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ABSTRACT

Medical image registration plays a vital role in image-guided interventions to improve
clinical decision-making, better visualization, and quantification of anatomical
structures. Image registration is the process of transforming different sets of data into
one coordinate system. Designing a universal framework for image registration is a
challenging task due to the diversity of medical images and various forms of
degradation that can occur during acquisition. A registration algorithm, rigid or
deformable, aligns images within a common coordinate system to enhance their
accuracy for diagnosis, monitoring, and treatment of medical conditions. This precise
alignment facilitates clearer analysis and improved clinical decision-making. This
research seeks to develop schemes that can effectively capture wide range of image
registration scenarios by incorporating both rigid and deformable(non-rigid)
registration techniques. Rigid registration is optimized using meta-heuristic methods
to adjust rigid transformation parameters while deep learning is employed for feature
extraction. In the deformable approach, a two-channel image from the moving and
fixed images is processed through the U-Net model to generate a displacement field,

while B-spline parameters predict and refine the warped image.

The primary objective of this research is to develop a novel approach for rigid and
non-rigid medical image registration applicable to both monomodal and multimodal
modalities, utilizing machine learning and meta-heuristic optimization techniques.
This study includes a thorough review of existing methods and algorithms for medical
image registration, aiming to identify and address current gaps and limitations in the

field.

Firstly, area and feature-based methods are designed for monomodal and multimodal
medical image modalities. The proposed approach employs teaching learning-based
optimization (TLBO) to optimize rigid transformation parameters such as rotation and
translation by considering mutual information (MI) maximization as an objective
function. To address challenges in rigid transformation due to anatomical variations,
anovel algorithm integrating both area-based technique such as TLBO and leveraging
feature-based algorithm such as SURF are developed. This method combines the
SURF framework for feature extraction with the RANSAC algorithm for feature

refinement, followed by projective transformation for precise image registration.

XVi



Afterwards, a robust registered image is generated by estimating the rigid
transformation parameters based on inliers, thereby enhancing the registration

accuracy.

Secondly, a novel approach with hybridization of KPCA and TLBO for both
monomodal and multimodal medical image registration is discussed. This approach
starts with pre-processing such as noise removal and normalization to enhance image
quality. Afterwards, contour extraction is carried out using Otsu's thresholding for
multimodal images and a thresholding segmentation approach for monomodal images
to create feature images and to determine ground truth translation parameters. Then,
KPCA captures non-linear data mapping for rotation value determination, while
TLBO optimizes the registration process by iteratively adjusting transformation

parameters.

Next, a deformable medical image registration leveraging an unsupervised learning
algorithm and deep learning framework visual geometry group (VGG19) with TLBO
and unified equilibrium optimizer (UEO) is proposed. The Vxnet (U-Net) model
processes two-channel images to generate non-linear displacement vector field, while
TLBO optimizes the registration process by iteratively adjusting transformation
parameters. However, this deformable registration focuses on monomodal medical
images. Afterwards, a novel image registration scheme for both monomodal and
multimodal modalities leveraging UEO in contrast to TLBO optimization techniques
in combination with VGG-19 is discussed. Then, features are extracted using VGG-
19 from both reference and UEO-registered image. Dynamic inlier selection is applied
to enhance the matching accuracy by effectively filtering correct matches (inliers)
while minimizing outliers. Finally, thin plate spline interpolation is employed to
determine the optimal transformation matrix for accurate alignment between reference

and UEO-registered image.

Lastly, an integration of the feature extraction technique SURF with VGGI19 for
anatomical and functional medical images is presented. The proposed scheme explores
various feature extraction techniques namely SIFT, SURF, and ORB algorithms for
detecting features. Then feature matching is performed using a brute force matcher,
followed by outlier removal and projective transformation to generate the registered
image. Despite the focus on feature extraction techniques, a novel image registration
algorithm is introduced, combining deep learning with SURF for accurate image

registration. The scheme enhances image quality through preprocessing and feature
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extraction using VGG19, followed by Euclidean distance calculations and dynamic
inlier selection for refined alignment. Thin plate spline interpolation corrects
misalignments, while the SURF algorithm and alpha-trimmed spatial correspondence
minimize outliers. Finally, a homography matrix ensures robust alignment between

sensed and VGG19-registered images.

To validate the effectiveness of the proposed methodologies, experimental evaluations
are conducted on publicly available and in-house clinical datasets for both monomodal
and multimodal medical images. The results demonstrate the superiority and
robustness of proposed techniques in terms of similarity metrics as compared to state-

of-the-art techniques.
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Chapter 1
Introduction

This chapter provides a thorough overview of medical image registration, detailing its
classification, stages, categorization, methods, components, and applications. It also
presents the research objectives and emphasizes key contributions that address
significant challenges in medical image registration, as well as identifying

opportunities for improving existing methods.

1.1. BACKGROUND

Computer vision systems are designed to mimic the working of human visual systems.
These systems play a vital role in several domains, such as medical imaging, satellite
imaging, remote sensing, and surveillance applications [5]-[8]. Many of these
applications depend on object recognition, object tracking, image retrieval, and
classification. In the field of image processing, numerous applications require precise
image alignment. In recent years, the alignment of images has become a significant
concern, particularly in the realm of multi-sensor image registration which garners
significant attraction from researchers around the globe. Image registration is the
process of aligning two images of the same subject taken at different times, from
different viewpoints, or by different sensors [9]. The goal is to overlay these images
to create a composite image that combines the information from all the input images
[10]. This process is essential in various fields such as medical imaging, remote
sensing, etc. where it helps in comparing images, detecting changes, and combining

information from different sources [11].

The challenges encountered in medical image registration lead to the misalignment of
images. These challenges include difficulties in aligning images from different sensors

due to the following factors:

e To determine the optimal geometric transformation parameter value.
e Achieving suitable correspondence among features remains challenging due to

variations in spatial resolution across images from different modalities.



e To establish the association between intensity values of corresponding pixels
1s complex.

e The task of identifying and rejecting outliers presents a significant challenge
in medical image registration, particularly in the context of image-guided
surgery where numerous outliers are prevalent.

e Integrating contrasting information from various medical image types poses a

significant challenge in multimodal image registration.

Accurate image alignment plays a vital role in medical applications including image
fusion, multimodal segmentation, and image-guided surgery. However, above
discussed challenges need to be confronted. The goal of image registration is to
establish optimal correspondence between two images and determine a geometric
transformation that aligns the reference and sensed images. Prior to exploring various
approaches to medical image registration, certain terminologies are considered in this

thesis:

Reference (Fixed) image (/z): The image which remains unchanged and serves as a

reference for the transformation process.

Moving (sensed) image (I5): The image undergoes geometric transformation to align

with the reference image.

Transformation function: It is employed to adjust the fixed image towards alignment

with the sensed image.

Registration entails identifying the spatial transformation that correlates points in the
target image with points in the source image. Moreover, by representing the images as
two-dimensional arrays of a specific size, denoted as Iy and Ig, where Iz(i,j) and
I5(i,j) denote their respective intensity values at coordinates (i, j), mapping between

images can be expressed as in Equation (1.1):

Is(i,j) = I:(FG.D) (1.1)

where f: Iz(i,j) — Is(i,j) performs spatial coordinate transformation between two
images. The core of any registration problem typically involves determining the spatial
or geometric transformation. This transformation can be approximated using various
types of transformation functions such as rigid, affine, and projective transformation,

etc.



1.2. Classifications

Medical image registration techniques are based on four fundamental criteria, each

of which can be further divided into levels, as illustrated in Figure 1.1.

Medical Image Registration Techniques
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Figure 1.1: Classification of the Image Registration technique

Nature of the Transformation: The nature of transformation can be categorized
into rigid, affine, projective, and curved. A rigid transformation involves only
translations and rotations, while an affine transformation includes scaling and
shearing in addition to translations and rotations. Affine transformations preserve
parallelism between lines, mapping straight lines to straight lines [12]. In contrast,
projective transformations do not necessarily preserve parallelism. Elastic
transformations, referred to as curved or non-rigid transformations, enable the
mapping of straight lines to curves [13].

Dimensionality: It encompasses spatial dimensions and temporal series, allowing
for different types of image registration, such as 2D-2D, 2D-3D, and 3D-3D
registrations [14]. Integrating both monomodal and multimodal 2D [15] and 3D
images [16] obtained at various time points during preoperative and intraoperative

procedures significantly enhances treatment delivery accuracy and precision.

e Modalities: Registration based on modalities involves aligning medical images

acquired from different imaging modalities, including monomodal (intra-subject)
and multimodal (inter-subject) approaches. Monomodal registration aligns

images obtained from the same modality such as CT to CT or MRI to MRI, while



multimodal registration aligns images acquired from different modalities, such as
PET to CT or MRI to CT scans[17].

e Nature of Registration: Registration can be categorized into extrinsic and intrinsic
methods. Extrinsic utilizes external objects attached to the patient, ideal for
image-guided surgery[18]. Intrinsic relies on the patient anatomy/image content
only, extracting features directly from the image, offering flexibility and non-

invasiveness in medical image processing.

1.3.  Stages of Image Registration

Image registration is an elementary process involved in several applications to align
images either from different viewpoints or captured at varying times to ensure accurate
comparison and analysis. The image registration framework is illustrated in Figure 1.2

and consists of several key stages:

Reference
Image
Apply Pre- Feature Feature | Mapping T mmfoma{ion Registered
processing " Detection Matching ? Tt " & Resampling —* Image
Target J
Image

Figure 1.2: Generic Framework of image registration

e Pre-processing: In this step, pre-processing involves noise reduction, contrast
enhancement, artifact removal, and intensity normalization to improve
alignment[19]. These operations enhance image quality and standardize
intensity levels across images, leading to more accurate registration outcomes.

e Feature Detection: From the pre-processed reference and target images,
various features such as boundaries, edges, contours, and corners are selected
and identified. These features create point representations known as feature
points or interest points, which are used to establish correspondence between
the images. Different feature detection methods namely scale-invariant feature
transform (SIFT)[20], speeded-up robust features (SURF), oriented fast and
rotated brief (ORB), Harris corner detection, etc. [21] are employed to extract

distinctive features from reference and target images.



1.4.

Feature Matching: During the feature matching step, mapping or
correspondence is established between the detected features of the reference
and target images. Various feature-matching algorithms, such as brute-force
matcher [22] and K-nearest neighbours (KNN) [23], are employed to achieve
accurate image matching.

Mapping Function: The parameters of the mapping functions are derived from
established feature correspondence in the previous step, enabling alignment
between reference and target images [24]. These functions aim to determine
optimal transformation parameters while minimizing or maximizing the
similarity metric.

Transformation & Resampling: Lastly, the target image is geometrically
transformed based on the parameters estimated in the previous steps, aligning
it with the reference image[25]. Resampling is used to interpolate pixel values
and adjust for spatial distortions, ensuring that the registered image accurately

reflects the spatial alignment between the images.

Categorization of Image Modalities

Image modalities employed for registering medical images can be broadly classified

into structural and functional magnetic resonance imaging, as illustrated in Figure 1.3.

Figure 1.3: Categorization of image modalities

Structural imaging: This technique provides detailed visualizations of
anatomical structures such as organs, tissues, bones, and vessels within the

body. Common modalities for structural images including CT and MRI [3].



1.5.

CT offers detailed insights into hard tissue, while MRI provides
comprehensive structural details of soft tissue[26].

Functional imaging: It examines physiological processes and interactions
within the body, offering real-time insights into organ and tissue function.
Modalities such as SPECT and PET fall under functional imaging, offering
valuable information about tissue functionality while lacking detailed
structural and locational information [17], [27] Integrating functional and
anatomical data is essential in image-guided surgery, assisting surgeons in

diagnosis and treatment planning.

Image Registration Methods

Image registration methods are divided into four categories as shown in Figure 1.4.

Image Registration Methods
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Figure 1.4: Image registration methods

Intensity-based method: This approach utilizes image intensity values,
prioritizing feature matching and optimization steps rather than distinct feature
detection. Several area-based(intensity-based) methods are correlation

methods, Fourier methods, mutual information, and optimization methods

[28].

Feature-based method: This method initially extracts salient features such as
edges and corners, then matches these features to establish global
correspondence and estimates geometric transformations, relying on accurate
detection of image features. Various feature-based methods, including Harris
Corner Detection, ORB, SIFT, and SURF, enhance registration robustness and
accuracy by identifying essential features within the images[29].

Deformable registration: Deformable registration is a non-rigid registration

approach for aligning images with non-linear deformations or significant



anatomical differences. Unlike conventional rigid or affine transformations,
deformable registration employs unsupervised learning techniques, with U-
Net architecture being a prominent choice for learning complex deformation
fields directly from input images [30].

o Deep learning-based registration: Deep learning techniques namely VGG16
and VGGI19 etc., significantly improve deformable registration by extracting
high-level features from input images, enhancing precision and robustness.
Their flexibility allows adaptation to various imaging modalities, contributing
to widespread applicability in medical tasks, and ultimately improving patient

care [31].
1.6. Components of Image Registration
Image registration consists of the following components including similarity measure

with an objective function, geometric (spatial) transformation with an interpolator, and

optimization to optimize the similarity measure as illustrated in Figure 1.5.
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Figure 1.5: Components of image registration

e Similarity Measure with an Objective Function: Similarity measures determine
image alignment quality and serve as an objective function in registration. They
are divided into intensity-based measures (e.g., MI, NCC, SSIM)[17] that
compare pixel values and feature-based measures that assess similarities between
image features like edges and corners [24].

e Geometric (Spatial) Transformation: Geometric transformations involve
modifying the spatial configuration of the image to achieve alignment with a
reference image. These transformations can be rigid (involving only rotation,
translation, and scaling) [7] or non-rigid (allowing for more complex

deformations such as warping or bending) [32].



e Optimization: It is the process of finding the optimal transformation parameters
that maximize the similarity measure. It involves iterative adjustments and
refinements to minimize or maximize the objective function to ensure the best
possible alignment between images. Methods include search-based (iterative
parameter exploration) [33] and evolutionary (genetic algorithms) approaches
[34].

e [nterpolation: It is used to estimate pixel values in the transformed image,
especially in areas where the transformation has created gaps or where pixel
values need to be recalculated. It ensures that the final image is smooth and free
of artifacts[32].

1.7.  Applications

Medical image registration assists neurosurgeons and medical practitioners in
addressing the difficulties of precisely identifying brain tumor and accurate diagnosis
of disease in preoperative and intraoperative images, especially when relying solely

on visual inspection. Applications for medical image registration include:

e Radiation Therapy: It aims to treat tumour while minimizing damage to
surrounding tissues. Advanced medical image registration methods have enhanced
radiotherapy by enabling precise patient positioning, treatment planning, and
assessment. Both rigid and deformable registration techniques are employed, rigid
registration is suitable for anatomically stable cases and deformable registration is
necessary for cases with significant anatomical changes due to tumor growth or
other factors, facilitating automatic segmentation, dose accumulation,
mathematical modeling, and functional imaging in radiotherapy[35].

e Cancer Detection: Medical image registration is essential for cancer detection and
therapy monitoring, enabling early detection by aligning segmented areas across
different imaging modalities. It facilitates locating cancerous tissue, especially
challenging due to low contrast in MR and CT images, and enhances accuracy
through image registration, benefiting the diagnosis of cancers[36].

o Template Atlas application: 1t represents medical images to accommodate
variations in organ shapes and sizes, commonly achieved through atlases[28].
Registration is crucial in constructing atlases, and aligning images to address

variability, particularly in template-based medical image analysis for standardized



evaluation and interpretation in a reference atlas space, utilizing inter-subject
registration in computational anatomy.

e [mage-guided intervention: In image-guided surgery, registration aligns
preoperative images with intraoperative patient data, enabling accurate
localization of regions of interest (ROI). It ensures the integration of images from
various time frames or scanners, enhancing image quality and surgical

precision[5].
1.8. Research Motivation

To understand the complexities of image registration, a thorough investigation is
conducted within the specialized domain of medical image registration. There is
extensive literature available on various applications, such as medical imaging used
for diagnosing and treating diseases affecting vital organs like the brain, heart, lungs,
liver, and kidney, etc. Additionally, in computer vision, efforts are made to replicate
human vision using advanced technologies to understand and interpret surroundings,
which presents complex challenges. In medical image registration, significant
challenges, i.e., optimizing geometric transformation parameters, establishing
correspondence between features, aligning intensity values among corresponding
pixels, and handling outliers, especially in contexts like image-guided surgery. The
motivation of this research is to investigate area and feature-based methods for image
registration across medical modalities, ultimately developing a robust model to
effectively address registration challenges using various transformation techniques
and signal/image processing methods. Unlike traditional rigid or affine
transformations, deformable registration allows for a more flexible alignment of
structures, accommodating complex spatial transformation. To further improve the
accuracy and efficiency of image registration in medical imaging, especially for
grayscale and colored images, advanced deep unsupervised medical image registration
techniques like U-shaped convolution neural network (U-Net), alongside deep
learning methods such as convolution neural network (CNN) are employed. These
methods will be applied to both publicly available and in-house clinical datasets,

facilitating comprehensive evaluation and validation.



1.9. Research Objective

The following research objectives are outlined:

1.

To study and investigate area and feature-based methods of image registration for
different modalities of images in the medical domain.

To develop a model, that addresses the challenges for image registration using
transformation (Rigid/Non-Rigid, Affine, projective, etc.) or signal/image
processing methods.

To enhance the degree of similarity between source and target image using
machine learning as well as optimization methods.

Testing and validation of the developed schemes for image registration using

standard (existing) and real-world datasets.

1.10. Research Contributions

The research contributions to fulfill the objectives in the domain of medical image

registration include:

1.

The research utilizes area-based methods to address anatomical variations and
spatial transformations in medical image registration.

Enhancement of registration accuracy in complex anatomical scenarios through
the incorporation of feature-based methods.

A novel approach that integrates kernel principal component analysis with
teaching learning-based optimization to address the challenge of randomly
initialized transformation parameters.

Integration of deformable unsupervised technique based on U-Net model with
optimization methods and affine transformation to enhance the robustness of
image registration.

A comparative analysis of various feature extraction methods, including Harris
corner detection, SIFT, ORB, and SURF, along with alpha-trimmed spatial
relation correspondence (ATSRC), has been conducted. Additionally, deep
learning techniques like VGG16 and VGG19 have been integrated with SURF-
based feature extraction to improve accuracy and robustness in medical image

registration.
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1.11. Thesis Organization

The thesis consists of a total of 7 chapters. The remaining sections of the thesis have

been structured to offer in-depth information on the previously discussed ideas.

Chapter 1 Chapter 2
Introduction Literature Review
! S
™ T
b - o
\ //,
,

' Chapter 7 /
| Conclusion and/
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\
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Figure 1.6: Chapter-wise organization of the thesis

Chapter 1 introduces the fundamentals of image registration and classification, as
well as the various stages involved in the image registration process. This chapter also
covers the key components and applications of image registration, outlines the
research motivations and objectives, and highlights the contributions made by the
research.

Chapter 2 presents a thorough literature review of rigid, non-rigid (deformable), and
machine learning-based methods for monomodal and multimodal medical image
registration. Additionally, it outlines the identified research gaps and discusses the
quality measures relevant to medical image registration.

Chapter 3 extensively explores area-based methods for monomodal medical images,

utilizing teaching learning-based optimization (TLBO) for optimizing rigid

11



transformation parameters and maximizing similarity metrics such as MI. It addresses
challenges posed by anatomical variations and spatial transformations. Subsequently,
it introduces a novel image registration algorithm that integrates area and feature-
based approaches to address these challenges in monomodal and multimodal medical
images. Furthermore, incorporating the speeded-up robust features framework with
the random sample consensus algorithm enhances feature extraction, and projective
transformation further enhances the accuracy of the registered image, validated using
publicly available datasets.

Chapter 4 addresses the challenge of randomly initialized transformation parameters,
expanding its scope to include both clinical and publicly available datasets. It
introduces a method that integrates kernel principal component analysis (KPCA) with
TLBO, specifically designed to handle challenges associated with complex anatomical
variations and spatial transformations. This approach encompasses three phases,
including pre-processing, contour extraction followed by feature extraction through
KPCA, and assessment of robust affine transformation parameters optimized by

TLBO for accurate alignment.

Chapter 5 seeks to enhance the accuracy and efficiency of medical image registration
for grayscale and colored images by integrating deformable unsupervised techniques,
such as the U-Net model, with optimization methods and affine transformation. This
objective encompasses work with various datasets, including 2-D and 3-D monomodal
medical MR and CT images, to achieve robust and accurate registration.

Chapter 6 compares different feature extraction techniques, including Harris Corner
Detection, SIFT, ORB, and SURF, ultimately determining that SURF offers superior
performance compared to other traditional methods. Additionally, it addresses the
challenge of improving image registration accuracy and robustness in medical imaging

by integrating deep learning techniques like VGG16 and VGG19 with SURF-based
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feature extraction, resulting in more accurate and reliable registration outcomes for

medical imaging applications.

Finally, the summary of findings and major contributions of the thesis are highlighted
in Chapter 7. In this chapter, the scope of the work in future directions based on the

studies conducted thus far is also discussed.
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Chapter 2
Literature Review

This chapter provides a comprehensive literature review on image registration within
the contexts of satellite, remote sensing, and medical imaging. It gathers detailed
insights into current research and methodologies in this field. Intensity and feature-
based rigid registration approaches are covered in Section 2.1. Leveraging deep
learning approaches on intensity and feature-based registration is explored in Section
2.2. Non-rigid medical image registration is focussed in Section 2.3. Image
registration using hybrid approaches is discussed in Section 2.4. Research gaps are
presented in Section 2.5. An in-depth explanation of quality measures is employed in
Section 2.6.

2.1. Approaches to Rigid Registration: Intensity and Feature-Based
Registration

In this section, an extensive evaluation of medical image registration corresponding to
rigid medical image registration using feature extraction and optimization techniques
is described. Several researchers have discussed rigid registration methods with an
emphasis on monomodal and multimodal image modalities, but existing approaches
fail to capture features to precisely align the images.

a) Intensity-based registration

In this section, area-based or intensity-based techniques rely on pixel intensity values
to align images, commonly using similarity metrics like MI and SSD. These methods
are essential in medical imaging, remote sensing, and industrial inspection, leveraging
optimization algorithms such as gradient descent and particle swarm optimization

(PSO), etc.

Dida et al [37] illustrated the comparative study between grey wolf optimizer (GWO)
and PSO for registering human brain magnetic resonance imaging (MRI) and
computed tomography (CT) images revealed that GWO achieved superior
performance in terms of robustness and precision. However, GWO is limited in its

clinical dataset applicability and requires further validation.
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Lin et al. [38] introduced an image registration algorithm based on an enhanced ant
colony optimization (ACO) model to determine the rigid transformation parameter.
This scheme lacks in providing the optimal geometric transformation parameter and
its applicability is constrained to anatomical medical images. Moreover, this scheme
addresses these limitations and enhances the algorithm's effectiveness and versatility

across various image types and registration scenarios.

Abdel et al. [39] developed a hybrid approach for medical image registration by
combining modified MI metrics with PSO. The modified MI incorporates both
statistical and spatial image information, enhancing registration accuracy. This method
is validated on diverse publicly available medical image datasets but encounters

challenge due to its computational complexity, and sensitivity to parameters.

Ayatollahi et al. [40] employed PSO to maximize modified normalized mutual
information (MNMI), ensuring robust results and preventing local optima traps.
Additionally, a hybrid PSO algorithm, integrating subpopulation and crossover from
genetic algorithm (GA)[41], enhances precision and efficiency. It offers smoother
MNMI curves, improving accuracy and reducing computation time. However, it faces

challenges with significant shear distortion, impacting accuracy.

Lu et al. [42] presented a reliable image registration method that leverages local
features and geometric invariants, with progressive sample consensus (PROSAC)
improving accuracy by eliminating unreliable matches. This approach enhances the
number of reliable key points and reduces mismatch rates compared to SIFT and
traditional ORB methods, ensuring precise image registration even in complex
scenarios. However, challenges remain in optimizing efficiency for higher-resolution

images and parallel processing.

Charif ef al. [34] demonstrated an improved method for medical image registration
using normalized mutual information and a biogeography-based optimization (BBO)
algorithm, achieving high-precision and robust alignment of PET and MR images.
This method outperforms the PSO algorithm in both accuracy and speed, effectively
handling mono-modal and multi-modal registrations. However, challenges remain in
optimizing computational efficiency for real-time applications and high-resolution

images.

Wu et al. [43] demonstrated a multimodal continuous ant colony optimization (ACO)

algorithm for multi-sensor remote sensing image registration, addressing the challenge
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of large differences between imaging sensors[44]. By incorporating an efficient local
search operation, this method mitigates the risk of getting trapped in local optima,

characteristic of complex multimodal problems.

Cocianu et al. [45] introduced a hybrid approach integrating auto-adaptive Evolution
Strategies (ES) and the swift convergence ability of APSO[46]. This research focuses
on evolving algorithms for image registration in signature recognition, presenting two
firefly method variants for accuracy with moderate run times and two APSO variants

for faster computation [47].

Ting et al. [48] developed a multi-resolution search optimization method, merging
QPSO and Powell techniques to overcome Powell's limitations. It is applied to 2D
MRI image registration and enhances precision and speed by addressing local
extremum challenges in mutual information functions. Leveraging wavelet transform,
the approach combines QPSO and Powell for robust registration, with applications

extending to multi-mode and three-dimensional imaging.

From the above literature, it is observed that intensity-based techniques face
challenges in significant computational resources and getting stuck in local minima.
To address these issues, we employed feature-based techniques, which enhance

efficiency and robustness by utilizing invariant features.
b) Feature-based registration

In this section, various feature extraction algorithms, including Harris corner
detection, SIFT, SURF, and ORB, to detect features such as edges and corners are

employed.

Zheng et al. [49] introduced progressive SURF (PI-SURF), a coarse-to-fine medical
image registration method utilizing the SURF algorithm for enhanced accuracy. PI-
SURF outperforms traditional methods like mutual information, and Demons in both
unimodal and multimodal registration, significantly improving metrics such as MI,
NMI, NCC, and MSD. Despite its effectiveness, PI-SURF faces challenges with
clinical datasets due to variability in image quality, the presence of noise and artifacts,

and significant anatomical differences.
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Vishwakarma et al. [50] developed a hybrid approach for accurate remote sensing
satellite image registration, crucial for various fields like remote sensing, medical
imaging, and computer vision. This method incorporates a SURF detector for feature
extraction, a random sample consensus (RANSAC) algorithm for outlier rejection, and
a projective transformation function for image alignment. The assessment focuses on

CC and RMSE of control points, demonstrating high accuracy.

Gu et al. [51] illustrated a medical image registration method that integrates the SURF
algorithm for feature extraction and an improved R-RANSAC algorithm for
eliminating erroneous matches. By efficiently extracting and matching feature points,
this algorithm achieves robustness, speed, and accuracy in image registration,
outperforming traditional methods in handling noise, intensity variations, and initial

misalignments.

Swathi et al. [52] suggested an image registration scheme employing an optimization-
driven weighted average model. This scheme utilizes entropy-based SIFT feature (E-
SIFT) features extracted and matched using a point matching algorithm, followed by
alignment of images through a similarity transformation model. The registration
accuracy is further improved by a weighted average fusion model optimized by the

Salp swarm-crow search algorithm (SS-CSA) algorithm.

Nejad et al. [20] presented a technique for MRI image registration focused on
preserving the total number of initial matches while maximizing precision. The
clustered redundant key points elimination method-scale invariant feature transform
(CRKEM-SIFT) algorithm is introduced to enhance feature extraction, followed by
the spatial relations correspondence (SRC) and alpha trimmed spatial relation
correspondence (ATSRC) methods to improve correspondences based on spatial
relationships. However, this algorithm faces challenges such as extended execution

times and numerous inaccuracies in correspondences[53].

