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Abstract

Although deep learning models have been widely used in medical imaging research to per-
form lesion segmentation and classification tasks, several challenges remain to applying deep
learning models and improving model performance optimally. This dissertation highlights
a new novel joint deep learning model to achieve both tasks simultaneously. Specifically, a
novel J-Net (joint model) includes a two-way CNN architecture combining a U-Net model
with an image classification model.

As a first demonstration of J-Net architecture, a skin cancer dataset with 1200 images,
annotated lesion masks, and associated ground truth of 'mild’ and ’severe’ melanoma nevi
status is used. The performance of the new joint model is compared with two independent
models to perform lesion segmentation and classification separately. The results show that
the performance of the J-Net is superior to the U-Net in image segmentation with improved
accuracy by 8%. In addition, the J-Net image classification branch yields 5% better classifi-
cation accuracy than a binary image classifier with the same model architecture. Moreover,
in this dataset, 11 subsets are randomly generated from 200 to 1200 images with an incre-
mental rate of 100. Each subset is then divided into training, validation, and testing groups
using a ratio of 70:20:10, respectively. The study results show when training the models
using data subsets of 200 to 1200 images, accuracy levels increase from 0.80 to 0.92 or 0.86

to 0.95 in lesion segmentation. The lesion classification rises from 0.80 to 0.90, or 0.82 to



0.93, using two single models and one joint J-Net model, respectively. Thus, this study
demonstrates that applying this new J-Net joint model enables higher lesion segmentation
and classification performance than two single independent models. Additionally, the J-Net
model produces better accuracy with lower data volumes than separate models.

However, building a robust Al model requires a large and diverse dataset for training
and validation. For melanoma nevi, such a dataset is readily available. Unfortunately, this
is not the case for many medical diagnosis tasks, such as detecting lesions in retinal fundus
images. While many fundus photos are available online, collecting them to create a clean,
well-structured dataset is complex and manually intensive. Two multi-stage deep-learning
methods are discussed to address the lack of large, diverse datasets.

Method 1: A two-stage deep-learning system is introduced to automatically identify
clean retinal fundus images and delete images with severe artifacts. In two stages, two
transfer-learning models based on the ResNet-50 architecture pre-trained using ImageNet
data are built with increased threshold values on SoftMax to reduce false positives. The
first stage classifier identifies 'easy’ images, and the second stage classifier further identifies
the remaining ’difficult’ (or undetermined) images. Using the Google Search Engine, 1,227
retinal fundus images are retrieved. This two-stage deep-learning model yields a positive
predictive value (PPV) of 98.56% for the target class compared to a single-stage model with
a PPV of 95.74%. The two-stage model helps reduce false positives for the retinal fundus
image class by two-thirds. The PPV over all classes increases from 91.9% to 96.6% without
compromising the number of images classified by the model. The superior performance of
this two-stage model indicates that building an optimal training dataset can play an essential
role in increasing the performance of deep-learning models.

Method 2: An efficient multi-stage algorithm is introduced to generate synthetic medical

image data by extracting annotated diseased regions and randomly projecting them onto
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disease-free images. To test the feasibility of this new algorithm, the publicly available
Indian Diabetic Retinopathy Image Dataset (IDRiD) is used. This dataset is comprised
of the annotated fundus images acquired from 81 patients with two categories of diseases.
Among them, 54 and 27 images are used for training and testing images, respectively. Using
the proposed algorithm, synthetic data is generated by inserting extracted diseased lesions
onto another set of 60 disease-free images, which results in 7,902 and 6,786 images for
the two categories of diseases, respectively. Three transfer learning-based DCNN models
(VGG16, ResNet50, and Inception-v3) are trained using original IDRiD images and synthetic
datasets. When applied to the same test images, the model trained with the synthetic
dataset outperformed the model trained using the original IDRiD dataset by 7.4% in disease
classification.

In conclusion, this thesis discusses three methods to address the challenges of apply-
ing deep learning models to medical imaging. The first method involves the development
of a new joint deep learning model, J-Net, which combines a U-Net model with an image
classification model to achieve lesion segmentation and classification simultaneously. The
J-Net model outperforms the individual models in accuracy with small datasets. The second
method performs automatic image detection using a two-stage deep learning model to pro-
duce clean data. The third method involves developing multi-stage deep learning algorithms
to generate synthetic medical image data, which can be used to overcome the lack of large,
diverse datasets. These methods demonstrate that building enhanced training datasets can
play a vital role in improving the performance of deep-learning models in medical imaging

applications.
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Chapter 1

Introduction

This chapter introduces medical image analysis and hybrid deep-learning models for disease
diagnosis and prognosis prediction. It outlines the J-Net on which this dissertation is built.
Apart from J-Net, two hybrid models are discussed. This chapter also introduces the general

motivations and contributions of this dissertation.

1.1 Introduction to Medical Image Analysis

Medical image analysis is a rapidly growing field that uses computer algorithms and math-
ematical models to analyze medical images. With the development of medical imaging
technologies, such as magnetic resonance imaging (MRI), computed tomography (CT), and
ultrasound, medical images have become essential tools in diagnosing and treating diseases.
Medical image analysis enables healthcare professionals to extract useful information from
these images, allowing for more accurate diagnoses and better treatment plans.

The analysis of medical images involves a wide range of techniques, including image

processing, image segmentation, feature extraction, pattern recognition, machine learning,



and deep learning. These techniques are used to identify and quantify patterns in medical
images, such as the presence of tumors or the progression of a disease. The results of medical
image analysis can provide clinicians with valuable insights into the patient’s condition,
allowing them to make informed treatment decisions.

Medical Image Analysis has numerous medical applications, including diagnosis, treat-
ment planning, and monitoring. It can diagnose various medical conditions, such as cancer,
cardiovascular disease, and neurological disorders. Medical Image Analysis can also be used
to plan surgical procedures, allowing surgeons to identify the optimal surgical approach and
reduce the risk of complications. Additionally, it can be used to monitor the progress of a

disease, allowing healthcare professionals to track the effectiveness of treatments over time.

1.1.1 Image Segmentation and Classification

The primary purpose of Computer Aided-Diagnosis(CAD) schemes (12; 4; 21) is to assist
clinicians and researchers in a range of applications, from organ segmentation (51) to dis-
ease diagnosis (32). Applying CAD schemes of medical images has attracted broad research
interest in the medical imaging informatics field. Most CAD schemes are developed using
conventional machine learning methods or models during the initial research stages, often re-
quiring domain expertise for image feature selection to build better CAD schemes. However,
due to the difference between human vision and computer vision, effectively or optimally
defining or selecting non-redundant and highly clinically relevant handcrafted medical image
features is complicated and thus remains a significant challenge in developing CAD schemes.

However, recent studies have demonstrated that applying deep learning methods can
successfully mitigate the shortcomings mentioned above and thus, it has attracted extensive
research in the past decade (27; 20). Deep Learning has enabled advancements in many

fields, including computer vision (17; 26).



Computer wision is a collaborative scientific field that deals with how computers can be
trained to gain a high-level understanding of digital images or videos. In recent years, deep
learning models have been developed on various medical imaging datasets to diagnose many
diseases (9; 10; 31). In addition, researchers have also tried to fuse or combine multiple
deep-learning models to achieve higher efficiency in image processing (8; 9). These hybrid
or joint models can process different data types and perform better than individually trained
models. Collaborative models learn different versions of features from the data and boost
performance. Thus, the insights processed and extracted from joint models aid in solving
complex problems. Especially in biomedical imaging, analyzing image features from different
models could help medical professionals understand the issue at hand.

Despite promising advantages of developing and applying deep learning models, limited
access to data in medical domains hinders the application of deep learning models. Due to
data regulations and market fragmentation, it can be challenging to fabricate large homo-
geneous datasets. Therefore, creating deep learning models that can work with datasets of
limited size is still difficult. Alternatively, gathering additional information from a single
image is another approach. For instance, in a traditional binary classification task, each
image is designated a single 0/1 label. In supervised tasks, this label and input image are
the only information given to a model to optimize its internal parameters. Thus, a lack of
knowledge can lead to overfitting in small datasets.

Providing additional information to the model by producing a segmentation mask of
the input image can help to alleviate this overfitting problem. This mask typically has
the same dimensionality as the input image, providing more information for the model
to optimize. Hence, it is possible to improve model performance on smaller datasets by
combining classification and segmentation tasks as a single joint network. Y-Net (31)

is one such model that takes full advantage of this approach to joint training. However,



the network has not gained widespread appeal, partially because its effectiveness has yet
to be demonstrated in independent, controlled studies. This study aims to introduce a
hybrid deep-learning model that simultaneously generates segmentation masks and diagnoses
classification labels for skin cancer images. Our network provides a simple architecture
that can quickly adapt to any dataset. Due to the straightforward nature of our network,
smaller datasets with a few hundred data records can yield highly accurate results avoiding

overfitting.

1.1.2 Image Detection

In medical image analysis, clinical data representation and extraction are the primary pur-
poses and the premise of many complicated frameworks. Many voluntary and involuntary
models for data extraction are used in medical image analysis (35; 30).

A retinal fundus image captures a color image of the inner surface of the eye and is instru-
mental in helping ophthalmologists detect eye disorders. In recent years, examining retinal
fundus imagery has proven useful in other medical fields besides ophthalmology. Analyzing
abnormalities in the optic nerve, retina, and choroid can detect early signs of neurologi-
cal disorders [18]. The imagery also provides neurologists insight into underlying systemic
diseases contributing to a patient’s neurological condition. Thus, fundus photography can
aid physicians in identifying severe ailments. A large, diverse, and clean dataset is required
to develop accurate CAD models using artificial intelligence (AI) or deep machine learning
(ML) for identifying underlying conditions. However, acquiring such datasets from private
sources can be challenging due to regulations such as HIPAA.

One way to obtain a dataset is by using public data platforms such as the Google search
engine. However, this approach can result in unwanted and noisy images that contain severe

artifacts or unrelated items alongside useful fundus photography images when appropriate



keywords are used in the search engine. Selecting visually or manually cleaning fundus
images from these images is tedious and time-consuming.

