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Abstract 

Registration is an important and fundamental medical image analysis technique for the 

alignment of two or more images of the same organ into a single more informative and 

ideal image for receiving precise and complementary information. The high quality and 

more informative images help surgeons to accurately locate region of interest while the 

surgery is in progress. Reliable, accurate, robust and computationally efficient image 

registration is necessary and is always required in clinical practices. However, the 

development of more accurate and efficient registration techniques in clinically 

acceptable time-frames is always a challenge.  

Most of the registration approaches consider entire image content and global features for 

the alignment of two or more images. Such approaches are tend to be computationally 

intensive and inaccurate because it requires full image matching. In medical image 

registration, computational efficiency and high accuracy may be achieved by restricting 

the registration process to subregions within the image being registered. Registration 

based on subregions and local features consider salient regions (interested regions) in the 

whole medical image. These approaches are computationally efficient and accurate 

because the registration needs to be performed only for the specific region. 

Automatic detection and extraction of interested subregions in medical images is always 

required in IGS and radiotherapy. However, automatic detection and registration of 

interested subregions in medical images is difficult and prone to errors due to complex 

and non-linear nature, and the availability of limited features for registration. This work 

presents an automatic feature based approaches for the rigid and deformable registration 
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of medical images with the aim of high accuracy and computational efficiency. Instead of 

globally registering one image (moving image or source image) to another image (fixed 

image or target image), interested common subregions in two images are first 

automatically detected. After the detection of interested common subregions in both 

images, the detected common subregions are registered with local transformation 

parameters. The obtained local transformation parameters are then applied on source 

image, which recovers it according to the coordinates of target image. Finally, the 

obtained recovered source image is aligned with fixed target image with global 

transformation and correct registration with high efficiency is therefore achieved.  

All the experiments are performed on real 2D brain MRI images of patients with tumor. 

To demonstrate the computational efficiency, accuracy, reliability and robustness of the 

proposed approaches, extensive experiments are performed and the results are compared 

with existing standard registration methods. The performance of the proposed methods is 

evaluated using popular statistical metrics i.e. mutual information (MI), mean square 

error (MSE), peak signal to noise ratio (PSNR), sum of square differences (SSD), cross 

correlation (CC) and computation time. The experimental results sows that the obtained 

values of MI, PSNR and CC for the proposed methods are high than existing methods. 

Similarly, the obtained values of MSE, SSD and computational time for the proposed 

methods are low compared to existing methods. Thus it is obvious from the experiments 

that the proposed registration approaches outperform than the existing registration 

approaches in terms of computational efficiency and registration accuracy. Moreover, the 

proposed approaches automatically detect the desired common subregions in rigid and 

deformable medical images and perform successful registration on it. 
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Chapter 1  

Introduction 

Image segmentation and registration are the two important and fundamental processing steps 

in medical image analysis. Segmentation is the process of partitioning an image into 

separate meaningful regions [1] while registration is the process of aligning an image pair or 

a set of image sequences into a single more informative and ideal image for the purpose of 

receiving precise and complementary information [2-7]. The result of registration can help 

in further analysis processes called image fusion. Image fusion is in turn the process of 

producing more informative and better descriptive images based on the input registered 

image. Practically, image fusions, as well as image registration, are perceived as an 

important assistant that provide a valuable help in medical image processing. In registration, 

moving image (source image) is spatially modified (translated, rotated, scaled, and 

deformed) relative to another fixed image (target image) [8]. In segmentation, interested 

objects are segmented and as a result, voxels are grouped into meaningful and disjoint 

regions. Registration methods with image segmentation have received substantial attention 

in recent years and have shown improved results. Moreover, in several cases, registration 

can be used as a powerful method for solving segmentation problem, i.e., registration-based 
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segmentation. However, automation, computational efficiency and high accuracy are still 

required in the medical procedures. 

In medical image analysis research, one of the important goal is to properly detect and 

register region of interest (ROI)/or tumor in the images of an organ. Reliable and accurate 

segmentation is usually required for the separation of ROI from other image. Registration is 

also important and required when monomodal images of an organ taken in different time-

frames because of human natural behavior such as possible movements of the object (motion 

of a patient; changes in the positioning of the patient; cardiac or involuntary motion; growth 

of a structure; and soft tissue displacements due to breathing) [9, 10]. Similarly, the 

registration of multimodal images is also extremely important. Because in multimodal 

images, same structure of an organ shows different shape and behavior [11].  

1.1 Background 

Medical image processing and its associated techniques are now used in a wide variety of 

medical applications. These techniques provide an easy to use platform for clinicians to 

acquire useful information from human anatomy. Different types of image analysis 

techniques and imaging modalities are now available for the solution of medical problems. 

Image-guided surgery (IGS), treatment planning, disease progress monitoring, and detection 

of structural and functional changes have been improved due to the availability of these 

technologies. IGS have significantly improved because these technologies greatly depend on 
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imaging modalities and image analysis techniques. Magnetic resonance imaging (MRI), 

computed tomography (CT), positron emission tomography (PET), single photon emission 

tomography (SPECT) and ultrasound (US) are commonly used medical imaging modalities 

used in clinical applications [12]. These modalities precisely extract and visualize functional 

and structural information from human organs [13]. For example, PET and SPECT are used 

to access functional information while MRI and CT are used to obtain structural 

information. 

Information about an organ obtained from each modality is usually of different 

nature (functional or structural). Medical images of an organ acquired with different 

modalities would therefore contain different types of information. Similarly, the obtained 

information would also different if the images are taken either at different times and or from 

different angles. It is due to natural human behaviour i.e. patient movement, breathing and 

growth of a structure [14, 15]. In IGS and radiotherapy, it is not a good practice to rely on 

information obtained from a single modality, at different time-frames and from different 

angles. In order to obtain enough information for the proper diagnoses and surgical 

planning, information should be integrated from multiple angles, time-frames and 

modalities. Recently available advanced multimodality devices such as PET/CT, PET/MR 

and SPECT/CT provide enough information of different nature (functional and structural) in 

a single examination. For example PET/CT can be used for quantitative comparisons in 

cardiac imaging and in cancer imaging. PET uses dynamic imaging for quantitative 
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myocardial perfusion imaging while standard uptake values (SUVs) are used to monitor 

tumors. However, to perform more accurate quantitative comparison and integration of 

functional and structural data further research is required in the field of medical imaging. 

Information integration from different types of images obtained from multi-

modalities, at different times and angles poses extensive challenges [16]. Due to the 

advancement and availability of medical imaging techniques, the quality and effectiveness 

of health care have been improved. It is due to the provision of imaging data in a usable 

format. Segmentation, registration, visualization, enhancement, pattern matching, image 

classification, analysis and statistical measurements are the popular techniques used in 

medical image processing. 

The process of registration involves transformation, interpolation, similarity measure 

and optimization [17]. Transformation is a mapping between moving image (source image) 

and fixed image (target image) while interpolator is used to apply the transformation to 

obtain a representation of the image in the common coordinate frame. Similarity measure is 

a function that compares the source and target images. The optimal alignment between 

source and target images is performed through optimizer, which changes the transformation 

based on the similarity measure until convergence has been reached. 

The performance of registration algorithm is measured on the basis of accuracy, 

reliability, robustness and efficiency. Moreover, registration performance also depends on 

the resource requirements, algorithm complexity and clinical use. An efficient, accurate, 
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reliable and robust registration between two images of a patient (taken pre-operatively and 

intra-operatively) is critical for successful and effective image-guided surgery (IGS). 

Registration is performed on image features, image intensities or image segments. 

The different types of registration on medical images are divided into three methods i.e. 

feature-based [18], intensity-based [19] and segmentation-based. In feature-based methods, 

image features (lines, landmark points and surfaces) are used for registration [20]. In 

intensity-based methods, image scalar values in the image pixels are used for registration 

[21]. Segmentation-based registration segment/extract surfaces and curves from input 

images and use these for registration [22, 23].  

Medical image registration methods are classified into nine basic criteria formulated 

by Vanden Elsen, Pol and Viergever [24]. The nine criteria are: nature of transformation, 

domain of transformation, dimensionality, modalities involved, optimization procedure, 

nature of registration basis, interaction, subject and object. Medical image registration is 

used in several fields including radiation therapy, cancer detection, template atlas 

application, functional MRI analysis, image-guided surgery (IGS) etc. 

A lot of progress has been done in medical imaging techniques and advanced 

modalities have been developed [25]. However, these advancements raise more challenges 

in the area of medical image registration. The development of registration techniques with 

high accuracy, efficiency, reliability, robustness and acceptability in clinical time-frames is 

still an open challenge. Computational efficiency, high accuracy and robustness are the main 
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requirements for the image registration techniques to be successfully used in clinical 

practices. Automatic image registration, registration of multimodal images, detection of 

reliable landmarks, rejection of outliers and relating contrasting information in different 

types of images are other open issues in medical image registration [15].  

Registration of two or more images with whole content and global features are tend 

to be computationally intensive. These approaches also compromise registration accuracy 

because it uses all image content for alignment. In medical image registration, 

computational efficiency and high accuracy may be achieved by restricting the registration 

process to a subregion (interested region rather than whole image) within the image being 

registered [26]. Registration based on subregions considers salient regions (interested 

regions) in the whole medical image. Performing registration only on specific subregions 

provide high efficiency as compared to whole image contents.  Furthermore, high accuracy 

is achieved when the registration process is restricted to an area within specific region.  

Automacy in the segmentation and registration process is always required in IGS and 

radiotherapy. Especially, the automatic detection and registration of interested subregions is 

one of the essential requirements in image-guided surgical procedures. In these procedures, 

functional and anatomical structures are properly analyzed. Furthermore, the change in 

tumor growth with time is successfully measured and accordingly a proper plan is establish 

for treatment prior to radiation therapy [12]. Since medical images are complex in nature, 

therefore, the automatic detection and registration of interested subregions are also difficult 
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and some time errors are introduced in it. Common subregions are usually detected 

manually or with pre-defined parameters which are both time-consuming and tedious. The 

precise selection and extraction of same features and 3D landmarks are difficult in subregion 

based registration.  Furthermore, the proper estimation of mutual information (MI) in both 

source and target images is also prone to error in subregion based registration. The main 

reason behind this issue is the high sensitivity of medical images to noise and to the 

overlapping regions, and the availability of limited statistical information.  

This thesis provides a detail discussion about medical image registration. It proposed 

extended automatic registration methods based on common subregions for resolving some of 

the issues such as computational efficiency, accuracy and robustness. 

1.2 Goals and Motivation  

The goal of this work is to improve the performance (accuracy, efficiency, reliability and 

robustness) of registration methods in medical image applications.  It investigates existing 

rigid and deformable registration methods for medical images and uses this knowledge to 

propose new automatic methods for better registration. Ideally, this research project has the 

following goals: 

 Development of automatic method for the detection of common subregions in rigid 

and deformable medical images. 
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 Development of automatic method based on common subregions for the rigid 

registration of medical images. 

 Development of automatic method based on common subregions for the deformable 

registration of medical images. 

Automatic detection, segmentation and registration of subregions in medical images is 

always required in IGS and radiotherapy. The purpose is to properly study functional and 

anatomical structures more accurately, to measure the change in tumor growth with time and 

to plan for treatment prior to radiation therapy. The motivation behind this study was the 

limited availability of methods for the automatic detection, segmentation and registration of 

interested common subregions in medical images. Especially, when large images or point 

sets are involved and when the transformation space has many degrees of freedom. 

Moreover, the issues of accuracy, efficiency and robustness in registration methods also 

motivated us to conduct this study. Improvement in image registration methods is therefore 

essential to resolve the above challenges.  This work not only improved the accuracy and 

efficiency of existing medical image registration methods but also enhances the robustness 

when it is tested on various images.  

1.3 The Problem Statement 

The existing registration methods (whether rigid or deformable) mostly use whole image 

content for alignment. These methods create problems in the automatic detection, 
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segmentation and registration of subregions in a set of medical images. Automatic detection 

and registration of interested subregions in medical images is difficult and some time errors 

are introduced in it due to complex and non-linear nature, and the availability of limited 

features for registration. In the existing registration methods, subregions are usually detected 

manually or with pre-defined parameters which are both time-consuming and tedious. In 

subregion based registration methods, the proper selection of landmarks and extraction of 

same features in high volume multi-modal images is also a difficult task. Similarly, the 

available registration methods are computationally expensive especially in complex images 

with large deformation. Some time the accuracy is also compromised, when the similarity 

measure is not properly estimated due to the unavailability of sufficient statistical 

information. This research work targets these challenges of image registration methods and 

enhances their capability. 

1.4 Research Methodology 

This research study focuses on the improvement of registration methods for medical images 

and follows the following three phases: 

In the first phase, comprehensive literature related to medical image registration and its 

components, types, classification and applications are thoroughly reviewed. It further 

investigates medical image registration using interested common subregions. Various issues 
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and challenges related to medical image registration in general and in subregion based 

registration in particular are identified and described in detail. 

In the second phase, the main issues and challenges identified in first phase are handled. 

New approaches are designed and algorithms are developed to register medical images in a 

way that automatically detect and align common subregions from two or more images and 

improve the overall efficiency and accuracy. 

In the third phase, the proposed methods are implemented after designing their models and 

algorithms in second phase. These methods are evaluated through experiments conducted on 

various medical image datasets to validate their efficiency, accuracy and robustness.  

Registration applications are developed using our proposed methods which are tested on 

various inputs images. Results of comparison are provided of the existing methods and 

proposed methods. 

1.5   Scope and Contributions 

Performance of the image registration method can be represented by several parameters such 

as computational speed, accuracy, reliability and robustness [27]. The original contribution 

of the thesis is the development of new advanced registration methods for medical images. 

Computational speed, accuracy, reliability and robustness is investigated using similarity 

measures such as mutual information (MI), mean square error (MSI), peak signal to noise 

ratio (PSNR), cross correlation and sum of square difference (SSD). The obtained values in 
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these similarity measures show that our approach of automatic common subregion based 

registration can be preferred for medical image registration. 

The main contributions of this thesis are presented as below: 

•  Automatic Detection, Segmentation and Alignment of Common Subregions in 

Medical Images 

In the existing methods, interested subregions are detected manually or with free defined 

parameters which is time consuming and require expert knowledge. Some approaches are 

available that automatically detects and segment interested subregions (ROI) but mostly it is 

performed by clicking a mouse pointer on the centre of ROI in the image. Some of the 

existing approaches can separately register the ROI but the registration algorithms are not 

independently tuned for each subregion. Furthermore, some approaches equally select and 

align all subregions in the images which is not desired in many cases. In the proposed work, 

the desired common subregion in two or more images are automatically detected, segmented 

and aligned with each other. The automatic detection and segmentation of common 

subregion provides reliable platform for further process of registration. 
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 •  Rigid Registration of Medical Images Based on Interested Common Subregions 

The rigid registration methods are popular in medical image registrations due to the rigid 

body constraints in many medical images that lead to a good approximation.  Rigid methods 

include few parameters to be determined, and finally many registration methods are not 

prepared to apply more complex transformations. Rigid registration of medical images 

obtained from same modality is an important first step in successful visualization and 

quantification of temporal changes in the anatomy and physiology. In the proposed work, a 

new rigid registration approach for medical images obtained from same modality is 

presented. The proposed approach performed registration on 2D brain MR images with high 

accuracy and efficiency. The proposed method is evaluated against existing methods on 

various MR images. The results show that the performance of registration is improved in our 

proposed method. 

•  Deformable Registration of Medical Images Based on Common Subregions 

Deformable registration has been used for a wide range of medical applications and imaging 

modalities and has potentially improved the geometric precision of medical images with 

large and complex deformations. In this work, an efficient deformable registration method is 

proposed with the aim of higher registration accuracy. Instead of globally registering 

deformed source and fixed target images, the source image is symmetrically deformed in 

multiple passes, until the deformed source image is matched with fixed target image and 
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correct registration is therefore achieved. The Performance of the proposed registration 

method is demonstrated with real 2D brain MR images. Our results suggest that the 

proposed method is robust and is able to efficiently and accurately register medical images 

with high deformation, compared to the existing deformable registration algorithm. The 

proposed method can also be successfully employed for the registration of deformable 

medical images in radiotherapy and image-guided procedures.  

1.6 Publications 

Most of the work described in this thesis has been peer-reviewed and 

published in national and international journals or in review process. This is a list of 

the published and under review papers derived from this work so far: 

 F. Alam, S. U. Rahman, S. Ullah, and K. Gulati, "Medical image registration in 

image-guided surgery: Issues, challenges and research opportunities," Biocybernetics 

and Biomedical Engineering, Elsvier, 2017. 

 F. Alam, S. U. Rahman, M. Hassan, and A. Khalil, "An Investigation Towards 

Issues and Challenges in Medical Image Registration," Journal of Post Graduate 

Medical Institute, Peshawar, Pakistan, vol. 31, pp. 224-233., 2017. 
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 F. Alam, S. U. Rahman, A. Khalil, S. Ullah, and S. Khusro, "Quantitative Evaluation 

of Intrinsic Registration Methods for Medical Images," Sindh University Research 

Journal - SURJ (Science Series), vol. 491, pp. 43-48, 2017. 

 F. Alam, S. U. Rahman, S. Khusro, S. Ullah, and A. Khalil, "Evaluation of Medical 

Image Registration Techniques Based on Nature and Domain of the 

Transformation," Journal of Medical Imaging and Radiation Sciences, Elsvier, vol. 

47 (2), pp. 178-193, 2016. 

 F. Alam, S. U. Rahman, A. Khalil, S. Khusro, and M. Sajjad, "Deformable 

Registration Methods for Medical Images: A Review Based on Performance 

Comparison," Proceedings of the Pakistan Academy of Sciences: A Physical and 

Computational Sciences, vol. 53, pp. 111-130, 2016. 

 F. Alam and S. U. Rahman, "Intrinsic Registration Techniques for Medical Images: 

A State-of-the-Art Review," Journal of Postgraduate Medical Institute (Peshawar-

Pakistan), vol. 30 (2), pp. 119-132, 2016. 

 F. Alam, S. U. Rahman, S. Ullah, A. Khalil, and A. Uddin, "A Review on Extrinsic 

Registration Methods for Medical Images," Technical Journal University of 

Engineering and Technology Taxila, vol. 21, pp. 110- 119, 2016. 
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 F. Alam, S. U. Rahman, A. Khalil, ―A Novel Automatic Medical Image Registration 

Approach Based on Interested Common Subregions,‖ under review by the Medical 

and Biological Engineering, Springer. 

 F. Alam, S. U. Rahman, A. Khalil, ―Interested Common Subregion Based 

Deformable Registration Method for Medical Images‖, Under review by Image and 

Vision Computing, Elsevier. 

 F. Alam, S. U. Rahman, ―Medical Image Registration: Components, Performance 

and Types‖, Under review by Journal of Biocybernatics and Biomedical 

Engineering, Elsevier.  

 F. Alam, S. U. Rahman, ― Medical Image Registration: Classification, Applications 

and Issues‖, Under review by International Journal of Medical Informatics, Elsevier.  

 F. Alam, S. U. Rahman, ―Interested Subregion Detection and Registration: A 

Review of challenges and Solutions in Multimodal Medical Images‖, Under Review 

by Journal of Medical Imaging and Radiation Sciences, Elsevier. 

1.7   Platforms for Development and Testing 

The Windows Operating System is used for the development and evaluation of 

the software designed during this research work. The proposed methods are implemented 

using C++ with MATLAB. 
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 1.8  Thesis Organization 

This thesis comprises five (5) chapters and is organized as follows: 

       Chapter 1 briefly introduces the background of this research work. The goals 

and motivation are defined with the problem statement. It provides a description of 

contributions made to the field of medical image registration along with the 

publications list. 

      Chapter 2 provides a general overview of medical image registration. It contains the 

process/ components of registration along with its types and performance. The classification 

scheme for medical image registration methods is presented. Some of the important 

applications of medical image registration are briefly described. Registration using 

interested subregions and its related work is explained. The general issues and challenges in 

medical image registration are explained in detail with emphasis on subregion registration. 

       Chapter 3 discusses the methodology and implementation of automatic interested 

common subregion detection and automatic rigid registration of medical images. The 

proposed method improves accuracy and efficiency. Detail feature based algorithm for 

interested common subregion based registration is presented along with its evaluation. 

Chapter 4 extends common subregion based rigid medical image registration to deformable 

registration. A new automatic registration method is proposed for this extension and is 
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evaluated on deformable images. The proposed approach improves the efficiency, accuracy 

and robustness of deformable registration for medical images. 

Chapter 5 summarizes this thesis, with discussions about the contributions, 

limitations and possible future work. 
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Chapter 2 

Literature Review 

In this chapter, we will review the general concepts, components, performance, types and 

applications of image registration. The classification of medical image registration methods 

are elaborated in detail. It further explains medical image registration for interested 

subregion along with available existing literature. At the end of the chapter, the current 

issues and challenges in medical image registration in general and subregion based 

registration in particular are described in detail. 

2.1   Medical Image Registration 

 Over the last few decades, medical imaging techniques have brought several changes in 

the way patients are treated and operations are performed. The advancement in medical 

imaging techniques lead to the advancement in image-guided surgery (IGS) and 

radiotherapy. IGS and radiotherapy uses medical imaging techniques for disease 

identification, classification, treatment planning, disease progress monitoring, detection of 

structural and functional changes, and outcome evaluation. The availability of these 

techniques provides several benefits to the patients such as reduced surgical trauma, fast 
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recovery and reduced hospital stay and cost [28]. Nowadays, medical imaging techniques 

assist clinicians in the qualitative and quantitative assessment of tumors, the precise and 

individual design of a surgical plan, and preoperative surgical simulation [29]. The 

availability of precise real time image information during IGS and radiotherapy is due to the 

integration of intra-operative imaging with navigation technology.  

Real time visualization of images of interested anatomical regions during the surgical 

process is an essential requirement for IGS system [30]. The required images of the 

interested anatomical regions are obtained through high resolution 2D and 3D scans such as 

X-rays, computed tomography (CT), magnetic resonance imaging (MRI), functional MRI 

(fMRI), ultrasound (US), positron emission tomography (PET) and single photon emission 

tomography (SPECT). Similarly, multiple images are obtained in different time-frames or 

from different angles of the same subjects. Surgeons use these integrated information for 

analysis and visualization in computer-assisted surgery. Generally, individual images cannot 

provide enough information for proper-diagnoses and need to be integrated to show-high-

information.  

    In medical imaging, information integration from multiple images is performed through 

the process of registration. The process of image registration is performed by geometrically 

aligning/mapping corresponding points (image pixels or voxels) from two or more images 

(source image and target image) [31-35]. The aim of registration is to find a spatial 

transformation that aligns the points in one image to the corresponding points in the second 
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image suppressing the geometrical deformation between the two of them [36]. This concept 

is presented graphically in Figure 2.1 [3]. The Figure shows the mapping of coordinate 

frames and anatomical structures in one image of the same organ to their corresponding 

positions in another image of that organ. The moving image or the image being deformed is 

called source image and the fixed or un-deformed image to which it is compared is called 

the target image [37]. For a 2D image the problem is posed as finding a transformation T

such that  

[ , ] [ , ] ([ , )]x y x y T x y        (2.1) 

Where the object at coordinates [ , ]x y in the target image is at coordinates [ , ]x y 
in the 

source image. The definition can be easily extended to any number of dimensions. 

 

Figure 2.1: An example of corresponding points for two brain images of the same patient: The 

tissue location pointed by the arrow on the left image (x, y) corresponds to the tissue 

location pointed by the arrow on the right image (x
/
 y

/
). 
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In medical image processing, registration is always required because images of an 

organ may be taken with the same or different modalities, at the same or different time lines 

or at the same or different angles.  The purpose is to carry out accurate diagnosis and to 

perform successful treatment. Several types of imaging modalities are now available but 

each has their own features to extract different types of information from human organs. 

Modalities, such as MRI and CT are used to obtain anatomical structures while PET and 

SPECT are used to access functional information [38]. The integration of both functional 

and anatomical information is always required in IGS and radiotherapy and it greatly helps 

the surgeon in diagnosis and treatment planning. Multi-modal registration is shown in Figure 

2.2 [3]. In the Figure, MR image (a) of human brain is integrated with SPECT image (b) of 

the same patient. The registered image (c) provides both anatomical information (obtained 

through MR) and functional information (obtained through PET). The integration of 

functional and anatomical information provides useful and accurate clinical diagnosis and 

surgical procedures. Furthermore, safety of the patient is insured and the quality of treatment 

is improved. 
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Figure 2.2: MR and SPECT image registration. In the Figure, human brain images obtained from 

different modalities are mapped and the resultant registered image is shown which 

provide more visibility and information of tissues. Anatomical image (a) is obtained 

with MR scanner while functional image (b) is taken with SPECT. The registered 

image (c) simultaneously shows functional and anatomical information. 

2.2   Registration Process and Components  

The process of image registration is modeled is in an algorithm that finds a transformation 

(mapping) T from one image to another one. Consider two images, the fixed image (target 

image) ( )FTI x  and the moving image (source image) ( )MSI x  each define in their own spatial 

domain, 
d

RMS  and 
d

RFT  , respectively. During registration, a transformation function 

( )T x is determined, which align the source image to the target image. The transformation is 

a mapping :
d d

T R RMS FT     , that maps from the source image to the target image 

[39]. In order to align the target image and source image, several similarity measures such as 
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mutual information (MI) and sum of square difference (SSD) etc are used to evaluate the 

quality and performance of the registration. Registration is formulated as an optimization 

problem whose aim is to maximize the similarity or minimize the cost function C with 

respect to the transformation T and is given by 

   

or 

        

Where T  is the optimum transformation, arg inm and argmax  is the optimization, FTI and

MSI are the target and source images, respectively, S  is the similarity measure and C is the 

cost function which show how will the images are aligned. 

The main aim of registration is to find the geometrical transformation between separate 

images and accordingly map them in order to obtain maximum information. Registration is 

an iterative process, moving image (source image) is transformed to the fixed image (target 

image), similarity measures between them are computed and the resultant image is generated 

if the similarity measures are fulfilled. The process is repeated for the optimization of trans-

formation parameters, if the measure of similarity between source and target image is not 

perfectly aligned. The graphical representation of registration process is shown in Figure 2.3 

[17]while the description of each component during the process is described in the 
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subsequent sections. In the registration process, the coordinates of source image is 

transformed to the corresponding coordinates of target image iteratively. At each iteration, 

the optimizer check maximum similarity measure and if it is not achieved, the process is 

repeated. This process is continued until the transformation function optimally aligns source 

image features into their corresponding target image space. 

 

Figure 2.3: The process/components of registration 

2.2.1  Transformation 

In image registration, transformation is mapping function that associate spatial information 

in one image to those in another or in physical space [40]. The transformation function 

transforms source image into the target image coordinate system, as shown in Figure 2.4. 

The general form of a transformation can be written as 

2 2: MS FTT        (2.4) 
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Where T maps each point i MSx  to ( )i FTT x  . 

The performance of an image registration algorithm depends on the performance of 

the transformation function that uses information about the correspondences to warp one 

image to the geometry of the other [41]. The type of transformation is related to the number 

of dimensions of the images and the transformation is described by the number of 

parameters, or degree of freedom. For instance, the registration of two undistorted two-

dimensional images may only require a two-dimensional, rigid, linear transformation, while 

the registration of three-dimensional CT images of the thorax acquired at different phases 

during the respiratory cycle may require a three-dimensional, deformable, spatially varying 

transformation [17]. In the following paragraphs, the hierarchy of transformations in terms 

of the quantities or properties that are invariant‖ are briefly described. 

 

Figure 2.4: Transformation of moving source image to the coordinates of fixed target image 
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I. Rigid Transformation 

 In rigid transformations, the distance between points in the image are preserved [42]. Rigid 

transformations typically preserve the point-to-point distance, straightness of lines, and 

angles between strait lines [43]. Images of the same subject are mostly co-registered with 

rigid transformation. Registration problems that are limited to rigid transformations are 

called rigid registration [44]. For example, the shape of a human brain changes very little 

with head movement, so rigid registration can be used to align different head positions for 

different scans. A rigid transformation can be described with translations and rotations. This 

type of transformations is also called Euclidean transformation because it preserves the 

Euclidean distance. Mathematical expression for Euclidean transformation is shown in 

equation (2.5). 