Nejad et al. [54] developed two adaptive RANSAC schemes for optimal threshold
selection, one based on the mean distance between points and the other incorporating
both mean and variance of distances, applied to the SIFT algorithm. This method
enhances feature-matching accuracy and consequently enhances image registration
performance compared to traditional RANSAC. However, it may face challenges with
high variability in feature distribution and struggle with real-time processing due to

increased computational complexity.
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Tareen et al. [21] conducted an in-depth comparison of various feature detection and
description algorithms, including SIFT, SURF, K-adaptive scale-invariant feature
transform (KAZE), accelerated-KAZE (AKAZE), ORB, and binary robust invariant
scalable key points (BRISK). It offers valuable insights into algorithm selection for
vision-based applications, identifying SIFT and BRISK as the most accurate.
However, while ORB and BRISK detect numerous features quickly their matching

time can increase the overall duration of image registration.

Hyun et al. [55] presented a genetic programming (GP) approach to enhance feature-
based image registration by effectively identifying features and -eliminating
outliers. This method initially employs SIFT to extract key points, followed by
matching descriptors based on FEuclidean distance. This approach improves
registration accuracy by effectively eliminating outliers. However, the method may be

computationally intensive due to the GP-based classification process.

Hamzehei et al. [56] developed a scheme for a three-dimensional (3D) image
registration method for microscopy and medical imaging employing SIFT and
ResNet50 for feature extraction along with MLESAC for outlier detection. This
method demonstrates high precision, robustness, and flexibility across various
imaging modalities. However, it struggles with severe distortions such as significant
scaling, rotation, and non-rigid transformations, which can impact registration

accuracy.

Although several researchers have made significant contributions to rigid image
registration, challenges remain in determining optimal rigid transformation
parameters, dealing with low-resolution images, finding sufficient matched points, and

effectively rejecting outliers.

2.2. Leveraging Deep Learning Approaches on Intensity and Feature-
Based Registration
In this section, various deep learning methods are specifically designed for image
registration, utilizing architectures like Alexnet, ResNet, and VGG16. These
algorithms have been adapted to directly learn and predict spatial transformations,

enabling accurate image alignment by capturing complex patterns and features.

Gadde et al. [57] presented a method that combines SIFT in the spatial domain with

either discrete cosine transform (DCT) or discrete wavelet transform (DWT) in the
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frequency domain, enhancing robust feature extraction and parameter estimation
through nonlinear mappings[58]. Further, this approach refines neural network
configurations and extensive testing across different scenarios to enhance the

robustness and applicability of image registration.

Yan et al. [33] suggested a multimodal image registration approach using a histogram
of oriented gradient distance (HOGD) as the similarity measure and a data-driven grey
wolf optimizer (DDGWO) as the optimization algorithm[59]. This method was
validated on real and four simulated image pairs, demonstrating high registration
accuracy. Its key advantage lies in an efficient computational strategy, incorporating a
trained SVM model, and the ability to avoid local optima. However, this approach
faces challenges such as reliance on HOGD effectiveness and limitations in directly

addressing scale differences.

Peng et al. [60] employed least square support vector machines (LS-SVM) to
determine a mapping function based on control point coordinates. This approach
demonstrates effectiveness in addressing geometric deformations and rectifying errors

arising from inaccuracies in control point positions[61].

Liu et al. [62] introduced the registration via the Fourier transform with spatial
reorganization and channel refinement network (RegFSC-Net) model, which utilizes
Fourier Transform along with spatial reorganization (SR) and channel refinement (CR)
to reduce computational costs and enhance performance. While effective, the model
encounters difficulties when applied to low-quality images or cases with significant

anatomical deformations.

Goswami et al. [63] developed a support vector machine (SVM) based approach for
image registration, specifically effective for images with significant deformations,
noise, and texture[61]. Moreover, this method accurately predicts relative
transformations, outperforming existing techniques across various real-world datasets.
Furthermore, it demonstrates robustness and efficiency in identifying image

registrations, particularly in detecting homogeneous areas.

Wang et al. [64] addressed the challenge of registering heterogeneous optical and SAR

images, essential for enhancing ground remote sensing observation capabilities
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through fusion applications. This approach leverages optical and SAR data, extracting
correlation from limited information for precise and efficient automatic registration,

particularly beneficial for high-resolution imagery.

Yang et al. [65] presented a feature-based image registration method leveraging a
convolutional neural network (CNN) for robust feature extraction from remote sensing
images(satellite and UAV)[66]. Additionally, leveraging a pre-trained VGG network
generates robust multi-scale feature descriptors for enhancing both feature extraction
and localization capabilities. This method addressed challenges like outlier detection

and unevenly distributed feature points.

Zhao et al. [67] showcased an image registration approach that leverages both SIFT
and ResNet34 features to improve the accuracy of matching features in multisource
high-resolution remote sensing images[68]. This approach enhances registration
accuracy by integrating ResNet features pre-trained on ImageNet with traditional SIFT

features.

Kavitha et al. [69] utilized Alexnet, particularly emphasizing the fc6 and fc7 outputs
for feature extraction from identified SIFT keypoints, to construct a CNN for image
registration. However, identifying suitable distance measures and matching methods

to achieve optimal results in image registration is a challenging task.

Ye et al. [70] presented an automated registration method by integrating SIFT with
CNN features to extract both low and high-level features for remote sensing
imaging[71]. The scheme is evaluated across different image modalities and employs

various similarity metrics to improve alignment accuracy.

Elwan et al. [72] demonstrated the VGG-16 model for feature detection in SAR image
registration, integrating intensity smoothing and scaling. Additionally, this scheme
detects and extracts robust key points, strengthened by integrating the RANSAC

approach, which improves outlier removal and registration accuracy[73].

Wang et al. [74] explored the CNN architecture, specifically VGGNet-16, for depth
feature extraction to improve image registration accuracy from brain images, leading

to significant improvements in similarity metrics[75]. This method is validated using
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different similarity metrics like mutual information (MI) and cross-correlation

coefficient (CC), with a specific focus on monomodal medical images[68].

2.3.  Non-rigid (Deformable) Image Registration

In this section, non-rigid image registration techniques focussed on aligning images
with complex deformations by allowing local transformations. Unlike rigid
registration, these methods account for anatomical or structural variations, making
them particularly useful in applications like medical imaging, where flexible

alignment of tissues or organs is essential for accurate analysis.

Kearney ef al. [76] introduced a deep unsupervised learning method for deformable
image registration (DIR) in cone-beam CT (CBCT) to CT imaging[77]. The deep
convolutional inverse graphics network (DCIGN) model employs hierarchical feature
learning and a sparse DIR algorithm[78]. However, it requires significant
computational resources and needs optimization for handling anatomical complexities

beyond head and neck regions.

Wang et al. [79] presented a method for registering mono-modal and multi-modal
images using a differentiable mutual information metric with CNN to generate an
accurate deformation field[80]. However, addressing the complexities of intensity
relationships in multi-modal images remains challenging, requiring continuous

refinement to improve accuracy.

Balakrishnan er al. [81] suggested an unsupervised learning-based method for
deformable medical image registration, which employs T1-weighted brain MRI
images[82]. However, challenges remain in fine-tuning parameters and adapting to

diverse clinical datasets due to anatomical complexity and imaging variability.

Bhattacharjee ef al. [83] employed a CNN-based unsupervised learning framework
for multimodal registration of abdominal CT images, which involve significant
anatomical variability and organ deformations[84]. In this method, high anatomical
variability and significant organ movements require modification to address these

specific issues.
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Ma et al. [85] introduced an unsupervised deformable image registration network
(UDIR-Net), which computes the flow field between moving and fixed images and
generates warped images accordingly[82]. This technique was validated using a 3D

MRI brain dataset suitable for mono-modality images.

Ho et al. [26] presented an unsupervised lung registration network (LRN) employing
cycle consistency training without requiring ground-truth results, aimed at aligning
lung CT images. However, this technique is limited to a single anatomical structure.
Although this method shows potential for broader clinical applications, including the
registration of other organs, it requires large training datasets and significant

computational resources.

Zhu et al. [86] demonstrated a deformable medical image registration method
integrating differential geometry and voxel morph CNN. To minimize dissimilarity
between two images (fixed and warped) in terms of dice score and Jacobian
determinant (JD), aiming to generate the deformation field. It is crucial to optimize
scalability and computational efficiency, expand the method's applicability to different
medical images, improve atlas construction, integrate it into clinical workflows, and

refine algorithms to further enhance overall performance.

Tang et al. [87] introduced an affine and deformable medical image registration
(ADMIR) method focusing on learning displacement vector fields. This method
comprises an affine registration module, a deformation registration module for
learning displacement vector fields, and a spatial transformer to obtain the warped
image[88]. They conducted their evaluation by assessing results on similarity metrics
such as the dice score and Hausdorff distance, with a specific focus on brain

images[89].

Mabhapatra et al. [90] developed deep learning methods for multimodal medical image
registration using generative adversarial networks (GANs). By incorporating
conditional and cyclic constraints in the GAN cost function, this method achieves
more accurate, realistic, and smooth registration than other deep learning-based

approaches.
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Chen et al. [91] demonstrated a hybrid Transformer-ConvNet model for volumetric
medical image registration. Moreover, they introduced diffeomorphic and Bayesian
variants for topology-preserving deformations and uncertainty estimation. It is

validated on 3D medical images across various applications[92].

Saygili et al. [93] presented random forest regressors with block-matching features to
predict registration errors through independent directions, including horizontal,
vertical, and diagonal axes. It provides accurate error predictions and useful feedback
for improving registration quality. However, its effectiveness can be limited by

significant image distortion or low-quality inputs[94].

2.4. Image Registration using Hybrid Techniques

In this section, hybrid techniques that integrate deep learning approaches with meta-
heuristic algorithms or combine deformable models with meta-heuristic methods. It
also explores different approaches, such as intensity-based and feature-based
techniques, to improve alignment accuracy and robustness. By capitalizing on the
strengths of these diverse methods, hybrid approaches provide superior performance,

especially in complex tasks like multimodal image registration.

Lineta ef al. [95] presented the double exponential-dynamic group-based cooperative
optimization algorithm (DE-DGCO) to wupdate weight and transformation
parameters[96]. They validate their approach with a multi-similarity model utilizing
Logarithmic Normalized Mutual Information (LNMI), Modified Normalized Mutual
Information (MNMI), and Tversky’s feature contrast model to assess the similarity of
images[97].

Luo et al. [98] elaborated RL-mARO, amalgamating reinforcement learning with
enhanced artificial rabbits optimization (ARO) for medical image registration [99].
They validate their approach using normalized mutual information (NMI) similarity
metrics on various datasets, including retrospective image registration evaluation

(RIRE) and fundus image registration dataset (FIRE).
Zheng et al. [100] presented a generative adversarial network (GAN) based approach

for symmetric image registration (SymReg-GAN) for monomodal and multimodal

images[94]. It addresses the limitations of traditional techniques by incorporating
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inverse-consistent geometric transformations and leveraging a semi-supervised

strategy to utilize both labelled and unlabelled data.

Mahapatra et al. [101] presented a deep learning framework for medical image

registration using unsupervised domain adaptation and generative adversarial

networks (GANs)[102]. This approach transforms input image pairs into a latent

feature space using autoencoders, enabling successful registration across different

image types[103], [104].

Table 2.1: Review of image registration in different fields

S. | Reference Registration class and Dataset Evaluation Pros and Cons
No. modality used measure
1 Nejad et Rigid; Feature-based; RIRE MAE CRKEM-SIFT with SRC
al. [20], Monomodal, Multimodal; technique  improves MRI
2023 (Brain, 2D, MR-T1 and registration  accuracy  but
MR-T2) struggles with execution time.
2 Charif et Rigid; Area-based Whole MI, SSIM | The BBO-based method
al. [34], Monomodal Brain enhances precision and image
2019 (Brain, 2D, MR-T1, MR- ATLAS registration but requires
T2 and PET) careful parameter tuning and
struggles with noisy images.
3 Dida et al Rigid; Area-based Real 2D MI GWO shows superior
[37], 2020 Monomodal Brain performance but needs clinical
(Brain, CT, 2D, MRI) validation and refinement for
broader medical applications.
4 Lin et al. Rigid; Area-based National SSD and CC | It accurately aligns images but
[38],2016 Monomodal Taiwan lacks in optimizing geometric
(Brain, Knee, 2D, MRI) University transformation parameters.
5 Abdel et Rigid; Area and Feature- Harvard MI, CC, and | It enhances registration
al. [39], based ATLAS SSD accuracy by  integrating
2017 Monomodal statistical and spatial
(Brain, 2D, CT, MRI) information but is
computationally complex.
6 Ayatollahi Rigid; Area-based Whole MI, NMI By employing PSO to
et al. [40], Monomodal Brain maximize modified NMI and
2012 (Brain, 2D, CT, MR-T2 ATLAS avoid local optima, it struggles
and MR-PD) with accuracy under large
shear distortions.
7 Luetal Rigid; Area-based Harvard PSNR, MI | It achieves high precision and
[42], 2016 Monomodal ATLAS robust feature matching for
Dataset complex image registration but
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(Brain, 2D, CT and MR-

is time-consuming and

T2) sensitive to parameter tuning.
8 Wu et al. Rigid Sardinia, MI, RMSE | ACO  algorithm  handles
[43], 2019 Multimodal island diverse sensors and avoids
(Optical and SAR image, town, and local optima but needs deep
2D). Shuguang learning enhancement.
village
dataset
9 Ting et al. Rigid Whole RMSE It achieves high accuracy and
[48], 2016 Monomodal Brain speed in 2D MRI image
(CT, MR-T2, 2D) ATLAS registration but encounters
challenges with time
optimization and local minima.
10 Zheng et Rigid; Feature-base Brain CT MI, NMI, PI-SURF metric shows
al. [49], Multimodal Ir\r;a;;g}:: S CC, and improvements but struggles
2021 (Brain, 2D, MR-T1 and Intracrania MSD with clinical datasets due to
CT) Hem(lrrhag anatomical differences.
e Masks
11 | Vishwakar Rigid; Feature-base MANIT, RMSE and | It provides high accuracy in
ma et al. (Satellite images, 2D) Bhopal NCC similarity metrics but faces
[50], 2018 campus challenges in robustness and
adaptability.
12 Gu et al. Rigid; Feature-base McConnell NMI It integrates SURF and
[51],2014 | Monomodal, Multimodal imitating improved R-RANSAC to
(Brain, 2D, MR-T1 and brain enhance robustness in medical
MR-PD) database image registration but
from struggles with computational
Neuroscien complexity.
ces
Institute
13 Swathi et Rigid; Area and Feature- Pavia RMSE and | It achieves high precision with
al. [52], base Centre and NCC improved RMSE and NCC
2020 (Hyperspectral images, University scores but encounters
2D) challenges with algorithmic
complexity and parameter
tuning.
14 | Hyun et al. Rigid; Feature-base; Prof. MSE The GP-based method
[55], 2017 Monomodal Stewart's improves registration accuracy
(Remote sensing images, group at but face challenges due to its
2D) Rensselaer computational complexity.
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Polytechni

¢ Institute

15 Hamzehei Rigid; Feature-base CUMCI12, MI, PCB, It enhances 3D image
et al. [56], Monomodal Columbia and GBM | registration accuracy with
2023 (fluorescent and medical University SIFT, and ResNet50 but faces
images, 2D, 3D) Medical limitations in computational
Center complexity.
16 Gadde et Rigid; Optimization IXI RMSE SIFT-DCT and SIFT-DWT
al. [57], technique; Feature-base; improve image registration
2016 Monomodal; with robust feature extraction
(MR-T1, 2D) but fail problems in extensive
testing for broader
applicability.
17 Liu et al. Non-Rigid; Monomodal; IXI, Dice score, | RegFSC-Net enhances
[62], 2024 (MR-T1, 3D) OASIS-T1 Jacobian registration accuracy using
matrix Fourier transform but struggles
with low-quality images and
significant anatomical
deformations.
18 Goswami Non-Rigid ABIDE, PSNR, It enhances image registration
et al. [63], Monomodal OASIS SSIM accuracy against deformations
2024 (MR-T2 ,2D) using SVM-based methods but
struggles with computational
demands and extensive
parameter tuning.
19 | Yangeral | Satellite and UAV images Multi- RMSD, It improves feature-based
[65],2018 temporal MAD, multi-temporal image
satellite MED, STD | registration with robust CNN-
and UAV generated  descriptors  but
image struggles with computational
dataset efficiency and large-scale
feature matching.
20 | Zhaoetal. Rigid Gao Fen RMSE To enhance multisource high-
[67],2021 Remote sensing images, Satellite, resolution remote sensing
2D HR image registration accuracy
Satellite but faces challenges with
Datasets computational complexity and
with fine-tuning across  diverse
Disaster datasets.
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Informatio

n
21 | Kavitha et Rigid Middlebur | Euclidean, | It employs Alexnet features for
al. [69], Monomodal, 2D y Stereo City block, | robust registration but faces
2018 Graf, Leuven, Trees, and Datasets Cosine, challenges in selecting optimal
Wall Minkowski, | distance metrics and matching
and CC strategies for diverse image
deformations.
22 Ye et al. Rigid Landsat RMSE It improves remote sensing
[70], 2018 Monomodal, 2D Thematic image registration by
Remote sensing images Mapper combining CNN features with
SIFT but 1is limited by
computational complexity.
23 Elwan et Rigid Space MSE, It enhances SAR image
al. [72], Monomodal, 2D Shuttle PSNR, and | registration robustness with the
2022 SAR images Imaging ccC VGG-16 model but faces
Radar, challenges with computational
Terra- complexity.
SAR-X
24 | Wang et al. Rigid Brain web MI, NMI, | It improves CNN with higher
[74], 2021 Multimodal dataset NCC, MSD | registration  accuracy  but
(MR-T1, MR-T2, MR-PD, struggles with mismatched
2D) feature points.
25 | Kearney et Non-rigid Synthetic NMI CBCT-CT deformable image
al. [76], Monomodal CBCT registration  achieves high
2018 (MR-T1, 3D) dataset accuracy and efficiency despite
noise but requires significant
training time and
computational resources.
26 | Kearney et | Non-Rigid; Monomodal, LPBA40, MI, SSIM, | It effectively registers medical
al [79], Multimodal IXI PSNR, Dice | images using differentiable
2021 (MR-T1, MR-T2, 2D) score mutual  information  but
struggles ~ with  complex
intensity relationships in multi-
modal images.
27 | Balakrishn Non-Rigid ADNI, Dice score | It provides accurate
an et al. Monomodal Harvard registration without requiring
[81], 2018 (T1 weighted MRI, 2D) GSP, ground truth data but struggles
MCIC, with fine-tuning parameters.
PPMI
OASIS,
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ABIDE,

ADHD200
, HABS.

28 | Bhattachar Non-Rigid LiTS Dice score, | CNN method achieves
jeeetal. Monomodal dataset. Hausdorff | accurate multimodal
[83], 2021 (Abdominal CT image, distance abdominal CT image
2D) registration but struggles with
high anatomical variability and

significant organ movements.
29 Ma et al. Non-Rigid LONI Dice score | It achieves accurate
[85], 2022 Monomodal Probabilist registration  with  feature
(Abdominal CT image, ic Brain adjustment and hierarchical
2D) Atlas loss but needs enhancement to

(LPBA40) handle varying fixed images.
30 Ho et al. Non-Rigid DIR-Lab Dice score, | Unsupervised lung CT
[26], 2023 Monomodal dataset Target registration provides accurate
(Lung CT image,3D) registration | results but is limited to single
error, anatomical  structures and
Jacobian substantial computational

determinant | resources.
31 | Sheikhjafa Non- Rigid ADNI and | Dicescore, | It improves MRI registration
rietal. Monomodal MRBrainS Jacobian similarity metric but requires
[86],2019 | (Brain MR-T2 MRI image, 18 determinant | computational resources for
2D). generating differential
geometry features.
32 | Tangetal. Non-Rigid ABIDE, Dice score, | It achieves accurate medical
[87], 2020 Monomodal OASIS Hausdorff | image registration without pre-
(Brain MR-T1 weighted distance, and | alignment or supervised data
MRI image, 3D). average but requires further refinement
symmetric | for different image types.
surface
distance
33 | Mahapatra Non-rigid Sunnybroo | Dice score, | The  GAN-based method
et al. [90], Multimodal k cardiac Hausdorff | combines conditional and
2018 (Retinal fundus and dataset distance, and | cyclic constraints for smooth
fluorescein angiography MAD alignment but struggles with
images, 2D) modality robustness.

34 | Chenetal. Non-rigid IXT and Dice score, | Trans-Morph improves
[91], 2022 Monomodal OASIS Hausdorff | registration accuracy  with
(Medical images, 3D) dataset distance Transformer  for  spatial

relationships but struggles with
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resource constraints and high

computational demands.

35 Saygili et Non rigid DIR Lab, MAE, TRE | It predicts registration errors
al. [93], Multimodal POPI, accurately but struggles with
2021 (Medical images) Hammers significantly distorted or low-
quality images due to block-
matching reliance.
36 Luo et al. Rigid RIRE, NMI It enhances  registration
[98], 2024 Multimodal FIRE accuracy and robustness but
needs further validation on
diverse datasets and clinical
applications.
37 Zheng et Non-rigid Alberts, Dice It enhances speed and accuracy
al. [100], Multimodal LPBAA40, Similarity | in image registration using
2022 (CT, MR-T1, MR-T2, 2D) IBSR18, Coefficient | GANs but faces challenges in
CUMCI12 dissimilarity =~ measurements
and and training.
MGH10
38 Mahapatra Non-rigid NIH DS, It achieves dataset-
etal Multimodal ChestXray Hausdorff | independent medical image
[101], (Chest X-ray, retinal and 14 dataset Distance, registration with unsupervised
2020 brain MR images,2D) MAD domain adaptation and GANs
but faces GAN training
challenges.
39 Gupta et Rigid IXI MI, CC, The ACO-based  method
al. [105], Monomodal RMSE improves medical image
2016 (MR-T2, CT, 2D) registration but needs
development for multimodal
and scaled images.
40 | Ahmed et Rigid Brain LNMI, It enhances  registration
al. [106] Multimodal tumor MRI | MNMI, and | accuracy = with  advanced
(CT, MR-T1, 2D) and CT Tversky’s | similarity metrics but may
scan feature increase computational
dataset contrast overhead and implementation
model difficulty.
2.5. Research Gaps

29

Based on a comprehensive analysis of the existing literature survey presented in the
above sections, significant research gaps remain in the domains of image registration

discussed. These approaches, categorized into rigid, and non-rigid, as well as machine




learning and deep learning techniques, show significant gaps that impact overall

performance and efficiency. The identified gaps are outlined below:

1. Variability in Input Data: Image registration becomes challenging due to
significant variability in input data, often caused by distortions during the
image capture process, such as scaling, rotations, and projective
transformations, especially when multiple images are captured at different
orientations.

2. Geometric Transformation Parameters: Determining the optimal geometric
transformation parameters between images by maximizing similarity measures
presents a significant challenge.

3. Multimodal Feature Alignment: Aligning features accurately is challenging
due to variations in spatial resolution among images obtained from different
modalities, impacting registration accuracy.

4. Outlier Rejection: Rejecting outliers in medical image registration is difficult,
as they significantly affect the accuracy of the registration process.

5. Intensity Relationships: The complex relationship between intensity values of
related pixels presents challenges in multimodal medical images, affecting the
accurate computation of similarity measures.

6. Contrast Mapping in Multimodal Images: Accurately mapping contrast
information in multimodal images, especially when organs are scanned with
different scanners, poses a primary challenge, complicating the determination
of patient location and orientation.

7. Deep Learning Integration: Implementing deep learning techniques to
enhance the accuracy and efficiency of medical image registration algorithms,
especially for complex anatomical structures is a significant research gap.

8. Robustness and Adaptability: There is a lack of robustness and adaptability in
intensity-based registration methods and deep learning-based techniques for

various image types and scenarios, limiting their generalizability and accuracy.

2.6. Quality Measures

The effectiveness of the proposed approach is evaluated across publicly available and
in-house clinical datasets consisting of CT and MRI medical images as illustrated in
Figure 2.1. The assessment employs various metrics, including RMSE, MSE, SSIM,
PSNR, and CC to quantify image quality [107].
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Figure 2.1: Evaluation metrics for image registration

Mutual Information: It remains unaffected by overlapping regions between two
images [108]. It equals zero when images are independent and reaches its
maximum value when they are properly aligned. MI between images A and B is
determined by considering both their individual and joint entropy, as shown in
Equation (2.1).
MI(A, B) = H(A) + H (B) — H(A, B) 2.1
Shannon entropy quantifies the information content or uncertainty in an image. It
is denoted as H(A) for the source image A and H(B) for the registered image B,
as illustrated in Equations (2.2) and (2.3) respectively [109].
H(A) = —Xapa(a)logpa(a) (2.2)
H(B) = — X pr(b) log py(b) (2.3)
while, marginal probability distributions p,(a) and p}(b) correspond to the
image intensities of A and B respectively. The joint entropy of the smoothed
source and registered image is denoted as H (A, B) with joint histogram for both

images A and B represented by p,y,(a, b) as defined by Equation (2.4).

H(A,B) = — X, 2b Pan(a,b) logp,p(a, b) (2.4)
Maximizing the mutual information between two images involves identifying
the complex overlapping regions by maximizing the individual entropy and

minimizing the joint entropy.

2. Root mean square error: It serves as a measure of dissimilarity between source
and registered images. A lower RMSE value signifies a more accurate

registration process, indicating better alignment between the images. This
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metric is calculated as the square root of mean square error, as defined by

Equation (2.5).

L 2 MG N -F )]
M N

RMSE = J (2.5)

where M and N represent the height and width of an image, respectively, with
1 and j representing the pixel locations. The registered image is denoted by

M (i, j) while source image is denoted by F(i, j).

. Peak signal-to-noise ratio: It quantifies the ratio between the optimal signal
power and image noise power as expressed in decibels (dB). Higher PSNR
values indicate a greater resemblance between source and registered image, as

expressed in Equation (2.6).

(2°-1)°

where, b indicates the number of bits per pixel and MSE refers to mean square

CITOr.

Cross-correlation: It determines the correlation coefficient between pixel
values of source and registered image to measure the similarity. This
coefficient ranges from -1 to +1, where values closer to +1 indicate a stronger
similarity and lower values indicate dissimilarity between the images, as

outlined in Equation (2.7).

$E-1 29, (m(x,y) ) (n(x,y)-70)

cC=
JEEea 5 mey)-m)? By 52, (mCxy) -2

2.7)

where, variables x and y represent the rows (x) and columns (y) of the matrices

m and n respectively.

. Structural similarity index measure: It evaluates the resemblance between two
images by comparing them to source images of perfect quality. SSIM values
range from -1 to 1, with higher values indicating a greater degree of similarity
between source and registered images [33], as described in Equation (2.8).

(2pq+k1)(2opq+k2)

SSIM= (0p2+0q?+k2)(PD)+(Q2+k1)

(2.8)

To compute the quality parameters, it is essential that both source and

registered images have identical sizes. Let p(a, b) and q(a, b) denotes source
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and registered image, where b denotes the number of bits per pixel, so
(2P — 1) represents the maximum gray value. The mean values for the source
and register images are denoted by p and g, respectively. The variance of the
p and q images is represented by ap? and oq? , while the covariance of p and
q is denoted by opq. Additionally, k1 and k2 are constants used in the

computation.