To enhance the effectiveness of deep learning models using relatively small image datasets,
7?7 aims to explore the feasibility and benefits of creating a new automated system to identify
and choose useful retinal fundus images from all downloaded images without any human
intervention. Each downloaded image is classified into one of three categories based on its
content: Class 1 — complete, single retinal fundus images without annotations; Class 2 —
single images containing multiple fundus photos or single fundus photos with annotations;
Class 3 — noisy images overlapped with artifacts. Class 1 is the desired category that is
added to the database. In this study, achieving the highest possible positive predictive value

(PPV) for Class 1 images is critical.

1.1.3 Sythetic Data Generation

Medical images are widely used to detect and diagnose diseases. As a result, imaging data
accounts for approximately 90% of all clinically diagnostic data generated in healthcare
systems

However, traditional machine learning classifiers remain challenging and not robust, so re-
searchers are considering incorporating deep-learning or deep-transfer-learning models based
on deep convolutional neural networks (DCNNs) into CAD systems. The main challenges
faced by DCNN models are the need for much larger and more diverse datasets to reduce
bias and achieve high levels of robustness. Two approaches commonly used to apply DCNN
models in medical imaging are data augmentation and deep transfer learning. However, these
two approaches can only partially reduce the impact of small image datasets. Researchers
have investigated whether adding synthesized data generated from real medical image data

can help overcome these issues and thus develop more robust DCNN models. One promising



solution to generate synthetic image data is GANs, but they are very complex machine-
learning models. This study proposes a new and more computationally efficient algorithm
to generate synthetic image data on a diverse image base. The algorithm extracts the anno-
tated diseased region or lesion blobs, randomly redistributes these lesion blobs, and projects
them onto negative (healthy) images to optimally achieve seamless insertion.

Currently, to apply DCNN models in the medical imaging field, two approaches are
commonly used. The first one uses data augmentation techniques to increase the number of
training data items and directly mitigate the paucity of annotated data. The second one is to
apply deep transfer learning to mitigate the effect of labeled data scarcity indirectly. Transfer
learning focuses on retaining knowledge gained while solving a problem from one domain
and applying it to a different domain. Several research studies (3; 39) show that fine-tuning
DCCN models originally trained on a large and diverse dataset of natural images using small
datasets of medical images helped improve accuracy and decreased time for convergence of
model training or fine-tuning. However, since real clinical images are quite heterogeneous
not only in the diseased regions or lesions, but also in healthy or normal tissues patterns
or background, these two approaches can only partially reduce the impact of small image
datasets because they cannot increase the diversity of medical image cases in the data. One
recent study (13) shows that the synthetic images generated by a generative adversarial
network (GAN) were not recognized as synthetic by radiologists and that using these GAN-
generated synthetic images helped increase the performance of a DCNN model in classifying
liver lesions. Thus, using GANs is a promising solution to generate more synthetic image
data across many application domains including medical imaging.

However, GANs are very complex machine-learning models; how they can efficiently
generate large numbers of diverse or heterogeneous medical images, particularly depicting

lesions or diseases against a wide variety of normal tissue backgrounds, has not been well



investigated. In Chapter 6, a new and more computationally efficient algorithm without
GANs to generate synthetic image data on a diverse image base is discussed. The new
algorithm extracts the annotated diseased region or lesion blobs, randomly redistributes
these lesion blobs and projects them onto negative (healthy) images to optimally achieve
seamless insertion. Unlike a GAN approach is limited by a small number of annotated
positive lesions, our new method can include more diverse negative images that do not
need expert annotations. In clinical practice the number of regular (disease-free) images
are the majority and are easy to acquire for research purposes. Thus, this new algorithm
can produce diverse synthetic image data generated using negative images with a broad
diversity or heterogeneity of standard tissue patterns, which we hypothesize can help better
train DCNN models and improve model performance. Therefore, the objective of this study
is to test the feasibility of our hypothesis by comparing three deep transfer learning models
(VGG-16 (40), ResNet-50 (17), and Inception V3 (43)) trained using a small set of original
images and a large set of the synthetic images. Recently, these three deep learning models
have been widely used in developing new CAD schemes of medical images with promising

results.

1.2 Introduction to Hybrid Deep Learning

Medical image analysis has become increasingly important for accurate diagnosis, treat-
ment, and disease management in modern healthcare. Deep learning models have proven
to be highly effective in analyzing medical images. However, medical image analysis often
involves complex tasks such as segmentation, classification, and generation of synthetic data,
which require specialized deep learning models. To address these challenges, researchers have
proposed hybrid and multistage deep learning models that combine different deep learn-

ing architectures with traditional machine learning techniques. These models leverage the



strengths of each approach to improve the accuracy and efficiency of medical image analysis
tasks.

In medical image segmentation, hybrid deep learning models use a combination of deep
convolutional neural networks (DCNNs), recurrent neural networks (RNNs), and unsuper-
vised learning algorithms to segment specific regions of interest in medical images accurately.
Multistage deep learning models use a two-step approach where a rough segmentation is first
performed using a CNN, followed by refinement using a more accurate RNN. In medical im-
age classification, hybrid models use a combination of CNNs and recurrent neural networks to
classify medical images accurately. These models can handle multiple input modalities, such
as images, text, and patient data, to provide a more comprehensive diagnosis. However these
models tend to overfit on smaller datasets and complex for simple tasks like classification
and segmentation

In medical synthetic data generation, hybrid models use a combination of GANs and
CNNs to generate synthetic medical images that are highly similar to authentic medical
images. These synthetic images can be used to train deep learning models, thereby increasing
the size and diversity of the available dataset.

This dissertation is an overview of the state-of-the-art hybrid and multistage deep learning
models for medical image segmentation, classification, and synthetic data generation and
highlights their potential to revolutionize medical image analysis and improve the accuracy

of diagnosis and treatment in healthcare.



Chapter 2

Related Work

This chapter explains the evolution of computer vision models, medical image analysis and

hybrid model and the foundation on which this research is built.

2.1 Fundamentals of Deep Learning

Deep learning (DL) is a subfield of machine Learning (ML) that uses artificial neural net-
works with multiple layers to learn hierarchical representations of data. DL models have
gained widespread popularity due to their ability to handle complex data and outperform
traditional ML methods in various applications such as image recognition, natural language
processing, and speech recognition. This chapter discusses some of the most commonly used
DL models, their architectures, and their applications.

Recurrent neural networks (RNNs) (38) are another popular DL model that are com-
monly used in natural language processing and speech recognition. RNNs are designed to
process sequential data and have a feedback mechanism that allows information to be passed

from one time step to another. Long short-term memory (LSTM) and Gated Recurrent Unit



(GRU) are two types of RNNs designed to address the vanishing gradient problem that can
occur in traditional RNNs. LSTMs use a more complex memory cell structure that allows
them to store and retrieve information over longer periods of time. They have three gates:
input, forget, and output gates. The input gate decides which information to let into the cell,
the forget gate determines which information to discard from the cell, and the output gate
decides which information to output. On the other hand, GRUs use a simpler architecture
that combines the input and forget gates into a single update gate. They only have two
gates: reset and update gates. The reset gate determines how to combine the new input
with the previous memory, and the update gate decides how much of the previous memory to
keep and how much of the new input to incorporate. LSTMs and GRUs have achieved state-
of-the-art performance on various language modeling tasks, including machine translation,
speech recognition, and text generation.

Transformers (46) are designed to process sequences of tokens, such as words or sub-
words, and are composed of multiple self-attention layers that allow the model to attend
to different parts of the input sequence. The Transformers attention mechanism allows the
model to capture long-range dependencies and has achieved state-of-the-art performance on
various language modeling tasks, including machine translation, question answering, and
summarization.

In summary, DL models have revolutionized artificial intelligence and achieved state-of-
the-art performance on various applications, including computer vision, natural language
processing, and speech recognition. CNNs, RNNs, GANs, and transformers are some of the
most commonly used DL models, each with their unique architecture and applications. The
rapid development of DL models and their applications is expected to continue, leading to

significant advancements in Al in the years to come.
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2.2 Fundamentals of Computer Vision

Computer vision (CV) is a subfield of artificial intelligence that focuses on enabling machines
to interpret and understand visual data from the world around us. Computer vision models
have made significant strides in recent years, and have been used in various applications
such as object detection, image segmentation, and image recognition. This literature review
will discuss some of the most commonly used CV models, their architectures, and their
applications.

Convolutional neural networks (CNNs) (1) are a type of CV model that have been
widely used for image classification tasks. CNNs are designed to process data with a grid-like
structure, such as images, and are composed of multiple convolutional layers that extract
features from the input data. These features are combined in fully connected layers to
produce the final output. CNNs have achieved state-of-the-art performance on various image
recognition tasks, including object detection and segmentation.

Region-based convolutional neural networks (R-CNNs) (14) are another type of CV model
that have been widely used for object detection tasks. R-CNNs are designed first to generate
region proposals, or potential object locations, using the selective search or similar methods.
A CNN then processes these proposals to extract features, which are then fed into a classifier
to determine the object’s class in each proposal. Mask R-CNNs (16) are an extension
of R-CNNs that can perform object detection and instance segmentation. In addition to
generating region proposals and classifying objects, Mask R-CNNs can also output a binary
mask for each detected object, indicating the precise boundaries of the object.

Generative adversarial networks (GANs) (15) are a type of computer vision model that
can be used for image-generation tasks. GANs consist of two neural networks: a generator

and a discriminator. The is trained to generate samples similar to the training data, while

11



the discriminator is trained to distinguish between real and fake samples. The generator
and discriminator are trained simultaneously in a minimax game, where the generator tries
to fool the discriminator, and the discriminator tries to identify the real samples correctly.
In summary, Computer Vision models have made significant strides in recent years, and
have been used in various applications such as object detection, image segmentation, and
image recognition. CNNs, R-CNNs, Mask R-CNNs, and GANs are some of the most com-
monly used computer vision models, each with their unique architecture and applications.
The rapid development of computer vision models and their applications is expected to

continue, leading to significant advancements in Al in the years to come.

