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Never stop dreaming, never stop believing, never give up,
never stop trying, and never stop learning.

ˈ Roy T. Bennett, The Light in the Heart
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INTRODUCTION

T he advent of digital images has facilitated the use of computer systems
for improved characterization of underlying biological or anatomical

structures. Until the 1990s, biomedical and medical images were typically
analyzed using low-level image processing methods and mathematical models
to solve particular radiological or clinical tasks [1ï3]. Although these often
semi-automated methods enabled radiologists/clinicians to analyze different
abnormalities, they were limited due to computational power and the requirement
of constant manual intervention. Lately, increased computational power and
evolution of: image acquisition, image analysis, and neural networks-based
methods has revolutionized the landscape of automated analysis frameworks.
The technological advancements of imaging devices have also elucidated the
biological and anatomical behavior of previously unknown complex processes.
However, this successful digital transition of imaging devices has also uncovered
numerous challenges for the clinicians as well as the image analysts and
researchers.

An example of such digital imaging devices is transmission electron microscopy
(TEM) which allows structural analysis of biological samples at the nm scale.
The comprehensive structural analysis is crucial to extract clinically relevant
information. Such analysis typically follows a manual diagnostic procedure,
which is labor-intensive, monotonous, error-prone, and time-consuming. For
instance, to diagnose a rare genetic disorder: Primary Ciliary Dyskinesia (PCD),
pathologists commonly analyze around 50 perfectly perpendicularly cut cilia
structures in several high-resolution (∼ 1 nm) TEM images. Manually acquiring
such images while navigating through a huge search space to cover the whole
sample is impractical, requiring two hours/patient. On the other hand, it is viable
to steer and detect plausible cilia regions at low-magnification (LM), followed
by the acquisition of high-magnification (HM) images only of the detected
regions. However, manual detection of cilia at LM (an inevitable requisite
for automation of PCD analysis) is itself a challenging task due to inadequate
ultrastructural information and high similarities to the non-cilia (Publication A).
Another possibility to digitally improve and automate the imaging and analysis
process regarding resolution, speed and risk (to damage/destroy the sample) is
to acquire, denoise and register short exposure images. This will minimize
the influence of imaging artifacts on the automated or the manual diagnostic
procedure (Publication B).
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Another imaging modality, computed tomography (CT), provides a high-
contrast resolution and volumetric characterization of anatomical structures as
small as 1 mm. The multi-planer reformation in CT benefits radiologists to
simultaneously interpret the anatomical structures in three orthogonal planes, i.e.,
axial, coronal, and sagittal. In a usual clinical setting, radiologists often analyze
100-500 cross-sectional images of a single volume to conclude some decision
about abnormalities. Interpreting such an amount of images, e.g., thoracic CT
scans during large-scale cancer screening trials as well as in routine practices to
detect early-stage pulmonary nodules, is laborious, monotonous, and could take
up to 10-15 minutes/scan (Publication C). The diagnostic procedure becomes
even more challenging due to the high variability among pulmonary nodules, and
their high similarity to the blood vessels when visually analyzed in a 2D slice
by slice fashion. Another challenging task for radiologists is to quantify and
detect the vascular pathologies in CT angiography (CTA) images. CTA imaging
is often used for volumetric characterization of blood vessels in the whole body
by injecting a contrast medium intravenously, resulting in a large amount of
complex data (Publication E).

Given the enormous amount of data and complexity from, e.g., the
aforementioned imaging techniques, development of the automated analysis
framework is indeed of high desire to assist clinicians in the otherwise error-prone
and time-consuming processes.
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1. COMPUTER-AIDED DETECTION (CAD)

Computer-aided detection (CAD) is an umbrella term that covers a broad
spectrum of the research area in clinical, biomedical and medical imaging. The
foremost objective of a CAD framework is to assist clinicians in detecting
abnormalities. Clinicians are required to analyze enormous amounts of data in
relatively short time, which might lead to erroneous outcomes. Studies have
shown that clinicians occasionally misinterpret some visible abnormalities [4ï9].
Such errors may lead to a perilous repercussion on patientôs health. Therefore,
assimilation of CAD frameworks is worthwhile to reduce the interpretation time
and also the detection errors.

The CAD framework can be perceived as a pattern recognition system that
impersonates the human observers to perform any specific task [10]. Pattern
recognition is a technical perspective associated with the scientific field of
Artificial Intelligence. Pattern recognition is dedicated to developing programs
that enable computers to learn the underlying patterns, and thereby to make
reasonable decisions using those learned patterns. For example, to identify
impairments in thoracic CT scans, the CAD will quest for the size and shape
patterns of nodules; or to perform a PCD analysis, the CAD will quest for
the textures and ultrastructural patterns of potential cilia. Indeed, strategized
modular components are essential requirements for a CAD to comprehend such
complex learning. In a sequential setting, a traditional CAD system can typically
be composed of three modules: image preprocessing, candidate-screening, and
classification [2].

The image preprocessing module usually consists of the procedures to
enhance the image quality. This module aims to reduce the influence of artifacts
caused by the imaging devices. Typical preprocessing steps are noise removal,
normalization of intensity non-uniformities, isotropic interpolation, etc.

The candidate-screening module includes techniques to segment and locate
structures of interest in the preprocessed image. Segmentation is commonly used
to separate objects from the background or to detect pertinent structures in the
image. This module aims to locate a substantial amount of plausible structures
while rapidly screening through the entire image.

The classification module aims at classifying the structures using a set
of discriminative features within an empirically optimized classifier. The
features are often task-oriented and are computed from the characteristics of the
segmented regions. For instance, circularity, elongation, contrast, homogeneity,
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and spiculation1 are some typical features of interest for classifying cancerous
nodules and non-nodules. However, not every feature possibly exhibits the same
discriminative power or could even be pernicious when performing the same task
for solving two different application challenges. For example, circularity is a
useful shape feature to discriminate between nodules and non-nodules; however,
it will not have the same usefulness while discriminating cilia from non-cilia
since both structures tend to be circular. Hence, careful selection of extracted
features is a crucial step prior to classification. Once the discriminative features
are selected, they are fed as an input to the classifier. In an iterative learning
process (training) using a substantial amount of labeled data, the classifier
determines the optimal boundaries for classifying structures/classes (e.g., normal
and abnormal) in the multi-dimensional feature space. Since it involves learning
from the labeled data, this learning procedure is typically referred to as supervised
learning. During testing, the classifier predicts the unlabeled input structures as
one of the classes.

Figure 1.1 The distribution of the predictions obtained by a classifier. For every possible
threshold value, the classifier discriminates the samples into true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN) fractions.

Once the output from the classifier is obtained, the significance of the
CAD system is determined using different evaluation metrics. The predictions
obtained by the classifier are typically divided into four fractions and follow a
distribution as shown in Fig. 1.1. The true positives (TP) and true negatives
(TN) fractions correspond to the samples correctly classified as abnormal
and normal, respectively. The false positives (FP) and false negatives (FN)
fractions correspond to the samples wrongly classified as abnormal and normal,
respectively. Using these fractions, the performance of a classifier to discriminate
abnormal and normal cases is often determined by the following statistics:

Sensitivity, Recall = TP

TP + FN
, (1.1)

Specificity = TN

TN + FP
, (1.2)

1spiculation is associated to the subjective assessment of the malignancy likelihood
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Precision = TP

TP + FP
, (1.3)

F -score = 2 × Precision × Recall

Precision + Recall
, (1.4)

In this thesis, the receiver operating characteristic (ROC) analysis and the
free-response operating characteristic (FROC) [11] analysis are also used to
evaluate the performance of a CAD framework. The ROC curve plots the
sensitivity as a function of the false positive rate (1-specificity) for all possible
threshold points. The area under the ROC curve (AUCR) is a typical evaluation
metric derived to determine the performance of a classifier. An AUCR score of
one corresponds to perfect discrimination whereas the score of 0.5 corresponds
to random guessing. The FROC [12] curve is not limited to an upper bound on
the negative object axis, i.e., false positive rate (FPR). It plots the sensitivity as
a function of the average number of FPs per image and has higher statistical
discriminative power [12]. It is more sensitive at detecting small differences
between performances when multiple abnormal regions are present in a single
image.

Considering the profundity of the detection associated tasks, it is crucial
that the CAD systems manifest a high sensitivity with as low FPR as possible.
The FPs are responsible for the potential detection errors, resulting in increased
analysis time, while the FNs represent missed detections, which may have fatal
impact. Although each module has its importance, the classification module
is predominantly the most pivotal in this sequential setting when determining
the overall significance of the CAD. Generally, the methods employed in the
candidate-screening module yield a high sensitivity but at a high FPR. Conversely,
the classification module attempts to reduce the high FPR while maintaining
the high sensitivity, and thereby potentially called-for rigorous learning-based
methods to overcome the complexities induced by the former module.

1.1. Deep Neural Networks for CAD

Due to the involvement of machine learning methods such as neural networks,
random forests, support vector machine (SVM), etc. for learning the
discriminative features in the classification module, this approach is often
referred to as feature-based machine learning [13]. Until recently, feature-based
learning remained as the critical approach for the classification. Acknowledging
that the extraction and selection of task-oriented features at hand are intensively
exhaustive and challenging, CAD practitioners started to incline toward generic
methods that rely on learning from the raw data. Such image-based machine
learning approaches (or end-to-end learning approaches) [13] directly use the
raw pixel values of an image as features for the classification instead of explicit
computation of task-oriented features. Although this perspective of exploiting
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data benefited the practitioners profoundly, it was still confined due to low
computational power and training data [2, 14].

Figure 1.2 CAD systems for classifying lesions. (a) Feature-based, and (b) Image-based.
The prime distinction between them is direct (or end-to-end) learning from pixel values.