. Dice score: It quantitatively measures the accuracy of image registration by
analyzing the similarity between fixed(source) and U-Net warped (registered)
images, with values ranging from 0 to 1. Dice score = 1 indicates a perfect
overlap between the fixed and warped images, while Dice score = 0 signifies
no overlap, as described in Equation (2.9). It is calculated using the following

formula:

2 |[WnF|
W+ |F|

Dice Score = (2.9)

where W and F represent the number of pixels in the warped and fixed images,
respectively. A high Dice score indicates accurate alignment between

registered and fixed images, while a low score indicates poor alignment.

. Hausdorff distance: It measures the maximum euclidean distance between
points in subsets, like the fixed image (Iﬁx) and warped image (w). Lower
values of the Hausdorff distance indicate more accurate alignment between the

images.

Let, Ifjy = {fi fo, wevor fm} and @ = {wy,wy,.....,w;} are two finite point

sets, the hausdorff distance is computed as shown in Equation (2.10).
HSD(Iﬁx, a)) = max (hsd(lfix, a)), hsd(a), Ifl-x)) (2.10)
where,

hsd(lﬁx, a)) = ]pellax min||f — w||

fix WE®W

hsd(w, I+;,,) = max min —
( flx) wEa))(fEIﬁx”W f”
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This equation computes the maximum of the minimum distances from each
point in one set to the closest point in the other set, ensuring a symmetric

measurement of the distance between the two-point sets.

2.7. Summary

In this chapter, we conducted a comprehensive literature review on image registration,
categorizing the approaches into rigid, non-rigid, and deep learning approaches. Based
on the existing literature, research gaps are identified and discussed. Additionally,
various quality measures used in image registration are elaborated. In the next chapter,
an area and feature-based method for monomodal and multimodal medical image
registration is explored. Firstly, in Section 3.2, area-based methods for monomodal
(isomodal) biomedical image registration using teaching learning-based optimization
(TLBO) with MI maximization as an objective function are discussed. This section
confronts the challenge of accurately determining the optimal values of rigid
transformation parameters using optimization techniques in the presence of
anatomical variations and complex spatial transformations. Furthermore, a novel
image registration algorithm that integrates both area-based and feature-based
approaches for monomodal and multimodal medical images is presented in Section
3.3. A speeded-up robust features (SURF) framework is incorporated with a random
sample consensus (RANSAC) algorithm to enhance feature extraction, while

projective transformation further improves registration accuracy.

34



Chapter 3
A TLBO-Driven Hybrid Approach for Adaptive Medical Image
Registration using Affine Transformation and SURF

3.1. Introduction

The objective of this chapter is to introduce an area and feature-based method for
monomodal and multimodal medical image registration. Firstly, in this section, area-
based methods for monomodal (isomodal) biomedical image registration using TLBO
with MI maximization as an objective function are explored. The visual quality of the
registered image is assessed using MI and SSIM. This chapter confronts the challenge
of accurately determining the optimal values of rigid transformation parameters using
optimization techniques in the presence of anatomical variations and complex spatial
transformations. Furthermore, a novel image registration algorithm that integrates
both area-based and feature-based approaches for monomodal and multimodal
medical images is presented. SURF framework is incorporated with the RANSAC
algorithm to enhance feature extraction, while projective transformation further
improves registration accuracy. Experiments conducted on publicly available datasets
including Whole Brain ATLAS and Kaggle datasets confirm the effectiveness of

proposed approaches across different similarity metrics.

This chapter is organized as follows. Firstly, area-based accurate alignment of
monomodal modalities of medical images leveraging TLBO is described in Section
3.2. The performance of the scheme discussed in Section 3.2, is evaluated using MI
and SSIM metrics with the consideration of the visual quality of registered images as
presented in experimental results in Subsection 3.2.1.1. Then, in Subsection 3.2.1.2,
the analysis and effectiveness of the scheme are measured by performing a fair
comparison using monomodal modalities of images, with recently developed meta-
heuristic optimization-based techniques. The conclusion and limitations of the scheme
are discussed in Section 3.2.2. Secondly, to overcome the limitations of the scheme
discussed in Section 3.2, a novel area and feature-based scheme using TLBO with
affine transformations and SURF followed by projective transformation on both
monomodal and multimodal medical image modalities is elaborated in Section 3.3.
Experimental and comparison results with state-of-art techniques in terms of
robustness are described in Subsection 3.3.1.1 and 3.3.1.2 respectively. The summary

of the chapter including advantages and limitations is presented in Section 3.4.
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3.2. Teaching Learning-Based Optimization-Driven Approach for
Accurate Alignment of Medical Images

To achieve novel medical image registration, gaussian filtering is utilized for noise
reduction. Subsequently, rigid transformation aligns the original and floating image,
with TLBO optimizing the values of rigid transformation parameters (RTP) (6, ty, ty ).
MI and SSIM serve as similarity metrics to assess the correlation between the original
and registered image, with TLBO maximizing MI as an objective function [110]. The
optimal transformation (T‘) as per Equation (3.1), yields the highest value of MI,
defining the optimization algorithm objective function to determine the optimum

values of transformation parameters for enhancing similarity metrics.

T=argm7§iXMI [fs(x:y);ft(x'y)] (31)

The original (reference) image is denoted by f;(x,y) where x and y represent the
image coordinates, and the floating image is denoted by f;(x,y). T represents the
optimum transformation, with 7' representing the transformation as well as its
parameters. The proposed scheme framework is illustrated in Figure 3.1, with the

following steps involved:

Pre-processing Reference Evaluate
Original image —»| (Gaussian filter —»| image | similarity metric
f & Normalization) f
2} s

TLBO
optimization —
algorithm

_.-'Allgl:_lment- S Cfener?le
~~optimal - Register image

Compute rigid
Floating image transformation

i g S

Update
transformation
parameter

Figure 3.1: Framework of the proposed scheme

Step 1: The source (reference) image undergoes preprocessing using a Gaussian filter
for denoising before normalization. Although noise removal during preprocessing
results in slight degradation [111], normalization is applied to standardize the image
data on a uniform scale. The output of Step 1 is illustrated in Figure 3.2.
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(b)

Figure 3.2: Brain image from ATLAS Database [112]

(a) Source Image (b) Gaussian Blur Image (c¢) Normalized Image

Step 2: The output of the reference image obtained in Step 1 undergoes rigid
transformation, involving rotation preceded by translation, to generate the floating
image depicted in Figure 3.3.

S N
/ l;‘ﬂ‘ll»f}a )

“N &;\;

(a)

Figure 3.3: (a) Reference Image (b) Floating Image

Step 3: The similarity metrics SSIM and MI are utilized to quantify the similarity
between the reference and transformed floating images. TLBO is then employed to
determine the optimal values of RTP, with MI maximization serving as an objective

function for the similarity metric.

Step 4: The optimal rotation (6) and translation (tx,ty) values derived from TLBO
are utilized to transform the floating image, generating the registered image as
depicted in Figure 3.4 Subsequently, MI computation validates the correlation
between the reference and registered images, with a high MI value signifying precise
alignment, as depicted in Figure 3.1. TLBO optimizes the RTP to maximize or
minimize similarity metrics, ensuring image registration reliability. If the objective
function validates the results, the registered image is achieved otherwise parameters
are modified and the process is repeated from Step 2 as depicted in Figure 3.1.
However, if the results are not accurate, the transformation parameters are updated,

and the procedure is repeated from Step 2, as described in Figure 3.1.
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Figure 3.4: (a) Reference image (b) Floating image with transformation
parameters (0, ty ty) as (4.7,0,0) (c) Registered Image

3.2.1. Experimental and Comparison Results

This section evaluates the performance of the proposed scheme using Ml and SSIM
metrics as well as the visual quality of registered images. The effectiveness of the
scheme is showcased through comparisons with state-of-the-art methods [37], [40],
[113].

3.2.1.1. Experimental Results

All the experiments are conducted using the PYTHON 3.9.4 platform on a system
equipped with 16.0 GB RAM and a 2.80 GHz Intel(R) Core TM 17-1165G7 CPU. The
experimental results utilize various isomodal medical database images as illustrated in
Figure 3.5 (al-a6) sourced from the Whole Brain ATLAS database [112]. These
medical brain images comprising CT and MRI scans with dimensions (256 * 256)
(Figure 3.5, al-a5) and 354%353 (Figure 3.5, a6) are employed to assess and validate
the effectiveness of the scheme. The reference (source) image undergoes a rigid
transformation, involving rotation at an angle 8 followed by a translation T = (tx, ty),
resulting in the floating (template) image. This transformation occurs after applying
preprocessing to the source image, and TLBO optimizes the transformation parameters

to register the floating image with the reference image.

Initially, the floating image is registered with source image followed by observing the
impact of rotating an isomodal brain image at a rotation 8 = 2° preceded by T =
(tx,ty) = (2,2), as depicted in Figure 3.5 (bl-b4). The TLBO-derived optimal
rotation and translation parameters undergo a rigid transformation, resulting in the
formation of the registered image as illustrated in Figure 3.5 (Col.3, cl-c4),
corresponding to the floating images (Col. 2, b1-b4). In the second test case, the same
procedure is repeated with varying transformation parameters, such as rotation 6 =
15° and translation T = (tx, ty) = (17,17). The registration result for these parameter

values is displayed in Figure 3.5 (c5), corresponding to the floating image in Figure
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3.5 (Col. 2, b5), along with their MI values in Table 3.1. In the third test case, brain
image of dimension (354 X 353) is considered with different rotation and translation
parameters (rotation 0 = 4.7 and translation T = (tx,ty) = (0,0)) The resulting
registration is depicted in Figure 3.5 (Col. 3, ¢6), corresponding to the floating image
in Figure 3.5 (Col.2, b6). MI and SSIM metric values across all isomodal images are

summarized in Table 3.1.

Table 3.1: Experimental results of the proposed scheme using different test images

Initial RTP
Test images value (SSIM /MT)
(tx,ty, 0) tx ty 2]
(al) 2,2,2) -1.9634 -2.0316 -1.9848 (0.9643/12.087)
(a2) (2,2,2) -1.9636 -2.0338 -1.9866 (0.9868/7.5647)
(a3) (2,2,2) -1.9378 -2.0486 -2.0003 (0.9982/5.4848)
(ad) 2,2,2) -1.9716 -2.0326 -1.9939 (0.9961/4.5934)
(as5) 17,17,15) | -16.1619 -17.9579 -14.6466 (0.9749/5.7530)
(a6) (0,0,4.7) -0.0290 -0.0314 -4.69861 | (0.9561/13.2613)

In each case, higher MI and SSIM values across all test images as outlined in Table
3.1, explicitly state that the registered images are perfectly aligned with the reference
image with significantly reduced error rates. These findings demonstrate the superior
performance of the TLBO algorithm in isomodal medical image registration as
compared to other evolutionary algorithms [37], [40], [113]. The efficacy of TLBO in
obtaining the RTP is further illustrated through the experimental results with the

scheme described in this work.
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(ab) (b6) (c6)

Figure 3.5: MRI & CT modalities of test images (i) MRI (al, a2 & a6); (ii) CT (a3, a4, a5), RTP
(9, ty ty) for al-a4 (2,2,2), for a5 (15,17,17) and for a6 (4.7,0,0)

3.2.1.2. Comparative Analysis

The effectiveness of the proposed scheme in isomodal medical image registration is
evaluated by comparing it with recently developed meta-heuristic optimization-based
techniques. This comparison ensures a fair assessment as identical images and
parameters are used as those considered by [37], [40], [113]. The presented scheme is
contrasted with existing approaches presented by Dida et al. [37], Ayatollahi et al.
[40], and Maddaiah et al. [113]. Isomodal test images, namely MR1, MR2, CT1, CT2,
CT, and brain MR images obtained from the aforementioned database [112], are
depicted in Figure 3.5 (Col.1, al-a6), with dimensions (256 X 256). The comparison
results reveal that the proposed scheme achieves better similarity metrics SSIM and
RMSE as compared to existing meta-heuristic approaches, indicating more accurate
registration of CT and MRI images with enhanced visual quality, as demonstrated in
Figure 3.5. The improved outcomes are a result of TLBO effectively optimizing

transformation parameters and effectively reducing image noise across all
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experiments. All experiments are conducted using TLBO for image registration, with
a population size of 30 particles and a maximum of 60 iterations. Future research will
focus on extending the proposed method to multi-modal medical image registration
by integrating machine learning algorithms to improve the alignment of source and

target images.

Table 3.2: Comparison results of rigid transformation parameters for proposed scheme via existing
scheme [37] on al-a4 images in Figure 3.5, where IV is initial value and OA is optimization algorithm

Modalities | IV OA GWO | PSO Proposed | GWO | PSO | Proposed
RTP [27] [27] Scheme [27] [27] | Scheme
2 tx -1.931 | -1.930 -1.963 -1.936 | -1.948 -1.963
MR1
& 2 ty -2.074 | -2.074 -2.031 -2.082 | -2.076 -2.033
MR2
2 0 -1.982 | -1.978 -1.984 -1.986 | -1.991 -1.986
SSIM 0.9106 | 0.9196 | 0.9653 0.9007 | 0.9006 | 0.9838
2 tx -1.930 | -1.936 | -1.937 -1.933 | -1.933 -1.9716
CT1
& 2 ty -2.074 | -2.073 | -2.048 -2.079 | -2.068 -2.0326
CT2
2 0 -1.978 | -1.978 | -2.000 -1.983 | -1.977 -1.9939
SSIM 0.9196 | 0.9195 0.9852 0.9191 | 0.9190 | 0.9741

Table 3.3: Comparison results of rigid transformation parameter of proposed scheme with existing
scheme [40] on a5 image in Figure 3.5

RTP tx ty 7] Similarity
Initial value Measure
17 17 15 (RMSE)
Algorithm
Hybrid PSO -16.0480 -17.0133 -14.4844 0.4953
Proposed scheme -16.1619 -17.9579 -14.7543 0.1306

Table 3.4: Comparison results of transformation parameters of the proposed scheme with existing
scheme [113] on a6 images of Figure 3.5

RTP tx ty (7] Similarity Measure
Initial value
0 0 4.7 RMSE RMSE
Algorithm
Hybrid PSO -0.7240 | -0.3521 | -4.3768 3.7858 3.7858
Proposed scheme -0.0290 | -0.0314 | -4.69861 0.18091 0.18091
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3.3. Robust Medical Image Registration Leveraging Hybrid Approach:
TLBO, SUREF, Affine and Projective Transformations

In this section, effective area and feature-based methods for aligning both monomodal
and multimodal medical images are discussed. This technique initiates noise reduction
through Gaussian filtering and proceeds to normalization, rigid transformation, and an
optimization strategy. To find the optimal values of rigid transformation parameters
(6, ty ty) using maximization of MI as an objective function of TLBO. Afterwards,
the image obtained through the TLBO process and source image undergoes further
enhancement to extract robust features using SURF. Then, similar feature points are
matched using the K-nearest neighbours (KNN) algorithm, followed by the RANSAC
algorithm to eliminate mismatches (outliers). Subsequently, a projective
transformation is applied to obtain the accurately registered image. The similarity
between source and final registered image is evaluated using various similarity
metrics, including MI, RMSE, and SSIM. A high MI and SSIM value, along with a
low RMSE value, indicate the robustness of proposed scheme. Additionally, accurate
registration results are achieved through the extraction of a higher number of key
points (features) and minimizing mismatches. The proposed scheme discussed in this

section comprising of several steps as depicted in Figure 3.6.

- () i projectiv
~ Good matches ™~ (Ye2) | Obtain projective I
~_Threshold<0.75_— | g inal register image

£

Figure 3.6: Framework of the proposed scheme
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Step 1: Initially, source image undergoes pre-processing, where the Gaussian filter is
applied to reduce noise before proceeding to normalization. Subsequently, noise is
effectively reduced during the noise removal process, leading to a significant reduction
in contrast between anatomical features of an image. Finally, normalization is applied
to standardize the image data to a uniform scale, as depicted in Figure 3.7, illustrating

the outcome of Step 1.

e ©

Figure 3.7: (a) Monomodal source MR image [112] (b) Pre-processed image corresponding to (a) (c)
Multimodal source MR image [114] (d) Pre-processed image corresponding to (c).

Step 2: In monomodal image registration, the pre-processed source image undergoes
affine transformation to produce the template image. Conversely, in multimodal image
registration, an affine transformation is applied to the template image first, followed
by a rigid transformation. The results of Step 2 on both monomodal and multimodal

medical images are illustrated in Figure 3.8 below.

(@ (b)

Figure 3.8: (a) Monomodal template image from Figure 3.7 (b) with rigid transformation parameters
(9 =2°%t, =2,t, = 2) (b) Multimodal Template CT image (¢) CT image from Fig. 3.8 (b) with
rigid transformation parameters (9 =2°%t, =2,t, = 2).

Step 3: TLBO is utilized to determine the optimal values for rigid transformation
parameters (9, tx ty) with a fitness function as maximizing MI. Subsequently,

similarity measures such as MI, RMSE, and SSIM are employed to assess the
similarity between source and TLBO registered image which is not accurately aligned.
The results for monomodal and multimodal images, depicted in Figure 3.9 (a) and

Figure 3.9 (b) respectively, are tabulated in column 3 of Table 3.5.
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Figure 3.9: (a) TLBO registered monomodal image (b) TLBO registered multimodal image.

Step 4: To improve the registered image, the SURF feature extraction algorithm is
applied to both monomodal and multimodal images to extract features like key points,
lines, edges, and corners in both the source and TLBO registered image as depicted in

Figure 3.10.

(@) (b

(d)

Figure 3.10: (a) Features detected from pre-processed image referring to Fig. 3.7(b) (b) Features

detected from TLBO registered image referring to Figure 3.9 (a)) (c) Features detected from pre-

processed template image (d) Features detected from TLBO registered image referring to Figure
3.9(b).

Step 5: KNN is employed to match similar points between feature-extracted points
from step 4 in both source and TLBO registered image, as illustrated in Figure 3.11(a)
and Figure 3.11(d). Matching is considered successful when the distance to the first
neighbour falls below a specified threshold value (0.75), as shown in Figure 3.11(b)
and Figure 3.11(e). Subsequently, RANSAC is utilized to eliminate mismatches
(outliers) between KNN feature-matching images, as depicted in Figure 3.11(c) and
Figure 3.11(f). The objective is to achieve the best homography matrix, which results

in accurate registration by maximizing the number of inliers and minimizing outliers.
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Figure 3.11: (a) Total matches detected between monomodal images (Figure 3.10 (a), Figure 3.10 (b))
(b) Good matches derived from Figure 3.11(a) (c) Removal of outliers using RANSAC (Figure
3.11(b)) (d) Total matches identified between multimodal images (Figure 3.10(c), Figure 3.10(d)) (e)
Good matches (Figure 3.11(d)) (f) Removal of outliers using RANSAC (Figure 3.11(e)).

Step 6: Finally, a combination of area and feature-based registered image is generated,
as depicted in Figure 3.12(a) and Figure 3.12(c). The registration accuracy is assessed
by examining the difference between the source and registered image, illustrated in
Figure 3.12(b) and Figure 3.12(d). These illustrations reveal precise alignment
between the source and template images. The comparison results for monomodal and
multimodal images, evaluating MI for TLBO-Affine registered image and
hybridization of TLBO-Affine followed by SURF-Projective transformation.

Quantitative analysis of the datasets [112], [115] are used for experimental work as

described in Table 3.5.
(b) (¢ (d

Figure 3.12: (a) Final registered monomodal image (b) Difference between source and final registered
monomodal image (c) Final registered multimodal image (d) Difference between source and final
registered multimodal image.

(2)

3.3.1. Experimental and Comparative Analysis

This section illustrates the effectiveness of the scheme through an evaluation of
similarity metrics (MI, RMSE, and SSIM) on both monomodal and multimodal

medical images. Additionally, we analyse the number of matches and the visual quality
of the registered image.

3.3.1.1. Experimental Results
The experiments are conducted on a Windows 11 system equipped with an Intel(R)

Core TM 17-1165 G7 CPU running at 2.80 GHz and 16.0 GB RAM, using the
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PYTHON 3.9.4 platform. The experiments involved a variety of monomodal medical
images sourced from the Whole Brain ATLAS Dataset [112], as depicted in Figure
3.13 (al-all). The monomodal and multimodal images used in this study, along with
the transformation parameters considered, are summarized in Table 3.6. The CT and
MRI monomodal brain images, with dimensions 256 X 256 (Figure 3.13, al-al0),
354 x 353 (Figure 3.13, all), respectively, as well as the multimodal medical images
sized at 256 X 256 (Figure 3.13, al2-al5), served as the reference images for the
experiments. To generate the template (target) image, a rigid transformation is applied
to the source (reference) image, involving rotation by an angle 8 and translation by
T= (tx, ty) as specified in Table 3.5. In monomodal medical image registration, this
transformation is applied to the source image, while in multimodal medical image
registration, it is applied to the template image. The alignment of the template image
with reference image is achieved using TLBO algorithm, configured with a population
of 30 particles and 50 iterations to determine the optimal values for rigid
transformation parameters. Next, features are extracted from both monomodal and
multimodal medical images using SURF algorithm between pre-processed source
image and TLBO-registered image. Subsequently, these features are matched using
KNN matcher algorithm. False match key points(features) are then filtered out to
enhance the repeatability of feature matching using RANSAC algorithm. Afterwards,
the best homography matrix is determined by optimizing for the highest number of
inliers (IS) and minimal outliers (OS). Subsequently, a robust registered image is
generated by estimating the rigid transformation parameters based on the remaining
matches, thereby enhancing the registration accuracy. Experimental results
demonstrate this scheme yields more accurate results, achieving maximum values of
MI and SSIM and minimum values of RMSE in both monomodal and multimodal
medical image registration as compared to traditional approaches. In the initial test
case, template image is aligned with reference image. The results of rotating the
monomodal image at an angle 8 = 2 followed by translation T = (tx, ty) = (2,2) are
illustrated in Figure 3.13 (b1-b9). TLBO registered image is subsequently generated
as depicted in Figure 3.13 (Column 3, (c1-¢9)), matched with the template image
(Column 2, (b1-b9)) employing the optimized rotation and translation parameters. The
difference image between the source and final registered image is displayed in Figure
3.13 (Column 4, (d1-d9)). Subsequently, final registered image between the pre-
processed source and TLBO registered image is shown in Figure 3.13 (Column 5, (el-

€9)). To further enhance TLBO registered image, features are extracted using SURF
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in the source image, as illustrated in Figure 3.14 (Column 1, (al-a9)), while the
keypoints of the TLBO registered image are depicted in Figure 3.14 (Column 2, (b1-
b9)). Then, features are matched between the source and TLBO registered image using
KNN, as depicted in Figure 3.14 (Column 3, (c1-¢9)). Subsequently, good matches are
extracted, as shown in Figure 3.14 (Column 4, (d1-d9)), and RANSAC is utilized to
reduce mismatches and enhance match repeatability, as illustrated in Figure 3.14
(Column 5, (el-€9)). The alignment quality of the TLBO registered image is further
improved through source and SURF-Projective transformation. In various test cases,
different values of translation and rotation parameters are adjusted to simulate
different scenarios. The higher MI and SSIM values, along with lower MSE and
RMSE values, indicate the accurate alignment of registered images in all these
scenarios, as detailed in Table 3.6. The scheme demonstrates superior performance as

compared to traditional evolutionary algorithms [37], [40], [42], [49], [113], [116].

Source image Template image TLBO registered Difference between Final registered

image source and final image
registered image

-
dl
-
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-
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-
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Figure 3.13: Rigid transformation parameters (9, ty ty) for al-a9 are (2,2,2) , for al0 are (3,5,7) and
for all are (4.7,0,0), for al2 are (15,17,17) and al3-al5 are (2,2,2)
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all bll cll dll ell

als bis cl5 dis el5
Figure 3.14: Experiment outcome of different monomodal and multimodal images: (a) keypoints
extraction of source image(Figure al- Figure al5) (b) keypoints extraction of TLBO registered image
(Figure b1- Figure b15) (c) Total matches using KNN (d) Good matches (e) Inliers using RANSAC

Table 3.5: Experimental results on fifteen different monomodal/multimodal images taken from Whole
Brain ATLAS and Kaggle Dataset

Images Ground Registration Parameters ( MI ) (RMSE) (ﬂ ) ( 1s )

Truth SSIM MSE GM 0S
(6.t ty) 0 t, t,

al (2,2,2) -1.995246 | -1.953835 | -2.024725 (11-8616) ( 0.05992 ) (E) (@
0.99326 0.003591 242 6

a2 (2,2,2) | -1.877150 | -1.968412 | -1.973259 (7.68657> (0-06843) (@) (@
0.975127 0.00469 167 1

a3 (2,2,2) -1.984798 | -1.961969 | -2.026555 (12.47402) < 0.00725 ) (ﬁ) (ﬁ)
0.99560 0.0000526 374 ’
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a4 (2,2,2) -1.993975 | -1.959465 | -2.038087

4.838813) (0.0066655)
0.99831 0.0000443

a5 (2,2,2) -1.986545 | -1.958860 | -2.031092

7.84023 ) ( 0.005882 )
0.998380/| \0.0000346

a6 (2,2,2) -2.000038 | -1.929636 | -2.076320

5.38299 ) (0.00435988
0.999254/| \0.00001900

a7 (2,2,2) -2.023572 | -0.843061 | -2.967087

8.79876) (0.097752)
0.45759 0.009956

a8 (2,2,2) -2.591633 | -1.160894 | -2.097307

8.99190 ) (0.1220083
0.706819 0.014420

a9 (2,2,2) -2.589592 | -2.955757 | -1.036038

5.14818) ( 0.25798
0.474578/| \0.0665544

0.97447 0.0009626

all (4.7,0,0) | -4.698647 | 0.025615 0.026671

12.9876) < 0.18900

0.96367 0.0357210

al2 (15,17,17) | -13.999654 | -15.903154 | -17.038512 5.30944

<0.20526 )

0.588887 0.042134

al3 (2,2,2) -2.010362 | -1.959127 | -0.033599 7.3538

< 0.23395 )

0.605810/| \0.0547327

al4 (2,2,2) -0.794920 | -2.032515 | -0.979775

0.284271)

0.471868 0.08081

5.75569
0.595064

al5 (2,2,2) -1.400124 | -2.966063 | -0.976563
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Table 3.6: Summary of different modalities of images shown in Fig. 3.9 along with transformation
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Sr. No Rigid Dimension
Modality transformation
parameters
(6,t,t))

1 Liver CT/Liver CT
2 Brain CT/ Brain

CT
3 MR I1 /MR 11
4 CTI2/CT12
5 Mono-modality | MR 12 / MR 12 2,2,2) (256 * 256)
6 CTIl/CTIl1

PD- weighted MR/
7 T1-weighted MR
8 MR TI /MR T2
9 MR T2 /MR T2
10 MRI-PD / MRI- (3,5,7)

PD
11 MR /MR (4.7,0,0) (354 % 353)
12 CT/MRT2 (15,17,17)
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13 Multi-modality | MR/ CT

14 MR /CT 2,2,2)

15 MR / CT (256 = 256)
3.3.1.2. Comparative Analysis

This section provides a comparison between proposed scheme and recently developed

image registration methods [37], [40], [42], [49], [113], [116]. All comparisons are

conducted on similar images with the same number of parameters, considering their

respective ground truth values. Table 3.7 outlines the methodologies employed by

various authors in the state-of-the-art approaches [37], [40], [42], [49], [113], [116]

that are compared to proposed scheme.

Table 3.7: Summary of state-of-the-art methods used for comparison with proposed scheme

Reference

Methodology

Dida et al. [37]

The method has been assessed using medical images, including CT and MRI, and is suitable
for area-based techniques.