 
10

x

R t

e
x T


       (2.5) 

In the above equation, R represent the orthogonal rotation matrix, t  represent the 

translation vector and a null vector is represented by 0 . Euclidean transformation depends 

on the dimensions. For instance for 2D images, the transformation is defined as  

   
cos sin

sin cos
1 00 0 1

tR t x

t
y

T
 

 



 
        (2.6) 
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In equation (2.6), the angle of rotation is represented by   while the translation along the x- 

and y-axis is represented xt and yt  respectively. The degree of freedom in rigid 

transformations is less than affine, projective and deformable transformations. The degree of 

freedom in two-dimensional rigid transformation is one for rotation, and two for translation, 

resulting in a total of three. The degrees of freedom in three-dimensional rigid 

transformations have six degrees of freedom (three rotations and three translations). 

Figure 2.5 shows the rigid transformation of two MR images of a same subject acquired 

with different scan sessions each using a different MR Scanner. A rigid transform T  is an 

image coordinate transformation composed of a translation vector (Tx, Ty, Tz) and a 

rotation matrix defined by three Euler angles (θ,Φ,Ψ) as 

( , , , , , )T f Tx Ty Tz     (2.7) 

By applying the registration transform to the initial source image MSI , a new image MSI is 

generated spatially aligned with the target image FTI . This allows the extraction of 

complementary information from the two images. 
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 Figure 2.5: Rigid transformation of two MR images of a same subject acquired with 

different scan sessions each using a different MR Scanner 

II.   Deformable Transformation 

 Rigid transformation does not have enough degrees of freedom or flexibility to 

accommodate local shape differences. Moreover, rigid transformation is not suitable in a 

situation where motion of tissue is spatially varying within the image. Deformable (non-

rigid)]transformation are required to properly align images with local shape difference and 

spatial variability [17]. Deformable transformation allows many possible deformations of 

one image into another [45]. It is a non-uniform mapping between images and measure 

small, varying discrepancies by deforming source image to match the other. Deformable 

transformations allow locally changing deformation. Deformable transformations may be 

classified by the type of kernel or basis used e.g. B-spline, thin-plate-spline, cosine, etc. The 

graphical representation of deformable transformation is shown in Figure 2.6. There are 
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several applications where deformable transformations are required to describe the spatial 

relationship between images effectively. These applications include multimodal image 

registration, inter and intra patient registration and longitudinal studies [46]. 

 

Figure 2.6:  Deformable transformation 

 

Deformation always occurs in the registration of images obtained with multiple 

imaging modalities. Moreover, internal deformations are also generated by some modalities 

such as mammography and ultrasound because they require some external force to be 

applied to the patient‘s surface [17]. Multi-modal image registration is an essential technique 

in several medical procedures such as diagnosis, treatment planning, therapeutic procedures 

and interventional surgical guidance.‖In intra-patient registration, deformable 

transformations are required to accommodate any tissue deformation due to interventions or 
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changes over time. Similarly, in inter-patient registration, deformable transformations are 

often required to accommodate the substantial variability across individuals [40]. 

           In non-rigid registration, the geometric transformations can be divided into either 

physically based models or a basis function expansion. The physical based models are 

described by partial differential equations of mechanics and a basis function expansion is 

derived from interpolation [47]. A realistic deformation is mostly estimated with physical 

models. However, these models are simple and are suitable for the estimation of small 

deformations.  Using physically based models for complex deformations, a significantly 

higher computational effort will be required. An improved biomechanical models and 

advancement in a better understanding of continuum biomechanics are required to be 

researched in the future. Transformations with basis function expansions do not model the 

anatomy or physiology. These are a set of functions for the interpolation or approximation of 

motion based on image data. 

2.2.2   Interpolation 

The main aim of image registration is to estimate movements so that their influence on the 

data can be minimized or even eliminated. The registration process is fundamentally a 

process for eliminating the effects of an unnecessary confounding movement from the data 

[48]. In the registration process, once the desired spatial transformation has been derived, 
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image re-sampling and interpolation model must be utilized to compensate for the 

movement and create registered image. 

   The pixel values of the deformed source image at a coordinate determined by the fixed 

target image are estimated using the process of interpolation [17]. Interpolation depends on 

similarity measure, or transformation. The interpolation of values obtained from source 

image at given coordinate in the target image provide several benefits during registration 

process.  The sparsely populated areas in the deformed source image are usually caused by 

deformable transformation. Interpolation is spatially required in such cases to estimate the 

pixels values of deformed source image at the coordinate determined by the target image. 

Nearest neighbor, linear and cubic convolutions are commonly used interpolation methods 

for image registration. 

2.2.3   Similarity Measures 

The terms image quality assessment and image similarity assessment are closely related. 

Image quality depends on the visible differences between fixed image (target image) and  

moving/deformed image (source image) [49]. Similarity measure is the important 

components of medical image registration and it is a function that compares the source and 

target images. In other words, it is the criteria to evaluate how much two or more images of 

the same organ are similar. It is based on pixel intensities and patterns, cross-correlation, 

anatomical structures and mutual information [50-54].  
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 Similarity measure is estimated on the basis of modality involved, angle of view and 

time interval [4]. In the registration process, at every iteration similarity is checked between 

moving source image and fixed target image. If the similarity is not according to the 

requirement of successful registration then the process is optimized to further find the best 

alignment between source and target image as shown in Figure 2.3. Let F be similarity 

function, T be registration transformation, then the degree of similarity (.) between source 

image MSI
and target image FTI

is calculated as 

( , , ) ( ( ), )MS FT MS FTF I I T T I I  (2.8) 

In the registration process, pixels of the source and target images are mapped at the 

same image coordinate. In other words, it can be assumed that the first pixel in target image 

( FTI
) and source image ( MSI

) try to represent the equivalent physical coordinate [17]. The 

similarity measure is used to evaluate the quality of this mapping by comparing the source 

and target images. Some of the popular measures for estimation of registration performance 

are Mutual Information (MI), Mean Square Error (MSE), Peak Signal-to-Noise Ratio 

(PSNR), Correlation-Coefficient (CC) and Sum of Square Difference (SSD). The quality of 

the registration is evaluated on the bases of these similarity measures. 
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I.  Mutual Information 

In image registration, mutual information (MI) estimates the degree of dependency between 

source and target images. MI is a popular tool for image registration and it maximizes the 

similarity between two images. MI provides optimal transformation between source and 

target images. The transformation matrix includes rotation, translation, scaling and shear. MI 

was first introduced as similarity measure for rigid alignment of medical images. MI is 

extensively studied for the medical image registration over several years. Its robustness and 

registration accuracy has been demonstrated in particular for rigid body registration of 

multimodal images. 

The main aim of MI in the registration is to properly map source and target images 

and maximizes the quantity of information in a registered image. MI is used for the 

registration of two-dimensional (2D) and three dimensional (3D) images [55, 56]. This 

measure assumes no prior functional relationship between images. Mutual information 

assumes a statistical relationship that can be captured by analyzing the images‘ joint 

entropy. Mathematically as 

( , )
( , ) ( , ) log

( ) ( )

FT MS

FT MS

FT MS

I I

I I

I I

x y
MI I I x y

FT MS P x P yx y


     (2.9) 

Where 
FT MSI I  is the joint probability distribution of pixels associated with fixed target 

image I
FT

and moving source image I
MS

, and   is the probability distribution of each 
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image. The value of entropy is maximum when the mapping of two images is poor. 

Therefore, the value of entropy needs to be minimized for the best mapping between source 

and target images. MI has been widely used for several types of applications in medical 

image registration. In the area of rigid registration of multimodal images, MI is considered 

as popular metric for determining the robustness and accuracy of registration. On the other 

hand, in deformable registration, MI is considered as a complex similarity metric (sensitive 

to initial estimation of joint histogram and susceptible to local minima. 

II.   Joint Entropy 

Combining images with misaligned structure results an image with duplicated information. 

The basic purpose of registration is to reduce the duplicated information and make it more 

simple and informative. Registration uses several types of matrices for each type of 

information measure in multiple images. Joint entropy is commonly used information 

measure in digital image processing [57]. The measurement of uncertainty in both joint 

distribution and conditional distribution of a pair of random variables is performed with joint 

entropy. The relative transformation of source image to target image is always occurred 

when the joint entropy is minimum [58]. During transformation, the volume of overlap 

between source image and target image also changes as they are transformed relative to one 

another. The relative transformation and volume overlap greatly affects the reliability of 

alignment and registration. However, the solution for this problem is already done by 
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Collignon et al. [59] and Wells et al. [60] using mutual information (MI) as registration 

metric. 

 In order to align source image I
MS

with target image I
FT

in the registration process, 

the two symbols at each voxel location are used for the estimation of transformationT . The 

alignment of I
MS

with I
FT

results a combined image. Joint entropy estimates the amount 

of information in the combined images.  If the two images are dissimilar (i.e., no relation 

between them), then sum of the entropies of individual images is called joint entropy. In 

case of high similarity in the images, the joint entropy is low compared to the sum of the 

individual entropies. The joint entropy will be the sum of the entropies of the individual 

images if s  and t  are totally unrelated. The value of joint entropy is low compared to the 

sum of the individual entropies if the images are more similar (i.e. less independent). Joint 

histogram calculated from image I
MS

 and I
FT

is used for the visualization of joint 

entropy. The joint entropy as calculated by the following equation. 

     MS FT MS FTH(I , I )   H(I ) + H(I ) (2.10) 

In entropy-based image registration, only pixel intensity values are used for alignment and 

image histograms are used for computation [61]. The use of pixel intensity values only as 

alignment measure neglect the spatial information in the images which may affect alignment 
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accuracy. Similarly, entropy-based measures are more complicated than simpler measures 

and are therefore computationally expensive than simpler one. 

III.   Mean Square Error (MSE) 

As similarity measure, mutual information (MI) considers only pixel values for comparing 

source and target images and it fails to take pixel positions. In order to compare two images 

with pixel positions (geometry), mean square error (MSE) is an optimal parameter for 

estimating the similarity between source and target images. Accuracy of the registration 

algorithm depends on the mean square error (MSE) value and it evaluates the quality of the 

registration [62, 63]. 

Mean square error represents the average of the squares of the "errors" between fixed target 

image and moving source image. The error is the amount by which the values of the fixed 

image differ from the moving image. For given two images, the MSE is used to measure the 

registration quality, mathematically 

2

1

1
( , ) * ( )

i i

N

MS FT MS FT

i

MSE I I I I
N 

    (2.11) 

Where 
iMSI  and 

iFTI  are the intensity of  i
th

 pixel of the source image MSI  and target image 

FTI , and N is the number of considered pixels. A lower value of MSE means lower 

similarity error and higher similarity between the two images. 
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IV. Peak Signal-to-Noise Ratio (PSNR) 

Peak Signal-to-Noise Ratio (PSNR) is a valid quality measure for evaluating the 

performance of registration. It measure the difference between source and target images 

[64]. PSNR measures the quality of moving source image (reconstructed, recovered or 

corrupted) with respect to its original fixed target image. The higher the PSNR, the better 

moving source image has been reconstructed to match the fixed target image and the better 

the registration algorithm. PSNR is measured in logarithmic decibels (dB) scale. If p is the 

largest possible value of the signal, MSE is the difference between source and target image, 

then PSNR is define as 

1020log ( )
P

PSNR
MSE

  (2.12) 

The PSNR metric is mostly used to describe the quality of denoised image. In image 

registration, PSNR is estimated on the basis of dynamic range and the MSE of the image. 

The obtained PSNR for two images with different dynamic ranges and corrupted with the 

same amount of noise will be different. It is due to the difference in dynamic ranges. 

However. PSNR is a best and commonly used image quality metric in the registration 

process. 
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V.  Sum of Squared Difference (SSD) 

Sum of Squared Difference (SSD) is a popular similarity measure based on pixel 

computation, and it is widely used in the monomodality medical image registration [65]. It is 

based on pixel by pixel intensity differences between the source and target images [66]. SSD 

accumulate the square of intensity difference between the fixed target image FTI and 

deformed moving source image MSI . Mathematically it is expressed as 

21
( ( , ) ( , ))FT MS x ySSD I x y I x v y v

N
       (2.13) 

Where N denotes the total number of voxels in the source image MSI after the application of 

deformation field v


. The SSD measure is widely used for serial MR registration. It is very 

sensitive to a small number of voxels that have very large intensity differences between the 

source image MSI  and the target image FTI . This type of situation is usually occur, if contrast 

material is injected into the patient veins or arteries between the acquisition of images MSI  

and FTI  [40]. The effect of different types outliers in the input images are minimized with 

sum-of-absolute differences (SAD) rather than SSD as 

1
( , ) ( , )FT MS x ySAD I x y I x v y v

N
      (2.14) 
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VI. Cross Correlation (CC) 

Cross-correlation (CC) is an important similarity measure in the registration of medical 

images with linear relationship. CC metric is widely used for intramodality registration and 

for the estimation of similarity between two images. CC is an ideal metric for the 

registration of medical images whose intensities are linearly related [67]. In order to 

determine how strong the pixels of two images are related, correlation coefficient uses a 

value that can range between -1 and +1. If the correlation coefficient value is in the negative 

range, then the relationship between the pixels is negatively correlated, or as one value 

increases, the other decreases. On the other hand, if the correlation coefficient value falls in 

the positive range, the relationship between the pixels is positively correlated, or both values 

increase or decrease together. This means that, greater the absolute value of a correlation 

coefficient, the stronger the linear relationship between two images. Pearson originally 

developed the mathematical formula for correlation coefficient which estimates the degree 

of relationship between two quantities, as shown in equation 2.15 [68]. 

2 2

( )( )

( , )

( ) ( )

x x

x x

MS MS FT FT

x
MS FT

MS MS FT FT

x x

I I I I

CC I I

I I I I

 



 



 
  (2.15) 

Where MSI the mean pixel value of source is image MSI in the overlapping region and FTI is 

the mean pixel value of target image FTI in the overlapping region. 
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Correlation coefficient accurately and efficiently evaluates the accuracy of mono-

modal medical image registration. For the registration of multi-modal images, however, 

correlation coefficient is not a favorable similarity measure because  of poor statistical and 

computational efficiency [69]. In image-guided surgery and radiotherapy, the available 

images are mostly belong to the same type of modality. Therefore, correlation coefficient as 

similarity measure in these applications is a useful choice for clinicians. Registration of 

medical images with correlation coefficient as similarity metric provides several advantages 

including easy implementation, no need to estimate probability densities at every iteration, 

insensitivity to geometric distortion, intensity in homogeneity and data missing. 

2.2.4   Optimization 

The main aim of registration is to find the geometrical transformation and mapping between 

two or more images in order to obtain maximum information [70]. Registration is an 

iterative process, source image is transformed to target image, similarity measures between 

them is computed and the resultant image is generated if the similarity measures are 

fulfilled. The process is repeated for the optimization of transformation parameters if the 

measure of similarity between source and target images is not perfectly aligned. In the 

process of registration, optimization is the optimal transformation of intensity values that 

best align source and target images. Optimization techniques determine and modify the 

differences in parameters between source and target images during the registration process 
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[71]. Optimization is an iterative process, it continuously perform the operation till the 

identification of optimum parameters for mapping [6]. 

Several types of optimization techniques are available which solve various problems 

in medical image registration. These techniques include Powell's method, steepest 

gradient/gradient decent, Conjugate gradient, Powell's conjugate Quasi-Newton, Gauss-

Newton and Stochastic gradient decent. Each method uses its own mechanism to properly 

extract and match the corresponding features in medical image registration. The selection of 

optimization technique plays an important role in the performance of registration process 

[72]. Powell's method is one of the common choices for solving optimization problems in 

image registration due to its proven performance and simple implementation. This method 

allows to simplify multidimensional problem to one dimensional optimization task. 

2.3 Performance of Registration 

The performance of registration algorithm is measured on the basis of accuracy, reliability, 

robustness and efficiency. Moreover, registration performance also depends on the resource 

requirements, algorithm complexity and clinical use. An efficient, accurate, reliable and 

robust registration between the two images of a patient (taken pre-operatively and intra-

operatively) is critical for successful and effective image-guided surgery. Efficient, accurate 

and robust registration of corresponding information from different types of  images 

provides a basis for diagnostic and medical decision-making, treatment monitoring, and 
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healthcare support [36]. Registration method cannot be accepted as a clinical tool for patient 

healthcare and management until it has been proved efficient, accurate and robust. 

The accuracy, efficiency and robustness in medical image registration methods depends on 

several parameters including modality, effects on image contents, similarity measures, 

transformation, optimization and implementation mechanisms [73]. These complex 

parameters are interdependent and it is difficult to assess the effect of each one on the 

registration method. However, the initial assessments up-to some level about the influences 

of these parameters is important prior to registration. 

2.3.1   Accuracy 

Accuracy is the direct measure of the registration and it is the difference between the true 

and estimated values. With reference to image registration, accuracy can be expressed for 

the estimated registration parameters. Accuracy can also be referred to the mean or root 

mean squared distance between points in the target image and the corresponding points in 

source image. Accuracy in registration is very important in clinical applications because it 

greatly help surgeon to make an incision on the proper place [74]. Registration technique is 

more accurate of it gives better results in terms of both quality and quantity. The qualitative 

accuracy of medical image registration technique is generally based on visual inspection by 

trained medical experts. In other words, the medical experts see if the corresponding 

structures are successfully overlapped onto each other. The quantitative accuracy of medical 

image registration technique relies on more mathematical or statistical techniques. These 
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techniques quantitatively measure the accuracy of registration. Accuracy validation is 

difficult but essential to clinical application of medical image registration techniques. 

2.3.2  Reliability 

Reliability is the number of times the algorithm succeeds in finding the correct answer with 

reference to the total number runs performed. In other words, reliability of registration 

technique means that the algorithm should perform the same task continually in a reliable 

fashion. For example if the image registration is performed for n  numbers of image pairs 

out of which m  numbers of image pairs are registered correctly then the reliability of the 

algorithm is m / n . The reliability of registration technique is estimated on the basis of 

success rate and capture range [75]. The number of successful registration in the whole 

procedure against the number of all registrations is called the success rate. The capture range 

is the distance from the reference point to the first 1mm subinterval for which the 

registration is successful in less than 95% of all cases. 

2.3.3  Robustness 

Robustness tells about the impact of variations in certain parameters on image registration. 

Robustness measures the degree of stability of the registration method. It can be measured 

with respect to noise, illumination variations, occlusion, non-overlapping region etc. In other 

words, robustness of a registration technique refers to its ability to perform adequately in 
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noisy environments [74]. Robustness is closely related to the stability, an algorithm is more 

stable if it produces correct results in different situations. The natural behavior of medical 

images is not consistent due to the effect of noise, blur and organ movement. Therefore, 

robust and consistent registration is required to manage small amount of variations in the 

source and target images during image-guided surgery (IGS) [3].  

2.3.4 Efficiency 

The computation complexity/efficiency shows how much time is required to execute the 

algorithm. In other words, the efficiency of registration technique is evaluated on the basis 

of computation times it takes during execution. The efficiency of registration method is an 

important parameter in IGS because timely response with accurate alignment is always 

desired [3]. The efficiency of rigid registration is generally high due to simplicity in the 

transformation process and the use of less number of parameters for alignment. On the other 

hand, non-rigid registration provides low efficiency because it is affected by the 

identification of large number of parameters and asymmetric transformation. The 

computational efficiency in non-rigid registration can be improved by using symmetric 

algorithms for transformation and the introduction of techniques which uses minimum 

number of parameters for correspondence. 
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2.3.5 Resource Requirements, Algorithm Complexity and Clinical Use 

The performance of registration is also estimated on the basis of resource requirements and 

the algorithm complexity. These two measures go hand in hand. For example, if a complex 

registration algorithm is required for images with high deformation and complexity, then the 

resources required to perform such a task will also be higher. On the other hand, images 

with low complexity required minimum resources and can be aligned with less complex 

rigid registration. Resource requirements and algorithm complexity are also greatly related 

to clinical applications. In real time applications such as surgical interventions, a registration 

algorithm should be efficient because it will alternatively increase the required resources. 

The clinical use of registration method depends on several factors such as feasibility and 

computational efficiency. In clinical application, the medical expert analyze registration 

algorithm on the basis of feasibility and efficiency.  

  The performance of image registration also depends on the performance of its 

components i.e. feature selection, feature correspondence etc. For example in feature 

correspondence, the performance can be represented by true positive probability, which is 

termed as correct match rate in the community of image registration. Among the n  

numbers of features, correctly matched features are m  then the correct match rate is given 

by 

/MatchRate m n      (2.16) 
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 In summary, till now it is not possible for a single registration algorithm to perform 

perfectly and meet all of the above criteria. However, the criteria that must definitely be met 

will be determined by the required application and by common judgment. 

2.4  Types of Medical Image Registration 

The existing medical image registration methods are categorized into four types [70]: 

feature-based registration, intensity-based registration, segmentation-based registration and 

fluoroscopy-based registration, as shown in Figure 2.7. The detail is given below. 

 

Figure 2.7: Types of Medical Image Registration 
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2.4.1   Feature Based Registration 

Image features such as landmark points, lines, edges and curve are the abstract 

representation of an image and show its behavior. Image features are extracted from raw 

pixel values in the image because they are more robust and easily processed than raw pixel 

values [76]. Different types of cues such as color, shapes and texture are used to represent 

image features. Images contain local and global features in which the earlier covers a 

specific portion of the image while the later one focuses on the large portion. Local and 

global features are extracted with different types of techniques for the analysis and 

registration of medical images. 

In image-guided surgery (IGS), fiducials and/or anatomical landmarks on preoperative 

image and on intraoperative patient‘s organ are correlated with feature based registration. 

Feature based registration is also widely used in current commercial neurosurgery 

navigation systems. The process of registration is performed by the transformation of 

corresponding features (e.g. blood vessel outline) between preoperative image  and 

intraoperative patient image  [77, 78]. The transformation is performed on the bases of best 

similarity measures between preoperative image and intraoperative image data i.e. 2D-3D 

and 3D-2D images.  

 Feature-based registration approaches are computationally efficient because 

transformation is based on the analytical values of geometric points landmarks. Furthermore, 
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these approaches also show high robustness to illumination changes and are better suited for 

large displacements. However, in IGS and real time applications, the available feature-based 

registration methods could not properly extract specific features such as blood vessel outline 

from clinical images i.e. 3D-2D and 2D-3D registration. The extraction and matching of 

corresponding features in the preprocessing step and the manual and semi automatic 

specification of landmarks made these approaches less accurate. Images with large 

homogenous areas and appearance variations are mostly registered with feature/landmarks-

based methods. Figure 2.8 shows the landmarks-based registration and fusion of retinal 

images with large homogenous areas and appearance variations. As can be seen from Figure 

2.8, the landmarks in the source image (a) are mapped with their corresponding landmarks 

on the target image (b). After landmarks matching and transformation, the registered and 

fused image (c) is shown on the right side of Figure 2.8 [79]. 

 

 

Figure 2.8: Landmarks based registration and fusion of retinal images. Image (a) is source image, 

image (b) is target image and image (c) is registered and fused image. 

 

(a)                          (b)                                 (c) 
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 The three most popular methods for the implementation of feature-based registration 

are surface-based, point-based and curve-based registration [36]. In surface-based 

registration, the surface (structural information) of one image (source image) is matched 

with the corresponding surfaces of another image (target image) and is transformed 

accordingly. In this type of registration, a dense set of corresponding points between two 

surfaces is determined. The proper finding of such corresponding points is usually 

challenging because the surface may undergo large deformations. Moreover, the 

determination of missing data such as unpredicted holes and different boundary locations in 

the surface might also be challenging [80].  

 Figure 2.9 shows the deformable surface-based registration and fusion of endoscopic 

3D movie clip of pharyngeal surface (a) and a 3D CT image (b) of the same region of a 

patient having head and neck cancer. The surface-based registration of (a) and (b) will 

permit fusion of the endoscopically available information about the size of tumor on the 

pharyngeal surface with the same information detected in the CT image. In Figure 2.9a and 

2.9b, a large deformation between two surfaces can be seen which is caused by the 

swallowing process and posture change of a patient. Due to the limitation of endoscopic 

procedure, a part of the pharyngeal anatomy is visually inaccessible by the camera. Images 

in Figure 2.9c and 2.9d are obtained by the color-coded alignment of a CT surface and a real 

reconstruction. The reconstructed surfaces in registered images are only partial surfaces with 

respect to CT surface and pharyngeal surface. Moreover, many holes are visible in the 
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surfaces of registered images, which show that surface-based registration is not suitable for 

images between modalities with large deformations. 

 

 

Figure 2.9: Deformable surface based registration and fusion of the pharynx images of a patient 

with head and neck cancer. (a) is a segmented CT image. (b) An endoscopic video 

reconstruction. Images (c, d) are color-coded correspondences between a CT surface 

and a real reconstruction. Registration of these images will permit fusion of 

endoscopically available information about the tumor extent on the pharyngeal 

surface with the tumor information seen in the CT, thereby improving the radiation 

plan [80]. 

 Rigid and deformable methods are available for the proper implementation of surface-

based medical image registration [36]. Rigid methods for surface-based registration extract 

the same anatomical structure surfaces from source and target images. These image surfaces 

are used as input for the registration process. In the registration process, the same image 

surfaces in both images are detected and iteratively transformed. This transformation is 

    (a)                               (b)              (c)                                 (d) 
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continuously performed until the closest fit between the two equivalent surfaces is found. 

Rigid surface-based registration methods are widely used in medical diagnostics but are 

mostly prone to errors for convoluted surfaces. Deformable methods for surface-based 

medical image registration extract surfaces from one image i.e. source image and elastically 

deform them to best fit in another image i.e. target image. The deformable surfaces are also 

called curves and these curves are implemented as snakes or active contours. Deformable 

methods for surface based medical image registration are successfully applied to inter-

subject and atlas registration. However, the main drawback is the requirement of good initial 

pre-registration for proper convergence. 

 Several types of registration algorithms are available which extract the corresponding 

structure surfaces by various segmentation techniques. These corresponding structure 

surfaces are used as unique features in the registration process. Among the available 

algorithms, head and hat is one of the most popular methods for the registration of rigid 

body multimodal images [16]. Head and hat algorithm determine the two surfaces of same 

region in source and target images. The first surface is obtained from higher resolution 

image while the second surface is extracted from lower resolution image. The first surface is 

called as ―head‖ and is represented as a stack of disk. The second surface is called as ―hat‖  

and is represented as a list of unconnected 3D points. In this algorithm, iterative 

transformation is performed on head surface with respect to the hat surface. This process is 

repeated until the closest fit of the hat onto the head is found. The computational cost of 
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head and hat algorithm is low and its segmentation task is easy, however, it is prone to error 

for convoluted surfaces. The iterative closest point (ICP) algorithm is another popular 

method for rigid body surface-based image registration [81]. This method is used with 

several types of geometrical primitives such as point sets, line sets, curve sets and surfaces. 

The transformation and distance between a point set and a surface is calculated iteratively 

until the convergence of metric to minimum value. 

 

 Point-based registration is another popular method for the registration of corresponding 

anatomical point landmarks in the pre-operative datasets and patient‘s physical anatomy. 

Point-based registration involves determining the coordinates of corresponding points in 

preoperative images and intraoperative anatomy and computing the geometrical 

transformation that best matches these points [82].  

 

 Anatomical point landmarks are fiducial markers, either intrinsic or extrinsic attached to 

the patient‘s body. Extrinsic markers are used as a reference points for registration and 

intrinsic markers are the anatomical landmarks or pixel values in the image. A point-based 

registration method is broadly adopted in commercial navigation system and is mostly used 

in existing IGS system. This method properly align preoperative image data (MR, CT 

images) with intraoperative physical anatomy [83]. An optimal match is often achieved 

between interested features (point landmarks) of preoperative image data and intraoperative 

physical anatomy. The popularity and common use of point-based method is due to the well 

established intraoperative workflow. Moreover, point-based registration method 
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appropriately analyze registration error properties. These error properties include Fiducial 

localization error (FLE), fiducial registration error (FRE) and target registration error (TRE) 

[84]. 