Lately, increasing computation power and evolution of neural network-
based learning approaches have exalted the CAD paradigm. The deep neural
networks (DNN)-based learning approaches, and specifically, convolutional
neural networks (CNN) are commonly referred to as deep learning methods.
Although the existence of DNN dates back to the 1970ôs [15] and they were
already exploited in 1995 [16] for medical image analysis, they were not
widely recognized until 2012 [17]. Since then, they have become the foremost
technique of interest for many computer vision and image analysis problems. The
impulse of employing CNN is indeed galvanized by many factors such as data
augmentation, development of new techniques for the training of sophisticated
DNN, and parallel computing using graphical processing units (GPU). The
schematic of the CAD systems using traditional feature-based machine learning
and image-based machine learning (or DNN) are illustrated in Fig. 1.2.

The inception of deep learning methods has rationalized the perspective of
the CAD systems. CAD researchers have conspicuously experienced many
advantages by leveraging the DNN-based methods over feature-based learning
methods. Apart from the automated learning of discriminative features, they
can also simultaneously locate multiple impairments in a particular image.
Additionally, DNN-based methods have also preluded the concept of fine-tuning,
allowing the inference of the pre-trained models for the domain-agnostic
problems. For instance, the VGG16 ï a popular DNN-based method, trained
on the ImageNet (one of the largest annotated dataset of natural images) to
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classify 1000 classes can be fine-tuned to comprehend the underlying features of
pulmonary nodules in CT images for binary classification [18].

1.2. Problem Statement and Research Objectives

Aiming at addressing the aforementioned challenges, this thesis focuses on the
development of automated analysis frameworks for digital images captured using
the TEM and the CT imaging modalities. This has been accomplished both by
pushing the limits of well-established techniques such as feature-based methods,
as well as by penetrating the contemporary pattern recognition techniques such
as DNN-based methods.

The primary goal of this thesis is to develop and compare computer-aided
detection (CAD) framework solutions ranging from traditional image analysis
and machine learning methods to modern DNNs-based representation learning
methods. This involves implementation and applications of DNNs in the
classification of objects in medical (CT) images, as well as in the classification
and denoising of objects in biomedical (TEM) images.

To this end, four radiological or clinical problems related either to image
analysis or acquisition are investigated by setting up the following objectives:

1 To develop a DNN-based method for classifying automatically
detected cilia in low magnification TEM images;

2 To develop a DNN-based method for ultrastructural enhancement
by denoising short exposure TEM images;

3 To develop a traditional image analysis-based method for the
detection of different sizes of pulmonary nodules in CT images and
to develop a DNN-based method for classifying them;

4 To develop a traditional image analysis-based method for the
detection of pulmonary micronodules in CT images and to develop
a DNN-based method for classifying them;

5 To develop a DNN-based method for classifying cross-sections of
vascular skeletons in CTA images.

1.3. Contribution of This Thesis

With deluge of data in the current clinical practices, the clinicians are likely to
misinterpret subtle abnormalities, resulting in erroneous diagnostic observations.
Thus, it is vital to facilitate the clinicians with resilient CAD systems in the
time-consuming, labor-intensive and error-prone tasks. However, existing CAD
systems are restrained due to the heterogeneity induced by the biological or
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anatomical structures and low computation power. Until recently, designing
highly discriminative feature sets was considered as one of the involved
challenges in the CAD research.

Lately, the renaissance of DNN-based methods as a compelling technique has
unequivocally remolded the CAD systems. As stated earlier, this thesis aims at
rejuvenating the CAD systems using DNN-based methods. Given the general
framework mentioned in Section 1, this thesis mainly focuses on providing
solutions for the classification and denoising modules using DNN-based methods.
Acknowledging the potency of the deep neural networks, potential solutions have
been contemplated for the challenges imposed by both TEM and CT imaging
modalities.

The main contributions of this PhD thesis are summarized as follows:

1 A CNN classifier is developed to reduce the false positives detected
by an existing template matching (TM) method in low-magnification
TEM images. Given the small amount of training data, curriculum
learning and data augmentation techniques are applied to improve
the performance of the classifier. The framework is tested on
multiple sets of images. Adding a CNN classifier improved the
overall F-score from 0.47 to 0.59.

2 Aiming at the restoration of the short exposure HM MiniTEMÊ2

images, a novel multi-stream CNN module is developed and
compared with three state-of-the-art denoising methods. Techniques
such as batch normalization and residual learning are harnessed
to improve the overall performance of the CNN module. Using
a large set of 100 image sequences, three experimental studies
are conducted to determine the optimal denoising strategy. The
proposed CNN module is only trained for the first experimental
study and used as it is for the other two studies to manifest the
transfer learning aspect of deep learning (DL). The presented CNN
model achieved an improved peak-signal-to-noise ratio (PSNR) of
40.84 dB.

3 Given the heterogeneity among pulmonary nodules in CT scans, an
automated CAD system is developed for the early manifestation
of lung cancer. Methods for both lung segmentation and nodule
detection in a candidate-screening module are developed using
traditional image analysis methods. An upgraded voxel-based
feature extraction approach is developed to discriminate the
candidates using a multi-layer perceptrons (MLP) classifier. The
proposed CAD system is evaluated on altogether 1052 CT scans
taken from four publicly available datasets. The presented CAD
system achieved an overall sensitivity of 85.6% with only 8 FPs/scan.

2A tabletop low-voltage TEM hardware solution from Vironova AB, Stockholm, Sweden
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4 An automated CAD system is developed for the detection of
micronodules in CT scans. Methods for both lung segmentation and
nodule detection in a candidate-screening module are developed
using traditional image analysis methods. A novel 3D CNN model
for automatic feature extraction is developed and compared with
traditional hand-crafted feature extraction techniques. The methods
are evaluated on altogether 598 CT scans taken from the largest
publicly available dataset, and achieved an overall sensitivity of
86.7% with only 8 FPs/scan.

5 The existing knowledge-based filters for the vascular skeleton
extraction generate a large number of false positive nodes. Aiming
at simplified extraction workflow, a patch-based CNN classifier
is developed to classify the cross-sections of multi-size arteries.
Using 25 CTA volumes of the lower limbs, the performance of the
developed CNN classifier is evaluated and compared to the existing
method. The workflow employing a CNN classifier generates
the final vascular skeleton in a single algorithm pass, thereby
eliminating the requisite to locate the skeletons of small arteries in
the subsequent iteration. Adding a CNN classifier improved the
overall F-score from 0.43 to 0.82.

1.4. Thesis Outline

This Ph.D. thesis is divided into 5 chapters. After introducing the pathological
and radiological challenges associated with the TEM and the CT imaging
modalities, this chapter elucidates the concept of CAD systems and its generic
modules. Next, it also covers the transition of the classification module
from the feature-based machine learning to the image-based machine learning
methods. Given the challenges from the conventional feature-based machine
learning methods, this chapter also briefly explains how DNN-based methods
have benefited the CAD researchers.

Chapter 2 presents the technical perspective of DL. It explains underlying
concepts of the DNNs used in this thesis and their existing variants in the current
practices. It also highlights the commonly known loss functions, optimization
algorithms, and regularization techniques for DNN used in this thesis.

Chapter 3 focuses on two problems associated with current manual TEM
imaging. Firstly, FP reduction of cilia detected in low magnification TEM images
using CNN. At LM level, the non-cilia candidates exhibit high similarities to
cilia candidates. It is hence vital to employ learning-based methods such as
CNN for fast and effective automated image analysis. Secondly, denoising of
short exposure high-magnification TEM images for ultrastructural enhancement
using a CNN. Acquiring short exposure images is required to minimize the
issues of imaging artifacts, however, at the cost of signal-dependent noise.

27



Denoising is a well-studied ill-posed problem. Aiming at preserving the structural
information, three state-of-the-art methods are exploited and compared with a
novel multi-stream denoising CNN explicitly developed for the short exposure
images acquired using the low-voltage table-top MiniTEMÊ.

Chapter 4 tackles the problem of automatic detection of multi-sizes pulmonary
nodules in CT scans. To do so, two CAD systems are developed. The first
CAD system presents a conventional feature-based CAD system for the early
manifestation of lung cancer. Until now, the proposed CAD system is the only
CAD system that has been tested on four publicly available datasets. The second
CAD system employs a 3D CNN to detect micronodules for the manifestation of
silicosis. Manual interpretation of micronodules in CT images is labor-intensive,
erroneous, and time-consuming. Given the success of CNN, it is worthwhile to
exploit the 3D CNN for detection of the micronodules. This is the first study
to be reported on the automatic detection of micronodules in the Lung Image
Database Consortium/Image Database Resource Initiative (LIDC/IDRI) dataset.

Chapter 5 focuses on a CNN-based solution to the problem associated with
the extraction of vascular skeletons in the CT angiography images. Current
practices of delineating vascular skeletons seek for fast, automated, and simplified
extraction techniques. Conventional image analysis methods suffer from a large
amount of multi-size FP; thereby CAD researchers potentially seek for rigorous
learning-based methods such as CNN.

Finally, the thesis is concluded by highlighting the possible future perspectives.
Figure 1.3 shows an infographic overview of this Ph.D. thesis.
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Figure 1.3 Infographical overview of the overall PhD thesis work
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2. BACKGROUND: DEEP NEURAL NETWORKS

I n 1943, neurophysiologist Warren McCulloch and mathematician Walter Pitts
provided an insight into the functionality of the brain by mimicking its

working mechanism, and consequently formalized the first computational model
of neural networks (NN) [19]. Their mathematical model transpired a new
scientific perspective- artificial neural networks (ANN).

Inspired by that Bernard Widrow and Marcian Hoff conceptualized the first
ANN ˈADALINE for a real-world problem in 1959 [20]. However, the
research slowed down in the 1970ôs since a perceptron was not capable enough
to approximate functions outside a very narrow class [21]. By 1986, some of
the limitations were overcome and the interest in NN rejuvenated because of
the backpropagation algorithm1 [22]. Henceforth, ANN are continually proving
themselves as a very effective and a powerful tool to solve complex tasks.
Figure 2.1 shows the milestones in the evolution of ANN.