Samantaray et

Implementation of an effective image registration algorithm incorporating SURF and BRISK

al. [116] feature extraction, enhanced with upgraded GMS and RANSAC algorithms.

Ayatollahi ef al. | Hybrid PSO is employed on multimodal images, utilizing RMSE to measure similarity.

[40]

Zheng et al | Employing the progressive image method and SURF algorithm for medical image registration,
[49] based on the Brain Web database.

Maddaiah et al.
[113]

Implementation of a monomodal image registration algorithm specifically designed for
aligning T1-weighted MR images using PSO.

Gupta et al

[105]

A global optimization algorithm such as ACO is applied to medical images using various
similarity metrics.

The scheme is evaluated against existing meta-heuristic optimization strategies

presented by Dida ef al. [37] for monomodal medical image registration. The

comparison is conducted using test images MR 11, CT 12, MR 12, and CT I1, each with

dimension 256 X 256, sourced from the whole brain Atlas database [112] as shown

in (Figure 3.13,Col. 1,a3 — a6 ). A template image is created by applying an affine

transformation with 6=2° followed by translation T = (t,, ty) = (2,2)) to serve as

the ground truth as depicted in (Figure 3.13,Col.2,b3 —b6). TLBO method is

utilized to find optimal transformation parameters and reduce noise. The quantitative

evaluation, employing SSIM metric as presented in Table 3.8 and Figure 3.15. The

proposed scheme demonstrates superior SSIM values as compared to the method
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outlined in [37] for monomodal image registration as illustrated in Table 3.8. The

higher SSIM values indicate that the CT and MRI images are aligned accurately, and

the visual quality of the images is improved, as depicted in Figure 3.13. All

experiments are conducted across the specified images as shown in (a3 —

a6, Col. 1, Fig. 3.13 ) for alignment using TLBO with a population size of 30 particles

and a maximum of 50 iterations.

images a3-a6 as shown in Fig. 3.13

Table 3.8: Comparison of SSIM for proposed approach with existing method [37] corresponding to

Algorithm
GWO PSO Proposed GWO PSO Proposed
Images | Grou | RTP [37] [37] TLBO [37] [37] TLBO
nd
Trut
h
2 ty -1.9824 -1.9997 | -1.986545 -1.9863 -1.9774 -2.03109
MR 11
and 2 ty -1.9311 -1.9514 | -1.958860 -1.9367 -1.9333 -1.9865
MR 12
2 0 -2.0741 -2.0954 | -2.031092 -2.0822 -2.0686 -1.9865
SSIM 0.9106 0.9103 0.9956 0.9007 0.9190 0.99833
2 ty -1.9788 -1.9789 | -2.000038 -1.9835 -1.9774 -1.986545
CTI1 2 ty -1.9306 -1.9360 | -1.929636 -1.9335 -1.9333 -1.958860
and
CTI2
2 0 -2.0744 -2.0734 | -2.076320 -2.0797 -2.0686 -2.031092
SSIM 0.9196 0.9195 0.99779 0.9191 0.9190 0.998332
100
—#- MRIL
~#- MR-I2
098 | -#- CTI1
—k- CTI2
0.96 -
0.94 -
0.92 4 *"""""'::::_‘:::-:::z"-f//
090 L #-oo--ooooo oo 4 :
GWO PSO Proposed Approach

Algorithm

[37] and PSO [37] on monomodal MR-I1, MR-12, CT-11,CT-12 images.

Figure 3.15: Comparison of SSIM between proposed approach and existing method based on GWO

The proposed scheme undergoes comparison with scheme by Samantaray et al. [116].

For the experimental evaluation, CT images of the liver and brain, both monomodal

images are sized at (256 X 256), sourced from the aforementioned database [112]

as depicted in (Fig. 3.13, Col.1, al and a2). An affine transformation is then applied to
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generate target images with ground truth values (rotation 8 = 2° and translation T =
(tx, ty) = (2,2)) as depicted in Fig. 3.13 (Col.1, bland b2). Matching between
reference and target images are accomplished using KNN matcher, illustrated in Fig.
3.14 (Col. 3, cl and c2). To enhance accuracy while minimizing errors, RANSAC
algorithm is deployed to identify inliers in the images, as shown in Fig. 3.14 (Col. 5,
el and e2). A quantitative assessment of the discussed scheme on liver and brain CT
images is summarized in Table 3.9. The results tabulated in Table 3.9 and Fig. 3.16
with higher MI and lower RMSE values reveal precise registration. This is due to the
optimal values of rigid transformation parameters obtained through TLBO and these
results still lack the precise alignment of source and target images. Then, SURF is
applied to extract robust features followed by KNN matcher to find the best match and
RANSAC to remove the outliers between source and TLBO register image. The results
corresponding to each step are shown in Figure 3.14. The authors of [14] did not claim

the results corresponding to multimodal medical images in their study.

Table 3.9: Comparison of proposed approach with [116] based on MI and RMSE similarity metrics
corresponding to liver and brain CT image

Technique SURF + BRISK + TLBO +Affine +
Modalities GMS + RANSAC SURF+ Projective
Transformation
Similarity metrics
MI 9.2814 11.8616
Liver CT
RMSE 0.9271 0.05992
MI 8.6573 9.89657
Brain CT
RMSE 0.8124 0.04702
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Figure 3.16: Comparison of MI and RMSE between proposed approach and existing
method [116] based on SURF for monomodal images.

The method presented by Ayatollahi et al. [40] , which employs hybrid particle swarm
optimization (HPSO) for multimodal brain image registration is contrasted with
proposed scheme. We employed a source image of CT modality with dimensions of
(256 x 256 ) from the Kaggle dataset [115], as depicted in Figure 3.13 (Col.1, al2).
Subsequently, a template image corresponding to MR-T2 modality is generated by
applying rigid transformation with rotation (6 = 15" and translation T = (tx, ty) =
(17,17)), establishing ground truth values, as shown in Figure 3.13 (Col.2, b12).The
comparative analysis between discussed scheme and [40] based on the average RMSE
value is presented in Table 3.10. The lower RMSE value achieved by the proposed
scheme utilizing a population size of 30 particles and a maximum of 50 iterations,
indicates more accurate alignment between source and template images, as shown in
Table 3.10. Furthermore, the enhanced performance of the proposed scheme is due to
the optimal rigid transformation parameters achieved through TLBO, which initially
lack precise alignment. Subsequently, SURF is then used to extract robust features,
with KNN matcher identifying the best matches and RANSAC is used for eliminating
outliers between the source and TLBO-registered image. Figure 3.14 shows step-by-

step outcomes.

Table 3.10: Transformation parameters comparison of proposed approach with [40] on multimodal
image al2 as shown in Figure 3.14

Rigid Transformation (7] t, t,
Parameters
Ground Truth
15 17 17 Similarity

Metric

Optimization (RMSE)

Algorithm

HPSO -15.1919 -17.4194 -17.6803 0.4953

Proposed Approach -13.9996 -15.903154 -17.038512 0.2053
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The proposed scheme undergoes comparison with the method discussed by Zheng et
al. [49], which employs progressive-SURF. To conduct the comparison, we utilize a
monomodal PD-weighted MR source image with dimension (256 x 256) from the
aforementioned database [112], as depicted in Figure 3.13 (Col.1, a7). The affine
transformation applied to create the floating image (T1-weighted MR) has ground
truth values of rotation (f = 2" and translation T = (tx, ty) = (2,2)) as depicted in
Figure 3.13 (Col.2, b7). The comparison involves a multimodal MR source image with
dimensions of (256 x 256) from the Kaggle dataset [115], as depicted in Figure 3.13
(Col.1, al3). The ground truth values for the affine transformation used to construct
the template image (CT image) include rotation (@ =2° and translation T =
(tx, ty) = (2,2)), shown in Figure 3.13 (Col.2, bl3). The comparison outcomes
between the discussed scheme and [49], based on NCC and MI values, are summarized
in Table 3.11 and Figure 3.17. A higher MI value along with lower NCC and MSD
values between the source and final registered image indicate that the proposed
scheme outperforms [49]. This is achieved through TLBO-derived optimal rigid
transformation parameters even with initial misalignment. SURF is used to extract
robust features, followed by KNN matcher and RANSAC for robust matching and

outlier removal. The results at each stage are illustrated in Figure 3.14.

Table 3.11: Comparison of proposed approach with [49] based on MI, NCC and MSD on a7 and al3
images as shown in Figure 3.14

Type Modalities Method PI-SURF TLBO with surf
and projective
Similarity transformation
metric
MI 2.2577 8.79876
PD-weighted MR NCC 0.9219 0.98224
Monomodal &
T1-weighted MR MSD 0.0082 0.0047
MI 1.5861 7.3538
Multimodal MR & CT NCC 0.7334 0.7543
MSD 0.0521 0.05021
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Figure 3.17: Comparison of MI, NCC and MSD between proposed approach and existing method [40]
based on SURF for monomodal as well as multimodal images

The proposed scheme is compared to the method by Maddaiah et al. [113], which
employs PSO to estimate the transformation parameters. For fair comparison, a
monomodal brain MR image as used by authors [113] with dimensions (354 X 353)
utilized from the database [112], as illustrated in Figure 3.13 (Col.1, all).
Subsequently, an affine transformation is applied to create the template image, with
the ground truth values set at rotation (6 = 4.7°and translation T = (tx, ty) = (0,0))
as shown in Figure 3.13 (Col.2, b11). Quantitative results of the discussed scheme and
the method presented in [113], utilizing RMSE and MI as similarity metrics, are
summarized in Table 3.12. The improved outcomes indicated by higher MI and lower
RMSE values are achieved through TLBO-derived optimal transformation parameters
overcoming initial alignment issues. The method uses SURF for feature extraction,

KNN for matching, and RANSAC for outlier removal, as shown in Figure 3.13.

Table 3.12: Transformation parameters and similarity metric comparison for discussed scheme with
[113] on monomodal image all as shown in Figure 3.14

Rigid Transformation 0 t, t, Similarity Metric
Parameters

Ground Truth

4.7 0 0 RMSE MI

Optimization
Algorithm
HPSO -4.6868 -0.7410 -0.3611 78.8358 5.3642
TLBO with SURF and | -4.69864 0.02561 0.02667 0.17489 13.5823
projective
transformation

A comparison between the proposed scheme and Gupta et al. [42], which employs
ACO for medical image registration is carried out. We utilize a source image (MRI-
PD) from database [112], sized at (256 x 256 ), as shown in Figure 3.13 (Col.1, al0).
To construct the template image, a rigid transformation with rotation (68 = 3° and

translation T = (t,,t,) = (5,7)) is applied, as illustrated in Figure 3.13 (Col.2, b10).
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The comparative results of proposed scheme and [42], based on similarity metrics such
as MSE and MI values, are summarized in Table 3.13. The smaller MSE value
achieved with proposed scheme results from TLBO-derived optimal transformation
parameters addressing initial alignment challenges. Utilizing SURF for feature
extraction, KNN for matching, and RANSAC for outlier removal as illustrated in
Figure 3.14, ensures accurate alignment of the source and template images. This was
achieved with a population size of 30 particles and 50 iterations, culminating in a

robust registered image (e10, Col.5, Figure 3.13).

Table 3.13: Comparison of transformation parameters for proposed approach with existing approach
[42] on al0 image in Figure 3.14

Rigid (7] t, t, Similarity Metric
Transformation
Parameters

Ground Truth

3 5 7 MSE MI

Optimization
Algorithm
ACO -2.8976 -4.2567 -6.68532 45.88 0.96
TLBO with surf and -3.00793 -4.623836 -7.21820 0.000962 12.828
projective
transformation

Comparative analysis across various monomodal and multimodal medical images
indicates that the proposed scheme outperforms [37], [40], [42], [49], [113], [116] for

several reasons:

e [tachieves precise alignment by accurately identifying optimal values for rigid
transformation parameters.

e Utilizing SURF provides robust alignment by producing images with fewer
outliers as compared to SIFT.

e Achieves superior feature quality and ensures precise registration accuracy.

e Through effective feature extraction leveraging SURF, KNN for best matching
keypoints, and RANSAC for removal outliers ensures the accurate alignment

between source and template images.

3.3.2. Conclusion

With a notion to proffer a novel and robust image registration method, we employ an
optimization technique with rigid transformation and enhance the registered image

through feature extraction followed by projective transformation. TLBO optimizes
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rigid transformation parameters to maximize MI between the source and TLBO-
registered images. The output image produced by TLBO and affine transformation
is not precisely aligned, SURF and projective transformation further improve this
issue. SURF is used to extract robust feature points and KNN is employed to match
the extracted feature points. Mismatched features between the source and template
image are reduced using RANSAC algorithm. Finally, projective transformation is
applied to generate the robust registered image. Extensive experiments on
monomodal and multimodal medical images demonstrate significant improvements:
SSIM increases by 8%, MI by 12.71% on monomodal images, and reduces RMSE
by 41.44% on multimodal images, confirming its robustness as compared to state-

of-the-art methods.

3.4. Chapter Summary

This chapter outlines the process of generating precisely registered images for
isomodal medical images, highlighting the visual quality of aligned images using
TLBO and rigid transformation. The proposed scheme employs TLBO to find optimal
rotation and translation parameters with MI maximization as an objective function. To
assess the proposed scheme performance, extensive experiments are conducted on
diverse image modalities, including CT and MRI images with noise and artifacts. The
experimental results indicate an 8% increase in MI and SSIM values, signifying better
quality of registered images. To address challenges such as the optimal value of rigid
transformation parameters due to anatomical variations and spatial transformations,
we proposed a novel image registration algorithm that integrates both area and feature-
based approaches for monomodal and multimodal medical images. This method
employs the SURF framework for feature extraction along with the RANSAC
algorithm to refine the features. Subsequently, projective transformation is used to
achieve a more accurate register image. Experiments are conducted on whole brain
ATLAS and Kaggle datasets demonstrating the robustness of this scheme, with an
improvement of 8% in SSIM, a 12.71% increase in MI for monomodal images, and a
41.44% reduction in RMSE for multimodal images as compared to recent state-of-the-
art methods. In the next chapter, we present a method that integrates kernel principal
component analysis (KPCA) with TLBO specifically designed to handle challenges

related to complex anatomical variations and spatial transformations.
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Chapter 4 Multimodal Image Registration Leveraging Kernel PCA
and TLBO

4.1. Introduction

In this chapter, an integration of KPCA and TLBO-based medical image registration
techniques for monomodal and multimodal modalities is presented. This scheme
comprises three phases pre-processing, extracting contours using Ostu’s thresholding
method for finding ground truth values of translation parameters, feature extraction
using KPCA to determine rotation value, and evaluating optimal rigid transformation
parameters using TLBO for precise alignment. This process involves contour
extraction to create a boundary feature image with centroid localization used to
compute translation parameters (tx, ty) for spatial alignment. KPCA enhances feature
representation by capturing non-linear relationships and determining rotation value
(8) while TLBO optimizes rigid transformation parameters for accurate alignment.
Extensive experiments are conducted on monomodal and multimodal medical images,
including CT and MRI from the Harvard Brain ATLAS [112], Kaggle [114], [115],
[117]-[119] and an in-house clinical dataset from Fortis Hospital Mohali, India. The
proposed scheme significantly outperforms state-of-the-art methods with
improvements in RMSE from 64.4034 to 59.1837, MSE from 4147.797 to 3502.710
and SSIM from 0.72456 to 0.75321.

This chapter is structured as follows. The proposed scheme based on the combination
of KPCA and TLBO is described in Section 4.2. The proposed scheme effectiveness
is validated through experimental results on various datasets is summarized in
Subsection 4.3.1, using quality metrics like RMSE, PSNR, SSIM, and CC for different
modalities of images. The efficiency of proposed scheme with respect to image
alignment is evaluated in Subsection 4.3.2 through comparisons with state-of-the-art

methods. The chapter summary is outlined in Section 4.4.

4.2. Multimodal Medical Image Registration Based on KPCA and TLBO

The proposed CT-MRI registration approach comprises a set of steps aims to achieve
accurate image alignment is illustrated in Figure 4.2. Consider the image registration
as an optimization problem, in proposed method maximization of SSIM between
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source and target images is considered as an objective function of TLBO to obtain
optimal value of transformation parameters, mathematically depicted in Equation
(4.1).

~

T = arg mTaXSSIM [fp(x, ), fq(x, y)] (4.1)

The source image ( fo(x, y)) and target image ( fa(x, y)) defined by coordinates x and

y undergo an optimal transformation denoted by T. The proposed scheme framework

includes the steps outlined in Figure. 4.1.

Source image

Apply preprocessing

|

|

|

|

|

‘ Affine
‘\—r transformation
|

|

|

|

|

Exfracting
f princip
Evaluate similarity metric

» | (RMSE, SSIM, PSNR and CC) ‘

Figure 4.1: Framework of the proposed approach
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|
|
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r Step 41 | |
| Compute the similarity metric |
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| |

Figure 4.2: Workflow of proposed approach

Step 1: Pre-processing: The source (reference) and target images, illustrated in Figure
4.3 (a;) and Figure 4.3 (b;) respectively, undergo initial pre-processing using a
Gaussian filter in CT-MRI registration. Subsequently, the pre-processed images
undergo min-max normalization, resulting in the reference and target images depicted
in Figure 4.3 (¢;) and Figure 4.3(d, ) respectively. The integration of Gaussian filtering
and min-max normalization improves image quality by diminishing noise levels and
enhancing overall contrast. This process ensures that image pixel values are scaled

within a specific range, facilitating accurate comparison, and matching of the CT and

MRI images during the registration process.

(ar) (b1) (c1) (dy)

Figure 4.3: (a;) Reference image (b, ) Target image (c,) Pre-processed source image (d,) Pre-

processed target image
Step 2: Feature extraction: The contour tracking approach(Moore Neighbour Tracing)
[120] 1s employed to extract contour information from binary image obtained from
Otsu’s thresholding, which subsequently serves as the feature image for registration,

depicted in Figure 4.4 (c;) and Figure 4.4 (d,) respectively. Otsu's thresholding
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approach is utilized to determine a threshold value of 40 and convert the grayscale
image into a binary image, as illustrated in Figure 4.4 (a,) and Figure 4.4 (b,). In
contrast, feature images for monomodal MRI-MRI are generated through threshold

image segmentation as shown in Figure 4.10.

0101010

(a1) (b1) (1) (dy)

Figure 4.4: (a,) Source image using Otsu’s threshold method (b, ) Target image using Otsu’s threshold
method (c;) Contour source image (d;) Contour target image

Step 3: Translation computation: The proposed scheme computes translation by
subtracting the centroid of the target feature image from the centroid of the source

feature image, as detailed in Table 4.1.

Table 4.1: Determine translation from centroid of source and target image

Centroid source Centroid target ty t

feature image feature image

[126.42619198 | [133.81266718 | 1.802875402379641 | 7.386475209125692
127.10039494] | 128.90327034]

Step 4: KPCA: Figure 4.5 (a,) and Figure 4.5 (b, ) illustrate the first principal direction
of both the source and target feature images obtained after applying KPCA.

(a1) (by)

Figure 4.5: (a,) First principal direction source feature image (b, ) First principal direction target
feature image.
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Step 5: Rotation angle computation: The rotation angle measured in degrees, is
determined by calculating the angle between the first principal direction of the source

and target feature images, as demonstrated in Table 4.2.

Table 4.2: Determine rotation angle using first principal direction of source and target image

First principal direction of First principal direction of Rotation angle
source image target image
[-0.6851638, -0.14675629, 0.1 | [-0.66689827, -0.22749482, 0. | 7.142097993499146 degrees
3050633, 0.70141376] 21968467, 0.67470842]

Step 6. To ensure accurate image alignment, the proposed method employs the TLBO
algorithm to optimize registration parameters, including rotation angle and translations
as illustrated in Figure 4.6 (a;) and Figure 4.6 (b;). The difference image highlights
the inconsistency between the target and registered image for PCA and KPCA, as
depicted in Figure 4.6 (c;) and Figure 4.6 (d).

(a;) (by) (dq)

Figure 4.6: (a,) Register image related to PCA (b;) Register image related to KPCA (c;) Difference image
between reference and register image related to PCA (d, ) Difference image between reference and register
image related to KPCA

4.3. Experimental Qutcomes and Comparative Study

In this section, the effectiveness of the proposed scheme across different datasets
[112], [114], [115], [117]-[119], demonstrating its performance through experimental
results is presented. Quality assessment metrics RMSE, PSNR, SSIM, and CC are

utilized to validate the performance against various modalities of images.

4.3.1. Experimental Qutcomes

Numerous experiments are conducted to assess the proposed scheme employing Keras
with a TensorFlow backend. These experiments are performed on a system featuring

an NVIDIA GeForce GTX GPU, an Intel (R) Core TM 17-1165G7 CPU operating at
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2.80 GHz, and 16.0 GB of RAM. The implementation is conducted on the PYTHON
3.9.4 platform, operating within the Windows 11 environment. The proposed approach
is validated using Harvard Brain ATLAS [112], Kaggle datasets [114], [115], [117]-
[119] and in-house clinical dataset collected from Fortis Hospital Mohali, India
including various modalities such as CT-MRI. Evaluation of proposed scheme is
performed on medical brain images with dimension (256 X 256) pixels. First,
preprocessing is applied to the source and target images, involving Gaussian filtering
and min-max normalization for quality enhancement and ensuring pixel values fall
within a specific range, as shown in Figure 4.7 (Column3, c¢1-c9 and Column4, d1-
d9). A threshold of 40, determined via Otsu’s thresholding [120], is used to convert
grayscale image into binary image as illustrated in Figure 4.7 (Column 5, el-e9 and
Column 6, f1-f9) for CT and MRI images, respectively. Subsequently, a contour
tracking method is applied to extract contour details from both the CT and MR images,
serving as feature images for registration as visualized in Figure 4.7 (Column 7, gl-
g9 and Column 8, h1-h9) for CT and MR images respectively. Following this,
translations are determined by calculating the difference between the centroids of the
target and source feature images. Then, KPCA is utilized to compute the first principal
directions of the feature images, facilitating the calculation of the rotation angle
between them, as depicted in Figure 4.8 (Column 1, al-a9 and Column 2, b1-b9).
Finally, the TLBO algorithm is utilized to optimize the registration parameters,
including rotation angle and translations, ensuring precise image alignment. This
algorithm iteratively refines the parameters to obtain the optimal rotation and
translation values. The resulting transformation yields the registered image as depicted
in Figure 4.8 (Column 3, c1-¢9 and Column 4, d1-d9), aligned with the target image.
The difference image highlights any misalignment between the source and target
images, with a smaller difference indicating improved alignment for PCA and KPCA,

as demonstrated in Figure 4.8 (Column 5, el-e9 and Column 6, f1-19) respectively.
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Figure 4.7: Evaluation along with multimodal medical images (a) Source image(Fig. al - Fig. a9) (b) Target
image(Fig. b1- Fig. b9) (c¢) Pre-processed source image(Fig. c1- Fig. c9) (d) Pre-processed target image(Fig. d1-
Fig. d9) (e) Threshold source image(Fig. el- Fig. €9) (f) Threshold target image(Fig. f1- Fig. f9) (g) Contour
source image(Fig. gl- Fig. g9) (h) Contour target image(Fig. h1- Fig. h9)
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Figure 4.8 Experimental outcomes through multimodal medical images (a) KPCA source feature

image (Fig. al- Fig. a9) (b) KPCA target feature image (Fig. bl- Fig. b9) (c) PCA register image
(Fig. c1- Fig. ¢9) (d) KPCA register image (Fig. d1- Fig. d9) (e) PCA difference image (Fig. el-
Fig. €9) (f) KPCA difference image (Fig. f1- Fig. {9)

For monomodal medical images, pre-processing steps are applied to both the source
and target images, as depicted in Figure 4.9 (Columnl, al-a3, and Column2, b1-b3),
involving Gaussian filtering and min-max normalization. This enhances image quality
and maintains pixel values within a specific range, as displayed in Figure 4.9 (Column
3, cl-c3 and Column 4, d1-d3). Subsequently, feature images are generated through
threshold segmentation. In this procedure, the threshold value (0) is set within the
range of 0 to 255, determined through a series of experiments. Intensity values
exceeding 0 are marked as 1, while those below are assigned 0, as shown in Figure 4.9
(Column5, el-e3, and Column6, f1-f3). Subsequently, translations are calculated by
subtracting the centroids of the target and original feature images. KPCA is utilized to
determine the first principal directions of the feature images, followed by the
determination of the rotation angle between them as depicted in Figure 4.9 (Column
7, gl-g3 and Column 8, h1-h3). To achieve precise image alignment, the TLBO
method optimizes registration parameters, including rotation angle and translations,
determining their most effective values. This process generates registered images for
PCA and KPCA, depicted in Figure 4.10 (Column 3, cl—c3 and Column 4, d1-d3),
aligning with the target image. Variations in the difference images between the target
and registered images for PCA and KPCA are illustrated in Figure 4.10 (Column 5,
el-e3 and Column 6, f1-f3) respectively.
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Figure 4.9: Analysis of monomodal medical images (a) Source image(Fig. al- Fig. a3) (b) Target
image(Fig. bl- Fig. b3) (¢) Gaussian filter image(Fig. c1- Fig. ¢3) (d) Normalized image(Fig. d1- Fig. d3)
(e) Threshold source image(Fig. el- Fig. e3) (f) Threshold target image(Fig. f1- Fig. f3) (g) KPCA source

image(Fig. g1- Fig. g3) (h) KPCA target image(Fig. h1- Fig. h3)
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Figure 4.10: Assessment incorporating monomodal medical imaging (a) PCA source image
(Fig. al- Fig. a3) (b) PCA target image (Fig. bl- Fig. b3) (c) PCA register image (Fig. c1- Fig.
c3) (d) KPCA register image (Fig. d1- Fig. d3) (e) PCA difference image (Fig. el- Fig. e3) (f)

KPCA difference image (Fig. f1- Fig. 3)
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4.3.2. Comparative Analysis

In this section, the effectiveness of proposed scheme for image alignment is compared
to the state-of-the-art approaches [1]-[4]. Evaluations are conducted on similar test
images, assessing image alignment quality including SSIM, RMSE, PSNR, and CC.
Robust image alignment is indicated by high SSIM, PSNR, and CC values, along with
low RMSE values. In this study, experiments are carried out using multimodal images
by combining PCA and TLBO to verify the efficiency of KPCA with PCA and the
results of both with TLBO are shown in Figure 4.11 and Figure 4.12. The results using
PCA and KPCA in image registration domain are tabulated in Table 4.3. The results
for multimodal images across all test data show that the registered image achieves
lower RMSE and higher SSIM values, indicating precise alignment and reduced error
rates. Similarly, the superior efficiency of the registered image in terms of SSIM and

RMSE across all monomodal test data, with bold values highlighting the performance

of the proposed scheme as illustrated in Table 4.4.

