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Abstract

Neuroimaging Fusion in Nonsubsampled Shearlet Domain by Maximizing the
High-Frequency Subband Energy and Classification of Alzheimer's Disease using
Local and Global Contextual CNN Features of Neuroimaging Data

Emimal Jabason, Ph.D.

Concordia University, 2024

Neuroimaging fusion is the process of combining brain imaging data from multiple imag-
ing modalities to create a composite image containing complementary information such as
structural and functional changes in the brain. Recent advancements in transform domain
fusion are promising, but challenges remain in accurately representing empirical distri-
butions and maximizing energy in fused images. The most common neurodegenerative
disease is Alzheimer’s disease, which demands accurate detection and classification for the
care of the patient. Recent advancements in convolutional neural networks (CNNs)-based
methods often overlook local features and do not pay attention to the discriminability of
extracted features for the classification of Alzheimer’s disease. Moreover, existing archi-
tectures often end up using numerous parameters to enhance feature richness.

The objective of this thesis has two parts. In the first part, a novel statistically driven
approach for fusing multimodal neuroimaging data is developed. In the second part, a
lightweight deep CNN capable of extracting both local and global contextual features for
the classification of Alzheimer’s disease is proposed.

In the first part of the thesis, a novel multimodal fusion algorithm using statistical prop-

erties of nonsubsampled shearlet transform coefficients and an energy maximization fusion

il



rule is developed. The Student’s t probability density function is used to model heavy-
tailed non-Gaussian statistics of empirical coefficients. This model is then employed to
develop a maximum a posteriori estimator to obtain noise-free coefficients. Finally, a novel
fusion rule is proposed for obtaining fused coefficients by maximizing the energy in the
high-frequency subbands.

In the second part of the thesis, a novel lightweight deep CNN that extracts local and
global contextual features for Alzheimer’s disease classification is proposed. The net-
work is designed to process local and global features separately using specialized modules
that enhance feature extraction relevant to the disease. Finally, the impact of fused im-
ages, obtained using the fusion approach of the first part, on the classification accuracy of
Alzheimer’s disease is investigated.

Extensive experiments are carried out to validate the effectiveness of the various ideas
and strategies proposed in this thesis for developing multimodal neuroimaging fusion and

Alzheimer’s disease classification schemes.
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Chapter 1

Introduction

1.1 Neurodegenerative Diseases: A Global Challenge

The brain is the most complex organ in the human body, consisting of an intricate network
of billions of neurons and trillions of interconnections between them. Neurodegenerative
diseases refer to conditions involving the gradual degeneration and loss of neurons in the
nervous system. This degeneration leads to a progressive decline in neurological function
and often results in irreversible damage and cell death. Common examples of neurodegen-
erative diseases include Alzheimer’s disease, Parkinson’s disease, Huntington’s disease,
multiple sclerosis, amyotrophic lateral sclerosis, and prion diseases.

Over the past few decades, there has been a notable increase in the prevalence of neu-
rodegenerative diseases, particularly Alzheimer’s disease, accounting for an estimated 60%
to 80% of all cases. In the United States alone, it is estimated that the number of people
living with Alzheimer’s disease is 6.7 million, and it is a huge concern that this number
could grow to 13.8 million by 2060 [1]. Moreover, this surge in neurodegenerative diseases
places an increasing burden on healthcare systems globally. As the demand for specialized
care rises, it results in substantial costs and presents a significant global challenge.

The complexity of the brain and the devastating impact of neurodegenerative diseases



demand enhanced research and innovative approaches to diagnosis, treatment, and preven-

tion of these diseases.

1.2 Advances in Neuroimaging Techniques

Neuroimaging techniques play a crucial role in the understanding and diagnosis of neurode-
generative diseases such as Alzheimer’s disease. Structural magnetic resonance imaging
(MRI), computed tomography (CT), functional MRI (fMRI), and positron emission tomog-
raphy (PET) are some of the common neuroimaging techniques used to capture changes in
the brain.

Structural MRI is one of the most widely used neuroimaging techniques due to its abil-
ity to provide detailed images of the structure of the brain. It utilizes powerful magnetic
fields and radio waves to generate images of the brain, allowing clinicians and researchers
to detect abnormalities such as shrinkage of hippocampus [2], enlarged verticles [3], corti-
cal atrophy [4], the presence of lesions [5], and changes in white matter hyperintensities [6],
all of which are indicative of neurodegenerative processes. CT scans also provide detailed
images of the structure of the brain by combining multiple X-ray images taken from differ-
ent angles. While not as commonly used for neurodegenerative diseases as structural MRI
or PET, CT scans are valuable for ruling out diseases by detecting structural abnormalities
such as tumors, hemorrhages, or atrophy in the brain.

Functional MRI (fMR]) is a specialized form of MRI that measures changes in blood
flow and oxygenation levels in the brain, providing insights into neural activity and con-
nectivity. By mapping patterns of brain activation during specific tasks or at rest, f/MRI can
help identify alterations in brain function associated with neurodegenerative diseases [7].
PET imaging enables the visualization of metabolic and molecular processes in the brain
by detecting radioactive tracers injected into the body. This allows for the assessment of

various aspects of neurodegeneration, including the buildup of protein aggregates such as

2



amyloid-beta and tau, which are the hallmarks of Alzheimer’s disease [1].

Despite the availability of various neuroimaging techniques, diagnosing neurodegener-
ative diseases can still be challenging for several reasons:

Complexity of Diseases: Neurodegenerative diseases are inherently complex and het-
erogeneous in nature. They often involve multiple pathological processes occurring simul-
taneously, such as protein aggregation, inflammation, and neuronal loss [8]. These pro-
cesses can present differently in each individual, making it difficult to establish a definitive
diagnosis based solely on information obtained from single neuroimaging technique.

Incomplete Information: Neuroimaging techniques, such as structural MR or PET
imaging, provide valuable information about specific aspects of neurodegenerative dis-
eases, such as brain structure or metabolic activity. However, each technique alone does
not provide a comprehensive view of the disease process, leading to gaps in understanding
and potentially missing important diagnostic markers.

Overlap of Symptoms: Many neurodegenerative diseases present with overlapping
clinical symptoms, making it challenging to differentiate between them based solely on
single neuroimaging technique. For example, both Alzheimer’s disease and frontotem-
poral dementia can exhibit similar patterns of brain atrophy on structural MRI [9], [10].
Moreover, neurodegenerative diseases often occur in older adults who may also have other
age-related conditions [11].

Interpretation Challenges: Without complementary insights from various imaging
modalities, there is always a significant risk of misinterpreting the data or incompletely
assessing the disease process. However, interpreting and correlating information obtained
from single or multiple neuroimaging techniques can be challenging as it not only requires
specialized expertise but is also subject to interpretation variability among clinicians.

While neuroimaging techniques have greatly enhanced our ability to diagnose and un-

derstand neurodegenerative diseases, diagnosing these conditions remains complex and



(b)

Figure 1.1: Difference in structural and functional imaging of an Alzheimer’s disease pa-
tient from ADNI database. (a) MR image using magnetization-prepared rapid gradient-
echo (MP-RAGE) (b) Fludeoxyglucose (FDG) PET.

challenging due to the several reasons discussed above. Hence, it is essential to have a tech-
nique that combines the complementary information provided by each of the neuroimaging

techniques for the diagnosis of neurodegenerative diseases.

1.3 The Role of Neuroimaging Fusion

Neuroimaging fusion is a technique that combines data obtained from multiple imaging
modalities to improve diagnostic accuracy and provide a more comprehensive understand-
ing of neurodegenerative diseases. By integrating information such as fusion of images
obtained from various neuroimaging techniques offers several advantages over relying on
images obtained from a single neuroimaging technique.

One of the primary benefits of neuroimaging fusion is the ability to complement the
strengths of each imaging modality while mitigating their individual limitations. For ex-

ample, structural MRI deals only with the valuable anatomical information of the brain.



As a result, the brain imaging data obtained from one of the above two techniques is not
sufficient, in general, to carry out a proper diagnosis, and hence, data from multiple sources
are acquired. As an example, structural MRI can detect changes in different regional struc-
tures such as lateral ventricle size with quite detailed resolution as shown in the Fig. 1.1(a).
On the other hand, the functional neuroimaging technique deals only with the functional
changes such as metabolic activity of neurons, local changes in blood flow, regional compo-
sition, and absorption of brain [12]. Moreover, it usually produces images of low resolution
and fail to convey spatial information as shown in the Fig.1.1(b). In such situations, it is
important to be able to see the relation between the anatomical details visible at one loca-
tion in one modality and the functional details that are more visible at the corresponding
location in the other modality for better diagnosis and surgical planning. It is not easy to see
such a relation by observing multiple modalities and to interpret and correlate the informa-
tion provided by each modality. The desire to visualize such complementary information

in a single image has led to investigations in multimodal image fusion.

1.4 Brief Literature Review on Neuroimaging Fusion and
Alzheimer’s Disease Classification

A fused image obtained through a fusion of two or more different modalities is more suit-
able for human and machine perception or for further image-processing tasks such as seg-
mentation, feature extraction and object recognition. However, the existing fusion algo-
rithms face a number of challenges such as loss of significant attributes, staircase effects,
blocking artifacts, noisy patches, and contrast reduction. For multimodal neuroimaging
fusion, it is useful to have a precise comparison of brain functional details with its under-
lying structure, avoiding possible mistakes resulting from alternate viewing of two or more

separate images. However, the manual way of integrating the information obtained from



multiple techniques is an extremely time-consuming and expensive process, which also
demands years of experience to reduce human error. Hence, automated multimodal neu-
roimaging fusion is recognized as a promising solution to understand the different aspects
of neurodegenarative diseases at an early stage [13].

Inrecent years, several techniques have been developed to handle the multimodal fusion
problem for neuroimaging data [13]—[30] based on spatial, or transform domain approaches
[31]. Despite these efforts, it still remains a challenging task and requires more research
to overcome some of the drawbacks such as staircase effects, loss of significant attributes,
blocking artifacts, and contrast reduction of the existing automated fusion algorithms.

In [16], the authors have developed a fusion method which is based on edge-preserving
guided image filter. The idea is to first find two sharpened images by considering one as an
input image and the other as a guidance image and vice versa. This is found by subtracting
the input images from the blurred images which is obtained using guided image filtering.
Then, the sharpened images are combined based on the weights obtained through image
statistics. Although it provides better gradient information, it is clear that the intensity in-
formation could get lost. In addition, choosing a guidance image in case of fusing three or
more images is a challenging task. Zhao et al. [18] have proposed an adaptive fractional or-
der total variation (TV) technique to estimate the fused image in the spatial domain. It can
suppress the noise including the staircase effects present in the original TV models [32],
[33]; but it still suffers from contrast reduction, just as other spatial domain techniques
do [13]. Given improved data representation, energy compaction, and reduced complex-
ity, transform domain approaches are known to be more effective in handling multimodal
image fusion problem [31]. The transform domain methods are generally categorized into
sparse representation-based and multiscale decomposition-based methods. Liu et al. [21]

have proposed a convolutional sparse representation-based fusion framework in which the



source images are modelled as the sum over a set of convolutions between sparse coeffi-
cient maps and dictionary filters. In [19], the source image patches have been classified
based on geometrical features and coded sparsely via online multiclass dictionary learning
algorithm. The sparse representation-based methods learn dictionary elements from the
source images. However, in case of noisy input, a highly redundant dictionary may cause
unwanted visual artifacts in the reconstructed output [34]. Recently, multiscale transforms
such as local Laplacian pyramid [15], wavelet [17], [35], curvelet [30], [31], contourlet
[13], [29], shearlet [27], or cascade of such transforms [25], [36] have also been em-
ployed to develop fusion algorithms for neuroimaging and other medical images. In local
Laplacian pyramid-based method [15], the source images are first decomposed using local
Laplacian filtering [37] into approximate and residual images at different scales. Then, the
approximate and residual images are fused using a local energy maximum scheme and an
information of interest-based scheme, respectively. However, it is known that the widely-
used Laplacian pyramid and wavelet transform is not effective in representing anisotropic
features such as edges of multidimensional data. To overcome this limitation, Candes et al.
[38] proposed the simpler, faster, and less redundant curvelet representation to capture the
geometric information in images. In [30], a curvelet based fusion is implemented based
on the application of the additive wavelet transform on the source images. The maximum
fusion rule is applied on the ridgelet transform of high-frequency bands. However, the
implementation of curvelet in discrete domain is very challenging as it requires a rotation
operation, which does not preserve the digital lattice [39]. To deal with this issue, two
other multiresolution tools, contourlet [40] and shearlet [41] were introduced. Although
these two transforms have good directional sensitivity, it is found that shearlet transform is
more advantageous as there are no constraints on choosing the number of directions and the
size of the supports for the shearing. It is also computationally more efficient unlike the us-

age of the directional filter banks in contourlet transform [41]. However, the downsamplers



present in the Laplacian pyramid makes the shearlet transform, which is constructed by
combining the Laplacian pyramid and shearing filters, shift invariant resulting in pseudo-
Gibbs phenomena around the singularities such as edges [42]. Nonsubampled shearlet
transform (NSST) [26], [41], [43] resolves this artifact by using nonsubampled filters in
shearlet transform and it is proved as an excellent multiscale decomposition tool for med-
ical image fusion [14]. Since the distribution of the NSST domain coefficients of images
has large peaks around zero and tails heavier than that of a Gaussian PDF, an appropriate
choice of the distribution to model the statistics of the NSST domain coefficients would be
the one having a heavy-tailed PDF. For this purpose, in [27], [35], a model-based fusion
approach has been made to model the subbands coefficients using the generalised Gaus-
sian distribution (GGD). However, the GGD model often exhibits exaggerated tails [44],
and hence this PDF still cannot provide an accurate fit to the empirical density function of
the images in the transform domain. Moreover, as the coefficients of the high-frequency
subbands are complex numbers, one of the most commonly used procedures for finding
the decision map is the absolute maximum selection rule [45]. Using this rule, a transform
domain coefficient of the fused image is selected as the corresponding coefficient of the
transform domain representation of one of the constituent images that has the largest mag-
nitude. However, this approach leads to a fused image that may not necessarily have the
highest possible energy.

Moreover, in recent years, convolutional neural networks (CNNs) have found widespread
use in a variety of applications [46]. This is because CNN have several unique properties
that make them well-suited to automatically learn hierarchical representations of relevant
image features, and their robustness to translation, scaling, and noise. Furthermore, the
advancements in hardware and computing power have enabled the training of deep and
complex CNNs, leading to their improved performance for various applications. The re-

search in detecting and classifying Alzheimer’s disease using the image data obtained from



different neuroimaging techniques has greatly benefited from these advantages of the CNN's
[47]1-[55].

Gupta et al. [47] first train a sparse autoencoder [56] to learn a set of bases from ran-
domly selected 2D patches of natural images to represent MRI data. Then, a set of feature
maps is obtained using the slices of the MRI data and the bases learned from the sparse
autoencoder as the weights for the filters of the 2D convolution layer. The feature maps
extracted by the convolutional layer are then fed to a pooling layer for dimensionality re-
duction of the feature maps thus obtained. Finally, the pooled feature maps are fed to train
a neural network for classifying a sample of the MRI data. To the best of our knowledge,
this is the first work for the classification of Alzheimer’s disease using CNN. However, as
mentioned in [48], the features extracted from the unrelated source domain in this scheme
degrade its classification performance. Moreover, fine-tuning models on the target data
may lead to overfitting if there is a significant domain difference between the source and
the target domains [57]. The work in [49] is similar to that in [47], but the authors use 3D
patches of MRI data instead of 2D patches of natural images to learn the weights for the
filters of the 3D convolutional layer. Hosseini-Asl et al. [50] have proposed a 3D CNN
that combines pre-trained encoding layers of a 3D convolutional autoencoder as its lower
layers with fully-connected upper layers. The autoencoder part of the network extracts
generic features from the source domain and then the fully-connected upper layers are fine-
tuned in the target domain for the classification of Alzheimer’s disease. Sergey et al. [51]
have proposed plain and residual 3D CNN architectures without relying on unsupervised
autoencoder learning, as utilized in [47], [49], and [50]. Although the MR images of the
whole brain are used to train the proposed CNNs in [50] and [51], the choice of the pooling
layers in the network limits the capture of global features that are important for an accurate
classification of Alzheimer’s disease as concluded by the work in [58]. The authors in [58]

have quantified the global and local gray matter (GM) volume to examine the differences in



MCI subjects compared to subjects with HC and AD. The global GM volume was assessed
using segmentation and the local GM volume was assessed using a technique called voxel-
based morphometry [59]. They have found that AD subjects had a significantly (12.3%)
lower mean global GM volume when compared to that of HC subjects. Global GM volume
in the MCI subjects was 6.2% lower than that of AD subjects and 6.5% higher than that of
HC subjects. GM loss in the medial temporal region characterizes MCI, while GM loss in
the parietal and cingulate cortices characterizes AD. Hence, for an accurate classification
of Alzheimer’s disease, it is not only crucial to have both the local and global features,
but it is also important to have the features from different key regions of the brain. In the
scheme [52], both types of features are confined only to the left and right hippocampi, and
other brain regions are not considered for classification. The authors in [53], developed a
hierarchical fully convolutional network (H-FCN) in which the discriminative local patches
from all the regions of the brain are automatically identified unlike in [52] in which it is
assumed that the informative location is only in hippocampi. However, there are certain
drawbacks to consider in this scheme. One drawback is that the template does not always
perfectly align with each subject’s brain structure due to anatomical variations among indi-
viduals and image artifacts. This results in inaccuracies in the generation of patch locations
and can adversely affect the classification performance by introducing irrelevant patches.
Moreover, a selective number of patches used for feeding into the patch-level subnetwork
from the registered image loses the ability to leverage contextual local information from
all parts of the brain. The processing of the selected number of patches and the pruning
of patch-level subnetworks reduce the complexity of the scheme; however, on the other
hand, the computational complexity associated with the overhead of registration is also a
significant concern. The authors in [54] have proposed an attention-based scheme called
dual attention multi-instance deep learning (DA-MIDL) network, which still loses the con-

textual local features in view of its using only a subset of all the patches in an image. In
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the network of the scheme [55], the entire brain image is fed to the network to automati-
cally learn the features from all parts of the brain and an attention layer is employed only
on the feature map produced by the last convolutional layer in each of the residual blocks
to enhance the classification performance. By paying attention only to the output of the
last convolutional layer of a residual block is perhaps not the best way of improving the
classification performance. On the other hand, adding more attention layers in each of the
residual blocks to improve the performance further would result in increasing the overall
computational complexity of the network. It is also noted that this scheme employs limited
contextual information, since the attention map is obtained using point convolution and not

exploiting the neighbouring pixels for the query and keys at each spatial location.

1.5 Motivation and Objectives

It is seen from the literature review in Section 1.4 that the nonsubsampled shearlet trans-
form (NSST) offers several advantages over traditional multiscale transforms, particularly
in the context of neuroimaging fusion and analysis. However, the generalized Gaussian
distribution used in model-based fusion approaches to characterize the non-Gaussian prop-
erties of shearlet coefficients does not adequately represent the actual distribution of the
NSST coefficients of neuroimaging data. Moreover, a transform domain coefficient of the
fused image is obtained as the corresponding coefficient of the transform domain repre-
sentation of one of the constituent images that has the largest magnitude. Even though the
energy level of the fused image so obtained is higher than that of the constituent images
used for fusion, other fusion rules that could provide higher energy levels for the fused
images remain to be investigated.

It is seen from the literature review that most of the existing schemes for the task of
classification of Alzheimer’s disease develop models that use a select number of patches,

and therefore, the performance of these models depends on the selected patches. If one is
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not able to select appropriate patches, the models may not capture crucial local and global
contextual features from the brain. On the other hand, if one chooses to feed the network
with the entire brain image to automatically learn the features from all parts of the brain,
pooling layers used for dimensionality reduction may limit the classification performance
due to the loss of contextual information. Moreover, the existing architectures often end up
using a large number of parameters to enhance the richness of the extracted features.

The objective of this thesis is twofold: (i) developing a novel model-based scheme
for the fusion of neuroimaging data based on the statistical properties of NSST coeffi-
cients of neuroimaging data as well as a novel fusion rule that maximizes the energy in
the high-frequency transform coefficients, and (ii) developing a novel lightweight convo-
lutional neural network (CNN) capable of extracting both the local and global contextual
features and studying the performance of the CNN model for the binary and multiclass
classifications of Alzheimer’s disease using images of a given modality or images obtained

by fusing images from one or more modalities.