2.3 Medical Image Analysis for Disease Diagnosis

Medical image analysis is an essential task in healthcare that enables clinicians to make ac-
curate diagnoses and decisions for patient care. With the advent of deep learning techniques,
medical image analysis has advanced significantly in recent years.

One of the most significant research areas in medical image analysis is detecting and
classifying cancerous lesions. Various studies have proposed deep learning-based models for
the early detection of lung, breast, and skin cancer, among others. For instance, researchers
have developed a deep learning-based image processing model to detect lung cancer (47).
Another study used deep learning models to diagnose breast cancer using mammography
images, achieving an accuracy of 90%.

Besides cancer, deep learning models have also been used to diagnose diseases such as
Alzheimer’s, multiple sclerosis, and diabetic retinopathy. For instance, researchers (41)
have developed a deep learning-based algorithm for diagnosing Alzheimer’s disease using
structural magnetic resonance imaging (MRI) images. The proposed model achieved high

accuracy in detecting Alzheimer’s disease in its early stages.

12



In addition to detecting and classifying diseases, deep-learning models have been used to
segment medical images to isolate specific structures and lesions. For instance, researchers
have developed a deep-learning model for segmenting brain tumors from MRI images (29).
The proposed model achieved high accuracy and outperformed other traditional segmenta-

tion methods.

2.3.1 Image Segmentation

Image segmentation is dividing an image into multiple segments, each corresponding to a
different object or region within the image. This task is essential in computer vision and
has numerous applications including object detection, medical imaging, and autonomous
driving. This section discusses some of the most commonly used computer vision models for
image segmentation.

One of the most widely used models for image segmentation is the U-Net architecture (37),
first proposed in 2015. U-Net is a fully convolutional neural network (FCN) consisting of
contracting and expanding paths. The contracting path comprises several convolutional
and pooling layers that progressively reduce the spatial dimensions of the input image while
increasing the number of feature channels. The expanding path comprises several transposed
convolutional layers that upsample the feature maps and restore the spatial dimensions of the
output segmentation map. U-Net has been shown to achieve state-of-the-art performance
on various medical image segmentation tasks.

(28) introduced the first fully convolutional neural network (FCN) for semantic segmen-
tation, which paved the way for developing many subsequent segmentation models. The FCN
approach enables end-to-end learning for segmentation tasks using deconvolutional layers to
upsample the feature maps to the input image size. (49) proposed a deconvolutional network

for semantic segmentation, which uses unpooling and deconvolution layers to upsample the
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feature maps. The proposed network achieved competitive results on the PASCAL VOC
2012 dataset. (4) introduced dilated convolutions, which allow the network to increase its
receptive field without decreasing the spatial resolution of the feature maps. The proposed
network achieved state-of-the-art performance on the PASCAL VOC 2012 dataset.

(6) proposed an encoder-decoder network with atrous separable convolutions for se-
mantic segmentation. The proposed network achieved state-of-the-art performance on the
Cityscapes dataset. (34) proposed an attention mechanism for the U-Net architecture, al-
lowing the network to focus on relevant input image regions during the segmentation process.
The proposed network achieved state-of-the-art performance on the NIH pancreas segmen-
tation challenge. (48) proposed a bilateral segmentation network (BiSeNet) for real-time
semantic segmentation. The BiSeNet architecture consists of a spatial path and a context
path, combined using a novel spatial attention module. The proposed network achieved
state-of-the-art performance on several real-time segmentation benchmarks.

Another popular model for image segmentation is the DeepLab architecture (5), first
proposed in 2016. DeepLab is also an FCN and is designed to produce dense pixel-wise
predictions. DeeplLab uses atrous convolutional layers, which allow the network to compute
dense feature maps with a large receptive field, while preserving the spatial resolution of the
input image. DeepLab also incorporates dilated convolutional layers, which further increase
the receptive field of the network. DeeplLab has achieved state-of-the-art performance on

various image segmentation tasks, including semantic and instance segmentation.

2.3.2 Image Classification

Image classification is a fundamental task in computer vision that involves assigning a label
or category to an image. Deep learning models have shown remarkable performance on image

classification tasks in recent years. This chapter presents a literature review of some of the

14



most influential papers in this field. (25) introduced the AlexNet architecture, which was
the first deep convolutional neural network (CNN) to achieve state-of-the-art performance
on the ImageNet large-scale visual recognition challenge (ILSVRC) dataset. AlexNet used
several techniques such as data augmentation, dropout, and ReLLU activations, which became
standard practices in deep learning.

(40) paper introduced the VGG architecture, which used very deep CNNs with small fil-
ters. VGG achieved excellent performance on the ILSVRC dataset, and its architecture has
been widely used as a starting point for other CNNs. The Inception architecture (43), com-
bined different filter sizes and pooling strategies to extract features at different scales. The
Inception architecture was designed to be more computationally efficient than other CNNs
and achieved excellent performance on the ILSVRC dataset. The ResNet architecture (17),
which used residual connections to enable the training of very deep CNNs. ResNet achieved
state-of-the-art performance on the ILSVRC dataset and has since become a standard ar-
chitecture for many image classification tasks.

(19) introduced the DenseNet architecture, which used densely connected blocks to
facilitate feature reuse and improve gradient flow. DenseNet achieved state-of-the-art per-
formance on the ILSVRC dataset and is highly efficient in terms of both computational
resources and memory usage. (44) proposed a new scaling method for CNNs that balances
the network depth, width, and resolution to improve efficiency and accuracy. The resulting
EfficientNet architecture achieved state-of-the-art performance on the ILSVRC dataset with

significantly fewer parameters than previous models.

2.4 Hybrid Deep Learning

Hybrid deep learning models have emerged as a promising approach to improve the perfor-

mance of traditional deep learning models. These models combine different types of neural
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networks, such as CNNs, RNNs, and GANs, to leverage the strengths of each network and
overcome their limitations. In recent years, numerous studies have been conducted on vari-
ous hybrid deep-learning models. For example, some researchers have proposed CNN-RNN
hybrid models for image and speech recognition tasks (42). These models use CNNs to
extract features from images and RNNs to process sequential data, such as speech signals.

(18) proposed a hybrid deep learning model that combines a CNN and a LSTM network
for predicting stock prices. The CNN extracts features from the stock price data, which are
then fed into the LSTM for prediction. (11) proposed a hybrid deep learning model that
combines a CNN and a RNN for sentiment analysis. The CNN extracts features from the
text data, which are then fed into the RNN for classification. (45) proposed a hybrid deep
learning model that combines a CNN and a LSTM network for customer churn prediction
in the telecommunications industry. The CNN extracts features from the customer data,
which are then fed into the LSTM for prediction.

(7) proposed a hybrid deep learning model that combines a CNN and a LSTM network
for time series forecasting. The CNN extracts feature from the time series data, which are
then fed into the LSTM for prediction. Additionally, the authors proposed a novel loss
function that combines mean squared error and mean absolute percentage error to improve

the model’s performance.

2.4.1 Hybrid Convolution Neural Network

Hybrid CNN models have emerged as a promising approach for computer vision tasks, com-
bining the strengths of different CNN architectures. One of the earliest hybrid CNN models,
called the AlexNet model (26). This model combined traditional convolutional layers with
fully connected layers and significantly improved image classification accuracy on the Ima-

geNet dataset. AlexNet became the basis for later hybrid models like VGGNet, GoogLeNet,
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and ResNet.

VGGNet (40), proposed by Simonyan and Zisserman in 2014, expanded upon AlexNet’s
approach by using smaller convolutional filters and deeper layers. This hybrid model showed
improved accuracy on the ImageNet dataset, with the tradeoff of increased computational
complexity. GoogLeNet (43), introduced the concept of inception modules, which combined
multiple convolutional filters of different sizes in parallel. This approach significantly reduced
the parameters and computational complexity while maintaining high accuracy. ResNet
(17), introduced the concept of residual blocks, which allowed the model to learn residual
connections between layers. This approach enabled the training of much deeper networks

while avoiding the vanishing gradient problem.

2.4.2 Hybrid CNN models in Medical Imaging

Hybrid CNN models have gained attention in medical image analysis due to their ability to
combine multiple CNN architectures with improving accuracy and reducing computational
complexity. This section explores some of the research conducted on hybrid CNN models in
medical image analysis.

One of the earliest applications of hybrid CNN models in medical image analysis was
in the segmentation of brain tumors. (22) proposed a hybrid model that combined 3D U-
Net and V-Net architectures, showing promising results in segmenting brain tumors on the
BraTS dataset. Another application of hybrid CNN models is in the classification of skin
lesions. (50) proposed a hybrid model that combined multiple CNN architectures, including
VGGNet and ResNet, showing improved accuracy in the classification of skin lesions on the
ISIC dataset.

Hybrid CNN models have also been applied to detecting lung nodules in CT scans. (2)

proposed a hybrid model that combined multiple CNN architectures, including Inception
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and ResNet, showing improved sensitivity and specificity in the detection of lung nodules on
the LIDC-IDRI dataset.

In addition to combining multiple CNN architectures, hybrid CNN models in medical
image analysis have also been combined with other deep learning models. For example, Roy
et al. proposed a hybrid model that combined CNNs with Variational autoencoders (VAEs)
(23) to generate synthetic medical images, showing promising results in the augmentation
of medical datasets. Recent research in hybrid CNN models has focused on combining
multiple architectures for better performance. In conclusion, hybrid CNN models have shown
significant progress in computer vision tasks, and combining multiple architectures and deep
learning models can lead to improved accuracy and reduced computational complexity.

However, despite the significant progress made in medical image analysis using deep
learning models, several challenges remain. One of the main challenges is the requirement for
large amounts of labeled data for training deep learning models. Obtaining such datasets can
be time-consuming and costly, especially for rare diseases. Additionally, the black-box nature
of deep learning models can make it challenging to interpret their results, which can be crucial
in medical decision-making. Also, hybrid models are complex and need high computational
resources to implement. Also, the lack of larger datasets in the medical field due to the
fragmentation of the market and HIPAA regulations, extracting more information from
smaller datasets is necessary. This way simpler hybrid models can yield better performance

over a smaller quantity of data.
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Chapter 3

Research Challenges

This chapter introduces some of the challenges of medical image analysis. Below is the list

of research issues for disease diagnosis and prognosis predictions using medical image data.