Figure 2.1 Milestones in the development of deep neural networks (DNN)

2.1. Artificial neural networks

An ANN model is inspired by the biological nervous systems, which consists
of a group of artificial neurons (or perceptrons). A perceptron is a single
processing entity comprised of some functions such as partial summation, a bias

1Lesser known fact about backpropagation: The minimisation of errors through
gradient descent is even dated back to the 1847.
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to control the influence of perceptrons, and an activation function (explained in
Section 2.4) to stimulate a nonlinear behavior. Several such weighted neurons
are interconnected with each other. The weight parameters define the connection
strength among these neurons, as shown in Fig. 2.2.

Figure 2.2 A single neuron with inputs xi=1,··· ,n, bias b, non-linear activation function
f (Ā), and predicted output ȳ.

In this canonical process, each input data point xi is multiplied by its
corresponding weight parameter wi, followed by the summation of weighted
inputs and bias b. The bias parameter adds an offset to the data. This linear
combination is transformed by a non-linear activation function f (Ŀ) to predict
the output. For instance, the neuron with multiple inputs xi=1,··· ,n computes the
output ȳ as follows:

ȳ = f
( n∑

i=1
wixi + b

)
, (2.1)

where the parameters wi=1,··· ,n are weights, b is bias and f (Ŀ) is a non-linear
activation function, also refered to as a transfer function.

2.2. From Perceptrons to Multilayer Perceptrons

A perceptron is a simple algorithm that can only solve linearly separable
problems [21]. However, cascading of several such neurons in multiple layers
forms a richer hierarchical model commonly known as multilayer perceptrons
(MLP) where all neurons in the previous layer are densely (or fully)-connected2

to the neurons of succeeding layer. For example, the MLP in Fig. 2.3(a) consists
of three densely-connected layers, i.e., an input layer, a hidden layer, and an
output layer. For a given set of inputs xi=1,··· ,n with one hidden layer hj=1,··· ,m,
the output ȳ can be computed as follows:

ȳ = fout

( m∑
j=1

wjhj + b1
)
, hj = fh

( n∑
i=1

wixi + b0
)

, (2.2)

where parameters wi, b0 and fh(Ŀ) are respectively the weights matrices, the
bias, and the transfer function associated to input and hidden layers; wj , b1, and

2The connectivity pattern of a DNNs is referred to as the networkôs architecture.
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fout(Ŀ) are the weights matrices, the bias, and the transfer function associated to
hidden and output layers. The neural networks model with a depth of more than
two layers are generally referred to as a Deep neural networks (DNN).

2.3. Learning Process

Before introducing the currently most popular variation of DNN, i.e., convolutional
neural networks (CNN), it is worthwhile to get acquainted with the underlying
learning configuration that makes them so powerful. Both MLP and CNN follow
the same learning process.

The DNN aim to solve a particular task through learning from a given
set of d instances, d ∈ {1, 2, · · · , p}, which consists of an input vector
xd = [x1, x2, · · · , xn] and corresponding label yd. The process of learning is
typically referred to as training process and often associated with the supervised
learning. This thesis is based on supervised learning approaches. In a supervised
learning scenario, when discrete outputs are desired (as in Papers I, III-V),
the task is associated to a classification problem whereas when continuous
outputs are desired (as in Paper II), the task becomes more of a regression
problem. The training process, as shown in Fig. 2.3, includes multiple steps:
input normalization, weights initialization, forward propagation, loss function
evaluation, backward propagation, and weights update.

The input normalization is a transformation performed as a data preprocessing
step to standardize the range of data points in a close bounded range. This step is
essential to prevent the network from generalizing towards dominating features.
In this thesis, the normalization is performed by subtracting the minimum data
point variable and dividing by the difference between maximum and minimum
data point variables, resulting in normalized values in the range [0,1]. In addition,
the z-score standardization is also performed in this thesis by subtracting the
mean and dividing by the standard deviation, resulting in a standard normally
distributed data.

The weights initialization step assigns random weights to neurons as a starting
point. The initial values of weights significantly influence the learning process.
Large weight values can saturate the transfer function, causing complete loss of
gradient3 through saturated neurons (or exploding the gradients). Small weight
values can result in very small gradients, causing the vanishing gradient problem
(discussed in Section 2.4). The weights should not be assigned symmetrically to
not receive the same updates during training. As suggested in [23], the weights w
should be initialized using a Gaussian distribution with zero mean and variance:

variance(w) = 2
nin + nout

, (2.3)

3Partial derivatives are often referred to as gradients by the deep learning community. It is a
measure of how much the error changes with respect to a change in a weight or bias value. The
gradient at any point is the product of all the previous gradients up to that point when traversing
the network backward.
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Figure 2.3 Building blocks and learning process of a DNN. (a) An MLP with an
input layer, a hidden layer, and an output layer. The neurons in each layer are
densely-connected to all neurons of the subsequent layer. Given a set of inputs xi=1,.,3
with randomly initialized weights wi, neuron activations are calculated and propagated
forward to the next layer to obtain the output җ. (b) An example is showing the forward
propagation by zooming in on one perceptron hj=2, which computes the weighted
non-negative activation using the ReLU transfer function. (c) Optimization of the loss
function L(θ) using a gradient-based learning algorithm. In each step, the current
weights (red dot) are moved along the steepest direction ȹθ (direction arrow) by learning
rate (step size) ɖ, where θ = (w, b). A high learning rate can overshoot and miss an
optimum along a steep direction as shown by the dotted arrows. Decaying the learning
rate over time allows to explore different domains of the loss function by jumping over
valleys at the beginning, and fine-tune parameters with smaller learning rates in later
stages.

where nin and nout are respectively the number of inputs and outputs of a
corresponding layer. This initialization benefits the training in practice since
the weights are sufficiently large to propagate gradients smoothly across the
network. However, the choice of weight initialization strategy is rather empirical
and varies according to the problem.

The forward propagation step propagates the inputs through the hidden
layer(s) to calculate the output. In a sequential flow, the input layer propagates
non-linear outputs (or activations) to the hidden layer. Using the outputs from
the hidden layer as inputs, this process is repeated for the output layer neurons.
Figure 2.3(b) shows an example of forward propagation step where the output
of a hidden layer neuron is computed using the weighted activations of the input
layer.

A loss function is essential to evaluate the learning performance of the
network. The loss function quantifies the difference between the predicted label
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ȳ and true label y. After the forward propagation step, the total loss (or error) of
the network is estimated using a loss function L. For example in Fig. 2.3(a), the
sum of squared error (SSE) loss is computed as:

L =
p∑

d=1

1
2

(
yd − ȳd

)2
, (2.4)

The backward propagation step propagates the loss from the output to input
layers to calculate the gradients of the loss function. Once the total loss is
computed, the gradients are calculated by applying the chain rule for derivatives.
For instance, the partial derivatives of the total error with respect to the weight
wi in Fig. 2.3(a) are computed as:

∂L
∂wi

= ∂L
∂ȳ

∂ȳ

∂hj

∂hj

∂wi
, (2.5)

where
∂L
∂ȳ

corresponds to the partial derivative of total loss with respect to the

output of the network,
∂ȳ

∂hj
corresponds to the partial derivative of the output

with respect to the jth neuron in the hidden layer,
∂hj

∂wi
is the partial derivative

of the jth neuron with respect to the ith weight.
The weights update step is performed after computing all the gradients of the

network during backward propagation. The weights are updated iteratively in
the opposite direction of the gradient (w.r.t. some learning rate η) to find a local
(or global) minimum using an optimization (or learning) algorithm. The iterative
methods belong to the gradient-based optimization. For instance, Gradient
descent (GD) is a popular optimizer, which minimizes the loss by updating
the weights so that the difference between a true label and a predicted label is
minimized. Learning is performed by taking small steps η in the direction of
the slope created by the loss function (Figure 2.3(c)). A high learning rate
corresponds to bigger steps and may speed up the learning to converge to an
optimal set of weights. However, it could also overshoot and miss an optimal
minimum along a steep direction.

2.4. Activation Functions

An activation (or transfer) function f (Ŀ) is used to perform a non-linear
transformation on the linear perceptrons (or neurons). The choice of activation
functions in DNN has a significant effect on the training process and performance.
Typically, DNN performs linear operations (e.g., inner product or convolution)
on inputs and their weights, which are then followed by a f (Ŀ) operation to
perform thresholding on the calculated output. The usage of the activation
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function depends on the DNN type and also on the type of layer in which they
operate.

The sigmoid function is a particular type of logistic function, which is often
used as an activation function to obtain the output of the hidden layer neurons.
It takes real-valued inputs and squashes them monotonically into a range of 0 to
1, i.e., f(x) ∈ (0, 1) while centering at the value of 0.5. It implies that the large
negative values become 0 and large positive values become 1. Given that it has
an exponential in its function, the derivative f ′(x) can be calculated as shown
in Fig. 2.4(a). During backpropagation, the gradients for the neurons whose
output is close to 0 or 1 become nearly zero (or minimal), and thus, almost
no signal flows through those saturated neurons to their weights. If the initial
weights are too small, most of the neurons will be saturated, and the network
will not converge to optimal parameters. This issue is commonly referred to as
ñvanishing gradientsò.

On the contrary, weights initialized with large values can cause a large
change in the loss, and thus the gradients will also grow exponentially to large
values. This issue is commonly referred to as ñexploding gradientsò. Exploding
gradients can saturate the activation functions and result in an unstable network
that can no longer be updated. Therefore, it is critical to initialize weights of
sigmoid neurons carefully or to clip the norm of the gradient at some threshold
(known as gradient clipping).

Figure 2.4 Plots of the activation functions with their corresponding derivatives: (a)
Sigmoid, (b) Tanh, (c) ReLU, and (d) Swish functions.