 

 Despite its success, physical contact with multiple point landmarks over the patient 

physical anatomy using a navigated instrument is an issue. As a result, surgeon often needs 

to create a bigger exposure than required for minimally invasive surgery. Moreover, the 

extreme care in the handling of tracker reference body and single time conduction of 

procedure at the beginning of image-guided surgery are other issues in point-based 

registration method. 

 

 Figure 2.10 [85] shows preoperative image to intraoperative patient anatomy 

registration  using point landmarks (fiducial markers) methods in a typical IGS system. The 

registration process begin by the determination of  interested points (fiducial markers) in the 

preoperative image and interaoperative physical anatomy of a patient with tracked pointer 

once the patient is immobilized on the operating table, as shown in the Figure. In the next 

step, the preoperative image is converted into the coordinates of physical anatomy of a 

patient with spatial transformation mechanism. In the last step, surgeon point on the physical 

anatomy of a patient using a tracked pointer and see the corresponding location in the 

images on the computer screen. 
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Figure 2.10: Preoperative image to intraoperative patient anatomy registration using point land 

marks (fiducial markers) methods in a typical IGS system. Image (a) is preoperative 

CT image obtained before intervention while (b) show physical anatomy of the 

patient. 

 

 Feature-based registration methods also involve the extraction, matching and 

transformation of curves in both source and target images. Curves are also called snakes or 

active contours and are geometrical features, which provide important information of the 

image structure. Curve-based methods are also called elastic methods and are mostly used 

for the registration of deformable tissues [6]. Curve-based registration methods perform 

feature matching and geometric transformation independently in several regions of input 

images. Curve-based registration computes similarity measures and mutual information both 

locally (on the sub image) and globally (on the whole image). 

                                (a)                                                                       (b)  
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 Curve-based registration methods are more flexible and apply translation, rotation, 

scaling and shearing parameters to objects during transformation of source and target 

images. Furthermore, these methods deform slice into volume and transform multi-modal 

3D images with high accuracy. Curve-based methods are also suited for inter-subject and 

atlas registration [36]. However, proper initial pre-registration and precise extraction of start 

point and endpoint are essential to achieve successful registration.  Figure 2.11 shows 

feature-based registration of brain MRI images using points, curves and contours [86]. 

Registration is performed on the basis of seven point-pairs (red dots inside (a) and (b)), one 

counter-pair (outside the region of (a) and (b)) and four curves-pairs (blue curves inside (a) 

and (b)). In the pre-processing step, the difference image between target and source images 

is obtained, as shown in Figure 2.11 (c). Figure 2.11 (d) is the registered image obtained 

from the proper mapping of points, contours and curves in source and target images.  Figure 

2.11 (e) is the difference of target image and resultant registered image while (f) show a grid 

of transformation function. This grid is obtained as a result of applying the registration 

method to a regular grid and shows the form of deformation. Feature-based registration in 

Figure 2.10 uses non-uniform cubic B-splines interpolation to model the extracted curve-

pairs. Interpolation makes the parameter space almost the same in the extracted curve-pair. 

After interpolation, the extracted curve pairs are sub-divided into a set of points (according 

to curvature and length of curves) to achieve best similarity measure between curves.  
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Figure 2.11: Feature based registration of brain MRI images using points, curves and contours: (a) 

Target MRI image, (b) Source MRI image, (c) difference between Target and 

Source images, (d) resultant registered image, (e) difference between (a) and (d), (f) 

the mesh of transformation function 

2.4.2   Intensity Based Registration 

Intensity-based registration is currently the most widely used method in which image 

intensity i.e. scalar values in the image pixels or voxels is considered for registration. 

Registration methods based on image intensity directly operate on image pixel or voxel 

                (a)                                      (b)                                          (c)  

                (d)                                      (e)                                          (f)  
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values (image gray values) without considering sparse feature landmarks [28]. Within 

certain space of transformation, these methods search for maximum similarity measures 

between source and target images. Intensity-based image registration methods use different 

matching parameters for establishing the correspondence of similar intensity values between 

source and target images. These matching parameters includes the sum of squared or 

absolute differences (SSD and SAD, respectively), cross correlation (CCor), correlation 

coefficient (CCoef), mutual information (MI), Normalized Mutual Information (NMI), 

Normalized Correlation (NC) and  Mean Squared Difference (MSD).  All the mentioned 

matching parameters play an important role in intensity-based image registration by 

maximizing intensity similarity measures and by reducing cost function. 

 

 Figure 2.12 shows registration of MR (a) and CT (b) images using their intensities [87]. 

The intensity values of hard tissues (bone) are higher in CT image and lower in MR. 

Therefore, the bones are more visible in CT image and less visible in MR image. Intensity 

based registration map mid level gray values into high level values, and high level gray 

values (bone) into low values. The resultant registered image is a remapped CT image with 

an approximation of the MR intensity distribution as shown in Figure 2.12 (c).  

 Intensity based registration methods operate on image intensity values and the 

transformation is performed iteratively. At each iteration, the similarity measures between 

voxel intensities of source and target images are optimized. This iterative transformation of 

image intensity values involve interpolation between sample points and map both the 
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position and related intensity value at that particular position [40]. In feature-based methods, 

the delineation of feature landmarks is important for accurate registration which some time 

affect the accuracy of registration. On the other hand, intensity-based registration methods 

provide high accuracy by taking into account more image information. Performing 

retrospective registration with intensity-based methods need minimum amount of 

preprocessing or user interaction [88]. As a result, the automation of these methods are easy 

when compared to point-based or surface-based registration algorithms. However, the lack 

of human supervision in intensity-based methods may also produce inaccurate registration 

results. Registration of single and multi-modal images, registration of same or different 

dimensional images (2D-2D, 2D-3D, 3D-3D) and registration of rigid and deformable 

models are the widely used application areas where intensity-based registration methods are 

successfully applied. 

 Reductive registration and full image content-based registration are the two types of 

intensity based medical image registration. Movements and principle orientations based 

method is a popular example of reductive registration which directly operate on image gray 

values [89].  Moments and principle orientation method is also called reduction to 

scalars/vectors registration because it directly reduce image gray levels to representative 

scalars/ vectors. In image-guided surgery, reductive registration is used to register medical 

images of different modalities by mapping their corresponding volumes or points or 

surfaces. Speed, easy implementation and automatic behavior are the main features of 
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reductive based registration. On the other hand, the use of reductive registration methods 

create sensitivity for surgeons in several types of image-guided surgeries such as marginal 

hypo-metabolic swelling in PET, poor handling of dissimilarities in scanned volume and 

image to image registration. 

 Full image-contents based method uses similarity measures such as cross-correlation, 

image uniformity, square intensity differences and intensity variance for transformation and 

establishing correspondence between images. In image-guided surgical procedure, this 

method provides improved visualization in the registration of inter-subject and atlas images. 

However, the computation cost is high in some clinical application such as the registration 

of 3D-3D data [90]. Moreover, full image content-based method has not been introduced yet 

in the registration of time-constrained applications such as intra-operative 2D-3D. 
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Figure 2.12: Intensity-based registration of MRI and CT images. Target CT image (b) which 

shows brighter bone structure is registered with source MR image (a) with darker 

bone structure. Intensity based registration transform mid level gray values into high 

level values, and high level gray values (bone) into low values. Image (c) is a 

remapped CT with an approximation of the MR intensity distribution.  

2.4.3   Surface Based Registration  

Medical image registration based on segmentation extract corresponding features and organs 

surfaces from source and target images and aligns them properly. The alignment of 

corresponding structure between two images is performed with either rigid models or 

deformable models. Segmentation-based registration using rigid models are simple and are 

widely used methods in clinical applications. Deformable models, on the other hand, are 

complex but are successfully used for the organs with large deformation. Segmentation is 

performed prior to registration, which identify either boundaries of the structure or 

        (a)                                      (b)                                                   (c)  
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categorize every voxel on the basis of its intensity properties. In medical image analysis, 

segmentation is used for the localization of pathology, quantification of tissue volumes, 

study of anatomical structure, computer-aided diagnosis and treatment planning, and image-

guided surgery [91]. 

 In image-guided surgery, segmentation is used for the extraction of 3D anatomical data, 

which is necessary for planning and guiding interventions [92]. Registration methods based 

on image segmentation are widely used in IGS and minimally invasive intervention. In 

segmentation based registration, the anatomical structures and other regions of interest in 

preoperative and intraoperative images are segmented before actual transformation [2]. 

Segmentation is performed on the basis of corresponding landmarks in the images. In the 

second step, transformation function is repeatedly applied on the images till the alignment of 

corresponding landmarks. Figure 2.13 shows  segmentation based registration of atlas and 

input image [93]. In the Figure, an atlas source image is registered with another target input 

image. Registration is performed on the bases of  voxel representation of both images. In the 

first step, a segmented atlas image is aligned with original input image and a new deformed 

input image is generated. The deformed input image contains all the segmented structures 

labeled in atlas image. In the next step, labels from the atlas are superimposed on the 

deformed input image, as a result the segmented-structures of an atlas are also available in 

the resultant image.  
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  Segmentation-based registration methods are more successful than feature-based and 

intensity-based registration methods when the images contain low or missing information 

about human anatomy. These registration methods are computationally efficient and support 

multi-modal registration. The accuracy is also high but depends on segmentation accuracy 

because continuous splitting in input images sometimes compromise accuracy. Furthermore, 

the available method for segmentation-based registration is not fully automatic because 

segmentation step is mostly performed semi-automatically.  

 

 

Figure 2.13: Segmentation-based registration: A labeled-image (the atlas) is registered with an 

input image. The label from the atlas is then superimposed on the deformed input 

image, as a result the segmented-structures of the atlas are also available in the final 

registered image. 
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2.4.4   Fluoroscopy Based Registration 

C-arm-based fluoroscopy is an imaging technique that uses X-rays to create images of the 

internal organs in real time [94]. It is the most commonly used interventional system, 

available in all electrophysiology laboratories. During fluoroscopic examination computer 

creates continuous images of structure on the screen so that the body part and its motion can 

be seen in detail. Contrast material such as barium or iodine is used to enhance the quality of 

images [95]. Fluoroscopic techniques have replaced invasive open surgical procedures with 

minimally and non-invasive image-guided procedures. With each incremental advancement 

in the technology, smaller vessels and more subtle contrast differences can be visualized in 

real time, often with low radiation dose [5]. 

 Fluoroscope allows physician and surgeon to see the internal structure and function 

of different organs such as heart, lungs, kidneys, bones, muscles and joints. For example, 

fluoroscope is used to watch the pumping action of the heart or the motion of swallowing. 

Similarly, in cardiac catheterization, fluoroscopy allows the physicians to view the flow of 

blood through the coronary arteries in order to evaluate the presence of arterial blockages. 

Fluoroscopy is useful for both diagnosis and therapy in angiography, general radiology, 

interventional radiology and image-guided interventions (IGI). In fluoroscopy, 2D real time 

high resolution X-rays images of human anatomy are obtained through an imaging scanner 

intensifier called C-arm. 2D C-arm allows the physician to monitor progress and 

immediately make any corrections. However, due to lack of 3D spatial information, it is not 
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sufficient for the proper visualization of complex structures and their spatial relationship in 

human anatomy. In other words, accurate path planning on the C-arm AP-view image is 

difficult. Therefore, registration of fluoroscopic images with improved preoperative imaging 

(high quality 3D CT/MR images) of relevant anatomy would provide accurate and efficient 

guidance in complex structures and their spatial relationship [94].  

The alignment of preoperative 3D images and intraoperative 2D fluoroscopic live 

images is however a challenging task because finding intermodal correspondence is a 

nontrivial problem. Furthermore, nonlinear aspect of the underlying optimization and 

estimation of 3D CT/MR volume poses of an object from its 2D X-rays projections are also 

challenging problems in 2D–3D registration. 2D–3D rigid registration works precisely in the 

initial alignment and in rigid structures e.g. bones, but might not be enough for the precise 

alignment of non-rigid structures e.g. heart due to breathing and natural movement [96].  

Modern fluoroscopy consists of new and innovative imaging techniques with 

advanced real time 3D capabilities. Real time 3D fluoroscopy (3D–3D) has addressed some 

of the shortcomings of two dimensional fluoroscopy and increased the accuracy of image-

guided surgical procedures. This technique is used to obtain intraoperative real-time 3D 

images and perform automatic registration of real time 3D CT/MR data with 3D live 

fluoroscopic images. Co-registering both 3D CT/ MR image with the fluoroscopic image 

space and placing them in the same co-ordinate system helps to obtain real-time 2D and 3D 
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pictures of human organ. Generally, CT/MR C-arm system (Ziehm or Siemens Healthcare) 

is used to register 3D CT/MR data with 3D live fluoroscopic images.  

Registration of 3D MR or CT data with 3D fluoroscopic images provides high spatial 

and temporal resolution along with promising accuracy and feasibility [97]. Co-registration 

of 3D CT/MR images and real time 3D fluoroscopy (3D–3D registration) is a reliable, 

efficient and accurate technique in real-time image-guided interventions. Real time 3D 

fluoroscopy (using C-arm) could offer significant advantages in the catheterization 

laboratory by potentially reducing procedure time, contrast and radiation dose. This 

technique is success-fully used for non-rigid registration and soft tissue deformation e.g. 

structural heart disease and coronary artery interventions [98]. One the other hand, the 

success of this technique is relatively low in the treatment of patients with congenital heart 

disease.  

Real-time 3D fluoroscopy guidance with cone beam CT is a useful and feasible 

technique for needle interventions. In real-time 3D fluoroscopy, the information of cone 

beam CT and live fluoroscopy are integrated and are therefore effectively used for real-time 

needle intervention with a high degree of accuracy. Cone-beam CT (3D–3D registration) 

makes use of intraoperative rotational scan. The intraoperative scan is done with the patient 

on the table in the position that is needed for the procedure. In the registration process, the 

operator tracks the position and movement of the C-arm which precisely identify the 

position of region of interest in the patient. Furthermore, pre-operative CT/MR volume is 
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merged with the intraoperative cone-beam CT based on anatomical landmarks visible in 

both 3D scans. Real-time 3D fluoroscopy guidance with cone beam CT is shown in Figure 

2.14 [99]. In the Figure, image (a) is the axial plane while image (b) is coronal plane. The 

cone-beam computed tomography (CT; gray) is superimposed on the CT angiography 

reconstruction (red) as shown in Figure 2.14. The matching of bony structures and arterial 

calcifications are clearly visible in the Figure. 

 

Figure 2.14:  Fluoroscopy based registration of3D–3D registration. Image (a) is the 

axial plane and image (b) is coronal plane.  

Real time 3D fluoroscopy is currently a key technology in image-guided radiation 

therapy, radiosurgery, minimally invasive surgery, endoscopy, and interventional radiology. 

In endoscopy, 3D virtual images of human organs and vessels are generated from 

preoperative 3D CT/MR images and registered to real-time live endoscopic images. This 

type of registration provides an augmented reality environment, which show anatomical 

structures that are hidden from the direct view by currently exposed tissues. Similarly, in 

                     (a)                                                         (b)   
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interventional radiology, real time 3D fluoroscopic registration allows 3D visualization of 

tools, like catheters and needles which can greatly improve guidance. In image-guided 

radiation therapy, real time 3D fluoroscopy allows registration of preoperative CT data and 

intra-interventional data images. This allows precise patient positioning, which is of utmost 

importance for exact dose delivery to the target and for avoiding irradiation of healthy 

critical tissue [52]. The complexities and challenges of 3D fluoroscopy includes: accurate 

navigation in supraaortic vessels and visceral branches, miss registration of preoperative and 

intraoprative images, respiration related and cardiac cycle related vessel displacement, 

vessel elongation, and displacement by stiff devices and patient movement. 

2.5  Classification of Medical Image Registration Techniques 

In medical imaging research community, image registration has been accepted as an 

important area because it play an essential role in the analysis of human anatomy [2]. 

Therefore, huge amount of investment has been made in the last 20 years by the academia 

and industry around the globe for the development of image registration techniques. The 

purpose was to take medical images from multiple modalities, in different time-frame and 

angle and creating the correspondence of similar features in them [100]. The frequent 

variations in human body organs due to breathing and movement can results dissimilarity in 

images, although the images are taken from the same sensor but at different time, or at the 

same time but at multiple sensors or by changing the angles of a sensor. Such type of 
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variations in the images of human anatomy, which are sensitive to operate need the 

transformation of multiple images of the same scene to a single more informative image. 

Image registration techniques perform the required transformation and map the matching 

important points in each image. After matching of important points, similar features are 

extracted, and similarity and dissimilarity are measured between two or more images of the 

same organ [101]. 

The classification of registration techniques used in this section is based on the 

scheme summarized by JBA Maintz et al., 1996 [102]. In this scheme, registration 

techniques are categorized into nine basic methods, each method is further subdivided into 

one or two levels, as shown in Figure 2.15. 
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Figure 2.15: The Classification of Medical Image Registration Techniques 



Chapter 2. Literature Review 

 

 

70 

 

2.5.1   Nature of the Transformation Based Image Registration 

In the nature of transformation, the pixels obtained from both input image spaces are 

mapped with different transformation mechanisms. These transformations include rigid, 

curved, affine, projective and deformable transformation. Geometric transformation in the 

nature of transformation based registration is usually performed on a global basis. In other 

word, the geometric differences between source and target images are globally model in the 

nature of transformation based registration. These registration techniques globally 

transformed the modeling-and-estimation of elastic objects with inconsistent behavior [46]. 

Registration techniques based on the nature of transformation are robust and performed 

successful operation in the absence or lack of associations and outliers in the source and 

target images. These registration techniques accurately integrate and transform medical 

images from any type of modality into a more informative registered image. Registration 

techniques based on nature of the transformation is further divided into rigid, affine, curved 

and projective registration. 

I.   Rigid Registration 

―In medical image analysis, registration is performed by mapping and transforming source 

image voxel values to corresponding target image voxel values. The mapping of source 

image to that of target image is based on the set of estimated transformation parameters: 

translation, rotation, zoom, and shear [103]. Registration of medical images with rigid 
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transformation is performed by translating and rotating the subject images. In this type of 

transformation, the shape of subject images, distances, and angles among points remain the 

same.‖Therefore, rigid registration techniques are mostly used for hard objects such as bone 

or skull. Rigid body registration involves six degree of freedom, three for image translation 

and three for image rotation. 

        Rigid registration successfully aligns images (functional and uncertain) of the same 

subject acquired at different time-frames and angles. However, there are more chances of 

errors in the registration if the ratio of movement and attenuation is high in images. Rigid 

body registration is mostly used for mono-modal images because its success greatly depends 

on the size of voxels. In multimodal images, rigid registration is difficult and creates 

problems while estimating the voxels sizes in images obtained from different scanners. 

The pre-surgical-registration of MR and CT slices of brain is shown in Figure 2.16 

[104]. In the Figure, the pre surgical slice of MR is shown on the top left while the CT slice 

is shown on middle left. Image on bottom left side of the image is superimposed slices. 

Images on the right side of the Figure are MR target image (top right), CT source image 

(middle right) and the coregistered image (bottom right). In Figure 2.16, rigid registration is 

performed on images which translate and rotate source image according to the coordinates 

of target image. Rigid techniques are mostly used for brain image registration for the 

mapping of preoperative MR-CT images into intraoperative surgical navigation. Despite its 
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features, rigid registration techniques face several problems while registering images from 

the anatomic atlas of different individuals having inherent anatomic variations. 

  

Figure 2.16:  Rigid registration of CT and MR images of patient brain. Pre-surgical slice of MR 

(top left), CT (middle left) and superimposed slices (bottom left). Images on the 

right side of the Figure are MR target image (top right), CT source image (middle 

right) and the coregistered image (bottom right).  
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II.   Affine Registration 

In affine registration, rigid transformations are extended by scaling and shearing. Therefore, 

affine transformations involve translation, rotation, scaling and shear. Each parameter in 

affine registration consists of 12 transformations: three translations, three rotations, three 

scaling, and three shearing. In affine registration, the lines and parallelism remain constant 

before and after-transformation [105]. Scaling increases or decreases the size-of-objects 

equally in all directions, whereas shearing shifts every point in fixed directions [106]. In 

scaling transformation, the original shape of the object remains unchanged, whereas in shear 

transformation, the changes occur in all the angles between a set-of-points and length of line 

segments. However, the straight angles and the parallel line remain the same in shear 

transformation. 

        ―Parameters such as translation, rotation, scaling, and shearing in affine registration are 

illustrated independently during transformation of 2D input images, that is, source and target 

[107]. The identification and calculation of affine parameters are done by the coordinates of 

control points. Three corresponding control points can form triangles that are co-aligned in 

both images in 2D transformation. In 3D transformation, a tetrahedron is formed instead of 

triangle from the four related control points, which are further co-aligned in both input 

images.]Affine registration has several advantages over other techniques, including its 

applicability to large class of nonrigid registration problems, [correction of global distortion 

in registered images, and a faster level than a nonlinear variational technique [108]. 
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Nonrigid registration techniques such as elastic, diffusion, and fluid are commonly used 

areas where affine transformation is mostly used as a preregistration step.‖Figure 2.17 [109] 

shows the registration based on affine transformation of multimodal images of human brain. 

In the Figure, the MR image (a) is the target image, (b) is the source image obtained from 

CT which is rotated, translated, and scaled, and (c) is the resultant registered image by 

applying the three mentioned parameters. The difference image on the right side (Figure 

2.17d) is also shown in the Figure.‖ 

 

 

Figure 2.17: Multimodal human brain image registration using affine. Target image (a) is MR 

image, whereas (b) is source CT image (rotated, translated, and scaled). Image (c) is 

the registered image of (a) and (b) obtained by translation, rotation, and scaling. The 

difference image of (a) and (b) is also shown in (d) for further explanation.  

 

 

           (a)                                (b)                (c)                                           (d) 
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III.   Projective Registration 

Geometric concepts such as lines, points, and distances are precisely represented with 

projective geometry [110]. In projective registration, transformation parameters persevere 

the co-linearity of objects while in affine registration the co-linearity of objects are not 

perfectly preserved. On the other hand, the length, angles, and distances of objects are 

always-changed-like that of affine transformation. In projective transformation, objects are 

defined in geometric space with four reference points. These objects always seem to be 

quadrilaterals. However, the reference points can be increased which also affect the 

accuracy of projective registration in positive direction. Compared to Euclidean geometry, 

projective geometry is simpler, global, and more fundamental. 

Figure 2.18 [111] shows the multiple view visualization-of-a-brachiopod larva with 

different colors during projective-transformation. The original-orientation of brachiopod 

larva is shown in Figure 2.18a and its multiple views after projective transformation in both 

black and white and color red stack is shown in Figure 2.18b.  The different views of 

brachiopod larva are mapped into a single fused stack and a registered image is obtained as 

shown in Figure 2.18c. In this registration-process, the Y axis of the image is being 

transformed-to-place each view at the same direction. 
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Figure 2.18: Projective transformation showing multiple view visualization of a brachiopod-larva 

with different colors. (a) It shows the original orientation of brachiopod larva, 

whereas (b) shows multiple views of (a) after projective transformation (black, 

white, and red stack). (c) It is the registered image obtained by combining different 

views into a single fused stack in which Y axis of the image is being transformed-to-

place each view at the same direction. 

IV.   Curved Registration  

Curved registration is another type of registration technique based on nature of the 

transformation in which straight lines are aligned into curves with maximum number of 

parameters [112, 113]. Registration is performed with non-rigid parameters and mostly used 

for the registration of images with high deformations. The variation of straight lines in 

curved transformation distinguishes it from all other transformation techniques. Curved 

registration deals with image as an elastic object and accordingly-performs-independent 

transformation on several regions. 

             (a)                                                     (b)                                                 (c) 
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Figure 2.19 [114] shows human brain image registration. The registration is based on 

curved transformation using cubic spline deformable function. Figure 2.19a is a target MR 

slice from atlas and source image and (Figure 2.19b) is sample test slice of a matching area. 

As shown in the Figure, the structures from the target image are projected-onto the source 

image after establishment-of-geometric mapping. Figure 2.19c is the superimposed image 

before curved-transformation of Figure 2.19a and Figure 2.19b, which are shown in red and 

green. Figure 2.19d is a registered image in which several structures are clearly visible. The 

local deformation-field is also shown in the image (Figure 2.19e), as a result of curved 

registration. 
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Figure 2.19: Registration of brain photon MR slice (atlas) and MRI test image with curved 

transformation. Target MR slice from atlas is shown in the top left (image 

a), source image is shown in top center (image b), superimposed image 

before curved transformation of (a) and (b) (image c). In the Figure, image 

in the bottom left (image d) shows registered image in which several 

structures are clearly visible. Image in the bottom right (image e) shows 

local deformations]as a result of curved registration.  

2.5.2 Domain of the Transformation Based Image Registration 

In domain of the transformation techniques, registration parameters are applied either on the 

entire image or its subregions. These techniques play an important role in the elimination of 

blurring, addition of sharpness, and extraction of important features from source and target 

              (a)                                       (b)                                         (c) 

             (d)                                             (e)                                                 

(c) 
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images. In domain of the transformation based registration, image intensities located in a 

particular-domain are directly transformed to different-domains to get more detailed 

information. Image intensities obtained from the image are transformed either based on the 

neighboring pixel values or based on the entire image contents.  

I. Local Registration 

 Local registration is used for the alignment of interested subregions in source and target 

images. Local transformation is usually applied on the noisy and distorted subregions. As a 

result of local registration a smooth and more informative image is obtained. ―Local 

transformation is performed on all local geometric points of the image, which appropriately 

updates each level of the deformation field [115].[To perform local operations on image 

smoothness, local registration uses spatial and frequency domains in which the former is 

carried out directly on image,[whereas in the latter, the image is decomposed into a 

sequence of multiscale coefficients before transformation][116]. Computation-and-local 

statistics are specific to each-pixel-pair in the local domain and is performed on the 

neighborhood-of-related pixels values between source and target image [116]. Therefore, 

registration based-on the local domain is an effective technique for estimating statistics for 

each corresponding pixel pair.‖] 

       ―Successful registration of source and target images depends on the precise 

determination and transformation of all the local pixel values in the entirety of the images. 

Local geometric differences between the source and target image is found through several 
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transformation functions in local registration‖[117]. Moreover, global registration requires 

one transformation function, which cannot fully resolve geometric differences between the 

two images at every local point. On the down side, the computational cost of local 

registration is higher because it involves more transformation during registration. 

Furthermore, local registration requires a preselected scale for local statistics to keep from 

getting trapped in local minima during image transformation. Because local registration 

operates on a small sample size, sufficient landmarks are required in the region of interest. If 

the number of landmarks is insufficient because of noise and distortion, the accuracy of local 

registration is greatly affected.  

Figure  2.20 [117] shows nonrigid local transformation of echocardiography and MR 

image registration. Source image on the left side (image a) of Figure 2.20 is a cardiac MRI 

slice and target image in the middle (image b) is an ultrasound image. The different colors 

markers on this image show the local correspondence, differences, and their corrections at 

consecutive iterations of the registration algorithm. Image (c) on the left side of Figure 2.20 

shows the registered image. This image is obtained from the mapping of target ultrasound 

image slice over source echocardiography image slice. 
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Figure 2.20: Nonrigid local transformation of echocardiography and MR image registration. In the 

figure, source image (a) on the left side is a cardiac MR slice, whereas (b) is in the 

middle and is the target ultrasound image slice. The blue, yellow, and red markers 

on the target image show the local correspondence, differences, and their corrections 

at successive iterations of the registration algorithm. The result of overlaying the 

target ultrasound image slice over source echocardiography image slice is shown in 

(c). ― 

II.   Global Registration 

 Local registration is a good choice for the registration of images with high number of 

control points [27]. If the available control points are minimum in numbers, then global 

registration is a suitable choice. Global registration transforms the parameters of an image as 

a whole, and any change in the parameters affects the entire image [118]. Figure 2.21 [119] 

shows global registration and mapping of whole multimodal CT and PET images. Figure 

2.21a is a PET image, Figure 2.21b is a CT image, and the bottom left (Figure 2.21c) is the 

             (a)                                             (b)                               (c) 
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superimposed image before registration.‖Several types of local and global errors are still 

present in Figure 2.21c, which will greatly affect the accuracy of radiotherapy. The bottom 

right image (Figure 2.21d) is the registered PET-CT image, which aligns both images as a 

whole. This type of global transformation eliminates the place of larger errors as shown in 

red arrows. 