3.1 Current state & challenges

This chapter discusses existing practices, limited research possibilities and various challenges

in medical image analysis.

3.1.1 Lack of High-quality Data

Medical image data presents unique challenges for machine learning researchers and practi-
tioners, including the limited availability of high-quality labeled data, large variability across
imaging protocols and patient populations, class imbalance, ethical and privacy concerns, dis-
ease variability, and the need for specialized expertise. Overcoming these challenges requires
collaboration and innovation across multiple fields, including computer science, medicine,

and ethics.
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e Limited availability of high-quality medical image datasets with ground truth annota-

tions:

Machine learning algorithms require large amounts of high-quality labeled data to
train and validate models effectively. However, obtaining large amounts of labeled
medical image data is challenging. Medical image datasets are often small, expensive
to obtain, and require expertise to annotate. Additionally, the acquisition of labeled
medical image data may require collaboration between multiple institutions, which can

be time-consuming and logistically challenging.

e Large variations in imaging protocols, equipment, and patient populations across dif-

ferent healthcare institutions:

Medical imaging protocols, equipment, and patient populations vary widely across dif-
ferent healthcare institutions, which can lead to inconsistent image quality and hinder
the generalization of algorithms across sites. This variability can lead to challenges
in algorithm development and deployment, as algorithms trained on data from one

institution may not perform well on data from another institution.

e Imbalanced class distributions in medical image datasets:

Medical image datasets often exhibit class imbalance, where certain classes may be
overrepresented or underrepresented. For example, in a dataset of chest X-rays, the
prevalence of pneumonia may be much lower than the prevalence of normal images.
This imbalance can impact the accuracy and generalization of machine learning models,
as algorithms may learn to overemphasize the majority class and underemphasize the

minority class.

e Ethical and privacy concerns surrounding the use of patient data for research purposes:
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Medical image datasets often contain sensitive patient information, which can make it
difficult to obtain and share data. Additionally, ethical concerns surrounding patient
privacy and confidentiality may limit access to medical image datasets. Researchers
must adhere to strict data protection guidelines when handling medical image data,

which can add complexity and delay the research process.

Variability in disease manifestations and image appearances:

Medical conditions can manifest differently across different patients, and this variability
can make it challenging to accurately identify and classify certain medical conditions.
For example, in a dataset of brain MRI scans, the appearance of a brain tumor may
vary widely depending on the location and size of the tumor. This variability can make

it difficult for algorithms to learn to accurately detect and classify medical conditions.

The need for specialized knowledge and expertise in medical imaging:

Interpreting and analyzing medical images requires specialized knowledge and expertise
in anatomy, pathology, and radiology. Machine learning researchers and practitioners
must work closely with medical experts to ensure that algorithms are accurately and
appropriately trained and validated. This collaboration can add complexity and cost

to the research process.

3.1.2 Lack of hybrid models

The lack of complex deep learning models in medical image analysis can result in reduced

accuracy, limited features, limited generalization, increased annotation time, reduced inter-

pretability, ethical and regulatory concerns, and infrastructure and resource requirements.

Deep learning models, such as CNNs, can overcome these issues and provide accurate and

reliable results for medical image analysis tasks. However, the deployment of deep learn-
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ing models in clinical settings requires careful consideration of the ethical, regulatory, and

resource requirements of the analysis process.

e Reduced Accuracy: Medical image analysis is a critical task that requires high accuracy
and reliability. Traditional machine learning algorithms may not be able to effectively
capture the complexity of medical images, which can lead to reduced accuracy and
increased false positives/negatives. Deep learning models, such as CNNs, can capture

complex features in medical images and improve the accuracy of the analysis.

e Limited Features: Medical images can contain a large amount of information including
texture, shape, and intensity. Traditional machine learning algorithms may not be able
to capture all the relevant features in the data, leading to reduced performance. Deep
learning models can learn features automatically, reducing the need for manual feature

engineering and improving the quality of the features extracted from the data.

e Limited Generalization: Medical image analysis tasks often involve data from different
imaging protocols, equipment, and patient populations. Traditional machine learning
algorithms may not be able to generalize well to new and unseen data, leading to
reduced performance in real-world scenarios. Deep learning models can generalize
well to new and unseen data, making them suitable for deployment in diverse clinical

settings.

e Increased Annotation Time: Traditional machine learning algorithms often require
manual feature engineering and annotation, which can be time-consuming and require
domain-specific knowledge. Deep learning models can learn features automatically,

reducing the need for manual annotation and speeding up the analysis process.

e Increased Interpretability: Deep learning models can provide insights into the most

relevant features for a given task, allowing for increased interpretability of the results.

22



Traditional machine learning algorithms may not provide as much interpretability,

making it difficult for medical professionals to understand the analysis results.

Ethical and Regulatory Concerns: Deep learning models require large amounts of data
to train and validate effectively. However, medical data is often sensitive and subject
to strict data protection regulations. Researchers must maintain data privacy and

confidentiality throughout the analysis process, which can be challenging.

Infrastructure and Resource Requirements: Deep learning models require significant
computational resources, including powerful GPUs and large amounts of memory. Ad-
ditionally, the training and deployment of deep learning models require software engi-
neering and data science expertise, which can be challenging to acquire in the medical

domain.

In summary, while deep learning models have shown great potential in medical image

analysis, their transferability to other domains can be challenging due to issues related to

data availability, domain shift, ethical and legal concerns, variability in clinical practice, and

clinical relevance. Addressing these challenges requires collaboration between researchers,

clinicians, and regulatory bodies to ensure that the models are safe, effective, and clinically

relevant.

3.2 Research Objectives

Since the above-mentioned challenges are complex and need collaboration between research

domains, this dissertation focuses on finding alternative solutions to achieve high quality

results. Chapter 7?7 focuses on creating a hybrid deep learning model that simultaneously

performs image segmentation and classification even with smaller amounts of data compared
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to its individual component models. Chapter 7?7 proposes a two-stage deep learning architec-
ture for image classification using transfer learning. This architecture classifies the correct
annotated images with high accuracy. Chapter 7?7 focuse on incorporating image processing
techniques to generate synthetic images from smaller original dataset. This method helps in

creating larger and more diverse dataset for deep learning architectures.
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Chapter 4

Novel Joint Deep Learning Model to
Improve Image Segmentation and

Classification

This chapter discusses a novel Joint-Net proposed to perform image segmentation and clas-
sification simultaneously using a skin cancer image dataset. This study is published in SPIE
Medical Imaging, 2023 under the section of Computer Aided Diagnosis. My contributions
include domain research, architecture design, literature review, experimentation, and writ-

ing.
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4.1 Proposed Method

4.1.1 J-Net (Joint-Net)

A novel architecture, J-Net (33), is developed by combining the U-Net architecture with a
binary image classifier, inspired by Y-Net (31). The J-Net architecture contains two-way
feature learning modules. The first module is a U-Net (37), a deep down-sampling-to-
up-sampling sub-network for semantic features. The second is a convolutional sub-network
without downsampling for classification features. The first module has the exact architecture
of the U-net described in 37. The classification branch attached to the encoder part of U-
Net uses the same convolution blocks as the encoder stages of the segmentation branch. An
average pooling, three linear, and single sigmoid layers are connected to the classification
convolution blocks. Thus, the feature maps from the encoder phase of the J-Net serves as
the input to the binary classifier and the classification branch categorizes the image into two

classes.
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Figure 4.1: J-Net Architecture

The J-Net is optimized using the combined loss from segmentation (LossSeg) and classi-
fication tasks (LossClass). Combining losses helps the network understand each data label’s
features and its segmentation mask. The additional information learned by the classification

branch helps the segmentation branch optimize the masks and vice versa.

Lossroiar = L0S5geq + L0SSCiqss (4.1)

4.1.2 Binary Image Classifier

A simple binary classifier is the second independent model used to perform image classifi-

cation. The classifieras architecture is developed to resemble the encoder part of the U-Net
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plus an additional convolution block followed by an average pool layer and linear layers pro-
ducing a binary output. The output ala meaning to severe and a0a meaning to the mild
presence of melanoma on the lesions. For the model training, an image dataset of size 1200
with a 70:20:10 data spit for validation and test sets is drawn and the performance metrics

are measured to compare with the results from the J-Net.

4.2 Dataset

This experiment is tested on a dataset obtained from Kaggle, an online open-source platform
for data. The dataset has skin cancer images with corresponding segmentation masks and
a binary diagnostic label for the pigmented lesions on the skin as shown in the 4.2. The
segmentation masks are gray-scale images with white pixels (255) identified as the lesions
on the skin and black pixels (0) as the normal skin. The binary label states the presence of
melanocytic nevi (NV) in the skin images. This data field has 0 representing amilda and 1
representing the aseverea presence of nevus cells in the corresponding image of a skin cancer

lesion. In total, 1200 images are selected with equal distribution of both cases for the study.
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(b) Segmentation mask

Figure 4.2: Skin Cancer Images and corresponding segmented lesions
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4.3 Results

The results of the U-Net and the J-Net models are compared based on lesion segmentation
and classification performance metrics. For testing purposes, 10 percent of the dataset is
used. From the observed results 4.1, the J-Net model has higher segmentation accuracy than
the U-Net model over smaller datasets. Especially, the J-Net model accurately segments the
contours of the images. Both models segmentation metrics improved as the dataset size
increased from 200 to 1200 images.

To compute the statistical significance, both the J-Net model and the U-Net models are
evaluatued using the Binary Cross Entropy (BCE) loss. The BCE loss function measures
the difference between the predicted binary segmentation and the ground truth binary seg-
mentation. The models are trained 30 times and the test set BCE loss is observed. The
mean distribution of BCE loss for J-Net is lower than for U-Net in the segmentation task
showing over 8% improvement 4.4.