Table 4.3: Quantitative multimodal evaluation of proposed approach with PCA based on various
quality assessment metric

S.No | Testdata Ground data Rigid transformation parameters RMSE MSE SSIM
(6,t,ty) 6 ty t,
1.| CTand (1.7,1.8,7.3) -3.438160 | 0.508370 | 8.000000 88.7611 7878.54 | 0.82922
MR-T2
(7.14,1.8,7.3) -5.947361 | 0.489140 | 8.000000 44.3892 1970.40 | 0.84660
2.| MR-T1 (20.23, 13.67,-16.61) | -20.7843 | -17.6223 | 20.37187 70.1808 492534 | 0.79213
andT1\2/IR- (6.25,13.67,-16.61) | -17.00000 | -17.6223 | 20.37187 43.9439 1931.06 | 0.80268
3.| MR-T1 (23.4,7.5,15.7) -9.000000 | -8.76648 | -9.00000 105.0097 | 11027.04 | 0.718113
and CT (15.57, 7.50, 15.7) -16.0000 -3.06 -16.00000 | 49.41230 | 2441.575 | 0.768216
4.| MR-T2 (11.67,4.98, 3.47) -12.58782 | -6.65866 | -3.585819 122.4458 | 14992.98 | 0.662219
and MR-
T1 (8.27,4.98,3.47) -4.369748 | 6.700710 | -2.32389 64.40342 | 4147.801 | 0.697403
5.1 MR-T2 (10.27,0.55, -1.723) | -9.488335 | 3.516067 | 3.007994 98.67542 | 9736.840 | 0.745325
and MR-
Flair (12.52,0.55, -1.723) | -10.660063 | 4.006762 | 3.494542 49.46119 | 2446.409 | 0.765443
9
6.| MR-TI (1.064, 1.862,0.433) | -1.322375 | -2.46558 | -1.04286 60.4562 3654952 | 0.7523
and MR-
T2 (2.365, 1.862, 0.433) | -2.322375, | -1.86558 | -0.44286 52.2130 2726.197 | 0.7843
7.| CTand (10.21, -1.64,9.601) | -11.43121 | 2.670056 | -10.95737 76.4585 5845902 | 0.7582
MR-T1
(13.43, -1.64, 9.601) -13.4123 | 3.900567 -8.9573 53.4821 2860.441 | 0.77127
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MR-T2 (10.35, 2.72, -3.349) -11.32152 431364 -3.52462 58.3425 3403.847 0.7453
and MR-
PD (7.654, 2.72, -3.349) -7.65465 -3.21776 2.91464 51.3230 2634.050 | 0.76217

MR-T1 (9.43, -1.25, 6.1468) -10.7658 1.05673 -5.3264 64.4034 4147.797 | 0.72456
and CT

(8.432,-1.25,6.1468) | -8.454307 | 2.108806 | -5.89666 59.1837 | 3502.710 | 0.75321

RMSE

w =
8 z \ \
= ] ’

images Images images

Figure 4.11: Experimental evaluation of proposed method with PCA employing different quality assessment metrics for
multimodal medical images.

Table 4.4: Experimental outcomes for three distinct monomodal medical images taken from Harvard

dataset[112]
S. No Test Ground data Rigid transformation parameters RMSE MSE SSIM
data
(6,t,t,) 0 ty ty

1. | MR-T1 | (10.45,2.78,1.99) | -11.000000 | -6.70814 -4.28567 | 41.10013 | 1689.220 | 0.848974

(17.50,2.78,1.99) | -17.999014 | -5.65553 -4.362010 | 37.59951 | 1413.723 | 0.852570

2. CT (9.30,3.90,1.41) | -10.000000 | -5.711361 -3.24576 | 49.87451 | 2487.467 | 0.838184

(4.73,3.90,1.41) | -5.000000 | -4.741481 | -2.675474 | 45.39408 | 2060.623 | 0.838848

3. MR-T2 | (5.10,1.88,1.62) -3.449475 | -2.791043 | -2.766178 | 43.0594 | 1854.12 | 0.801655

(12.95,1.88,1.62) | -13.000000 | -3.302510 | -3.467804 | 42.21010 | 1781.692 | 0.812868
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Figure 4.12: Computational evaluation of the proposed approach in comparison to PCA using a
variety of similarity measures for monomodal medical images.

Source image | Target image | Pre-processed | Pre-processed Threshold Threshold

source image target image source image target image

\

(ay)

(ag) (by) (cs) (dg) (es) (fa)

(as) (be) (o) (ds) (eo) (fs)

72



(ay) (b,) (c7) (d7) (e7) (f)

(bo) (¢co) (do) (e9) (fo)

(aq)

Figure 4.13: Evaluation utilising multimodal imaging (a) Source image (Fig. al- Fig. a9) (b) Target image
(Fig. bl- Fig. b9) (c) Pre-processed source image (Fig. c1- Fig. c9) (d) Pre-processed target image (Fig. d1-
Fig. d9) (e) Threshold source image (Fig. el- Fig. €9) (f) Threshold target image (Fig. f1- Fig. 9)
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Figure 4.14: Evaluation utilising multimodal imaging (a) KPCA source feature image (Fig. al- Fig.
a9) (b) KPCA target feature image (Fig. bl- Fig. b9) (c) Register KPCA image (Fig. c1- Fig. c9) (d)
Difference KPCA image (Fig. d1- Fig. d9)

The method demonstrated by Arora ef al. [1] employs SURF-TLBO for multimodal
brain image registration. To validate the proposed approach, a comparison is
conducted between [1] and the proposed scheme using similar multimodal images
from the Harvard dataset [112] as depicted in Figure 4.13 (Column 1: al-a3, Column
2: bl-b3). Afterwards, source and target images undergo a pre-processing phase, as
shown in Figure 4.13 (Column 3: c1-c3 and Column 4: d1-d3) respectively which aims
to smooth and enhance the quality of an image. Subsequently, contour extraction is
applied to both source and target images to generate feature images and determine
translation parameters. The first principal directions are computed from these feature
images using the KPCA method, as shown in Figure 4.14 (Column 1: al-a3 and
Column 2: b1-b3) are used to find the rotation parameter of rigid transformation. In
addition, TLBO is utilized to optimize the parameters of the rigid transformation,
thereby improving the registration process, as depicted in Figure 4.14 (Column 3: c1-
c3). The difference image visually evaluates registration quality, indicating
misalignment and errors between the target and registered images, with a smaller
difference implying better registration as depicted in Figure 4.14 (Column 4: d1-d3).
In Table 4.5 and Figure 4.15 (a) show the comparison of the proposed scheme with [1]
and PCA-based registration using the SSIM as a similarity measure. From Table 4.5
and Figure 4.15 (a), it is observed that the proposed scheme outperforms both SURF-
TLBO [1] and PCA on different image pairs, including MR-T1 and CT, MRI-PD and
CT, and MR-T1 and CT. The optimal SSIM values achieved by employing 50 data
samples (particles) for TLBO optimization and a maximum of 100 iterations, ensuring

accurate alignment of reference and target images.

75



Table 4.5: Quantitative SSIM-based analysis of proposed approach in comparison to [1] for
multimodal images

Images Similarity metric SSIM
Method

SURF+TLBO 0.5950064

MR-T1 and CT PCA+TLBO 0.654481
Proposed Approach 0.794376

SURF+TLBO 0.471868

MR-PD and CT PCA 0.736781
Proposed Approach 0.772339

SURF+TLBO 0.605810

MR-T1 and CT Propos::iclfpproach 0?57423665130

The proposed scheme is evaluated against single rigid registration (SRR) and multiple
rigid registration (MRR) methods presented by Azam et al. [3]. To assess their
performance, several multimodal CT and MRI brain images, each with dimension
(256 x 256), were obtained from [121], as depicted in Figure 4.13 (Column 1: a4-
a6) and Column 2: b4-b6). Then, contour extraction is applied to both source and target
images to generate a feature image. The rotation angle is determined by comparing the
first principal directions of the source and target images as shown in Figure 4.14
(Column 1: a4-a6 and Column 2: b4-b6). The proposed scheme employs TLBO to
determine the optimal values for rigid transformation parameters, including rotation
angle and translations, aiming for accurate image alignment, as depicted in Figure 4.14
(Column 3: c4-c6). The difference image visually represents the misalignment
between the reference and registered images, as shown in Figure 4.14 (Column 4: d4-
d6). In Table 4.6 and Figure 4.15 (b-d), the proposed scheme is compared with [3]
using SSIM, PSNR, and cross-corelation as a similarity measure. The results
demonstrate that proposed scheme achieves better outcomes across different image

pairs, including MR-PD and MR-T2, MR-T2 and CT, and CT and MR-T]1.
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Table 4.6: Comparative analysis between proposed approach and [3] leveraging several quality
assessment metrics

Images Similarity metric SSIM PSNR Cross
correlation
Method

SRR 0.7945 34.5266 0.8998

MR-PD and MR- MRR 0.7997 50.7112 0.9073
T2 Proposed Approach 0.86511 57.3883 0.93203
SRR 0.4755 56.22 0.47709
MR-T2 and CT MRR 05252 | 5335 0. 66671
Proposed Approach 0.7679 60.2503 0.87928

SRR 0.5287 34.8154 0.4232

CT and MR-T1 MRR 0.5799 45.680 0.5568
Proposed Approach 0.90017 69.6563 0.7954

The method presented by Su et al. [4], which employs a multimodal brain image
registration technique using optical flow and SURF is contrasted with proposed
scheme. The process involves preprocessing, contour extraction, and feature image
creation from reference and target images. Principal directions are determined using
KPCA, followed by optimization of rigid transformation parameters using TLBO
method. The difference image highlights inconsistencies between reference and
registered images. The performance of the proposed scheme is compared with [4]
employing SSIM, PSNR, and cross correlation as a similarity measure across different
image pairs CT and MR-T1, CT and MR-T2 as illustrated in Table 4.7 and Figure
4.15 (e-f).
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Table 4.7: Performance evaluation of proposed approach with [4] based on PSNR and cross
correlation metrics for multimodal medical images.

Images Similarity metric PSNR Cross correlation
Method
Demons 53.83 0.77
SURF 63.11 0.83
CT and MR-T1
Proposed Approach 83.123 0.9921
Demons 56.02 0.91
CT and MR-T2 SURF 68.26 0.79
Proposed Approach 76.079 0.9578

The proposed scheme undergoes comparison with the method discussed by Zheng et
al. [49], which employs Progressive-SURF. For fair comparison, similar source and
target images with dimensions of (256 * 256) from the dataset [114] are considered
as illustrated in Figure 4.13 (Col.1, a9) and Figure 4.13 (Col.2, b9). Contour extraction
generated feature images from both source and target images, followed by computing
their first principal directions using KPCA as illustrated in Figure 4.14 (Col. 1, a9) and
Figure 4.14 (Col. 2, b9). The TLBO optimizes rigid transformation parameters such
as rotation angle and translations to achieve accurate image alignment, as shown in
Figure 4.14 (Col.3, ¢9). The difference image highlights variations between the
reference and registered images as illustrated in Figure 4.14 (Col.4, d9).The
performance comparison between the proposed scheme and [49], utilizing MSD and
cross-correlation as similarity measures across image pair such as MR-T1 and CT, is

presented in Table 4.8 and Figure 4.15 (g).

Table 4.8: Proposed approach comparison of proposed approach with [49] employing MSD and cross
correlation on multimodal medical images for evaluating performance.

Images Similarity metric MSD Cross
correlation
Method
Demons 0.1054 0.8389
SURF 0.0197 0.8142
MR-T1 and CT
P1-SURF 0.0082 0.9219
Proposed Approach 0.00423 0.9421