 

 

Figure 2.21: Global registration of CT and PET images. The top left image (a) is PET 

image, the top right image (b) is CT image, and the bottom left (c) is the 

superimposed image of PET and CT before registration. Image (d) at the 

bottom right is the registered PET-CT image.  

 

                       (a)                                   (b)  

                       (c)                                   (d)  
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2.5.3   Registration Based on Dimensionality 

Image dimensions are critical in the registration process because transformation between 

source and target images is performed either on the coordinate systems of the images or 

between an image and physical space. On the basis of dimensionality, registration 

techniques are divided into spatial dimensions and registration of time series. For spatial 

dimensions, image dimensionality refers to the number of geometrical dimensions of the 

image space.  

I. Spatial Dimensions 

Based on spatial dimensions, registration techniques are further divided into 2D-2D, 2D-3D 

and 3D-3D [22]. Registration techniques based on 2D-2D images are simple and 

computationally efficient because of the minimum magnitude (number of parameters and 

image data) involved in the registration process [120].  Two dimensional images may be 

registered using two orthogonal translations and rotation. Moreover, scaling correction is 

also simple in 2D-2D registration. The alignment of 2D slices from tomography data in 2D-

2D registration is simple and effective. 2D-2D registration is also less complex than 3D-3D 

registration, therefore, the registration is easier and completed efficiently. 

2D–3D registration is an important and commonly used technique of medical image 

registration. The main application of these techniques is in image-guided surgery and 

radiotherapy. 2D–3D medical image registration is performed by the alignment of 
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preoperative 3D data sets (e.g. CT/MR volume) with intraoperative 2D fluoroscopic X-rays 

images (e.g. CBCT volumes). In 2D–3D registration, C-arm is accurately posed on patient 

anatomy and the associated surgical plan for successful image-guided navigation [121]. Fast 

and accurate registration of intraoperative 2D fluoroscopic images and preoperative 3D data 

sets is useful for intraoperative guidance and can greatly help the interventionists during 

surgical procedure. The available 2D–3D registration techniques provide useful decision 

support system for quick localization of the target surgical site, minimum radiation 

exposure, reduced contrast dose and low risk of wrong-site surgery [64]. Integration of 3D 

CT/MR image data sets with fluoroscopic images (2D–3D registration) has potentially 

overcome the limitations of 2D angiography due to proper visualization of complex vascular 

structures [95].  

         ―Some applications register multiple 2D projection images to a 3D image, but since a 

usual preprocessing step is to construct a 3D image from 2D projection images, such 

applications are best categorized as 3D-3D‖registration techniques [120]. Registration 

techniques based on 3D-3D image data normally applies to the alignment of two 

tomographic datasets, or the alignment of a single tomographic image to any spatially 

defined information, e.g., a vector obtained from EEG data. In 3D-3D registration, 

alignment of multiple 3D MR and CT volumes is the most common and fully developed 

technique [22].‖The spatial relationship between the internal organs of the patient has not 

distorted or changed and the imaged organ behaves as a rigid body. In 3D-3D rigid 
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registration three translations and three rotations are adequate to bring the images into 

correct alignment. The scanning devices must be calibrated to detect image scaling, i.e., the 

size of the voxels in each modality must be known. 3D-3D registration techniques are used 

to accurately register tomographic datasets,‖or to register a single tomography image to any 

spatially defined information. 

II. Registration of Time Series 

Registration of medical images obtained at different time intervals is used for the 

examination of disease progress such as tumor growth, bone growth in children and post-

operative monitoring of healing. Based on the monitoring results obtained from the 

registration, a treatment response is suggested. Single and multimodal 2D and 3D images 

acquired at different time intervals in preoperative and postoperative procedures provide the 

opportunity to increase treatment accuracy and precision. In IGS and radiotherapy 

procedures, registration is performed to delineate target,‖to quantify patient specific 

physiological motion, and to assess treatment response [22].‖In cardiology, multiple images 

are acquired in synchronism with the heartbeat, using the ECG or blood pressure waveform. 

Image noise is reduced by averaging, the synchronized or gated acquisitions over multiple 

cardiac cycles. Similarly, registration of x-ray images of the heart acquired before and after 

injection of contrast material allows synchronous subtraction of mask images. All these 

methods assume that the heart cycle does not change from beat to beat. Registration of 
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images acquired at different time intervals are used to study dynamic processes such as 

tissue perfusion, blood flow, and metabolic or physiological processes.‖‖ 

Figure 2.22 shows similar MRI brain images of a patient with tumors acquired at 

different time intervals [122].  The tumors are marked in the corresponding regions of both 

images. It is obvious from the Figure, how the brain tumor grows, particularly which part of 

the brain tumor grows, diminishes, or un-changes with the passage of time.  

 

 

Figure 2.22: Fixed target brain MR image with tumor (a), (b) is moving source MR image 

acquired at different time interval. The tumors are marked with red lines, 

which show the growth, shrinkage, or stability. 

 

                       (a)                                                            (b)  
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2.5.4  Registration Techniques Based on Modalities 

Registration Techniques based on modalities align medical images based on the different 

modalities such as monomodal, multimodal, modality to model and model to modality. In 

monomodal registration, the input images are obtained from single modality (i.e. MRI or 

CT) while in multimodal registration, the input images are obtained from different types of 

modalities (i.e. CT and PET). In modality to model and model to modality based techniques, 

registration is performed with an image and a model or the patient himself.] The model to 

modality is commonly used in intra-operative registration. Similarly, the modality to model 

is commonly used in gathering statistics on tissue morphology. 

I. Monomodal Registration 

 Monomodal registration in medical images is an important technique for several types of 

clinical applications. Monomodal registration techniques tend to register images in the same 

modality acquired by the same scanner or sensor type. It is a problem of major interest in 

almost all applications in medical image processing and clinical applications [123]. For 

example, in IGS, surgical planning, surgery simulation, radiotherapy, disease monitoring, 

longitudinal studies, pathology survey, control, medical treatment, post-operative control 

and many other applications in diagnosis and therapy. Monomodal registration is 

fundamentally based on the similarity criterion measurement because it defines the objective 

criterion used to estimate registration quality between the homologous structures of images. 
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Brain‘s imaging is particularly essential as well for the knowledge of the functional and/or 

pathological processes, as for the improvement of adapted strategies of treatment.  

The sum of square difference (SSD) similarity metric is one of the most commonly 

used methods for solving monomodal medical image registration problems. SSD accurately 

registered monomodal images because the pixel intensities of similar images are always 

similar. Similarly, cross correlation coefficient (CC) similarity metric is also a useful 

method for the registration of monomodal medical images such as examining the 

development of the disease. 

2.5.5   Registration Based on Optimization Procedure 

Registration is an iterative process, source image is transformed to target image, similarity 

measures between them is computed and the resultant image is generated if the similarity 

measures are fulfilled [6]. The process is repeated for the optimization of transformation 

parameters, if the measure of similarity between source and target image is not perfectly 

aligned. In general, the registration framework is considered as an optimization problem 

whose aim is to maximize the similarity or minimize the cost. In registration, the coordinate 

transformation that relates the fixed target and moving source image is estimated by 

iteratively minimizing the cost function [124]. Figure 2.23 [124] shows the process of 

optimization in which the point at the top of the Figure, with high cost function value, 

corresponds to the unaligned images. The solution of the registration problem is the point at 
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the bottom of the graph, with minimum cost function value. The arrows represent the 

iterative procedure to find the minimum. In the Figure, the unaligned source image is 

translated through optimization for best fitting to the target image. 

       [Optimization techniques determine and modify the differences in parameters between 

two images in the image registration process  [71]. Usually, the optimization functions start 

iteratively and perform their operation until they find the optimum parameters for mapping.] 

The performance of registration depends on the precision and accuracy of optimization 

procedures. The goal of the optimization is to determine the best set of parameters of the 

transformation to achieve the best image alignment given by the similarity metric [95]. For 

image-based similarity metrics most optimizers are iterative in nature and will repeatedly try 

different transformation parameters until the resulting value of the similarity metric 

converges to an optimal value. Several types of rigid and non-rigid registration algorithm 

use optimization procedures for the best alignment of monomodal and multimodal images. 

Registration techniques based on optimization is further categorized into parameters 

computed and parameters search for. The main job of these optimization procedures is to 

find the optimum location given any possible starting estimate 
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Figure 2.23: Iterative optimization. Example for registration with a translation transformation 

model. The tx and ty axes correspond to the translations in x and y direction, 

respectively. The arrows indicate the steps taken in the direction of the optimum, 

which is the minimum of the cost function C. 

II. Parameters Computed 

Finding the parameters of the optimal spatial or geometric transformation is generally the 

key to any registration problem [101]. Several types of optimization procedures are available 

which directly calculate the transformation parameters for registration up to sub pixel 

accuracy. In the parameters computation, the transformation parameters i.e. translation, 

rotation, scaling and shear is automatically estimated by the paradigm. However, the use of 

computation methods is restricted almost completely to applications relying on very sparse 

information, e.g., small point sets [120]. 
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III. Parameters Search for 

In this type of optimization, parameters are estimated by searching an optimum of some 

function defined on the parameter space. In the case of searching optimization methods, 

most registration techniques are able to formulate the paradigm in a standard mathematical 

function of the transformation parameters to be optimized. This function attempts to 

quantify the similarity as dictated by the paradigm between two images given a certain 

transformation. Such functions are generally less complex in monomodal registration 

applications, since the similarity is more straightforward to define.] 

2.5.6  Nature of Registration Basis 

In the nature of registration basis, registration techniques are either extrinsic or intrinsic. In 

extrinsic techniques, foreign objects are used in imaged space while in intrinsic techniques 

image information are generated by the patient himself. 

I.   Extrinsic Registration Techniques 

Extrinsic registration techniques are based on external artificial objects attached to patient‘s 

body. Registration techniques based on extrinsic criteria are widely used in image-guided 

surgery (IGS) and radiotherapy from several years [125] [126]. These types of registration 

techniques provide high efficiency, accuracy and reliability by analyzing and comparing 

corresponding features in preoperative and intraoperative images. 
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 Invasive and non-invasive registrations are the two popular methods for the 

implementation of extrinsic registration. These two methods are further categorized into skin 

markers, fiducials (screw markers), stereotactic frame, mould and dental adapter. In invasive 

registration techniques, information obtained from multiple images is integrated and 

transformed into a single more informative image. With minimum incisions and low pain 

different types of information (i.e. functional and anatomical) are obtained from human 

organs with invasive techniques [127]. In non-invasive registration techniques, informative 

information from patient‘s anatomy is obtained without incisions. In non-invasive 

techniques, instruments are inserted into internal organs of patient and their images are 

displayed on monitors screen during IGS and radiotherapy. The procedure is performed with 

fast operating mechanism and without any collateral damage to the skin and normal tissues.  

     [Stereotactic frame and‖fiducials markers are the two popular types of invasive 

registration techniques. Stereotactic frame registration is also called image-to-physical 

coordinate space registration. In Stereotactic frame registration,   image space is related to 

physical space occupied by the patient i.e. the mapping of MR or CT coordinate system with 

the stereotactic frame coordinate system [128]. Stereotactic frame is directly fixed on the 

patient‘s head and the images of human organs are displayed on computer monitor. 

Stereotactic systems consist of stereotactic reference frames, a technique for stereotactic 

image acquisition and a mechanism for the proper direction of surgical devices. It is due to 

these features that target points are defined and the fixation of rigid body skull becomes 
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possible using pins or screws which‖create a stereotactic coordinate system in physical 

space as shown in Figure 2.24. 

 

Figure 2.24:  Extrinsic registration. In the Figure, stereotactic frame is attached to the 

patient skull in IGS 

 ―Fiducial markers are artificial objects attached to human organs, which provide 

transformation between image space and physical space. These objects are composed of 

different shapes and material such as plastics, ceramics, passive reflective, liquid-filled and 

steel [129]. The registration of medical images using fiducial screw markers is commonly 

used methods in invasive image-guided surgery where predefined fiducials i.e. screw 

markers are specifically applied on the preoperative images of different modalities such as 

X-rays, CT, SPECT and MRI.‖Furthermore, correlation is established between the 

preoperative images obtained from different modalities and intra-operative physical anatomy 

of patients. Figure 2.25 [130] shows invasive screw markers over the anterior facial skeleton 
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in which the green markers were used for registration while the blue markers are used for 

finding the target registration error. 

 

 

Figure 2.25: Extrinsic registration. Invasive fiducial markers placed in each skull 

In non-invasive surgery, image registration techniques integrate and translate the 

images obtained from internal organs through penetrated instruments and displays them on 

the monitors for guidance. Non-invasive extrinsic image registration techniques are used in 

several image-guided surgical procedures such as laser treatment, dermatological procedures 

and skin treatment surgery, in gastrointestinal issues and vision problems. Invasive 

registration techniques provide accuracy and usefulness,‖but are not suitable for the 

registration of non-malignant cases. In non-malignant surgery such as otologic the scale of 

accuracy is very high using fiducial systems  [131]. Non-invasive markers or landmarks 
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such as moulds, frames and dental adapters are appropriate for these types of surgical cases. 

Moulds, head holder frames and dental adapters are tightly attached to the patient skin 

during otologic image-guided surgery. During image-guided surgery, the frame encloses the 

subject area with non-invasive fiducial markers. Moreover, fiducial markers when localized 

in the physical and image space, provides transformation of interested image data between 

physical space and image space as shown‖in the Figure 2.26.  

 

Figure 2.26: Image registration using non-invasive dental adapter 

III. Intrinsic Registration Techniques 

Intrinsic registration techniques are commonly used in medical image processing. It refers to 

the process of extracting and mapping features and anatomical information from the subject 

image itself [132]. In intrinsic registration, image features and anatomical information are 

determined through different geometric means such as points, curves, snakes and principle 

axes. Flexibility, reliability, non-invasiveness and automatic segmentation are the important 

features of intrinsic registration [133]. Intrinsic registration techniques for medical images 

are further categorized into landmark based, segmentation based and voxel-based.  
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In landmark-based registration, the corresponding landmark points, which represent 

the same feature in multiple images are determined and mapped. In image registration, 

landmarks selection and extraction are performed either by manual method, semi-automatic 

and fully automatic method. In all methods, the proper selection of landmarks is necessary 

for accurate registration of medical images. Figure 2.27 [134] shows the registration of 

PET-CT images based on landmarks in which small scattered points or landmarks are 

compared to the original image contents. Furthermore, fast optimization algorithms are 

applied which calculate the average distance between each point and find the related 

landmarks and its neighbors in the image dataset [134]. Landmark based registration is 

further divided into anatomical registration and geometrical registration. 

 

Figure 2.27: CT-PET image registration based on landmarks 

  Detection and matching of corresponding landmarks in medical images with high 

variability are mostly performed with anatomical landmarks based registration. Automatic 

detection of anatomical features in multimodal images at various levels is an important 
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feature of anatomical registration. Brain MR surgery, bimaxillary surgery, lateral skull 

based and temporal bone surgery are the main areas in which anatomical registration is 

used effectively. Figure 2.28 shows some anatomical landmarks in human pelvic bone i.e. 

on anterior superior iliac spine, pubic tubercle and pubis [135]. 

 

Figure 2.28: Anatomical landmarks in human pelvic bone  

Another type of landmark-based registration is geometric registration in which the 

process of registration is performed based on the measurement of key points and their 

positions in medical images. This registration technique is mostly used in multidimensional 

and multimodality images [136]]. Estimation of global and local differences in 

multidimensional images is perfectly done with geometric registration. The accuracy of 

geometric registration depends on the proper selection of key geometric points and features.  

The identification of key points and features are easily done in normal images while in noisy 

images, require a lot of care and efforts [137]. Figure 2.29 [138] shows the diagrammatic 
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representation of geometrical landmarks which is based on individual facial geometry. 

Registration processes based on patient geometry is usually performed in four steps:  

identification of landmark points, development of mesh model, image transformation and 

interpolation [139] [140].  

 

Figure 2.29: Geometrical landmarks on facial geometry 

 In segmentation-based registration, the objects of interest in both images have been 

segmented on the bases of related landmarks and then transformation function is applied on 

one image until the alignment of related landmarks [141]. A repetitive process is applied at 

the end to reduce the distance between the two segments. Figure 2.30 [142] shows 

registration of brain image based on segmentation techniques. The Figure is based on two 

deformable models in which image (a) is an atlas image, image (b) is atlas label map and 

image (c) is segmented brain image. In Figure 2.30, the atlas image at the left is modified to 

reproduce the tumor-induced deformation which is further segmented and transferred to the 

                 (a)                                           (b)  
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patient image by deformable segmentation based registration. Segmentation based image 

registration is further categorized into rigid models and deformable models. 

 

Figure 2.30: Segmentation/Surface based registration of brain images 

Registration of medical images with rigid transformation is performed by the 

translation and rotation of objects in the images. In other words, rigid model based 

registration translate and rotate feature points (point, curves, and surfaces) in one image and 

mapped them into their corresponding information in the second image. The transformation 

in rigid registration preserves the [shape of subject images, angles among points and 

distances.]Figure 2.31 [143] shows feature point matching between a template and the 

current input image. In the Figure, detected feature points represented by green cross and 

matched feature points represented by blue dots are shown in both source image and target 

image. 

                  (a)                         (b)                                        (c) 
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Figure 2.31: Rigid registration based on feature points matching 

 Deformable registration is a fundamental technique in medical image processing and is a 

suitable choice for the analysis of images of deformable organs such as heart, lungs, breast 

and kidney. Because it can easily make a distinction between deformable shapes in objects. 

Human organs naturally show continuous variations due to breathing and movement and the 

proper identification of tumor is a difficult task. Deformable registration not only precisely 

identify and match tumor in two are more images of same organs but also isolate both 

anatomical and functional contents. Deformable registration also precisely estimates the 

internal behavior of deformable tissues. On the other hand, efficiency of deformable 

registration is low while its computational cost is high as compared to rigid registration. 

Registration based on deformable model is shown in the Figure 2.32 [144].  In the Figure, 

the left image show patient data before registration and the right one is the registered image 

obtained as a result of non-rigid deformation during segmentation process. Applying active 

contours to this registered image, we can get more precise and exact position of the data. 
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Figure 2.32: Deformable model based registration 

Intensity based registration techniques optimizes similarity measures which 

determine the degree of shared information of the image intensities. These similarity 

measures are important for accurate registration of medical images. The registration is 

performed by either using entire content of images or only image gray scale values [145].  

Image features estimation and their correspondence with other image features are simple and 

strait forward in intensity-based registration. Figure 2.33 [146] shows the sagittal view of 

two MRI images of knee using intensity based registration. Image (a) is fixed target while 

image (b) is moving source image obtained at the same time but with changed of alignment 

to some extent. Image (c) is the registered image in which the similar intensity values of 

fixed and moving images are indicated by gray areas. Similarly, the difference between two 

images according to brightness levels is indicated with magenta and green areas. It is 
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obvious that intensity based registration operate on the whole image gray values and these 

techniques cannot requires prior data reduction by the user or segmentation.  

 

Figure 2.33:  Intensity based registration of two MR images. Image (a) is fixed spine echo image, 

image (b) is moving spine echo image with inversion and image (c) is registered image. 

2.5.7  Registration Based on Interaction 

Registration process on medical images may be performed by using three techniques, 

interactive technique, semi-automatic technique and fully automatic technique. 

I. Interactive Registration 

Registration techniques can be quite useful in clinical trials in which a pre-operative image 

space needs to be accurately correlated to a real-time physical space. The available 

automatic registration techniques for medical images perform effectively in well-posed 

cases, but these methods experiences difficulty (often slow and sometimes error-prone) in 

routine clinical use [147]. Some of challenges include pathology, imaging artifacts, and 

differences in image acquisition. 

              (a)                              (b)                                       (c) 



Chapter 2. Literature Review 

 

 

103 

 

Interactive image registration techniques are therefore required in such type of 

medical applications. Interactive image registration techniques are also used in other clinical 

applications, such as minimally invasive surgeries and image-guided radiotherapy (IGRT) 

[148]. The procedure of interactive registration is performed in several steps, first, a 

preoperative images are obtained by scanner (PET, MRI and CT etc), and then a surgical 

region of interest (ROI) is selected based on some expert knowledge. In the next step, 

interaoperative images are obtained and registered to the preparative image. Using this 

procedure, the location of interested region (ROI) is tracked dynamically. 

II. Semi-automatic Registration 

In semiautomatic image registration technique, the user interaction involves the initialization 

of algorithm or the rejection/acceptance of suggested registration hypotheses. In the 

initialization, the data is either segmented, or the algorithm is steered [102].  Automatic 

registration of multimodal functional and structural images by semiautomatically selecting 

region of interest (ROI) is currently an ongoing area of research. Registration techniques 

would certainly benefit if the user were ―kept in the loop‖, steering the optimization, 

narrowing search space, or rejecting mismatches. On the other hand, semiautomatic 

technique for the identification of landmarks in medical images requires medical expertise 

and takes more time. 
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III. Automatic Registration 

In automatic registration, the user only needs to supplies the algorithm with the image data 

and possibly information on the image acquisition.  Automatic registration in medical 

images aligns the common detected features in pre-operative and intra-operative images 

without user interaction [3]. Automatic registration techniques are widely used in medical 

image processing and several types of image-guided surgeries are successfully performed 

with automatic medical image registration techniques. The performance of automatic image 

registration is high because it requires less time and minimum efforts from the user while 

aligning the subject images. Moreover, the point/ landmarks in automatic registration 

method transform globally and with high efficiency. The accuracy of automatic image 

registration methods is also high but greatly depends on the precision and optimization of 

algorithms. Automatic image registration is still an open problem in medical imaging and 

some of the challenges include the proper selection of 3D landmarks, extraction of same 

features in multi-modal images, variable/limited anatomical coverage and low contrast to 

noise.  

2.5.8   Registration Based on Subject 

Subject refers to the patients, whose images are to be registered. Registration techniques 

based on subject are intrasubject, intersubject and atlas. These techniques have been the 

subject of extensive study in the medical imaging literature. Registration of medical images 
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obtained from same patient anatomy is often required for visualization and quantitative 

analysis. Similarly, medical images obtained from different patients anatomies can be 

properly aligned only after accurate registration [149]. Registration of atlas images to patient 

data can also be used for automatic detection of brain anatomy and for lesion localization. 

I. Intrasubject Registration 

In intrasubject registration, all images involved are from the same patient [22]. Intrasubject 

registration is by far the most common of the three, used in almost any type of diagnostic 

and interventional procedure. Registration techniques based on intarsubject provides a lot of 

clinical benefits by accurately aligning images of the same subject acquired with the same 

modality at different times. The detection of variations in intensity or shape of a structure is 

easy and simple. In intrasubject registration, if the obtained images are from single modality, 

an approximate linear relationship will exist between the voxel intensities in one image and 

voxel intensities in the other. Therefore, cross correlation similarity metric is mostly used in 

intrasubject registration for the alignment of images. Intrasubject registration is mostly used 

for aligning serial MR images of the brain. 

II. Intersubject Registration 

Registration in which two images are taken from different patients is called intersubject 

registration. Intersubject registration is mostly used in detecting changes in shape and size as 

well as grosser changes in topology [22]. Intersubject registration is an area of active 

research in several approaches under investigation such as 3D-3D MR/ CT brain image 
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registration, 2D-3D PET/CT registration of lungs and liver images. Intersubject registration 

is slightly more complicated as the transformations must overcome the inherent anatomical 

differences that exist between different individuals [74]. Therefore, most of the intersubject 

registration algorithms are based on curved transformations and consequently only operate 

on intrinsic characteristics of the images. 

III.  Atlas Registration 

Registration in which one image is obtained from patient anatomy and another image 

constructed from an image information database using imaging of several subjects is called 

patient to atlas registration [22].‖In literature, many instances of registration of a patient 

image to an image of a normal subject is termed atlas registration. Patient to atlas 

registration is used in several areas of medical imaging including the transfer of 

segmentations from one image to another, gathering statistics on the size and shape of 

specific structures and finding (accordingly) anomalous structures. The differences in the 

anatomy of different individuals is modeled on the basis of tissue growth model. Opposed to 

registration based on extracted rigid models, which is mainly suited for intrasubject 

registration, deformable models are in theory very well suited for intersubject and atlas 

registration, as well as for the registration of a template obtained from‖a patient to a 

mathematically defined general model of the templated anatomy. 
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2.5.9  Registration Based on Object 

Registration techniques based on object involve part of the human anatomy. Registration is 

mostly performed on head, thorax, abdomen, pelvis and spine. 

I. Head 

Registration process can be applied to images of human head and brain. Commonly used 

techniques for the registration of human head include monomodal, multimodal, modality to 

model and modality to patient. These techniques are widely used and are available for 

various diagnostic and clinical purposes. Among the plethora of available techniques, most 

of the registration is easily performed with rigid transformation due to the simple nature of 

head images. Brain image registration involves the alignment of scans obtained from single 

or multiple subjects. Commonly used registration techniques for brain images include intra-

subject monitoring of pathological development, inter-subject anatomical comparisons and 

alignment of an moving source image with a fixed target image [22].  In computer-aided 

neurosurgery and functional image processing the registration of tomographic brain image is 

a key issue. 

II. Thorax 

Registration of thorax images is a more challenging problem than registration of head 

images because of the complex internal structure of different organs, natural movement and 

breathing. Similarly, registration of thorax images obtained from different types of scanner 
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i.e. PET and CT is also challenging because of inconsistent body positioning and 

inadequately controlled motion artifacts due to respiration  [150]. However, several types of 

techniques are available which are used to successfully register the combined images of 

thorax obtained from CT and PET. The integration of different types of information 

(functional and structural) obtained from thorax images of CT and PET lead to improved 

diagnoses [22]. Similarly, the registration of high resolution lung images obtained through 

CT provides useful information for the investigation and staging of lung tumors [151]. 

Currently, both rigid and nonrigid methods are available for the registration of thorax 

images. 

III. Abdomen 

The registration and fusion of the abdomen images obtained from multiple scanners is 

extremely important for clinical analysis and medical engagement.  Registration of rigid 

organs such as brain and spine has been the area of major interest for integrating functional 

and structural information [152]. These methods provide improved diagnoses and patient 

care. Compared to the relatively consistent brain anatomy, human abdomens present a huge 

number of variations that complicates the registrations [153].  Therefore, the early-

developed registration techniques had limited use and practical implementation. However, 

advanced techniques are now available for the registration of abdomen mono-modal and 

multimodal images. The abdominal images, particularly obtained from multimodalities i.e. 

PET and CT has now improved the diagnosis and monitoring of disease progression. 
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IV. Pelvis 

Registration of major pelvis organs such as prostate, bladder and rectum using images 

obtained from a single modality is also difficult due to low tissue contrast [154]. Currently 

registration techniques are available which integrate data obtained from multimodalities 

such as MR and CT. These techniques can successfully register the pelvis CT image with 

MR image obtained from a patient. However, rigid registration is not always successful 

when the CT and MRI images of pelvis are taken at different time intervals. This is because 

the positions, shapes and appearance of pelvis organs could change with time due to possible 

bladder filling and empting, bowel gas and irregular rectal movement. Therefore, non-rigid 

registration techniques are suitable and always required in the proper mapping of 

multimodal images obtained these organs. 

V. Limbs 

Registration of human limbs has been a commonly used practice in clinical applications and 

several techniques are available for the proper alignment of images obtained from lower and 

upper limbs. One of widely used technique is articulated 3D image registration which 

successfully cope with complex joints [155]. Most of the registration techniques for limb 

organs are based on rigid transformation because it concerns mainly the displacement of 

bones [120]. Therefore, CT and X-ray images are mostly used in the clinical experiments. 

The application areas of limbs registration include orthopedic femur interventions, the tibia, 

calcaneus and humerus. 
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VI. Spine 

Registration of spine data is complex due to the interleaved nature of the spine consisting of 

the rigid vertebrae and surrounding soft tissue. The conventional registration techniques 

takes whole spine data which cannot provide accuracy, while aligning each vertebra [156]. 