The hyperbolic tangent (tanh) function is a preferable alternative to the
sigmoid function which is also used for hidden layer neuron output. It takes

35



real-valued inputs and squashes them monotonically into a range of -1 to 1
(Figure 2.4(b)). As for the sigmoid activation, it also suffers from the saturation
and vanishing gradient problem.

The ReLU function was introduced to address the vanishing gradient problem.
It is resistant to this problem at least in the positive region (x > 0), which means
that the neurons do not propagate all zeros backward to the network. The range of
ReLU is between 0 to +∞ (Figure 2.4(c)). Given that it inherits the behavior of
a positive linear function, the convergence of SGD is accelerated in comparison
to the sigmoid or tanh functions. However, ReLU activated neurons tend to be
fragile during training and can be inactive during the entire learning process. For
instance, if x < 0 during the forward propagation, the neuron remains inactive
and thereby kills the gradient while propagating back through the network.
Several variations of ReLU are introduced to overcome its limitations such as
leaky ReLU [24], and parametric ReLU [25]. Recently, researchers at Google
brains introduced a self-gated activation function ï Swish [26]. This function is
a modified version of the sigmoid function and reported to perform better than
the variants of ReLU function (Figure 2.4(d)). The ReLU activation function is
used in Papers I, II, IV, and V.

The softmax function (or classifier) is a generalization of the logistic function.
When dealing with classification problems, the linear functions such as ReLU
compute unbounded output ȳ values. Softmax is a normalized exponential
function that squashes the values of each neuron in the output layer to be between
0 and 1 and divides each output in such a way that the total sum of the outputs is
equal to 1. The output of the softmax is equivalent to a categorical probability
distribution. It is often utilized with negative log-likelihood (or cross-entropy)
loss function. The arbitrary values ȳ ∈ RC are transformed into normalized
probability estimations p ∈ RC to compute softmax for a single instance as:

pk = exp ȳk

C∑
i=1

exp ȳi

, (2.6)

where k, i ∈ {1, . . . , C} range over classes, and pk, ȳk, ȳi refer to class
probabilities and values for a single instance. The Softmax is used in Papers I,
III, IV, and V.

2.5. Loss Functions

The loss function has a key role in the optimization of the DNN. The value of the
loss function L shows the discrepancy between the predicted values ȳ and true
values y. The minimization of the loss implies that a model starts converging to
an optimal set of parameters. The loss function is also referred to as empirical
risk term and does not contain any trainable parameters. Much like for the
activation functions, the choice of the loss function is influenced by the task at
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hand. If the task is a linear regression problem, the variants of squared errors can
be a suitable loss function. In case of logistic regression such as classification
tasks, the cross-entropy error is a more suitable loss function.

Letôs consider θ as the parameters of a model to be learned (or optimized),
f (Ŀ) represents the activation function and xi = {x1

i , x2
i , · · · , xm

i } ∈ Rm is a
training sample. To introduce generic loss functions, the empirical risk term can
be represented as:

L(θ) = 1
n

n∑
i=1

(
yi, f(xi, θ)

)
, (2.7)

Mean Squared Error

The mean squared error (MSE) or quadratic loss is often used as a performance
measure for linear regression problems. It is computed as:

L = 1
n

n∑
i=1

(yi − ȳi)2 , (2.8)

It minimizes the residual sum of squares, i.e., (yi − ȳi). However, it suffers from
slow convergence when used with sigmoid activation, which is not the case with
ReLU or linear activations. This is because when the output of the sigmoid is
zero or 1, the derivatives become nearly zero. If the loss L is too large or too
small, the derivatives get closer to zero, and thus, slows down the convergence.
The mean squared error is used in Paper II.

Mean Squared Logarithmic Error

The mean squared logarithmic error (MSLE) measures the logarithmic difference
of the estimated and true values. It penalizes under-estimated values more than
the over-estimated values. It is computed as:

L = 1
n

n∑
i=1

(
log(yi + 1) − log(ȳi + 1)

)2
, (2.9)

Least Squares Error (L2 - norm)

The L2 - norm (or regularized expectation loss) minimizes the squared differences
between the estimated and existing true values. It is highly sensitive to outliers
in the training set because of the squared differences which lead to much larger
errors. It is mathematically similar to MSE without a division by n samples. It
is computed as:

L =
n∑

i=1
(yi − ȳi)2 , (2.10)
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Mean Absolute Error

The mean absolute error (MAE) minimizes the absolute difference between the
estimated and existing true values. In comparison to the MSE, it is more robust
to outliers since it does not make use of square. It is computed as:

L = 1
n

n∑
i=1

∣∣yi − ȳi

∣∣ , (2.11)

Cross-entropy loss

Cross-entropy loss is useful when dealing with classification problems using
DNN. It quantifies the discrepancy between the probability distributions of
estimated and true values. In comparison to MSE where sigmoid and softmax
activations suffer from saturation and slow learning, the use of cross-entropy
loss greatly improves the performance of models with these activations. A large
cross-entropy loss means that the difference between two distributions is large
whereas small loss implies that two distributions are similar to each other. It is
computed as:

L = − 1
n

n∑
i=1

[
yi log(ȳi) + (1 − yi) log(1 − ȳi)

]
, (2.12)

Negative Log Likelihood

Negative log likelihood (softmax loss) is often used to estimate the accuracy of a
classifier. It is a soft accuracy measure that incorporates the idea of probabilistic
confidence. It is used when the model outputs a probability for each class (binary
or multiple classes), rather than just the most likely class. It is computed as:

L = − 1
n

n∑
i=1

log(ȳi) , (2.13)

The cross-entropy loss function is used in Papers I, III, IV, and V.

2.6. Representation Learning Using Convolutional Neural Networks

Put simply, CNN is a powerful version of MLP. From a biological perspective, the
CNN emulates the functionality of the visual cortex, which uses a combination
of simple and complex cells to encode richer representations 4 progressively
in an image [27]. Similarly, the CNN also employs several convolutional
layers (simple cells) using different filters and pooling layers (complex cells)
in a hierarchical structure to encode discriminative representations [28]. Since

4In the context of convolutional neural networks, the parameters are often synonymized as
representations or feature maps.
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CNNôs are capable of exploiting multi-dimensional data in a matrix form, they
are a much-enriched model for classification (or detection) tasks compared to
the shallow MLP where the multi-dimensional input is structured into a vector
form and, consequently lose the connectivity between local substructures.

The two principal factors of CNNôs are parameters sharing and pooling layers.
First, CNNôs have a benefit in the fact that they are translation-equivariant 5,
wherein they share the same filters (also refered to as kernels or parameters) in
a local sub-region (or receptive field6) of the input layer to encode low-level
representations of the objects or region, independently from their positions within
an image. Shared parameters drastically reduce parameters that are mapped to
the hidden layer, unlike the global receptive field of the MLP where neurons
in the hidden layers are densely connected to the input layer. For instance,
if an image of 500 × 500 × 1 pixels is given as an input to the MLP, it will
have 25 millions parameters (500 × 500 × 1 × 100) for 100 neurons in just one
hidden layers, and even gets much bigger when multiple layers are cascaded.
On the other hand, one convolution layer consisting of 64 feature maps using
5 × 5 × 1 filters will have only 1 664 parameters (5 × 5 × 1 × 64 + 64). Second,
the subsampling or pooling layers benefit CNN by conferring a certain amount of
translation-invariance5, and spatial-dimensionality reduction, and thus restricting
the network from overfitting.

A typical CNN architecture consists of several convolutional layers and
pooling layers on top of the dense layers, as shown in Fig. 2.5(a). The convolution
layers encode several different representations by convolving over the entire
image. The initial convolutional layers comprehend the low-level features such
as a circle, an edge, and a vertical line and higher layers encode more complex
representations such as textures. These representations are then captured by
the activations (or feature maps). Once the representations are extracted, the
classification is performed using dense layers.

Convolution Layer

The convolutions are the fundamental operations of the convolutional layer. The
convolutional layer consists of several small kernels or filters that are applied to
the whole input image to compute the output. To compute the output for a given
2D image Ix × y, a set of small kernels k of size m × m are defined to cover the
local receptive fields. The kernels shift over the whole image for computing the
output and followed by adding a bias term for each k filter. Finally an activation
function f(·) is employed for all of the pixels of the output images to induce
nonlinearity. An example is shown in Fig. 2.5(b). The single output image

5One common misapprehension: Convolution layers are translation-equivariant instead of
translation-invariant. The equivariance allows CNN to generalize edge, texture, and shape
detection in different locations. Pooling passes over the max value in its receptive field regardless
of its spatial position brings the ability of translation-invariance to the CNN.

6The receptive field is a hyperparameter defined as the spatial extent of connectivity where
each neuron in the layer is connected to only a local region of the input data.
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Figure 2.5 Building blocks of a CNN architecture. (a) A typical CNN architecture
consists of several convolutional layers and pooling layers on top of the dense layers,
(b) convolution filter k3×3 that convolves throughout the whole input image I7×7, (c)
an example of max-pooling operation using a filter of size 2× 2 with the stride of 2
applied on the input, and (d) an example of residual mapping with one convolution
block consisting of a convolutional layer, a batch normalization (BN) layer, and a ReLU
activation function.

channel of a convolutional layer for a kernel k and bias b can be formalized as
follows:

conv(I, )xy = f

b +
m∑

i=1

m∑
j=1

kij · Ix+i−1,y+j−1

 , (2.14)

The dimensions of the resulting feature maps are controlled by three
hyperparameters which are required to be specified before the convolution step is
performed such as depth, stride, and zero-padding. First, the depth corresponds
to the number of kernels use for the convolution operation. In the network shown
in Fig. 2.5(a), the convolution operation is performed on the input image using
x kernels, thus producing a depth of x different representation maps. Second,
the stride is the number of pixels by which the filter shifts over the input image
in each step to compute the next pixel in the result. It specifies the overlap
between individual output pixels. For instance, when the stride is 1, the filters
shift by one pixel at a time, and when it is 2, the filters shift over 2 pixels in each
step. Third, convolution operation using a kernel larger than 1 × 1 reduces the
output dimension of an image. Therefore, padding is often desired to keep output
spatial dimensions the same as input where the image is sufficiently padded with
zeros at the borders. For instance, a kernel of size m × m is used then a zero
padding of size m−1

2 is added to the border of the input image. For a given input
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image of hight or width Iy with a stride S and padding P , the dimensions of the
output of any given convolutional layer C can be obtained as:

C = Iy − m + 2P

S
+ 1 , (2.15)

Pooling Layer

The pooling layer is often synonymized as a subsampling (or downsampling)
layer which usually follows the convolutional layers. Pooling layer can be seen as
a regularization layer that controls the overfitting of a network. It progressively
reduces the spatial dimensions of the given representation maps and thus leading
to less computational heads for the next layers.