1.6 Organization of the Thesis

The organization of this thesis is as follows. In Chapter 2, a brief review of the background
materials in the context of developing the neuroimaging fusion scheme and the lightweight
convolutional neural network (CNN) for the classification of Alzheimer’s disease is pre-
sented. In Chapter 3, a neuroimaging fusion scheme, utilizing the statistical properties
of nonsubsampled shearlet transform coefficients and a novel energy maximization fusion
rule, is developed. In Chapter 4, a lightweight deep CNN, which processes separately the
local and global features by using modules that pay special attention to local and global
contextual features pertinent to the classification of Alzheimer’s disease, is developed. The
performance of the CNN model for the binary and multiclass classifications of Alzheimer’s

disease using single modality images is studied. In Chapter 5, the performance of the CNN
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model for the classification of Alzheimer’s disease using fused multimodal images obtained
using the proposed fusion scheme is also investigated. Finally, in Chapter 6, some conclud-
ing remarks are made on the work undertaken in this thesis. Some suggestions for further

investigations on the problems undertaken in this thesis are also made.
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Chapter 2

Background Material

In this chapter, we provide a brief review of background material useful for understanding
the work presented in this thesis. We start with a generic multiscale decomposition based
image fusion followed by an overview of commonly used multiscale transforms such as
the pyramid transform, discrete wavelet transform, non-subsampled contourlet transform,
and non-subsampled shearlet transform. Next, we discuss the commonly used fusion rules
applied in image fusion within the transform domain. Further, we discuss convolution
operations, including standard and separable convolution, as well as pooling operations
in deep convolutional neural networks. These operations are fundamental processes in
deep networks, enabling the extraction of features and reduction of dimensionality while
preserving crucial information. Finally, we describe the metrics used for evaluating the

performance of the fusion and classification schemes.

2.1 Commonly Used Multiscale Transforms

Various multiscale transforms have been developed for decomposing images into different
scales and orientations. Each transform has its own characteristics and is suitable for spe-

cific types of images and applications. In this section, we provide an overview of some
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commonly used multiscale transforms.

2.1.1 2D Discrete Wavelet Transform

The 2D Discrete wavelet transform (DWT) is a multiscale transform commonly used in
image processing. It decomposes a signal into frequency subbands at different scales from
which it can be perfectly reconstructed. Figure 2.1 illustrates the 2D DWT process, where
the image [/ is decomposed into its four components at the first level. Subsequently, the
LL subband resulting from the first-level decomposition is further decomposed into its
own LL, LH, HL, and HH subbands at the second level. Here, the LL represents the
approximation coefficients, L H represents the horizontal detail coefficients, H L represents

the vertical detail coefficients, and H H represents the diagonal detail coefficients.

LL [HL
LL HL HL
LH (HH
Image —
LH HH LH HH
1-Level DWT 2-Level DWT

Figure 2.1: Illustration of the 2D Discrete Wavelet Transform.

2.1.2 Non-Subsampled Contourlet Transform

Figure 2.2 shows the decomposition framework of NSCT. Nonsubsampled pyramid (NSP)
structure and nonsubsampled DFB are used in NSCT. The NSP is achieved by using two-
channel nonsubsampled 2-D filter banks that ensure the multiscale property. The DFB is
achieved by switching off the downsamplers/upsamplers in each two-channel filter bank in
the DFB tree structure, which gives directionality. Although NSCT yields better frequency

selectivity, regularity, and shift-invariance, it has restrictions on the number of directions,
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Figure 2.2: Nonsubsampled contourlet transform [60]. (a) NSFB structure that implements
the NSCT. (b) Frequency partitioning.

and its computational complexity is exceedingly high. The implementation, applications,

and other properties of NSCT are well explained in [60].

2.1.3 Nonsubsampled Shearlet Transform

The nonsubsampled shearlet transform, a multiscale, multidirectional, and shift invariant
framework proposed in [41], is found to be a highly efficient multiresolution tool to provide
an optimal sparse approximation for multidimensional signals with anisotropic features
such as edges and other spatial discontinuities present in images. In this section, we briefly
discuss the implementation of NSST and the readers can find the complete details in [41].
In fact, shearlet is an expansion of composite wavelets introduced in [61]. Consider the
2-D affine system generated by v € L?(IR?), a collection of functions obtained by applying

dilation and translation of the form:

{/UCLSJ (m) = | det Ga,sl%U(G;im - t) .

a>0,5s€R tecR?} 2.1
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where G, ; = is the dilation group which is a composition of the anisotropic

a 0 1 —s
dilation matrix and the shear matrix . The mapping between the orig-

0 Va 0 1

inal function and the transform domain in continuous shearlet transform (CST) is defined
by
SH, :x— SHyx(a, s, t) = (T, Vg51) 2.2)

The generating function v is a well-localized band-limited function and adequately meets
the admissibility condition [62] associated with the shearlet approach so that z € L?(R?)

can be reconstructed by

oo o0 d
:1:':/ / / (:c,wa737t)va7s7t—§dsdt (2.3)
R2 J 00 JO a

For any w = (wy, ws) € R?, w; # 0, let Y is chosen to be of the form:

w2

1) = T (2) 2.4)

w1

where T; and T, are smooth functions in which the supports are the proper subset of

[(—2,—3)] U [3,2] and [—1, 1], respectively. In the Fourier domain,

2
1 .
T (awp) Yo (a_— (ﬁ — s) ) e~ miwt (2.5)
2 W1

where T, (w1, w») has frequency support in which wy is in the set [(—2, —-)] U [(2, 3]

2a a’ 2a

alw

Tosi(wi,we) =a

and |ff — s| < /a. Shearlet is a function of three parameters, namely, the scale a, the shear
s, and, the translation ¢.
The discrete shearlet transform is obtained by dicretizing the CST SH,x(a,s,t) =

(x,v,5) On suitable discrete set (scaling, shear, and translation parameters) [63]. NSST
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Figure 2.3: Block diagram of the NSST multiscale and multidirectional 2-scale decom-
position. The nonsubsampled Laplacian pyramid (NSLP) is applied to the input function
resulting in a low frequency subband, denoted by L, and a detailed subband, denoted by H.
The detailed subband is fed into the shearing filter bank to obtain directional information.

is a special type of discrete shearlet transfrom and its decomposition is shown in Fig. 2.3.
This figure depicts a two-scale (¢« = 2) decomposition, where the shear parameter s is
chosen to be 8 and 4 at scales 1 and 2, respectively. The basic structure of NSST includes
the nonsubsampled Laplacian pyramid (NSLP) transform, which establishes the multiscale
property, in combination with shearing filters (SF) that offer a higher amount of directional
information. Here, the use of nonsubsampled filters, without upsamplers or downsamplers,

ensure the invariance property to the shift of the input functions.

2.2 Multiscale Decomposition based Fusion

Multiscale decomposition based fusion methods play a crucial role in combining informa-
tion from multiple source images to generate a single fused image with enhanced features
and details. As illustrated in Fig. 2.4, which depicts a typical flow diagram of image fusion

based on multiscale decomposition (MSD), the process typically involves the following
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Figure 2.4: The generic framework of image fusion based on multiscale decomposition
[64].

steps:

(1) Decomposition: The source images are decomposed into multiscale coefficients us-
ing a suitable multiscale transform. These transforms are designed to capture infor-
mation at different scales and orientations, allowing for the extraction of both local

and global features.

(2) Fusion Rule Application: Once the multiscale coefficients are obtained, fusion rules
are applied to combine them. These fusion rules determine how information from

different scales and orientations should be combined to produce the final fused image.

(3) Inverse Transform: After applying the fusion rule, the fused multiscale coefficients
are inverse transformed to obtain the fused image in the spatial domain. This pro-
cess reconstructs the fused image while preserving important spatial structures and

details.

Thus, in multiscale decomposition, an input image can be represented in the transform
domain by a sequence of detail images along with an approximation image at the coarsest

scale. Hence, the multiscale decomposition of an input image [ is represented as:

I={D'D?*... D" A"} (2.6)
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where AL represents the approximation image at the lowest scale Land D7, j = 1,2,3,..., L
represents the detail images at level j. The detail images include various directional bands
depending on the type of multiscale transforms.

Multiscale decomposition-based fusion techniques offer several advantages, including
the ability to capture and integrate information from different scales and orientations, which
can lead to improved spatial resolution and enhanced feature representation. In the next
section, we will discuss common fusion rules used in image fusion within the transform

domain.

2.3 Commonly Used Fusion Rules in Image Fusion

In the transform domain, the fusion rule is used to obtain the fused coefficient by combining
the corresponding coefficients from input images. In this section, some of the commonly

used fusion rules are discussed.

2.3.1 Weighted Averaging

The weighted averaging fusion rule [65] combines the transformed coefficients of input
images using weighted sums. Each transformed coefficient Ieq(7, j) in the fused image is

computed as follows:

K
Tiusea i, §) = Y wi - Ii(i, §) 2.7)
k=1
where:
* Irsed(1, 7) is the fused coefficient at position (i, j),
* I:(7,7) is the transformed coefficient of the k-th input image at position (3, j),

* wy is the weight assigned to the k£-th input image.

20



2.3.2 Local Standard Deviation

The fusion rule based on local standard deviation [66] selects coefficients by considering
the standard deviation of the coefficients in a local neighborhood. Mathematically, the

fused coefficient Igyseq(i, j) is determined as follows:
Tusea(t, j) = arg max {stddev(Cy(7, j)) } (2.8)
k

where stddev(-) denotes the standard deviation function and arg max selects the coefficient

yielding the maximum standard deviation in the local neighborhood.

2.3.3 Average Gradient

The fusion rule based on average gradient [66] selects coefficients by considering the av-
erage gradient magnitude in the local neighborhood. Mathematically, the fused coefficient

Ttysea (i, 7) is determined as follows:
Itusea(?, j) = arg max {avg_gradient(I;(7,7))} (2.9)
k

where avg_gradient(-) denotes the average gradient magnitude function and arg max se-
lects the coefficient yielding the maximum average gradient magnitude in the local neigh-

borhood.

2.3.4 Absolute Maximum Rule

The absolute maximum fusion rule [66] selects the coefficient with the maximum abso-
lute value among the corresponding transformed coefficients of the input images at each

location in the transformed domain. Mathematically, the fused coefficient Igyeq(i,7) is
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computed as follows:

Ifused(i7j) = max(|]1(z’,j)|, |]2(Z7J)|’ BRI |IK(Z7J)|> (210)

where | - | denotes the absolute value function.

2.4 Convolution and Pooling Operations in CNNs

In this section, we discuss briefly the commonly used convolution operations and the

pooling operations.

2.4.1 Standard Convolution

Standard convolution is a fundamental operation in convolutional neural networks (CNN5s)
used for feature extraction. Given an input image / and a filter /', the standard convolution

operation computes the output feature map O as follows:

O(i,j) =Y > I(i+m,j+mn)- F(m,n) (2.11)
where:
* O(i, j) is the value of the output feature map at position (i, ),
* I(i +m,j+ n) is the pixel value of the input image at position (i + m, j + n),

» F(m,n) is the value of the filter at position (m,n).
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2.4.2 Separable Convolution

Separable convolution is a variant of standard convolution that factorizes a 2D convolution
into two 1D convolutions. It decomposes the convolution operation into two simpler oper-
ations: a row-wise convolution and a column-wise convolution. This approach can signif-
icantly reduce the number of parameters and computations required compared to standard
convolution.

Let F,. be a 1D filter applied along the rows of the input image and F, be a 1D filter
applied along the columns. The output of the separable convolution O can be computed as

follows:

O(i,j) =Y I(i+m,j)  F,(m)- F.(n) (2.12)
where:
* O(i, ) is the value of the output feature map at position (z, 7),
* I(i +m, j) is the pixel value of the input image at position (i + m, j),

* F.(m) is the value of the row-wise filter at position m,

F.(n) is the value of the column-wise filter at position n.

Separable convolution can offer computational advantages, especially in scenarios where
reducing the number of parameters and computations is crucial, such as in deep neural net-

works deployed on resource-constrained devices.

2.4.3 Pooling Operations

Pooling operations in CNNs are used for dimensionality reduction and feature aggregation.

Max pooling and average pooling are two common pooling operations.
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Max Pooling

Max pooling divides the input feature map into non-overlapping regions and selects the
maximum value from each region to form the output feature map. Given an input feature
map [ and a pooling window size S x .S, the max pooling operation computes the output

feature map O as follows:

O(i,j) =max I(S-i+m,S-j+n) (2.13)
where:
* O(i,j) is the value of the output feature map at position (i, j),

e I(S-i+m,S-j+n) is the pixel value of the input feature map in the pooling window

at position (S -i+m,S - j+n).

Average Pooling

Average pooling computes the average value of each non-overlapping region in the input
feature map to form the output feature map. Given an input feature map / and a pooling
window size S x .9, the average pooling operation computes the output feature map O as

follows:

1
> I(S-i+m,S-j+n) (2.14)

where the symbols have the same meanings as in max pooling.

2.5 Commonly Used Evaluation Metrics

In this section, the commonly used evaluation metrics for image fusion and the classifica-

tion are discussed.
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2.5.1 Metrics for Fusion

For quantitative analysis, peak signal to noise ratio (PSNR), structural similarity (SSIM),
mutual information (MI), entropy and Q% are the commonly used performance metrics
for fusion, and these are briefly defined next.

The SSIM measure is a function of three independent components, namely, luminance

(1), contrast (¢), and structure (s).

SSIM (x,y) = [U(x,y)]*[e(z, y)) [s(z,y)]” (2.15)

where «, (3, and -y are the quantities used to calibrate the relative importance of these par-
ticular components. We choose o = 5 = v = 1; the readers are referred to [67] concerning
the details on the choice of the parameters and the steps involved in the calculation of the
SSIM metric.

In the context of image fusion, the MI metric measures the amount of information
the fused image conveys about each of the source images. Considering two input images
fi(z,y) and fo(x,y) and a fused image F'(z,y), we can calculate how much information

F(z,y) holds from f;(x,y) and fs(z,y) based on Kullback-Leibler measure.

L L
(150 = L S een il iy k=02 20

where ppy, (i, 7) is the joint histogram of images F'(z,y) and fi(x,y), pr and py, are
the normalized histograms of F'(z,y) and fi(z,y), respectively, and L is the number of
intensity values. Thus, the image fusion MI measure is defined by simply taking the average

of the composite image F'(x,y) and each of the input images fi(z,y), and fo(x,y), i.e

I(F7f1)+I(va2)

M]Ié1f2 _ 5

(2.17)
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Higher the value of MI better the quality of the fused image. Another metric that is used
to measure the quality of fusion is normalized weighted performance metric Q%. It
calculates the amount of edge information transfers from each of the input images into the
fused image. The normalized weighted performance measure Q% of a given fused image

F’ that operates on input images f; and f5 is defined as follows:

o _ T T @ @ et o) + QR @ gputey)
S gl wh (i) + wh(i, ) |

where w1 (m, n) and w’2(m, n) are the edge strength values of the input images f; and f»,
respectively, at each pixel location (x,y) and are used as weight factors in (2.18). Q/1F'(z, y)
and Q/2F'(x,y) are the edge information preservation values of f; and fs, respectively, in
the fused image F' at each pixel location (x,y). Each of these quantities is the product
of the edge strength preservation values and the orientation preservation values calculated
by using the Sobel operator [68], [69]. The value of the normalized weighted performance
measure Q% ranges between 0 (complete loss of edge information) and 1 (no loss of edge
information) [69]. As explained in [64], for color images, we first calculate the performance
measures SSIM, MI, and Q% of an individual channel separately using (2.15), (2.17)
and (2.19), respectively, followed by averaging out over the number of channels. As an
example, for color images such as RGB, we calculate MI by considering the red, green and

blue color components of each individual pixel so that (2.17) becomes

R,G,B

[/(F. f,) + Ii(F. f,
Z(f)z(f)

1
ij;lf?:g

(2.19)

The other common performance measures, PSNR and entropy, are also calculated in the

same manner for the color images.
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2.5.2 Metrics for Classification

Next, to evaluate the performance of the classification, we employ four different metrics,
namely, accuracy (ACC), sensitivity (SEN), specificity (SPE), precision (PREC), F1-score

(F1), and area under the ROC curve (AUC). For each class, these metrics are defined as:

TP + TN

A = P INT PP EN (2.20)
SEN = TPTF—PFN (2.21)

SPE = TNT—JI:IFP (2.22)
PREC = % (2.23)
l:1:2><PREC><SEN (2.24)

PREC + SEN

where TP, TN, FP, and FN denote true positive, true negative, false positive, and false
negative values, respectively. For a given class, TP refers to the number of samples being
predicted correctly to belong to the class in question, TN refers to the number of samples
being predicted correctly to belong to a class not in question. FP refers to the number of
samples being predicted incorrectly to belong to the class in question, and FN refers to the
number of samples being predicted incorrectly to belong to a class not in question. These
quantities are calculated using a confusion matrix, which is defined as an n X n matrix
whose (i, 7)th entry is the number of samples that actually belong to the ith class but have
been predicted to belong to the jth class. In addition to the above metrics, area under the

curve (AUC) is a commonly used metric to measure the tradeoff between sensitivity and
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specificity, and it is the total area under the TP vs. FP curve.

2.6 Summary

In this chapter, a brief review of background material pertinent to the work of this the-
sis has been provided. Multiscale transforms such as discrete wavelet, non-subsampled
contourlet, and shearlet transforms, which are commonly used for image fusion based on
multiscale decomposition, have been discussed. Then, the steps involved in the process of
image fusion based on multiscale decomposition have been described. Various commonly
used fusion rules in image fusion have also been presented. Moreover, the standard and
separable convolution operations, along with commonly used pooling operations in deep
convolutional neural networks, have been explained. Finally, the commonly used evalua-
tion metrics to assess the performance of image fusion and classification algorithms have

been presented in detail.
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Chapter 3

Neuroimaging Fusion in Nonsubsampled
Shearlet Domain using Location-scale
Distribution by Maximizing the High

Frequency Subband Energy

3.1 Introduction

In this chapter, we introduce a Bayesian inference-based method for fusing neuroimaging
data obtained from an arbitrary number of modalities [70], [71]. This method relies on the
statistical properties of nonsubsampled shearlet transform (NSST) coefficients and employs
a novel energy maximization fusion rule. The marginal distributions of the high-frequency
NSST coefficients exhibit heavier tails than the Gaussian distribution. As a consequence,
we use a heavy-tailed probability density function, student’s t location-scale distribution,

to describe the highly non-Gaussian statistics of empirical NSST coefficients by estimating
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the parameters using maximum likelihood estimation. We then employ this model to de-
velop a maximum a posteriori estimator to obtain the noise free coefficients. In view of the
fact that the high-frequency subbands contain highly discriminative features such as edges,
corners, blobs, and ridges, a fusion rule for obtaining the fused NSST coefficients based
on maximizing the energy in all such subbands is also developed. Experiments are carried
out on fusing two or more neuroimages taken from the BrainWeb, Alzheimer’s Disease

Neuroimaging Initiative (ADNI) and Whole Brain Atlas databases.

3.2 Multiscale and Multidirectional Image Representation
using Nonsubsampled Shearlet Transform
The nonsubsampled shearlet transform (NSST) as described in Section 2.1.3 equipped with

the following properties:

(a) Efficient computation: It exhibits rich mathematical structure, and the shearing filters
have smaller support sizes than that of the directional filters used in the contourlet

transform so that they can be implemented much more efficiently.

(b) Better representation: It has the features of directionality, localization, shift invari-

ance, anisotropy, and multiscale.

(c) It does not have any restrictions on the number of directions for the shearing, as well

as the size of the supports.

The NSST transform is employed in the proposed fusion method to decompose a given
image into multiscale and multidirectional subbands. Given an image [ of size N x N, the

procedure for finding the NSST at fixed scale [ is summarized below [41].

(1) Apply the NSLP to decompose [ into a low-pass image Lé— and a high-pass image
L.
H‘] b}
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(2) Compute P f 1, the discrete Fourier transform of H; on the pseudo-polar grid;
(3) Apply band-pass filtering to P fé,

(4) Apply inverse fast Fourier transform (IFT) after re-assembling the samples on a

Cartesian grid.