Recently developed techniques, however, separate each vertebra from its neighbors prior to 

registration. In the registration of spine images, intensity-based techniques are prone to local 

optima in the cost function and thus need initial transformations that are close to the correct 

transformation [22]. Fiducial marker-based techniques are fast, accurate, and robust, but 

marker implantation is not always possible, often it is considered too invasive to be 

clinically acceptable, and often causes risk. The major challenge in the registration of spine 

imaging is longitudinal data. The automatic registration of longitudinal spine data is difficult 

because pre- and post-operative scans of longitudinal data can differ significantly in several 

cases i.e. trauma. 

2.6 Applications of Medical Image Registration 

The development of advance techniques in medical image analysis leads to the easy 

availability of distinct information of the patient. It is now possible to acquire high 

resolution and more informative description of humans‘ anatomies and functions [157]. The 

clinicians can now easily diagnose and monitor disease development in the body of a 

patient. In medical image analysis, registration of the medical images is an important 

technique for that it not only can help a doctor to observe disease development, but also can 
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help a doctor to make an accurate and reasonable measure. Medical image registration has 

many applications both in diagnostics and in therapeutics [158]. Some of the important 

applications are in radiation therapy, cancer detection, template atlas application and image-

guided surgery (IGS). 

2.6.1 Radiation Therapy 

The aim of radiation therapy is to treat tumor and other diseases of the body. Radiation 

therapy/radiotherapy provides clinically useful dose to the target tumor while minimizing 

dose to the surrounding normal tissues [159]. Diverse advanced medical image registration 

methods have been developed for radiotherapy during the last two decades in order to 

successfully use this technology for better health care. In radiation therapy, registration is 

used in patient‘s position verification, treatment planning and treatment assessment [160]. 

Both rigid and deformable registrations have been used in the area of radiation therapy. 

Rigid registration, which involves only translation and rotation of object, has long been used 

in radiotherapy. For example, in the registration of CT and MR images obtained from 

patient with no anatomic changes in the body, rigid registration is very effective. 

Deformable registration is effective in case of anatomic changes in the body of a patient. 

These changes are mostly occurs due to tumor expansion or shrinkage, weight loss and 

organ shape variation. The major role of deformable registration in radiotherapy includes 

automatic segmentation, dose accumulation, mathematical modeling, and functional 

imaging. 
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Registration methods exist in almost every software system that produce or uses 

medical images in radiation therapy [95]. Most treatment planning systems support some 

form of image registration to allow the use of multimodality and time-series image data and 

even anatomical atlases to find tumor volume and delineate normal tissue. Moreover, 

treatment delivery systems in radiation therapy perform registration between the planning 

images and the in-room images obtained during the treatment to assist patient positioning. 

Figure 2.34 [161] shows the mapping of radiotherapy dose distribution onto the geometry of 

the hyperthermia data set. In the Figure, first, radiotherapy and hyperthermia CT scans are 

rigidly aligned by visual assessment of the bony anatomy. In the next step, deformable 

registration is performed with intensity-based deformable registration algorithm. In the 

Figure, image on the left side depicts the successful mapping of radiotherapy-computed 

tomography (RT-CT) onto the hyperthermia-computed tomography (HT-CT) in the region 

of interest (ROI) showing with the dotted rectangle. The right side RT-CT and the HT-CT 

images describe rectum, cervix, bladder and part of the bony anatomy.  
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Figure 2.34: Registration of radiotherapy and hyperthermia CT scans rigidly matched by 

visual assessment of the bony anatomy, followed by deformable registration 

using intensity-based deformable image registration algorithm. 

2.6.2 Cancer Detection 

Image registration is an important problem in cancer detection and has useful applications in 

monitoring cancer therapy [162]. Registration is always required in cancer detection because 

it help clinicians in early cancer diagnosis by providing them with more useful information 

about the tissue under examination [163].The aim of image registration in cancer detection 

is to translate the segmented areas of interest from the hematoxylin and eosin (H & E) 

images to the infrared (IR) images, reducing the process of segmentation to the stained 

images. In the early detection of cancer, it is often difficult for the clinicians to properly 

locate the cancer tissue. Even the use of structural information obtained from MR and CT 

cannot properly help them. It is due to the low contrast between the cancer and the 
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surrounding tissues in CT and MRI images.  On the other hand, it is possible to obtain useful 

information about cancer tissue and its proper location from the images obtained from PET 

and SPECT scanner. However, sometimes it is difficult to determine the precise location of 

tumor in SPECT or PET images. Image registration is a visualization tool that can 

significantly help in the early detection of cancer and improving the accuracy of diagnosis. 

Registration is effectively used in breast cancer, prostate cancer, liver cancer, and head and 

neck cancer. 

 2.6.3   Template Atlas Application 

The organs of people are usually different in shapes and sizes, therefore, the images 

obtained from individuals differ significantly. Due to this variability, the representation of 

medical images in the form of models is always required. Atlases are the commonly used 

technique for the representation of medical images [164, 165]. Through atlas, a population 

of medical images with parameters that are learned from a training datasets are modeled. A 

template is a common example of atlas in medical image analysis. Registration play a 

crucial role in atlas construction because it maps an image to an atlas, which is further, used 

to address variability in images. Registration is widely used in template-based medical 

image analysis for the evaluation and interpretation of data in a standard template or 

reference atlas space. Inter-subject registration is required for atlas construction 

in computational anatomy. Here, the objective is to statistically model the anatomy of organs 

across subjects. 



Chapter 2. Literature Review 

 

 

115 

 

2.6.4   Image-guided Surgery 

 Image-guided surgery (IGS) uses medical imaging techniques for diagnosis, treatment 

planning, disease monitoring, minimally and non-invasive surgeries. The availability of 

these techniques provides several benefits to the patients such as reduced surgical trauma, 

fast recovery and reduced hospital stay and cost. Nowadays, medical imaging techniques 

assist clinicians in both qualitative and quantitative diagnosis and resect the tumor based on 

image information. The availability of precise real time image information during IGS is due 

to the integration of intraoperative imaging with navigation technology. 

IGS relies on preoperative images to provide visualization and facilitate surgical 

navigation within the human organ. In IGS, registration techniques are used to align 

preoperative images obtained from a patient‘s anaotomy with their correspondences in the 

intraoperative patient‘s volumetric images.  More specifically, alignment of corresponding 

information in the same underlying tissue or patient's organ is used for analysis, 

visualization and navigational guidance is performed through the process of registration in 

image-guided surgery [36]. IGS involves the creation of precise, patient-specific models of 

relevant anatomy for the surgical process, and registering the models and corresponding 

image data to the patient [48]. In IGS system, the registration process is maintained over the 

course of therapy. 

Successful IGS greatly depends on the registration of preoperative image data with 

intraoperative physical anatomy. In image-guided surgical system, preoperative image based 
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techniques are integrated with intraoperative guidance system. In registration process, the 

same coordinate frames and anatomical structures in both preoperative image (prior to 

surgery) and intraoperative image (during surgery) are mapped to each other. Successful 

IGS also needs multiple time conduction of procedure i.e. obtaining images of interested 

regions at multiple-time frames or with multiple scanners. Therefore, it is not a good 

practice in IGS to rely on a single image obtained either at the beginning of procedure/in the 

same timeframes or with a single modality. The quality of obtained images is further 

improved with alignment and registration. These high quality and more informative images 

help surgeons to accurately locate region of interest while the surgery is in progress. 

In spite of numerous research development and clinical use, image registration 

procedures undertaken in IGS are still need further improvement. Moreover, a continuous 

research interest is seen in this area due to strong dependency of IGS on image registration 

methods. 

2.7   Medical Image Registration Based on Subregions and Local Features 

Registration based on subregions and local features consider salient regions (interested 

regions) in the whole image. ―These approaches are computationally efficient because the 

registration needs to be performed only for the specific region. Further, registration based on 

subregion is more accurate when restricted to an area within specific region. For example in 

real time fluoroscopy, the more restricted the region in which registration is performed, the 
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less likely it is that structures within specific region  would have moved relative to each 

other between the time of the pre-operative MR/CT scans and the time of the medical 

treatment [26].‖  

Proper detection of interested subregions and accurate mapping of important and 

related information in two or more images provide an easy way for medical diagnoses [166]. 

The detection and mapping of important and related information in subregions facilitates 

radiologists and surgeons to properly monitor and quantify disease progression over time of 

acquisition, imaging modality, imaging parameters, patient position or motion, contrast 

agents and disease progression. 

―Automatic detection and extraction of subregions in medical images is always 

required in IGS and radiotherapy. The purpose is to properly study functional and 

anatomical structures more accurately, to measure the change in tumor growth with time and 

to plan for treatment prior to radiation therapy [12]. For example, in cancer diagnosis 

clinicians are mostly concerned with a particular region (subregion) of the image, e.g., 

tumor.   In such types of diagnosis, only interested subregions are identified and registered 

from the whole image. Since medical images are complex in nature, therefore, the automatic 

detection and registration of interested subregions are also difficult and some time errors are 

introduced   in it. Common subregions are usually detected either manually or with pre-

defined parameters which are both time-consuming and tedious. The precise selection and 

extraction of same features and 3D landmarks are difficult in subregion based registration.  
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Furthermore, the proper estimation of mutual information (MI) in both source and target 

images is also prone to error in subregion based registration. The main reason behind this 

issue is the high sensitivity of medical images to noise and to the overlapping regions, and 

the availability of limited statistical information. Moreover, subregion detection and 

registration approaches are mostly affected by intensity in-homogeneity, blurred object 

boundaries, presence of artifacts, complex nature and non-linear relationship. ‖Common 

subregions are usually detected either manually or with pre-defined parameters, which are 

both time-consuming and tedious.  

2.7.1 State-of-the-Art in Subregion Registration in Medical Images 

Some research work is available on the detection and registration of interested subregions 

but the area still needs more work. For example, Wu et al. [167] proposed a registration 

approach which creates irregular vector fields at the boundaries of anatomical subregions 

and overcame the difficulties in most registration approaches. In their study, registration was 

performed independently on each subregion, with a boundary-matching penalty used to 

prevent gaps. The approach was validated on 4D CT data sets of 4 patients with lung cancer 

which showed improved accuracy. The approach of Wu et al. separately registered the 

subregions but the registration algorithms were not independently tuned for each subregion. 

Moreover, subregion segmentation was performed with manually identified points in both 

images.  
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Wilkie and Vrscay [168] developed an improved methods for medical image 

registration based on specific region of interest. In their study, registration was performed 

based on similarity measures that combine global image information with region of interest 

(ROI) information. The registration methods developed by Wilkie and Vrscay uses convex 

combinations of either the mutual information (MI) of the images and ROIs, or the 

distributions of the images and ROIs. The methods developed by Wilkie and Vrscay shows 

good registration results but they are still investigating the robustness of the similarity 

measures used in the experiments.  

The US 9536307 B2 patent [10] discloses a method in which two images provided 

by CT or MRI are first globally registered. Second, a region of interest (ROI) is selected and 

a number of local registrations are performed on the selected ROI with the same algorithm 

but different parameters. Among several estimated local registrations, the best one is 

selected and merged with global registration. This registration scheme is better due to 

automatic analysis of ROI and requires no expert knowledge (single click on image region). 

The selection of a local registration for ROI is advantageous in that it allows refinement of 

the image registration by exploiting the user's capabilities of (intuitively) evaluating 

registrations. However, the estimation of several local registrations for the ROI and the 

selection of best one among them for further processes is time consuming.  

The US 20080095465 A1 patent [169] discloses a method in which registration of 

deformable medical images is performed based on the selection of subregions (volumes of 
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interest) in medical images. In the proposed method, a global registration is performed 

followed by local registrations in which subregions in the source image are automatically 

selected and matched to the similar volumes (subregions) in target image. In this method, 

selection may be performed automatically or based upon operator input. The proposed 

method is computationally efficient because only subregions are analysed and aligned. On 

the down side, the proposed method equally selects and aligns all parts of the images which 

is not desired in many cases. For example, if a surgeon is interested to operate a particular 

region, accurate registration of that particular region is critical irrespective of other regions.  

The US 2013/0182925 A1 patent [170] discloses a method of initially registering a 

first set of image data and a second set of image data using a free form transformation. Then, 

a region of interest (subregion) is selected from first and second image datasets and a further 

registration is performed on a first image data corresponding to the region from the first set 

of image data and second image data from the second set of image data. Finally, the 

registered images obtained from both registrations may be merged. The proposed method 

provides automated or semi-automated registration of image data sets for selected 

subregions with fast performance and low memory requirements. The proposed method may 

select the subregion (ROI) automatically, but mostly it is performed manually. 

The US 2005/065421 A1 patent [171] discloses a method in which  anatomical and 

functional image data sets are registered and then same types of images but acquired at a 

later stage are co-registered. A global, rigid registration is performed on the anatomical 
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images acquired at earlier and later stages. In the proposed method, a region of interest 

(ROI) is then detected in the first co-registered composite image data set and a local, non-

rigid registration is performed on this ROI and a corresponding ROI within the globally 

registered image data set. This said invention qualitatively and quantitatively measure the 

extent and severity of disease before, during and after treatment of a patient but it has 

limited scope. 

H. Chen et al. [172] addresses the problem of interested subregion  by registering 

two video sequences. In this work, the moving target is tracked successfully in one of the 

two image sequences. The interested subregion (target) is represented by a bounding box in 

each frame of the first sequence. The goal was to find the corresponding bounding box for 

each frame of the second video sequence. The registration algorithm developed by H. Chen 

et al. was based on mutual information and experiment was performed on visual and infrared 

(IR) video sequence. The proposed registration was modality independent but it only works 

on visual and IR video sequences. The registration algorithms failed to identify the correct 

ROI when applied on millimeter wave (MMW) video data. Moreover, the accuracy of 

registration is also compromised due to mis-registration of pixels in the bounding box 

representing the background. 
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2.8   Medical Image Registration: Issues and Challenges 

The development of sophisticated data scanning devices and advancement in imaging 

techniques raises more challenges in the area of medical image registration. Registration 

techniques with high accuracy, efficiency and acceptability in a clinical practices is one of 

the main challenge. In this section, we have investigated some of the main issues and 

challenges in medical image registration. The different possible solutions given by the 

researchers to handle these issues and challenges are also described in this section [70]. 

However, in order to be an effective instrument for the clinical practice, registration 

algorithms must be computationally efficient, accurate and most importantly robust to the 

multiple biases affecting medical image. 

2.8.1  Automatic Detection and Registration of Interested Subregions 

Automatic registration in medical images aligns the common detected features in moving 

source and fixed target images without user interaction. Automatic registration techniques 

are widely used in medical image processing and several types of clinical procedures are 

successfully performed with automatic medical image registration methods. The 

performance of automatic image registration is high because it requires less time and 

minimum efforts from the user while aligning the subject images. Moreover, the point/ 

landmarks in automatic registration method transform globally and with high efficiency [2]. 

The accuracy of automatic image registration methods is also high but greatly depends on 
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the precision and optimization of algorithms. Automatic image registration is still an open 

problem in medical imaging. 

Complexity and non-linearity are the fundamental characteristics of medical images. 

Some time the available features are not enough for successful registration. Therefore, it 

might be difficult and prone to errors to automatically detect and register interested 

subregions from the whole images. Some of the prominent issues in subregion based 

registration include automatic selection of 3D landmarks, accurate estimation of mutual 

information and extraction of same features in high volume multi-modal images. Intensity 

in-homogeneity, presence of artifacts, image boundaries, blurred object, complex nature and 

non-linear relationship are also considered as open issues in subregion based registration. 

The detection and selection of interested subregions are mostly done with either manual 

method or with pre-defined parameters. These methods are both time-consuming and 

tedious. 

2.8.2  Efficiency, Accuracy, Reliability and Robustness 

Computational efficiency, accuracy in the alignments of images, reliability and robustness 

against multiple biases affecting medical images are the four main issues in medical image 

registration [173]. The performance of registration method is an important parameter in IGS 

because timely response with accurate alignment is always desired. The natural behavior of 

medical images is not consistent due to the effect of noise, blur and organ movement. 
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Therefore, robust and consistent registration is required to manage small amount of 

variations in the source and target images during IGS. Similarly, without high accuracy in 

medical image registration method, it is not possible to obtain successful results [2]. 

Accuracy is always affected by the introduction of errors (either actual or timely) in the 

medical images during the registration process. Similarly, robustness is greatly affected by 

the variation of intensity and missing of required data in the input images [173].  

 The performance (efficiency, accuracy, robustness and reliability) of medical image 

registration methods depends on several parameters including modality, effects on image 

contents, similarity measures, transformation, optimization and implementation mechanisms 

[174]. These complex parameters are interdependent and it is difficult to assess the effect of 

each one on the registration method. However, the initial assessments up-to some level 

about the influences of these parameters is important prior to registration. 

2.8.3    Similarity Measures 

Mutual information (MI), correlation coefficient (CC), joint entropy and sum of square 

difference (SSD) etc are some of the popular similarity measures used in the registration 

process. MI is an intensity-based similarity measure, which automatically estimates the 

similarity in multi-modal images [175]. However, it is difficult to properly estimate the 

similarity of complex and high volume 3D multimodal images with MI.  In such types of 

images, the corresponding points significantly varies which results the differences in 
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intensities. To properly manage the differences in intensities obtained from multimodal 

images, the estimation of joint histogram is required. The estimation of joint histogram 

affects the performance of registration due to the increase in the computation time of the 

procedure. Another factor affecting the performance of mutual information in complex 

multimodal image registration is the local intensity variations.  In the presence of local 

intensity variations, the joint histogram computation is always adversely affected.] Another 

issue related to estimation of similarity measure in multimodal image registration is the 

exclusion of spatial and geometrical information about the voxel. Like that of intensity 

information, the estimation of spatial and geometrical information are also important 

because they may provide additional cues about the optimal registration. 

 Correlation coefficient is another similarity measure for medical image registration. It 

symmetrically measures the linear dependence between the image intensities of 

corresponding voxels in both images. Correlation coefficient accurately and efficiently 

evaluates the accuracy of mono-modal medical image registration. For the registration of 

multi-modal images, however, correlation coefficient is not a favorable similarity measure 

because  of poor statistical and computational efficiency [69]. Registration of medical 

images with correlation coefficient as similarity metric provides several advantages 

including easy implementation, no need to estimate probability densities at every iteration, 

insensitivity to geometric distortion, intensity inhomogeneity and data missing. On the other 

hand, correlation coefficient is greatly affected by the outliers, which consequently degrade 
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registration performance.  Moreover, local extrema and large errors in registration also 

affect the performance of correlation coefficient. In order to avoid such problems in 

registration, appropriate techniques are required for sampling and visual inspection.  

 Combining medical images with misaligned structure results an image with duplicated 

information. The basic purpose of registration is to reduce the duplicated information and 

make it more simple and informative. Registration uses several types of matrices for 

information measure in multiple images. Joint entropy is commonly used information 

measure in digital image processing [176]. The measurement of uncertainty in both joint 

distribution and conditional distribution of a pair of random variables is performed with joint 

entropy. The relative transformation of source image to target image is always occurred 

when the joint entropy is minimum [177]. During transformation, the volume of overlap 

between source image and target image also changes as they are transformed relative to one 

another. The relative transformation and volume overlap greatly affects the reliability of 

alignment and registration. However, the solution for this problem is already done by 

Collignon et al. [59] and Wells et al. [60] using mutual information (MI) as registration 

metric. 

 In entropy-based image registration, only pixel intensity values are used for alignment 

and image histograms are used for computation [61]. The use of pixel intensity values only 

as alignment measure neglect the spatial information in the images which may affect 
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alignment accuracy. Similarly, entropy-based measures are more complicated than simpler 

measures and are therefore computationally expensive than simpler one. 

2.8.4    Registration of Multimodal Medical Images 

Each modality exhibit different characteristics i.e. CT and MRI are used for structural 

imaging while PET and fMRI for functional imaging.  Proper alignment of diverse features 

(functional and anatomical contents) in multiple input images is important for successful 

registration. However, such alignment is still an issue because images obtained from 

multiple modalities differ in spatial resolution. In multi-modal medical image registration, 

the association between intensity values of related pixels is also complex and unknown. The 

missing of features in one image and presence in another image, mapping of single intensity 

value in one image to multiple values in another image are the challenging issues in multi-

modal image registration [178]. These issues greatly affect the proper computation of 

similarity measures based on their intensity values in medical image registration [179].   

2.8.5  Detection of Reliable Landmarks 

The reliable identification of anatomical landmarks in multi-modal (CT, MR, PET etc) 3D 

images are essential and one of the important first step in medical image registration. 

Landmarks are detected either with manual method or with automatic method [180]. The 

manual method for the identification of landmarks requires medical expertise and takes 

more time. The available automatic methods for landmarks identification are fast and could 
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reliably detect landmarks in medical images. The automatic methods for landmarks selection 

are mostly depending on machine learning approaches. Therefore, quality of training data 

sets plays an important role in the reliable identification of anatomical landmarks. In 

computer vision, it is easy to obtain large training data sets but in medical field creating a 

large database of images are challenging and requires a lot of efforts and time.  

2.8.6  Outliers  Rejection 

The basic aim of medical image registration is to find the optimal transformation between 

two images by maximizing similarity measures such as mutual information (MI), entropy 

and correlation coefficient. However, mutual information is always affected by the presence 

of outliers (objects in one image but not in another) in source and target images. In medical 

image registration, the presence of unpredictable outliers in pre-operative and inter-operative 

images greatly affects mutual information [181]. Therefore, several approaches have been 

used for the rejection of outliers in medical image registration. The most prominent among 

them include consistency test [182], intensity transformation, gradient-based asymmetric 

multifeature MI [183], graph-based multifeature MI [184], joint saliency map (JSM) and 

normalized gradients [184]. The rejection of outliers is a challenging task in medical image 

registration because a large number of outliers are present in the image-guided surgery 

applications. Therefore, more efforts are required to improve the robustness of available 

similarity measures towards outliers.  
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2.8.7    Convergence of Optimization Methods to Local Maxima 

In medical image registration, optimization method plays an important role in the proper 

extraction of landmarks and searching of other similarity measures i.e. mutual information 

in sub-images. However, optimization method compromise registration accuracy in the 

presence of local maxima of similarity measure. Similarly, in elastic transformation, the 

inaccurate extracted landmarks also produce registration error in the presence of local 

maxima [185]. In this regard, several optimization methods have been developed for 

medical image registration to avoid local maxima and improve similarity measures such as 

mutual information and cross correlation. However, further investigation is needed to 

develop advanced optimization methods for medical image registration. 

2.8.8  Guidance to Clinicians 

In computer-assisted surgery and radiotherapy, clinicians face several problems while taking 

pre-operative and intra-operative measures. The main problem is the accurate mapping of 

contrast information in multi-modal images i.e. organ scanned multiple times with different 

scanners. In such type of scenario, it is difficult for the clinicians to know exactly the 

location and orientation of patient with respect to different imaging systems. Image 

registration and fusion in treatment room provides more guidance and help to the clinicians 

while operating on patient data. With image to patient registration, data is associated 

precisely and the treatment is given to the patient according to pre-operative plan [40].  
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 In surgical guidance system, registration techniques processes information obtained 

from physical devices. Information is processed with an algorithmic procedure for optimal 

transformation images. Most of the transformation is optimal due to the advancement in 

medical image registration techniques but it is not ideal. As a result, the chances of error 

called target registration error (TRE) is high. Similarly, the role of image registration is also 

important when the surgical guidance is based on pre-operative images. Here, accurate 

registration is required for the surgical guidance system. Inaccuracy in the surgical guidance 

system will be useless and dangerous to the patient life. In typical IGS, the anatomy of the 

patient captured in the pre-operative image remains rigid from image acquisition to surgical 

procedure. Non-rigid registration, which is successfully used for image-to-image registration 

need further research and improvement in image-to-patient registration [186]. For accurate 

registration and transformation of corresponding points from image to patient, further 

improvement is required in surgical guidance system especially in case of non-rigid 

registration. 

2.8.9   Relating Contrasting Information  

Relating contrasting information in different types of medical images is a challenging task in 

multimodal image registration. In IGS, the patient‘s organ is scanned multiple times with 

different types of imaging modalities which create difficulties for the identification/ fixation 

of patient location and orientation with respect to different imaging systems. Therefore, it is 
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necessary to developed more advanced registration techniques which can easily remove the 

differences in patient positioning and relate information from different types of images.  

2.8.10  Parameters Determination and Their Correspondence  

Parameters such as points, landmarks and curves are the components of an image and their 

proper determination and mapping are essential for accurate registration. Image registration 

algorithms determine the corresponding parameters in both source image and target images 

and aligned them properly [187]. The correspondence between two images is either 

functional or structural. The former relates the equivalent anatomical structures in the two 

images while the later line up the same functional regions. Image registration algorithms, 

which determine high number of corresponding parameters are more flexible. However, the 

efficiency of such algorithms is slow and requires more computation time. Rigid and affine 

registration algorithms are computationally efficient because they take less parameters for 

correspondence. On the other hand, non-rigid registration algorithms are mostly slow 

because they determine a large number of parameters by matching voxel intensities in 

images. Moreover, the transformation in non-rigid registration algorithms is asymmetric and 

there is no guarantee of mapping each landmark/point in the source image to its 

corresponding position in the target image.  
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2.9   Summary 

This chapter reviewed medical image registration, its components, performance, types, 

classification and applications in detail. Moreover, the subregions based registration along 

with issues and challenges were highlighted in extreme. The major components of 

registration are transformation, interpolation, similarity measure and optimization. The 

performance of registration is measured on the basis of accuracy, efficiency, reliability, 

resource requirements, algorithm complexity and clinical use. The commonly used 

registration types are feature-based registration, intensity-based registration, surface-based 

registration and fluoroscopy based registration. In this chapter, we have also 

comprehensively described the registration techniques based on the popular criteria. The 

importance and applications of registration in various medical field was also described. The 

subregion based registration, its importance, background, issues and future work was 

presented. In the last, we have described the major issues, challenges and future research 

opportunities in medical image registration. 
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Chapter 3 

Automatic Rigid Medical Image 

Registration Based on Interested 

Common Subregions 

This chapter presents an automatic feature based approach for the rigid registration of 

medical images using interested common subregions. In the proposed approach, registration 

of two images is performed based on interested common subregions. The experimental 

results show that the proposed approach automatically detects the desired common 

subregions in medical images and perform successful registration. Extensive experiments on 

MR images show that the proposed approach outperforms then existing approaches in terms 

of computational efficiency and registration accuracy. 
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3.1   Introduction 

Rigid registration of medical images obtained from same modality is an important first step 

in successful visualization and quantification of temporal changes in anatomy and 

physiology. In this chapter, we propose a new rigid registration approach for medical images 

obtained from same modality. The proposed approach automatically detects and registers 

common subregions in medical images. In this work, first, common subregions in both fixed 

image (target image) and moving image (source image) are automatically detected. 

Common subregion may be tumour or any other subregion of interest. Second, a feature 

based rigid registration is performed on segmented common subregions which generates a 

registered common subregion image. Third, the obtained parameters from subregion 

registration are applied to the rotated whole source image which geometrically aligns it to 

the target image. In the last step, the global registration is performed between target image 

and recovered source image. The performance of proposed common subregion based rigid 

registration approach and existing approaches was evaluated on real brain MRI benchmark 

data sets. To demonstrate the computational efficiency and accuracy of the proposed 

approach, extensive experiments were performed.  The results were evaluated using popular 

similarity measures [187] i.e. mutual information measure (MI), mean square error (MSE), 

peak signal to noise ratio (PSNR) and computation time. 

The proposed registration approach improves the registration (in terms of accuracy, 

efficiency, reliability and robustness) of images when compared to the existing approach of 
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whole image registration. Moreover, the computation of similarity measures in the proposed 

registration approach is much faster because the similarity is only estimated for small 

subregions rather than the entire image.  

3.2   Overview of the Approach 

In the proposed approach, the selection of common subregions is performed automatically, 

for example based on an algorithm that segments regions with particular features in a given 

image. As shown in Figure 3.1, the proposed medical image registration approach consists 

of four stages: pre-processing, subregions detection, interested common subregions 

registration and global registration stages. The main idea of doing this type of registration is 

to reduce the number of transformations by mapping only the required common subregions. 

The results of our experiments clarified that the proposed approach can detect common 

subregions in medical images and registered them with high efficiency and accuracy. The 

main stages of the proposed system are discussed in more detail in the subsequent text. 