There are several operations to implement pooling such as max-pooling, L2
norm pooling and global average pooling. However, max-pooling, which find
the maximum value of the input patch, is the most popular for the classification
tasks. Max-pooling is often applied using filters of size 2 × 2 and a stride of 2 at
every depth slice. An example of a max-pooling operation using a filter of size
2 × 2 with the stride of 2 applied on the input is shown in Fig. 2.5(c).

Dense layer

The dense (or fully-connected) layers follow the same connectivity as in an
MLP where each neuron of the input layer is connected to every neuron in
the succeeding layers. The convolution layers are modeled to extract the
discriminative representations (as a feature extractor), whereas the dense layers
are modeled for classifying the objects in their respective classes. Therefore,
this connectivity is different from the local connection style employed in the
convolutional layers. The dense layers are implemented by structuring (or
flattening) the input feature maps into a vector, followed by vector-matrix
multiplication, then a bias term is added to it. Finally, a transfer function is
applied to induce the non-linearity as follows:

hl = f
(
bl + W l hl−1) , (2.16)

where hl is the output feature vector of the layer l which is obtained by flattening
the input feature maps hl−1 of the l − 1 layer; W l, bl, and f(·) are respectively
the weight matrix, the bias term, and the transfer function.

Residual connections

Increasing network depth imposes challenges from the optimization perspective
and also regarding the overall performance of the CNN. With increasing depth
of the network, the accuracy saturates and starts to degrade rapidly due to the
vanishing gradient problem. To overcome such challenges, residual (or skip)
connections can be added to the network topology.
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The key concept of residual mapping is to introduce modularity 7 in the deep
networks where identical mapping is performed by summing the input of one
layer to the output of at least one skipped layer [29]. The residual mapping is
based on the approximation of the residual function instead of the original one
directly from a convolutional layer H (Ŀ), and is expressed as:

H(xout) = xin + F(xin, {Wk}) , (2.17)

where, xin and xout are its input and output; F (Ŀ) is a residual mapping
associated with a set of parameters {Wk} where k ≥ 1, means skipping at least 1
convolutional block, consisting of a convolutional layer, a batch normalization
(BN) layer and rectified linear unit (ReLU) activation layer (Figure 2.5(d)). From
learned feature weights sharing perspective, residual connection enables feature
reuse at no extra parameters and computational complexity. In addition, it allows
the gradient to flow through them during the backward propagation easily. The
residual connections are used in Papers II and IV.

2.7. Supervised Optimization of Deep Neural Networks

The performance of DNN is optimized in conjunction with minimizing the
objective (or loss) function, which is challenging since the loss function is
high dimensional and non-convex. Provided this, it is reasonable to employ
iterative-based optimization algorithms for finding a parameter configuration to
minimize the objective function L.

Most of the iterative algorithms are based on the GD method. The GD
minimizes the objective function by updating the parameters (θ = [w, b]) in the
negative gradient direction of the objective function ∇θ L(θ). The step size is
determined by the learning rate η. It can operate in the batch, stochastic, and
mini-batch learning modes.

Batch Gradient Descent (BGD) updates the parameters after computing
gradients of all the samples at once. It can be very slow and is not feasible for
large datasets.

θ = θ − η · ∇θ L(θ) , (2.18)

Stochastic Gradient Descent (SGD) updates the parameter for each training
sample xi and label yi by performing one update at a time. Although it is faster
than BGD, its frequent updates lead to high variance in the parameters. These
fluctuations of parameters overshoot the loss function to different suboptimal
minima, and thus, ultimately leads to unstable convergence.

θ = θ − η · ∇θ L(θ; xi; yi) , (2.19)
7Modularity refers to as a small network that can be repeated to increase the depth of the

network.
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Mini-Batch Gradient Descent (MBGD) is an improved variant of BGD and
SGD optimizers. It updates the parameters on a smaller batch of n training
samples. In comparison to SGD, it converges smoothly due to reduced variance
in the parameters. Typically, the batch sizes range between 32 and 256. The
MBGD learning algorithm is used in Papers II and III.

θ = θ − η · ∇θ L(θ; x(i:i+n); y(i:i+n)) , (2.20)

Momentum is an adaptive version of MBGD [30]. It accelerates MBGD by
softening its convergence in irrelevant directions. Since MBGD are prone to
stick in saddle points8, Momentum navigates it along the relevant direction by
using an average gradient over the previous steps.

vt = γvt−1 + η ∇θ L(θ) ,

θ = θ − vt ,
(2.21)

where γ is the momentum term, vt, and vt−1 are respectively the current and
previous updates to the parameters.
Adaptive Gradient (Adagrad) is an adaptive optimization algorithm [31],
which is best-suited for the sparse data. It updates the learning rate by scheduling
a priority for each parameter. It means that the infrequent parameters are
prioritized with larger updates whereas frequent parameters are assigned with a
priority of small updates. The update for each parameter, θi, with a different
learning rate at step k is computed as:

θk+1,i = θk − η√
Gk,i + ε

∇θ L(θk,i) , (2.22)

where Gk,i is a diagonal matrix with each diagonal entry as the sum squared of
the gradients of θi up to step k and ε is a small value to prevent division by zero.

Root mean square propagation (RMSProp) is also an adaptive optimization
algorithm [32], eliminating the problem of gradient accumulation9. It overcomes
the issue of radical diminishing of learning rates raised by Adagrad. It updates the
parameters iteratively with a running average of squares of previous gradients. It
prevents gradients from exploding by decreasing the step size for larger gradients,
and from vanishing by increasing the step size for small gradients. The average
squared gradient, E[g2]k, for step k is defined on the average at step k − 1 and
the current gradient as:

E[g2]k = 0.9E[g2]k−1 + 0.1g2
k ,

θk+1 = θk − η√
E[g2]k + ε

gk ,
(2.23)

8Saddle point is a point where one dimension slopes up while another slope down, usually
surrounded by a plateau of about equal error. Regardless of the direction, it is difficult for the
non-adaptive variants of GD to converge since surrounded gradients are nearly zero.

9Accumulation means running summation. The gradients are a running summation of every
new batch which is computed after propagating backward on one batch at a time.
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where gk = ∇θk L(θk), and ε is a small value to prevent division by zero. There
are several other variations of adaptive optimizier that are not discussed but a
comprehensive overview can be easily found in [33]. The RMSProp learning
algorithm is used in Papers I, IV, and V.

2.8. Regularization of Deep Neural Networks

Overfitting is one of the challenges that is often encountered when training DNN.
It occurs when the parameters of a model are optimized well without capturing
the underlying representations of the data. It implies that certain complexities in
the model may restrict the model to generalize well even though it fits well with
the training data. Regularization is a technique which reduces overfitting and
variance in the model by penalizing its complexity. It is added to the model so
that it can fit adequately to the training data but at the same time it can generalize
better to unseen data.

Regularization can directly be added as a penalty term to the loss function
that penalizes the parameter outliers in the model, i.e., large weights. This kind
of regularization is often referred to as parameter norms or weight penalty terms.
A slightly different approach is to modify the network by dropping its parameters
randomly while training which can be achieved using ñdropout layersò. In this
thesis weight decay, data augmentation and dropout have been used to prevent
overtraining and to improve generalization.

Dataset augmentation

Limited amounts of annotated data pose severe challenges while training a
supervised DNN model. Given that CNN has a large number of parameters and
hyperparameters10 to be optimized, overfitting is thus highly probable to occur
when training a model with very few samples. Availability of more data can
certainly improve the overall performance of a model. One possible solution is
to artificially augment the dataset by generating a moderate amount of new yet
correlated training samples.

The choice of selecting an augmentation technique is often problem specific11.
For instance, pulmonary nodules on CT scans pose a great variability regarding
contextual surrounding, shape, size, and orientation. Generic augmentation
techniques such as rotation and translation can be employed to augment the
training set for a classification problem. In such a way, the model can learn
rotational- and translational-invariant features, and thus improve the overall
performance of the classifier.

10Hyperparameters represent the configurable values used when building a network such as
filter sizes, learning rate, dropout, gradient clipping threshold, etc; whereas parameters constitute
the learnt values (weights) obtained while optimizing the loss function.

11An interesting fact: There are 48 unique lossless permutations of 3D images possible
as opposed to only 8 for 2D images.
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Cross-validation

In supervised learning, the performance of a model is often measured by holding
out a validation set from the training data. Since there is typically a shortage of
data to train a model, removing a part of the data for validation poses a problem
of underfitting. In case of data scarcity, cross-validation is an efficient statistical
method for evaluating the performance of a model which also helps in the overall
generalizability of a model.

In a typical k-fold cross-validation scheme, the data is randomly split into
Fk equally sized folds (e.g., k = 5). Subsequently, k iterations of training and
validation are performed in such a way that within each iteration a different fold
is used for validation while the remaining Fk−1 folds are used for training. In
such a way, each data point in the training and validation sets cross-over in
successive rounds and gets a chance of being validated against themselves. The
final results are determined by either taking a mean or median of measures over
the k folds. However, it is also recommended to perform the final evaluation
using a completely unseen test set since cross-validation might bias the model to
generalize to both the training and validation data due to cross-over sampling.
The 5-fold cross-validation scheme is used in Papers I, II, IV, and V.