As an example, the shearing filters (wedge shaped) computed using the Meyer wavelet
function are shown in Fig. 3.1. The shearing filters of sizes 64 x 64 and 128 x 128 are used
in the first and second scale of decomposition, respectively, with the number of shearing
directions chosen to be 4 and 6 from small scale to large scale. The two-scale NSST
decomposition of an MR image using maxflat filters in the NSLP stage is shown in Figs.
3.2 (b)-(1). Fig. 3.2 (b) is the low frequency sub-band, followed by the high frequency

subbands at scale 1 and scale 2 in Figs. 3.2 (c¢)-(f) and Figs. 3.2 (g)-(1), respectively.

an PN

(a) (b) © d (e

Figure 3.1: Examples of images of the shearing filters. Each detail subspace in NSST is
chosen to be represented by four directions (a)-(d) in the first scale of decomposition and
six directions (e)-(j) in the second scale of decomposition.
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Figure 3.2: An example of two pyramidal scales nonsubsampled shearlet transform (NSST)
decomposition. (a) MR image of an Alzheimer’s disease patient. (b) The low-frequency
subband. (c)-(f) The high-frequency subbands at scale 1. (g)-(1) The high-frequency sub-
bands at scale 2.

3.3 The Forward Likelihood Model

Let f;(z,y) represent the unknown heterogeneous features such as structural and functional
information of the brain, which are acquired by M different sensors and g;(x,y) the ob-
served measurements. We consider neuroimaging fusion as the inverse of a linear forward

model[32] that relates f;(x,y) and the observed brain images g;(z, y) by the following:

gi(z,y) = filw,y) +ni(z,y)  i=1,2,...,. M (3.1)

where n;(z, 1) is the noise associated with the ™ sensor at location (z,y). In general,
signal fluctuations originate in the physical processes of imaging rather than in the tissue
textures. In MRI, the acquired real and imaginary data in the frequency domain are known
to be corrupted by white noise having Gaussian probability distribution. The frequency
domain data is transformed into Cartesian domain via inverse Fourier transform (IFT).
After IFT, the real and imaginary parts are still corrupted by Gaussian noise, since the

transform is linear and orthogonal. However, in reconstructed PET images, unlike MRI,
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the exact nature of the noise propagation is not well known. Hence, in this model, we

assume that the target brain image is corrupted by additive white Gaussian noise with zero

mean and a known standard deviation o,, on each acquisition. Also, it is necessary that the

input images are spatially aligned for developing image fusion algorithms [72]. Then, we

apply non-subsampled shearlet transform (NSST) to all the observed images g;(z, y) to be

fused. In general, if an image is decomposed into & scales and D(k) denotes the number

of directions chosen at scale k, the NSST transform provides a low frequency subband at

the finest scale and D(k) high frequency subbands at each scale &, in which the size of the

subbands are similar to the size of the input image. We can write the model in (3.1) by an

equivalent frequency domain representation:

where

where

Gi(u,v) = F;(u,v) + N;(u,v) i=1,2,..., M

GE(u,v)  for the low frequency subband
Gi(u,v) =
G5 (u,v) for the high frequency subbands

GzL(uv U) = EL<U7 ’U) + NiL(u7 U)

GH(u,v) = FF(u,v) + NP (u, v)

1=1,2,... M
k=1,2,..,K
d=1,2,...,D(k)
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where the terms in the upper case letters are the NSSTs of the corresponding terms in (3.2)
and M, K and D(k) denote the number of source images, number of scales and number of
directions at each scale, respectively. The goal of the proposed neuroimaging fusion algo-
rithm is to estimate the fused coefficients that combine the most significant information of
Fik’d(u, v) from the NSST coefficients of the given brain images, ¢;(x, ). Since we assume
the probabilistic model associated with noisy NSST coefficients, Nik’d(u, v), conditioned

on F"*(u,v) is Gaussian, the conditional probability is given by:

P(Gi(u, 0)[Fi(u,v)) = ) (Gi(u, v) = Fi(u, v))

= N(07 U?Vi(u,v))

which is proportional to

(3.3)

‘We use a robust median estimator [73] to estimate the noise variance a?vi(u ») which is given

by:
| Detail subbands of G;(u,v)|

0.6745 4

ONuw) = MAD

where MAD is the median absolute deviation and G;(u,v) denotes the NSST coefficients

of the observed neuroimaging data.
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3.4 Proposed Neuroimaging Fusion Algorithm

In this section, we compute the fused NSST coefficients statistically using Bayes’ rule with
some knowledge of the prior distribution. Fig.3.3 shows a schematic view of different mod-

ules involved in the proposed Bayesian inference-based multimodal neuroimaging fusion

algorithm.

';’
Non-subsampled shearlet ‘ W Inverse non-
transl:orm p—) Bayesian MAP estimator subsampled shearlet
‘ Fused coefficient /! transfrom

9

F N

-

0 i

Estimation of parameters

Modeling using STLS ( scale, shape and
FoE location)

L

Figure 3.3: Block diagram of the proposed neuroimaging fusion method. Fusion takes
place on individual channel for color images. STLS PDF stands for Student’s t location-

scale PDF.
T T T
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Siudent's t location-scale CDF

08|

07

o 05
x

w04r
03r

02

01

Figure 3.4: Empirical, generalized Gaussian and student’s t location-scale CDFs for one of
the NSST detail subbands of MR image of an AD patient.
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Theoretica Probabilfies

Figure 3.5: P-P plots for empirical, student’s t location-scale and GG distribution for four
NSST detail subbands at the finest scale. (a)-(d) for MR image, (e)-(h) for FDG-PET image
and (i)-(1) for SPECT neuroimaging data.

3.4.1 Statistical Modeling of NSST Coefficients of Neuroimaging Data

At first, we propose to use the student’s t location-scale PDF as a prior for modeling the
heavy tailed nature of the NSST coefficients corresponding to the unknown target brain
images under the assumption of independent identically distributed subbands [17]. Let x
be a student’s t location-scale distributed random variable; its PDF is described by

F(V_H) v+ (:c_—&)Q

2 7 (3.5)

o/ I'(3) v

P(lea i, Or) =

where o, > 0 is the scale parameter, i is the location parameter and v > 1 is the shape
parameter, which determine the nature of the distribution. The shape parameter, v is the

most important parameter in controlling the shape of the distribution. When v > 0, the
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three-parameter student’s t location-scale distribution behaves like a traditional one param-
eter student’s t distribution. When v — o0, it approaches the Gaussian distribution. The
smaller values of the shape parameter yields a sharp peak around zero. To validate the
behavior of the proposed prior PDF qualitatively, we examine the cumulative distribution
function of the empirical real NSST coefficients with the student’s t location-scale and the
generalised Gaussian (GG) PDF’s of the neuroimaging data. We examine the statistical
properies of NSST coefficients of different multimodal neuoimaging data. Fig. 3.4 empha-
sizes the modeling performance of the real NSST coefficients of MR neuroimaging data
of an AD patient. In addition, Fig.3.5 shows the qualitative fitting results in terms of the
P-P plot of empirical, student’s t location-scale and GG for four NSST detail subbands of
multimodal neuroimaging data such as MR, FDG-PET, and SPECT images. The above two
figures show that the student’s t location-scale distribution provides a better fit in compari-

son with that provided by the GG distribution.

Parameter Estimation

In order to use student’s t location scale distribution as a prior for estimating the fused
coefficients, it is necessary to estimate the parameters from the NSST coefficients of the
neuroimaging data. We employ the maximum likelihood estimation method [74] for learn-
ing the location, scale and shape parameters of the distribution. The maximum likelihood
estimates are obtained through the expectation maximization (EM) algorithm [75], where

the location and scale parameters can be estimated as

nowk x;
M£k+1) — Zzil 7 (36)

27‘11 W(k)

o = (1/m) 3 WP - )X - )T 3.7
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Table 3.1: Goodness-of-fit Measures in Terms of Jensen-Shannon Divergence

Subbands MR FDG-PET SPECT
GGD | STLSD* | GGD | STLSD* | GGD | STLSD*
1 0.0045 | 0.0020 0.0345 | 0.0021 0.0223 | 0.0028
2 0.0049 | 0.0029 0.0228 | 0.0022 0.0342 | 0.0023
I 3 0.0045 | 0.0015 0.0045 | 0.0023 0.0089 | 0.0031
4 0.0058 | 0.0023 0.0082 | 0.0081 0.0065 | 0.0034
5 0.0068 | 0.0031 0.0098 | 0.0090 0.0089 | 0.0067
6 0.0023 | 0.0019 0.0073 | 0.0073 0.0045 | 0.0034
1 0.0065 | 0.0021 0.0213 | 0.0032 0.0185 | 0.0027
2 0.0025 | 0.0021 0.0066 | 0.0058 0.0065 | 0.0024
3 0.0048 | 0.0024 0.0088 | 0.0076 0.0056 | 0.0045
4 0.0047 | 0.0023 0.0405 | 0.0193 0.0304 | 0032
I 5 0.0043 | 0.0021 0.0078 | 0.0076 0.0256 | 0.0087
6 0.0030 | 0.0012 0.0074 | 0.0034 0.0089 | 0.0045
7 0.0045 | 0.0019 0.0078 | 0.0065 0.0065 | 0.0034
8 0.0029 | 0.0013 0.0105 | 0.0067 0.0045 | 0.0023
9 0.0065 | 0.0025 0.0387 | 0.0145 0.0082 | 0.0076
10 | 0.0034 | 0.0015 0.0278 | 0.0256 0.0067 | 0.0056
11 | 0.0045 | 0.0022 0.0069 | 0.0025 0.0077 | 0.0024

* Student’s t location-scale distribution

where W; = ;:51 and S; = (X; — ugk))Ta[ WX — uﬁk)). Using the values of 1 and o, the

following equation

n (k+1) (k+1)
> (—v(55—) +rog () + 14+ RY =) =0 (3.8)
=1
with
ok 41 1 R
r = o( 2 ) 109(5(V(k) + (i — ™)

2 (z: — ™)) (3.9)
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can be solved numerically to estimate the shape parameter. In summary, the EM algorithm
for the maximum likelihood estimator is as follows: Given the estimates at iteration, £,
the k + 1'" iteration of EM consists of the following two steps: expectation (E) step and
maximization (M) step. The E step computes the expected value of the log likelihood, given
the observed data and current estimate of the model parameters. The M step maximizes
the resulting function with respect to the model parameters, yielding new estimates to be
used in the next iteration. These steps are repeated until convergence criterion is satisfied.
Furthermore, for quantitative analysis, we use the Jensen-Shannon divergence (JSD [76]
test to calculate the goodness of fit between the empirical and fitted distributions. The JSD
metric, a symmetric form of Kullback-Leibler divergence (KLD), is a measure of similarity

between two probability distributions and is defined by

Dict(p(e): (o)) = 3 ple) n 247 (.10)
Dicslale). (o) = 3 ate) o 2} G0

JSD =

(3.12)

where p(x) is the PDF of the fitted random variable and ¢(z) is the PDF of the empirical
data. The JSD values corresponding to the student’s t location-scale and GG distributions
in 3.4 are 0.0030 and 0.0078, respectively. Table 3.1 shows the comparison between GG
and student’s t location-scale distributions by averaging the values of JSD metric computed
over various subbands for different neuroimaging data. It can be seen that the student’s t
location-scale fits the empirical cumulative distribution function better than the popularly-

used GG distribution does.
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3.4.2 Fusion Decision Rule

In Section 3.4.1, we have shown the modeling ability of student’s t location-scale distribu-
tion for the NSST coefficients of neuroimaging data. Therefore, after estimating the param-
eters, this well approximated distribution is used as a prior PDF to estimate the noise-free
coefficients using MAP estimator in which we find Fik’d(u, v) that maximizes the posterior
PDF p(%) Since the approximation coefficients, F*(u,v) deal with low frequency
information, 1.e., the coarse representation of the image, we follow averaging operation to
combine the coefficients of the low frequency subbands of the various images [77]. The
detailed coefficients contain high frequency information including important details such
as edges and corners present in the images in different directions.

As the coefficients of the high frequency subbands are complex numbers, one of the
most commonly used procedures for finding the decision map is the absolute maximum
selection rule [45]. According to this rule, when two images are fused, the fused coefficient
F;f’d(u,v) is F%(u,v) or Fy(u,v) depending on whether |F{"%(u,v)| > |FF%(u,v)|

or |FF(u,v) < |Fy*(u,v)|, where Fi"%(u,v) and Fy**(u,v) are the coefficients located

at (u,v) in the subband at the k' scale and in the d'" direction of the images 1 and 2,
respectively. Thus, in the absolute maximum selection rule, the energy of the fused image
at the position (u,v) is that of image 1 or image 2 at that position depending on the one
that is larger. Thus, using this rule, the energy level of the entire fused image is, in general,
larger than that of either of the two images used for fusion. The improvement in the quality
of the fused image over that of the individual images can be attributed to the increased
level of its energy. In order to further improve the quality of the fused image, one should be
investigating an approach that will increase the energy level at its individual pixel position
even further. For this purpose, we now propose the following fusion rule.

Let F%(u,v) = F5*(u,v) + jF/*(u, v) be the transform domain coefficient located

at (u,v) in the high frequency subband at the k' scale and in the d'* direction of the
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image 7 = 1,2,3,..., M and ij’d(u,v) = ngl(u,v) —i—jFﬁI’d(u,v) be the corresponding
coefficient at (u,v) in the subband at the k" scale and in the d** direction of the fused

image. The fusion rule is defined as

Fjlflg (u,v) ZVV,R w, ) Fl (u, v) (18a)
and

deu v) ZVVZI u,v) (u,v) (18b)
where the decision maps, W,z (u, v) and Wj;(u, v) are defined by

. . k,d k.d k.d k,d
Loi= g 0 ES )] 2 )], F (o) i, v)

Wir(u,v) = {

0, i#pu
(19a)
Wola v):{l, i=, i o) 2 1B, 0)], [y o) Fy (. 0)
Y 0, i#~y
(19b)

It is to be mentioned that if there is more than one value of : that satisfies ¢ = p (or ¢ = ),
then we choose any one of the ¢ values as p (or ) and let the corresponding weight to ’1°,
and the rest of the weights to ’0’.

Thus, in the proposed fusion rule, the real and imaginary parts of the fused coefficient
F f ’d(u, v) in a given high frequency subband are obtained separately, as opposed to that
in the absolute maximum selection rule. The real (imaginary) part of the fused coefficient
F ;C A, v) <ij (u, v)) is chosen to be the one for which its absolute value is the largest
amongst the absolute values of the real (imaginary) parts of Fik ’d(u, v) of the various images

involved in the fusion.
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It can easily be seen that, in general,
|FF(u, )| > |FF(u,v)| (20)

for all values of 7. Thus, the total energy in the high frequency subbands using the proposed
fusion rule will always be greater than that obtained using absolute maximum selection

rule. We will refer to the proposed fusion rule as the energy maximizing fusion rule.

3.4.3 Implementation Steps

In this subsection, we summarize the main steps involved in the proposed medical image

fusion algorithm.
Step 1: Apply the NSST transform on the individual source image.

Step 2: Estimate the parameters i, oy, v from the NSST coefficients of each input image

using the method described in Section 2.4.1.
Step 3: Apply the fusion rule on the NSST coefficients as explained in Section 2.4.2.

Step 4: Apply the inverse NSST to the fused coefficients obtained in Step 3.

3.5 Experimental Results

In this section, we study the performance of the proposed technique on different pairs of
2-D multimodal synthetic and real brain images. Also, we compare the performance of
the proposed method with that of five other methods, namely, curvelet transform-based
(CTB) method [30], contourlet transform-based (CB) method [29], guided image filter-
based (GIFB) method [16], local Laplacian filtering domain-based (LLDB) method [78],

42



and parameter-adaptive pulse coupled neural network in nonsubsampled shearlet transform-
based (PA-PCNN-NSSTB) method [14]. For a fair comparison, we choose a number of
pairs of images from various databases (BrainWeb [79], Alzheimer’s disease neuroimaging
initiative (ADNI) [80], and Whole Brain Atlas (WBA) [81]), and obtain the fusion results
for each of the methods mentioned above as well as for the proposed method. For the
methods of [16], [78], we have used the codes published by the authors to obtain the fusion
results, whereas for the other methods [14], [29], [30], we have written codes in Matlab.
For the purpose of obtaining the experimental results, we select two scales for the con-
tourlet and non-subsampled shearlet transforms to decompose the source images, where
for the first scale six directions and for the second scale ten directions are chosen. Thus, in
total, we have 16 high frequency subbands and one low frequency subband.

We first investigate the energy values obtained in each high frequency subband when the
absolute maximum selection rule and the proposed energy maximizing fusion rule are ap-
plied. For this purpose, we consider Figs. 3.6(a) and 3.6(b) taken from the WBA database.
It is found that the energy level of each subband is increased using the proposed fusion rule,
with a total increase of 7.15% over that using the absolute maximum selection rule. We
now compare the performance of our method that involves student’s t location scale mod-

eling using the proposed fusion rule with that using the conventional absolute maximum

(b) (d)

Figure 3.6: Fusion results using the conventional and proposed fusion rules. (a) and (b) are
the pair of source images being fused. (c) and (d) are the fused images using conventional
and proposed fusion rules, respectively.
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selection rule. The objective quality of the fused images, using the two rules, as measured
by the various metrics, is summarized in Table 3.2. It is seen from this table that there is an
improvement in the values of every one of the metrics indicating the performance using the
proposed fusion rule is superior to that using the absolute maximum selection rule. This
improved performance is further reinforced by the fused images shown in Figs. 3.6(c) and
3.6(d) using the absolute maximum selection and proposed fusion rules, respectively. This
improvement is clearly due to the use of the proposed fusion rule, which retains important
high frequency details such as edges, corners, blobs and ridges better than the conventional
absolute maximum selection rule does. Hence, in all our subsequent experiments, fusion is

carried out using the novel energy maximizing fusion rule.

Table 3.2: Comparison of Conventional and Proposed Fusion Rules in Terms of Objective
Fusion Measures

f1f2
F

Source Image Fusion Rule PSNR | SSIM MI | Entropy

Absolute Maximum Selection | 16.0222 | 0.5946 | 1.5009 | 4.2751 | 0.7327

Figs. 3.6(a) and 3.6(b)
Proposed 17.1243 | 0.6334 | 1.5705 | 5.7234 | 0.8507

3.5.1 Experimental Results Using Simulated Data

To assess the performance of our proposed method, we carry out extensive experiments on
pairs of simulated brain MR images taken from the BrainWeb database. For this purpose,
we consider slices along the axial plane from the longitudinal relaxation (T1)-weighted,
transverse relaxation (T2)-weighted, and proton density (PD)-weighted MR brain volume
with various slice thicknesses, intensity non-uniformity levels, and noise. Fig. 3.7 illus-
trates the results of fusion of T1-weighted MR (MR-T1) and PD-weighted MR (MR-PD)
images of a normal brain. The objective quality of the fused images obtained for the various

methods as measured by the different metrics is summarized in Table 3.3. It is seen from
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Figure 3.7: Multimodal fusion results of 2-D simulated neuroimages of a normal brain
taken from the BrainWeb database. (a) and (b) correspond to MR-T1 and MR-PD images
of a normal brain, respectively. (c), (d), (e), (f), (g), and (h) correspond to the fused im-
ages using curvelet-based [30], contourlet-based [29], guided image filter-based [16], local
Laplacian filtering domain-based [78], parameter-adaptive pulse coupled neural network
and nonsubsampled shearlet-based [14], and proposed methods, respectively.

this table that the proposed method yields the highest values in all the measures consid-
ered. This is further reinforced by observing the visual quality of the fused images shown
in Figs. 3.7 (c)—(h) using the curvelet-based, contourlet-based, guided image filter-based,
local Laplacian filtering domain-based, parameter-adaptive pulse coupled neural network
in nonsubsampled shearlet transform-based, and proposed methods, respectively. Fig. 3.8
illustrates the results of fusion of T2-weighted MR (MR-T2) and PD-weighted MR (MR-
PD) images of a multiple sclerosis brain. The objective quality of the fused images ob-
tained for the various methods as measured by the metrics is also summarized in Table 3.3.
It is also seen from this table that the proposed method yields the highest values in all
the measures considered. This is further reinforced by observing the visual quality of the

fused images shown in Figs. 3.8 (c)—(h) using the curvelet-based, contourlet-based, guided
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Figure 3.8: Multimodal fusion results of 2-D simulated neuroimages of a multiple sclerosis
lesion brain taken from the BrainWeb database. (a) and (b) correspond to MR-T2 and MR-
PD images of a multiple sclerosis lesion brain, respectively. (c), (d), (e), (), (g), and (h)
correspond to the fused images using curvelet-based [30], contourlet-based [29], guided
image filter-based [16], local Laplacian filtering domain-based [78], parameter-adaptive
pulse coupled neural network and nonsubsampled shearlet-based [14], and proposed meth-
ods, respectively.