Similarly, the J-Net classifier outperformed the binary classifier with the same architec-
ture with over 5% improvement when evaluated using the BCE loss 4.5. This experiment
shows that adding additional information to training models can help them understand the
hidden patterns from all perspectives.

The performance metrics for the lesion segmentation i,e., dice score, intersection over
union (IOU), accuracy, and precision, are recorded between U-Net and J-Net. For the image
classification task Recall and F1l-score metrics are calculated to perform the comparison

between a binary classifier and a J-Net classifier. (Refer to appendix 9)
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Figure 4.3: From left to right: skin cancer images, corresponding original segmentation
masks, U-Net generated masks, and J-Net generated masks
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U-Net Metrics J-Net Metrics

Size | Precision | Accuracy | Dice IOU | Precision | Accuracy | Dice 10U
1200 | 0.8200 0.9206 | 0.9254 | 0.7608 | 0.8719 0.9589 | 0.9637 | 0.8078
1100 | 0.8100 0.9113 | 0.9175 | 0.7534 | 0.8677 0.9376 | 0.9586 | 0.8022
1000 | 0.8000 0.9078 | 0.9107 | 0.7485 | 0.8446 0.9310 | 0.9478 | 0.7969
900 0.7981 0.8914 | 0.9013 | 0.7471 | 0.8381 0.9274 | 0.9279 | 0.7841
800 0.7959 0.8676 | 0.8971 | 0.7366 | 0.8282 0.9113 | 0.9147 | 0.7713
700 0.7801 0.8459 | 0.8864 | 0.7357 | 0.8196 0.8998 | 0.9063 | 0.7671
600 0.7677 0.8305 | 0.8849 | 0.7301 | 0.8082 0.8895 | 0.8872 | 0.7505
500 0.7612 0.8282 | 0.8705 | 0.7294 | 0.8031 0.8783 | 0.8838 | 0.7443
400 0.7582 0.8207 | 0.8699 | 0.7273 | 0.7996 0.8740 | 0.8757 | 0.7386
300 0.7503 0.8056 | 0.8623 | 0.7238 | 0.7925 0.8661 | 0.8685 | 0.7321
200 0.7497 0.7993 | 0.8571 | 0.7206 | 0.7844 0.8604 | 0.8602 | 0.7284

Table 4.1: Segmentation metric results of U-Net and J-Net with varying training data size
from 200 to 1200

The classification results between J-Net and a binary classification model are drawn
for comparison. The binary classifier has the same architecture as the J-Net classifier to
ensure fairness. The outcomes of the J-Net classifier outperformed the binary classifier with
better precision and recall, thus, it improved in categorizing the images into mild and severe
melanocytic nevi classes. This study can be easily extended to other domains with limited

image data but with additional attributes about the images.
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Binary Classifier Metrics J-Net Classifier Metrics
Size | Precision | Accuracy | Recall | F1 | Precision | Accuracy | Recall | F1
1200 0.74 0.90 0.73 |0.73 0.78 0.93 0.77 | 0.76
1100 0.74 0.89 0.72 | 0.72 0.77 0.92 0.76 | 0.76
1000 0.73 0.89 0.72 | 0.72 0.76 0.91 0.76 | 0.76
900 0.72 0.88 0.70 | 0.70 0.76 0.90 0.74 | 0.74
800 0.70 0.86 0.68 | 0.68 0.74 0.89 0.72 | 0.72
700 0.68 0.85 0.68 | 0.66 0.72 0.88 0.70 | 0.70
600 0.69 0.85 0.68 | 0.68 0.72 0.87 0.70 | 0.70
500 0.68 0.84 0.68 | 0.68 0.71 0.85 0.68 | 0.68
400 0.68 0.82 0.66 | 0.66 0.70 0.84 0.68 | 0.68
300 0.68 0.81 0.66 | 0.64 0.69 0.82 0.68 | 0.67
200 0.66 0.80 0.65 | 0.64 0.68 0.82 0.66 | 0.66
Table 4.2: Classification metric results of Binary classifier and J-Net classifier with varying

training data size from 200 to 1200

4.4

Discussion

In this chapter, we present a novel study that analyzes and compares two methods of applying

two independent models separately and one joint model to conduct lesion segmentation and

classification tasks, as well as lesion segmentation and classification performance changes of

these

two methods. From the study results, we observe the following two interesting aspects:

The J-Net joint model yields higher lesion segmentation and classification accuracy
than using two single independent models, even with small datasets (as shown in 4.1
and 4.2). This indicates that different deep learning models may have different foci in
learning and extracting image features, thus the generated segmentation results and /or
classification scores are not highly correlated. As a result, this can also be explained due
to the features learned from two integrated branches of the J-Net model, which enables
improved model performance in both lesion segmentation and classification. Therefore,
combining two tasks of lesion segmentation and classification into one model allows for

a better understanding and integration of image features and the context learned from
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different perspectives.

e This study also demonstrates a clear trend of performance increase of the deep learning
models including U-Net and joint J-Net models as the increase of training and testing
dataset size (i.e., from 200 to 1200 in this study). Observation of such an increasing
trend clearly indicates that increasing training dataset size and diversity plays a very
important role in developing more accurate and robust deep learning models using
medical images. Thus, in future research, more effort should be added to increas-
ing training dataset size by either collecting more clinical images or developing more

effective algorithms or models to produce more clinically relevant synthetic images.

With several limitations including using only 2D images of skin cancer and difficulty to
obtain accurate lesion segmentation masks, we recognize that this is a quite unique study to
address two important issues in effectively applying deep learning models in medical image
research. Thus, distinctive studies are needed to investigate more robust and muti-usage of

data for different medical imaging applications in the future.
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Chapter 5

A Novel Two-stage Deep-Learning
Model to Improve Accuracy in

Detecting Retinal Fundus Images

This chapter discusses a two-stage deep learning model to improve the detection accuracy
using retinal fundus images. The objective of model is to automatically detect retinal fundus
images without any artifacts. This study is published in SPIE Medical Imaging, 2022, San
Diego. My contributions include domain research, algorithm design, literature review, and

writing.

5.1 Proposed Method

Transfer learning is used to build new deep-learning models to classify the retinal fundus
images into three classes. For this purpose, the ResNet-50 (17) architecture is selected to

build our transfer learning model, which has been pre-trained using an extensive ImageNet
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database. Although many Deep Convolutional Neural Network (DCNN) models have been
developed and used as transfer learning models in medical imaging informatics, a DCNN
model using ResNet-50 architecture is chosen for this study. ResNet-50 has several advan-
tages compared with VGG19 (40) such as a smaller number of parameters to train (more
depth, less width), reduced effect of vanishing gradient, and higher accuracy obtained on the

ImageNet dataset.
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Figure 5.1: Block Diagram of Stagel Transfer Learning with ResNet50

This study picks 50 images from each class to build a training dataset. Thus, 150 images
are used to fine-tune the ResNet-50 model (17). The fine-tuned ResNet-50 model is then
applied to the remaining 1077 images to classify these images into three classes. Since the
model generates three probability scores in three classes, the image is assigned to the class
with the highest probability score.

However, the conventional classification method shown in the above figure based solely
on the highest probability score for the three classes may not achieve adequate classification
performance. Thus, to improve model performance, a new classification method is proposed
shown in Figure 5.5 by adding a threshold value on the SoftMax activation function in the last
layer of the trained ResNet-50 model. The idea behind increasing the threshold (0.5 to 0.9)
is to identify the optimal threshold value that can yield the highest positive predictive value

(PPV) in classification and minimize false positives. Specifically, after adding a threshold,
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a test image will only be assigned to a class where the model-generated probability score
exceeds the threshold.

After adding a threshold to SoftMax, a group of images will become undetermined if
all 3 probability scores are smaller than the threshold. These undetermined images are
assigned to a new class namely, Class 4, representing the adifficulta images. In order to
further classify these difficult images, a second transfer learning model is added. The same
pre-trained ResNet-50 model is fine-tuned again using part of these difficult images. As a
result, a unique two-stage model is built. The model in the first stage is applied to identify
and classify aeasya images. If the test images are classified as undetermined difficult images,

they will be further analyzed and classified by another model in the second stage.
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Figure 5.2: Block diagram of the proposed 2-stage model

5.2 Dataset

The Google search engine is queried and retrieved rental fundus photos or images. A total
of 1,227 unique images are downloaded from the Google search engine. These images are
downloaded in batches using different keywords related to retinal fundus images. Each image
is classified into one of three classes. Each image in Class 1 is a single fundus photo without

any annotations, as shown in Figure 5.1. Each image in Class 2 is a single fundus photo
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with annotations or multiple fundus photos with at least 25% of the total area of the image
containing a fundus photo, as shown in Figure 5.2. Class 3 consists of images in which the
fundus photos comprise less than 25% total area of the image and other noisy images, as
shown in Figure 5.3. Based on the above criteria, Class 1 has 620 images, Class 2 has 134

images, and Class 3 has 473 images.

Figure 5.3: Example images for Class 1

39



Wieal b b pysanid

=. .,. .

Figure 5.4: Example images for Class 2

40



DISEASES
DIGITAL RETINAL
IMAGING CAN
HELP DETECT
SOONER
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5.3 Results

Table 5.1 shows the performance when using one ResNet-50 model to classify images into
three classes without adding a threshold value on the SoftMax layer. Overall 1077 test
images, the model predicts and assigns 588, 109 and 380 images to Classes 1, 2, and 3,
respectively. Among the classified images, true- and false positives and positive predictive

values are summarized in Table 5.2.