Dropout

Dropout regularizes a model by reducing the interdependent learning amongst
the neurons and eventually prevents it from overfitting. Dropout can be seen as
a version of bagging where some neurons are randomly dropped out at every
iteration so that they will not interact with the network. It implies that the
weights for those dropped neurons are not updated, and they do not affect the
optimization of other neurons in the network.

In such a way, a sparse network composed of several networks is developed
where each network is trained with a single sample. Such transformation of a
network into an ensemble hugely decreases the possibility of overfitting. Since
the influence of individual neurons on learning is averaged, it helps a network to
generalize better and also increases accuracy. The Dropout technique is used in
Papers I, II, IV, and V.

Batch Size

Training a CNN with GD optimizers on relatively larger batch sizes12 can
influence the convergence to sharp minimizers13 (Fig. 2.3(c)), and thus, potentially
affect the network generalizability. On the other hand, training with smaller
batches can lead the convergence to flat minimizers13 (Fig. 2.3(c)) due to the
inherent noise in the gradient estimation. In either case, the network will not

12Batch or mini-batch size is referred to as the number of training samples in one
forward/backward propagation.

13Flat minimizers is defined as the size of the connected region around the minimum where
the training loss is relatively similar. Consider the error as a one-dimensional curve, a minimum
is flat if there is a wide region around it with roughly the same error; otherwise, itôs sharp.

45



be possibly able to converge to an optimal set of parameters and will result in
poorer generalization. Although determining a batch size is a somewhat empirical
practice, it is still an important hyperparameter which also influences the overall
generalizability of a network [34].

Batch normalization

Variations in the parameters from each layer (i.e., internal covariate shift)
slow down the network training with saturated activations and small learning
rate. This can adversely affect the training of the CNN with a risk of poor
generalization performance [16]. Lately, batch normalization (BN) has enabled
the CNN to learn faster with a better generalization of the network and overcome
the issue of internal covariate shift14. While training with BN, each feature map
computed by a linear operation (e.g., convolution) is normalized separately over
the mini-batch12 to have a mean µ of zero and variance σ2 of 1. For example,
a layer with an input X = (x1,· · · , xm), where m is the total number of feature
maps computed after applying a linear operation. Each xn is formed by all the
corresponding feature maps of the candidates in the mini-batch (e.g., 128). The
BN for nth feature map can be expressed as:

xdn = xn − µ(xn)√
σ2 [xn]

, (2.24)

However, just simply normalizing the feature map can constrain the representation
capabilities of the network. Therefore, a pair of learning parameters (learned
along with the original model parameters) for scaling by γn and shift by βn is
applied to the normalized feature map xd n as:

yn = γnxdn + βn , (2.25)

By employing BN, the network converges much faster and also improves
the overall generalization of the network. Although BN reduces the strong
dependence on initialization, it is still often beneficial with proper initialization
of weights. The batch normalization technique is used in Papers II, IV, and V.

Weight penalty

Penalizing the weights while training is one of the conventional techniques to
regularize a network. With an implicit assumption that a model with small
weights is somehow simpler than the one with large weights, the penalties try to
reduce the complexity of a model by keeping the weights small. The structural
risk (or loss) function using the regularization term, and empirical risk term from
Equation 2.7 can be expressed as:

L(θ) = 1
n

n∑
i=1

(
yi, f(xi, θ)

)
+ λ Φ(θ) , (2.26)

14Internal covariate shift refers to as the change in the distribution of network activations due
to the change in network parameters during training.
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where λ is the regularization hyperparameter to control the influence of
regularization term Φ(θ). Larger values of λ imply more regularization, i.e.,
smaller values for the model parameters θ. The regularization terms can either
be L2 norm (Ridge Regression) or L1 norm (Lasso Regression). The L2 norm
adds a penalty proportional to the squared magnitude of each weight as follows:

ΦL2(θ) = 1
2

∑
j

θ2
j , (2.27)

The L2 norm penalizes larger weights more (weights are squared) and restricts
the parameters to small non-zero values. The L1 norm penalizes the absolute
value of the weights and is defined as:

ΦL1(θ) =
∑

j

|θj | , (2.28)

It introduces sparsity in the network by equally penalizing the smaller and larger
weights. This sparse property is often helpful when selecting important features.
The L2 norm weight penalty is used in Papers II and III.

Early stopping

In supervised learning, the given set of data points is split into a training set and a
test set. The training set is further divided into a training subset and a validation
subset. The training subset is used to find the hyperparameters (learning process),
and the validation subset is used to tune the parameters (hyperparameter tuning).
At any given point of the learning process, the test set is not used for optimizing
the hyperparameters. The test set is used for model selection or for accessing
the performance of individual model trained using cross-validation schemes.
Skipping the test set is not a feasible choice since the algorithm that performed
well during the cross-validation does not guarantee a good performance due to
the possibility of inheriting noise in the cross-validation set.

When training a model using iterative-based learning algorithms, the
performance (e.g., loss function or accuracy) on the training subset cannot be
used as an assessment criterion since the model may get tuned to the noise present
in the training data. In that case, the validation subset is used for evaluating the
performance of a model. However, the error on the validation subset might begin
to grow when the network starts overfitting to the data. When the validation error
increases for a specified number of iterations in a row, the training is stopped,
and the parameters at the minimum of the validation error are returned. This is
usually considered as early stopping and implies a similar regularization like L2
norm regularization. The early stopping is used in Papers II, III, and IV.

Curriculum Learning

Curriculum learning is inspired by the fact that systematically organized learning
can lead to better understanding of complex concepts (much like human learning).
It helps a model to generalize better by increasing the influence of simple
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data-points. In curriculum learning, the core feature to enable is to rank the
data-points based on their level of presumed difficulty and then train a model
with simple data-points first before gradually progressing to harder data-points.

This strategized learning can be employed by assigning larger weights to the
simple data-points in a loss function or by sampling them more frequently. An
appropriate curriculum strategy, therefore, both acts to help the learning process
and to regularize by giving rise to lower generalization error for the same training
error. One such learning strategy is used for training a CNN classifier in Paper I.

2.9. Transfer learning

The concept of transfer learning is one of the extended benefits of DNN-based
methods where a model trained on one task can be reused to comprehend the
problems associated with another related task. On a conceptual level, transfer
learning is intrinsically connected to the idea of generalization. The primary
distinction is that transfer learning is often used for transferring knowledge
across tasks instead of generalizing within a specific task. More specifically,
transfer learning uses the representations learned from tasks for which a lot of
labeled data is available compared to the settings with only little-labeled data.

To leverage the transfer learning perspective, a pre-trained DNN model can
be employed either as for feature extraction or for fine-tuning it on a new task.
As a feature extractor, a pre-trained model with optimized parameters is used to
extract representations for a new set of data points. Then, the dense layers are
trained using those representations for the classification task. In a fine-tuning
process, the parameters of a pre-trained model are re-optimized by continuing
the backpropagation using a small learning rate to refine the parameters for a
new dataset. It is possible to fine-tune each layer or to fine-tune later layers of
a pre-trained CNN. It is often recommended to fine-tune later layers since the
earlier layer extracts more generic representations that could be useful to many
tasks, later layers become progressively more problem-specific to the details of
the classes in the respective dataset. One such aspect of transfer learning is
shown in Paper II and V.
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3. CAD FOR PCD ANALYSIS IN TEM IMAGES

M anually diagnosing primary ciliary dyskinesia (PCD) using transmis-
sion electron microscopy (TEM) is time-consuming, subjective, and

monotonous. Automation of the process is thus highly desirable to assist
pathologists. However, developing an automated workflow to mimic the manual
diagnostic procedure imposes several challenges regarding image acquisition and
analysis. Amongst many of such challenges, this chapter explicitly focuses on
the problems associated with the detection and denoising.

To improve the performance of an automated PCD analysis workflow, two
CNNïbased methods are developed to 1) classify cilia and non-cilia instances
in low-magnification TEM images (Paper I), and 2) denoise short exposure
high-magnification TEM images for enhanced ultrastructural analysis (Paper
II). This chapter summarizes the background, material, methods, results, and
contributions presented in the appended publications (A and B).

3.1. Overview

Cilia are hair-like structures protruding from cells surface. Dysfunctional cilia
are often associated with a genetic disorder ïPrimary Ciliary Dyskinesia (PCD),
which can lead to pulmonary infections, reduced female fertility, and infertility
in males [35, 36]. Early and accurate diagnosis is highly desirable to control the
progression. In 1976, Afzelius reported that the ultrastructural defects of cilia
lead to immotile cilia and are primarily responsible for immotile cilia syndrome
(ICS) [37]. Later, the term ICS was replaced by PCD to distinguish genetic
ciliary defects (primary) from defects due to viral respiratory tract infections or
exposure to toxic agents (secondary) [35, 38, 39].

The prevalence of PCD is rather difficult to estimate since most of the patients
often remain undiagnosed due to nonspecific symptoms, insufficient knowledge
of the disease, and limited diagnostic facilities [40]. The estimated prevalence
varies between one in 2,000-40,000 [41,42]. PCD diagnosis is challenging since
there is specifically no such diagnostic test which is accurate enough to be used
as a stand-alone test. European Consensus guidelines recommend combining
tests, including nasal nitric oxide, high-speed video microscopy, TEM, and
genetic culture testing [43ï45]. Such tests are often expensive, requiring
highly-skilled staff and technically advanced equipment, which limits them to
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highly specialized centers [40]. This work is explicitly centered on facilitating
the manual diagnostic procedure of PCD analysis using TEM.