Table 3.3: Objective Fusion Results of 2D Neuroimages in Fig

. 3.7 and Fig. 3.8

Source |\ rthod PSNR | SSIM | MI | Entropy | Q™%
Images
CTB [30] 16,0849 | 0.552 | 2.2389 | 5.398 | 0.683
Fig.37 | CB129] 16.2785 | 0.6292 | 2.2553 | 5.0648 | 0.7204
(@ andd (b) |_CIFB16] 15.8754 | 0.6735 | 2.2145 | 44678 | 0.6689
LLDB [78] 16.9352 | 0.7346 | 2.3267 | 53237 | 0.7864
PA PCN NNSSTB [14] | 17.0287 | 0.7425 | 2.2261 | 5.8458 | 0.8009
Proposed 17.2185 | 0.7948 | 2.5338 | 6.5722 | 0.8397
CTB [30] 16.9616 | 0.728 | 2.653 | 54947 | 0.8869
Fig. 38 | CB129] 17.1494 | 0.8042 | 2.7742 | 5.1992 | 0.9023
(@ andd by | CIFB16] 16.9869 | 0.8465 | 2.6167 | #.8734 | 0.8367
LLDB [78] 17.2165 | 0.8498 | 2.6854 | 5.5841 | 0.8592
PA PCN NNSSTB [14] | 17.3674 | 0.8357 | 2.3268 | 5.5845 | 0.8612
Proposed 17.5287 | 0.8525 | 2.8461 | 5.7358 | 0.9309
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image filter-based, local Laplacian filtering domain-based, parameter-adaptive pulse cou-
pled neural network in nonsubsampled shearlet transform-based, and proposed methods,
respectively. From these two figures, it is clear that the proposed method is more effi-
cient in transferring the structural details from the MR images of T1/T2 and PD weighting
techniques compared to that obtained using other traditional methods.

In addition, we now consider the same two MR images shown in Figs. 3.7 (a) and (b),
but with 40% intensity non-uniformity level and containing 1% or 5% or 9% noise. The
noise in the simulated scans has Rayleigh statistics in the background and Rician statistics
in the signal regions [79]. The fusion results as measured by the various metrics is sum-
marized in Table 3.4. It is seen from this table that the proposed method has the highest
values in all of the five performance metrics considered. This is further reinforced by the

subjective fusion results shown in Fig. 3.9, when the noise is 5%. It is observed from the

Table 3.4: Objective Fusion Results of MR images with Noise

Noisy Data Method PSNR | SSIM | MI Entropy h
CTB[30] 20.1979 | 0.7005 | 2.4777 | 54376 | 0.7285
40 % intensity CB [29] 20.3785 | 0.7489 | 2.5907 | 5.2155 | 0.7521
non-uniformity level | GIFB [16] 19.9827 | 0.7139 | 2.5125 | 5.1003 | 0.7067
and LLDB [78] 19.8325 | 0.7540 | 2.6322 | 5.4289 | 0.7932
9% noise PA-PCNN-NSSTB [14] | 19.3576 | 0.7653 | 2.5632 | 5.4162 | 0.7843

Proposed 20.4189 | 0.781 | 2.6795 | 5.5379 | 0.819
CTB [30] 17.9937 | 0.6042 | 2.1455 | 5.254 0.6672
40% intensity CBJ[29] 18.1873 | 0.674 | 2.1728 | 49356 | 0.7009
non-uniformity level | GIFB [16] 17.7914 | 0.6489 | 2.0689 | 4.7135 | 0.6589
and LLDB [78] 17.9842 | 0.7043 | 2.284 | 5.2165 | 0.7621
5% noise PA-PCNN-NSSTB [14] | 18.654 | 0.7216 | 2.3412 | 5.1685 | 0.7634
Proposed 18.733 | 0.7315 | 2.5779 | 5.4988 | 0.8157

CTB [30] 16.672 | 0.5713 | 2.193 | 5.3405 | 0.675

40% intensity CB [29] 16.8476 | 0.6473 | 2.2212 | 5.0154 | 0.711
non-uniformity level | GIFB [16] 16.4853 | 0.6279 | 2.1098 | 4.7365 | 0.6664
and LLDB [78] 16.5731 | 0.687 | 2.2491 | 5.3727 | 0.7210
1% noise PA-PCNN-NSSTB [14] | 17.7462 | 0.6932 | 2.1560 | 5.1356 | 0.8127
Proposed 17.7885 | 0.7076 | 2.3567 | 5.5424 | 0.8396
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Figure 3.9: Multimodal fusion results of 2-D simulated neuroimages with 40% intensity
non-uniformity level and 5% noise taken from the BrainWeb database. (a) MR-T1 image.
(b) MR-PD image. (c), (d), (e), (f), (g), and (h) correspond to the fused images using
curvelet-based [30], contourlet-based [29], guided image filter-based [16], local Laplacian
filtering domain-based [78], parameter-adaptive pulse coupled neural network and nonsub-
sampled shearlet-based [14], and proposed methods, respectively.

fused images that even in the noisy case, unlike the other traditional methods, the proposed
method could retain most of the structural information of the source images in the fused
image, and provide a better image quality. Thus, the proposed method is more robust than

the other traditional methods.

3.5.2 Experimental Results Using Real Data

In this subsection, we carry out extensive experiments on the fusion of real neuroimag-
ing data taken from Alzheimer’s Disease Neuroimaging Initiative (ADNI) [80] and Whole

Brain Atlas (WBA) [81] databases.
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Fusion of Two MR Images taken from ADNI Database

We now consider the fusion of a pair of real MR images taken from the Alzheimer’s dis-
ease neuroimaging initiative (ADNI) database. The images in 3.10 (a) and (b) are the slices
along the axial plane from the MR-T1 and MR-PD volumes, respectively. Table 3.5 lists
the objective fusion results for various methods. It is observed from this table that the pro-
posed method outperforms all the other methods in terms of all the measures considered.
In particular, it has a significantly higher entropy as well as a normalized weighted per-
formance metric, Q%. This is further reinforced by observing the visual quality of the
fused images shown in Figs. 3.10 (c)—(h) using the curvelet-based, contourlet-based, guided
image filter-based, local Laplacian filtering domain-based, parameter-adaptive pulse cou-

pled neural network in nonsubsampled shearlet transform-based, and proposed methods,

Figure 3.10: Multimodal fusion results of 2-D real neuroimages of an Alzheimer’s disease
patient from the ADNI database. (a) MR-T2 image. (b) MR-PD image. (c), (d), (e), (f), and
(g) correspond to the fused images using curvelet-based [30], contourlet-based [29], guided
image filter-based [16], local Laplacian filtering domain-based [78], parameter-adaptive
pulse coupled neural network and nonsubsampled shearlet-based [14], and proposed meth-
ods, respectively.
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Table 3.5: Objective Fusion Results of 2D Neuroimages in Fig. 3.10

Source Method PSNR | SSIM | MI | Entropy | Q™%
Images

CTB [30] 202011 | 0.7022 | 1.4183 | 5.2607 | 0.5756

Fig. 3.10 CB [29] 21.2807 | 0.8776 | 2.5294 | 4.9487 | 0.5842

(@) et (b) GIFB [16] 21.1421 | 0.8456 | 2.3876 | 4.6322 | 0.7920

LLDB [78] 21.4567 | 0.8823 | 2.4762 | 5.9876 | 0.6237

PA-PCNN-NSSTB [14] | 21.4938 | 0.8923 | 2.3921 | 5.6854 | 0.7932

Proposed 21.5599 | 0.8977 | 2.8484 | 6.9367 | 0.8567

respectively. It is seen from these fused images that the proposed technique preserves the
structural details from both the T2 and PD weighting techniques better than the other tra-

ditional methods do.

Fusion of Two MR Images taken from WBA Database

We now consider the fusion of all possible pairs of MR-T1, MR-T2, and MR-PD images
of a lyme encephalopathy patient and a mild Alzheimer’s disease patient taken from the
Whole Brain Atlas (WBA) database. Table 3.6 lists the objective performance measures
for the three pairs of 2-D MR images of the lyme encephalopathy patient, while Table 3.7
lists the corresponding results for the mild Alzheimer’s disease patient. It is seen from
these tables that the proposed technique outperforms all the other methods in terms of all
the measures considered. This is further reinforced by the subjective fusion results shown
in Fig. 3.11 for the lyme encephalopathy patient and the corresponding results shown in
Fig. 3.12 for the mild Alzheimer’s disease patient. It is seen from these fused images that
the proposed technique preserves the structural details of the source images for all the three

pairs better than the other traditional methods do.

Fusion of an MR image with SPECT or PET image taken from WBA Database

We now consider the fusion of four pairs of multimodal brain images taken from the Whole

Brain Atlas (WBA) database. The various pairs of images are shown in Fig. 3.13.
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Figure 3.11: Multimodal fusion results of 2-D real neuroimages of a lyme encephalopathy
patient from the Whole Brain Atlas database. (a) MRI-T1 image. (b) MR-T2 image. (c)
MR-PD image. Rows 2 to 4 correspond to the fusion images of the input combinations
(a) and (b), (a) and (c), and (b) and (c), respectively. Here, columns 1 to 6 correspond to
the fused images of curvelet-based [30], contourlet-based [29], guided image filter-based
[16], local Laplacian filtering domain-based [78], parameter-adaptive pulse coupled neural
network and nonsubsampled shearlet-based [14], and proposed methods, respectively.
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Figure 3.12: Multimodal fusion results of 2-D real neuroimages of a mild Alzheimer’s dis-
ease patient from the Whole Brain Atlas database. (a) MR-T1 image. (b) MR-T2 image.(c)
MR-PD image. Rows 2 to 4 correspond to the fusion images of the input combinations
(a) and (b), (a) and (c), and (b) and (c), respectively. Here, columns 1 to 6 correspond to
the fused images of curvelet-based [30], contourlet-based [29], guided image filter-based
[16], local Laplacian filtering domain-based [78], parameter-adaptive pulse coupled neural
network and nonsubsampled shearlet-based [14], and proposed methods, respectively.
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(ac) (ad) (ae) (af)

Figure 3.13: Multimodal fusion results of 2-D real neuroimages from the Whole Brain
Atlas database. (a) and (e), (b) and (f), (c) and (g), and (d) and (h) are the pairs of source
images being fused. Rows 3 to 8 correspond to the fusion results of curvelet-based [30],
contourlet-based [29], guided image filter-based [16], local Laplacian filtering domain-
based [78], parameter-adaptive pulse coupleg:{leural network and nonsubsampled shearlet-
based [14], and proposed methods, respectively.



Table 3.6:

Objective Fusion Results of 2D Neuroimages in Fig. 3.11

Source Images | Method PSNR | SSIM | MI | Entropy | Q7%
CTB [30] 15.1990 | 0.6660 | 1.8584 | 4.6795 0.5841
Fig. 3.11 CB [29] 16.2012 | 0.5455 | 1.6728 | 5.2058 0.6289
(a) and (b) GIFB [16] 16.2961 | 0.6582 | 1.7470 | 5.2219 0.6678
LLDB [78] 14.1159 | 0.5800 | 1.5545 | 4.8573 0.6579

PA PCN_NNSSTB [14] | 16.8567 | 0.6371 | 2.0316 | 5.1834 0.6531
Proposed 19.7274 | 0.7031 | 2.1381 | 5.2479 0.7299

CTB [30] 17.8508 | 0.6719 | 1.8183 | 4.6789 0.5748

Fig. 3.11 CB [29] 179119 | 0.5912 | 1.6636 | 5.5128 0.6558
(a) and (¢) GIFB [16] 18.0121 | 0.6812 | 1.7471 | 4.9856 0.6943
LLDB [78] 15.1264 | 0.5530 | 1.3744 | 3.8218 0.5250
PA-PCNN-NSSTB [14] | 16.2853 | 0.6398 | 1.9384 | 5.0508 0.5013
Proposed 21.6344 | 0.7927 | 2.2404 | 5.1395 0.7386

CTB [30] 17.9729 | 0.6822 | 1.8206 | 4.5653 0.5678

Fig. 3.11 CB [29] 18.0572 | 0.5868 | 1.7059 | 5.5985 0.6545
(b) and () GIFB [16] 18.1884 | 0.6830 | 1.7776 | 5.0653 0.6798
LLDB [78] 15.5506 | 0.5732 | 1.4375 | 4.9315 0.6059
PA-PCNN-NSSTB [14] | 16.7662 | 0.6427 | 1.9194 | 5.0926 0.5331
Proposed 20.8525 | 0.8508 | 2.4986 | 5.1180 0.7204

Table 3.7: Objective Fusion Results of 2D Neuroimages in Fig. 3.12

Source Images | Method PSNR SSIM | MI Entropy B2
CTB [30] 17.4250 | 0.6996 | 1.9849 | 4.9650 0.7186
Fig. 3.12 CB [29] 16.4331 | 0.5997 | 1.8998 | 4.7807 0.7484
(a) and (b) GIFB [16] 16.6803 | 0.7106 | 2.0190 | 4.2428 0.7681
LLDB [78] 15.6440 | 0.4904 | 1.5521 | 4.5880 0.5905

PA PCN_NNSSTB [14] | 16.8253 | 0.7061 | 1.9313 | 4.9968 0.7577
Proposed 18.5626 | 0.8047 | 2.0743 | 5.3081 0.8357

CTB [30] 15.5317 | 0.8137 | 2.4057 | 4.8595 0.8507
Fig. 3.12 CB [29] 15.7643 | 0.7484 | 2.3738 | 5.0257 0.8652
(a) and (¢) GIFB [16] 14.1377 | 0.8354 | 2.4763 | 5.0616 0.8741
LLDB [78] 15.6020 | 0.5483 | 1.6156 | 4.4413 0.6012
PA-PCNN-NSSTB [14] | 17.8390 | 0.8093 | 2.5994 | 5.3449 0.7612
Proposed 18.2550 | 0.8929 | 2.6848 | 5.6313 0.8017
CTB [30] 16.8453 | 0.8324 | 2.4018 | 4.9674 0.8467

Fig, 3.12 CB [29] 16.8374 | 0.7725 | 2.2875 | 5.1198 0.8808
(b) and (c) GIFB [16] 17.0589 | 0.8417 | 2.3992 | 5.1825 0.8905
LLDB [78] 15.3579 | 0.5174 | 1.4647 | 4.6997 0.5197
PA-PCNN-NSSTB [14] | 17.3163 | 0.8191 | 2.5185 | 5.0034 0.8191
Proposed 18.9036 | 0.8500 | 2.6662 | 5.2467 0.8155

The pair of images in Figs. 3.13 (a) and (e) correspond to T2-weighted magnetic reso-
nance imaging (MR-T?2) and positron emission tomography using F-18-fluorodeoxy-glucose

(FDG-PET) from a 70 year-old man with mild Alzheimer’s disease, respectively. The
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Table 3.8: Objective Fusion Results of 2D Neuroimages in Fig. 3.13

Source | 1 thod PSNR | SSIM | MI | Entropy | Q™%
Images
CTB [30] 15.6906 | 0.544 | 1.4931 | 5.1231 | 0.5949
Fig 3.13 | CB[29] 15.6585 | 0.5358 | 1.4557 | 5.1337 | 0.6118
(@ and (¢) | GIFBI16] 153278 | 0.534 | 1.465 | 5.5401 | 0.5934
LLDB [78] 15.9276 | 0.5281 | 1.4972 | 5.6984 | 0.6038
PA PCN NNSSTB [14] | 16.7136 | 0.5982 | 1.4987 | 5.5872 | 0.7912
Proposed 16.7246 | 0.6334 | 1.5705 | 5.7234 | 0.8507
CTB [30] 16.9026 | 0.5997 | 1.3604 | 4.8770 | 0.6077
Fig. 3.13 | CB129] 16.8106 | 0.5795 | 1.2915 | 5.0118 | 0.6442
by and (f) |_CIFB [16] 16.1564 | 0.5876 | 1.1332 | 5.3483 | 0.6745
LLDB[78] 16,9254 | 0.6237 | 1.392 | 5.4872 | 0.7238
PA-PCNN-NSSTB[14] | 16.3749 | 0.6357 | 1.2968 | 5.4845 | 0.7612
Proposed 16.9308 | 0.6573 | 1.4086 | 5.6932 | 0.8525
CTB [30] 19.1321 | 0.6348 | 1.9821 | 5.4808 | 0.6033
Fig. 3.13 | CB129] 19.1351 | 0.6233 | 1.9478 | 5.543 | 0.6372
(© and (g) | CTFB16] 18.3678 | 0.6342 | 1.7654 | 6.1425 | 0.6859
LLDB [78] 19.5923 | 0.6821 | 1.9943 | 6.1893 | 0.7815
PA-PCNN-NSSTB [14] | 20.0674 | 0.6324 | 1.9269 | 5.6956 | 0.7874
Proposed 20.2543 | 0.6926 | 2.0739 | 6.2802 | 0.8351
CTB [30] 20326 | 0.5904 | 2.1641 | 6.1583 | 0.6251
Fig 3.13 | CB[29] 202649 | 0.5834 | 2.1123 | 6.1593 | 0.6302
(@ and () | GTFB16] 20.1453 | 0.5673 | 2.1432 | 6.5690 | 0.6003
LLDB [78] 20.9246 | 0.56958 | 2.2871 | 6.9326 | 0.7152
PA-PCNN-NSSTB [14] | 20.9434 | 0.6053 | 2.1468 | 5.9865 | 0.7362
Proposed 21.5452 | 0.6547 | 2.3827 | 7.0571 | 0.8096

pair of images in Figs. 3.13 (b) and (f) correspond to MR-T2 and single photon emission

computed tomography with Thallium-201 (SPECT-T1) from a 51 year old woman with

Anaplastic Astrocytoma, a type of rare malignant tumor, respectively. The pair of im-

ages in Figs. 3.13 (c) and (g) are that of the T1-weighted MR (MR-T1), after gadolinium-

diethylenetriamine pentaacetic acid (Gd-DTPA)and FDG-PET from a 53 year old man

with Astrocytoma, a type of cancer of the brain, respectively. Finally, the pair of images

in Figs. 3.13 (d) and (h) are MR-T2 and SPECT with perfusion agent Tc99m-HM-PAO

(SPECT-Tc) from a 76 year old man with Subdural Hygroma, accumumulation of cere-

brospinal fluid in the subdural membrane. The objective performance measures obtained
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for each of the four pairs of 2-D neuroimages using various fusion methods are summarized
in Table 3.8. It is seen from this table that the proposed method consistently outperforms all
the other methods in terms of all the objective measures considered and in particular, it has
significantly higher values of the normalized weighted performance metric, Q%, signify-
ing that the proposed fusion algorithm conveys the gradient information without any sig-
nificant loss. The fused images for each of the four pairs using the curvelet-based method
are shown in Figs. 3.13 (i)-(1), the corresponding fused images using the contourlet-based
method are shown in Figs. 3.13 (m)-(p), those using the guided image filter-based are shown
in Figs. 3.13 (q)-(t), those using the local Laplacian filtering domain-based are shown in
Figs. 3.13 (u)-(x), and those using the parameter-adaptive pulse coupled neural network
in nonsubsampled shearlet transform-based are shown in Figs. 3.13 (y)-(ab). The fused
images using the proposed method for each of the four pairs are shown in Figs. 3.13 (ac)-
(af). In order to appreciate the effectiveness of the proposed method over that of the other
methods in preserving both the structural and functional information of the two modalities
of each pair of images, a small segment (red box as shown in Figs. 3.13 (a)-(h)) of each
pair of the original images and the corresponding segments of the fused images obtained
by various methods are all zoomed in and the resulting zoomed segments are shown in
Fig. 3.14. It is clearly seen from Fig. 3.14 that the proposed technique preserves the struc-
tural features such as the edge information in MR and the functional features such as the
color information in both PET and SPECT images better than the other existing techniques
do. This is in view of the fact the NSST used in our approach provides optimal representa-
tion of neuroimaging data with edges and texture, and further, the student’s t location-scale
distribution, which acts a prior distribution, closely fits the empirical NSST coefficients
of source images; more importantly, it is due to the proposed fusion rule, which increases
the overall high frequency subband energy. Also, it is noticed that the guided image filter

scheme produces blocking artifacts reflecting the lack of sufficient directional information.
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) (2) (aa) (ab)
Figure 3.14: Multimodal fusion results of the zoom region [red box as shown in Figs. 3.13
(a) - (h)] of all the pairs of neuroimages in Fig. 3.11. The four images in each row corre-
spond to the enlarged area of the images in Figs. 3.13.