Class 1 2 3 Total
Assigned Images 588 109 380 1077
True Positive(TP) images 563 60 367 990
False Positive(FP) images 25 49 13 87
Positive Predictive Value(PPV) | 0.957 0.550 0.966 0.919

Table 5.1: Stage 1 results threshold on the SoftMax Layer

After adding threshold values on the SoftMax layer of the model, the easy images will be
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Threshold Value 0.5 0.6 0.7 0.8 0.9

Number of determined images 1034 939 799 561 234
True Positive(TP) images 965 887 768 544 226
False Positive(FP) images 69 52 31 17 8

Positive Predictive Value(PPV) of 3 Classes | 0.933 0.945 0.961 0.970 0.966

Table 5.2: Performance of model in Stage 1 using different threshold values in SoftMax layer

classified into 3 classes and the difficult images will be assigned into Class 4 (undetermined
images). As the threshold values increase from 0.5 to 0.9, the results show that PPV values
of Class 1 increase, while the number of determined images decrease due to the increase of

undetermined images in Class 1 (as shown in Figures 5.6 and 5.7).
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Figure 5.6: True positive ratio (PPV) vs Threshold value
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Figure 5.7: Number of determined images vs Threshold value

Table 5.3 summarizes the performance of the ResNet-50 model implemented in Stage 2

to classify the difficult images, which are undetermined by the Stage 1 model based on the

SoftMax score with a threshold value of 0.8. The undetermined/difficult images (1077-561

= 516) are used in Stage 2.

Positive Predictive Value(PPV) of 3 Classes

Threshold Value 0.5 0.6 0.7 0.8 0.9
Number of determined images 516 513 508 504 486
True Positive(TP) images 490 477 489 485 476
False Positive(FP) images 25 36 19 19 10

0.950 0.930 0.963 0.962 0.979

Table 5.3: Performance of model in Stage 2 using different threshold values in SoftMax layer

Table 5.4 shows the classification results using the two-stage model with threshold value

= 0.8 on the SoftMax layer of the ResNet-50 model in the first stage. For example, the
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model in Stage 1 assigns 293 images to Class 1 and the model in Stage 2 assigns 278 images
to Class 1. After running this two-stage model, a total of 571 images are assigned to Class
1. The positive predictive value (PPV) is 0.986. In comparing single-stage with multi-stage
models (Table 5.4 and Table 5.1), the false positives are reduced from 25 to 8 for Class 1 (the
target class representing complete retinal fundus image without annotations), and from 87
to 36 for all three classes. The PPV of Class 1 increases from 95.7% to 98.6%, and the PPV
over all three classes increases from 91.9% to 96.6% using two-stage model. The two-stage
model increases the number of true positives for all three classes from 990 to 1,029. However,
the total number of true positives for Class 1 remains the same using the single-stage and

two-stage models.

Class 1 2 3 Total

Assigned Images(Stage: 1 + 2) | 571 7 417 1065

True Positive(TP) images 563 52 410 1029
False Positive(FP) images 8 25 7 36

Positive Predictive Value(PPV) | 0.986 0.675 0.983 0.966

Table 5.4: Classification performance using the new two-stage model with a threshold of 0.8
on the SoftMax layer of the model in the first stage.

5.4 Discussion

This research introduced, created, and tested a novel two-stage model to classify retinal fun-
dus images, utilizing transfer learning ResNet-50 models. Our experimental results revealed
several crucial findings:

Firstly, the two-stage transfer-learning model outperforms the traditional single-stage
model, as evidenced by an improvement in the positive predictive value (PPV) from 91.9%
to 96.6% (an increase of 4.7% compared to the base model) when considering the entire

dataset’s key statistical parameters (Tables 5.1 and 5.4).
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Secondly, our study primarily focuses on identifying complete retinal fundus images (Class
1). Comparing the results of Class 1 between the single-stage and two-stage transfer-learning
models, an evident decrease in false positives is observed, from 25 to 8, even though the total
number of identified images is the same.

Thirdly, the first stage of our proposed model plays a vital role in identifying the optimal
threshold to improve potential samples required for Stage 2. Increasing the threshold from
0.8 to 0.9 does not contribute to increasing the PPV value, as shown in Figure 5.6 and Table
5.2.

Furthermore, similar to conventional machine learning or computer-aided detection schemes,
a deep-learning model’s performance, heavily relies on the content distribution of training
datasets. As such, identifying or classifying difficult or subtle images using a deep-learning
model trained or fine-tuned using a small dataset that cannot sufficiently represent the dif-
ficult images or outliers can be challenging. Developing a two- or multi-stage deep-learning
model or scheme offers significant advantages to address and solve this challenge, which is
our primary contribution to the medical imaging informatics or CAD field.

The future expansion is to explore this phenomenon of integrating image-processing tech-
niques with deep-learning frameworks using a more diverse dataset of retinal images and
investigate the application of integrated architectures that combine traditional image pro-

cessing and deep-learning frameworks.

45



Chapter 6

An Efficient Synthetic Data
Generation Algorithm to Improve the
Efficacy of Deep Learning Models of

Medical Images

This chapter discusses an efficient synthetic data generation model to improve image analysis.
The objective is to generate more data samples with the existing annotated images. The
patterns from the originals images are used to synthesis new data. My contributions include

domain research, model design, literature review, and writing.

6.1 Dataset

This study is performed on the Indian Diabetic Retinopathy Image Dataset (IDRiD), a

publicly available dataset of retinal fundus images (36). The dataset consists of retinal
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images of 81 patients along with corresponding annotated binary masks for three types of
lesions: Hemorrhages (HE), Hard Exudates (EX), and Soft Exudates (SE). In this dataset,
clinicians have annotated all three types of diseased lesions in the images. This dataset is
randomly divided into two independent training and testing subsets with 54 retinal fundus
images selected for training and 27 images for testing. In this dataset, each patient falls into
one of two categories. In Category 1, an image contains all three types of lesions, while in
Category 2, an image contains only HE and EX lesions. In the training subset, 26 and 28
images belong to Categories 1 and 2, respectively. In the testing subset, 14 and 13 images are
assigned to Categories 1 and 2, respectively. Each case includes one original retinal fundus
image and 3 or 2 annotated mask images, one for each type of disease in Categories 1 and
2, respectively. Figure 6.1 shows an example image in Category 1 and three corresponding
masks of HE, EX| and SE lesions. Figure 6.2 shows another example image of Category 2
and the two associated masks of HE and EX lesions. All labeled mask images are pseudo
binary images without lesion density information.

The following image preprocessing steps are performed to clean the data. First, edge
detection was performed horizontally on each retinal fundus image to find the maximum
width of the fundus within the image. Second, the image was cropped to this width to
remove excess background from the image. Third, a black (background) padding method
was applied vertically to convert the image into a square. Last, each image was resized to
a square region of interest (ROI) of 225 x 225 pixels, which matches the input image size
of the VGG-16 and ResNet-50 DCNN models. Figure 6.3 shows an example of this image
preprocessing result. The dark background regions on the left and right side are removed and
two padding strips are added on the top and bottom of the images to convert the image into
a square ROI with 225 x 225 pixels. Similarly, extra padding is added to generate another

set of images with square ROI of size 299 x 299 pixels, which is the input image size for
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Adobe Spark

Figure 6.1: Original retinal image (top left) with three annotated masks for three types of
lesions (top right-clockwise: HE, EX, and SE).

Inception v3.

6.2 Sythetic Data Generation Method

To generate synthetic images for this study (24), another dataset of 60 healthy (or normal)
retinal fundus images, which an ophthalmologist in our local clinic provided as a base to
generate images with synthetically added diseased patterns or lesions are used. Then the

following new synthetic data generation algorithm is designed and applied to extract lesion
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Figure 6.2: Original retinal image (right side) with two annotated masks for two types of
lesions (top left: HE; bottom left: EX).

Figure 6.3: Original retinal image (left side); image after pre-processing (right side).
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blobs, randomize their distribution to create new lesions, and project the synthetic lesions
onto these healthy retinal fundus images. The algorithm includes the following six major

steps.

1. Because there are three separate disease masks of HE, EX, and SE lesions in Category
1 images (as shown in Figure 6.1) and two separate disease masks of HE and EX lesions
in Category 2 images (as shown in Figure 6.2) in the IDRiD dataset, a combined mask
image is created that contains either three types of lesions for the Category 1 disease
case or two types of lesions for the Category 2 disease case in the training subset by
using element-wise addition, which means inserting the lesions extracted in the original
masks into a uniform black mask. The top row of Figure 6.4 shows one combined mask
that contains three types of lesions extracted from one Category 1 disease case. As a
result, this step creates 54 combined masks in which 26 represent masks of Category 1

cases and 28 represent Category 2 cases.

2. After creating the combined mask image of each case, the number of lesion blobs (N)
is counted in each mask image and label them from 1 to N. After examining the whole
dataset, it is noticed that the number of lesion blobs (N) varies from a minimum of
20 to more than 100 in different mask images. Depending on the number of lesion
blobs (N) associated with each case, a random selection of 2 to N blobs from each
originally combined mask to generate 20 new masks is made. Thus, in this step, a
total of 1,080 new mask images (54 combined masks x 20 new masks per combined
mask) are generated that each containing a random number of lesion blobs. Figure
6.4 shows an example of one originally combined lesion mask and 20 new lesion masks

generated from this combined lesion mask.

3. An element-wise multiplication is performed to identify the lesion type of each blob
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in the mask randomly generated in Step 2. The results are saved in a database that
records the location of each blob and the associated lesion type (HE, EX, or SE). Since
the masks generated in Step 2 are pseudo-binary mask images, in this step we map
them into new mask images that contain real lesion blobs. For this purpose, the pseudo
blobs in the masks generated in Step 2 back to the original retinal fundus images to
extract real lesion blobs are projected. As a result, the new mask images contain real

blobs that contain lesion density information.

. Each real lesion blob mask obtained in Step 3 is flipped horizontally and vertically.
Thus, one real lesion mask becomes three (original, horizontally flipped, and vertically
flipped) with the same set of real lesion blobs in different positions and orientations.
As a result, 3,240 real lesion masks (1,080 generated mask images x 3 transformation
options) are generated. Due to the random selection process, the final real lesion blob
masks can be divided into seven categories containing lesions of (1) HE + SE + EX,
(2) HE + SE, (3) EX + SE, (4) HE + EX, (5) HE, (6) SE, (7) EX. Among these masks,
most of them contain EX + SE and HE + SE + EX categories; the number of masks
in the other five categories are much smaller. To overcome this data imbalance issue,
a multiple angular rotations are performed to increase the numbers of masks in the
five categories to generate approximately comparable numbers. Table 6.1 shows the
resulting number of the final synthetic lesion blob masks in each of the seven categories.
While we did not need to generate datasets for all seven categories for the experiments
presented herein, we did so to demonstrate the algorithm’s ability to generate data in

categories beyond those that appear in the original dataset.