Pre-processing is an important first stage in image registration which involves noise 

elimination, image enhancement, conversion from one format into another, feature detection 

and resampling [188]. In the preprocessing stage, a smoothing filter (median filter) is 

applied on both source and target images in order to remove noise and other artefact. 

Removing noise and other artefact are important in the preprocessing of input images in-

order to provide further processing such as segmentation, region detection and matching. 

Mathematically, this can be expressed as 
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Where ( , )SI x y is the value of the pixels at position ( , )x y while a determines the window 

size which is 2 1a   in each directions in source and target images. In equation 3.1, 

2 N=(2a+1)  is the number of pixels averaged over, and 
SI  is the obtained smoothed image. 

In the pre-processing stage, the proposed system also read both source and target images, 

converts them into grayscale images if the input images are not in grayscale, and then 

converts the grayscale images into binary images by thresholding. The goal of converting 

into gray scale and binary form is to simplify/change the representation of an image into a 

form which is more meaningful for further processing. In grayscale conversion, RGB values 

of a pixel are converted into a single gray value and the original RGB values are replaced 

with the new gray value. Mathematically it can be represented as  

 

  (Re     ) /  3Gray d Green Blue     (3.2) 
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Figure 3.1: Framework of the proposed common subregions based medical image 

registration approach 

In binary conversion, a standard threshold T  is defined, the pixels with lower 

intensity than threshold are set to 0 (zero) and the pixels with higher intensity than threshold 
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are set to 255 (two fifty five). Equation 3.3 shows the mathematical expression, which 

converts grayscale image into binary image.  

,

( , )0

255
( , ) {

for g x y t

otherwise
b x y



                    (3.3) 

Where g(x, y) represents the input gray level image, b( x, y)  represents the output binary 

image and t represents the threshold parameters. Figure 3.2 shows the smoothing and 

conversion of gray scale MR brain images into binary images. In the Figure, a median filter 

is applied on fixed target image and rotated source image and is converted into binary 

images.  

 

Figure 3.2: Preprocessing of fixed target image and rotated source image 

After smoothing and binary conversion, the next challenging stage in the proposed 

approach is to automatically detect and segment common subregions from source and target 
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images. To achieve this, a function is applied on both source and target images which 

classify them into all subregions. Another function detects and segment maximum common 

subregions in both images.  Mathematical expressions for common subregions detection are 

shown in the following equations.  

 

          ( )  ( ) 1  MSX i F I i upto N     (3.4) 

           ( )  ( ) 1   FTY i F I i upto M      (3.5) 

          11 C = Max(X(i))  for all i =  upto N      (3.6) 

          2  ( ( ))   1  C Max Y i for all i upto M     (3.7) 

Where MSI  and FTI are binary source and target images, N  and M  are the total numbers of 

all subregions in MSI and FTI and F  is a function, which gets all subregions. In equation, 

(3.6) and (3.7) Max  selects maximum subregions in both source and target images while 

1C and 2C represent common subregions in source and target images. As shown in the 

Figure 3.3, common subregions (e.g. tumor) are automatically detected and segmented 

from both source and target images. 
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Figure 3.3: Common subregion detection and segmentation of binary fixed target 

image and rotated source image 

The main aim of registration is to perform transformation for the alignment of each point 

in the source image to the corresponding point in the target image [81, 189]. Aligning source 

image with target image involve spatial transformation of the form 

arg max [ , ( )]FT MStb MI I T I   (3.8) 

Where MSI and FTI  represent source and target images respectively, T represents the spatial 

transformation matrix and MI represents mutual information as a measure of similarity 

between the two images. In the registration of common subregions stage, rigid 
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transformation which involves rotation and translation is applied on both regions. Image 

rotation and translation involve the following mathematical expression in 2D space. 

/a Ra t                                                 (3.9) 

Where R is the rotation matrix for 2D images, a and /a are the original and new coordinates 

in
dR , with d being the dimensionality of images, and t  is the translation vector. For 

example, a is the point (a, b) , then /a is the transformed point of / /(a , )b in two dimensions. 

The rotation R in matrix form is expressed as 

cos sin 0

sin cos 0

1 0 0 1 1

a a

b b

 

 

     
         
    
    

  (3.10) 

The coordinates of the point after rotation are / /a , b , and mathematically it is represented as  

/ cos sina a b                               (3.11) 

/ sin cosb a b                               (3.12) 

 Where   is the angle of rotation in a and b directions. By applying the translation 

parameters to an object, all points are translated to new positions. The translation T  in 

matrix form is represented as 
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1 0

0 1

1 0 0 1 1

a

b

a a

b b

t
t

     
          

    
    

                                    (3.13) 

In the proposed approach, the common subregions are extracted from the fixed target 

and rotated source image and are aligned by using mutual information. Mathematically: 

  1 2
,( )T Reg d d                                      (3.14) 

Where, 1d and 2d represent common subregions in target and source image 

respectively. In the equation, Re g is the registration function which aligns the images 

using mutual information (MI) while T is the obtained transformation parameters after 

common subregions registration. MI has been widely used as an objective metric for 

determining the best transformation that aligns the moving image (source image) with the 

fixed image (target image). Figure 3.4 shows the local registration of common subregions 

obtained from source and target images. 

The transformation parameters (rotation and translation) obtained from the 

registration of common subregions are estimated. These parameters are applied on the 

whole source image to make the image similar to the original target image as 

    
( )MS MSI T I                       (3.15) 

T applies the obtained translation and rotation parameters on the whole source image 

MSI . Figure 3.5 shows the obtained recovered source image after applying 
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transformation parameters (translation and rotation) to the original rotated source image. 

In the Figure, (a) shows the image before applying the transformation and (b) shows the 

image after applying the transformation parameters.  

The last stage of the proposed approach is to register the recovered whole source 

image with the whole target image with global registration in order to obtained more 

informative image. As a result of all these steps, a better registered image is obtained with 

high accuracy and efficiency by using mutual information based image registration 

algorithm. Figure 3.6 shows the final registered image obtained from the alignment of 

recovered source image and fixed target image. 

 

Figure 3.4: Local registration of common subregions obtained from source and target 

images 
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Figure 3.5: Implementation of local registration parameters on whole rotated source 

image. Image (a) is the original source image while image (b) is the 

recovered source image. 

 

 

Figure 3. 6: Global registration of recovered source image and target image 
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The implementation procedure of the algorithm is summarized as follows.  

Algorithm 3.1: Interested Common Subregion Based Rigid Image Registration 

Input:   Given the source image  MSI and target images FTI  

    ( )    BS MSI BW I //BW convert source image to binary and  remove noise 

                                  and other artefact from it 

    ( )    BT FTI BW I //BW  convert target image to binary and   remove 
                       

 
 
 
         noise and other artefact from it 

 ( )   ( )  1   MSX i F I i upto N 
 // MSF (I ) get all the subregions from image MSI  

                                                                and assign it to X    

 ( )   ( ) 1    FTY i F I i upto M   //  ( )FTF I  get all the subregions from image  

                                                    FTI  and assign it to Y 

 1    ( ( ))    1    C Max X i for all i upto N   // Max select a maximum size region 

                                                             from all sub regions obtain from image X 

 2    ( ( ))   1     C Max Y i for all i upto M   // Max  select a maximum size region   

                                                               from all sub regions obtain from image Y 

 1 2 Re  ( ,  ) t g C C // Register both sub regions and get the transformation  

                                    parameters t. 

 (Re ) ( , )MS c MSI Transform I t  // Apply transformation  parameters t  to the    

                                                    original image MSI  and get the recovered image 

Output:  ( , )R FT MSI T I I   // Register fixed target and recovered source with global transformation 

                                T and get the final registered image 
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Figure 3.7: Examples of brain MRI images used for experiments 

 

3.3    Experimental Results 

The performance of proposed common subregion based rigid registration approach was 

evaluated on real brain MRI benchmark data sets obtained from Simulated Brain 

Database (SBD) [190]. However, the proposed method can also be evaluated on other 

organs of human anatomy such as chest, knees and vertebra. The number of images used 

in the experiment was 25, some of standard test images are shown in Figure 3.7. The size 

of images used in the experiments was 300×368 pixels. The algorithms were 

implemented in Matlab and tested on an i5 core 3.3 GHz with 8 GB RAM. To validate 
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the registration efficiency, accuracy and robustness of the proposed approach, we rotated 

the source image with a known rigid geometric transformation. The rotated source 

images were obtained from the original target image by applying different displacement 

parameters: 15
o
, 30

o
, 45

o
, 60

o
, 75

o
 and 90

o
. To demonstrate the computational efficiency 

and accuracy of the proposed approach, we performed extensive experiments on source 

and target images.  We performed the comparison on same datasets with standard rigid 

registration approach developed by R. Smriti et. al. [191] and results were evaluated by 

measuring mutual information measure (MI), mean square error (MSE), peak signal to 

noise ratio (PSNR) and computation time. Figure 3.7 shows some of the original target 

images, these images were further rotated at different angles to create source (moving) 

images.  

Table 1.1 summarizes the results of the existing approach [191] and proposed 

approach for the top left image (Image-1) in Figure 3.7. The evaluation parameters are 

MI, MSE, PSNR and computation time. As shown in the Table, the moving source 

image is rotated on different angles and is registered with fixed target image. The MI, 

MSE, PSNR and computation time is estimated for every rotation with existing approach 

and proposed approach. The MI and PSNR values for the proposed approach are greater 

than the existing approach while the values of MSE and computational time for the 

proposed approach are minimum than the existing approach. It is obvious from the 

obtained values that the proposed approach is better than the existing approach in terms 
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of efficiency and accuracy. Similar experiments were also performed for all the images 

in the selected dataset for both proposed approach and existing approach, the result are 

shown in appendix A. The obtained results for other tested images were also better (in 

terms of accuracy and efficiency) than the existing approach. In the experiments, the 

performance of existing approach and proposed approach was evaluated on all 25 data 

sets (six pairs of each image) using the above mentioned parameters. Here, we have 

provided the average comparison of existing and proposed approach. 

Registration is considered optimal if MI information between two images is 

maximum [192]. Maximization of MI involves finding a transformation from the co-

ordinate frame of source  image to that of the target image such that the MI between the 

two images is maximized. This metric is robust against changes caused through the use 

of different sensors, allowing registration even when the images have differing 

appearance [193]. 
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Table 3.1: Performance comparison of the proposed registration approach and standard global rigid 

registration approach based on Mutual information measure (MI), Mean square error 

(MSE), Peak signal to noise ratio (PSNR) and Computation time in different displacement 

parameters (Rotations (in degree)) for a single MRI data set. 

Synthetic 

Data Sets    

Image-1 

Displacement 

Parameters 

( ) 

Existing Approach [191] Proposed Approach 

MI                 

 

MSE 

 

 

PSNR (dB) 

 

Computation 

Time (s) 

MI                 

 

MSE 

 

 

PSNR (dB) 

 

Computation 

 Time (s) 

Pair-1 15 1.4405 161.2194 26.0906 11.6928 1.6017 140.4223 26.6904 8.460141 

Pair-2 30 1.2668 159.4395 26.1388 13.9279 1.1868 130.8309 26.9977 8.138362 

Pair-3 45 1.2156 158.8319 26.1554 12.2926 1.3238 128.5999 27.0724 7.76664 

Pair-4 60 1.3387 160.6464 26.10626 11.98328 1.92604 140.9816 26.6896 8.0581698 

Pair-5 75 1.2464 163.2551 26.0361 11.0123 2.0313 140.9931 26.6728 8.033708 

Pair-6 90 1.5243 160.4865 26.1104 10.9908 3.4866 164.062 26.0147 7.891998 

 

Mathematically, the MI of two random variables X and Y can be represented as 

  , ( , )
, ( , ) log

( ). ( ),
,

pX Y x y
pX Y x y

pX x pY yx y
x y               (3.16) 

Where , ( , )pX Y x y  is the joint probability mass function (pmf) of the random variables and 

( )pX x  and ( )pY y are the marginal probability mass functions of X  and Y respectively. In 

the registration, MI metric measures the degree of mismatch between the target image and 
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the moving source image. It can be successfully applied as similarity measure between two 

medical images due to robustness to outliers and efficiency in calculation. For two input 

images, MI can be expressed as 

          

, ( , )
, ( , ) log

( ). ( ),
M ( , , )

pX Y x y
pX Y x yFT MS pX x pY yx y

I I T 


             (3.17) 

Where FTI and 
/

MSI are target and transformed source images respectively while  T


 is 

linear transformation with the vector parameter 


. The transformation that accurately 

registers the images is expressed as 

             

/
. arg max ( , , )reg FT MST

MI I I 


  
 

                         (3.18) 

The estimated .reg


is then applied to the source image MSI to produce MSI reg . The target 

image FTI and the registered source image MSI reg are compared to test how well the 

registration process performed. 

To demonstrate the applicability of the proposed approach in terms of accuracy and 

robustness, we use mutual information (MI) measure as in equation (3.17), whose rule is that 

the higher values of MI are the better will be the registration approach in terms of accuracy 

and robustness. MI is maximum when a one-to-one mapping exists between source and 

target images. Most important of all, MI takes no prior functional relationship between 

source and target images. Rather, it takes a numerical association that can be captured by 

analyzing the images‘ joint entropy [194]. Figure 3.8 shows the estimated average mutual 
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information measure of all tested image data sets. In the experiments, MI is estimated for 

each fixed target image with its corresponding moving source image rotated at 15, 30, 45, 

60, 75 and 90 degrees. A seen in the Figure, the proposed approach shows maximum values 

of mutual information for all tested data sets as compared to the existing approach on 

different displacement parameters.  Therefore, it is obvious from Figure 3.8 that the 

proposed approach provides more accuracy and robustness then existing approach. 

 

Figure 3.8: The average MI comparison of the existing and proposed approach for all images in 

the selected datasets 

Mutual information metric considers only pixel values for comparing source and target 

images. In order to compare two images with pixel positions (geometry), mean square error 

(MSE) is an optimal parameter. The proposed approach and existing approach are also 
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evaluated on MSE. MSE is a popular metric for measuring the similarity between moving 

source image and fixed target image. MSE minimizes the distance between the gray scale 

values of the fixed and moving images.  Mathematically, MSE between two images is 

measured as 

 
2

11/ * 1 ( , ) ( , )y FT MS

M N
MSE MN x I x y I x y      (3.19) 

Where ( , )FTI x y is fixed target image, ( , )MSI x y is moving source image and M , N are the 

dimensions of images. 

Figure 3.9 shows the average values of MSE for the existing approach and proposed 

approach obtained from all images in the selected datasets. It can be seen in the Figure that 

the values of proposed approach on different transformation are lower than the existing 

approach, which means lower similarity errors and higher similarity between the source and 

target images.  
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Figure 3.9: The average MSE comparison of the existing and proposed approach for all 

images in the selected datasets 

Peak signal to noise ratio (PSNR) is another commonly used metric for the 

quantitative evaluation of registration algorithms. It is the ratio between the maximum 

possible power of a signal and the power of corrupting noise that affects the fidelity of its 

representation [195]. PSNR measure the quality of reconstruction in image enhancement. 

PSNR represents a measure of the peak error between transformed and fixed images. Peak 

signal to noise ratio is most easily defined via the MSE, therefore, to compute the PSNR, the 

block first calculates the MSE using the above equation (3.19). After the computation of 

MSE for the input images, PSNR is computed as 
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2

1010log ( )
R

PSNR
MSE

       (3.20) 

Where R is the maximum possible value of the input image. Figure 3.10 shows the average 

values of PSNR for the existing approach and proposed approach obtained from all images 

in the selected datasets. It can be observed from the Figure that the values of PSNR for the 

proposed approach are greater as compared to existing approach. This shows that the 

existing approach is more suitable to enhance and register medical images than proposed 

approach. 

.  

Figure 3.10: The average PSNR comparison of the existing and proposed approach for all 

images in the selected datasets 
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In this work, computation time was also considered as an evaluation metric for the 

performance comparison of existing and proposed approaches. Registration approach is 

more efficient if it takes minimum time and less memory space during execution. The 

computation time was estimated for the existing and proposed approach on the datasets of 

brain MRI images. The average computational time of the existing and proposed approach 

for all images in the data sets is shown in Figure 3.11. It is shown in the Figure that the 

proposed approach requires minimum execution time to complete the registration process 

for the target and source images with the size of 300 × 368. 

 

Figure 3.11: The average computational time (performance) comparison of the 

existing and proposed approach for all images in the selected datasets 
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3.4  Summary 

We presented a novel automatic approach for the rigid registration of medical images based on 

interested common subregions. Common subregions in set of MR images were automatically 

detected and incorporated into the proposed registration framework in order to improve the 

computational efficiency and accuracy of registration. Common subregions (tumor) in source 

images (rotated images) and target images (fixed images) of an organ were detected, 

segmented and mapped with local transformation function. The registration parameters 

obtained from local transformation were applied on the whole source image. The recovered 

whole source image was then registered with whole target image with global transformation. 

The proposed new approach for the rigid registration of medical images provides 

computational efficiency, accuracy and robustness. 
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Chapter 4 

Common Subregion Based Deformable 

Registration of Medical Images 

This chapter presents an efficient deformable registration method with the aim of higher 

registration accuracy. Instead of globally registering a deformed image (source image) DSI

 to a fixed image (target image) FTI , interested common subregions in two images are first 

detected, segmented and registered with local transformations. The obtained transformation 

parameters in local registration are then applied on the source image which recovered it 

according to the coordinates of fixed target image. The target image is then rigidly registered 

with the recovered source image. Finally, the obtained image from rigid registration is again 

registered with target image with deformable registration and a more informative image is 

obtained.  
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4.1 Introduction 

Registration transformation allows the translation and rotation of images during the 

registration process. The rigid body transformation has six degrees of freedom (three 

associated with image translation and three image rotation. In rigid registration, the variation 

or change in images is limited to global translation and rotation, therefore, the shape of 

images, distances, and angles among points remain the same. Rigid registration is mostly 

used for hard objects such as bone or skull. Rigid registration provide high computational 

efficiency and is mostly used for multimodality and intra-patient registration [196]. On the 

other hand, rigid body registration is not suitable for nonlinear local anatomical differences 

between different subjects, and for images of high deformation and complex local 

variations. Thus, a nonrigid registration is required which allows the registration of medical 

images with high deformation, complex local variations and inter-patient registration. 

Deformable registration is a form of nonrigid registration, which allows the alignment 

of medical images with high deformation, complex local variations, and inter-patient 

registration. Deformable registration warps source image ( DSI ) via deformation field ( DF ) 

to align ( DSI ) to the target image ( FTI ). Deformation field defines the motion of each image 

voxel from DSI  to FTI  which generates a registered image ( R ), as shown in Figure 4.1. 

Deformable image registration is an iterative process i.e. similarity measure between 
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deformed image (source image) DSI  and fixed image (target image) FTI  is estimated, 

optimization algorithm tries to maximize the similarity measures by changing DF  and the 

DSI  is deformed based on the DF . The similarity measure is re-estimated between the 

source image DSI  and the target image FTI . This optimization process is done iteratively until 

the improvement of the similarity measure reaches its target [197]. Deformable registration 

process is shown in Figure 4.2. 

 

 

Figure 4.1: Deformable registration. Image DSI  is deformed image (source image), image FTI  is 

fixed image (target image) and R is the registered image obtained from the 

alignment of source image space to their corresponding target image space via 

deformation filed (DF). 

Deformable registration is widely used in various image-guide surgery and radiation 

therapy applications including computed tomography (CT)-guided stereotactic, ultrasound-
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guided methods, daily treatment planning, adaptation to map planned tissue or dose to 

changing anatomy [198]. Deformable registration involve scaling, shearing and deformation 

along with translation and rotation. In deformable registration, a special association between 

source and target image is established during transformation. The correspondence between 

transformations signals are usually performed locally in a non-linear and dense fashion [46]. 

Natural deformation in human anatomy and physiology due to patient's breathing and 

anatomical changes requires deformable registration of medical images of a patient taken at 

different time points [199]. Deformable registration is widely used in clinical applications 

for the accurate mapping of medical images with large-scale local and global deformations. 

It is useful for many applications within medical research, medical diagnoses and 

interventional treatments. Deformable registration also enhances the planning, execution and 

evaluation of surgical procedures [200].  

Deformable registration methods either operate on images features such as lines, 

contours and points/ landmarks or on their gray levels i.e. directly on pixel or voxel data 

[201]. Methods belong to deformable registration can successfully determine the local 

differences in the anatomy and accordingly resolve them. The information provided by 

deformable registration also describes complex respiratory motion and physiological 

information that modern radiotherapy techniques, such as image-guided radiotherapy 

(IGRT), can exploit to potentially deliver high dose to tumors while reducing the risk of 

toxicity in the surrounding healthy tissue [202]. One of the main challenges today for 
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deformable registration methods is how to properly validate them on clinical data. The lack 

of adaptation in clinical workflow is due to their limited availability and high computational 

requirements [203]. Several other challenges includes recovering a local transformation that 

align two signals that have a non-linear relationship, proper alignment of tissue having 

abrupt change in volume, registering poor and non-diagnostic quality images, and designing 

image similarity for multi-model scans. 

 

Figure 4.2: The Process of Deformable Image Registration 

Deformable registration is still an area of ongoing research and most algorithms are 

in the stage of development and evaluation. The lack of standard algorithms for the 

automatic detection of subregions and their proper registration is one of their most 

significant drawbacks. Currently, most of the registration methods are based on manually 

identifying interested subregions in source and target images and accordingly register them. 
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At the current stage, deformable registration methods need further research for improvement 

in order to properly align medical images with tissue deformation and variability between 

subjects. Typical research objectives aim at minimizing the computation time and 

maximizing the accuracy.  

In this work, a robust interested common subregion based deformable registration 

method is proposed with the aim of higher registration accuracy and faster processing 

speed. Instead of globally registering image DSI  to a second image FTI , the two images are 

symmetrically deformed toward one another in multiple passes, until the images are matched 

and correct registration is therefore achieved. In the proposed registration process, first, an 

interested common subregion in fixed image (target image) is automatically detected and 

segmented from the whole image. After the detection and segmentation of interested 

common subregion from the target image, the algorithm detects similar subregion in 

deformed image (source image) and registers it to the interested subregion obtained from 

target image. The obtained parameters in local subregion registration are then applied to the 

source image which aligns it according to the coordinates of target image. The obtained 

recovered source image is then rigidly registered with target image and a final rigid 

registered image is obtained. In the last step, the obtained image from rigid registration is 

again registered with target image with deformable registration and a more accurate and 

informative image is obtained. The performance of proposed common subregion based 

deformable registration method was evaluated on real 2D brain MR images of glioma 

patients. To demonstrate the computational efficiency, accuracy, reliability and robustness 
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of the proposed method, extensive experiments were performed and the results were 

compared with existing standard deformable registration method developed by Lombaert, 

H., et al., [204]. The performance of the proposed method was evaluated using popular 

metrics i.e. mean square error (MSE), peak signal to noise ratio (PSNR, sum of square 

differences (SSD), cross correlation (CC) and computation time. 

The proposed common subregion based deformable registration method improves 

the registration (in terms of accuracy and efficiency) of medical images when compared to 

the existing approach of deformable registration. The proposed registration method for 

deformable images efficiently and accurately computes the similarity measures because the 

similarity is only estimated for small subregion rather than the entire image. This approach 

is also robust and reliable and will help clinicians to provide optimal and predictable 

treatments.   

4.2   Method 

An overview of the proposed deformable registration method is shown in Figure 4.3. It 

consists of four main steps: (1) pre-processing, (2) common subregion detection, (3) 

common subregion registration and parameters estimation, and (4) rigid and deformable 

registration of whole images. The description of each step is given in the subsequent 

sections. 
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4.2.1   Pre-processing 

In medical image analysis, preprocessing of images such as noise smoothing, contrast 

stretching, edge enhancements and linear filtering before registration has the potential to 

improve registration accuracy. In image registration, the main objective of preprocessing is 

to process input images so that the resultant images become more suitable for performing 

registration process. In other words, image registration can be performed more easily on 

images that are smooth [205]. Medical images are complex and often affected by noise, non-

uniform luminosity and contrast variability, because of non-ideal image acquisition 

conditions [206]. These imperfections cause low quality images followed by wrong results 

in registration. Therefore, before performing registration, it is effective to attenuate these 

effects and enhance the image features. In the proposed method, we have 

enhanced/smoothed the images with median filter in the preprocessing step, as shown in 

equation 4.1. Furthermore, the grayscale fixed target image is converted into binary image to 

properly detect the interested subregion. 

( , ) 1/ ( , )
MS FT

a a

S MS FTI a I a
I x y N F x I y I

 
        (4.1)  

Where ( , )SI x y is the value of the pixels at position ( , )x y  while a  determines the window 

size which is 2 1a   in each directions in source and target images. In equation 4.1, 

2 (2 1)N a  is the number of pixels averaged over, and SI is the obtained smoothed image.  
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Figure 4.3: An overview of the Proposed Deformable Registration Method 

In binary conversion, a standard threshold T  is defined, the pixels with lower 

intensity than threshold are set to 0 (zero) and the pixels with higher intensity than threshold 

are set to 255 (two fifty five). Equation (4.2) shows the mathematical expression which 

converts grayscale image into binary image.  

,

( , )0

255
( , )={

for g x y t

otherwise
b x y



  (4.2)                   

Where ( ,  )g x y  represents the input gray level image, ( ,  )b x y represents the output binary 

image and t  represents the threshold parameters. 
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4.2.2 Interested Common Subregions Detection 

Automatic detection, segmentation and registration of common subregions in deformable 

images are challenging due to complex and nonlinear deformations. In the proposed method, 

first an interested subregion is detected in binary fixed image (target image) with 

thresholding. The obtained interested subregion from binary fixed image is then converted 

into gray level form. The same interested subregion is then detected in the deformed image 

(source image) using Normalized cross correlation (NCC).  NCC is an important metric for 

feature detection and matching of subregions in two images. It has been commonly used as a 

metric to evaluate the degree of similarity (or dissimilarity) between two compared images. 

The main advantage of the NCC is that it is less sensitive to brightness and contrast 

variations and linear changes in the amplitude of illumination in the two compared images. 

Moreover, NCC allows matching image features independent of scale and offset in the 

images [207]. Let DSI denote two dimensional source image represented with intensity value 

( , )DSI x y of the size x yW W  at the point ( , ), {0,...., 1}, {0,...., 1}x yx y x W y W    . The 

pattern (common subregion) is represented by a given target image FTI of the size x yH H . 

In order to calculate the position ( , )pos posi j for DSI  and FTI , which has been shifted by i

steps in the x direction and by j steps in the y direction. Equation (4.3) shows the 

mathematical equation for normalized cross correlation coefficient for two images [208]. 
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( ( , ) )( ( , ) )
,

( ( , ) ) ( ( , ) )
, ,

DS DS FT FTi j

DS DS FT FTi j

I x y I I x i y j I
x y

I x y I I x i y j I
x y x y


   


   



 
           (4.3) 

Where 
FTI is the mean value of the target image FTI  and 

,DS i j
I denotes the mean value of 

( , )DSI x y within the area of the target image FTI shifted to ( , )i j which is calculated by 

       

11

,

1
( , )

yx
j Hi H

DS DSi j
x i y jx y

I I x y
H H

  

 

              (4.4) 

In the proposed method, we have applied a function F on target image which detect 

all subregions in binary target image using thresholding, as shown in equation (4.5).  