To diagnose the disorder, a trained pathologist analyzes the morphological
appearances of at least 50 perfectly perpendicularly cut cilia (∼220ï250 nm in
diameter) in high-resolution TEM images [46]. TEM can reveal morphological
structures up to a resolution of 1 nm; however, it is an expensive and
technically complex imaging technique [47, 48]. In a typical clinical setting,
pathologists steer at different magnification levels to identify diagnostic-relevant
cilia instances. Manually locating and analyzing such nanostructures in the large
search space a tissue sample constitutes is monotonous, and time-consuming
(this could take up to two hours per patient). Automated image acquisition and
analysis are thus vital to improve the PCD analysis using TEM.

3.2. False Positive Reduction in Low Magnification TEM Images

Diagnostic quality cilia instances are rare, very small, and are often unevenly
spread throughout the sample in the form of clusters. To cover a large
search space of tissue sample in a reasonable time, it is important to use as
low-magnification as possible. This entails the analysis of LM images [I].
Automatically locating potential regions of interest at low magnification, and
acquiring high-magnification images only at selected locations, is therefore
highly beneficial.

Automated detection of cilia in low-magnification TEM images is challenging
due to the heterogenic quality among cilia instances and their similar characteristics
with non-cilia candidates. In a 4K×4K LM image with a FOV of ∼ 60 Ӄum,
a cilium instance is of about 20 pixels in diameter, and thus its characteristics
can be barely resolved to compute discriminative features [I]. Previously, a
template matching method to detect cilia candidates in low-magnification TEM
images [46] has been proposed. This method achieves considerable detection
performance; however, it also introduces a large number of FPs. The template
matching-based methods often depend on a local cross-correlation that is
relatively sensitive to noise and therefore potentially detects a substantial fraction
of FPs [49, 50].

While aiming at locating highly populated regions of diagnostic-quality cilia
for further high magnification image acquisition and analysis, it is imperative that
such regions are not misled by a large number of FPs. Given this, it is crucial to
employ an FP reduction module in the automated workflow to improve the overall
detection performance. Lately, increased computational power and availability
of a large amount of data has increased the applicability of DNN-based methods
in the biomedical image analysis field [51ï54]. The capacity of CNN to encode
the discriminative representations in a supervised learning regime makes them
efficacious for automated detection of structures. Motivated by that, a CNN
classifier is developed with a particular focus on reducing the number of FPs
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Figure 3.1 An overview of the overall workflow consisting of the CNN model.

and is integrated with the existing template matching-based candidate-screening
module.

Method

The schematic illustration of the overall detection workflow is shown in Fig. 3.1.
It consists of two stages: (1) template matching to detect the plausible cilia
candidates, and (2) further FP reduction using a 2D CNN model. This chapter
only focuses on the FP reduction (Publication A) whereas the former part of the
workflow is comprehensively explicated in [46].

Template matching based on normalized cross-correlation (NCC) and a
customized synthetic template are used to detect the initial cilia candidates.
Subsequently, patches of 23×23 pixels are extracted for the initially detected
candidates as the input for the CNN classifier. The patch contains a cilium
(∼ 19ï20 pixels in diameter) and some local background around it (∼ 3 pixels)
to include sufficient context information.

Given the complexity of cilia detection in the LM images, it is worthwhile
to employ an organized training strategy where the complex candidates are
introduced systematically. Such organized training is typically associated with
curriculum learning (discussed in Chapter 2). To infer curriculum learning,
a training set of cilia, as well as non-cilia candidates, is extracted from the
training image. The training set includes all 136 true cilia instances regardless
of their NCC values. In addition, it also includes 272 non-cilia candidates from
different NCC levels to represent non-cilia candidates with high similarity to
good cilia (136 randomly chosen non-cilia objects with NCC values Ó 0.5) as
well as non-cilia candidates less similar to cilia (136 randomly chosen objects
with NCC threshold values between 0.2 and 0.5).

An imbalanced dataset can mislead the optimization algorithm to converge to
a local minimum, wherein the predictions can be skewed towards the candidates
of the majority class. Therefore, candidates from both classes (i.e., cilia and
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non-cilia) are augmented to overcome the overfitting issues. To balance the
sets, horizontal flipping is applied only to the cilia candidates. After that, seven
random angular rotations (0ï360◦), six random scalings within Ñ10% range and
five random shearings within 5% range in both x- and y- directions are applied,
resulting in 1050 augmented variations for each candidate.

The CNN classifier is an adapted version of the LeNet model [55]. It consists
of two convolutional layers and two max-pooling layers, as shown in Fig. 3.1.
Firstly, the input patches are padded with a three-pixel thick frame of zeros to
keep the spatial sizes of the patches identical after the first convolutional, as
well as to keep the border information up to the last convolutional layer. The
first convolution layer generates 32 feature maps using 6×6 convolutions. The
second convolution layer generates 48 feature maps using 5×5 convolutions.
The max-pooling layer downsamples the feature maps by selecting the maximum
feature response in windows of size 2×2. The fully connected layer consists of
20 neurons and is followed by a Softmax layer to predict the final probability
distribution of the input candidate. Each convolution layer and fully connected
layer is followed by a ReLU [56] non-linear activation.

Before the training, the patches are normalized by subtracting the mean and
dividing by the standard deviation. The weights are initialized using Glorot
normal distribution [23], and the biases are initialized with zeros. The weights
are adaptively updated in mini-batches of 128 candidates using the RMSProp
optimizer [32]. The training runs for 50 epochs in a five-fold cross-validation
scheme with a learning rate of 0.001. A dropout [57] layer with a probability
of 0.5 is implemented on the output of the last pooling layer and the output of
the fully connected layer. The error loss is measured using the softmax loss
function. The 2D CNN is implemented using Theano backend in Keras.

Material and Evaluation Criteria

Two low-magnification (LM) TEM images from different patients, consisting
of ca. 200 cilia instances, are used for training and testing purposes. Both
images are acquired with an FEI Tecnai G2 F20 TEM, and a bottom mounted
FEI Eagle 4K×4K HR CCD camera, resulting in 16-bit grayscale TIFF images
of size 4096×4096 pixels. For each LM image field, a set of mid-magnification
(MM) images are acquired, where the true cilia candidates of diagnostic quality
are manually marked by an expert pathologist (author AD in Paper I). Some
examples of extracted patches of marked cilia candidates are shown in Fig. 3.2.
The FOV for a MM (2900×) image is 15.2 Õm and 60.6 Õm for a LM (690×)
image. The performance is evaluated using AUCP R and F-score (discussed in
Section 1).

Results and Discussion

The performance of CNN is investigated at different NCC threshold levels
(0.2 - 0.5) determined by the template matching method. The F-score curves for
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Figure 3.2 Low magnification TEM image of 4096×4096 pixels utilized for training
purpose with the magnified view of 350×350 pixel bounding box (marked in red) with
indicated ground truth marked by an expert pathologist. Here, cilia candidates marked
with blue dots are of the suitable quality. (b) Some examples of patches extracted by the
previously reported method [46], the first and second rows contain TP whereas patches
in the third row are FP.

the detection workflow with and without using CNN classifier at different NCC
threshold levels are shown in Fig. 3.3.

Figure 3.3 F-score curves, for the test image, showing the improvement in the
performance by a CNN classifier with template matching method [46] at different NCC
threshold levels.

Although the CNN classifier considerably reduces the FPs at all these NCC
values, it is not practically suitable as lowering the NCC threshold increases the
number of candidates to analyze tremendously while only rather few additional
true candidates are detected. Hence, the NCC threshold value is set to 0.5,
resulting in an improved F-Score of 0.59 compared to 0.47 for the template
matching method. The CNN also significantly improves the AUCP R to 0.82
and 0.71 compared to the previous AUCP R of 0.48 and 0.42 for the template
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Figure 3.4 Illustration of cilia detection results. (a) The 4096×4096 test image, (b) a
650×650 example subregion of the test image, (c) same sub-region after initial template
matching method, and (d) after proposed CNN classifier. The numbers are given for the
whole image and for the ROI is in parenthesis. Here, blue circles, red crossed circles,
and green squares represent the TP, FP, and FN, respectively.

matching method, for the training and test images, respectively, at an NCC
threshold level of 0.5.

Detection results of the proposed CNN model on an ROI of 650×650 pixels,
in the LM test image, at an NCC level of 0.5, are shown in Fig. 3.4. It shows
the detection results of the initial candidate detection step template matching
method [46] (Fig. 3.4(c)) and the improved results achieved by incorporating
the CNN classifier as an FP reduction step (Fig. 3.4(d)). In these images, the
blue circles, red crossed circles, and green squares represent the candidates that
have been correctly detected (TP), the candidates that have been erroneously
detected as cilia (FP), and the cilia that were missed with respect to the manually
ascertained ground truth delineations and initial detection step (FN), respectively.
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These results show the potential of proposed CNN model for cilia detection in
low-magnification TEM images.

3.3. Denoising of Short Exposure High Magnification TEM Images

Both manual and automated analysis of TEM images are negatively influenced by
many imaging artifacts such as non-optimal microscope alignment and focusing,
as well as motion artifacts due to sample drift and vibrations (Publication B).
Besides that, acquiring high magnification images can potentially damage the
sample due to contentious exposure to electrons for a relatively longer period. The
imaging artifacts can be reduced by decreasing the electron dose and acquisition
time. However, this results in images with more noise and thereby questing for
denoising as a potential preprocessing step for improved analysis.

In the past decades, several denoising methods have been proposed to improve
the quality of the images [58ï61]. Although the traditional methods [62ï68]
have shown promising performance on image denoising task, these methods
typically involve a complex optimization problem during the testing stage and
requires manual selection of parameters [58,69]. To overcome these challenges,
several learning-based methods using CNN have been proposed [58, 69ï73].
The most significant difference between learning-based methods and traditional
methods is that they learn parameters for image restoration directly from training
data rather than relying on image priors [69]. However, most of these methods
are carefully designed only for a certain type of noise, i.e., Gaussian noise, and
thereby limiting their potential inference for the imaging devices with mixed
noise distribution.

