

a large dataset and requires an expert, such as a radiologist, to perform these annotations. 

Moreover, most of the annotation work is performed outside clinical hours and by novice 

clinicians, possibly reducing the accuracy of the annotations. With the help of AI-based systems 

and eye-tracking technology, the process of annotating data can be automated and performed by 

experts during clinical hours. Advances are being made to improve disease classification by 

integrating eye-tracking data with deep learning techniques [369-372]. Fig.  8.6.1 demonstrates 

the automated annotation process. As seen in Fig.  8.6.1, the radiographs are first presented to the 

expert on a screen. The eye-tracking information is captured while the expert analyzes the 

radiograph. The captured eye-tracking data is then fed into the AI system to generate the 

annotations. In some cases, the findings of the radiographs are transcribed and can be used within 
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the AI to highlight the type of abnormality. This system can tremendously speed up the process of 

annotation and ensure accuracy. 

 

Fig.  8.6.1: Illustration of the automated annotation process using eye-tracking and AI 

 Researchers are striving to create AI models that can match or even surpass human 

capabilities. To truly mimic an expert, the AI system must consider the visual perception and 

cognition of the human. Fig.  8.6.2 illustrates an AI system trained to perceive radiographs as 

humans do. In the first pass, the radiograph is fed into the AI system and trained to predict what 

the expert looked at. The second pass involves passing the learned eye gaze map with the 

radiograph to classify the type of abnormality. Fusing different aspects to train an AI model paves 

the way for a new generation of AI systems to highlight the identified features and explain the 

reasons for the outputs generated. The trained AI system will significantly reduce errors and serve 

as a second opinion to the radiologist. It can further address and bridge the gaps in understanding 

how different radiologists perceive similar radiographs and analyze patterns or short-cuts used by 

the expert. 

The trained AI system can further be used to teach and assist novice clinicians in 

interpreting radiographs. Instructors and clinicians can use the trained AI to demonstrate and assess 
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gaze patterns during medical training and education, in turn accelerating the transition from novice 

to expert. Fig.  8.6.3 illustrates a training tool example that evaluates the findings of novice 

clinicians. First, both the AI and the student are presented with a radiograph. The eye tracker 

records the movements and areas concentrated on by the novice. This acquired gaze map is then 

compared to the gaze map generated by the “expert AI” and the results are presented to the novice. 

 

Fig.  8.6.2: Illustration of an AI system trained to perceive radiographs as humans do 

 

Incorporating eye-tracking capabilities for the AI used in image interpretation could 

facilitate troubleshooting and analyzing misdiagnosis as it would provide some access to the 

‘logic’ of AI-based decisions. An enhancement to education would be in the ability to allow for 

self-paced learning for novice clinicians who could learn specifically from expert eye-movement 

patterns, mimicked by AI, in the absence of the expert. Interprofessional engagement of clinicians, 

data scientists and computer engineers is key to the development of effective, efficient artificial 

intelligence tools that are framed by ethical guidelines. 
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Fig.  8.6.3: A training tool that evaluates the findings of novice clinicians against the “expert 
AI” 

 

The resultant artificial intelligence protocols could be employed not only for initial 

screening supporting clinicians by improving the efficiency but could also be employed in training 

future clinicians, training and improving machine learning algorithms, as well as medical claims 

processing. Some of the perceived limitations of intelligent AI systems that need to be addressed 

in the coming future are around medicolegal regulation for misdiagnoses, impact of these 

impersonal diagnostics on individual patients- their rights and identity, adequate planning for 

secure management of data accessed along with guidelines for ethical standards. Other 

considerations are related to consent, storage of the data, access along with the use of data currently 

and in the future.  
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8.7. Summary 

In this work, the Tufts Dental Database, a comprehensive new dataset with the potential to 

revolutionize the dental AI practice, has been presented. TDD consists of a tooth segmentation 

mask, abnormality mask, maxillomandibular region of interest mask, eye-tracking gaze map, and 

text description of the abnormality. A detailed evaluation of baseline results for dental radiographic 

image enhancements and tooth segmentation is also provided. Furthermore, TDD opens the 

opportunity to seamlessly integrate the radiologist's expertise into the AI system, making it more 

efficient and reliable. This dataset also paves the way for a new generation of AI systems to 

highlight the identified features and explain the reasons for the outputs generated.  
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Chapter 9. Conclusion and Future Work 