       
( )  ( ) 1  FTX i F I i upto N            (4.5) 

Where N shows total number of obtained subregions in FTI . After the identification of all 

subregions in target image, an interested common subregion is detected and segmented as 

1 C = Max(X(i))  for all i = 1 upto N           (4.6) 

Where Max  selects maximum subregion in target image and assigned it to common 

subregion 1C . The maximum subregion may be a tumor tissue, which is usually different 

from normal tissues. In the next step, similar subregion is detected in the deformed source 

image through normalized cross correlation (NCC) as 

                 2 1( , )DSC NCC I C                         (4.7) 
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4.2.3 Interested Common Subregion Registration and Parameters Estimation 

Finding correspondences and transformation of interested common subregions obtained 

from multiple input images is a very active area of research. The mapping of source image 

and target image involves estimation of similarity measure between the input images and 

transformation parameters. Mathematically 

 info ( , ( )arg max FT DST M I T I                       (4.8) 

Where T represents the spatial transformation matrix, T  is the optimum transformation, FTI

and DSI are the fixed target and moving source images, respectively, infoM  represents mutual 

information as a measure of similarity between the two images. In the proposed method 

interested common subregions are registered with rigid transformation which involves 

rotation and translation as 

        
/

vc Rc T                             (4.9) 

Where R  is the rotation matrix for 2D images, c  and c  are the original and new 

coordinates in dR , with d being the dimensionality of images, and vT  is the translation 

vector. For example c  is the point (c,d) , then c is the transformed point of ( , )c d   in two 

dimensions. The rotation R  in matrix form is expressed as 
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cos sin 0

sin cos 0

1 0 0 1 1

c c

d d

 

 

     
         
    
    

  (4.10) 

The coordinates of the point after rotation are c , d  , and mathematically it is represented as  

    
/ cos sinc c d         (4.11) 

       
/ sin cosd d c                         (4.12) 

Where   is the angle of rotation in c  and d directions. By applying the translation 

parameters to an object, all points are translated to new positions. The translation T  in 

matrix is represented as 

      

1 0

0 1

1 0 0 1 1

c

d

c c

d d

t
t

     
          

    
    

               (4.13) 

After translation and rotation, the coordinates of target image ( , )c d and source image 

( , )c d  are related by forward and reverse mapping as shown in (4.14) and (4.15) 

respectively. 

( , )
, ( )

( , )

c c c d
or c c c

d d c d

 
 

 
              (4.14) 

( , )
, ( )

( , )

c c c d
or c c c

d d c d

 


 
            (4.15) 
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The alignment of fixed target image and deformed source image can be expressed as 

( , ) ( ( , ), ( , ) ( ) ( ( )
,

( , ) ( ( , ), ( , )) ( ) ( ( )

DS FT DS FT

FT DS FT DS

I c d I c c d d c d I c I c c
or

I c d I c c d d c d I c I c c

         
 

    
   (4.16) 

Where ( , )FTI c d or ( )FTI c denote the fixed target image and 
' '( , )DSI c d or 

'( )DSI c

represent deformed source image. 

In the proposed registration method, the common subregions are extracted from the 

fixed target and deformed source image and are aligned by using mutual information as 

  1 2
,( )T F C C                 (4.17) 

Where, 1C and 2C represent common subregions in fixed target image and deformed 

source image respectively. In the equation, F is the similarity metric which aligns the 

images, using mutual information. In the equation, T is the obtained transformation 

parameters obtained from common subregions registration.  

4.2.4    Rigid and Deformable Registration of Whole Images 

In the proposed method, registration consist of two components: rigid registration rigidR

and deformable registration deformableR , which can be written as 

( , ) ( , ) ( , )rigid deformableR x y R x y R x y        (4.18) 
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Where ( , )rigidR x y is a rigid registration of recovered source image and fixed target image 

and ( , )deformableR x y is the deformable registration of rigidly registered source image and 

target image.  

The translation, rotation and deformation parameters obtained from the registration of 

common subregions were estimated. The obtained parameters are then applied on the 

original deformed source image. These parameters recovered the deformed source image 

according the coordinates of original target image. Mathematical expression for the 

recovery of deformed source image as shown in equation (4.19). 

                        
( )DS DSI T I                          (4.19) 

The obtained transformation parameters T  applies translation, rotation and 

deformation on the whole deformed source image DSI . In the next step, rigid registration 

between recovered source image and fixed target image was initially performed to align 

the images followed by deformable registration. Rigid registration allows translation, and 

rotation and it is successfully used for the fusion of medical images in a clinical setting. 

However, since the human body is intrinsically deformable and the shape of an organ 

varies either with time (tumor growth etc) or with breathing (inhalation and exhalation). 

Rigid transformation often provides insufficient registration. Moreover, restricting the 

registration of two images to simple rigid transformations is often met with remaining 

uncertainties due to the deformable nature of soft tissue [95]. Therefore, deformable 



Chapter 4. Common Subregion Based Deformable Registration of Medical Images 
 

 

172 

 

registration was required to cope with local differences between images [209].  In 

deformable registration, a regularization parameter is imposed with the purpose of 

generating accurate deformations. In the proposed method, rigid registration mapped the 

moving source image with the fixed target image and a registered image is obtained. This 

registered image was again aligned with fixed target image with deformable registration 

and a final registered image was obtained. 
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4.2.5 Algorithm Implementation 

The proposed deformable registration method for medical images is performed with the 

following algorithmic implementation.  

Algorithm 4.1 Automatic Common Subregions Based Deformable Registration 

Start: Initialization of input images: FTI , DSI  

1:         Convert fixed target grayscale image to binary image and apply smoothing   filter:   

                
FT FT

BS
I I     

2:         Find interested subregion by thresholding and segment it from the target image:   

               ( ) ( )FT ROI FTI F I         

3:         Find Similar interested subregion in deformed source image with NCC: 
 

              ( ) ( )DS ROI DSI NCC I  

4:         Apply local transformations on interested common subregion using rigid and   

            deformable registration   algorithms: ( ) ( ) ( )( , )C ROI L FT ROI DS ROII T I I  

5:         Apply estimated parameters obtained during common subregions transformation on  

            deformed whole source  image: ( cov ) ( )DS re ered L DSI T I  

6:        Align recovered source image into the coordinates of fixed target image with rigid  

            registration:     ( cov )( , )rigid FT DS re eredRI T I I  

7: Align the image obtained from rigid registration into the coordinates of fixed target  

            image with deformable registration: ( , )Final FT rigidRI T I RI  

8: Resultant output registered image: FinalRI
 

End 
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All the experiments were conducted on a Window workstation with two Intel Xeon x5560 

six-Core 2.80 GHz processors. 

4.3   Results and Discussion 

The proposed methodology was implemented in Mathworks MATLAB 

R2014a and executed on a machine with 8 GB of memory which was 

powered by Intel Corei5 vPro. The registration on real images was evaluated using MSE, 

PSNR, SSD, CC and computation time. The results for an image pair are shown in Table 4.2 

and Figure 4.11-4.15. Note that the similar results for more image pairs are also shown in 

appendix B. From the estimated results, it is observed that the proposed registration method 

was more efficient, accurate and robust than the existing method.  

4.3.1 Performance Metrics 

The problem of image registration is often considered as an optimization problem, because it 

looks for increasing some similarity metrics between the two images to be registered by 

moving points with a reasonable deformation field. Common choices of image similarity 

metric include mean square error (MSE), sum of squared differences (SSD), peak signal to 

noise ratio (PSNR) and cross-correlation CC). Similarly, the efficiency of registration 

method is evaluated on the basis of computation times it takes during execution. Beside 

similarity metric, deformable registration also required additional regularizing constraints to 

enable a reasonable estimation of the displacement field and avoid the ill-posed problem. In 



Chapter 4. Common Subregion Based Deformable Registration of Medical Images 
 

 

175 

 

general, given the target image FTI  and the source image DSI , the common form of 

deformable registration problem is 

arg rg ( , ) ( )min ( ) mino

sim FT DS regT TT I I T FF T a F T      (4.20) 

Where ( , )sim FT DSI I TF   is similarity measure between source image and target image, and 

( )regF T is the regularization constraint, which ensures that the minimization problem is to be 

well-posed. In equation 4.20, the set T is the space of admissible transformations. In 

deformable registration, the optimal transformation 
oT  is obtained by minimizing the 

overall cost function. In this work, we have evaluated the performance of proposed 

deformable registration method and existing method with following metrics: 

I.  Mean Square Error (MSE) 

 Mean Square Error (MSE) is widely used simplest quality metric for measuring similarity 

between the target image and the source image.  The MSE represents the average of the 

squares of the errors between target image and source image. The error is the amount by 

which the values of the fixed image differ from the deformed image. For a given two 

images, the MSE is used to measure the registration quality, mathematically 

2

( ) ( )

1

1
( , ) * ( )

N

DS FT DS i FT i

i

MSE I I I I
N 

                     (4.21) 
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Where ( )DS iI and ( )FT iI  are the intensity of  thi  pixel of the source image DSI  and target 

image FTI , and N  is the number of considered pixels. A lower value of MSE means lower 

similarity error and higher similarity between the two images. 

II.   Peak Signal to Noise Ratio (PSNR)  

Peak Signal to Noise Ratio (PSNR) is a useful metric for evaluating the performance of 

registration. It measure the difference between source and target images [64]. The higher the 

PSNR, the better deformed source image has been reconstructed to match the fixed target 

image and the better the registration algorithm. PSNR is measured in decibels (dB). If p  is 

the largest possible value of the signal, MSE is the difference between source and target 

image, then PSNR is define as 

                
1020log ( )

P
PSNR

MSE
                               (4.22) 

III.   Sum of Square Differences (SSD)  

Sum of square differences (SSD) is a popular similarity metric which accumulate the square 

of intensity difference between the fixed target image FTI and deformed moving source 

image DSI . Mathematically it is expressed as 

    

21
( ( , , ) ( , , ))FT DS x y zSSD I x y z I x v y v z v

N
             (4.23) 
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Where N denotes the total number of voxels in the source image DSI after the application of 

deformation field v


. 

VI.   Cross correlation (CC) 

Cross correlation (CC) metric is another similarity measure widely used for intramodality 

registration. CC is an ideal metric for the registration of medical images whose intensities 

are linearly related [67]. Therefore, CC can deal with differences in image contrast and 

brightness. 

( ) ( )

2 2

( ) ( )

( )( )

( , )

( ) ( )

DS x DS FT x FT

x
DS FT

DS x DS FT x FT

x x

I I I I

CC I I

I I I I

 



 



 
          (4.24) 

Where DSI  is the mean pixel value of source image DSI  in the overlapping region and FTI is 

the mean pixel value of target image FTI in the overlapping region. 

V.  Computation Time 

Registration method is more efficient if it takes minimum time and less memory space 

during execution. The efficiency of registration algorithm is measured on the bases of 

computation time it takes during the registration process. Computation time is important in 

the registration of preoperative images obtained from human anatomy [210]. It also plays a 



Chapter 4. Common Subregion Based Deformable Registration of Medical Images 
 

 

178 

 

critical role in interaoperative navigation in IGS. Automated registration reduced the 

intraoperative registration time considerably and partially compensated for the time needed 

to perform the image data acquisition.  In this study, we have also considered computation 

time as an evaluation metric for the performance comparison of existing and proposed 

method.  

4.3.2   Qualitative Evaluation 

The performance of the proposed registration method was evaluated on sixteen 2D 

MRI slices of glioma patients obtained from benchmark BRATS [211]. The size of images 

used in the experiments was 234×310 pixels. The algorithms were implemented in Matlab 

and tested on an i5 core 3.3 GHz with 8 GB RAM. We evaluate the performance of the 

proposed deformable registration methods on the selected image data set in comparison with 

the latest standard existing deformable registration method [204]. 

The proposed method has been used to register the fixed image (target image) and 

deformed image (source image) deformed at different levels. In order to qualitatively 

visualize the whole process, the results are presented in several steps. Figure 4.4 shows the 

input target image and source image. The source image is obtained by applying different 

transformation i.e. translation, rotation and deformation on fixed image. 
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Figure 4.4: Fixed image (target image), (left) and deformed image (source image), (right) 

The interested common subregion in target image and its mapping with the same 

interested region in the source image is shown in Figure 5.5. In the experiments, the 

interested common subregions in target and source images are automatically detected with 

thresholding and normalized cross correlation (NCC) respectively. The interested common 

subregions in both images are at different position (due to deformation) but we can see in 

the Figure that they are properly mapped. The white area in mapped image shows similar 

regions while the green and purple areas show different regions. Since the detection and 

mapping of interested common regions in the source image and target image is performed 

through NCC, the coordinated plot obtained during this process is also shown in Figure 4.6. 

In the Figure, the maximum point shows the highest similar common subregion between two 

images. 
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Figure 4.5: Interested subregion obtained from fixed target image (left) and its mapping 

with similar (common) subregion in moving source image (right) 

 

Figure 4.6: Coordinated plot for the registration of common subregions between source 

and target images 
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The registration parameters obtained from the transformation of interested 

subregions from the previous stage, when applied to the whole source image, its shapes and 

coordinates are recovered and is rigidly registered with the original target image, as shown 

in Figure 4.7.  

 

Figure 4.7: Rigid registration of fixed target image (a) and recovered source image (b). 

Image (c) is the registered image 

Finally, deformable registration is performed between the target image and the 

resultant image obtained from rigid registration. As a result of deformable registration, a 

high quality and more visually informative resultant image is obtained, as shown in Figure 

4.8. In the Figure, the final registered image obtained from the implementation of existing 

method on same set of images is also shown. It is clear from the Figure, that the visual 

quality of registered image obtained from the proposed method is better than the registered 

image obtained from the existing method. 
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Figure 4.8: Resultant images obtained from the proposed and existing deformable registration. 

Image (a) is fixed target image, image (b) rigidly registered image, image (c) is the 

registered image obtained from proposed deformable registration and image (d) is  

the registered image obtained from the existing deformable registration method. 

The visual representation of registration results for the existing and proposed method 

is shown in Figure 4.9 and Figure 4.10 respectively. It is shown in both Figures, that the 

deformation field (e) generated by the registration algorithms maps each and every voxel in 

a source image to a corresponding voxel within target image. In the Figures, sampling grid 

(f) is used by the interpolator to warp the source image (b) into recovered image (c). In 

Figure 4.9 and 4.10, after registration, the difference image (d) between the target image (a) 

and source image (b) is also shown. It is obvious from both Figures, that the deformation 

field generated by the proposed method is optimum than the deformation field generated by 

the existing method because it clearly show how the voxels in the source image have been 

displaced with respect to their original positions in the target image. Moreover, the 
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recovered image in the proposed method is also visually perfect as compared to the 

recovered image obtained from the existing method. In the proposed method, registration 

has successfully matched tissues of similar density because the difference image is more 

similar to the target image. On the other hand, the difference image obtained from the 

existing method has low level of similarity which shows that the registration has not 

successfully matched tissues of similar density.  

 

Figure 4.9: Visual registration results of the existing method, (a) target image, (b) original source 

image, (c) recovered source image, (d) difference image, (e) deformation field, (f) 

Sampling grid. 
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Figure 4.10: Visual registration results of the proposed method, (a) target image, (b) original 

source image, (c) recovered source image, (d) difference image, (e) deformation 

field, (f) Sampling grid. 

4.3.3   Quantitative Validation 

To demonstrate the computational efficiency, accuracy and reliability of the proposed 

deformable registration method, several types of experiments were performed on the 

selected images. The results obtained from the proposed method were compared with the 

results obtained from the existing deformable registration method. The results were 
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evaluated by measuring mean square error (MSE), peak signal to noise ratio (PSNR), sum of 

square difference (SSD), cross correlation (CC) and computation time. Table 4.1 shows the 

values of MSE, PSNR, SSD and CC at different levels for MR images before deformation 

and after deformation. Table 4.2 summarizes the results of the existing registration method 

and proposed registration method for the image pairs shown in Figure 4.4. As shown in 

Table 4.2, the MSE, PSNR , SSD, CC and computation time is estimated at different levels 

of deformation for the existing and proposed methods. The values obtained for MSE, SSD 

and computation time for the proposed registration method are smaller than the existing 

method while the values of PSNR and CC for the proposed method are greater than the 

existing method. Therefore, it is obvious from the obtained values that the proposed method 

is better than existing method in terms of efficiency and accuracy. Moreover, the proposed 

method is reliable and robust because we have performed the same experiments on all 

images in the selected dataset and the obtained results were better than the existing method. 
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Table  4.1: The values of MSE, PSNR, SSD and CC at different levels for MR images before deformation and after deformation. 

Levels 
Original/ No Deformation After Deformation 

MSE PSNR SSD CC  MSE PSNR SSD CC  

1 0 Infinite 0 1  825.7294 18.99642 3240162 0.9154194  

2 0 Infinite 0 1  1438.372 16.58609 5644173 0.8543706  

3 0 Infinite 0 1  1768.669 15.68833 6940257 0.8233890  

4 0 Infinite 0 1  1942.759 15.28061 7623387 0.8086029  

5 0 Infinite 0 1  2104.972 14.93234 8259910 0.7955509  

6 0 Infinite 0 1  2209.607 14.72165 8670497 0.7887779  

7 0 Infinite 0 1  2266.85 14.61057 8895117 0.7880491  

8 0 Infinite 0 1  2297.263 14.55269 9014460 0.7887829  

9 0 Infinite 0 1  2343.469 14.46621 9195773 0.7888829  

10 0 Infinite 0 1  2398.773 14.36491 9412784 0.7883346  

11 0 Infinite 0 1  2468.39 14.24066 9685962 0.7863189  

12 0 Infinite 0 1  2548.052 14.10272 9998555 0.7824822  

13 0 Infinite 0 1  2627.039 13.97013 1.03E+08 0.7787932  

14 0 Infinite 0 1  2700.216 13.85081 1.06E+08 0.7766526  

15 0 Infinite 0 1  2768 13.74314 1.09E+08 0.7742719  

16 0 Infinite 0 1  2842.557 13.62771 1.12E+08 0.7710373  

17 0 Infinite 0 1  2905.667 13.53234 1.14E+08 0.7682854  

18 0 Infinite 0 1  2989.251 13.40917 1.17E+08 0.7630462  

19 0 Infinite 0 1  3085.102 13.2721 1.21E+08 0.7577048  

20 0 Infinite 0 1  3148.207 13.18417 1.24E+08 0.7545217  
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Table 4.2: Quantitative comparison of the proposed registration method and standard deformable registration method based on 

MSE, PSNR, SSD, CC and Computation time at different deformation level for a single pairs of MR images. 

Levels 
 

Existing Method Proposed Method 

  

 MSE PSNR SSD CC Time (s) MSE PSNR SSD CC Time (s) 

            

1  20.82816 34.97829 817297 0.997877 1.32303179 27.35701 33.79411 1073489 0.997203 0.525446851 

2  23.21779 34.50659 911066 0.997611 2.472854791 11.82225 37.4378 463905 0.998777 0.336301732 

3  30.32694 33.34651 1190029 0.996868 3.774596132 18.29743 35.5409 717991 0.998107 0.305592925 

4  43.49506 31.7804 1706746 0.995498 6.527852962 39.72594 32.17406 1558846 0.995898 0.415509214 

5  58.95981 30.45924 2313583 0.99389 9.288054302 46.45991 31.49402 1823087 0.995189 0.224566389 

6  91.58876 28.54638 3593943 0.990508 4.921569239 57.39434 30.57611 2252154 0.994055 0.255190627 

7  144.6986 26.56015 5677975 0.985023 5.181088485 56.71032 30.62818 2225313 0.994122 0.276146905 

8  164.1804 26.01159 6442439 0.98302 4.726838052 56.49628 30.6446 2216914 0.994137 0.34308942 

9  177.0232 25.6845 6946392 0.981726 5.746873924 58.20336 30.51532 2283900 0.993966 0.273932511 

10  189.4137 25.39069 7432592 0.980469 8.214586016 15.6107 36.23057 612564 0.998384 0.33841021 

11  224.7378 24.64804 8818712 0.976855 8.952800239 86.40117 28.7996 3390382 0.991033 0.186908556 

12  260.301 24.01004 10214210 0.973221 11.24253073 15.76093 36.18898 618459 0.998368 0.592616388 

13  287.6309 23.57644 11286638 0.970465 12.87360466 56.57862 30.63828 2220145 0.994127 0.192902281 

14  363.5138 22.55959 14264282 0.96283 23.5975608 18.4353 35.5083 723401 0.998089 0.421814941 

15  1093.932 17.77489 42925910 0.892978 2.649634773 56.516 30.64308 2217688 0.994135 0.22838472 

16  1041.372 17.98874 40863420 0.898517 5.457292864 73.60003 29.49602 2888065 0.992389 0.226125578 

17  1227.78 17.27359 48178103 0.881002 3.84829965 58.26012 30.51109 2286127 0.993963 0.330819527 

18  1231.641 17.25996 48329574 0.88096 4.897889511 54.04169 30.83751 2120596 0.994401 0.617576967 

19  1594.103 16.13963 62552614 0.848631 2.025032422 23.95076 34.37161 939828 0.99752 0.280842537 

20  1751.542 15.73059 68730515 0.837848 1.924398195 3148.207 13.18417 2633805 0.993083 0.212348633 
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The performance of the proposed method based on MSE, PSNR, SSD, CC and 

computation time is also shown graphically in comparison with the existing method. In 

order to compare two images with pixel positions (geometry), mean square error (MSE) is 

an optimal parameter. MSE is a popular metric for measuring the similarity between 

deformed source image and fixed target image. MSE minimizes the distance between the 

gray scale values of the two images. Figure 4.11 shows the graphical representation of MSE 

at different deformation levels between target and source images: before deformation, after 

deformation, using existing method and proposed method. In the Figure, MSE is zero before 

deformation, high after deformation, minimized upto some level with existing registration 

and almost near to zero in the proposed method. This shows that the region to region 

correspondence is perfectly established with the existing method.  
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Figure 4.11: Mean square error (MSE) before deformation (purple), after deformation (blue), 

with existing method (yellow) and proposed method (orange) 

After the estimation of MSE, peak signal to noise ratio (PSNR) was estimated which 

measures the quality between the target image and source image. The higher the PSNR, the 

better the quality of the deformed source image. The PSNR between two images after 

deformation, with existing method and with proposed method is shown in Figure 4.12. In the 

Figure, the high PSNR  values for the proposed method show that our registration algorithm 

tried to perfectly resembled the deformed source image with fixed target image. Therefore, 

we accurately conclude that it is better registration method. 
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Figure 4.12: Peak signal to noise ratio (PSNR) of the existing method (yellow), proposed method 

(orange) and after deformation (blue) 

The proposed registration method was also evaluated on sum of square difference 

(SSD) metric as shown in Figure 4.13. In the Figure, the value of SSD is at the lowest points 

before deformation and at the highest points after deformation of input images. In the 

Figure, the value of SSD is closed to the minimum levels in case of proposed registration 

method which shows the correct alignment of target image and source image. On the other 

hand, the value of SSD obtained from existing registration algorithm is maximum than the 

proposed registration algorithm. 
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Figure 4.13: Sum of square difference (SSD) value of the existing method (yellow), proposed 

method (orange), with deformation (blue) and without deformation (purple) 

One of the objectives of registration algorithm is to maximize cross correlation and 

minimize cost. In this study, we have also evaluated the performance of proposed method 

with cross correlation (CC). CC measure the similarity between the intensities/features of 

target image and source image. As shown in Figure 4.14, the CC obtained for the proposed 

method is almost 1 which shows that the final registered image and target image are 

identical.   
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Figure 4.14: Cross correlation (CC) of the existing method (yellow), proposed method (orange), 

with deformation (blue) and without deformation (purple) 

Registration algorithm is more efficient if it takes minimum time and less memory 

space during execution. To find the efficiency of the proposed registration method, 

computation time of the registration process was estimated as shown in Figure 4.15. It is 

shown in the Figure, that the proposed method take minimum execution time to complete 

the registration process for the input images as compared to existing method. 
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Figure 15: Computational time (efficiency) of the existing method (blue) and proposed method 

(orange) 

4.4   Summary 

In this chapter, we investigated a framework for the use of interested common subregions in 

deformable registration. Interested common subregions were automatically detected and 

mapped with local transformations. The local transformations were then incorporated for the 

recovery of deformed source image and for the global rigid and deformable registration of 

whole images in order to improve the ability to cope with missing tissue and non-stationary 

image intensity characteristics. The performance (accuracy, efficiency, reliability and 

robustness) of the proposed deformable registration method was evaluated and validated on 
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sets of MR brain images of glioma patients. The evaluation parameters were mean square 

error (MSE), peak signal to noise ratio (PSNR), sum of square difference (SSD), cross 

correlation and computation time. Based on the obtained results, the proposed deformable 

registration method performed better than the existing method. 
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Chapter 5 

Conclusion and Future Work  

 

The research carried out in this thesis primarily discusses on the automatic, efficient 

and accurate registration of medical images using their interested common subregions. 

This chapter summarizes the work in this thesis, specifying the contributions, 

limitations in the study and provides some idea for future work. 

5.1  Discussion and Conclusion  

In this work, automatic novel registration approaches for medical images have been 

investigated. The proposed approaches were based on the detection and segmentation 

of interested common subregions from fixed image (target image) and 

moving/deformed image (source image).  The first approach was developed for the 

rigid registration of medical images based on interested common subregions. 

Interested common subregions in set of brain MR images were automatically detected 

with proposed method. The detected interested common subregions were incorporated 

into the proposed registration framework in order to improve the computational 

efficiency, accuracy and robustness of registration. The detected interested common 
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subregions were automatically segmented and registered with local transformation 

parameters. The registration parameters obtained from local transformation were then 

applied on the whole source image. As a result, a recovered whole source image, 

similar to the fixed target image was obtained. The recovered source image is then 

registered with the whole target image with global transformation. It is obvious from 

the obtained results that the proposed registration approach was more effective than 

existing approach in terms of accuracy, efficiency and robustness.  

For deformable registration, we have proposed a novel registration method that 

automatically registered medical images with high deformations. Interested common 

subregions in source and target images were automatically detected with proposed 

method. The obtained interested common subregions were registered with local 

transformation parameters. The local transformation parameters were used for the 

recovery of source image. The final registered image was obtained from the global 

rigid and deformable registration of recovered whole source image and target image. 

The experiments were successfully performed on deformable images with high 

deformation and the obtained results were better than the existing deformable 

registration. 

The performance of proposed approaches and existing approaches were 

evaluated on sets of brain MR images obtained from standard repositories. However, 
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the proposed approaches are generic and can be used for other types of images e.g. 

MRI, CT. The evaluation parameters were mutual information (MI), mean square error 

(MSE), peak signal to noise ratio (PSNR), sum of square difference (SSD), cross 

correlation (CC) and computation time. MI as similarity measure was used for the 

analysis of proposed rigid registration. The obtained values of MI for the proposed 

approach shows more similarity between original target image and registered source 

image. Similarly, the proposed rigid and deformable registration approaches were also 

evaluated on MSE. Based on MSE similarity metric, the proposed approaches 

generates lower similarity errors and provides high similarity between the target image 

and registered source image.  

Unlike the existing approaches, the proposed common subregion based 

registration approaches successfully registered the set of fixed and moving/deformed 

MR images in the presence of noise and other artifact. This is obvious from the greater 

values of PSNR obtained in the experiments for the proposed approaches. In the 

proposed registration experiments, high values were obtained for CC and lower values 

were obtained for SSD between target image and registered source image which show 

high registration accuracy. Computation time calculated for all successful registrations 

using proposed common subregion based approach was minimum than existing 

approaches showing better registration efficiency. Moreover, the proposed registration 

approaches are reliable and robust because we have performed the same experiments 
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on all images in the selected datasets and the obtained results were better than the 

existing methods. 

The proposed approaches were also qualitatively analyzed and compared with 

the existing approaches. The visual results in the deformable registration show that the 

registration algorithms map each voxel in a source image to the corresponding voxel 

within target image. It is obvious from the obtained images that the deformation field 

generated by the proposed method is optimum than the deformation field generated by 

the existing method because it clearly show how the voxels in the source image have 

been displaced with respect to their original positions in the target image. Moreover, 

the recovered images in the proposed approaches were also visually perfect as 

compared to the recovered image obtained from the existing approaches. 

   5.2 Limitations and Future Directions 

Much work can still be done in the area of automatic interested subregions based 

image registration. The challenge in this work were to automatically detect the common 

subregions in fixed (target image) and moving/deformed (source image) images and 

registered them with high accuracy and efficiency. However, our experiments successfully 

detected and segmented the common subregions from target and source images and 

registered them with efficient alignment techniques. Possible limitations of the proposed 

registration approaches are: automatic detection and registration of interested common 
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subregions in functional and structural images (e.g. PET and CT), common subregion based 

registration of deformable images taken at inhalation and exaltation and dynamic 3D 

imaging. In addition to some limitations of the proposed registration approaches, future 

gains (and ultimately clinical implementations) may also be obtained by investigating how 

to implement and analyze the available interested common subregion based registration. 

All the experiments were performed on 2D MR brain images (with tumor, deformed 

and changed by angle). There are still some technical issues to be investigated in the future. 