Although the local Laplacian filtering scheme provides good contrast and no blocking ar-
tifacts, the functional information is not well preserved as observed from the color details

in Fig. 3.14 (v) and some noise is introduced as seen from Fig. 3.14 (u). Also, it is noticed
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from the fused image, shown in Fig. 3.14 (ad), that substantial structural information is
lost in lieu of functional superimposition. However, only a subset of the large region of a
mixed signal on MR-T2 corresponds to the active tumor which is difficult to localize. The
thallium uptake of tumor region in SPECT has been shown to increase the sensitivity and
specificity of tumor detection over MRI. Hence, fusing these two images provides clini-
cians with a single image that combines higher sensitivity of the color SPECT image with
the improved localization of the suspected details in the MRI image.

Fig. 3.15 shows the bar graph of the average normalized weighted performance metric,
Q% obtained using the proposed and other traditional methods for the multimodal pairs,
namely, MR-T1/SPECT, MR-T2/SPECT, MR-PD/SPECT, MR-T1/PET, MR-T2/PET, and
MR-PD/PET. It is seen from this figure that the proposed technique outperforms the other
traditional methods in terms of the normalized weighted performance metric, Q% for all
the multimodal pairs considered. Ideally, the Q% values of 0 and 1 indicate the loss of

and complete recovery of edge information, respectively.

MR-T1/SPECT MR-T2/SPECT MR-PD/SPECT MR-TL/PET MR-PD/PET

neural network and nonsubsampled shearlet-based [4]

s
Figure 3.15: Objective multimodal fusion results comparison in terms of () 7 L

We next consider the fusion of an MR image and SPECT image of a lyme encephalopa-
thy patient taken from the WBA database.
Fusion of an MR image with the SPECT image of a lyme encephalopathy patient

We now consider fusing each of the MR images of a lyme encephalopathy patient shown

in Figs. 3.16 (a), (b), and (c) with the functional SPECT image shown in Figs. 3.16 (d).
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(d)

Figure 3.16: Multimodal fusion results of an MR image with the SPECT image of a lyme
encephalopathy patient. (a) MR-T1 image (b) MR-T2 image (c) MR-PD image, and (d)
SPECT image. (a) and (d), (b) and (d), and (c) and (d) are the pairs of source images being
fused. (e)-(j), (k)-(p), and (q)-(v) are the fused images of (a) and (d), (b) and (d), and (c)
and (d), respectively. Rows 3 to 8 correspond to the fused images obtained using curvelet-
based [30], contourlet-based [29], guided image filter-based [16], local Laplacian filtering
domain-based [78], parameter-adaptive pulsgdcoupled neural network and nonsubsampled
shearlet-based [14], and proposed methods, respectively. NOTE: Figs. 3.16 (a), (b), and
(c) are, respectively, the same as Figs. 3.11 (a), (b), and (c), and are repeated here for
convenience.



Table 3.9: Objective Fusion Results of 2-D Neuroimages in Fig. 3.16

Source Images | Method PSNR | SSIM | MI | Entropy | Q”%
CTB [30] 15.8341 | 0.5929 | 2.3998 | 5.7207 | 0.6484
Figs. 3.16 CB [29] 15.5331 | 0.5947 | 2.8998 | 5.7817 | 0.6484
@ ond @) GIFB [16] 16.6803 | 0.5136 | 2.0190 | 5.2438 | 0.6681
LLDB[78] 16.5470 | 0.5904 | 2.5521 | 5.5840 | 0.7905
PA_PCN_NNSSTB[14] | 15.8253 | 0.6261 | 2.9313 | 6.9968 | 0.6977
Proposed 20.5426 | 0.6947 | 2.8743 | 7.3781 0.8357
CTB[30] 17.5348 | 0.6359 | 1.8456 | 4.6535 | 0.5968
Figs. 3.16 CB [29] 165120 | 0.5472 | 1.6932 | 5.3938 | 0.7328
by ondd @) GIFB [16] 18.1522 | 0.6902 | 1.7491 | 4.9052 | 0.6693
LLDB[78] 15.7244 | 0.5801 | 1.4794 | 3.5617 | 0.6307
PA-PCNN-NSSTB [14] | 16.9849 | 0.6532 | 2.1038 | 5.1954 | 0.5013
Proposed 18.6264 | 0.6976 | 2.0968 | 5.9629 | 0.7855
CTB [30] 17.9678 | 0.6127 | 1.8702 | 4.8238 | 0.5376
Figs. 3.16 CB [29] 18.2474 | 0.6438 | 1.7162 | 5.1034 | 0.6257
Ot @) GIFB [16] 18.2906 | 0.6746 | 1.5689 | 5.1263 | 0.6985
LLDB [78] 15.5468 | 0.5762 | 1.5638 | 4.9336 | 0.6278
PA-PCNN-NSSTB [14] | 16.4669 | 0.6367 | 1.9267 | 5.0689 | 0.5731
Proposed 19.9033 | 0.6992 | 2.8728 | 51568 | 0.7025

Figs. 3.16 (a), (b), and (c) are, respectively, the same as Figs. 3.11 (a), (b), and (c), and are
repeated here for convenience. Table 3.9 lists the corresponding objective fusion results.
The corresponding subjective fusion results are shown in Fig. 3.16. It is clear from these
results that the proposed method performs better than the traditional methods do in terms
of both the objective and subjective fusion results.

We next consider the fusion of an MR image and FDG-PET image of a mild Alzheimer’s

disease patient taken from the WBA database.

Fusion of an MR image with the FDG-PET image of a mild Alzheimer’s disease

patient

We now consider fusing each of the MR images of a mild Alzheimer’s disease patient
shown in Figs. 3.17 (a), (b), and (c) with the functional FDG-PET data shown in Fig. 3.17
(d). Figs. 3.17 (a), (b), and (c) are, respectively, the same as Figs. 3.12 (a), (b), and (c),

and are repeated here for convenience. Table 3.10 lists the corresponding objective fusion
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Figure 3.17: Multimodal fusion results of an MR image with the PET image of a mild
Alzheimer’s disease patient. (a) MR-T1 image (b) MR-T2 image (c) MR-PD image, and
(d) FDG-PET image. (a) and (d), (b) and (d), and (c) and (d) are the pairs of source images
being fused. (e)-(j), (k)-(p), and (q)-(v) are the fused images of (a) and (d), (b) and (d),
and (c) and (d), respectively. Rows 3 to 8 correspond to the fused images obtained using
curvelet-based [30], contourlet-based [29], guided image filter-based [16], local Laplacian
filtering domain-based [78], parameter-adapgye pulse coupled neural network and nonsub-
sampled shearlet-based [14], and proposed methods, respectively. NOTE: Figs. 3.17 (a),
(b), and (c) are, respectively, the same as Figs. 3.12 (a), (b), and (c), and are repeated here
for convenience.



Table 3.10: Objective Fusion Results of 2D Neuroimages in Fig. 3.17

Source Images | Method PSNR | SSIM | MI Entropy i
CTBJ[30] 15.6707 | 0.6369 | 1.8564 | 4.6118 0.5530
Figs. 3.17 CBJ[29] 15.6985 | 0.5274 | 1.6706 | 5.6544 0.6286
(a) and (@) GIFBI[16] 15.7968 | 0.6325 | 1.7519 | 5.1185 0.6515
LLDB[78] 14.3914 | 0.5737 | 1.4910 | 3.3657 0.6262
PA_PCN_NNSSTBJ[14] | 15.6722 | 0.5850 | 1.8903 | 4.9748 0.5102
Proposed 16.1480 | 0.7141 | 1.8925 | 5.7751 0.8255
CTBJ[30] 15.6616 | 0.6258 | 1.7394 | 4.2633 0.5484
Figs. 3.17 CBJ[29] 15.6993 | 0.5164 | 1.5765 | 5.2628 0.6013
(b) and (d) GIFB[16] 15.7978 | 0.6185 | 1.6470 | 4.6844 0.6423
LLDB[78] 14.9290 | 0.5774 | 1.2805 | 3.8800 0.5908
PA-PCNN-NSSTB[14] | 15.6880 | 0.5816 | 1.7446 | 4.6772 0.5015
Proposed 16.3369 | 0.6313 | 1.8431 | 5.5082 0.8180
CTBJ[30] 17.4610 | 0.6582 | 1.8526 | 4.3291 0.5391
Figs. 3.17 CBJ[29] 17.4849 | 0.5683 | 1.7143 | 5.3242 0.6264
(© and (d) GIFB[16] 17.5935 | 0.6585 | 1.8073 | 4.7825 0.6565
LLDB[78] 16.8937 | 0.5726 | 1.4906 | 4.6048 0.5070
PA-PCNN-NSSTB[14] | 16.7705 | 0.5976 | 1.8744 | 4.7313 0.4751
Proposed 17.7378 | 0.7553 | 1.8656 | 5.6774 0.7874

results. The corresponding subjective fusion results are shown in Fig. 3.17. It is clear from
these results that the proposed method performs better than the traditional methods do in

terms of both the objective and subjective fusion results.

Experiments on Fusing More than Two Images taken from WBA database

We now consider the fusion of three 2D brain images from the Whole Brain Atlas database
(WBA) using the proposed method. Since data is not available for considering the fusion of
more than two functional images, we have considered only the fusion of three MR images
that reveal structural information.

To compare the performance of the proposed method on fusing three images with that

of fusing two images, we choose the source images, MR-T1, MR-T2, and MR-PD shown
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Table 3.11: Objective Fusion Results of three 2D MR images

Ff1f273
F

Source Images PSNR | SSIM | MI Entropy
Fig. 3.18 (a),(b), and (c) | 22.8285 | 0.9878 | 2.7578 | 5.5354 | 0.7417
Fig. 3.19 (a),(b), and (c) | 19.1549 | 0.8948 | 2.8636 | 5.6831 0.8863

in Fig. 3.11 (a), (b), and (c), respectively, of the lyme encephalopathy patient. The objective
quality of the fused image as measured by the various metrics is summarized in Table 3.11.
By comparing these results with that shown in Table 3.6, it is observed that the values
of the various metrics when all the three images are fused are higher than those when
any two of the three images are fused. This is further confirmed by the subjective fusion
results. Fig. 3.18 shows the fusion results of the three multimodal MR images. It is clearly
seen from Fig. 3.18 (d) that the signal intensities are well enhanced when all the different
weighting techniques, namely, T1, T2, and PD of MR images are considered for fusion
unlike fusing only any two different weighting techniques of MR images as in Fig. 3.11.
Similar experiments are carried out for the the source images, MR-T1, MR-T2, and MR-PD
shown in Fig. 3.12 (a), (b), and (c), respectively, of the mild Alzheimer’s disease patient.
The corresponding objective fusion results are given in Table 3.11 and the subjective fusion

results are shown in Fig. 3.19.

(d) (© (d)

Figure 3.18: Multimodal fusion of three 2-D real MR neuroimages of a lyme encephalopa-
thy patient from the Whole Brain Atlas database. (a) MR-T1 image. (b) MR-T2 image. (c)
MR-PD image. (d) Fused image of (a), (b) and (c)
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(b)

Figure 3.19: Multimodal fusion of three 2-D real MR neuroimages of a mild Alzheimer’s
disease patient from the Whole Brain Atlas database. (a) MR-T1 image. (b) MR-T2 image.
(c) MR-PD image. (d) Fused image of (a), (b) and (c)

We next consider the fusion of two MR images and one PET/SPECT image. To com-
pare the performance of the proposed method on fusing three images with that of fusing
two images, we choose the source images, MR-T1, MR-T2, MR-PD, and SPECT shown in
Fig. 3.16 (a), (b), (c), and (d), respectively, of the lyme encephalopathy patient. The com-
binations are MR-T1/MR-T2/SPECT, MR-T1/MR-PD/SPECT, MR-T2/MR-PD/SPECT.
The objective quality of the fused images obtained using as measured by the various met-
rics is summarized in Table 3.12. By comparing these results with that shown in Table 3.9,
it is observed that the values of four of the five metrics considered are higher than those
when any one of the MR images and the SPECT image are fused at a time. The subjective
fusion results are shown in Fig. 3.20. It is clear from the fused images that the features

Table 3.12: Objective Fusion Results of three images (two MR images and one PET/SPECT
image)

Ff1f27s
F

Source Images PSNR | SSIM | MI Entropy
Fig. 3.20 (a),(b), and (d) | 23.1210 | 0.9629 | 2.9646 | 5.9635 0.8894
Fig. 3.20 (a),(c), and (d) | 22.2547 | 0.8607 | 2.9695 | 5.5574 0.8400
Fig. 3.20 (b),(c), and (d) | 21.9836 | 0.8119 | 2.8986 | 5.4101 0.8460
Fig. 3.21 (a),(b), and (d) | 19.6532 | 0.8874 | 1.8538 | 5.6973 0.8953
Fig. 3.21 (a),(c), and (d) | 19.3368 | 0.8448 | 1.4480 | 5.5478 0.8966
Fig. 3.21 (b),(c), and (d) | 19.9019 | 0.8542 | 1.3277 | 5.2921 0.8892
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Figure 3.20: Multimodal fusion of three 2-D real neuroimages (MR-SPECT combinations)
of a lyme encephalopathy patient from the Whole Brain Atlas database. (a) MR-T1 image.
(b) MR-T2 image. (c) MR-PD image. (d) SPECT image. (e) Fused image of (a), (b), and
(d). (f) Fused image of (a), (c), and (d). Fused image of (b), (c) and (d). NOTE: Figs. 3.20
(a), (b), and (c) are, respectively, the same as Figs. 3.16 (a), (b), and (c), and are repeated
here for convenience.

are well enhanced when any two of the MR images and the SPECT image are fused unlike
fusing any one of the MR images and SPECT image. Similar experiments are carried out
for the source images, MR-T1, MR-T2, MR-PD, and PET images shown in Fig. 3.17 (a),
(b), (¢), and (d) respectively, of the mild Alzheimer’s disease patient. The corresponding
objective fusion results are given in Table 3.12. By comparing these results with that shown
in Tables 3.10 and 3.12, it is observed that the proposed method yields the highest values
in all the measures considered except the mutual information and entropy measures, when
any two of the MR images and the PET image are fused. The subjective fusion results are
shown in Fig. 3.21. It is clear from the fused images that the features are well enhanced
when any two of the MR images and the PET image are fused unlike fusing any one of the

MR images and PET image.
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Figure 3.21: Multimodal fusion of three 2-D real neuroimages (MR-PET combinations)
of a mild Alzheimer’s disease patient from the Whole Brain Atlas database. (a) MR-T1
image. (b) MR-T2 image. (c) MR-PD image. (d) FDG-PET image. (e) Fused image of (a),
(b), and (d). (f) Fused image of (a), (c), and (d). Fused image of (b), (c) and (d). NOTE:
Figs. 3.21 (a), (b), and (c) are, respectively, the same as Figs. 3.17 (a), (b), and (c), and are
repeated here for convenience.

Finally, we consider the fusion of four input images, MR-T1, MR-T2, MR-PD, and
SPECT, shown in Figs. 3.20 (a), (b), (c), and (d), respectively, of the lyme encephalopathy
patient. The objective quality of the fused image obtained using as measured by the various
metrics is summarized in Table 3.13. By comparing these results with that shown in Tables
3.9 and 3.12, it is observed that the proposed method yields the highest values in all the

measures considered except the mutual information and entropy and measures, when any

Table 3.13: Objective Fusion Results of four images (three MR images and one
PET/SPECT image)

Source Images PSNR | SSIM | MI Entropy fifzlsfa

Fig. 3.20 (a),(b),(c), and (d) | 23.5487 | 0.9783 | 2.8745 | 5.1237 | 0.8981
Fig. 3.21 (a),(b),(c), and (d) | 20.1342 | 0.8983 | 1.8755 | 5.6332 | 0.8997
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(a)

Figure 3.22: Multimodal fusion of four 2-D real neuroimages (MR-PET combinations)
from the Whole Brain Atlas database. (a) Fused image of Figs. 3.20 (a), (b), (c), and (d).
(b) Fused image of Figs. 3.21 (a), (b), (c), and (d).

one or two of the MR images and the SPECT image are fused. We believe that these scores
could be further increased by considering more number of functional images. We also
notice that the proposed technique boosts the normalized weighted performance metric,
Q% as the number of images to be fused increases. Fig. 3.22 (a) is the subjective fusion
result. It is clear from the fused image that when we integrate the structural features from
different MR images along with the functional data, the features are well enhanced unlike
having only two or three images. Similar experiments are carried out for the input images,
MR-T1, MR-T2, MR-PD, and PET, shown in Figs. 3.21 (a), (b), (¢), and (d), respectively,
of the mild Alzheimer’s disease patient. The corresponding objective fusion results are
given in Table 3.13 and the subjective fusion result is shown in Fig. 3.22 (b). As mentioned
earlier, in our experiments we have chosen two scales, one with six and the other with ten
directions. However, the performance could be further improved by increasing the number

of scales and directions at the expense of increased complexity.
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3.6 Summary

In this chapter, a novel neuroimaging fusion algorithm has been proposed based on the
statistical properties of the nonsubsampled shearlet transform (NSST) and an energy max-
imization fusion rule. The multiscale and multidirectional capabilities of the NSST for op-
timally representing neuroimaging data have been explored. Then, a linear forward model
has been presented to describe the relationship between observed brain images and the un-
derlying heterogeneous features of the brain acquired by multiple sensors, along with the
application of the inverse of the linear forward model to neuroimaging fusion. Moreover,
a parametric brain image modeling based on the statistical properties of NSST coefficients
has been proposed. The marginal statistics of the detail subband coefficients are also mod-
eled by the student’s t location-scale PDF, which has heavier tails, making it more prone
to outliers. Considering the discriminative features contained in high-frequency subbands,
a new fusion rule for multimodal fusion based on maximizing the energy in such subbands
has been developed as well. Experiments were carried out on fusing two or more multi-
modal neuroimages taken from the BrainWeb, Alzheimer’s disease neuroimaging initiative
(ADNI), and Whole Brain Atlas databases. The subjective and objective results have shown
that the proposed neuroimaging fusion method is robust and significantly outperforms the

state-of-the-art methods even for noisy images.
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Chapter 4

LHAttNet: A Lightweight Deep
Convolutional Neural Network
Extracting Local and Global Contextual
Features for the Classification of

Alzheimer’s Disease

4.1 Introduction

Recent advancements in the classification of Alzheimer’s disease have leveraged the au-
tomatic feature generation capability of convolutional neural networks (CNNs) using neu-
roimaging biomarkers. However, as pointed out in Section 1.5, most of the existing CNN-

based methods often disregard the local features of the brain data, which leads to a loss of
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subtle fine-grained features in the brain imaging data. Moreover, the existing CNN archi-
tectures, which rely mainly on global features, do not pay much attention to the discrim-
inability of the extracted features for the task of classification of Alzheimer’s disease. In
[82], a novel semi-supervised classification framework using an unsupervised autoencoder
to select a subset from given structural and clinical features has been proposed. Then,
the linear and nonlinear relationships of the features have been explored, followed by a
supervised multinomial logistic layer to discriminate the patients having Alzheimer’s dis-
ease (AD), mild cognitive impairment (MCI), and healthy control (HC). In [83], a stacked
sparse autoencoder-based method has been proposed for data imputation and to extract the
discriminative structural and clinical features. In [84], a deep learning model in which
a recurrent neural network (RNN) and a pre-trained deep CNN have been combined to
extract inter-slice and intra-slice features from the 3D MR data for the classification of
Alzheimer’s disease. In [85], a deep learning model using an ensemble of hybrid deep
learning architectures to leverage more complete spatial information from MRI data has
been proposed. To leverage more complete spatial information, including the local and
global features of the brain, most of the aforementioned deep networks have concatenated
the features extracted from multiple CNN architectures for the classification of Alzheimer’s
disease. Although these networks provide acceptable performance, their practical utility in
real-world scenarios is constrained by the use of a large number of parameters aimed at
enriching the extracted features. These networks have treated all the extracted features uni-
formly without taking into consideration the varying importance of the different features in
brain imaging data for the classification of Alzheimer’s disease.

In view of the above limitations, this chapter proposes a lightweight deep CNN capable
of extracting both local and global contextual features by using an attention mechanism
for the task of classification of Alzheimer’s disease [86], [87]. The main idea used in de-

signing the proposed network is to process the local and global features separately by using
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modules designed to emphasize contextual features relevant to Alzheimer’s disease classifi-
cation. The fused local and global contextual features are then used to classify Alzheimer’s
disease. The performance of the CNN model developed is studied using images of a given

modality for the tasks of binary and multiclass classifications of Alzheimer’s disease.