78



11
~& SURFTLBO - SR
-+ A o MRR
09 & Proposed Approach 10 Proposed Approach
.-
B 09
08 [ i
_______ g
08
H I " =
for e 8
s 07
P
06 N i 06
S e
LS il
05 i 05 S
% - - .
; : : MR-PD and MRT2 MRT2 and CT CTand MRT1
MRT1 and CT MR-PD and CT MRT1 and CT Images
Images
(a) (b)
-+ SR -+ W
® -+ MR s
~o- Proposed Approach
oo o 034 .. -+ Proposed Apprach
s
) PR = o c 081 :
———————— >~ o
eSS EEE i H
o = v
Z a0 Ew
g o
. v
- ]
§
. 2 054
» e U
" o
3 e 05
0 -
MRD and MRT2 MRT2 and CT CTand MRTL u
Images MRPD and MRT2 MAT2and (T CTand MRTL
Images
(©) (d)
@ 110
Demons & Demons
SURF URF
8 105
Bt =9 Proposed Approach ~#- Proposed Approach
oy T 100 o
~~~~~ c
w4 "
5 2 035 S
a
o
zZn £ 0%
S
"
& 2 085
2
[5}
) 080
= 015
CTand MRTL CTand MRT2 a2
CTand MATL CTand MRT2
Images Images
(e) ()
~o MSD
10 Cross correlation
08
£ o6
b=
@
£
2
& o4
E
0w
02
a
00 APt -———— -———

2
Demons|15] SURF(15] P1-SURF(15]

State-of-the-art Methods

(g

Figure 4.15: Comparative computational analysis of the proposed method with state-of-the-art
approaches[1]-[4] which employ numerous kinds of quality assessment metrics on multimodal
medical images.

Proposed Approach

79



4.4. Chapter Summary

In this chapter, a novel approach with the hybridization of KPCA and TLBO for both
monomodal and multimodal medical image registration is discussed. The approach
starts with pre-processing steps such as noise removal and normalization to enhance
image quality. In the next step, contour extraction is performed using Otsu's
thresholding for multimodal images and a thresholding segmentation approach for
monomodal images to create feature images and determine ground truth translation
parameters. Then, KPCA captures non-linear data mapping for rotation value
determination, while TLBO optimizes the registration process by iteratively adjusting
transformation parameters. The proposed scheme has been evaluated using various
similarity metrics for both monomodal and multimodal medical images from publicly
available and in-house clinical datasets. This chapter focuses on rigid medical image
registration on both standard as well as real-time medical image datasets but however
lacking in deformable image registration. In the next chapter, a deformable medical
image registration leveraging unsupervised learning algorithm and visual geometry
group (VGG19), a deep learning framework to enhance the accuracy and efficiency

for both 2-D and 3-D monomodal and multimodal images will be elaborated.
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CHAPTER 5 Deformable and Rigid Medical Image Registration on
different modalities using the combination of Deep Learning and
Meta-Heuristic Approaches

5.1. Introduction

In this chapter, an integration of deep learning approaches including U-shaped
convolution neural network (U-Net) and VGG-19 with meta-heuristic techniques
including TLBO and unified equilibrium optimizer (UEO) is outlined. Firstly, an
unsupervised learning algorithm U-Net model is integrated with TLBO for the
registration of monomodal image modalities. In this scheme, a two-channel image
created from moving and fixed images are input into the U-Net model encoder and
decoder phases to extract image features and generate a displacement field. Moreover,
B-spline transformation parameters such as control point positions and their associated
coefficients are predicted resulting in the warped image. To enhance the quality of the
warped image, TLBO with rigid transformation parameters is applied to both fixed
and U-Net warped images to detect the optimum transformation parameters (9, ty ty).
This scheme is evaluated on five publicly available datasets [122]-[126] of 2-D and
3-D mono-modal medical brain MR and chest CT images, employing transfer learning
with pre-trained weights from voxel morph U-Net model for 3-D images. It
demonstrated superior results in deformable medical image registration, with dice
scores increasing from 0.7421 to 0.9542 and from 0.7102 to 0.9024, and Hausdorff
distances decreasing from 2.0521 to 1.5607 and from 2.04463 to 1.0923,

outperforming symmetric image normalization (SyN) and voxel morph.

This chapter is structured as follows. Firstly, an unsupervised learning algorithm U-
Net model integrated with TLBO and affine transformation for monomodal medical
images is presented in Section 5.2. The performance of proposed scheme is examined
in Section 5.2, evaluated with dice score and hausdorff distance as presented in
experimental results Subsection 5.2.1.1. Then, in Subsection 5.2.1.2, the effectiveness
of proposed scheme is assessed through a fair comparison with recent state-of-the-art
techniques using monomodal image modalities. The conclusion outlining its benefits
and limitations is demonstrated in Section 5.2.2. Secondly, to address the limitations
discussed in Section 5.2, a deep learning method VGG19 integrated with UEO

optimization for monomodal and multimodal medical image modalities is elaborated
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in Section 5.3 and its algorithm is discussed in Section 5.3.1. Experimental results
along with comparative analysis with state-of-the-art techniques in terms of robustness
are detailed in Subsections 5.3.2.1 and 5.3.2.2 respectively. The summary of the

chapter including both advantages and limitations is discussed in Section 5.4.

5.2. U-Net with TLBO: A Deformable Medical Image Registration

The objective of deformable image registration is to identify the optimal displacement
field (@) over an n-dimensional spatial domain Q@ < R™, where R™ is Euclidean space
to ensure the warped image is aligned precisely with fixed image. Image registration
is characterized by the minimization of a cost function, as formulated in Equation.
(5.1), which aims to achieve optimal alignment between images. The loss function

used to quantify alignment quality is mathematically expressed in Equation (5.2).
6= arg m@in Lioss (Ifix' Lnov, (D) (5.1)

Lioss(Leis Imovs @) = Lsim (Iriz Imow °0) + A Lyeg(@)  (5.2)
In the context of deep learning methods, the deformation field is represented as @ =
Vg (Imo,,, Ifix), where 6 denotes the trainable parameter. The term A, a user-defined
weight, adjusts the impact of £,..4, which serves as a regularizer, while Lg;,, stands

for the similarity loss.
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Figure 5.1: Workflow of Proposed Approach
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This work includes 2-D and 3-D medical MR and CT image modalities from datasets
[122]-[127]. The proposed scheme utilizes the voxel morph CNN architecture (Vxnet)
with parameter 0, expressed as vg (Imm,, Ifl-x) = @, to compute the displacement field
(@) using image pairs I,y and Ir;,. Figure 5.1 depicts the workflow diagram of
proposed scheme which consists of voxel morph CNN architecture for predicting the
deformation field (registration field) and a B-spline spatial transformer to achieve the
U-Net warped image with minimized loss function. The detailed steps are provided as

follows:
Step 1: Voxel morph CNN architecture

Voxel morph (Vxnet) CNN architecture employs U-Net structure to extract image
features through an encoder-decoder network with a bridge, creating a deformation
field (@) based on fixed (Iﬁx) and moving (I,,,,) images. This architecture has an
encoding path that accepts a single 2-channel input image and includes a convolution
block with Leaky ReLU activation, as shown in Figure 5.3 and Figure 5.4. Afterwards,
max pooling is employed for down-sampling, which reduces the spatial resolution of
the feature maps from the convolutional layers by half. The base block (bridge) shown
in Figure 5.4 includes only a convolution block. The decoder block needs three inputs:
the output from the previous block, a skip connection or features from the
corresponding encoder block, and the number of filters, as illustrated in Figure 5.3.
The last layer of the decoder phase uses a convolution block to convert the combined
three inputs into the deformation field, as depicted in Figure 5.1. Algorithm 5.1
provides a comprehensive outline of the CNN architecture, deformation field, and

spatial transformation.
Step 2: B-spline transformation

The B-spline transformation technique aligns images using B-spline interpolation,
which determines the values at transformed locations based on neighbouring control
points through B-spline basis functions. The main goal of this transformation is to
compute (Lo, ° D), applying a nonlinear warp to the moving image with the
displacement field (¢). The displacement vector flow field (u) defines the warp by
correlating pixel intensity between the output and moving image. Consequently, the
grid spacing between control points in the flow field (u) is one, and the number of
control points matches the image size. The intensity (Imov ° (D(px)) for each pixel

position (px) in the output image is depicted in Equation (5.3)
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(Imov ° @(px)) = (Im (px - u(px))) (5.3)

where, (p —u(px)) is non-integer and pixel intensity is defined only at integer
positions, (Im ° (Z)(px)) is found by interpolating the nearest pixel associated with

(px — u(px)), as represented in Equation (5.4).
(Imov ° Q)(px)) = Zwe Z(px") Im(W) Hje {a,b} t(px],' - Wj) (5-4)

Here, px' = (px — u(px)), and Z(px") represents the neighbouring pixel of px’. The
variable j iterates over the spatial dimensions of the domain Q and t() denotes a
generic sampling kernel used for image interpolation. This process ensures the spatial
transformation function is differentiable, enabling the backpropagation of error
gradients (derivatives of the loss function that guide parameter adjustments) during

optimization for effective learning.

Step 3: Loss Function

The loss function (L), as outlined in Equation (5.5), incorporates both the similarity

measure (Lg;,,) and the regularization function (Lre g).

Lloss(lfix: Imovf Q)) = Lsim (Ifixr Imov OQ)) + 1 Lreg (¢) (5-5)

where, Lg;,denotes the similarity loss, while L,..4 refers to the regularization applied
to the deformation field. The displacement field is represented as @ = vy (Ifix, Imov),
where 0 is a learnable parameter and A is a weighted parameter that adjusts the impact
of L,.¢4. The parameter vg is updated by backpropagating the loss. This work employs
MSE as the similarity measure, which calculates the pixel-wise difference between

images as outlined in Equation (5.6).
1
MSE (Ifixs Imov*®) = 137 Zpea | 1x®) — mon” 9] (5.6)

In the spatial domain (), images must have similar intensity distributions to be
considered identical. Minimizing L;,,, encourages the warped image (I,,,,,, °@) to
resemble If;,, which can cause a discontinuous @. Therefore, Equation (5.7) includes
an additional regularization term that penalizes non-smooth deformation fields (@)

through the norm of their spatial derivatives.
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Lreg((z)) = ZpeQ”V@(p) ”2 (5.7)
The loss function includes this regularization term to produce anatomically consistent

outcomes, thereby avoiding sharp discontinuities in the predicted displacement field

(@).

The Voxelmorph (Vxm) framework includes Vxnetl for 2-D datasets and Vxnet2 for
3-D datasets, both utilizing a U-Net structure. Figures 5.2(a) and 5.2(b) depict these
structures as rectangles, representing 2-D and 3-D volumes. The numbers within each
rectangle show the number of channels in an n-dimensional volume n€ {2,3} and the
corresponding spatial resolution of the input. During encoding, each channel employs
max pooling operations to down-sample feature maps, reducing their spatial resolution
by half. In the decoding phase, each channel uses 32 filter convolutions and an up-
sampling layer, restores the original resolution. Arrows represent skip connections
between encoder and decoder features. The final decoder layer converts the outcome

into a deformation (displacement) field with a convolution block.

Fixed image

-f

Moving image

a.

Fixed image

16|16 |3 |—>
2 |16/32 |32 |32 E| 2 3| |32 .
» ,l+ | g 116 1/8; | Deformation field
_, 10 114 114 10 i
LI T I

b Moving image

Figure 5.2:Voxelmorph architecture vg (Imo,,, Iﬂ-x) to generate deformation field. (a) for 2D dataset
(b) 3D dataset
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Algorithm 5.1: Vxm CNN Architecture Registration

Input: Initialize fixed and moving image as Ir;, and I, respectively

Output: To compute the loss and deformation(registration) field.

1. Procedure Vxm_CNN_WarpImg(f;y, Iinoy) m Input Iy, and Iy,
2. vg = Initializer (Vxnet)

3.  whilej < no_of_iteration do

4. D= vy (Iﬂx,lmov) m Compute registration field @
5. W= Ipoy°0 m Warped image (w)

6. Lipss(@, D) = Lim (@, Iriy; B) + A Lyeg(¢) m Compute loss

7. vg = BackPropogate_to_Converge(vg,L;,ss) ™ Update Vxm_CNN
8. j=j+1

9. returnw,®
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Figure 5.3: Structure representation of 2-D U-Net architecture.
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Figure 5.4: Structure representation of 3-D U-Net architecture
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5.2.1. Experimental Results and Comparison Analysis

The effectiveness of the proposed scheme across different datasets [122]-[127] is
demonstrated through the experimental and comparison results by considering dice

score and Hausdorff distance as a similarity measure.

5.2.1.1. Experimental Results

To evaluate the proposed scheme, experiments are conducted using Keras with
TensorFlow backend on an NVIDIA GEFORCE GTX GPU. The implementation is
carried out on a 2.80 GHz Intel(R) Core (TM) i7-1165G7 CPU with 16.0 GB RAM,
running Python 3.9.4 on Windows 11. The unsupervised Voxelmorph CNN for
deformable medical image registration is trained with a batch size of 1, learning rate
of 10, and a regularization parameter (1)=0.25. Moreover, the Adam optimizer is
employed to optimize the learning model. Performance evaluation of the proposed
registration model is carried out using five different datasets namely D1-D5:
Atlas norm 2D [122], 2D oasis [123], Atlas norm_ 3D [126], ADNI [124], CT scan:
Before and After[127]. The 2-D dataset includes the ATLAS and 2D OASIS datasets,
comprising 349 and 414 MRI images with dimensions 256 X 256 pixels. These
images are cropped to 192 X 160 which reduces the training and computational time
of Voxelmorph CNN architecture. For the ATLAS dataset, 208 images are used for
training and 141 for validation, whereas the OASIS dataset consists of 138 images for
training, validation, and testing individually. The model is trained using MSE
similarity metric with a regularization parameter A= 0.25 over 500 epochs.
Intermediate results of the loss function after 100 and 500 epochs for the
Atlas_norm_2D (D1) and 2D OASIS (D2) datasets are depicted in Figure 5.5 (a) and
Figure 5.5 (b), respectively, with A= 0.25. Accurate alignment of moving and fixed
images is determined by exploring the value of A ranging from 0 to 1 as depicted in
Figure 5.7 through various experiments. The 3-D datasets Atlas Norm 3D and ADNI
contain 320 and 1961 T1-weighted MRI brain images respectively, while CT scan
includes 514 chest CT images sized at 256 X 256 X 256. Similarly, the 3-D datasets
are down-sampled to 160 X 192 X 224 for computational efficiency. Experiments
are conducted using pre-trained weights of the Vxnet CNN architecture on these 3-D
datasets. For experimentation mono-modal medical images, including MRI image
(Figure 5.8 (al-a4, Col. 1)) and CT image (Figure 5.8 (a5, Col. 1)) are used. Two

randomly selected images moving and fixed from the training dataset are shown in
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Figure 5.8 (al-a5, Col. 1) and Figure 5.8 (b1-b5, Col. 2) respectively. These images
are concatenated into two-channel input for the Vxnet architecture, resulting in a
deformation field as visualized in Figure 5.8 (c1-c5, Col. 3). The CNN output is
evaluated on the test dataset, resulting in a vector representation of a moving image
called deformation field is obtained from the trained model. This deformation field
undergoes transformation through three components of B-spline transformation, i.e.,
localization network, grid generator, and sampler. These components process the
deformation field and features of the moving image to generate the warped image as
shown in Figure 5.8 (d1-d5, Col. 4). The localization network predicts spatial
transformation parameters including rotation, scaling, and translation. The grid
generator creates control points that define the deformation field. Through B-spline
interpolation, the sampler applies this deformation field to the input feature map
producing a transformed output feature map. However, the alignment of the warped
image produced by Vxnet is suboptimal. Therefore, TLBO with rigid transformation
parameters (RTP) is applied to enhance the alignment between CNN-generated
warped and fixed image. By incorporating TLBO with the output (warped image) from
Vxnet for alignment with the fixed image can effectively enhance the registration
process. This integration results in a significant enhancement in the quality of the
registered image as illustrated in Figure 5.8 (el-e5, Col. 5). High value of dice score
and low value of Hausdorff distance reveal the improved accuracy of the registration

process.

Initially, the warped image is aligned with fixed image by rotating it at an angle 6 =
2" and then translating it using T = (t,, ty) = (4,8) . TLBO with a population of 100
particles and 500 iterations is utilized to determine the optimal value of rigid
transformation parameter (RTP). This determination involves evaluating different
objective functions: (i) Dice score, (i1) M1, and (ii1) Hausdorff distance as specified in
Table 5.1. These experiments include various image modalities defined in Equation
(5.8) to Equation(5.10). The final registered image is created using effective
translation and rotation parameters as depicted in Figure 5.8 ((el), Col. 5). This
process is applied to various test scenarios by altering the translation and rotation
parameters as illustrated in Figure 5.8 ((e2-e6), Col. 5). The significant reduction in
the difference between fixed and final registered images indicates that the deformation
field effectively addresses misalignment as illustrated in Figure 5.8 ((f1-f5), Col. 6).

The flow field (displacement vector field) generated by a spatial transformer illustrates
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the direction and magnitude of displacement at each pixel as shown in Figure 5.8 ((g1-
g5), Col. 7). Experimental results show that the proposed scheme outperforms the
state-of-the-art (SOTA) method in deformable medical image registration by more
than 20% in dice score and less than 0.9% in Hausdorff distance (HD), as tabulated in
Table 5.1.

M1 = max (MIF (I, ) (5.8)
Dicescore = max (DS(Ifix, w)) (5.9)
Hausdorf fdistance = min (HSD (Ifl-x, w)) (5.10)

Here, w represents the warped image, denoted as I, - @, whilely;, is the fixed image.

MIF stands for mutual information, DS for dice score, and HSD for hausdorff distance.
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Figure 5.5: Training of Vxnet for 2-D oasis dataset showing loss function vs number of epochs (a) D1
(b) D2 dataset

Initially, the Voxelmorph CNN network (Vxnet) is used to evaluate results on the five
datasets [122]-[127]. Although Vxnet demonstrated superior results as compared to
[81], [128]-[130] the moving and fixed images are still not properly aligned. This is
demonstrated by the similarity metrics in Table 5.1 and the visual representations in
Figure 5.8. To enhance alignment accuracy, TLBO is applied to the U-Net warped
image and the fixed image to find the optimal transformation parameters. The
outcomes for Vxnet and the proposed approach (Vxnet-TLBO) across datasets D1-D5
are presented in Table 5.1. The dice score results for these datasets using Vxnet and

the proposed Vxnet-TLBO approach as illustrated in Figure 5.6.
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Table 5.1: For monomodal medical images, experimental results between proposed approach and

state-of-the-art approaches [81], [128]-[130] with different similarity metrics

Ground Registration Parameters Dice Dice HD MI SSIM

Images Truth Score Score

(Vxnet) (PA)

(6,t,t) 0 ty ty
al (2,4,8) | -1.93979 | -3.85162 | -8.00326 | 0.7434 0.9454 24518 | 2.1315 | 0.9345
a2 (3,6,9) | -2.80325 | -5.90263 | -8.73835 | 0.74632 | 0.9225 1.5607 | 2.9508 | 0.9570
a3 (3,4,8) | -2.72203 | -4.18827 | -7.91516 | 0.7628 | 0.95421 | 2.3809 | 2.4380 | 0.9553
a4 (1,2,2) | -1.00367 | -1.89093 | -2.19094 | 0.7523 0.9024 1.0923 | 3.8280 | 0.9654
a5 (2,4,8) | -1.73510 | -4.18120 | -7.96743 | 0.7586 0.9164 3.9442 | 1.8963 | 0.9263
3
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5.2.1.2. Comparative Analysis

In this section, a comparative analysis between proposed scheme and state-of-the-art
approaches [81], [128]-[130], for 2-D and 3-D medical image registration is
presented. The minimum dice score for affine implementation is 0.516 as tabulated in
Table 5.2. The Vxnet framework alone (without TLBO) achieved dice scores from
0.64310 to 0.7463 across datasets. With the integration of TLBO, Vxnet showed
notable improvements in dice scores on 2-D and 3-D datasets from 0.7463 to 0.9225.
The proposed scheme achieved dice scores from 0.7628 to 0.9542, 0.7523 to 0.9024,
and 0.7463 to 0.9225. This demonstrates that deep learning and optimization algorithm
outperforms the evaluated baselines [81], [128], [129] indicating accurate alignment.
Vxnet achieves superior results as compared to traditional methods [81], [128]—[130]
. The proposed scheme extends Vxnet by utilizing TLBO with optimal transformation
parameters outperforming both Vxnet and conventional methods. The effectiveness of
the proposed approach is quantitatively evaluated against [81], [128]-[130] for MRI
image registration between fixed and moving images as detailed in Table 5.2. The
proposed method is compared with an unsupervised learning model [81], spatial
attention (SA-Voxelmorph) [128], and multi-view feature slicing attention module
[129] for deformable medical image registration on 2-D and 3-D datasets [122]-[127]
for monomodal MRI. The comparison involves T1-weighted brain MR images with
similarity metrics as summarized in Tables 5.2 and 5.3. Higher dice scores and lower
Hausdorff distances accurately align the moving and fixed images. Additionally, SSIM
and MI metrics detailed in Table 5.1 quantify registration, indicating that proposed
scheme offers superior accuracy. Registration performance of traditional methods
[81], [128], [129], Vxnet, and the proposed scheme are compared based on similarity
metrics and Hausdorff distance in Table 5. 2, Table 5.3, and Figure 5.9.

94



Table 5.2: Quantitative comparison of dice score for proposed approach with state-of-the-art methods

[81], [128], [130]

Method 3-D MRI brain [81] ADNI [128] OASIS [130]
Affine 0.567 0.486 0.516
SyN 0.742 0.601 0.599
Voxelmorph 0.749 0.710 0.643
Vxnet 0.7628 0.7523 0.74632
Proposed scheme 0.9542 0.9024 0.9225

Table 5.3: Comparison of hausdorff distance similarity metric of proposed approach with [129] for

MRI image.
Method OASIS [129] ADNI [129]
Affine 3.5300 3.5068
SyN 2.0521 1.9650
Voxelmorph 2.0900 2.0446
Proposed 1.5607 1.0923
scheme

D1 D2
Datasets

Figure 5.9:Quantitative comparison between proposed approach and traditional method [81], [128],
[130] corresponding to different [123], [124], [126].
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5.2.2. Conclusion

In this section, an unsupervised learning U-Net model followed by TLBO
along with affine transformation for monomodal medical image registration
is discussed. Vxnet(U-Net) model takes a two-channel image (moving and
fixed) through its encoder and decoder phases to extract features and create
a displacement field. The displacement field provides direction vectors for
each pixel in the moving image to align with the fixed image, followed by a
B-Spline transformation for improved alignment. Despite its capabilities,
Vxnet alone does not provide efficient registration as measured by dice score
and Hausdorff distance. To improve the warped (registered) image quality,
TLBO with RTP is applied to detect the optimum transformation parameters
(6, ty, ty) for accurate alignment of both fixed and U-Net warped image.
Extensive experiments on 2-D and 3-D images from CT and MRI datasets
indicate that proposed scheme achieves superior registration accuracy.
However, this work of deformable (non-rigid) image registration is limited
to monomodal medical images which can be further enhanced to multimodal
modalities of images. In the next section our objective is to improve rigid
transformation parameters for precise alignment using a novel UEO, a meta-
heuristic approach along with VGG19. This novel approach outperforms the
techniques TLBO with VGG19, KPCA, and TLBO [131] in terms of

qualitative and quantitative parameters.
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5.3. VGG-19 with United Equilibrium Optimizer for Medical Image
Registration

In this section, a robust method for aligning both monomodal CT-CT, MRI-MRI and
multimodal CT-MRI, MRI-CT medical images leveraging UEO and VGGI9 is
presented. This approach consists of a series of steps as detailed in Figure 5.10, which
are designed to ensure accurate image alignment. Image registration is characterized

as an optimization process which aims to maximize an objective function, as defined

in Equation (5.11).

T = argmax SSIM [ri(p, @), t:(p, @)} (5.11)

The reference image is represented by 7;(p,q), where p and g are the image
coordinates. The target image is denoted by t;(p,q). The optimal transformation is

indicated by T, while T representing the transformation and its parameters.
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I Phase 2
VGG19 Archirecture |

Figure 5.10: Framework of proposed strategy

5.3.1. United Equilibrium Optimizer Algorithm

The UEO algorithm dynamically fine tunes its equilibrium pool with elite candidates
(peql, Peq2, peq3) to enhance the optimization process for medical image registration.
This iterative approach involves refines the equilibrium pool (ppool) by incorporating

the best performing particles, evaluating each fitness particle based on mutual

information. Furthermore, the equilibrium pool is enhanced by generating a united

candidate (Uavg) through aggregating the top candidates (pqyg, tavg)- This strategy

97



aims to continually enhance the quality of candidates within the equilibrium pool,
thereby improving the overall optimization process.

Dynamic parameters (a4, a,) strike a balance between exploration and exploitation,
guiding the search process. This iterative process persists until maximum iterations
(tmaxiter) are reached, which utilized newly generated vectors (rand, 1) and
evaluating fitness fit(P;). The transformation parameters (P[i]) undergo iterative
refinement to ensure precise image alignment. By avoiding local optima, UEO
efficiently traverses the search space by initially exploring with random vectors and
progressively concentrating on refining solutions around the optimal ones are outlined

in Algorithm 5.2.

Algorithm 5.2: UEO optimization

Input: Set the maximum iterations as &,qyiter» Where population is denoted by
P;(i = 1,2,3.....,n), and dimension as D. Set parameter value a, =1 and GP = 0.5
(peql,peqz,peq3): Best equilibrium positions (equilibria) found by the particles during the
search.

fit(P;): A measure of the effectiveness of a particle's position in aligning images.

(pavg, tavgs um,g): Average position calculated from the top particle and their dimensions.
(C;, T;) = Indicates the current and maximum iterations

(a;,a;) = Control the exploration and exploitation magnitude of algorithm

e~*(1=8) = Exponential decay function reduces F over time, shifting from exploration to
exploitation as the algorithm progresses.

P, = Candidate equilibrium position.

G = Attraction vector influenced by the global candidate position

(A and V) = Vectors controlling adaptation and velocity, respectively

Output: The objective is to optimize the registration of medical images by finding the
optimal transformation parameters that maximize the mutual information between reference
and target images.

Iwhile (iter < tygxiter)

2 foreach i particle

3 Calculate the fitness of particle fit(p;)

4 iffit (pi) < fit (peql)

5 Replace(peql) with (p;) and fit (Peq1) with fit (p;) # Update the best particle
position if the current fitness is better.

6 elseiffit (pi) > fit (peql) & fit (pi) < fit (peqz)

7 Replace (poq2) with(p;) and fit (peqq) with fit (p;) # Update the second-best
particle position if the current fitness is better.
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8 elseif fit (p;) > fit (Peq1) & fit (01) > fit (Peqz) & fit (0) < fit (Pegs)

9 Replace(peq3) with(p;) and fit (peql) with fit (p;) # Update the
third-best particle position if the current fitness is better

10 endif

11 end for

12 (pa,,g)z ((peql) +(peq2) +(peq3)) /3 # candidate average is the average of the top
three equilibrium positions.
13 for each dimension d,,
14 Compute Pynitea = chim randomselect(peql,dm,peqz‘dm, peq3,dm) # Randomly
select
values from peq1,a,.) Peqz,d, Pegs,a,, TOr €ach dimension d,,
15 end for

16 (tavg)z ((peql) +(peq2)) /2 # elite average is the average of the top two

equilibrium
positions
17 (Uavg)= ((peql) +(peq2) + (pqu) + (pum.ted)) /4 # united average value is
average of
the top three equilibrium positions and united positions.
18 Ppoot = {(peql)' (peqz)'(peq3)r (pavg): (tavg)'(Uavg)} # p00| of equ”ibrium
positions is
the combination of candidate, elite and united average
19 Compute t = (1 — C;/M;)®?(Ci/MD # ¢ represents iteration constraint
20 for each i particle
20  choose one candidate from py0;

21 Generate two vectors rand, 1 #rand vector is equal to ] that is between 0 and 1.
22 Construct F = aysign (rand - random(O,l)) : (e"ﬂ(l"t) —1)# F represents the

scaling factor.
23 Construct GCP = [2.random()].r1.1. (random = GP) # GCP is the Global
Convergence Point parameter.

24 Update the concentration P[i] = p,q + (pli] - peq) X F + (g X V) X (1—-F) #
P[i] is current position of the it" particle.

25 Compute GO = GCP. (Peq — A.P[i]) # GO is the initial attraction calculation.

26 Compute G= GO.F # G is the final attraction calculation.

27 end for

28 Iter = Iter++

29end while

Algorithm 5.3: VGG19 based multimodal medical image registration

Input: (IRef,Ier): reference image Iz, and UEO register image Iy, from dataset Dg
Output: (F Ipe g): final register image

1 for each image pair (IRef, IUEO) € Dg:

2 I = Fg (IRef(a, b)) , 1o = Fe(Iyeo(a,b)) # Apply feature extraction on

reference
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and UEO register image

concatenate

3 I¢cn —— (Iges Iyeo) # concatenate the feature extracted images

4  Fcp ety VGG (Icy) # apply VGG19 on concatenate images

5 dik )= J Z?=1(Dl- (k) — Di(l))2 # calculate the euclidean distance for feature
points

6 dk= i/dl (k,1) +d,(k, 1)+ ds(k,1) #compute the weighted sum of distance
7  d(i,l) < 68.d(k,1) # check matching criteria for computing inliers

8 fkD)=a,+a,k+aszl+ Z{:l T, df? In df; # apply transformation function

9 mgy = mp,(f(k, 1), dynamicepresnoiq = 6) # match feature point using dynamic
threshold

9  tPSmatrix = tPSmatrix (mfp) # compute TPS matrix from matched feature points
10 optimized_tps.,rr = optimized_tpscorr (tDSmatrix) # optimized TPS coefficient
1T Ly M (I r, Optimized_tps,, ff) # Generate register image

12 end for

Stepl: In this step, randomly two images are selected from publicly accessible
repository and clinical dataset. Afterwards, gaussian filtering is applied to both
reference and target images to decrease noise. To further improve the contrast of the
filtered images and minimize the influence of noise, min-max normalization is
conducted. Finally, these images are resized to dimensions of 224 x 224 pixels,
aiming to reduce computation time and improve the efficiency of the registration

process.

Step 2: In this step, the pre-processed reference image is aligned with target image
using a transformation T. This transformation ensures that the coordinates of target
image match the reference image. Algorithm 5.2 is employed to optimize the
parameters of the transformation including rotation (6) as well as translation (tx, ty).
This optimization process involves a population of 30 particles and maximum of 60
iterations to find the optimal transformation parameters that maximize or minimize
the similarity metrics and test the reliability of IR process. This process is complete if
the registered image matches the desired results. If not, the transformation parameters

are modified, and the procedure is repeated until the desired outcome is achieved.
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Step 3: After determining the optimal rigid transformation parameters value, the
similarity metric MI is employed to measure the degree of resemblance between pre-
processed reference and registered image. A higher MI value signifies a more precise

alignment between these images as outlined in Table 5.5.

Step 4: During this step, our goal is to extract both high and low-level features from
reference and UEO-registered images acquired from step 3. These images are fed into
VGG-19 model, which consists of 16 convolution layers and 5 max-pooling layers as
illustrated in Figure 5.11. Each convolution layer employs a kernel size of 3x3 pixels.
The 2x2 size of the max-pooling layers notably improves the extraction of image

feature points, as depicted in Figure 5.11.
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Figure 5.11: Step-by-Step Methodology for Feature Extraction Using VGG19
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Figure 5.12: Layer-by-Layer Feature Extraction of Target Image Using VGG19

Step 5: In step 4, the feature points obtained from VGG19 model are then utilized to
compute feature space distances. These distances are calculated through weighted sum
of three distance values for feature points £ and / within the pre-processed reference
and UEO registered image, as depicted in Equation (5.11). This computation aims to
quantify the dissimilarity between feature points, expressed mathematically in

Equation(5.12).

d(k,1) = 1414 = d,(k, 1) + do(k, 1) + d3(k, 1) (5.11)

d, (k1) = Jzzil (D4 - DY) (5.12)

The feature space distance, denoted as d(k, 1), is computed as the square root of the
weighted sum of three distances: d;(k,1),d,(k,1) and d5(k,1). Each d;(k,1) or

d,(k, 1) represents the euclidean distance between corresponding feature vectors.
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Subsequently, a matching criterion d(i,l) < 6.d(k,l) is used to align reference