. Finally, each lesion blob mask is inserted and projected from Step 4 onto a randomly
chosen healthy retinal fundus image. The projection takes the overlapping pixels be-

tween the healthy retinal fundus image and the synthetic lesion blob mask from the
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synthetic lesion blob mask. In contrast, the remaining pixels are extracted from the
healthy fundus image. As a result, 7,092 synthetic images of Category 1 and 6,786
synthetic images of Category 2 are generated, as shown in Table 6.1, which were then

used to train deep learning model as described below.

Category Lesion Composition Number of images

1 HE,SE and EX 7092
2 HE and SE 6786
3 EX and SE 6939
4 HE and EX 7902
5 HE 7641
6 SE 6780
7 EX 6780

Table 6.1: Numbers of synthetic real lesion blob masks generated in seven categories of lesion
distributions

In summary, Figure 6.4 illustrates the step-by-step workflow of the proposed synthetic
image data generation algorithm. The figure shows an original retinal fundus image (Figure
6.5a) and a corresponding lesion mask (Figure 6.5b). These are taken from the IDRiD
dataset, a randomly generated lesion mask (Figure 6.5¢), a lesion blob image that is obtained
after projecting the mask with the corresponding original image (Figure 6.5d), a sample flip
(horizontal, Figure 6.5¢), a random angular orientation (Figure 6.5f), and a lesion blob mask
insertion to a healthy retinal fundus image to generate the final synthetic image (Figure
6.5g). Figure 6.6 demonstrates nine synthetic images on the right side and one magnified

view of one synthetic image with three clusters of blobs annotated on the left side.

6.3 Experiments

In this study, six deep-transfer-learning DCNN models with three different architectures are

used, aiming to classify retinal fundus images into two different disease categories. Although
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Figure 6.4: The image on top shows one originally combined mask image that consists of
all 3 types of lesions (Category 1) and images below on the grid show 20 new mask images
generated based on the top combined mask image with random distributions of lesion blobs.
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Figure 6.5: A detailed step-by-step illustration of the proposed algorithm.

Figure 6.6: Synthetic data after projecting lesions onto healthy images (right side); magnified
view of one sample case with some lesions annotated (left side).
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Figure 6.7: Illustration of the modified VGG-16 network.

many DCNN architrectures have been developed and used as transfer learning models in
medical imaging informatics, the most popular DCNN architrectures, VGG16, ResNet-50,
and Inception-v3 architectures are used.

Two VGG16-network-based deep transfer learning models were trained using the original
image data provided in the IDRiD dataset and the synthetic image data generated by the
new algorithm developed in this study, respectively. Figure 6.7 shows the modified VGG-16
architecture. Specifically, Model-1 was trained using 26 Category 1 images and 28 Category
2 images acquired from 54 original IDRiD images, while Model-2 was trained using 7,092
Category 1 synthetic images and 6,786 Category 2 synthetic images. Since the VGG16
architecture is pre-trained on the ImageNet database and accepts input images with a size
of 225 x 225 pixels, all retinal fundus images were resized to be 225 x 225 pixels. Next, two
ResNet-50 network-based deep learning models and two Inception-v3 network-based deep
learning models were trained using original and synthetic data, respectively. Figure 6.8 and
Figure 6.9 show the deep learning architecture of the modified ResNet-50 network and the

modified Inception-v3 network, respectively.
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Figure 6.9: Ilustration of the modified Inception-v3 network
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Using either real or synthetic retinal fundus images, the VGG-16, ResNet-500, and
Inception-v3-based DCNN models were fine-tuned to classify images as Category 1 or Cat-
egory 2 retinal diseases. In the fine-tuning process, the Adam optimizer is adapted to use
a variable learning rate that starts from 0.006 and exponentially decays by a factor of 0.05
for every three epochs. To minimize or reduce overfitting risk, models are trained using 25
epochs based on the cross-entropy loss of the Adam optimizer. Then, the last SoftMax layer
of each model is modified and changed to one output neuron with sigmoid activation that
achieves the goal of classifying two categories of retinal fundus images in this study.

After fine-tuning and optimizing each DCNN model, each model was applied to the same
independent test dataset of 27 images in the IDRiD dataset. Since the last SoftMax layer
has two output nodes that generate two probability scores indicating the likelihood of a
test image belonging to two disease categories, the test image is assigned to the category
with the higher probability score. From the test results, true positive (TP), false negative
(FN), true negative (TN), and false positive (FP) values to generate a confusion matrix are
generated. The model is evaluated for classification performance from the confusion matrix
by computing four commonly used evaluation indices: accuracy, precision, recall, and F1
score, using Equations (Refer to appendix 9).

Then, these classification performance indices of the different DCNN models were sep-
arately trained using the original IDRiD images and synthetic images were tabulated and

compared.

6.4 Results

Figures 6.10 and 6.11 shows six diagrams that plot curves of disease classification accuracy
over 25 training epochs of the three deep transfer learning models (VGG16, ResNet-50, and

Inception-v3) trained using the original IDRiD images and the synthetic images, respectively.
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In training or fine-tuning each model, the training dataset was divided into two subsets in
which 80% of the image data was used to train the model and 20% of image data was used to
validate the performance of the model. The two trend curves generated by the training and
validation data indicate that the classification accuracy approaches a plateau and gradually

saturates once epochs exceed 20. The model has 25 training epochs for all six models.

Accuracy VS Epochs-Inception V3 trained on Original Data b Accuracy VS Epochs-Inception V3 trained on Synthetic Date

05
10 15 20 25 o ] 10 15
Epochs Epochs

Figure 6.10: Training vs validation accuracy curves of Inception-v3 model using the original
IDRiD images (left) and the synthetic images (right)
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Figure 6.11: Training and validation accuracy curves of VGG16(top) and ResNet-50(bottom)
model using the original IDRiD images (left) and the synthetic images (right)

The testing dataset includes 14 images in Category 1 which includes Hemorrhages, Hard
Exudates, and Soft Exudates, and 13 images in Category 2 that includes Hemorrhages
and Hard Exudates. Figure 6.12 and 6.13 demonstrates three sets of two confusion ma-
trices generated by applying three transfer learning DCNN models (VGG-16, ResNet-50,
and Inception-v3) trained using the original IDRiD images and the synthetic images to the
same testing dataset of 27 images to classify between Category 1 and Category 2 diseases,
respectively. Based on these confusion matrices, Table 6.2 compares four evaluation indices
of classification performance generated by three deep transfer learning models trained using
the original IDRiD images and the synthetic images. The results show that all three trans-
fer learning models (VGG-16, ResNet-50, and Inception-v3) yield an overall classification
accuracy of 81.5% (22/27), which is 7.4% higher than the classification accuracy of 74.1%

(20/27) using all the three models (VGG-16, ResNet-50, and Inception-v3) trained on the
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Figure 6.12: Confusion matrices generated by VGG16 (top), ResNet-50 (bottom) trained
using original IDRID images (left) and synthetic images (right).
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Figure 6.13: Confusion matrices generated by Inception-v3 trained using original IDRiD
images (left) and synthetic images (right).

Model Training Images Accuracy Precision Recall F1 Score
VGG-16 Original 0.741 0.714 0.769 0.741
VGG-16 Synthetic 0.815 0.833 0.769 0.800

ResNet-50 Original 0.741 0.688 0.846 0.759
ResNet-50 Synthetic 0.815 0.786 0.849 0.815
Inception-v3 Original 0.741 0.698 0.847 0.759
Inception-v3 Synthetic 0.815 0.750 0.923 0.828

Table 6.2: Comparison of various performance metrics while using original and synthetic
data

Although all three models (VGG-16, ResNet-50, and Inception-v3) yield the same clas-
sification accuracy, the distribution of other three evaluation indices (precision, recall, and
F1 score) differ. The transfer learning models fine-tuned using the original IDRiD images
yield substantially higher precision as the models fine-tuned using the synthetic images.
The results indicate that fine-tuned synthetic image models achieve higher sensitivity and
generally higher false positive rates. Combining precision and recall indices, the models fine-
tuned using synthetic images yield substantially higher F'1 scores in this study. For example,
by comparing two Inception-v3 transfer learning models, testing results indicate that using

synthetic data to fine-turn the model increases F1 score by 6.9% (from 0.759 to 0.828).

61



6.5 Discussion

Due to the difficulty of acquiring large datasets of well-annotated medical images for medical
imaging research, generating reliable and diverse synthetic images plays an important role
in improving the efficacy of either building new deep learning models or fine-tuning the
existing deep-learning models for medical imaging applications. Thus, there is broad interest
in medical imaging research to develop more efficient and robust algorithms to generate
synthetic image data with high clinical relevance. This study proposes and demonstrates a
new algorithm to generate synthetic retinal fundus images embedded with different types
of diseased lesions. The new synthetic image data generation method has several unique
characteristics, and the study results also generate several interesting observations.

First, current existing synthetic image data generation methods or algorithms include
a Monte Carlo method based on repeated random sampling and statistical analysis of the
results, an unsupervised Variational Auto-Encoder (VAE)(23) algorithm that learns the dis-
tribution of the original image dataset and generate synthetic image data via double trans-
formation using an encoded-decoded architecture, and a Generative Adversarial Network
(GAN) (15) that uses two neural networks working together to generate fake yet realistic
data points. These methods are quite complicated to design, train, and implement, and are
computationally expensive because large numbers of algorithm or network parameters need
to be chosen and optimized. However, our new method is much simpler and computationally
efficient. It uses a multi-stage approach to extract positive lesions directly, randomize dis-
tribution of lesion blobs, and then inserts or projects the positive lesion blobs in randomly
selected locations of negative images. In the medical imaging field collecting large numbers
of negative images is much easier than collecting positive images with manually annotated

diseased regions or lesions. This study demonstrates that by using this algorithm, we can
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significantly expand our dataset size from 54 original positive images and 60 negative or
normal images to 14,994 synthetic images (for Categories 1 and 2 diseases as shown in Table
6.1).