4.2 Proposed Scheme for Classification of Alzheimer’s
Disease

In this section, we develop the architecture of our proposed convolutional neural network
(CNN) referred to as LHAttNet for the classification of Alzheimer’s disease. The overall
architecture of our proposed CNN for the classification of Alzheimer’s disease is shown
in Fig. 4.1(a). As seen from this figure, the architecture consists of three stages, namely,
feature extraction, feature processing, and classification. In the feature extraction module,
features are first extracted at four different hierarchical levels from the input MRI data. In
the feature processing stage, the features extracted from two of the levels that best represent
the local and global features are chosen and processed separately by paying attention to the
salient features capable of discriminating the features representing the various classes of
Alzheimer’s disease. Finally, in the third stage, the processed local and global features are
fused and used for the classification of Alzheimer’s disease. In the following subsections,

the three stages of the overall architecture are described in detail.

4.2.1 Feature Extraction Stage

The input image X of size /1 x W representing a single slice of MRI data is passed through
a sequence of four convolutional layers in order to extract features at four hierarchical
levels. At the first hierarchical level, a standard convolution operation with 16 filters and

a stride of 2 is applied to X, resulting in a tensor X; consisting of 16 feature maps. In
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Figure 4.1: Architecture of the proposed Alzheimer’s disease classification scheme.
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view of using a stride of 2, the size of each map in X; is % X % At the second and third
hierarchical levels, separable convolutions employing 16 and 32 filters, each with a stride
of 1, are performed to generate tensors X5 and X3 of sizes % X % x 16 and % X % X 32
respectively. At the fourth level, again a standard convolution operation with 32 filters and
a stride of 1 is applied to X3, producing a tensor X, consisting of 32 feature maps each of
size % X % The kernel size used in all the convolution operations in this stage is 3 x 3.
The choice of using standard convolution at the first and fourth hierarchical levels, and
separable convolution at the intermediate levels in the feature extraction stage of the pro-
posed architecture, instead of using either standard or separable convolution at all the four
hierarchical levels, is aimed at balancing the trade-offs between computational efficiency

and the classification accuracy.

4.2.2 Feature Processing Stage

In the second stage, first, the lowest and the highest level features extracted by the first
stage, which respectively correspond to the local and global features of the input image,
are individually processed through two separate streams. The process initiates with an
average pooling operation using a kernel of size 3 x 3 with a stride of 2, resulting in a
pooled feature tensor X,;(¢ = 1 or 4) of size H,, x W, x d,;, where H,, = {%J + 1,
W, = [W2=0) 4 1, and d; = 16 for i = 1 and d; = 32 for i = 4. The idea behind
these streams is to obtain the set of features Y; (¢ = 1 or 4) from the local or global
pooled features X,; through the mechanism of self-attention weighting provided by the
dual-contextual attention augmented convolution block, so as to enhance the classification.
The resulting weighted local and global feature tensors, Y; and Y, are concatenated to
obtain a set of fused feature tensor, Y74. Finally, in this stage, the fused feature tensor Y74
is average-pooled to obtain reduced spatial size feature maps Y,.

Fig. 4.1(b) shows the top-level architecture of the dual-contextual attention augmented
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convolution block that consists of a pair of contextual attention augmented convolution
blocks whose detailed architecture is shown in Fig. 4.1(c). The outputs of the two con-
textual attention augmented convolution blocks, which are connected in parallel (i.e., they
have the same input X,;), are concatenated to produce the output Y; of size H), x W), x 2d;
of the dual- contextual attention augmented convolution block. The parallel implementa-
tion of a pair of contextual attention augmented convolution blocks enables the model to
independently focus on salient features by assigning weights to the local or global pooled
features, thus producing attention-weighted features X; (j = 1 or 2) that are crucial for
the classification task.

Using the input tensor X,,;, three operations are performed in parallel to produce three
different maps called the query, key, and value maps, denoted by ();;, K;;, and V;;, respec-
tively. To produce the query ();;, a standard convolution using a kernel of size 1 x 1 with 4
filters is applied to the input X ;. The resulting feature maps X, of size H, X W), x 4 are
then arranged to have the query map of size H,IW,, x 4. The key map is also produced in
the same way as the query, except that in the computation of the key, neighbourhood infor-
mation is exploited by passing the input through a depthwise separable convolution using
a kernel of size 3 x 3 with 4 filters. The resulting feature maps Xy, of size H, x W, x 4
are then reshaped to have the key map of size H,W,, x 4. The value map V;; is produced
by applying a convolution using a kernel of size 1 x 1 with the d; filters (i.e., the number
of filters used is the same as the number of channels in the input) to the input X,;. The
resulting feature maps Xv;; of size H,, x W), x d; are then reshaped to have a map of size
H,W, x d;. The key and query maps are then used to compute the weight matrix as given
by

exp(K5Qq5)

W = , t=1or4; j=1lor2 “4.1)
T Y exp(KQi)

Using the weight matrix W;; given by (4.1) and the value map, V;;, attention weighted
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feature tensor X f} 1s obtained as
X5 = Resh|W;;Vij], i=1lord; j=1or2 4.2)

where Resh(.) denotes the reshape operation used to convert a 2D feature map to a 3D
feature tensor. The resulting attention-weighted feature tensor X}’ is of size H, x W), X d;.
The weighted local and global feature tensors, Y; and Yi, are of sizes H, x W, x 32 and
H, x W, x 64, respectively. Thus, the size of the fused feature tensor Yi4 1s H, x W, x 96
and that of average-pooled feature maps Y, is % X % x 96.

At this point, it is important to point out the main difference in the features of X; and
those of Y; (= = 1 or 4). The features of Y; have been obtained from X; through a process
of attention mechanism used in the second stage in which the values of its features have
been discriminatively weighted in terms of their importance to the task of classification.
This process has been carried out individually for the local and global features and then the
two types of features have been concatenated leading to the generation of the features in Y,

that can be expected to be highly discriminative and rich.

4.2.3 Classification Stage

In this stage, the feature tensor Y, obtained from the feature processing stage is used to
perform the classification of the MRI data X input to the network. This stage consists of
four layers: a flatten layer, two dense layers, and an activation layer. The flatten layer is
used to convert the feature tensor Y), of size % X % % 96 to a one-dimensional feature
vector Yy of size (24H,W,) x 1. The resulting flattened vector is input to the first fully
connected dense layer consisting of 32 neurons. The weighted sum produced by each of

the 32 neurons is biased to produce one of the 32 components of the output S of this dense

layer. This output is then fed to the second dense layer consisting of n neurons, where n
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is the number of classes in the input data (for example, for binary classification n = 2).
The resulting output Z has n components. Finally, Z is passed through a layer of softmax

activation functions to obtain the probabilities P= [p1, pa, . .., ]|’ of the n classes.

4.3 Experimental Results

In this section, we study the performance of the proposed deep convolutional neural net-
work (CNN) designed for the classification of Alzheimer’s disease using single modality
images, namely, T1-weighted MR, T2-weighted MR, and 18F-FDG PET images. We orga-
nize this section into a number of subsections. We first present the description of the input
dataset used in our study for training and evaluating the proposed CNN. Since the MR and
PET imaging provides three-dimensional data and the input to our CNN is a 2D image, we
next explain how 2D slices are obtained from the 3D data. This is followed by providing
details of the hardware and software platforms used to train and test the proposed network
along with the implementation details. In the succeeding subsection, we compare the per-
formance of the proposed method with that of the state-of-the-art methods. In the final
subsection, we provide results of some ablation studies demonstrating the effectiveness of

the various ideas used in the design of the proposed architecture.

4.3.1 Dataset Description

The input images used in this study are downloaded from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) (https://adni.loni.usc.edu) [80]. This site has
been collecting data on various biomarkers of AD, including neuroimaging data such as
MRI and PET since 2004. We have selected 756 patients comprising 179, 192, 173, and
212 patients, respectively, and have categorized into AD, pMCI, sMCI, and HC categories

of the disease based on the following criteria:
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* HC: Patients who are diagnosed as healthy controls at their baseline visit.

* sMCI: Patients who are diagnosed as MCI at baseline and did not progress to AD

within 36 months of the baseline visit.

* pMCI: Patients who are diagnosed as MCI at baseline and progress to AD within 36

months of the baseline visit.
* AD: Patients who are diagnosed as full-fledged AD at their baseline visit.

The ADNI database contains both raw and processed data for each scan of the selected
patients. We have downloaded processed T1-weighted structural MRI, T2-weighted struc-
tural MRI, and 18F-FDG PET images of each of the selected patients at their baseline
visit. We register the processed 3D images on the standard MNI152 template [88] to re-
move global linear differences, including global translation, scale, and rotation differences.
Then, we remove the non-brain tissues in all the registered images using a skull-stripping
method provided in FSL toolbox [89]. The preprocessed images are standardized to have a
size of 160 x 128 x 128 voxels.

In this work, 80% of the 756 selected and preprocessed 3D images are used for training,
and the remaining 20% are used for testing. Within the training set, 20% of the 3D images
are used for validation, while the remaining 80% are employed for actual training of the

proposed LHA(tNet.

4.3.2 Choosing 2D Slices

The data obtained from the ADNI database is three-dimensional. While training a 3D deep
convolutional neural network using 3D data can leverage the complete spatial information,
in practice, it comes with increased computational complexity. As an alternative approach,
as shown in Fig. 4.2, we chose to transect the brain along the x, y, and z planes commonly

referred to as the coronal, axial, and sagittal planes, respectively. Among these, sagittal
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(b)

Figure 4.2: Transecting a 3D brain of an AD patient into axial (yellow box), coronal (red
box), and sagittal (green box) planes.

plane slices are known to offer clearer information about crucial brain regions such as the
hippocampus, amygdala, and corpus callosum. These slices provide insights into the extent
of degeneration in AD [90]. Hence, we selected the most informative 100 sagittal slices

according to the decreasing order of their entropy values.

4.3.3 Hardware and Software Platforms and Implementation Details

The proposed network is trained and tested on a hardware platform equipped with an
NVIDIA GeForce RTX 2070 GPU with dedicated 6 GB memory, and an Intel(R) Core(TM)
17-8750H CPU with 32 GB RAM and 6 cores. The proposed CNN architecture is imple-
mented in Python using an open-source machine learning framework, TensorFlow [91].
The network is trained with a maximum of 100 epochs, each using a batch size of 32.
The cross-entropy loss function is used as the objective function, which is minimized using
the Adam optimizer with an initial learning rate of 10~°. The learning rate is decreased by
a factor of 0.3 when there is no improvement in the validation loss metric. Moreover, if
there is no improvement in the validation loss metric for a specified number of consecutive
epochs (with the patience parameter set to 10), the process of training is stopped, even if
the maximum number of 100 epochs has not yet been reached, and the model at the onset

of degradation is chosen as the final trained model. Otherwise, the training is continued up

78



to the 100 epochs, and the model at that epoch is selected as the final trained model. Each

epoch takes approximately 90 seconds to complete the training.

4.3.4 Classification Performance and Comparison

In this section, we present experimental results on the proposed classification scheme us-
ing sagittal slices of single modality images, namely, T1-weighted MR, T2-weighted MR,
and 18F-FDG PET images. For each experiment, we first provide the training and valida-
tion curves of our method for two binary classification tasks: AD vs. HC and pMCI vs.
sMCI. We then present the classification results obtained from the trained model and com-
pare these results with state-of-the-art methods for AD vs. HC and pMCI vs. sMCI binary
classification tasks. It is worth acknowledging that an exact comparison among these meth-
ods is not feasible due to the inability to know the test sets used by the different methods,
even though such sets are selected from the same dataset. The classification results for the
state-of-the-art methods are taken as reported in the respective works. We then provide the
training and validation curves of our proposed method for multiclass classification of four
classes: AD, pMCI, sMCI, and HC. Then, we present the multiclass classification results
obtained from the trained model. Since the dual-contextual attention augmented convo-
lution modules are the cores of the feature processing stage of the proposed network, we
also present and discuss the visual illustration of a typical feature map resulting from these
modules.

Finally, we also provide the results on the computational complexity of the proposed

network in terms of the number of parameters used.

Experiment 1: Classification Results using T1-weighted MR Images

In this experiment, we study the performance of our proposed LHA(ttNet using sagittal T1-

weighted MR images as input for binary classifications, AD vs. HC and pMCI vs. sMCI,
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as well as for multiclass classification AD vs. pMCI vs. sMCI vs. HC.

Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to evaluate
the performance of the proposed method, the network is trained on sagittal T1-weighted
MR images for the AD vs. HC and pMCI vs. sMCI binary classification tasks individually.
To assess the process of training of the proposed network, we plot curves showing the train-
ing and validation losses and accuracies as functions of the number of epochs. Figs.4.3(a)
and 4.3(c) show the training and validation losses, for the AD vs. HC and pMCI vs. sMCI
classifications, respectively. Figs. 4.3(b) and 4.3(d) show the corresponding training and

validation accuracy curves, respectively. It is seen from Figs. 4.3(a) and 4.3(c) that the
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Figure 4.3: Training and validation performance curves on T1-weighted MR images for
two binary classifications: (a) and (b) for AD vs. HC, and (c¢) and (d) for pMCI vs. sMCI.
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validation losses decrease and converge starting at the 28™ and 23" epochs, respectively.
The gap between the validation and training losses is very small. Figs.4.3(b) and 4.3(d)
show the training and validation accuracy curves for the AD vs. HC and pMCI vs. sMCI
classifications, respectively. It is seen from these figures that both the training and valida-
tion accuracies are high and reasonably close to each other. From the above observations,
it is concluded that the two models are appropriately trained.

To evaluate the performance of the trained models, we classify the sagittal T1-weighted
sMR images annotated as AD and HC in the testing dataset (not used in the training or val-
idation) as either AD or HC using the first trained model. Similarly, the images annotated
as pMCI and sMCI in the testing dataset are classified using the second trained model.
Table 4.1 gives the performance results in terms of the ACC, SEN, SPE, and AUC met-
rics provided by the proposed and the four state-of-the-art methods, namely, 3D DenseNet
and spherical harmonics (DN-SH) [92], hierarchical fully convolutional network (H-FCN)
[93], dual attention multi-instance deep learning network (DA-MIDL) [94], and 3D Resid-
ual attention deep neural network (3D ResAttNet) [95], for both the binary classification
Table 4.1: Performance results, in percentage, of LHAttNet and four state-of-the-art meth-

ods for AD vs. HC and pMCI vs. sMCI classifications on the T1-weighted MR images
from the ADNI dataset

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

DN-SH [92] 92.29 90.63 93.72 9695 75 7333 76.19 79.70
H-FCN [[93]] 903 824 965 951 809 526 854 78.1
DA-MIDL [94] 92.4 91 93.8 965 80.2 77.1 82.6 85.1

3D ResAttNet [95] 91.3 91 919 984 821 812 809 92
LHAttNet (Proposed) 97.43 93.21 96.34 96.62 96.55 94.43 92.32 95.68

The quantities underscored in red fonts, italic in blue fonts, and bold in green
fonts indicate, respectively, the best, second-best, and third-best results.
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tasks. It is seen from this table that for the AD vs. HC binary classification, our proposed
LHAttNet provides the best results in terms of the ACC and SEN metrics with substantial
margins from the methods providing the second-best results for these two metrics. In terms
of the SPE metric, even though the proposed scheme ranks second, its performance is very
close to that of the second-best method. In terms of the AUC metric, the proposed network
ranks third. However, the values of the AUC metric of our network and that of the second-
best performing scheme are, respectively, 1.78 and 1.45 from that of the best performing
scheme. For the pMCI vs. sMCI binary classification, the proposed LHAttNet scheme pro-
vides the best results in terms of all the four metrics among all the classification schemes.
The values of the ACC, SEN, SPE, AUC metrics of the proposed scheme are higher than
that of the second-best performing scheme by 14.55, 13.43, 6.92, and 3.68, respectively.
It is clear from the results of Table 4.1 that the proposed scheme is capable of providing a
performance that is substantially higher than that of other state-of-the-art schemes for the

task of binary classification of Alzheimer’s disease.

Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now consider
the task of multiclass classification to classify a sagittal T1-weighted MR image into one
of the four classes, namely, AD, pMCI, sMCI, and HC. To assess the process of multiclass
training of the proposed network, we plot curves showing the training and validation losses
and accuracies as functions of the number of epochs. Figs. 4.4(a) and 4.4(b) show the
training and validation losses and accuracies, respectively. It is seen from these figures that
the validation loss decrease and converge starting at the 23™ epoch. The gap between the
validation and training losses is very small. It is also seen from Fig. 4.4(b) that both the
training and validation accuracies are high and reasonably close to each other. From these
observations, it is concluded that the model is appropriately trained.

To evaluate the performance of the model trained for multiclass classification, we clas-

sify the images in the test set of sagittal T1-weighted MR images annotated as AD, pMCI,
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Figure 4.4: Training and validation performance curves on T1-weighted MR images for
multiclass classification task (AD vs. sMCI vs. pMCI vs. HC): (a) Loss and (b) Accuracy.

sMCI, or HC. Table 4.2 presents the performance results provided by the proposed scheme
in terms of the ACC, SEN, SPE, PREC, F1, and AUC metrics for the task of multiclass
classification. It is to be noted from this table that the proposed scheme provides a perfor-
mance that is larger than 95 % for all the metrics, except for the sensitivity metric for the
AD class, which has a value of 94 %. It should be pointed out that the proposed scheme

provides the lowest accuracy of 97.76 % for the AD class and the highest accuracy of 99.70

Table 4.2: Performance results, in percentage, of LHAttNet for AD vs. pMCI vs. sSMCI vs.
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HC classifications on T1-weighted MR images from the ADNI dataset

AD vs. pMCI vs. sMCI vs. HC

Classes

ACC SEN SPE PREC F1 AUC
AD 97776 94  98.75 96.34 95.16 96.46
pMCI  98.02 96.24 98.62 9596 96.10 97.43
sMCI 9845 96.66 98.99 96.68 96.67 97.82
HC 99.70 98.57 9891 96.84 97.70 98.66
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% for the HC class. Table 4.3 gives the average performance results, in terms of the various
metrics, provided by the proposed LHAttNet method and the state-of-the-art method of
[96] for the multiclass classification. It is clear from this table that the proposed scheme
provides the results in terms of all the metrics, which are significantly superior to that

provided by the other method.

Table 4.3: Average performance results, in percentage, of LHAttNet and the state-of-the-
art method of [96] for AD vs. pMCI vs. sMCI vs. HC multiclass classification on the
T1-weighted MR images from the ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
Methods

ACC SEN SPE PREC Fl AUC

Deep-stacked CNN-BiLSTM [96] 92.62 94.02 N/A 94.02 9256 N/A

LHAttNet (Proposed) 98.48 96.37 98.82 9645 96.40 97.59

Since the dual-contextual attention augmented convolution modules are the cores of
the feature processing stage of the proposed network, we choose two typical feature maps
from Y; and Y} resulting from the two dual-contextual attention augmented convolution
modules, respectively, corresponding to an image belonging to each of the four classes,
and display them in Fig 4.5.

Fig. 4.5 provides a visual illustration of the effectiveness of using the dual-contextual
attention augmented convolution modules in the proposed network. Each row in this figure
shows an image from one of the four classes and a typical feature map taken from each of
the sets of feature maps X, Y1, X4, and Y, corresponding to that image. A comparison of
the typical feature map taken from X; with that from Y; shows that they both contain the
local features of the input image. However, the local features in the map of Y; are more

enhanced than that of the map in X;. Similarly, a comparison between the typical feature
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Figure 4.5: Visual illustration of the effectiveness of the dual contextual attention-
augmented convolution modules using T1-weighted MR images. (a) Images selected from
the AD, pMCI, sMCI, and HC classes. (b) Typical feature map from X; resulting from the
first convolutional layer corresponding to an image in (a). (c) Typical feature map result-
ing from the dual contextual attention-augmented convolution module processing the local
features obtained from an image in (a). (d) Typical feature map from X, resulting from
the fourth convolutional layer corresponding to an image in (a). (e) Typical feature map
resulting from the dual contextual attention-augmented convolution module processing the
global features obtained from an image in (a).

map taken from X, and that from Y, shows that they both include global features of the

input image. However, the global features in the map of Y, are relatively more pronounced.

Experiment 2: Classification Results using T2-weighted MR Images

In this experiment, we study the performance of our proposed LHA(ttNet using sagittal T2-
weighted MR images as input for binary classifications, AD vs. HC and pMCI vs. sMCI,

as well as for multiclass classification AD vs. pMCI vs. sMCI vs. HC.

Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to evaluate
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the performance of the proposed method, the network is trained on sagittal T2-weighted
MR images for the AD vs. HC and pMCI vs. sMCI binary classification tasks individually.
To assess the process of training of the proposed network, we plot curves showing the train-
ing and validation losses and accuracies as functions of the number of epochs. Figs. 4.6(a)
and 4.6(c) show the training and validation losses, for the AD vs. HC and pMCI vs. sMCI
classifications, respectively. Figs. 4.6(b) and 4.6(d) show the corresponding training and
validation accuracy curves, respectively. It is seen from Figs. 4.6(a) and 4.6(c) that the
validation losses decrease and converge starting around 33" and 55™ epochs, respectively.

The gap between the validation and training losses is very small. Figs.4.6(b) and 4.6(d)
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Figure 4.6: Training and validation performance curves on T2-weighted MR images for
two binary classifications: (a) and (b) for AD vs. HC, and (c¢) and (d) for pMCI vs. sMCI.
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show the training and validation accuracy curves for the AD vs. HC and pMCI vs. sMCI
classifications, respectively. It is seen from these figures that both the training and val-
idation accuracies are around 95% and reasonably close to each other. From the above
observations, it is concluded that the two models are appropriately trained.

To evaluate the performance of the trained models, we classify the sagittal T2-weighted
MR images annotated as AD and HC in the testing dataset (not used in the training or val-
idation) as either AD or HC using the first trained model. Similarly, the images annotated
as pMCI and sMCI in the testing dataset are classified using the second trained model.
Table 4.4 gives the performance results in terms of the ACC, SEN, SPE, and AUC met-
rics provided by the proposed and two state-of-the-art methods. One of the state-of-the-art
methods uses Leung-Malik filtered bank features [97], while the other employs hybrid en-
hanced independent component analysis (ICA) for AD vs. HC binary classification task.
The results for the pMCI vs. sSMCI binary classification task are not available in the respec-
tive works. It is seen from this table that for the AD vs. HC binary classification task, the
proposed LHAttNet provides the best results in terms of the ACC, SEN, and SPE metrics
with substantial margins from the methods providing the second-best results for these three
metrics. For the pMCI vs. sMCI binary classification task, the proposed LHAttNet scheme
provides the acceptable results in terms of all the four metrics. The values of the ACC,
Table 4.4: Performance Results, in percentage, of LHAttNet and two state-of-the-art meth-

ods for AD vs. HC and pMCI vs. sMCI classifications on the T2-weighted MR images
from the ADNI dataset

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

Leung-Malik [97] 84.24 89.85 79.22 N/A NA NA NA N/A
ICA [98] 90.47 86.66 N/A N/A N/A NA NA NA
LHAttNet (Proposed) 93.81 90.25 93.63 93.70 91.78 90.54 93.44 90.11
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SEN, SPE, and AUC metrics of the proposed scheme are 91.78, 90.54, 93.44, and 90.11,
respectively. It is clear from the results of Table 4.4 that the proposed scheme significantly
outperforms state-of-the-art methods in the task of AD vs. HC binary classification for
Alzheimer’s disease. However, due to the unavailability of results pertaining to the pMCI
vs. sMCI binary classification task, a comparative analysis remains unfeasible.

For the AD vs. HC binary classification task, the values of the ACC, SEN, SPE, and

AUC metrics of the proposed scheme when using T2-weighted MR images, as reported
in Table 4.1, are lower than those obtained using T1-weighted MR images by 3.62, 2.96,
2.71, and 2.92, respectively. In the pMCI vs. sMCI binary classification task, the values
of the ACC, SEN, and AUC metrics of the proposed scheme when using T2-weighted MR
images, as reported in Table 4.1, are lower than those obtained using T1-weighted MR
images by 4.77, 3.89, and 5.57, respectively, except for the SPE metric, which is higher by
1.12.
Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now consider
the task of multiclass classification to classify a sagittal T2-weighted MR image into one
of the four classes, namely, AD, pMCI, sMCI, and HC. To assess the process of multiclass
training of the proposed network, we plot curves showing the training and validation losses
and accuracies as functions of the number of epochs. Figs. 4.7(a) and 4.7(b) show the
training and validation losses and accuracies, respectively. It is seen from these figures that
the validation loss decrease and converge starting around the 12" epoch. The gap between
the validation and training losses is very small. It is also seen from Fig. 4.7(b) that both the
training and validation accuracies are high and reasonably close to each other. From the
above observation, it is concluded that the model is appropriately trained.

To evaluate the performance of the model trained for multiclass classification, we clas-
sify the images in the test set of sagittal T2-weighted MR images annotated as AD, pMCI,

sMCI, or HC. Table 4.5 presents the performance results provided by the proposed scheme
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Figure 4.7: Training and validation performance curves on T2-weighted MR images for
multiclass classification task (AD vs. sMCI vs. pMCI vs. HC): (a) Loss and (b) Accuracy.

in terms of the ACC, SEN, SPE, and AUC metrics for the task of multiclass classification.
It is to be noted from this table that the proposed scheme provides a performance that is
larger than 84 % for all the metrics. It should be pointed out that the proposed scheme
provides the lowest accuracy of 85 % for the sSMCI class and the highest accuracy of 86.30
% for the HC class.

Table 4.6 gives the performance results, in terms of the various metrics, provided by the
proposed LHAttNet method for the multiclass classification. For multiclass classification
task, the values of ACC, SEN, SPE, AUC metrics of the proposed scheme on using T2-
weighted images is lower than that on using T1-weighted MR images, as reported in Table
4.3. Since the dual-contextual attention augmented convolution modules are the cores of
the feature processing stage of the proposed network, we choose two typical feature maps

Table 4.5: Performance Results, in percentage, of LHAttNet for AD vs. pMCI vs. sMCI
vs. HC classifications on the T2-weighted MR images from the ADNI dataset

Class ACC SEN SPE AUC

AD 85.50 86.78 89.78 84.72
pMCI 86 87.32 90.92 8591
sMCI 85 91.84 93.75 89.65
HC 86.30 92.38 92.87 90.64
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Table 4.6: Average performance Results, in percentage, of LHAttNet for AD vs. pMCI vs.
sMCI vs. HC multiclass classification on the T2-weighted sagittal MR images from the
ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
ACC SEN SPE AUC
LHAttNet (Proposed) 85.70 89.58 91.83 87.73

Methods

Figure 4.8: Visual illustration of the effectiveness of the dual contextual attention-
augmented convolution modules using T2-weighted MR images.. (a) Images selected from
the AD, pMCI, sMCI, and HC classes. (b) Typical feature map from X; resulting from the
first convolutional layer corresponding to an image in (a). (c) Typical feature map result-
ing from the dual contextual attention-augmented convolution module processing the local
features obtained from an image in (a). (d) Typical feature map from X, resulting from
the fourth convolutional layer corresponding to an image in (a). (e) Typical feature map
resulting from the dual contextual attention-augmented convolution module processing the
global features obtained from an image in (a).
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from Y; and Y} resulting from the two dual-contextual attention augmented convolution
modules, respectively, corresponding to an image belonging to each of the four classes,
and display them in Fig 4.8.

Fig. 4.8 provides a visual illustration of the effectiveness of using the dual-contextual
attention augmented convolution modules in the proposed network. Each row in this figure
shows an image from one of the four classes and a typical feature map taken from each of
the sets of feature maps X, Y, X4, and Y, corresponding to that image. A comparison of
the typical feature map taken from X; with that from Y; shows that they both contain the
local features of the input image. However, the local features in the map of Y; are more
enhanced than that of the map in X;. Similarly, a comparison between the typical feature
map taken from X, and that from Y, shows that they both include global features of the

input image. However, the global features in the map of Y, are relatively more pronounced.

Experiment 3: Classification Results using 18F-FDG PET Images

In this experiment, we study the performance of our proposed LHAttNet using 18F-
FDG PET images as input for binary classifications, AD vs. HC and pMCI vs. sMCI, as

well as for multiclass classification AD vs. pMCI vs. sMCI vs. HC.

Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to evaluate
the performance of the proposed method, the network is trained on sagittal 18F-FDG PET
images for the AD vs. HC and pMCI vs. sMCI binary classification tasks individually.
To assess the process of training of the proposed network, we plot curves showing the
training and validation losses and accuracies as functions of the number of epochs. Figs.
4.9(a) and 4.9(c) show the training and validation losses, for the AD vs. HC and pMCI
vs. sMCI classifications, respectively. Figs. 4.9(b) and 4.9(d) show the corresponding
training and validation accuracy curves, respectively. It is seen from Figs. 4.9(a) and

4.9(c) that the validation losses decrease and converge starting at the 23™ and 40" epochs,
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Figure 4.9: Training and validation performance curves on 18F-FDG PET images for two
binary classifications: (a) and (b) for AD vs. HC, and (c) and (d) for pMCI vs. sMCL.

respectively. The gap between the validation and training losses is very small. Figs.4.9(b)
and 4.9(d) show the training and validation accuracy curves for the AD vs. HC and pMCI
vs. sMCI classifications, respectively. It is seen from these figures that both the training
and validation accuracies are high and reasonably close to each other. From the above
observations, it is concluded that the two models are appropriately trained.

To evaluate the performance of the trained models, we classify the sagittal 18F-FDG
PET images annotated as AD and HC in the testing dataset (not used in the training or
validation) as either AD or HC using the first trained model. Similarly, the images an-
notated as pMCI and sMCI in the testing dataset are classified using the second trained

model. Table 4.7 gives the performance results in terms of the ACC, SEN, SPE, and AUC
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Table 4.7: Performance results, in percentage, of LHAttNet and three state-of-the-art meth-
ods for AD vs. HC and pMCI vs. sMCI classifications on the 18F-FDG PET images from
the ADNI dataset

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

CNN_RNN [99] 912 914 91 918 N/A N/A N/A N/A
Radiomics [100] N/A N/A N/A NA 9062 8750 9339 90

Static_Dynamic [101] N/A  N/A N/A N/A 7242 3636 97.83 64.43
LHAttNet (Proposed) 96.51 94.38 9542 96.70 94.77 91.38 94.15 92.80

metrics provided by the proposed and the four state-of-the-art methods for both the binary
classification tasks. It is seen from this table that for the AD vs. HC binary classification,
our proposed LHAttNet provides the best results in terms of all the metrics. For the pMCI
vs. sMCI binary classification, the proposed LHAttNet scheme provides the best results in
terms of all the four metrics among all the classification schemes. The values of the ACC,
SEN, SPE, AUC metrics of the proposed scheme are significantly higher than that of the
second-best performing scheme. It is clear from the results of Table 4.7 that the proposed
scheme is capable of providing a performance that is substantially higher than that of other
state-of-the-art schemes for the task of binary classification of Alzheimer’s disease.

Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now consider
the task of multiclass classification to classify a sagittal 18F-FDG PET image into one of
the four classes, namely, AD, pMCI, sMCI, and HC. To assess the process of multiclass
training of the proposed network, we plot curves showing the training and validation losses
and accuracies as functions of the number of epochs. Figs. 4.10(a) and 4.10(b) show the
training and validation losses and accuracies, respectively. It is seen from these figures that
the validation loss decrease and converge starting at the 23™ epoch. The gap between the

validation and training losses is very small. It is also seen from Fig. 4.10(b) that both the
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training and validation accuracies are high and reasonably close to each other. From the

above observation, it is concluded that the model is appropriately trained. To evaluate the
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Figure 4.10: Training and validation performance curves using 18F-FDG PET images for
multiclass classification task (AD vs. sMCI vs. pMCI vs. HC): (a) Loss and (b) Accuracy.

performance of the model trained for multiclass classification, we classify the images in the
test set of sagittal MRI images annotated as AD, pMCI, sMCI, or HC. Table 4.8 presents
the performance results provided by the proposed scheme in terms of the ACC, SEN, SPE,
PREC, F1, and AUC metrics for the task of multiclass classification. It is to be noted from
this table that the proposed scheme provides a performance that is larger than 90 % for all
the metrics. It should be pointed out that the proposed scheme provides the lowest accuracy
of 92.84 % % for the pMCI class and the highest accuracy of 98.01 % for the HC class.
Table 4.9 gives the performance results, in terms of the various metrics, provided by the

proposed LHAttNet method for the multiclass classification. It is clear from this table that

Table 4.8: Performance results, in percentage, of LHAttNet for AD vs. pMCI vs. sSMCI vs.
HC classifications on the 18F-FDG PET images from the ADNI dataset

Class ACC SEN SPE AUC

AD 93.43 9248 92.89 91.54
pMCI 92.84 9250 9490 93.55
sMCI 97.69 92.52 9691 95.56
HC 98.01 92.54 9896 97.51
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Table 4.9: Average performance results, in percentage, of LHAttNet for AD vs. pMCI vs.
sMCI vs. HC multiclass classification on the 18F-FDG PET images from the ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
Methods

ACC SEN SPE AUC

LHATttNet (Proposed) 95.49 92.51 95.89 94.54

the proposed scheme provides the acceptable results in terms of all the metrics.

Since the dual-contextual attention augmented convolution modules are the cores of
the feature processing stage of the proposed network, we choose two typical feature maps
from Y; and Y} resulting from the two dual-contextual attention augmented convolution
modules, respectively, corresponding to an image belonging to each of the four classes,
and display them in Fig. 4.11.

Fig. 4.11 provides a visual illustration of the effectiveness of using the dual-contextual
attention augmented convolution modules in the proposed network. Each row in this figure
shows an image from one of the four classes and a typical feature map taken from each of
the sets of feature maps X, Y1, X4, and Y, corresponding to that image. A comparison of
the typical feature map taken from X; with that from Y; shows that they both contain the
local features of the input image. However, the local features in the map of Y; are more
enhanced than that of the map in X;. Similarly, a comparison between the typical feature
map taken from X, and that from Y, shows that they both include global features of the
input image. However, the global features in the map of Y, are relatively more pronounced.

Table 4.10 gives the number of parameters employed by the various schemes listed in
Tables 4.1 and 4.3. It is seen from this table that the number of parameters employed by
the proposed LHA(ttNet is only a small fraction of that employed by the other schemes.
Specifically, the number of parameters in the proposed network is about 18 % of that of the

scheme of [94], which uses the lowest number of parameters of approximately 2M among
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Figure 4.11: Visual illustration of the effectiveness of the dual contextual attention-
augmented convolution modules using 18F-FDG PET Images. (a) Images selected from
the AD, pMCI, sMCI, and HC classes. (b) Typical feature map from X, resulting from the
first convolutional layer corresponding to an image in (a). (c¢) Typical feature map result-
ing from the dual contextual attention-augmented convolution module processing the local
features obtained from an image in (a). (d) Typical feature map from X, resulting from
the fourth convolutional layer corresponding to an image in (a). (e) Typical feature map
resulting from the dual contextual attention-augmented convolution module processing the
global features obtained from an image in (a).

all the other schemes used for comparison.
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Table 4.10: Comparison of Total Number of Parameters (in Millions)

Type of Methods No. of parameters*
Classification (in Millions)
DN-SH [92] ~ 12
H-FCN [93] ~ 100
Binary DA-MIDL [94] ~ 2
3D ResAttNet [95] ~ 64
LHACttNet (Proposed) 0.5383
Deep-stacked CNN-BiLSTM [96] ~8
Multiclass
LHAttNet (Proposed) 0.5384

*The number of parameters given in the table are the estimated numbers for

all the networks except that for the proposed network.

4.4 Summary

In this chapter, a novel lightweight deep CNN that extracts the local and global con-
textual features for the classification of Alzheimer’s disease has been proposed. A new
module has been proposed and used in this network to process separately the local and
global feature maps of sagittal slices of input data to pay special attention to discriminative
contextual features. The features resulting from the dual-contextual attention augmented
convolution modules operating on the local and the global features are fused and used to
classify Alzheimer’s disease. Experiments have been performed to demonstrate the effec-
tiveness of the proposed network for the task of binary and multiclass classifications of
Alzheimer’s disease using sagittal plane slices of three single modality images, namely,
T1-weighted MR, T2-weighted MR, and 18F-FDG PET images. The experimental results

on T1-weighted MR images have shown that the performance of the proposed network is
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generally much superior to that provided by the state-of-the art methods and the results
obtained on T2-weighted MR or 18F-FDG PET images. It is to be noted that the pro-
posed network has employed only a small fraction of the number of parameters used by the

state-of-the art networks.
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Chapter 5

Classification of Alzheimer’s Disease

using LHAttNet on Fused Images

5.1 Introduction

In this chapter, we develop a novel framework for Alzheimer’s disease classification, fo-
cusing on evaluating the effectiveness of our proposed neuroimaging fusion method, which
was introduced in Chapter 3. This framework is designed to enhance the accuracy of
Alzheimer’s disease classification through the use of our lightweight deep convolutional
network, LHAttNet, detailed in Chapter 4. The neuroimaging fusion method produces a
single composite image from multiple imaging modalities, containing complementary de-
tails present in each of the images used for fusion. The LHA(ttNet is capable of extracting
both local and global contextual features using an attention mechanism. In the proposed
framework, LHAttNet extracts both the local and global contextual features from the fused
neuroimaging data. Our aim is to demonstrate how this integrated approach can improve
the classification accuracy in diagnosing Alzheimer’s disease, leveraging the strengths of
both the neuroimaging fusion method and LHAttNet. We also compare the effectiveness

of our proposed method to the results obtained using single modality images in Chapter 4.
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Figure 5.1: Proposed framework for the classification of Alzheimer’s disease with multi-
modal neuroimaging fusion.

5.2 Proposed Framework for Classification of Alzheimer’s

Disease

In this section, we introduce a framework designed to classify Alzheimer’s disease using the
local and global contextual features extracted from fused multi-modal neuroimaging data.
Fig. 5.1 outlines the step-by-step process of our proposed classification framework. As seen
from this figure, the proposed framework consists of three stages, namely neuroimaging
fusion, feature extraction, and classification. First, using the proposed neuroimaging fusion
method detailed in Chapter 3, a fused image is obtained from multiple modality images,
A and B. The local and global contextual features are then extracted from the fused image
using the proposed LHAttNet detailed in Chapter 4 . Finally, the classifier consisting of a

fully connected (FC) layer and a softmax layer is used to classify Alzheimer’s disease.

5.3 Experimental Results

As described in Section 4.3.1, we consider T1-weighted, T2-weighted structural MRI scans
and 18F-FDG PET of each of these patients at their baseline visit. These modalities were
selected for their complementary nature; T1-weighted and T2-weighted images provide
structural details with different contrast, as well as 18F-FDG PET scans highlight metabolic
activity, which are crucial for identifying areas affected by Alzheimer’s disease. We register
each of the downloaded 3D images on the standard MNI152 template [88] to remove global

linear differences, including global translation, scale, and rotation differences. Then, we
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remove the non-brain tissues in all the registered images using a skull-stripping method
provided in FSL toolbox [89]. The preprocessed images are standardized to have a size of
160 x 128 x 128 voxels.

In this work, 80% of the 756 preprocessed 3D images are used for training, and the
remaining 20% are used for testing. Within the training set, 20% of the 3D images are used
for validation, while the remaining 80% are employed for actual training of the proposed
CNN. The 2D slices are obtained using the approach described in Section 4.3.2. Then
the corresponding sagittal slices are fused using the implementation details described in
Section 3.4.3. The hardware and software platforms and parameters set for training the

network is same as the details given in Section 4.3.3.

Experiment 1: Classification Results on Fused T1-weighted and T2-weighted MR

Images

In this experiment, we study the performance of our proposed LHAttNet using fused sagit-
tal T1-weighted and T2-weighted MR images as input for binary classifications, AD vs.
HC and pMCI vs. sMCI, as well as for multiclass classification AD vs. pMCI vs. sMCI vs.
HC.

Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to eval-
uate the performance of the proposed method, the network is trained on fused sagittal
T1-weighted and T2-weighted MR images for the AD vs. HC and pMCI vs. sMCI binary
classification tasks individually. To assess the process of training of the proposed network,
we plot curves showing the training and validation losses and accuracies as functions of
the number of epochs. Figs. 5.2(a) and 5.2(c) show the training and validation losses, for
the AD vs. HC and pMCI vs. sMCI classifications, respectively. Figs. 5.2(b) and 5.2(d)
show the corresponding training and validation accuracy curves, respectively. It is seen

from Figs. 5.2(a) and 5.2(c) that the validation losses decrease and converge starting at the
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Figure 5.2: Training and validation performance curves on fused T1-weighted MR and T2-
weighted MR images for two binary classifications: (a) and (b) for AD vs. HC, and (c) and
(d) for pMCI vs. sMCI.