feature point k and UEO register feature point [. First, d(i,1) is computed using

2
_ xi=ll

e > to construct (G;) with

gaussian radial basis function Gijzexp<

euclidean distances. Apply a non-rigid transformation using (G,;) and transformation

parameters a; to compute transformed positions z; of reference points: z; = x; +
Zﬂy’=1 G;ja;. Finally, compute d(i, [) as the euclidean distance between z; and the target

feature point y;.

Step 6: In this step, dynamic inlier selection enhances feature point alignment
between reference and UEO register images by iteratively adjusting distance

thresholds. Thresholds can be adjusted randomly or based on a heuristic measure such

da(i,l)
d(k,l)

(k,1).This approach enhances matching accuracy by effectively filtering correct

as the ratio , which indicates how closely [ matches i relative to the initial pair

matches (inliers) while minimizing outliers, thereby improving alignment and

registration processes.

Step 7: After identifying inliers with dynamic inlier selection(X;, Y;), TPS is used to
correct local misalignments among selected feature points, mapping points in the
register image(Y;) to corresponding points in the reference image (X;). The TPS
transformation coefficients (aq,a,, as, T;) are extensively adjusted, as depicted in
Equation (5.13). Moreover, TPS method is employed to compute a non-linear
transformation, enabling complex warping to align features between images with non-
uniform distortions. This facilitates precise alignment between the reference and UEO

registered images. The TPS transformation function is given by:

fle,)=a;+ayk+azl+ ¥ T, diyIndg, (5.13)
Here, a4, a,, a; are the TPS interpolation coefficients, T; represents the transformation
coefficients for each feature points p and q, and dg is the distances between
corresponding feature points in the reference and registered images. TPS uses a
combination of linear terms (a4, ayk, asl) and non-linear terms (Zgzl T; dé i In dql)
to create a smooth, flexible transformation. Final registered image generated by these
transformation guarantees accurate alignment between reference and UEO register

image, as shown in Figure 5.13 (Col 5, e;- eg).
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5.3.2. Experimental Findings and Comparative Analysis

The effectiveness of proposed scheme across different datasets [28-31] is
demonstrated through experimental findings. The performance of the proposed
scheme is evaluated and compared with recently developed methodologies [10—13],

utilizing PSNR, RMSE, CC, and SSIM as a similarity measure.

5.3.2.1. Experimental Findings

The proposed scheme effectiveness is evaluated through a series of experiments using
Keras with a TensorFlow backend. The experiments are performed on a system
equipped with an Intel Core 17-1165G7 processor at 2.80 GHz, an NVIDIA GeForce
GTX GPU, and 16 GB of RAM. The experiments are carried out on different datasets
taken from public repositories [28-31] and clinical sources collected from Fortis
Hospital Mohali and Paras Hospital Panchkula, India. The experiments are conducted
on Python 3.9.4 running on Windows 11. Initially, reference and target medical brain
images of sized 224 X 224 pixels undergo gaussian filtering and min-max
normalization as depicted in Figure 5.13 (Column 3, c1-¢8) and Figure 5.13 (Column
4, d1-d8). UEO optimization employs 30 particles over 100 iterations, optimizing the
rigid transformation parameters (9, ty, ty) to enhance similarity metrics and validate
IR reliability as illustrated in Table 5.4. To further enhance the quality of UEO based
registered image, features are extracted from reference and UEO registered images
using VGG-19. The feature space distance quantifies the dissimilarity between feature
points, ensuring reliable matching. TPS interpolation determines the transformation
matrix, ensuring precise alignment as illustrated in Figure 5.13 (Column 35, e;-eg).
UEO outperforms EO and TLBO in optimizing transformation parameters (9, Ly, ty)
as shown in Table 5.4. The experimental results of VGG19 with optimization methods
namely UEO, EO, and TLBO are illustrated in Figure 5.13 (Column 5, el-e8), Figure
5.13 (Column 6, f1-8), and Figure 5.13 (Column 7, g1-g8) respectively. Experimental
results on different medical image modalities using VGG19 with UEO, EO, and TLBO
are detailed in Table 5.4 and Figure 5.13. The integration of VGG19 with UEO
generates more accurate registered images as compared to VGG19 with EO and
VGG19 with TLBO, highlighting the effectiveness of combining deep learning with

optimization techniques as tabulated in Table 5.4.
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Figure 5.13: Experimental outcomes for intermodal images sourced from different dataset (a)
Reference image (a; — ag) (b) Target image (b; — bg) (c) Pre-processed reference image (¢; — ¢g)
(d) Pre-processed target image (d; — dg) (e) UEO-VGG19 register image (e; — eg) (f) EO-
VGG19 register image (f; — fg) (g) TLBO-VGG19 register image (g, — gg) through extensive

experiments.

UEO based image registration outperforms TLBO and EO due to its dynamic

adaptation and superior balance between exploration (global search) and exploitation
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(local search) for registering images. Moreover, UEO is used to avoid local optima
and converge faster significantly improves the registration process, as illustrated in

Table 5.4.

Table 5.4: Quality assessment of the proposed strategy through optimization and multimodal
quantitative metrics

S. No Modalities Optimization Baseline Rigid transformation parameters Runtime
technique data
(6, tx ty) o t ty
1 TLBO -5.995860 -2.674944 -3.281899 693.194184
MR-PD & MR-T2 EO (6.3.3)  [75294570 | -2.726899 | -3.259100 | 438.221639
UEO -5.938140 -2.971266 -3.045696 322.407385
2 TLBO -6.100289 -1.265337 -3.986796 976.2715
(6,2,4)
MR-T1 & MR-PD EO -5.991806 -1.557665 -4.128676 369.00653
UEO -6.029381 1.913722 -4.085147 318.31214
3 TLBO -5.205508 -0.746337 -2.785595 828.07057
(5,1,3)
MR-T1 & MR-Flair EO -4.995493 -0.748790 -3.023298 435.296716
UEO -5.089314 -1.147896 -2.948231 327.439110
4 TLBO -7.676082 -3.049796 -6.463344 945.136919
MR-T1 & MR-PD EO (8,4,6) -7.888079 -3.068525 -6.495980 472.780036
UEO -8.078014 -4.023437 -5.940318 365.566450
5 TLBO -15.28855 -4.349520 -10.927449 866.66941
(15,5,10)
PET & CT EO -15.135263 -4.248680 -10.671824 572911726
UEO -15.071168 -4.990295 -10.099779 420.259864
6 TLBO -5.014824 1.465775 -6.107085 732.321653
(5.2,6)
MR-T2 & MR-T1 EO -5.002278 -1.456214 -6.108630 574.2576
UEO -5.002684 -1.966390 -6.077750 409.035870
7 TLBO -9.979010 -2.786063 -6.916888 783.234812
CT&CT (10,4,6)
EO -10.002417 -3.428292 -6.592560 437.45875
UEO -10.003808 -3.949715 -6.091766 312.56289
8 TLBO -18.044082 -4.966658 -11.619130 763.458621
PET & CT EO (18,6,12) | -18.044082 -5.366658 -11.969130 438.825986
UEO -18.033999 -6.077473 -12.061225 326.644915

Evaluations are conducted across different monomodal and multimodal medical
images as shown in Table 5.4, confirm the superior efficacy of UEO as compared to
TLBO and EO. The amalgamation of UEO with VGG19 significantly enhance the
performance as indicated by bold values in the proposed scheme (UEO+VGG19) as
tabulated in Table 5.5 in terms of higher values of SSIM, PSNR, CC, MI and lower
values of RMSE and MSE.
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Table 5.5: Analysis of experimental outcomes for monomodal and multimodal medical images from
clinical and kaggle datasets [112], [114], [117], [132]

S. No. Algorithm RMSE MSE SSIM PSNR CC MI

1 TLBO+VGG19 | 20.19463300 | 407.8232020 | 0.7146996 32.021682 0.855337 1.427260
EO+VGGI19 15.09262571 | 227.7873508 | 0.78379395 | 33.624235 | 0.896324 | 1.918590
Proposed 11.452526 | 131.1603517 | 0.8161808 36.174729 | 0.9382891 | 2.422579

strategy
2 TLBO+VGG19 | 17.0498321 | 290.6967746 | 0.7865309 35.196428 | 0.9031239 | 2.315678
EO+VGG19 11.642091 135.5382828 | 0.8309431 37.926781 | 0.9389123 | 2.762875
Proposed 7.609321 57.901766 0.8605672 39.24501 0.9862340 | 3.247109

strategy
3 TLBO+VGG19 23.000324 | 529.0149041 | 0.7531738 30.925705 | 0.8839589 | 1.739446
EO+VGG19 18.057839 | 326.0855493 | 0.8060965 32.126743 | 0.9069066 | 2.143929
Proposed 12.9845223 | 168.5978193 | 0.8487474 34.052307 | 0.9353055 | 2.803540

strategy
4 TLBO+VGG19 19.824610 | 393.0151616 | 0.75426711 | 30.562123 | 0.9256713 | 2.345781
EO+VGGI19 13.6902431 | 187.4227561 | 0.84980126 | 33.254315 | 0.9437231 | 2.642146
Proposed 6.984213 48.7792312 | 0.89244126 | 37.424567 | 0.9964214 | 3.478126

strategy
5 TLBO+VGG19 16.981702 | 288.3782028 | 0.79413419 | 32.214612 0.931264 | 2.256373
EO+VGGI19 12.56021 157.75887 0.84209124 34.59812 0.9623176 | 2.562301
Proposed 7.7432192 | 59.95744357 | 0.88941267 | 36.421456 | 0.9836431 | 3.156238

strategy
6 TLBO+VGG19 | 19.83928069 | 393.5970582 | 0.8236046 29.387712 | 0.9017364 | 2.107127
EO+VGGI19 16.48160260 | 271.643224 | 0.84325269 | 31.740490 | 0.9514732 | 2.647973
Proposed 10.4636015 | 109.4869563 | 0.88802740 | 33.246257 | 0.9823816 | 3.029268

strategy
7 TLBO+VGG19 | 19.37417604 | 375.3586973 | 0.74922152 | 34.643961 0.943835 1.933757

4

EO+VGGI19 11.97264764 | 143.3442915 | 0.81353570 | 36.775699 | 0.9653631 | 2.983099
Proposed 8.5775874 | 73.57500560 | 0.86166029 | 39.964495 | 0.9915824 | 3.039142

strategy
8 TLBO+VGG19 22.21094 493.32585 0.7190832 30.176044 | 0.9304633 | 1.670321
EO+VGGI19 13.369012 | 178.7304818 | 0.8203985 32.046321 | 0.9573210 | 2.214320
Proposed 10.983654 | 120.6406551 0.8409321 34.095471 | 0.9809432 | 2.986021

strategy

The comparison results illustrating the performance of proposed scheme using UEO

and VGG19 with TLBO and VGG19 and EO and VGG19 on monomodal and

multimodal medical images based on similarity metrics are shown in Figure 5.14.
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Figure 5.14: Analysing the effectiveness of proposed strategy against conventional methods with
various similarity metrics for anatomical and functional images.

5.3.2.2.

Comparative Analysis

The proposed scheme has been evaluated against multimodal image registration

technique presented by Kori ef al. [133] which leverages VGG19 for feature extraction

on MR-T1 and MR-T2 images from the IXI dataset [134]. The quantitative results of

MI and SSIM measures, as tabulated in Table 5.6 and shown in Figure 5.15 which

clearly reveals that the proposed scheme with the combination of UEO and VGG19

outperforms the method in [133]. This superior performance is due to the optimal

value of rigid transformation parameters and robust feature extraction capabilities of

the VGG19 architecture, resulting in precise and accurate registration.




medical images.

Table 5.6: Assessment of the proposed scheme versus [133] based on MI and SSIM for intermodal

Evaluation metrics MI SSIM
Method
Simple Elastic [133] 0.221 0.404
SIFT Based [133] 0.15 0.383
CNN(VGG19)[133] 0.373 0.431
Proposed scheme 1.3214 0.8432
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Figure 5.15: Comparative evaluation of assessment metrics between proposed strategy versus the
conventional method for intermodal medical images.

The technique outlined by Arora ef al. [1], [131] employs SURF with TLBO and

KPCA with TLBO for multimodal medical image registration as compared to

proposed scheme on similar images. The proposed scheme outperforms [1], [131] with

different similarity metric namely SSIM, RMSE, and MSE as tabulated in Tables 5.7

and 5.8. The integration of UEO and VGG19 followed by TPS interpolation, results

in better image registration accuracy than [1], [131] as indicated in Table 5.7 and 5.8.

The results demonstrate that proposed scheme achieves better outcomes across
different image pairs, including MR-T1 and CT, MR-PD and CT, CT and MR-T2, MR-
T1 and MR-T2, and MR-T1 and CT as illustrated in Figure 5.16 (a), and Figure 5.16

(b).

Table 5.7: Comparative quantitative analysis using SSIM of proposed strategy versus [1] for

multimodal modalities.

Modalities Assessment metric SSIM
Technique
TLBO+SURF [1] 0.595064
MR-T1 and CT TLBO+VGGI19 0.714481
EO+VGG19 0.805423
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MR-PD and CT

Proposed Strategy 0.831324
TLBO+SUREF [1] 0.471868
TLBO+VGG19 0.606781
EO+VGGI19 0.692341
Proposed Strategy 0.8271432

Table 5.8: Quantitative assessment of proposed strategy in comparison to [131] for both monomodal

and multimodal medical images.

Modalities ssessment metric RMSE MSE SSIM
Technique
PCA+TLBO [131] 88.7611 7,878.5328 0.82922
KPCA+TLBO [131] 44.3892 1,970.4010 0.84660
CT and MR-T2
TLBO+VGG19 31.3892 985.281876 0.86660
EO+VGGI19 26.3892 696.3898 0.89660
Proposed Strategy 18.3892 338.16267 0.91660
PCA+TLBO [131] 70.1808 4,925.3446 0.79213
KPCA+TLBO [131] 43.9439 1,931.06634 0.80268
MR-T1 and MR-T2
TLBO+VGG19 33.1658 1,099.970289 0.82268
EO+VGGI19 29.5471 873.03111 0.84843
Proposed Strategy 20.0653 402.61626 0.87213
PCA +TLBO [131] 105.0097 11027.04 0.718113
MR-T1 and CT KPCA+TLBO [131] 49.41230 2441.575 0.768216
TLBO+VGG19 35.09432 1,231.611296 0.78132
EO+VGGI19 28.96532 838.98976 0.805423
Proposed Strategy 16.6532 277.32907 0.834512
00 '7' & : éf & (}8‘
& < # e e
e‘*p} \&’c'e o : é"qo" ’
(a) (b)

Figure 5.16: Analysing the proposed scheme in contrast to conventional method for anatomical
images, leveraging various similarity metrics.
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The proposed scheme is evaluated against Deng et al. [135] multimodal image
registration approach which integrates ResNet and Voxel Morph for feature extraction.
The proposed scheme integrates UEO with VGG19, followed by TPS interpolation,
results in better image registration accuracy than [135]. The performance of proposed
scheme is compared with [135] employing PSNR and SSIM as a similarity measure

across an image pair MR-T2 and MR-T1 as illustrated in Table 5.9 and Figure 5.17.

Table 5.9: Quantitative analysis of the proposed scheme with unsupervised deep learning strategies

[135]
Evaluation metrics SSIM PSNR
Method
Voxel Morph 0.833 22.725
Trans Morph 0.876 24.379
RCV-Net 0.882 25.753
Proposed scheme 0.91234 31.3841
= g
2 21
N oM™ s WO foviet oposed scner™ ' s v o P
Method k Method wr

Figure 5.17: Comparative assessment of the proposed scheme against unsupervised deep learning
methodology [135].

5.3.3. Conclusion

In this section, a dual-phase scheme integrating UEO with VGG-19 for monomodal
and multimodal medical images is presented. This scheme starts by improving the
quality of input images through preprocessing, followed by UEO to optimize rigid
transformation parameters through maximizing MI between reference and target

images. To further enhance registration accuracy, features are extracted using VGG-
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19 from both reference and UEO-registered images. Then, feature space distance
quantifies the dissimilarity between feature points, ensuring reliable matching.
Afterwards, dynamic inlier selection is applied to enhance the matching accuracy by
effectively filtering correct matches (inliers) while minimizing outliers. Finally, thin
plate spline interpolation is employed to determine the optimal transformation matrix
for accurate alignment between reference and UEO-registered images. The proposed
scheme has been validated on monomodal and multimodal medical images through
extensive experiments using in-house clinical and standard datasets, demonstrating
robustness and reliability based on evaluation metrics such as MI, RMSE, SSIM, and

PSNR.

5.4. Chapter Summary

In this chapter, deep learning and meta-heuristic approaches for both monomodal and
multimodal medical image registration is presented. Deformable image registration
scheme employs an unsupervised U-Net model followed by TLBO optimization and
affine transformation for monomodal medical images. The Vxnet (U-Net) model
processes two-channel images to generate a non-linear displacement vector field,
while TLBO optimizes the registration process by iteratively adjusting transformation
parameters. Although this deformable registration work focuses on monomodal
medical images, which can be further enhanced to multimodal modalities of images.
In the next section, we improve rigid transformation parameters using a novel UEO
meta-heuristic approach and VGG19, considering both qualitative and quantitative
measures. This scheme employs UEO optimization technique to optimize rigid
transformation parameters by maximizing MI. Then, features are extracted using
VGG-19 from both reference and UEO-registered images. Afterwards, dynamic inlier
selection is applied to enhance the matching accuracy by effectively filtering correct
matches (inliers) while minimizing outliers. Finally, thin plate spline interpolation is
employed to determine the optimal transformation matrix for accurate alignment
between reference and UEO-registered images. This approach is validated using both
in-house clinical and publicly available standard datasets, demonstrating robustness
and reliability through evaluation metrics such as MI, RMSE, SSIM, and PSNR. This
scheme struggle with capturing complex anatomical and functional variations in
multimodal modalities of images. In the next chapter, we present a method that
integrates feature extraction technique SURF with VGG19 for anatomical and

functional medical images. 268400

112



CHAPTER 6 Anatomical and Functional Medical Image Registration
using VGGI19-SURF and Alpha Trimmed Spatial Relation
Correspondence

6.1. Introduction

The aim of this chapter is to discuss the hybridization of deep learning and feature-
based methods for registering both monomodal and multimodal medical images.
Firstly, this section employs SURF algorithm for feature point extraction followed by
brute force matcher to determine total matches between reference and target image.
To eliminate mismatches of reference and target image alpha trimmed spatial relation
correspondence (ATSRC) algorithm is utilized which outperforms efficiently than the
conventional RANSAC method. Finally, a homography matrix is computed using
projective transformation to generate the registered image. Extensive experiments are
conducted on monomodal and multimodal medical images, including CT and MRI
images taken from Kaggle dataset [117], [119]. The proposed scheme demonstrates
significant improvements by enhancing MI from 2.53 to 3.654 and CC from 0.9219 to
0.95475 outperforming conventional approaches [49], [56]. This chapter confronts
the challenge of accurately alignment of medical images. Furthermore, a novel image
registration algorithm that integrates both deep learning and feature based approaches
for monomodal and multimodal medical images is presented. This scheme initiates by
improving input image quality through preprocessing steps, followed by extracting
both low and high-level features using VGG19. Subsequently, euclidean distance is
computed for each pair of feature points across different feature spaces. Dynamic inlier
selection improves feature point alignment between pre-processed fixed and sensed
images by iteratively adjusting distance thresholds to identify inliers. Then, thin plate
spline interpolation corrects local misalignments among selected feature points and
computes a non-linear transformation. This process enables complex warping to align
features between images with non-uniform distortions, resulting in precise alignment.
To enhance the reliability of registered image obtained using CNNs (VGGI16 and
VGG19), SURF algorithm is employed to detect and match features with a BF
matcher. Additionally, outliers are minimized using the alpha-trimmed spatial
resolution correspondence algorithm. Finally, a homography matrix is applied to
generate the final registered image, achieving robust alignment between the sensed

and VGG19 registered images. Experiments conducted on publicly available [112],
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[114], [117], [119], [132], [134] and clinical datasets taken from Fortis Hospital
Mohali and Paras Hospital Panchkula, India confirm the effectiveness of the proposed

approaches across different similarity metrics.

The structure of this chapter is outlined as follows. Firstly, feature based method with
ATSRC for monomodal and multimodal modalities are described in Section 6.2. The
performance of the scheme is outlined in Section 6.2, evaluating MI and CC metrics
as presented in experimental results Subsection 6.2.1.1. The effectiveness of proposed
scheme in image alignment is evaluated in Subsection 6.2.1.2 by comparing with state-
of-the-art methods [49], [56]. Conclusion and limitations of the scheme is discussed
in Section 6.2.2. Secondly, to address the limitations of the scheme discussed in
Section 6.3, a novel feature and deep learning-based scheme on both monomodal and
multimodal medical image modalities is elaborated. Experimental results and
comparative analysis with state-of-art techniques in terms of robustness is described
in Subsection 6.3.1.1 and 6.3.1.2 respectively. The summary of the chapter including

advantages and limitations is presented in Section 6.4.

6.2. Optimizing Image Registration with SURF and Alpha Trimmed
Spatial Relation Correspondence

The proposed CT-MRI registration approach involves a series of steps designed to

achieve an accurate image alignment as illustrated in Figure 6.1.

‘ Apply pre-pratessing‘ ‘Feamre detection ‘ Outlier Removal

& Compute Homography .
ecurgmulching ‘ matrix

Reference image

Target image

Evaluate Similarity
metrics

Figure 6.1: Framework of proposed scheme

Step 1: The reference and target images are first pre-processed with gaussian filter to

reduce noise, and then normalization is carried out to standardize the data consistently.
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Step 2: Following pre-processing, different feature extraction algorithms namely
SIFT, SURF, and ORB are employed to detect distinctive features in the images.
Step 3: In this step, feature matching is performed using a brute force matcher to
match the similar features in reference and target images.

Step 4: After feature matching in Step3, the subsequent step involves computing
homography estimation and employing outlier removal methods such as alpha
trimmed spatial relation correspondence to eliminate mismatches (outliers).

Step 5: Next, a projective transformation is applied to generate the enhanced register
image. The aim is to obtain the optimal homography matrix that maximizes inliers and
minimizes outliers for accurate registration.

Step 6: In this step, evaluating similarity metrics namely SSIM, PSNR, MI, and CC
to measure the resemblance between the reference and registered images. Higher MI
and SSIM value along with lower RMSE value, indicate the robustness of proposed

scheme.

6.2.1. Experimental and Comparison Results

In this section, the effectiveness of proposed scheme across various datasets [117],
[119], illustrating its performance through experimental results. The performance is

validated using RMSE, PSNR, SSIM, and CC metrics on various image modalities.

6.2.1.1. Experimental Results

The effectiveness of proposed scheme is evaluated through a series of experiments
using Keras with a TensorFlow backend on a system equipped with an Intel Core i7-
1165G7 processor at 2.80 GHz, an NVIDIA GeForce GTX GPU, and 16 GB RAM.
The experiments are conducted on Python 3.9.4 on Windows 11, utilize standard
datasets [117], [119]. CT and MRI brain images of dimension 256 X 256 are used, as
illustrated in Figure 6.2 (al-a8) for monomodal and Figure 6.2 (a9-al6) for
multimodal medical images. Initially, reference and target brain images undergo min-
max normalization and Gaussian filtering as depicted in Figure 6.2 (al-al6) and Figure
6.2 (b1-b16), followed by SURF key point extraction as illustrated in Figure 6.2 (c1-
cl16) and Figure 6.2 (d1-d16). Then, matches are identified using brute force matcher,
and outliers are removed by alpha-trimmed spatial relation correspondence as

illustrated in Figure 6.2 (el-e16) and Figure 6.2 (f1-f16). Finally, homography matrix
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is determined by maximizing the number of inliers and minimizing outliers, resulting

in a robust registered image as depicted in Figure 6.2 (gl-g16).

Reference

image

Target image

Keypoints

reference image

Keypoints

target image

Total matches

Matches after
ATSRC

Register

image
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Figure 6.2: Experiment conducted on various monomodal/multimodal medical images (a) Reference
image (b) Target image (c) Keypoints of reference image (d) Keypoints of target image (e) Total
matches (f) Matches after ATSRC (g) Register image
The quantitative analysis of proposed SURF-ATSRC methodology against traditional
methods [49], [56] such as Harris corner detection, ORB, and SIFT is depicted in Table

6.1.
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Table 6.1: Experimental outcomes on various monomodal/multimodal medical images taken from
Kaggle dataset [81], [83]

S. No. Algorithm Images Reference Target Total Matches
image image matches after ATSRC
keypoints keypoints
1 Harris comner 467 423 350 68
detection MRI-Flair and
2 ORB MRI-Flair 372 396 126 25
3 SIFT 158 130 630 S
4 Proposed 53 48 17 12
Methodology
5 Harris corner 291 191 143 25
detection
6 ORB MRI-T1 and MRI- 241 182 279 55
7 SIFT T1 137 142 110 22
8 Proposed 78 65 52 27
Methodology
9 Harris corner 372 394 131 22
detection
10 ORB MRI- Flair and 467 334 366 69
11 SIFT MRI-T2 158 252 327 2
12 Proposed 372 394 131 22
Methodology
13 Harris corner 270 394 111 19
detection
RB
14 O CT and MRI-T2 239 229 245 48
15 SIFT 131 160 230 10
16 Proposed 104 74 10 4
Methodology

The proposed scheme outperforms other feature extraction methods across
monomodal and multimodal medical images evaluated by MI, RMSE, SSIM, CC, and
PSNR as depicted in Table 6.2 as highlighted in bold values and Figure 6.3.

Table 6.2: Computed evaluation metric for monomodal and multimodal medical images

S. No Algorithm RMSE MSE SSIM PSNR Cross MI
correlation
1 Harris corner 25.4532 647.86539 0.83652 29.8765 0.87654 2.0987
detection
2 ORB 21.4321 459.33491 0.85142 31.3245 0.89643 2.31432
3 SIFT 18.4322 339.745997 0.86754 33.4562 0.91342 2.5432
4 Proposed 16.5643 274.376034 0.87654 35.6754 0.93452 2.76532
Methodology
5 Harris corner 21.3574 456.14130 0.83212 31.53923 0.93924 2.39973
detection
6 ORB 20.3428 455.51745 0.85295 34.54575 0.939354 2.69345
7 SIFT 20.6343 385.50573 0.86143 37.42513 0.95143 3.024265
8 Proposed 17.5432 307.763866 0.89765 40.32456 0.96543 3.23452
Methodology
9 Harris corner 58.3421 3403.80063 0.76543 22.4568 0.7689 1.1532
detection
10 ORB 54.6325 2984.71006 0.786543 24.6754 0.78654 1.4998
11 SIFT 50.9843 2599.39885 0.819872 26.7843 0.79834 1.8321
12 Proposed 44.6543 1994.00651 0.832465 28.9765 0.81987 1.9876
Methodology
13 Harris corner 38.5821 1488.57844 0.70253 26.60862 0.80753 1.4547
detection
14 ORB 36.8765 1359.87625 0.72431 27.89765 0.83245 1.5432
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15 SIFT 35.4536 592.55730 0.75326 29.75321 0.85423 1.85231
16 Proposed 33.5432 1125.14627 0.76549 30.8765 0.86573 1.98654
Methodology
80 55
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Figure 6.2: Comparison of various similarity measures for medical images with proposed
methodology

6.2.1.2.

Comparison Results

The proposed scheme has been evaluated against monomodal and multimodal image

registration techniques by Zheng et al. [49] and Hamzehei ef al. [56] . Their method

utilized SIFT and SURF feature extraction algorithm integrates with maximum

likelihood estimation sample consensus (MLESAC) on MR-T1and CT images from

Kaggle datasets [114], [115] as illustrated in Figure 6.4. The proposed scheme employs

SURF feature extraction with ATSRC outlier, yielding higher MI and CC values as

shown in Tables 6.3 and 6.4. The proposed scheme achieves superior performance due

to the robust feature extraction capabilities of the SURF architecture and effective

outlier elimination using ATSRC, resulting in precise and accurate registration.
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Reference Image Target Image Register image [49], Register image (Proposed
[56] Approach)

(b;)

Figure 6.3: Experimental comparison of [49], [5S6] and proposed approach for monomodal images
from dataset [115]

Table 6.3: Comparison of MI for proposed methodology with existing scheme [56]

Evaluation metric MI
Transformation
MLESAC (Affine) 2.35
MLESAC (Rigid) 1.53
MLESAC (Rotated) 1.54
MLESAC (Translated)[56] 2.53
Proposed Approach 3.654

Table 6.4: Evaluation of proposed methodology with existing scheme [49] corresponding to MI and

cC
Evaluation metric | MI CcC
Methods
P1-SURF[49] 2.2577 0.9219
Proposed Methodology 3.17389 0.95475

6.2.2. Conclusion

In this section, an integration of SURF with alpha trimmed spatial relation
correspondence method for robust image registration is presented. In this analysis,
different feature detection algorithms namely Harris corner detection, ORB, SIFT, and
SURF along with the alpha trimmed spatial relation correspondence outlier detection
method are discussed. Experimental results demonstrate that SURF integrated with
alpha trimmed spatial relation correspondence algorithm outperforms traditional
techniques for monomodal and multimodal medical image modalities. The
effectiveness of proposed scheme indicates significant improvements in different
similarity metrics including MI, RMSE, PSNR, and SSIM leading to optimal image
alignment. This is due to the robust feature extraction from reference and target images
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using SURF and removal of outliers by leveraging ATSRC. Despite its advantages,
the proposed scheme does not work on clinical images. In the next section, an
integration of deep learning with feature extraction algorithm in monomodal and

multimodal modalities on both publicly and clinical datasets will explore.

6.3. VGG19-SURF with Projective Transformation for Medical Image
Registration

In this section, hybridization of VGG19 with SURF feature extraction algorithm for
monomodal and multimodal medical image registration is explored. This scheme
initiates with gaussian filtering for noise reduction followed by normalization leads to
maintain smoothing uniformly. The pre-processed input images are fed into VGG19
to extract both low and high-level features. Next, euclidean distance between each pair
of feature points is computed across different feature spaces. Dynamic inlier selection
enhances feature point alignment between pre-processed fixed and sensed images by
iteratively adjusting distance thresholds, either randomly or based on a heuristic
measure. After identifying the inliers, TPS interpolation corrects local misalignments
among the selected feature points and computes a non-linear transformation. This
enables complex warping to align features between images with non-uniform
distortions, thus ensuring precise alignment. To improve the reliability of the
registered image obtained through CNNs (VGG16 and VGG19), SURF is used to
detect and match features with a BF matcher. Additionally, outliers are minimized
with the alpha-trimmed spatial resolution correspondence algorithm. Finally, a
homography matrix is employed to generate the final registered image, achieving
robust alignment between the sensed and VGG19 registered images. This approach
consists of a series of steps as detailed in Figure 6.5, which are designed to ensure

accurate image alignment.
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Figure 6.5: Framework of proposed scheme

Algorithm 6.1: Deep learning induced multimodal medical image registration

Input: (I, I;): fixed image I and sensed image I from dataset Dy
Output: (F Ige g): final register image
Begin
# Deep learning (CNN)
for each image pair (Ig, I7) € Dg:

Ik = G(I(,y), Ir = G(Ir(x, )

o= G(Ir(x,y)—min(G(Ig))) i = G(Ir(xy)-min(G(I7)))

R~ max(G(Ig))-min(G(Ig))’ = max(G(It))-min(G(7))
concatenate ,___ _
IC — (IR' IT)

ly CNN
Fe &2 V66 (I¢)

4i0ey) = [T (0i) - D))’

d(x'J’) = i/d1(x»Y) + dZ(xﬂy) + ds(x,)’)
fmn) = a; + ay m+ agn + ¥I_, T, df2Indf,

Mep = Mgy (f(m: n), dynamicipresnola = 6)
tPSmatrix = tpsmatrix(mfp)
optimized_tpsc,rr = optimized_tpscorr (tDSmatrix)

tps
Ireg (Lff (IR' Optimized_tpscoff)

End for

# SURF feature extraction

ApplYySurF_REG (
%

(keyIReg, desIReg) Ireg)
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Appl
(keyly,deslr) SZYSURRT Ur)

Fmatcher

B
matches (desIReg, desIT)

4= L/Z',le(deiseg[m] - desly[n])’

a=0.1

trimmedmatches
beStmatches A — (matches, d, a)

for match in best,,q¢ches:
mplgey = keyIReg(m)
mplr = keylr(n)

End for

H = comphy(mpIReg , mpIT)

for each point (i,j) in Ip.4:

_ (H[0,0]+i+H[0,1]*j+H[0,2]) _ _ (H[1,0]*i+H[1,1]*j+H[1,2])
T (H[2,0]*i+H[2,1]%j+1) > (H[2,0]*i+H[2,1]%j+1)

theor = theor(m,n)

Flreg = gtreg(tTeor: Ireg)
End for
End

Step 1: Pre-processing

In this step, two images are randomly selected from both public repository or clinical
dataset. Afterwards, gaussian filtering is applied to fixed and sensed images. To
enhance contrast and reduce noise, min-max normalization is performed. Then images

are resized to 224 X 224 pixels to reduce computation time, as illustrated in Figure

2 Apply 1
Apply gaussian Yy By
Raw I, ﬁlr.erLM raw Bemslication Resize images o Pre-processed
? 0es 3 4 re-| e
pv SN . on gaussian 224%224 AT
images 2 images
[ilter images

Figure 6.6: Step-by-step image preprocessing flow

Step 2: Extract feature points form CNN model
In this step, extracting high and low-level features from images obtained in Step-1 by

feeding them into VGG-19 model as outlined in Algorithm 6.1. This model consists
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of 5 max pooling layers and 16 convolution layers with a kernel size of 3 X 3 pixels

as shown in Figure 6.7 and Figure 6.8. The max pooling layers of size 2 X 2 which

significantly enhances the extraction of image feature points as illustrated in Figure

6.9 and Figure 6.10.

7o

( 22 max pooting )

(272 max poot

y

[]

Feature Extraction
13 layers using 3'3 kernel filters

Figure 6.7: Process of feature extraction utilizing VGG16 CNN

)
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\

l

Feature Extraction
16 convolution layers using 3*3 keme! filters

Input

Figure 6.8: Stepwise mechanism for feature extraction using VGG19 CNN
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Figure 6.9: Layer wise feature extraction representation of fixed image using VGG19
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Figure 6.10: An in-depth exploration of extracting features from sensed image across all layers

Step 3: Compute feature space distance