 

This dissertation leverages the advances in computer vision and AI to develop novel 

algorithms and tools that analyze and interpret multimodal data. This dissertation focuses on two 

major components: feature engineering and image analytics, to facilitate the development of 

efficient models and accelerate the adoption of AI in medical and forensic applications. Feature 

engineering is further divided into feature enhancement and feature detection and matching. The 

image analytics section focuses on developing algorithms and datasets for medical image 

diagnosis. 

In the feature enhancement aspect of this dissertation, a novel edge-aware image 

enhancement method is developed to improve the quality of images (Chapter 2). The method 

utilizes guided filtering, edge and contrast enhancement, and image fusion to suppress unwanted 

features and enhance the perception of information in panoramic radiographs. The method uses a 

directional truncated kernel that improves the edge detection process. In addition, a contrast 

enhancement technique based on a sigmoid function is presented. The proposed method performs 

better than the state-of-the-art techniques in enhancing features in the x-ray images while 

suppressing the noisy components. While visual analysis of the images was sufficient, we need to 

quantify the performance of the enhancement algorithms to promote an automated workflow. As 

panoramic radiographs have a complex structure, off-the-shelf quality measures do not match the 

visual assessment score. Hence, there is a need for a non-reference based quality metric that 

incorporates the Mean Opinion Score of the expert. Furthermore, CNNs can be utilized to 

incorporate the Mean Opinion Score and generate accurate image quality predictions.    
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In chapter 3, various enhancement techniques were used to create synthetic data and 

improve the accuracy of the thermal emotion recognition system-TERNet. The system utilized a 

transfer learning approach where the network is initially trained on visible images and fine-tuned 

to predict emotions in thermal images. The system achieved an accuracy of 96.2 % in categorizing 

four different expressions. While thermal face images are invariant to illumination changes, they 

are sensitive to temperature changes in the surrounding environment and variations in the heat 

patterns of the face. As a future task, the possibility of fusing thermal and visible face images to 

develop a robust emotion recognition system will be explored. In addition, generative adversarial 

networks can be employed to generate synthetic data and eliminate the bias factor in datasets. 

The feature detection and matching section (Chapter 4) provides an overview of the 

different image feature detectors. These detectors were utilized to a) match postmortem and 

antemortem panoramic radiographs and b) develop a pixel-based color transfer algorithm. 

Different feature detectors were used to extract features from the postmortem and antemortem 

scans. The Multiscale Hessian detector provided the best matching score that could accurately 

measure the similarities between the radiographic scans. To make this system more robust, a larger 

dataset of corresponding antemortem and postmortem scans is required. Furthermore, features 

such as tooth shape, size, and location can be added to the feature measure to generate a much 

more accurate prediction. 

The color transfer algorithm utilized the feature detectors and homography estimation to 

align images. Then, a pixel-to-pixel color transfer technique was developed to recolor nighttime 

imagery. The algorithm's performance was evaluated using the RGB-NIR Scene and the AMOS 

dataset. The algorithm was able to seamlessly map the information in the visible images to the NIR 

and nighttime images. In addition, the algorithm was extended to perform visible and thermal face 
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image fusion. Finally, the Alpha-Winzorized and the Weighted Rank Order Statistic, two adaptive 

correlation techniques, were developed to accurately stitch images and generate a panoramic view 

of the environment. The stitching algorithm can be used for a wide range of applications, but for 

the scope of this work, the algorithm was utilized to stitch underwater images. The algorithm 

employs the hessian detector to extract the image features and generate a holistic view of the 

aquatic environment. In addition, a novel underwater image quality measure, CTSUIQM, has been 

developed. The measure uses both transform domain and spatial domain measures and combines 

them using the human visual system. The experimental results display the measure's success in 

assessing the similarities between the ground truth and stitched images. As deep learning 

techniques have proven to generate superior results when compared to classical image processing 

techniques, future work will include CNN-based algorithms to perform color transfer and image 

stitching. In addition, future applications involving image stitching, such as aerial and 

computational photography, will be explored. 