Second, although the original 54 images are divided into only two categories, using this
new algorithm, we can generate all varieties of patient data (Categories 1-7) as shown in Table
6.1 In this study, the algorithm generates 49,920 synthetic images in 7 categories. Please note
that despite the small image base of 54 positive images and 60 negative images, and large
number of synthetic images, all algorithm-generated synthetic images have different positive
lesion blob combinations. The lesion blobs randomly distribute in different locations with
different orientations, which increases diversity of training samples by avoiding or minimizing
redundancy of the generated synthetic image data.

Third, three sets of DCNN models based VGG16, ResNet 50 and Inception V3 model
are used. Each DCNN set includes two models. Model 1 is trained using original IDRiD
images and Model 2 is trained using the algorithmgenerated synthetic image data. Two
models are then applied to the same testing images. The experimental results show that
Model 2 yields higher classification accuracy than Model 1. Specifically, among 27 testing
cases, Model 1 correctly classifies 20 cases, while using Model 2 correctly classifies 22 cases
with a classification accuracy increase by 7.4%. This accuracy improvement is observed on
a quite small testing image dataset of 27 images. The two models should be further tested
using much larger image datasets. However, the results still demonstrate the feasibility
and advantages of using new simple algorithm to generate synthetic images to substantially
increase size of training dataset and potentially increase model classification performance on
the new independent testing images.

Fourth, It is observed that classification performance as measured by 4 evaluation indices

(as shown in Table 6.2) is independent from three deep learning DCNN models (VGG-16,

63



ResNet 50 and Inception v3). It is promising that all three types of different DCNN models
that are fine-tuned using synthetic images achieve substantially higher F1 scores ranging from
5.6% (ResNet-50) to 6.9% (Inception-v3) as shown in Table 6.2. This observation indicates
the robustness or scientific rigor of applying this new simple multi-step algorithm to generate
synthetic images that can effectively help train or fine-tune different DCNN models.
Finally, although study results are promising, we also recognize that seamless insertion
of lesions or other abnormality regions onto negative images using this simple algorithm
has restrictions or limitations, which include that (1) the lesions must have clear boundary
contours so that the lesions can be easily segmented or extracted, (2) the normal tissue back-
ground should also be relatively uniform. Retinal fundus images meet these two restrictions.
Some other medical images (i.e., liver tumors) can also meet these restrictions. Nonetheless,
if lesions have fuzzy or irregular boundary embedded under heterogenous tissue background
(i.e., breast tumors depicting on mammograms), this algorithm will not work aas isa and
modifications will be needed. Despite such limitations, developing this new simple algorithm
to generate synthetic images still has its higher clinical application potential or impact at
least for retinal fundus images that are acquired using a low-cost image examination method
and thus widely used in clinics to screen, detect, and diagnose many common human dis-
eases including a variety of eye diseases and diabetes. We will further test and validate this
new algorithm and apply it to develop more accurate and robust deep learning models for

different medical applications in the future.
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Chapter 7

Conclusions

In conclusion, the use of hybrid computer vision algorithms has proven to be a promising
approach to improving various tasks in medical image analysis, such as image segmentation,
classification, detection, and synthetic data generation.

Hybrid algorithms combine the advantages of multiple techniques to address the limita-
tions of individual algorithms. For instance, a hybrid algorithm may combine the strengths
of both deep learning and traditional image processing methods to achieve better segmen-
tation accuracy. Multi-stage algorithms, on the other hand, break down complex tasks into
smaller, more manageable sub-tasks, resulting in more efficient and accurate results.

Combining multiple algorithms can also improve image classification and detection tasks,
as it can incorporate various features and contexts into the analysis. For instance, a multi-
stage algorithm may extract features and then classify them to detect abnormalities in med-
ical images.

Moreover, hybrid or multi-stage algorithms can facilitate the generation of synthetic med-
ical data, which can be used to address the scarcity of labeled data in medical image analysis.

Artificial data generation algorithms, such as GANs, can generate realistic medical images
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with variations in anatomical structures and image appearances, improving the performance
of deep learning models.

In summary, using hybrid or multi-stage computer vision algorithms has demonstrated
its potential to improve the accuracy, efficiency, and efficacy of medical image analysis tasks,

making it a promising area for future research and development.
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Chapter 8

Future Work

This chapter discusses challenges and possible future advancements to the proposed models

to address these issues.

8.1 Problem: Interpretability of deep learning
features

Interpretability of deep learning model features is crucial in medical image analysis. While
deep learning models, such as convolutional neural networks (CNNs), can achieve high accu-
racy in image classification and segmentation tasks, the complex internal workings of these
models can make it difficult to interpret the features they learn. Here are some of the
main issues related to the interpretability of deep learning model features in medical image
analysis:

Black Box Nature: Deep learning models are often described as ”black box” models
because the internal workings of the model are not easily interpretable by humans. The

complex interplay between the layers of a CNN can make it difficult to understand how
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the model is making its predictions. This can be problematic in medical image analysis,
where it is important to understand the underlying features that contribute to a diagnosis
or segmentation.

Lack of Transparency: In addition to the black box nature of deep learning models,
there is often a lack of transparency in how the model was trained and how it arrived at a
particular prediction. It can be difficult to determine which features the model is using to
make its predictions, or whether those features are clinically relevant.

Data-Driven Features: Deep learning models learn features from the data itself, rather
than relying on pre-defined features as in traditional machine learning. While this can lead
to improved accuracy, it can also make it difficult to understand the clinical relevance of the
features the model has learned.

Non-intuitive Features: The features learned by deep learning models may not be im-
mediately interpretable by humans. For example, a CNN may learn a particular texture
pattern in an image that is difficult for humans to identify or understand. This can make
it challenging to understand how the model is making its predictions and to validate the
clinical relevance of the features.

Domain-Specific Knowledge: Medical image analysis requires a deep understanding of
the underlying anatomy and physiology of the human body. Deep learning models may
not capture this domain-specific knowledge, making it difficult to interpret the features the
model has learned in the context of clinical practice.

Limited Validation: While deep learning models may achieve high accuracy on validation
datasets, it can be difficult to validate the clinical relevance of the features they have learned.
This is particularly true for rare or complex medical conditions, where there may not be
enough data to validate the features learned by the model.

Addressing these challenges is crucial for improving deep learning models’ clinical rele-
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vance and applicability in medical image analysis.

8.2 Possible Solution: Combination of traditional and
deep learning features for better interpretability

One possible future direction for research using hybrid computer vision models to address
the interpretability of deep learning features compared with traditional models could involve
integrating radiomics feature extraction into the model architecture. Radiomics is an ap-
proach that involves extracting quantitative features from medical images to aid in diagnosis,
prognosis, and treatment planning.

The integration of radiomics feature extraction into hybrid models could help to improve
the interpretability of deep learning features by providing additional context and clinical
relevance to the analysis. For instance, the hybrid model could first extract radiomic features
from the medical images, which could then be used to guide the deep learning model’s feature
selection and classification process. This could help identify the most relevant and clinically
significant features that contribute to the model’s decision-making process, making it more
interpretable.

Moreover, the combination of radiomics and deep learning models could also help to
address the limitations of individual approaches. For instance, radiomics-based models may
be limited by discriminative features, while deep learning models may be limited by the lack
of interpretability. By combining these approaches, the hybrid model could leverage the
strengths of both approaches to improve the accuracy and interpretability of medical image
analysis.

Furthermore, integrating radiomics feature extraction into hybrid models could help to

facilitate the development of personalized medicine approaches in medical image analysis.
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The hybrid model could extract patient-specific radiomics features, which could be used to
tailor the analysis to the patient’s specific clinical characteristics, such as age, gender, and
disease stage.

Overall, integrating radiomics feature extraction into hybrid computer vision models
could represent a promising approach to address the interpretability of deep learning features
compared with traditional models, leading to more accurate and clinically relevant medical

image analysis.
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Chapter 9

Appendix

Precision: Precision is a measure of the fraction of true positive pixels (correctly classified
as positive) out of all pixels predicted as positive by the model. Precision can be calculated

as:

Precision =TP/(TP + FP) (9.1)

where TP is the number of true positive pixels and FP is the number of false positive pixels.
Accuracy: Accuracy is a measure of the fraction of correctly classified pixels out of all

pixels in the image. Accuracy can be calculated as:
Accuracy = (TP+TN)/(TP+ TN + FP + FN) (9.2)

where TN is the number of true negative pixels and FN is the number of false negative pixels.
Dice Coefficient: Dice coefficient is a measure of the overlap between the predicted

segmentation mask and the ground truth segmentation mask. The Dice coefficient ranges
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from 0 (no overlap) to 1 (perfect overlap). The Dice coefficient can be calculated as:

Dice =2xTP/(2« TP+ FP+ FN) (9.3)

Intersection over Union (IoU) score: IoU is another measure of the overlap between
the predicted segmentation mask and the ground truth segmentation mask. The IoU score

ranges from 0 (no overlap) to 1 (perfect overlap). IoU can be calculated as:

IoU = TP/(TP + FP + FN) (9.4)

where TP is the number of true positive pixels, FP is the number of false positive pixels,
and FN is the number of false negative pixels.

Recall: Recall measures the ability of a model to identify all relevant instances in the
dataset. It is the ratio of the true positive (TP) predictions to the sum of TP and false
negative (FN) predictions. In image classification, a high recall score indicates that the
model is able to correctly identify most of the relevant objects or classes present in the
images.

Recall =TP/(TP + FN) (9.5)

F1 Score: F1 score is a weighted harmonic mean of precision and recall. It is a balance
between precision and recall, and considers both false positives (FP) and false negatives
(FN) in the evaluation of the model’s performance. In image classification, a high F1 score
indicates that the model is able to correctly identify both relevant and non-relevant objects

or classes present in the images.

F1Score = 2 x (precision * recall) /(precision + recall) (9.6)
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