The noise induced by TEM is non-additive and signal-dependent which
can be modeled by a mixed Poisson-Gaussian (PG) distribution [74, 75].
Acknowledging the superior performance of CNN in denoising, a novel
multi-stream CNN framework is developed to denoise the short exposure high
magnification TEM images. The idea of employing a multi-stream architecture
is inspired by the adequate performance of the approaches proposed in [58, 72].
Recently, such ensemble learning for denoising have also been proposed for
fluorescence microscopy where the outputs from five pre-trained CNN models
are cascaded to obtain the final denoised image [76].

Method

The architectural view of developed multi-stream CNN framework is shown
in Fig. 3.5. The training of both streams is performed using the contextual
information spread over patches of 128×128 pixels. The patches are extracted
with an overlapping stride of 16 pixels. It is often the case that the information
in a small patch is not sufficient to preserve the structural information. Although
the training is performed using patches of size 128×128 pixels, the trained CNN
framework can be used for the arbitrary size of patches during the testing stage.
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Figure 3.5 The two-stream DCNN architecture. The sizes of the output feature maps
of each block are shown on top of each block and generated using 3 × 3 convolutions.
The last 1 × 1 convolution blocks of each stream use linear and sigmoid activations,
respectively, instead of ReLU.

The first stream consists of four convolution blocks, two transposed
convolution blocks and one residual block. The convolution block encodes
the image representations while removing the noise, whereas the transposed
convolution block decodes these representations to restore the noise-free image
content. The residual block contains two convolution blocks. The BN [77]
layer is used as regularization before ReLU [56] activation to deal with internal
covariate shift. To elevate the training performance, skip connections are used
and followed by a BN layer. The second stream consists of four convolution
blocks, two up-sampling blocks, two max-pooling layers, and one residual block.

Before the training, the patches are normalized to the range [0, 1]. The
training is performed averaging the outputs of both streams. The weights are
initialized using Glorot normal distribution [23], and the biases are initialized
with zeros. The weights are adaptively updated in mini-batches of 16 patches
using SGD [78] optimizer. The training continues for 15 epochs in a five-fold
cross-validation scheme. The initial learning rate is set to 0.001 and reduced
to 1/10 of the current value after every epoch. The error loss is measured
using both MSE and a binary cross-entropy function. The multi-stream CNN is
implemented using Tensorflow backend in Keras.

Material and Evaluation Criteria

A series of 100 noisy short exposure (2 ms) images, captured at the same spatial
location in a cell section sample (FOV = 2000 nm) are used for the training
and testing purposes. All images are of size 2048 × 2048 pixels and acquired
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with the low-voltage MiniTEMÊ1 system. A low-noise ground-truth image
is obtained by registering each short exposure image to the first image of
the series using rigid registration, followed by aggregating the information by
computing the pixel-wise median value, illustrated in Fig. 3.6. The training of
the CNN model is performed using 10 images. These 10 images are also used
for explorative parameter tuning of three other classical methods (discussed in
Paper II). The remaining 90 images are used for the evaluation and comparison
of each method. Apart from evaluating the performances on denoising single
images, the performance of each method is also evaluated for two additional
denoising strategies 1) denoising of 5 aggregated short exposure images, and 2)
aggregation of 5 denoised short exposure images.

Figure 3.6 Left: Short exposure TEM image (2048 × 2048 pixels) from a series of 100
images. Right: Ground truth created by co-registration and aggregation of the stack to
the left. The two insets show magnified views (250 × 250 pixels) of one cilium.

The performance is evaluated using the peak-signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM) [79]. The PSNR is a ratio (in
decibels) between the maximum possible value of a signal and the power of
distorting noise that affects the quality of its representation. As indicated in [80],
different levels of degradations applied to the same image can yield the same
PSNR. As SSIM is proposed with the aim to compare structural changes in
images imitating what the human visual system does, this measure is considered
a more reliable measure of visual similarity of images. Typically, the higher
values of both PSNR and SSIM correspond to better image quality.

To validate the level of agreement between the quantitative results and visual
(qualitative) results, a subjective visual evaluation conducting a two-step voting
process by six of the authors is performed. In the first step, involving only
the classical methods, the authors rated the results (1st, 2nd, and 3rd best) on the
cilium sub-image produced by each of the methods with different parameter
settings. The displayed seven images spanned a parameter range centered around
the maximal SSIM for that method. The procedure was repeated for the above

1Vironova AB, Stockholm, Sweden
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mentioned two strategies of aggregating 5 short exposure images. The second
step involves all four methods. The images resulting from the two aggregation
strategies utilizing the tuned parameter settings as decided in the first Step,
together with the CNN results were displayed (random, unknown order) and the
authors rated them again (as the 1st, 2nd, and 3rd best).

Figure 3.7 Noisy and denoised close ups of a cilium instance obtained with the
considered methods. Top: Denoising of a single image. Middle: Denoising of 5
aggregated noisy images. Bottom: Aggregation of 5 denoised single images. The red
frame (bottom left) indicates the ground truth for single noisy images. The green frame
indicates the best ranked image in the two-step visual voting process.

Results and Discussion

Three classical methods suited for Gaussian and PG noise: a block matching
(BM3D) [62], wavelet domain (Pure-LET) [67], and energy minimization
(EM) [81] are evaluated and compared with the CNN framework. For the single
image denoising task overall 90 images from the test set, the developed CNN
framework achieves the highest PSNR as shown in Table 3.1. On the other hand,
The EM method marginally performs better than the CNN framework regarding
SSIM.

For the denoising of 5 aggregated short exposure images strategy, a set of
5 short exposure images are registered and aggregated by the pixel-wise median,
resulting in a set of 18 images. A noisy cilium instance from this strategy and
the corresponding denoised results obtained with all 4 methods are shown in the
middle row of Fig. 3.7. For the aggregation of 5 denoised short exposure images
strategy, five sequentially acquired short exposure images are denoised, then
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registered and aggregated by the pixel-wise median. The corresponding results
on the cilium sub-image are shown in the bottom row of Fig. 3.7.

From the quantitative and qualitative results in Table 3.1 and Fig. 3.7, it is
clear that denoising improved both single and aggregated short exposure images.
Both of the two aggregation strategies improve the results approximately equally
well. Based on the visual assessment, the output of the BM3D method from
the aggregation of 5 denoised short exposure images strategy produces the most
appealing result. Overall, CNN gives the highest quantitative scores as confirmed
by the average PSNR and the SSIM in Table 3.1. Given that the CNN is trained
using the single frame images, it is impressive that the CNN also performs
equally well on the other two strategies, thus, showing the transfer learning
perceptive of learning-based methods.

Table 3.1 Results on the test data set. Average PSNR and SSIM (± standard deviation)
over 90 single images are given in the 1st and 2nd rows. Rows 3 and 4 contain average
PSNR and SSIM over 18 aggregated groups of 5 short exposure images followed by
denoising. Average PSNR and SSIM over 18 images each obtained by aggregating 5
denoised short exposure images, are given in rows 5 and 6. Best performances are
marked in bold.

Initial BM3D (σbm) PURE-LET (σpl) EM (λ) DCNN

1 PSNR 22.25 37.39 ± 0.30 37.38 ± 1.09 37.80 ± 0.27 38.04± 0.21
SSIM 0.019 0.233 ± 0.007 0.219 ± 0.007 0.255± 0.027 0.252 ± 0.002

2 PSNR 27.88 40.45 ± 1.09 40.19 ± 1.06 40.19 ± 0.54 40.86± 0.37
SSIM 0.037 0.270 ± 0.019 0.263 ± 0.017 0.277 ± 0.017 0.282± 0.011

3 PSNR 22.25 39.65 ± 1.04 40.21 ± 0.48 39.92 ± 0.93 40.84± 0.45
SSIM 0.019 0.261 ± 0.013 0.265 ± 0.011 0.273 ± 0.021 0.276± 0.009
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4. CAD FOR PULMONARYNODULES IN CT IMAGES

T he early manifestation1 of lung impairments, e.g., lung cancer is vital for
effective treatment planning and thus considered as key to minimizing the

high risk of death. However, manual interpretation of thoracic CT scans for the
detection of different sizes of pulmonary nodules is a tedious, labor-intensive,
and time-consuming task.

To facilitate the manual interpretation process, two discrete CAD systems
as assistive tools are developed for the early manifestation of multiple sizes of
nodule candidates in CT scans. The first CAD system (Paper III) is discussed
in Section 4.2, and aims to detect pulmonary nodules associated with lung
cancer using a combination of classical image analysis and neural network-based
methods. The second CAD system (Paper IV) is discussed in Section 4.3, and
aims to detect micronodules associated with the fatal and incurable occupational
pulmonary disease (silicosis) using a combination of classical image analysis and
3D CNN-based methods. This chapter summarizes the background, material,
methods, results, and contributions presented in the appended publications (C
and D).

4.1. Overview

Cancer is the leading cause of death around the world, and lung cancer is the
second most common cancer, following prostate and breast cancers in men and
women, respectively [82]. American Cancer Society estimates that lung cancer
accounts for 27% of new cancer cases and 23% of cancer deaths in 2018, i.e., one
out of four cancer deaths [82]. With an estimated 275 700 deaths (approximately
20%), lung cancer is the leading cause of all cancer deaths in Europe [83]. The
overall 5-year survival rate for men and women in Europe is only 11.2% and
13.9%, respectively [84]. Unfortunately, the majority of cases are diagnosed in
the late stages of cancer progression, resulting in ineffective treatment planning
and a high mortality rate. Considering that the 5-year survival rate is 56% for
early-stage cancer [85], it is worthwhile to detect pulmonary nodules in the early
stages.

Smoking is by far the most influential risk factor for lung cancer which is
further influenced by the quantity and duration of smoking. Although smoking

1In this chapter manifestation refers to detection
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