In the image analytics aspect of this dissertation, first, a novel 2D CNN architecture, 

KTNet, to segment kidneys and tumors from CT images is presented (Chapter 5). The architecture 

proposes a dual decoder to generate individual semantic maps for the kidney and tumor regions. 

The model uses a channel attention mechanism and a feature enhancement block to improve the 

segmentation performance. KTNet was trained on the KITS database for 250 epochs and was 

evaluated using the Pixel Accuracy, F1, and IoU metrics. The model outperformed the state-of-

the-art techniques by achieving 96.07% combined accuracy with just 2.9 million parameters. In 

addition, a quantitative analysis displayed that KTNet achieved superior semantic maps for the 

kidney and tumor regions with sharp boundaries. The work also presents an ablation study that 

demonstrates the process of selecting and building the architecture. As a part of future work, the 
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possibilities of usage of KTNet for other medical fields such as lung cancer segmentation and 

mammogram segmentation will be explored. KTNet can be modified to track and identify a 

disease’s progression in certain patients. Furthermore, owing to the lightweight structure of 

KTNet, the possibilities of deploying it on edge devices will also be explored.  

Next, a study of renal mass tumors in CT images is presented, where tumoral topography 

can be quantified and correlated with histology and biological aggressiveness in small renal masses 

(Chapter 7). Preliminary data suggests the use of imaging topography and genetic markers could 

provide additional information in the selection of patients for active surveillance or monitoring of 

renal masses compared to more aggressive therapy. The method utilizes a multi-level box-counting 

approach to estimate the aggressiveness of the tumor. A linear regression analysis noted that the 

roughness score is the most influential on the model, with all other demographics being equal, 

including tumor size. As part of future work, a larger study is necessary to validate these findings 

and to determine if radiographic tumor surface analysis can prevent the need for conventional 

serum or urine biomarkers. 

The next chapter of this dissertation investigates a Human Visual Thresholding (HVT) 

method to binarize color and grayscale images (Chapter 6). The thresholding technique was 

utilized to segment cell structures from Haematoxylin and Eosin stained images. In addition, an 

image standardization technique is used to eliminate the color variations in the staining methods. 

Due to the unavailability of ground truth images, the proposed method was visually analyzed and 

compared to various state-of-the-art thresholding techniques. The results display the method's 

superior performance in segmenting nuclei in situations where the difference between the 

background and the foreground is minimal. The HVT method can potentially automate the process 
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of creating ground truth data for whole-slide images, thereby reducing the clinician's time in 

annotating such datasets. 

The final section presents the Tufts Dental Database, a multimodal dataset that captures 

the radiologist's expertise while annotating and interpreting panoramic dental radiographs. The 

expertise is captured in the form of eye-tracking gaze maps and the think-aloud protocol. The first-

of-its-kind dataset presents 1000 panoramic dental radiography images with expert labeling of 

teeth and abnormalities. The dataset consists of 6 major components: a) radiographs, b) labeled 

masks, c) eye tracker generated maps  (gray and quantized), d) text information describing each 

radiograph, e) teeth mask for each radiograph with labels, and f) maxillomandibular region-of-

interest mask. In addition to the expert-generated labels, the finding of a fourth-year dental student 

is also presented. Furthermore, a detailed evaluation of baseline results for dental radiographic 

image enhancements and tooth segmentation is also provided. The Tufts Dental Database opens 

the opportunity to seamlessly integrate the radiologist's expertise into the AI system, making it 

more efficient and reliable. This dataset paves the way for the development of a new generation of 

AI systems capable of highlighting features and justifying the outputs generated. Furthermore, the 

process of data annotation can be automated by training the AI to incorporate eye-tracking and 

audio information, eliminating the labor-intensive process of manual annotation.  
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