After extracting feature points from VGG19 model in Step 2, the feature space
distances (dl(m, n),d,(m,n),ds;(m, n)) are computed using euclidean distance as
mathematically described in Equation (6.2). Then, weighted sum of three distance

values d (m, n) for feature points m and n in the pre-processed fixed and sensed images

as shown in Equation (6.1).

d(m,n) = 1.414 * d,(m,n) + d,(m,n) + d;(m,n) (6.1)

d(m,n) = \/2§=1(Dt(m) - Dt(n))z (6.2)

The feature space distance d;(m,n) is computed as the square root of the weighted

sum of three distances namely d,(m,n),d,(m,n) and d;(m,n). Each d,(m,n) or
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d;(m,n) represents the euclidean distance between corresponding feature vectors.
Following this, fixed feature point m and sensed feature point n are matched based on
the criterion d(k,n) < 6.d(m,n), where 6 is an adaptively changing dynamic
threshold during pre-matching. Here, d(k,n) denotes the feature space distance
between the transformed feature point (k) in the fixed image and the feature point
(n) in the sensed image, while d(m,n) represents the distance between matching

feature points (m) and (n).

Step 4: Perform dynamic inlier selection

In this step, dynamic inlier selection enhances the alignment of feature points between
sensed and fixed points by iteratively adjusting distance thresholds, either randomly
or using a heuristic measure. This approach improves matching accuracy by

effectively filtering inliers and reducing outliers, thus enhancing alignment of images.

Step S: Generate registered image with TPS

After identifying inliers through dynamic inlier selection, TPS interpolation is used to
correct local misalignments among the selected feature points, mapping points in the
sensed image to the corresponding points in fixed image. The TPS transformation
coefficients (a,, a,, as, T;) are adjusted, as depicted in Equation (6.3). Furthermore,
TPS method computes a non-linear transformation, enabling complex warping to align
features between images with non-uniform distortions. The TPS transformation

function f(m,n) is given by:
fmn) = a; + ay m + agn + ¥I_, T, df2Indf, (6.3)

Here, a4, a,, a; and T; are the TPS interpolation coefficients, with f representing the
total number of feature points, and df,, denoting the distance between corresponding
feature points in the fixed and sensed images. This method enhances registration
robustness and accuracy by fine-tuning adjustments based on feature point alignment,
yielding a registered image that accurately aligns the fixed and sensed images as

displayed in Figure 6.11(Col 5,e; — e49).
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Step 6: Feature detection

After obtaining the registered image through VGG19 method, further refinement is
achieved using SURF feature extraction. This process identifies different keypoints
(features) in both sensed and VGGI19 registered images as illustrated in Figure

6.13(Col 1,a4 — a4o) and Figure 6.13 (Col 2, b; — by;) respectively.
Step 7: Feature matching

In this step, brute force matcher is employed for feature matching between sensed and
registered features images obtained from Step 6 as shown in Figure 6.13 (Col 3, ¢;-
C10)- The determination of optimal matches involves calculating the Euclidean
distance (D) as depicted in Equation (6.4), quantifying the spatial separation of their

feature vectors.

D = (V1,V2) = ¥F _o(v,[m] — v,[m])? (6.4)

Here, the dimensionality of the feature vectors is represented by P, while v;[m] and
v, [m] denote the m*" elements of the feature vectors for sensed image V1 and register

image V2 respectively.

Step 8: Homography matrix computation

After detecting the total matches between the images in Step 7, an alpha-trimmed
spatial relation correspondence scheme is utilized for outlier elimination to enhance
the accuracy of feature point correspondences as shown in Figure 6.13 (Col 4, d;-
dqp). Then, homography matrix is employed to generate final registered image
between the sensed and VGG19 registered images as shown in Figure 6.13 (Col 5, e4-
e10)- Moreover, homography matrix requires eight degrees of freedom (DOF) to
operate with homogeneous coordinates and the last parameter of the homography

matrix (HM) is typically set to one as shown in Equation (6.5).

hi1 hiz hys
(6.5)

HM:[hm hzz h23
h31 h32 1
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Determining homography matrix requires at least four points are (iy,j;1) , (i2,j2),

(i3,J3), (i4,j4) as outlined in Equation (6.6).

i 1 10 0 1rhia] [

0 0 0 j; 1||lh| |1

0 0 0ix j2 1)|hy|_|Jj3

is js 10 0 0f|hy| ™ |i (6.6)
0 0 0 l3 ]3 1 h23 ]é

ig ja 1 00 Offhaf i
L0 0 0 iy jo 1llhsl )]

Equation (6.7) and Equation (6.8) are employed in the final step to derive the image
coordinates (m;, n; ).

y_ (hagit hagj+ hys)

i = (h31i+ hapj+1) (6.7)
y_ (hagit hagjt has)
= (h31i+ hapj+1) (68)

6.3.1. Experimental and Comparative Analysis

In this section, the effectiveness of proposed scheme is analysed using Kaggle [112],
[114], [117], [132], [134] and in house clinical datasets, with different image
modalities and several evaluation metrics namely RMSE, CC, SSIM, and PSNR.

6.3.1.1. Experimental Analysis

The effectiveness of proposed scheme is assessed through experiments using Keras
with TensorFlow backend on a system featuring an NVIDIA GeForce GTX GPU, 16.0
GB RAM, and an Intel Core 17-1165G7 CPU at 2.80 GHz. The implementation is
carried out on Python 3.9.4 with Windows 11, utilizing datasets from public
repositories [112], [114], [117], [132], [134] and clinical sources collected from Fortis
Hospital Mohali and Paras Hospital Panchkula, India for validation. Initially, fixed
and sensed medical brain images of sized 224 X 224 pixels undergo min-max
normalization and gaussian filtering as depicted in Figure 6.11 (Col 1, a;-a;,) and
Figure 6.11 (Col 2, b;-b;) respectively. Then, pre-processed input images are fed into
VGG19 model for extracting high and low-level features, as illustrated in Figure 6.9
and Figure 6.10 respectively. The feature space distance measures dissimilarity
between feature points, yielding a reliable matching metric. Consequently, the

transformation matrix is determined using TPS interpolation, ensuring precise
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alignment between fixed and sensed images for the VGG16 and VGG19 models as
demonstrated in Figure 6.11 (Col 3, ¢;-c1¢) and Figure 6.11 (Col 5, e;-e4y). The
accuracy and effectiveness of the registration process are validated using a
checkerboard pattern, which highlights distortions or misalignments for VGG16 and
VGG19 in Figure 6.11 (Col 4, d4- d,) and Figure 6.11 (Col 6, f;- f1,) respectively.

S.No | Fixed image Sensed image Register Checkboard Register Checkboard
image image image image
(VGG16) (VGG16) (VGG19) (VGG19)
1
(a1) (b1) (c1) (dy) (e1) (f)
2
3
4
5
6
7
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10

(a10)

Figure 6.11: Results of multimodal medical images sourced from Kaggle dataset (a) Fixed image
(a; — aqg) (b) Sensed image (b, — byy) (¢) VGG16 register image (¢; — ¢10) (d) VGG16
checkboard image (d, — dqy) (e) VGG19 register image (e; — e1o) (f) VGG19 checkboard image
(fi — fi0) through extensive experiments

Evaluation conducted across multimodal medical images demonstrate the superior
performance of proposed approach as compared to VGG16 and VGG19, as depicted
in Table 6.5. The integration of SURF with VGGI19 significantly improves its
effectiveness as highlighted by the bold values in the proposed scheme as tabulated in
Table 6.5 in terms of higher values of SSIM, PSNR, CC and lower values of RMSE

and MSE.

Table 6.5: Comparative evaluation of numerous similarity indices across three techniques: VGG16,
VGG19 and proposed scheme

S.No | Images Algorithm RMSE MSE SSIM PSNR CC
1. VGG16 11.994569 143.86497 0.860807 34.03808 0.9727739
MR-PD and VGG19 10.3929664 108.0137 0.886991 34.6968 0.9797634
MR-T2
Proposed 5.146179 26.4831583 0.8963374 38.437298 0.994838
scheme
2. MR-T1 and VGG16 25.22458988 636.27993 0.8066257 31.238862 0.93041205
MR-Flair
VGG19 23.914663 57191111 0.8191049 32.28359 0.9474801
Proposed 14.4584 209.045331 | 0.83128647 33.975340 0.97198594
scheme
3. MR-T1 and VGGI16 27.1730781 738.37617 0.76442818 30.87104 0.941904
MR-PD
VGG19 23.13293 535.132712 0.791750 31.179722 0.956929
Proposed 15.0112 225.336125 0.8374371 33.50120124 0.9635435
scheme
4. CT and MR- VGG16 19.5981 384.085524 0.8562362 32.7041249 0.9613452
T1

131




VGG19 18.61293 346.44116 0.8731245 33.345216 0.9743632
Proposed 10.6502 113.42676 0.898432 34.93516 0.983421
scheme
5. MR-Flair and VGG16 16.6921857 278.629065 | 0.82770910 34.6691737 0.9592526
MR-T1
VGGI19 16.2853740 265.21340 0.83414137 34.837625 0.961142
3
Proposed 9.289468 86.2942157 0.8999728 35.726003 0.9710693
scheme
6. MR-T1 and VGG16 18.7956332 353.275829 | 0.82504288 32.771237 0.9339187
MR-PD
VGGI19 14.80797447 219.27610 0.8751107 33.380234 0.95937383
Proposed 8.69846 75.6632064 | 0.89615193 35.800669 0.9773345
scheme
7. MR-PD and VGG16 23.8567293 569.14353 0.84293566 32.737780 0.858698
MR-T2 VGGI19 21.9901945 483.568654 | 0.85364008 33.512361 0.8694104
Proposed 12.08201 145.974966 0.8886187 34.100217 0.884712
scheme
8 MR-T1 and VGG16 12.5682789 157.9616 0.82997994 33.341547 0.96973974
MR-PD
VGGI19 11.48999519 | 132.019989 | 0.84361977 34.4854853 0.9701106
Proposed 6.453017 41.6414284 | 0.89070639 36.3452907 0.9858878
scheme
9 CT and MR- VGG16 15.87534 252.026420 0.8653271 35.24516 0.9512343
T2
VGG19 14.98632 224.589787 0.8763124 36.186423 0.965843
Proposed 8.76543 76.832763 0.8973252 38.63214 0.9823453
scheme
10. MR-PD and VGG16 25.6402277 657.421277 0.8832141 32.508742 0.83760417
MR-T2
VGG19 23.5186719 553.127929 0.8953241 33.6591657 0.86357087
Proposed 10.79826 116.602419 0.9135261 34.17617 0.8987133
scheme

The comparison results illustrating the performance of proposed scheme using VGG19

and SURF with VGG16 and VGG19 on multimodal medical images based on

similarity metrics are shown in Figure 6.12.
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Figure 6.12: Comparative computational assessment of the proposed scheme against VGG16 and

VGG19 employing various similarity metrics on multimodal medical images.

To improve the registration performance of VGG19, SURF is utilized to detect
features in both sensed and registered images as illustrated in Figure 6.13 (Col 1, a;-
a0) and Figure 6.13 (Col 2, by-b;,) respectively. Subsequently, brute force matcher
i1s employed to establish correspondences between the identified keypoints as shown
in Figure 6.13 (Col 3, cq-c1g). Additionally, an alpha-trimmed spatial relation
correspondence method is utilized to remove outliers and improve the accuracy of
feature point correspondences as depicted in Figure 6.13 (Col 4, d4- dqg). Then,
homography matrix is applied to generate the registered image, ensuring an accurate
alignment between fixed and registered images as displayed in Figure 6.13 (Col 5, e;-

e1p)- The quantitative analysis of multimodal images is tabulated in Table 6.6.
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(a10) (b10) | (c10) (d1o) (e10)

Figure 6.13: Experimental outcome on multimodal medical images include (a) Extraction of key
points from fixed image (a; — a,,) (b) Extraction of key points from sensed image (b; — byg) ()
Total matches achieved employing BF matcher (¢; — ¢;¢) (d) Identification of good matches using

ATSRC (d; — dyq) (e) Register image (e; — e4)

Table 6.6: Experiment outcomes performed on various intermodal medical images gathered from

Kaggle dataset
S. No Sensed image Register image Total matches using Good matches after ATSRC
key points key points BF matcher
1 45 74 24 12
2 135 98 46 24
3 304 216 103 51
4 138 102 25 13
5 64 43 25 15
6 126 99 54 30
7 59 37 13 9
8 69 41 19 10
9 295 143 15 7
10 65 35 16 7

The difference image between target and registered image visually demonstrates the
spatial transformations required for accurate alignment, thereby evaluating the

effectiveness of the registration process, as depicted in Figure 6.14.

Reference image Target image

Difference image
b/w target and
register image

Difference image
b/w reference &
target image

Target image

Register image

Figure 6.14: Registration and difference of brain images acquired through multiple modalities

The effectiveness of proposed scheme has been evaluated on monomodal and

multimodal medical images obtained from clinical datasets from Fortis Hospital
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Mohali and Paras Hospital Panchkula, India. The quality of these images is enhanced

by pre-processing the fixed and sensed images, as depicted in Figure 6.15 (Col 1, a;-

aq, and Col 2, b;-bg). These pre-processed images are fed into VGG19 model to

capture both high and low-level features, as shown in Figure 6.9 and Figure 6.10. The

feature space distance measures dissimilarity between feature points, thereby

improving matching accuracy. Thin plate spline interpolation ensures precise

alignment between fixed and sensed images for both VGG16 and VGG19 models, as

illustrated in Figure 6.15 (Col 3, c¢;-cq, and Col 5, e;-eq). This process is validated by

a checkboard pattern to detect distortions or misalignments, as shown in Figure 6.15

(Col 4, d;-dq, and Col 6, f;-fo).

S. No

Fixed image

(as)

(ag)

Sensed image

Register image

VGGI16

Checkboard

image VGG16

Register image

VGG19

Checkboard
image VGG19

(fe)




(az) (b;) | (c7) (d,) (e7)

(ag) (bg) (cg) (dg) (es) (fs)

(aq) (bs) (¢9) (dy) (e9) (fo)

Figure 6.15: Experiments conducted on intramodal and intermodal medical images sourced from clinical
datasets (a) Fixed image (a; — aq) (b) Sensed image (b; — by) (c) VGG16 register image (¢; — ¢q) (d)
VGG16 checkboard image(d; — dsg) (¢) VGG19 register image (e; — eg) (f) VGG19 checkboard image
(i = 1)

The proposed scheme shows better performance as compared to VGG16 and VGG19
on both multimodal and monomodal medical images numbered from one to six and
seven to nine respectively in column 1 of Table 6.7. Slices (a; — ag) are coronal, and
slice (aq) is sagittal

Table 6.7: Experimental outcome on intramodal and intermodal medical images obtained from
clinical dataset employing different similarity metric

S. Images Algorithm RMSE MSE SSIM PSNR CC
No
1 MR-T1 VGG16 22.055361 486.4389 0.8389496 30.19423 0.916321
and MR-
T2 VGG19 21.182854 448.7133 0.8460740 31.5939 0.921984
Proposed 12.767959 163.0207 0.8621166 32.852484 0.946302
scheme
2 MR-T2 VGG16 19.154667 366.90126 0.855877 32.61350 0.93434
and MR-
T1 VGG19 17.4209570 303.489742 0.887156 33.440380 0.958798
Proposed 8.12345 65.990439 0.9173271 34.94380 0.964762
scheme
3 MR-T2 VGG16 17.969750 322.911915 0.8643999 34.825872 0.96739
and MR-
T1 VGG19 15.3239924 234.8247430 0.8827692 35.544528 0.971511
Proposed 5.8732145 34.4946485 0.9293415 37.281345 0.987321
scheme
4 MR-T1 VGG16 19.412314 376.837934 0.842134 31.76432 0.932652
and MR-
T2 VGG19 16.865243 284.436421 0.863245 32.98501 0.955421
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Proposed 10.76324 115.8473352 0.904321 34.864301 0.972163
scheme
PET and VGG16 14.157400 200.43197943 0.8728082 33.7288895 | 0.9964075
CT
VGG19 11.8628823 140.72797751 0.8848065 34.1935445 | 0.9974507
Proposed 8.6421341 74.6864818 0.9123145 35.765432 0.9987643
scheme
PET and VGG16 15.9760843 255.23527184 | 0.75887961 32.3346512 | 0.9926628
CT
VGG19 13.6306303 185.79408482 0.7745100 32.4935472 | 0.9946475
Proposed 9.7345621 94.761699 0.812453 34.672134 0.9987231
scheme
CT and VGG16 19.7027086 388.196727 0.7201682 33.60530533 | 0.9820879
CT
VGG19 17.509906 306.59681 0.7400097 35.86255801 | 0.9858754
Proposed 13.426781 180.278448 0.8054321 37.896453 0.997689
scheme
CT and VGG16 14.1468692 200.1339086 0.79196303 33.39277 0.9870018
CT
VGG19 13.2082967 174.4591039 0.81431548 34.7053785 | 0.9886942
Proposed 8.892141 79.070171 0.8423413 35.34521 0.9976321
scheme
MRI and VGG16 18.395753824 | 338.4037587 0.8219534 30.8438971 0.966542
MRI
VGG19 16.12452652 260.000355 0.8465321 32.7632542 0.976213
Proposed 11.43627145 | 130.78830467 0.874352 34.8752912 0.989321
scheme

The comparison results illustrating the performance of proposed scheme using VGG19

and SURF with VGG16 and VGG19 on both monomodal and multimodal medical

images based on similarity metrics are shown in Figure 6.16.
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Figure 6.16: Comparative assessment of proposed scheme against traditional method employing
various similarity metrics for anatomical and functional images

To enhance the VGG19 registration performance, SURF is utilized to identify features
in both sensed and registered images, as shown in Figure 6.17 (Col 1, a,-aq, and Col
2, b1-bg). Moreover, a brute force matcher is then used to establish correspondences
between detected key points as demonstrated in Figure 6.17 (Col 3, ¢;-co). An alpha-
trimmed spatial relation correspondence scheme eliminates outliers, enhancing feature
point correspondence accuracy, and resulting in more precise matches, as shown in
Figure 6.17(Col 4, d;-d,). Finally, the homography matrix achieves geometrically
accurate alignment between fixed and registered images, as illustrated in Figure 6.17
(Col 5, e;-e9). Quantitative analysis of both monomodal and multimodal medical
images are tabulated in Table 6.8 and graphical representation is depicted in Figure

6.17.
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(as) (by) (¢9) (dy) (e9)

Figure 6.17: Experiments carried out on intramodal and intermodal medical images include (a) Key points extraction
from fixed image (a; — aq) (b) key points extraction from sensed image (b; — bg) (c) Total matches obtained
employing BF matcher (¢; — ¢g) (d) Identification of good matches using ATSRC (d, — ds) (¢) Register image
(e; — €9)

Table 6.8: Experiment outcomes obtained from various intermodal medical images sourced from two
in house clinical dataset

S. No | Sensed image key | Register image key | Total no of matches | Matches after ATSRC
points points
1 80 66 41 19
2 119 121 57 29
3 42 34 17 9
4 86 82 36 19
5 9 16 9 6
6 29 24 19 9
7 35 31 19 11
8 85 36 76 23
9 90 81 32 15

6.3.1.2. Comparative Analysis

The effectiveness of the proposed scheme in monomodal and multimodal medical
image registration is evaluated against meta-heuristic optimization-based techniques

using identical images and parameters from [3], [49], [74], [133], [136].

The proposed scheme is compared to multimodal brain image registration methods
using VGG16 model and a modified SURF method, as presented by Wang et al. [74]
and Zheng et al. [49]. The test images used for comparison are MR and CT images
from the Kaggle dataset [114], [115], each with dimension of 256 * 256. The
proposed scheme is compared to [49], [74] with different similarity metrics namely
MI and CC. The higher value of MI and CC for proposed scheme is tabulated in Table
6.9 and Figure 6.18.
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Table 6.9: Quantitative evaluation of proposed scheme with [49], [74] in terms of MI and CC

Evaluation metric MI CC
P1-SURF[49] 1.5861 0.7334
CNN[74] 2.0342 0.8300
Proposed scheme 3.964369 0.993543
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Figure 6.18: Comparative analysis of MSE and CC between proposed scheme and traditional methods
[74], [137] applied to intermodal medical images.

The proposed scheme has been evaluated against multimodal image registration
technique presented by Kori et al. [133],which leverages SIFT and VGG19 for feature
extraction on MR-T1 and MR-T2 images from the IXI dataset [134]. The quantitative
results of MI and SSIM measures indicate that proposed scheme provides superior

performance than [133] as illustrated in Table 6.10 and Figure 6.19.

Table 6.10: Comparative analysis of proposed scheme and [133] based on MI and SSIM for
intermodal medical images.

Evaluation metrics MI SSIM
Method
Simple Elastic [133] 0.221 0.404
SIFT Based [133] 0.15 0.383
CNN(VGG19)[133] 0.373 0.431
Proposed scheme 1.5387 0.8643
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Figure 6.19: Comparative analysis of the proposed approach versus [133] employing various
similarity metrics.

The method presented by Mohanty et al. [136], which employs unsupervised deep

learning framework is contrasted with proposed scheme. To assess their performance,

several multimodal CT and MRI brain images, each with dimensions of 256 x 256,

are obtained from ADNI dataset [132]. The proposed scheme outperforms the

multimodal medical image registration technique [136] in terms of MI and CC. The

higher value of MI and CC for proposed scheme is tabulated in Table 6.11 and Figure

6.20.
Table 6.11:Comparing the proposed scheme with unsupervised deep learning methods [49]
Evaluation metric CcC Ml
Method
SyN 0.9355 0.6120
Voxelmorph 0.9822 0.8620
Diffeomorphism scheme[136] 0.9962 0.8830
Proposed scheme 0.9982 1.3982
s o o i
E s 0.6120 l . g e
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Figure 6.20: Comparative analysis of assessment metric between our scheme and conventional
method [136] for intermodal medical images.
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The proposed scheme has been compared to the single rigid registration (SRR) and
multi-resolution rigid registration (MRR) techniques presented by Azam et al. [3]. The
test images used for comparison are CT and MR of dimension 256 X 256 taken from
Kaggle dataset [114], [117]. The proposed scheme demonstrates superior performance
over multimodal image registration strategy [3] across different similarity metrics

namely MI, CC, SSIM, and PSNR as tabulated in Table 6.12.

Table 6.12: Evaluation of proposed scheme against traditional method [3] for intramodal and

intermodal medical images

S. No | Images Methods MI CC SSIM PSNR

1 MR-PD and MR-T2 | SRR [3] 1.1658 0.8819 | 0.7770 309114
MRR [3] 1.1860 0.8917 | 0.7955 40.4342
Proposed 2.5123 0.9472 | 0.9125 42.3781
scheme

2 CT and MR-T1 SRR [3] 0.9185 0.3232 | 0.5287 14.8154
MRR [3] 1.1877 0.5568 | 0.5799 25.680
Proposed 2.1456 0.80345 | 0.79754 30.4562
scheme

3 MR-T1 and MR-T2 | SRR [3] 1.1634 0.7176 | 0.5861 24.2732
MRR [3] 1.2287 0.7449 | 0.6022 36.7877
Proposed 2.65321 | 0.86532 | 0.88965 40.6421
scheme

4 CT and MR-T2 SRR [3] 1.0503 0.4755 | 0.5622 17.3709
MRR [3] 1.1495 0.5252 | 0.5335 36.0671
Proposed 1.9864 0.80324 | 0.78965 38.98653
scheme

The comparison results illustrating the performance of proposed scheme using VGG19
and SURF with SRR [3] and MRR [3] on both monomodal and multimodal medical

images based on similarity metrics are shown in Figure 6.21.
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Figure 6.21: Comparative assessment of proposed scheme against conventional methods for
anatomical and functional images employing various similarity metrics.

6.3.2. Conclusion

In this scheme, an integration of VGG19 with SURF for monomodal and multimodal
medical image registration is discussed. This scheme initiates by improving input
image quality through preprocessing steps, followed by extracting both low and high-
level features using VGG19. Subsequently, euclidean distance is computed for each
pair of feature points across different feature spaces. Dynamic inlier selection
improves feature point alignment between pre-processed fixed and sensed images by
iteratively adjusting distance thresholds to identify inliers. Then, thin plate spline
interpolation corrects local misalignments among selected feature points and
computes a non-linear transformation. This process enables complex warping to align
features between images with non-uniform distortions, resulting in precise alignment.
To enhance the reliability of registered image obtained using CNNs (VGG16 and
VGG19), SURF algorithm is employed to detect and match features with a BF
matcher. Additionally, outliers are minimized using the alpha-trimmed spatial
resolution correspondence algorithm. Finally, a homography matrix is applied to
generate the final registered image, achieving robust alignment between the sensed

and VGG19 registered images.
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6.4. Chapter Summary

In this chapter, a deep learning approach combined with feature extraction techniques
for both monomodal and multimodal medical image registration is presented. The
proposed scheme explores various feature extraction technique namely SIFT, SURF
and ORB algorithm for detecting features. Then, feature matching is performed using
a brute force matcher to align similar features in reference and target images. After
matching features, outlier removal methods such as alpha trimmed spatial relation
correspondence are employed to eliminate outliers. Additionally, projective
transformation is applied to pre-processed reference and target images for generating
registered image. This is achieved through robust feature extraction from reference
and target images using SURF, along with effective outlier removal by leveraging
ATSRC. Despite this research focus on feature extraction techniques, it has several
disadvantages, such as time-consuming iterative methods and limited accuracy in
complex scenarios. To address these limitations, we introduced a novel image
registration algorithm that combines deep learning approaches with SURF feature
extraction technique for accurate registration of images. The scheme begins by
enhancing input image quality through preprocessing and extracting features using
VGG19. Then, euclidean distances between feature points are calculated, and dynamic
inlier selection adjusts distance thresholds to determine inliers and refine alignment.
Thin plate spline interpolation then corrects local misalignments for precise alignment.
To enhance the reliability of registered image obtained using CNNs (VGGI16 and
VGG19), SURF algorithm is employed to detect and match features with a BF
matcher, while outliers are minimized using the alpha-trimmed spatial resolution
correspondence algorithm. Finally, a homography matrix is applied to achieve robust

alignment between the sensed and VGG19 registered images.
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CHAPTER 7 Conclusion and Future Scope

This chapter concludes the thesis by summarizing the research contributions,
outcomes, and scope of future work in the domain of medical image registration. The
main objective of thesis is to align reference and target images of the same subject
taken at different times, from different viewpoints, or by different sensor. The thesis
mainly consists of (i) exploring area and feature-based methods for image registration
across various medical imaging modalities, (i1) developing a model to address image
registration challenges using transformation methods (Rigid/Non-Rigid, Affine,
Projective, etc.) or signal/image processing techniques, (iii) enhancing alignment
between source and target images through machine learning and optimization
methods, (iv) testing and validating the developed schemes with standard and real-
world datasets, and (v) assessing the effectiveness of proposed scheme against state-
of-the-art techniques. Based on the research contribution as discussed from Chapter 3
to Chapter 6, several conclusions are drawn. The research contributions and outcomes

are detailed in Sections 7.1 to 7.4, with future directions outlined in Section 7.5.

7.1.  ATLBO-Driven Hybrid Approach for Adaptive Medical Image
Registration Using Affine Transformation and SURF

In the first phase, TLBO is employed to determine the optimal rotation and translation
parameters with MI maximization as an objective function. To assess the performance
of proposed scheme, extensive experiments are conducted on diverse image
modalities, including anatomical images such as CT and MRI images with noise and
artifacts. The experimental results show an 8% improvement in MI and SSIM values
as compared to state-of-the-art methods, indicating better quality of registered images.
To address challenges such as optimal value of rigid transformation parameters due to
anatomical variations and spatial transformations, we proposed a novel image
registration algorithm that integrates both area and feature-based approaches for
monomodal and multimodal medical images. This method employs SURF framework
for feature extraction along with RANSAC algorithm to refine the features.
Subsequently, projective transformation is used to achieve more accurate register

image. Experiments are conducted on Whole Brain ATLAS and Kaggle datasets
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demonstrating the robustness of the proposed scheme, with an improvement of 8% in
SSIM, 12.71% in MI for monomodal and multimodal images as compared to state-of-

the-art methods.

7.2.  Multimodal Image Registration leveraging Kernel PCA and TLBO

In the second phase of this research work, a novel approach with the hybridization of
KPCA and TLBO for registering monomodal and multimodal medical images is
presented. The approach starts with pre-processing steps including noise removal and
normalization to improve image quality. In the next step, contour extraction is
performed using Otsu’s thresholding for multimodal images and a thresholding
segmentation approach for monomodal images to create feature images and determine
ground truth translation parameters. Then, KPCA is used to capture non-linear data
mapping for determining rotation values, while TLBO optimizes the registration
process by iteratively refining transformation parameters. The proposed scheme has
been assessed using various similarity metrics on both monomodal and multimodal
medical images from publicly available and in-house clinical datasets. This scheme
focuses on rigid medical image registration for both standard and real time (clinical)

medical image datasets.

7.3. Deformable and Rigid Medical Image Registration on Different
Modalities Using the Combination of Deep learning and Meta
Heuristic Approaches

In the third phase, deep learning and meta-heuristic approaches for both monomodal
and multimodal medical image registration is presented. Deformable image
registration scheme employs an unsupervised U-Net model followed by TLBO
optimization and affine transformation for monomodal medical images. The Vxnet (U-
Net) model processes two-channel images to generate a non-linear displacement
vector field, while TLBO optimizes the registration process by iteratively adjusting
transformation parameters. Although this deformable registration work focuses on
monomodal medical images, which can be further enhanced to multimodal modalities
of images. After that, a novel medical image registration using UEO meta-heuristic
approach and VGG19 on both monomodal and multimodal modalities. This scheme

employs UEO optimization technique to optimize rigid transformation parameters by
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maximizing MI. Then, features are extracted using VGG-19 from both reference and
UEO-registered images. Afterwards, dynamic inlier selection is applied to enhance the
matching accuracy by effectively filtering correct matches (inliers) while minimizing
outliers. Finally, thin plate spline interpolation is employed to determine the optimal
transformation matrix for accurate alignment between reference and UEO-registered
images. This approach is validated using both in-house clinical and publicly available
standard datasets, demonstrating robustness and reliability through evaluation metrics

such as MI, RMSE, SSIM, and PSNR.

7.4. VGG19-SURF with Projective Transformation for Medical Image
Registration
In the fourth phase, a deep learning approach combined with feature extraction

techniques for both monomodal and multimodal medical image registration is
presented. The proposed scheme involves various feature extraction techniques like
SIFT, SURF and ORB for detecting features. Then, feature matching is performed
using a brute force matcher to align similar features in reference and target images.
After matching features, outlier removal methods such as alpha trimmed spatial
relation correspondence is employed to eliminate outliers. Additionally, projective
transformation is applied to pre-processed reference and target images for generating
registered image. Even though this research focuses on feature extraction techniques,
we introduced a novel image registration algorithm that combines deep learning
approach with SURF feature extraction technique for accurate registration of images.
The scheme begins by enhancing input image quality through preprocessing and
extracting features using VGG19. Then, euclidean distances between feature points
are calculated, and dynamic inlier selection adjusts distance thresholds to determine
inliers and refine alignment. Thin plate spline interpolation then corrects local
misalignments for precise alignment. To enhance the reliability of registered image
obtained using CNNs (VGG16 and VGG19), SURF algorithm is employed to detect
and match features with a BF matcher, while outliers are minimized using the alpha-
trimmed spatial resolution correspondence algorithm. Finally, a homography matrix is
applied to achieve robust alignment between the sensed and VGGI19 registered

images.
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7.5. Future Scope

The objective of proposed scheme in this thesis is to develop robust accurate alignment
of medical images through feature extraction and machine learning algorithms. There
are some research issues that can be resolved as an extension of current research work

for medical image registration. The possible enhancements are discussed below.

1. In this thesis, the proposed scheme primarily focuses on rigid and non-rigid
medical image registration techniques using CT-MRI brain and lung
anatomical images. This approach can be further extended to different
modalities, such as PET, SPECT, and applied to other anatomical structures,
including heart and kidneys etc.

2. In this research, non-rigid algorithms such as unsupervised learning is
employed for mono modal medical images that can be extended to handle multi
modal modality and further analysis can be conducted using supervised and
weakly supervised learning.

3. In future work, the proposed scheme can be enhanced by incorporating hybrid
optimization techniques and advanced feature extraction methods, such as
vision transformers and Generative Adversarial Networks (GAN), to improve
the accuracy and efficiency of image alignment.

4. In this thesis, we focused on 2-D rigid registration techniques for multi-sensor,
multi-temporal, and multi-viewpoint images. In future, the aim is to work on
multi-resolution rigid registration techniques and extend these methods to 3-

D, enabling more detailed diagnostic evaluations.
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