34™ and 27™ epochs, respectively. The gap between the validation and training losses is
very small. Figs.5.2(b) and 5.2(d) show the training and validation accuracy curves for the
AD vs. HC and pMCI vs. sMCI classifications, respectively. It is seen from these figures
that both the training and validation accuracies are high and reasonably close to each other.
From the above observations, it is concluded that the two models are appropriately trained.

To evaluate the performance of the trained models, we classify the sagittal fused T1-
weighted and T2-weighted MR images annotated as AD and HC in the testing dataset
(not used in the training or validation) as either AD or HC using the first trained model.

Similarly, the images annotated as pMCI and sMCI in the testing dataset are classified
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using the second trained model. Table 5.1 gives the performance results in terms of the
ACC, SEN, SPE, and AUC metrics provided by the proposed method for both the binary
classification tasks.

It is seen from this table that for the AD vs. HC binary classification, the proposed
LHAttNet provides the classification accuracy of 97%. For the pMCI vs. sMCI binary
classification, the proposed LHAttNet scheme provides the classification accuracy of 96.80
%.

Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now con-
sider the task of multiclass classification to classify a sagittal fused T1-weighted and T2-

weighted MR images into one of the four classes, namely, AD, pMCI, sMCI, and HC. To
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Figure 5.3: Training and validation performance curves on fused T1-weighted and T2-
weighted MR images for multiclass classification task (AD vs. sMCI vs. pMCI vs. HC):
(a) Loss and (b) Accuracy.

Table 5.1: Performance Results, in percentage, of LHAttNet for AD vs. HC and pMCI vs.
sMCI classifications on fused T1-weighted and T2-weighted MR images from the ADNI
dataset

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

LHAttNet (Proposed) 97.65 94.55 96.55 96.85 96.80 94.75 96.55 96.05
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Table 5.2: Performance Results, in percentage, of LHAttNet for AD vs. pMCI vs. sMCI
vs. HC multiclass classification on the fused T1-weighted and T2-weighted MR images
from the ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
Methods

ACC SEN SPE AUC

LHAttNet (Proposed) 97.96 94.65 96.15 93.86

assess the process of multiclass training of the proposed network, we plot curves showing
the training and validation losses and accuracies as functions of the number of epochs. Figs.
5.3(a) and 5.3(b) show the training and validation losses and accuracies, respectively. It is
seen from these figures that the validation loss decrease and converge starting at the 40™
epoch. The gap between the validation and training losses is very small. It is also seen from
Fig. 5.3(b) that both the training and validation accuracies are high and reasonably close
to each other. From the above observation, it is concluded that the model is appropriately
trained.

To evaluate the performance of the model trained for multiclass classification, we clas-
sify the images in the test set of sagittal fused T1-weighted and T2-weighted MR images
annotated as AD, pMCI, sMCI, or HC. Table 5.2 presents the performance results provided
by the proposed scheme in terms of the ACC, SEN, SPE,and AUC metrics for the task of
multiclass classification. The proposed method provides classification accuracy of 97.96%

for multiclass classification task.
Experiment 2: Classification Results on Fused T1-weighted MR and FDG-PET
Images

In this experiment, we study the performance of our proposed LHAttNet using fused sagit-
tal T1-weighted and FDG-PET images as input for binary classifications, AD vs. HC and

pMCI vs. sMCI, as well as for multiclass classification AD vs. pMCI vs. sMCI vs. HC.
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Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to eval-
uate the performance of the proposed method, the network is trained on fused sagittal
T1-weighted and FDG PET images for the AD vs. HC and pMCI vs. sMCI binary classifi-

cation tasks individually. To assess the process of training of the proposed network, we plot
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Figure 5.4: Training and validation performance curves on fused T1-weighted and FDG-
PET images images for two binary classifications: (a) and (b) for AD vs. HC, and (c) and
(d) for pMCI vs. sMCI.

Table 5.3: Performance Results, in percentage, of LHAttNet for AD vs. HC and pMCI vs.
sMCI classifications on the fused T1-weighted MR and FDG-PET images

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

LHAttNet (Proposed) 98.05 96.38 98.59 98.62 98.83 97.49 97.71 98.65
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curves showing the training and validation losses and accuracies as functions of the num-
ber of epochs. Figs. 5.4(a) and 5.4(c) show the training and validation losses, for the AD
vs. HC and pMCI vs. sMCI classifications, respectively. Figs. 5.4(b) and 5.4(d) show the
corresponding training and validation accuracy curves, respectively. It is seen from Figs.
5.4(a) and 5.4(c) that the validation losses decrease and converge starting at the 33" and
25" epochs, respectively. The gap between the validation and training losses is very small.
Figs.5.4(b) and 5.4(d) show the training and validation accuracy curves for the AD vs. HC
and pMCI vs. sMCI classifications, respectively. It is seen from these figures that both the
training and validation accuracies are high and reasonably close to each other. From the

above observations, it is concluded that the two models are appropriately trained.
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Figure 5.5: Training and validation performance curves on fused T1-weighted MR and
FDG-PET images for multiclass classification task (AD vs. sMCI vs. pMCI vs. HC): (a)
Loss and (b) Accuracy.

To evaluate the performance of the trained models, we classify the sagittal fused T1-
weighted MR and FDG-PET images annotated as AD and HC in the testing dataset (not
used in the training or validation) as either AD or HC using the first trained model. Simi-
larly, the images annotated as pMCI and sMCI in the testing dataset are classified using the
second trained model. Table 5.3 gives the performance results in terms of the ACC, SEN,

SPE, and AUC metrics provided by the proposed method for both the binary classification
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tasks. It is seen from this table that for the AD vs. HC binary classification, the proposed
LHAttNet provides classification accuracy of 98.05 %. For the pMCI vs. sMCI binary
classification, the proposed LHA(ttNet scheme provides the accuracy of 98.62 % for the

task of binary classification of Alzheimer’s disease.

Table 5.4: Performance Results, in percentage, of LHAttNet for AD vs. pMCI vs. sMCI
vs. HC multiclass classification on fused T1-weighted MR and FDG-PET images from the
ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
Methods

ACC SEN SPE AUC

LHAttNet (Proposed) 98.99 98.48 97.38 98.41

Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now consider
the task of multiclass classification to classify a sagittal fused T1-weighted MR and FDG-
PET images into one of the four classes, namely, AD, pMCI, sMCI, and HC. To assess the
process of multiclass training of the proposed network, we plot curves showing the training
and validation losses and accuracies as functions of the number of epochs. Figs. 5.5(a) and
5.5(b) show the training and validation losses and accuracies, respectively. It is seen from
these figures that the validation loss decrease and converge starting at the 18" epoch. The
gap between the validation and training losses is very small. It is also seen from Fig. 5.5(b)
that both the training and validation accuracies are high and reasonably close to each other.
From the above observation, it is concluded that the model is appropriately trained.

To evaluate the performance of the model trained for multiclass classification, we clas-
sify the images in the test set of sagittal fused T1-weighted MR and FDG-PET images
annotated as AD, pMCI, sMCI, or HC. Table 5.4 presents the performance results provided
by the proposed scheme in terms of the ACC, SEN, SPE, and AUC metrics for the task of

multiclass classification. It is to be noted from this table that the proposed scheme provides
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a classification accuracy of 98.99 %.

Experiment 3: Classification Results on Fused T2-weighted MR and FDG-PET

Images

In this experiment, we study the performance of our proposed LHA(ttNet using fused sagit-

tal T2-weighted and FDG-PET images as input for binary classifications, AD vs. HC and

pMCI vs. sMCI, as well as for multiclass classification AD vs. pMCI vs. sMCI vs. HC.
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Figure 5.6: Training and validation performance curves on fused T2-weighted and FDG-
PET images images for two binary classifications: (a) and (b) for AD vs. HC, and (c) and
(d) for pMCI vs. sMCI.
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Results on AD vs. HC and pMCI vs. sMCI Binary Classifications: In order to eval-
uate the performance of the proposed method, the network is trained on fused sagittal
T2-weighted and FDG PET images for the AD vs. HC and pMCI vs. sMCI binary classifi-
cation tasks individually. To assess the process of training of the proposed network, we plot
curves showing the training and validation losses and accuracies as functions of the num-
ber of epochs. Figs. 5.6(a) and 5.6(c) show the training and validation losses, for the AD
vs. HC and pMCI vs. sMCI classifications, respectively. Figs. 5.6(b) and 5.6(d) show the
corresponding training and validation accuracy curves, respectively. It is seen from Figs.
5.6(a) and 5.6(c) that the validation losses decrease and converge starting at the 33" and
25" epochs, respectively. The gap between the validation and training losses is very small.
Figs.5.6(b) and 5.6(d) show the training and validation accuracy curves for the AD vs. HC
and pMCI vs. sMCI classifications, respectively. It is seen from these figures that both the
training and validation accuracies are high and reasonably close to each other. From the
above observations, it is concluded that the two models are appropriately trained.

To evaluate the performance of the trained models, we classify the sagittal fused T2-
weighted MR and FDG-PET images annotated as AD and HC in the testing dataset (not
used in the training or validation) as either AD or HC using the first trained model. Sim-
ilarly, the images annotated as pMCI and sMCI in the testing dataset are classified using
the second trained model. Table 5.5 gives the performance results in terms of the ACC,
SEN, SPE, and AUC metrics provided by the proposed method for both binary classifi-
cation tasks. It is seen from this table that for the AD vs. HC binary classification, the

Table 5.5: Performance Results, in percentage, of LHAttNet for AD vs. HC and pMCI vs.
sMCI classifications on the fused T2-weighted MR and FDG-PET images

Methods AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

LHAttNet (Proposed) 97.76 95.83 95.54 96.82 95.32 93.48 95.62 93.12
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Figure 5.7: Training and validation performance curves on fused T2-weighted MR and
FDG-PET images for multiclass classification task (AD vs. sMCI vs. pMCI vs. HC): (a)
Loss and (b) Accuracy.

proposed LHAttNet provides a classification accuracy of 97.76 %. For the pMCI vs. sMCI
binary classification, the proposed LHAttNet scheme provides an accuracy of 95.32 % for

the task of binary classification of Alzheimer’s disease.

Table 5.6: Performance Results, in percentage, of LHAttNet for AD vs. pMCI vs. sMCI
vs. HC multiclass classification on fused T2-weighted MR and FDG-PET images from the
ADNI dataset

AD vs. pMCI vs. sMCI vs. HC
Methods

ACC SEN SPE AUC

LHAttNet (Proposed) 96.65 94.53 95.13 94.36

Results on AD vs. pMCI vs. sMCI vs. HC Multiclass Classification: We now consider
the task of multiclass classification to classify a sagittal fused T2-weighted MR and FDG-
PET images into one of the four classes, namely, AD, pMCI, sMCI, and HC. To assess the
process of multiclass training of the proposed network, we plot curves showing the training
and validation losses and accuracies as functions of the number of epochs. Figs. 5.7(a) and

5.7(b) show the training and validation losses and accuracies, respectively. It is seen from
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these figures that the validation loss decreases and converges starting at the 18" epoch. The
gap between the validation and training losses is very small. It is also seen from Fig. 5.7(b)
that both the training and validation accuracies are high and reasonably close to each other.
From the above observation, it is concluded that the model is appropriately trained.

To evaluate the performance of the model trained for multiclass classification, we clas-
sify the images in the test set of sagittal fused T2-weighted MR and FDG-PET images
annotated as AD, pMCI, sMCI, or HC. Table 5.6 presents the performance results provided
by the proposed scheme in terms of the ACC, SEN, SPE, and AUC metrics for the task of
multiclass classification. It is to be noted from this table that the proposed scheme provides

a classification accuracy of 96.65 %.

5.4 Comparison of Different Input Modalities

In the previous section, we have studied the performance of the proposed LHAttNet on
fused images generated through the multimodal neuroimaging fusion algorithm developed
in Chapter 3 for binary and multiclass classifications of Alzheimer’s disease. This section
compares the performance of LHAttNet on single modality and fused images.

Table 5.7 presents the performance results for six different input modalities in binary
classification tasks, distinguishing between Alzheimer’s disease (AD) versus healthy con-
trols (HC), and progressive mild cognitive impairment (pMCI) versus stable mild cogni-
tive impairment (sMCI). It is seen from the table that the proposed scheme on fused T1-
weighted and FDG-PET images provides superior results in terms of all the metrics com-
pared to that on fused T1-weighted and T2-weighted MR images or fused T2-weighted and

FDG PET images or any other individual modalities for both binary classification tasks.
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Table 5.7: Performance results in percentage of different input modalities for binary clas-
sification tasks

Input Modality AD vs. HC pMCI vs. sMCI

ACC SEN SPE AUC ACC SEN SPE AUC

T1-weighted MR Images 9743 9321 9634 96.62 96.55 94.43 92.32 95.68

T2-weighted MR Images 93.81 9025 93.63 93770 91.78 90.54 93.44 90.11

FDG-PET Images 96.51 9438 9542 96.70 94.77 91.38 94.15 92.80

Fused T1-weighted and
97.65 9455 96.55 96.85 96.80 94.75 96.55 96.05
T2-weighted MR Images

Fused T1-weighted MR and
98.05 96.38 98.59 98.62 98.83 97.49 97.71 98.65
FDG-PET Images

Fused T2-weighted MR and
9776  95.83 9554 96.82 9532 93.48 95.62 93.12
FDG-PET Images

Table 5.8 presents the performance results for six different input modalities in multi-
class classification tasks. It is seen from the table that the proposed scheme using fused T1-
weighted and FDG-PET images outperforms all other modalities across all metrics, except
for sensitivity when using T1-weighted MR images as input for the multiclass classifica-
tion task, where the increase is 1.5 %. It is observed that fusing two different modalities
of the same types of details such as structural from T1-weighted and T2-weighted MR im-
ages does not offer improvement over individual modalities, on the other hand, details of
different types such as structural and functional provides improvement on the multiclass

classification of Alzheimer’s disease.
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Table 5.8: Performance results in percentage of different input modalities for multiclass
classification tasks

Input Modality ACC SEN SPE AUC
T1-weighted MR Images 08.48 9637 98.82 97.59
T2-weighted MR Images 85.70 89.58 91.83 87.73
FDG-PET Images 95.49 9251 95.89 94.54

Fusion of T1-weighted and T2-weighted MR Images 97.96 94.65 96.15 93.86
Fusion of T1-weighted MR and FDG-PET Images 98.99 98.48 97.38 98.41
Fusion of T2-weighted MR and FDG-PET Images 96.65 9453 95.13 94.36

5.5 Summary

In this chapter, the effectiveness of our proposed neuroimaging fusion method has been in-
vestigated for the classification of Alzheimer’s disease using our proposed deep lightweight
deep convolutional network, LHAttNet. It is observed that fusing two different modalities
of the same types of details such as structural from T1-weighted and T2-weighted MR im-
ages does not offer improvement over individual modalities, on the other hand, details of
different types such as structural and functional provides a significant improvement on the
multiclass classification of Alzheimer’s disease. The shows the importance of incorporat-
ing different types of information, such as structural and functional information, for the

classification of Alzheimer’s disease.
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Chapter 6

Conclusion

6.1 Concluding Remarks

Fusion of medical imaging data obtained from different modalities is crucial for a better
understanding of diseases. A fused image can reveal enhanced details that might not be
visible with a single imaging modality. Traditional model-based fusion approaches have
leveraged multiscale and multidirectional transforms because of their capabilities for supe-
rior data representation, energy compaction, and reduced complexity. However, the gen-
eralized Gaussian distribution traditionally used as a prior to model the transform domain
coefficients does not provide an accurate fit to the empirical distribution, which exhibits
heavier tails. Moreover, in order to enhance the energy level of the fused image, each of its
transform-domain coefficients is replaced by the corresponding coefficient with the largest
magnitude among the constituent images. Since increasing the energy level is key to en-
hancing the quality of a fused image, it is imperative to investigate other fusion rules that
could further elevate the energy level of a fused image.

One of the most common brain diseases is Alzheimer’s disease affecting millions of
people around the world. The detection and classification of the disease are crucial for

the care of the patient. The recent advancements in convolutional neural networks (CNNs)
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have leveraged the classification of Alzheimer’s disease because of their automatic feature
generation capability. However, most of the existing CNN-based methods often disregard
the local features of the brain data, which leads to a loss of subtle fine-grained features
in the brain imaging data. The existing CNN architectures, which mainly rely on global
features, do not pay much attention to the discriminability of the extracted features for the
classification of Alzheimer’s disease. Moreover, the existing architectures often end up
using a large number of parameters to enhance the richness of the extracted features.

The objective of this thesis has been to develop a multimodal neuroimaging fusion algo-
rithm using a novel energy maximization fusion rule and to design a lightweight deep CNN
capable of extracting both local and global contextual features for improved Alzheimer’s
disease classification performance. This objective has been achieved by carrying out the
work of this thesis in two parts.

In the first part of the thesis, a novel method for multimodal neuroimaging fusion has
been proposed. The proposed method has employed NSST transform of the images whose
coefficients are first modeled using the student’s t location-scale distribution. It has been
shown that this distribution results in a better approximation of the empirical NSST co-
efficients than the traditional generalized Gaussian distribution does. A Bayesian MAP
estimator has been devised by using this distribution as a prior distribution to obtain the
noise-free coefficients of the images. A new fusion rule has been proposed and used to
fuse the obtained high-frequency coefficients of the constituent images. The main idea in
proposing the new fusion rule is that the energy level of the fused image can be enhanced
more effectively if the real and imaginary parts of the coefficients are treated individually
instead of together, as is done in the traditional fusion rules. Extensive experiments have
been carried out using both synthetic and real brain data to assess the performance of the
proposed method for image fusion. It has been shown that the proposed method is able to

preserve the structural and functional details and that it significantly outperforms the other
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traditional methods in terms of the various performance metrics, peak signal-to-noise ratio,
structural similarity, mutual information, and entropy. The proposed method is completely
general in that it can be applied to any number of neuroimages.

In the second part of the thesis, a novel lightweight deep CNN that extracts local and
global contextual features for the task of classification of Alzheimer’s disease has been
developed. A new module has been proposed and used in this network to process sep-
arately the local and global feature maps of input data to produce contextual and more
relevant corresponding features. The features resulting from the dual contextual attention
augmented convolution modules operating on the local and the global features are fused
and used for the classification of Alzheimer’s disease. It is to be noted that the proposed
network employs only a small fraction of the number of parameters used by the other
networks. Experiments have been performed to demonstrate the effectiveness of the pro-
posed network for the task of binary and multiclass classifications using single modality
T1-weighted structural MR, T2-weighted structural MR, and 18F-FDG-PET images taken
from the ADNI database. The experimental results have shown that the performance of the
proposed network is generally superior to that provided by the state-of-the art methods.

Finally, the effectiveness of the neuroimaging fusion on the classification of Alzheimer’s
disease has also been investigated. This investigation has been carried out using the pro-
posed fusion scheme and the proposed CNN for the task of binary and multiclass classifica-
tions of Alzheimer’s disease using fused T1-weighted and T2-weighted MR images, fused
T1-weighted MR and FDG-PET images, and fused T2-weighted MR and FDG-PET im-
ages. From the experimental results, it has been observed that fusing two different modal-
ities of different types of features such as structural and functional generally provides the

best results for the classification of Alzheimer’s disease.
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6.2 Scope for Further Investigations

In the first part of the thesis, a neuroimaging fusion method has been developed developed
for fusing brain imaging data obtained from different modalities such as MRI and PET.
Future research could explore the application of the proposed method to other neuroimag-
ing modalities, such as functional MRI and diffusion tensor imaging. Investigating how
the proposed fusion method performs across different modalities could enhance its utility
in neuroimaging analysis. The proposed fusion rule can also be further investigated by
applying it to transform domain approaches in other fusion applications.

In the second part of the thesis, a deep convolutional neural network (CNN) extracting
local and global contextual features has been developed for the classification of Alzheimer’s
disease into four different categories, namely, Alzheimer’s disease (AD), progressive mild
cognitive impairment (pMCI), stable mild cognitive impairment (sSMCI), and healthy con-
trol (HC). The deep CNN developed for Alzheimer’s disease classification can be used for
the classification of other diseases such as Parkinson’s disease, Huntington’s disease, and
frontotemporal dementia. Further evaluation of the proposed deep CNN architecture on
larger and different datasets could also provide increased classification performance and
generalizability.

Finally, in this thesis, a fusion-combined CNN framework has been developed to in-
vestigate the impact of fused images obtained using our proposed fusion method on the
classification of Alzheimer’s disease using our proposed CNN architecture. The fusion-
combined CNN framework can be applied to different classification tasks across different
domains such as other medical imaging diagnosis tasks beyond Alzheimer’s disease clas-

sification using multimodal neuroimaging data.
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