These issues include: 

 The proposed approach can be extended to automatic common subregion 

detection and registration of 3D images of different nature (functional and 

structural images). Due to the different nature of the images, the appearance 

of interested subregions in one image i.e. MR differs from another image i.e. 

PET. Therefore, it is not always straightforward to automatically detect and 

register such types of images. 

  Automatic detection and registration of dynamic 3D imaging is also a 

valuable future research topic since radiation therapy often deals with moving 

organs such as lungs. Radiation therapy always required inputs from imaging 

for treatment planning as well as execution, when the interested subregion (or 

treatment target) is not properly located on the surface and visual 

confirmation are not feasible.  
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 In future work it would be interesting to investigate the performance of this 

framework to more complex deformable images. This would include for 

example patient‘s images obtained at inhalation and exaltation.  Interested 

common subregions based registration of deformable images at inhalation 

and exaltation can be a valuable future research topic. 

  Interested common subregion detection and registration in real time 

fluoroscopy is another crucial component to be considered in the future. It 

would be beneficial to use the proposed approaches in radiation therapy for 

the detection and registration of interested common subregions in 

preoperative images and intraoperative guidance system. 

 Finally, further work includes validation using a larger number of datasets. 

The validation tests performed on larger datasets will ensure that the obtained 

results from the proposed approaches are not specific to the dataset used. 

 

 

 

 

 

 

 

 

 

 



Bibliography 
 

 

201 

 

Bibliography  

[1] H. Zhang, J. E. Fritts, and S. A. Goldman, "Image segmentation evaluation: A survey 

of unsupervised methods," Computer vision and image understanding, vol. 110, pp. 

260-280, 2008. 

[2] F. Alam and S. U. Rahman, "Intrinsic Registration Techniques For Medical Images: 

A State-Of-The-Art Review," Journal of Postgraduate Medical Institute (Peshawar-

Pakistan), vol. 30, pp. 119-132, 2016. 

[3] F. Alam, S. U. Rahman, M. Hassan, and A. Khalil, "An Investigation Towards Issues 

and Challenges In Medical Image Registration," Journal of Post Graduate Medical 

Institute, Peshawer, Pakistan, vol. 31, pp. 224-233., 2017. 

[4] F. Alam, S. U. Rahman, A. Khalil, S. Khusro, and M. Sajjad, "Deformable 

Registration Methods for Medical Images: A Review Based on Performance 

Comparison," Proceedings of the Pakistan Academy of Sciences: A. Physical and 

Computational Sciences, vol. 53, pp. 111-130, 2016. 

[5] F. Alam, S. U. Rahman, A. Khalil, S. Ullah, and S. Khusro, "Quantitative Evaluation 

of Intrinsic Registration Methods for Medical Images," Sindh University Research 

Journal - SURJ (Science Series), vol. 491, pp. 43-48, 2017. 

[6] F. Alam, S. U. Rahman, S. Khusro, S. Ullah, and A. Khalil, "Evaluation of Medical 

Image Registration Techniques Based on Nature and Domain of the 



Bibliography 
 

 

202 

 

Transformation," Journal of Medical Imaging and Radiation Sciences, vol. 47, pp. 

178-193, 2016. 

[7] F. Alam, S. U. Rahman, S. Ullah, A. Khalil, and A. Uddin, "A Review on Extrinsic 

Registration Methods for Medical Images," Technical Journal University of 

Engineering and Technology Taxila, vol. 21, pp. 110- 119, 2016. 

[8] G. Song, J. Han, Y. Zhao, Z. Wang, and H. Du, "A Review on Medical Image 

Registration as an Optimization Problem," Current Medical Imaging Reviews, vol. 

13, pp. 274-283, 2017. 

[9] D. Fortin, P. S. Basran, T. Berrang, D. Peterson, and E. S. Wai, "Deformable versus 

rigid registration of PET/CT images for radiation treatment planning of head and 

neck and lung cancer patients: a retrospective dosimetric comparison," Radiation 

Oncology (London, England), vol. 9, pp. 50-50, 2014. 

[10] S. Kabus, H. Ruppertshofen, and H. Schmitt, "Registration of medical images," ed: 

Google Patents, 2017. 

[11] M. Esteghamatian, Z. Azimifar, P. Radau, and G. Wright, "Real time cardiac image 

registration during respiration: a time series prediction approach," Journal of Real-

Time Image Processing, vol. 8, pp. 179-191, June 01 2013. 

[12] N. Sharma and L. M. Aggarwal, "Automated medical image segmentation 

techniques," J Med Phys, vol. 35, pp. 3-14, 2010. 



Bibliography 
 

 

203 

 

[13] F. Alam, S. U. Rahman, S. Khusro, S. Ullah, and A. Khalil, "Evaluation of Medical 

Image Registration Techniques Based on Nature and Domain of the 

Transformation," J Med Imaging Radiat Sc, vol. 47, pp. 178-193, 2016. 

[14] F. Alam, S. U. Rahman, A. Khalil, S. Ullah, and S. Khusro, "Quantitative Evaluation 

of Intrinsic Registration Methods for Medical Images," SURJ (Science Series), vol. 

491, pp. 43-48, 2017. 

[15] F. Alam, S. U. Rahman, M. Hassan, and A. Khalil, "AN INVESTIGATION 

TOWARDS ISSUES AND CHALLENGES IN MEDICAL IMAGE 

REGISTRATION," J Postgrad Med Inst, vol. 31, pp. 224-33, 2017. 

[16] D. D. Feng, Biomedical information technology: Academic Press, 2011. 

[17] B. Fürst, "Multi-modal Registration and Robotic Imaging for Computer Assisted 

Surgery," Dissertation, München, Technische Universität München, 2016. 

[18] S. Boda, "Feature-based image registration," MTech Thesis, National Institute of 

Technology Rourkela, Odisha, 2009. 

[19] J. Kim, "Intensity based image registration using robust similarity measure and 

constrained optimization: applications for radiation therapy," PhD  Dissertation, 

Electrical Engineering: Systems, The University of Michigan, Ann Arbor, Michigan, 

2004. 



Bibliography 
 

 

204 

 

[20] Y. Xiang, F. Wang, and H. You, "An Automatic and Novel SAR Image Registration 

Algorithm: A Case Study of the Chinese GF-3 Satellite," Sensors, vol. 18, p. 672, 

2018. 

[21] Y. Jianchao, "Image registration based on both feature and intensity matching," in 

Acoustics, Speech, and Signal Processing, 2001, Salt Lake City, UT. 1986 Tokyo, 

Japan., 2001, pp. 1693-1696. 

[22] V. Mani, "Survey of medical image registration," Journal of Biomedical Engineering 

and Technology, vol. 1, pp. 8-25, 2013. 

[23] S. Nag, "Image Registration Techniques: A Survey," arXiv preprint 

arXiv:1712.07540, 2017. 

[24] P. A. Van den Elsen, E.-J. Pol, and M. A. Viergever, "Medical image matching-a 

review with classification," IEEE Engineering in Medicine and Biology Magazine, 

vol. 12, pp. 26-39, 1993. 

[25] M. A. Viergever, J. A. Maintz, S. Klein, K. Murphy, M. Staring, and J. P. Pluim, "A 

survey of medical image registration–under review," Medical image analysis, vol. 

33, pp. 140-144, 2016. 

[26] D. Fu and G. Kuduvalli, "ROI selection in image registration," US patent No. 

7231076 B2, 2007. 



Bibliography 
 

 

205 

 

[27] A. A. Goshtasby, 2-D and 3-D image registration: for medical, remote sensing, and 

industrial applications: John Wiley & Sons, 2005. 

[28] Y.-Y. Chou, "Transitive and Symmetric Nonrigid Image Registration," Georgia 

Institute of Technology, 2004. 

[29] S.-Y. Wang, X.-X. Chen, Y. Li, and Y.-Y. Zhang, "Application of Multimodality 

Imaging Fusion Technology in Diagnosis and Treatment of Malignant Tumors under 

the Precision Medicine Plan," Chinese Medical Journal, vol. 129, pp. 2991-2997, 

08/12/received 2016. 

[30] C. R. Castro Pareja, "Real-time 3D elastic image registration," The Ohio State 

University, 2004. 

[31] X. Y. Wang, D. D. Feng, and J. Jin, "Elastic medical image registration based on 

image intensity," in Proceedings of the Pan-Sydney area workshop on Visual 

information processing-Volume 11, 2001, pp. 139-142. 

[32] P. Zhang, X. YU, L. Han, and L. Song, "Automatic Registration of Airborne Image 

Sequences Based on Line Matching Approach," presented at the The International 

Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 

Beijing, China, 2008. 

[33] A. S. El-Baz, "Multi Modality State-of-the-Art Medical Image Segmentation and 

Registration Methodologies: Volume 1," 2016. 



Bibliography 
 

 

206 

 

[34] L.-T. Zheng, G.-P. Qian, and L.-F. Lin, "Medical image registration based on 

improved PSO algorithm," Advanced Electrical and Electronics Engineering, pp. 

487-494, 2011. 

[35] J. Sarvaiya, S. Patnaik, and K. Kothari, "Feature based image registration using 

Hough Transform," National Institute of Technology, Surat, Gujarat, India, 2013. 

[36] R. K. Bali, Clinical Knowledge Management: Opportunities and Challenges: Idea 

Group Pub., 2005. 

[37] J. D. Garcıa-Arteaga, "Multichannel Image Information Similarity Measures: 

Applications to Colposcopy Image Registration," PhD Dissertation, Czech Technical 

University, 2012. 

[38] A. Dogra and M. S. Patterh, "CT and MRI brain images registration for clinical 

applications," J Cancer Sci Ther, vol. 6, pp. 018-026, 2014. 

[39] R. Khare, G. Sala, P. Kinahan, G. Esposito, F. Banovac, K. Cleary, et al., 

"Experimental evaluation of a deformable registration algorithm for motion 

correction in PET-CT guided biopsy," in Nuclear Science Symposium and Medical 

Imaging Conference (NSS/MIC), 2013 IEEE, 2013, pp. 1-5. 

[40] J. V. Hajnal and D. L. G. Hill, Medical Image Registration: CRC Press, 2001. 



Bibliography 
 

 

207 

 

[41] L. Zagorchev and A. Goshtasby, "A comparative study of transformation functions 

for nonrigid image registration," IEEE transactions on image processing, vol. 15, pp. 

529-538, 2006. 

[42] J. Tian, Molecular Imaging: Fundamentals and Applications: Springer Berlin 

Heidelberg, 2013. 

[43] M. Maqbool, An Introduction to Medical Physics: Springer International Publishing, 

2017. 

[44] J. M. Fitzpatrick and J. B. West, "The distribution of target registration error in rigid-

body point-based registration," IEEE transactions on medical imaging, vol. 20, pp. 

917-927, 2001. 

[45] S. Imaging, Practical Imaging Informatics: Foundations and Applications for PACS 

Professionals: Springer New York, 2009. 

[46] A. Sotiras, C. Davatzikos, and N. Paragios, "Deformable medical image registration: 

A survey," IEEE transactions on medical imaging, vol. 32, pp. 1153-1190, 2013. 

[47] M. Holden, "A review of geometric transformations for nonrigid body registration," 

IEEE transactions on medical imaging, vol. 27, pp. 111-128, 2008. 

[48] I. Bankman, Handbook of Medical Image Processing and Analysis: Elsevier Science, 

2008. 



Bibliography 
 

 

208 

 

[49] E. A. Silva, K. Panetta, and S. S. Agaian, "Quantifying image similarity using 

measure of enhancement by entropy," Mobile Multimedia/Image Processing for 

Military and Security Applications, vol. 6579, p. 65790U, 2007. 

[50] A. A. Goshtasby, Image registration: Principles, tools and methods: Springer 

Science & Business Media, 2012. 

[51] P. N. S. GOMES, "Image Registration and its Relevance in Plantar Pressure 

Images," Thesis Integrated Master in Bioengineering, Faculty of Engineering, The 

University of Porto, https://web. fe. up. pt/~ 

tavares/downloads/publications/relatorios/Pedro_Gomes_ Monografia. pdf, 2013. 

[52] P. Markelj, D. Tomaževič, B. Likar, and F. Pernuš, "A review of 3D/2D registration 

methods for image-guided interventions," Medical image analysis, vol. 16, pp. 642-

661, 2012. 

[53] D. Rueckert and P. Aljabar, "Nonrigid registration of medical images: Theory, 

methods, and applications [applications corner]," IEEE Signal Processing Magazine, 

vol. 27, pp. 113-119, 2010. 

[54] R. Shekhar, V. Walimbe, S. Raja, V. Zagrodsky, M. Kanvinde, G. Wu, et al., 

"Automated 3-dimensional elastic registration of whole-body PET and CT from 

separate or combined scanners," Journal of Nuclear Medicine, vol. 46, pp. 1488-

1496, 2005. 



Bibliography 
 

 

209 

 

[55] F. Maes, A. Collignon, D. Vandermeulen, G. Marchal, and P. Suetens, 

"Multimodality image registration by maximization of mutual information," IEEE 

transactions on medical imaging, vol. 16, pp. 187-198, 1997. 

[56] P. Viola and W. M. Wells III, "Alignment by maximization of mutual information," 

International journal of computer vision, vol. 24, pp. 137-154, 1997. 

[57] I. Bankman, Handbook of Medical Imaging: Processing and Analysis Management: 

Elsevier Science, 2000. 

[58] D. L. Bailey, D. W. Townsend, P. E. Valk, and M. N. Maisey, Positron Emission 

Tomography: Basic Sciences: Springer London, 2006. 

[59] A. Collignon, F. Maes, D. Delaere, D. Vandermeulen, P. Suetens, and G. Marchal, 

"Automated multi-modality image registration based on information theory," in 

Information processing in medical imaging, 1995, pp. 263-274. 

[60] W. M. Wells, P. Viola, H. Atsumi, S. Nakajima, and R. Kikinis, "Multi-modal 

volume registration by maximization of mutual information," Medical image 

analysis, vol. 1, pp. 35-51, 1996. 

[61] M. R. Sabuncu, "Entropy-based image registration," Princeton University, 2004. 

[62] J. Ulysses and A. Conci, "Measuring similarity in medical registration," in IWSSIP 

17th International Conference on Systems, Signals and Image Processing, 2010. 



Bibliography 
 

 

210 

 

[63] T. D. Linh and H. Q. Linh, "Medical image registration in MATLAB," Department 

of Biomedical Engineering-faculty of Applied Science, HCMC University of 

Technology, 2010. 

[64] Y. Fisher, Fractal image compression: theory and application: Springer Science & 

Business Media, 2012. 

[65] X. Du, J. Dang, Y. Wang, S. Wang, and T. Lei, "A Parallel Nonrigid Registration 

Algorithm Based on B-Spline for Medical Images," Computational and 

Mathematical Methods in Medicine, vol. 2016, p. 7419307, 2016. 

[66] M. Hisham, S. N. Yaakob, R. A. Raof, A. A. Nazren, and N. W. Embedded, 

"Template Matching using Sum of Squared Difference and Normalized Cross 

Correlation," presented at the Research and Development (SCOReD), 2015 IEEE 

Student Conference on, 2015. 

[67] E. Golkar, A. A. A. Rahni, and R. Sulaiman, "Comparison of image registration 

similarity measures for an abdominal organ segmentation framework," presented at 

the Biomedical Engineering and Sciences (IECBES), 2014 IEEE Conference on, 

2014. 

[68] A. Kaur, L. Kaur, and S. Gupta, "Image recognition using coefficient of correlation 

and structural similarity index in uncontrolled environment," International Journal 

of Computer Applications, vol. 59, 2012. 



Bibliography 
 

 

211 

 

[69] J. Kim, "Intensity based image registration using robust similarity measure and 

constrained optimization: applications for radiation therapy," Citeseer, 2004. 

[70] F. Alam, S. U. Rahman, S. Ullah, and K. Gulati, "Medical image registration in 

image guided surgery: Issues, challenges and research opportunities," Biocybernetics 

and Biomedical Engineering, vol. 38, pp. 71-89, 2018/01/01/ 2018. 

[71] L. V. N. Duy, "Review and enhancement optimization methods in image 

registration," MEng. Computing, Department of Computing, Imperial College 

London, 2009. 

[72] W. Kosiński, P. Michalak, and P. Gut, "Robust image registration based on mutual 

information measure," Journal of Signal and Information Processing, vol. 3, p. 175, 

2012. 

[73] A. L. Baert, Image processing in radiology: current applications: Springer Science 

& Business Media, 2007. 

[74] C. B. Fookes and M. Bennamoun, Rigid and non-rigid image registration and its 

association with mutual information: A review: Queensland University of 

Technology, 2002. 

[75] B. Fischer, B. Dawant, and C. Lorenz, Biomedical Image Registration: 4th 

International Workshop, WBIR 2010, Lübeck, July 11-13, 2010, Proceedings: 

Springer Berlin Heidelberg, 2010. 



Bibliography 
 

 

212 

 

[76] H. Deng and O. S. University, Image Feature Detection and Matching for Biological 

Object Recognition: Oregon State University, 2007. 

[77] N. Navab and P. Jannin, Information Processing in Computer-Assisted Interventions: 

First International Conference, IPCAI 2010, Geneva, Switzerland, June 23, 2010, 

Proceedings: Springer, 2010. 

[78] S. Miao, Z. J. Wang, and R. Liao, "A CNN regression approach for real-time 2D/3D 

registration," IEEE transactions on medical imaging, vol. 35, pp. 1352-1363, 2016. 

[79] Y. Zheng, E. Daniel, A. A. Hunter, R. Xiao, J. Gao, H. Li, et al., "Landmark 

matching based retinal image alignment by enforcing sparsity in correspondence 

matrix," Medical Image Analysis, vol. 18, pp. 903-913, 2014/08/01/ 2014. 

[80] Q. Zhao, S. Pizer, M. Niethammer, and J. Rosenman, "Geometric-Feature-Based 

Spectral Graph Matching in Pharyngeal Surface Registration," Medical image 

computing and computer-assisted intervention : MICCAI ... International 

Conference on Medical Image Computing and Computer-Assisted Intervention, vol. 

17, pp. 259-266, 2014. 

[81] T. E. Yankeelov, D. R. Pickens, and R. R. Price, Quantitative MRI in Cancer: CRC 

Press, 2011. 



Bibliography 
 

 

213 

 

[82] C. Maurer, R. J. Maciunas, and J. M. Fitzpatrick, "Registration of head CT images to 

physical space using a weighted combination of points and surfaces [image-guided 

surgery]," IEEE transactions on medical imaging, vol. 17, pp. 753-761, 1998. 

[83] R. R. Shamir, L. Joskowicz, and Y. Shoshan, "Fiducial optimization for minimal 

target registration error in image-guided neurosurgery," IEEE transactions on 

medical imaging, vol. 31, pp. 725-737, 2012. 

[84] Y. Otake, M. Armand, O. Sadowsky, R. S. Armiger, P. Kazanzides, and R. H. 

Taylor, "An Iterative Framework for Improving the Accuracy of Intraoperative 

Intensity-Based 2D/3D Registration for Image-Guided Orthopedic Surgery," in 

Information Processing in Computer-Assisted Interventions: First International 

Conference, IPCAI 2010, Geneva, Switzerland, June 23, 2010. Proceedings, N. 

Navab and P. Jannin, Eds., ed Berlin, Heidelberg: Springer Berlin Heidelberg, 2010, 

pp. 23-33. 

[85] F. Lindseth, T. Langø, T. Selbekk, R. Hansen, I. Reinertsen, C. Askeland, et al., 

"Ultrasound-based guidance and therapy," Advancements and breakthroughs in 

ultrasound imaging, pp. 28-82, 2013. 

[86] P. Wen, "Medical image registration based-on points, contour and curves," in 2008 

International Conference on BioMedical Engineering and Informatics, 2008, pp. 

132-136. 



Bibliography 
 

 

214 

 

[87] J. Meyer, "Histogram transformation for inter-modality image registration," in 2007 

IEEE 7th International Symposium on BioInformatics and BioEngineering, 2007, pp. 

1118-1123. 

[88] J. Beutel, Handbook of Medical Imaging: Medical image processing and analysis: 

Society of Photo Optical, 2000. 

[89] D. Wilson and S. Laxminarayan, Handbook of Biomedical Image Analysis: Volume 

3: Registration Models: Kluwer Academic/Plenum Publishers, 2007. 

[90] M.-E. Lee, S.-H. Kim, and I.-H. Seo, "Intensity-based registration of medical 

images," in 2009 International Conference on Test and Measurement, 2009, pp. 239-

242. 

[91] Y. Guo, "Medical image registration and application to atlas-based segmentation," 

Kent State University, 2007. 

[92] K. Cleary and T. M. Peters, "Image-guided interventions: technology review and 

clinical applications," Annual review of biomedical engineering, vol. 12, pp. 119-

142, 2010. 

[93] M. Erdt, S. Steger, and G. Sakas, "Regmentation: A new view of image 

segmentation and registration," Journal of Radiation Oncology Informatics, vol. 4, 

pp. 1-23, 2012. 



Bibliography 
 

 

215 

 

[94] S. L. S. Abdullah and N. Jamil, "Segmentation of natural images using an improved 

thresholding-based technique," Procedia Engineering, vol. 41, pp. 938-944, 2012. 

[95] K. K. Brock, S. Mutic, T. R. McNutt, H. Li, and M. L. Kessler, "Use of Image 

Registration and Fusion Algorithms and Techniques in Radiotherapy: Report of the 

AAPM Radiation Therapy Committee Task Group No. 132," Medical Physics, 2017. 

[96] D. Rivest-Henault, H. Sundar, and M. Cheriet, "Nonrigid 2D/3D registration of 

coronary artery models with live fluoroscopy for guidance of cardiac interventions," 

IEEE Transactions on Medical Imaging, vol. 31, pp. 1557-1572, 2012. 

[97] A. de Vecchi, R. E. Clough, N. R. Gaddum, M. C. Rutten, P. Lamata, T. Schaeffter, 

et al., "Catheter-induced errors in pressure measurements in vessels: an in-vitro and 

numerical study," IEEE Transactions on Biomedical Engineering, vol. 61, pp. 1844-

1850, 2014. 

[98] P. Suntharos, R. M. Setser, S. Bradley-Skelton, and L. R. Prieto, "Real-time three 

dimensional CT and MRI to guide interventions for congenital heart disease and 

acquired pulmonary vein stenosis," The International Journal of Cardiovascular 

Imaging, pp. 1-8, 2017. 

[99] J. C. van den Berg, "Update on new tools for three-dimensional navigation in 

endovascular procedures," AORTA Journal, vol. 2, p. 279, 2014. 



Bibliography 
 

 

216 

 

[100] D. L. Hill, P. G. Batchelor, M. Holden, and D. J. Hawkes, "Medical image 

registration," Physics in medicine and biology, vol. 46, p. R1, 2001. 

[101] L. G. Brown, "A survey of image registration techniques," ACM computing surveys 

(CSUR), vol. 24, pp. 325-376, 1992. 

[102] J. Antoine and M. Maintz, "An overview of medical image registration methods," 

Imaging Science Department, 1996. 

[103] J. Ashburner and K. J. Friston, "Rigid body registration," Statistical parametric 

mapping: The analysis of functional brain images, pp. 49-62, 2007. 

[104] A. Goshtasby and M. Satter. (2003, 24-1-17). Brain-shift detection and correction.  

[105] E. W. Weisstein. (4-12-17). Affine Transformation.  

[106] E. W. Weisstein. (24-12-17). Scaling.  

[107] F. Khalifa, G. M. Beache, G. Gimel‘farb, J. S. Suri, and A. S. El-Baz, "State-of-the-

art medical image registration methodologies: a survey," in Multi modality state-of-

the-art medical image segmentation and registration methodologies, ed: Springer, 

2011, pp. 235-280. 

[108] N. Chumchob and K. Chen, "A ROBUST AFFINE IMAGE REGISTRATION 

METHOD," International Journal of Numerical Analysis & Modeling, vol. 6, 2009. 



Bibliography 
 

 

217 

 

[109] F. Ayatollahi, S. B. Shokouhi, and A. Ayatollahi, "A new hybrid particle swarm 

optimization for multimodal brain image registration," Journal of Biomedical 

Science and Engineering, vol. 5, p. 153, 2012. 

[110] A. Beutelspacher and U. Rosenbaum, Projective geometry: from foundations to 

applications: Cambridge University Press, 1998. 

[111] R. M. Bruno, Vellutini, S. Ehrig, and D. Menshykau. (15-12-17). Our first try: 3D 

Reconstraction of Drosophila Embryo.  

[112] L. K. Nielsen, "Elastic registration of medical MR images," Bergen, Norway: Thesis 

in Computational Science, Department of Mathematics and Neuroinformatics and 

Image Analysis Group Department of Physiology, University of Bergen, 2003. 

[113] E. Berry, A practical approach to medical image processing: Taylor & Francis, 

2007. 

[114] J. Kybic and M. Unser, "Fast parametric elastic image registration," IEEE 

transactions on image processing, vol. 12, pp. 1427-1442, 2003. 

[115] E. Ardizzone, O. Gambino, M. La Cascia, L. L. Presti, and R. Pirrone, "Multi-modal 

non-rigid registration of medical images based on mutual information 

maximization," in Image Analysis and Processing, 2007. ICIAP 2007. 14th 

International Conference on, 2007, pp. 743-750. 



Bibliography 
 

 

218 

 

[116] Y. Yang, S. Tong, S. Huang, and P. Lin, "Log-Gabor energy based multimodal 

medical image fusion in NSCT domain," Computational and mathematical methods 

in medicine, vol. vol. 2014, pp. pp. 1-12, 2014. 

[117] J. A. Noble, N. Navab, and H. Becher, "Ultrasonic image analysis and image-guided 

interventions," Interface focus, vol. 1, pp. 673-685, 2011. 

[118] A. W. Toga, Brain warping: Academic press, 1998. 

[119] S. Jin, D. Li, H. Wang, and Y. Yin, "Registration of PET and CT images based on 

multiresolution gradient of mutual information demons algorithm for positioning 

esophageal cancer patients," Journal of applied clinical medical physics, vol. 14, pp. 

50-61, 2013. 

[120] J. A. Maintz and M. A. Viergever, "A survey of medical image registration," 

Medical image analysis, vol. 2, pp. 1-36, 1998. 

[121] B. Fei, X. Yang, J. A. Nye, J. N. Aarsvold, N. Raghunath, M. Cervo, et al., 

"MR/PET quantification tools: Registration, segmentation, classification, and 

MR‐based attenuation correction," Medical physics, vol. 39, pp. 6443-6454, 2012. 

[122] E. Irmak, E. Erçelebi, and A. H. ERTAŞ, "Brain tumor detection using monomodal 

intensity based medical image registration and MATLAB," Turkish Journal of 

Electrical Engineering & Computer Sciences, vol. 24, 2016. 



Bibliography 
 

 

219 

 

[123] N. Al-Azzawi and W. A. K. W. Abdullah, "MRI monomodal feature-based 

registration based on the efficiency of multiresolution representation and mutual 

information," American Journal of Biomedical Engineering, vol. 2, pp. 98-104, 

2012. 

[124] S. Klein, Optimisation methods for medical image registration: Utrecht University, 

2008. 

[125] L. G. Brown, "A Survey of Image Registration Techniques " ACM Computing 

Surveys, vol. 24, pp. 325–376, 1992. 

[126] S. Singh, B. Gupta, and P. Rahi, "Image Registration Concept and Techniques: A 

Review," Journal of Engineering Research and Applications, vol. 4 pp. 30-35, April 

2014. 

[127] R. Liao, L. Zhang, Y. Sun, S. Miao, and C. Chefd'Hotel, "A review of recent 

advances in registration techniques applied to minimally invasive therapy," IEEE 

transactions on multimedia, vol. 15, pp. 983-1000, 2013. 

[128] C. R. Maurer and J. M. Fitzpatrick, "A Review of Medical Image Registration," 

American Association of Neurological Surgeons, pp. 17 -44, 1993. 

[129] J. W. You, Y. S. Lee, and H. M. Sohn, "Brief communication (Original). Multimodal 

imaging fiducial markers for kinematic measurement of joint models," Asian 

Biomedicine, vol. 7, pp. 509-516, 2013. 



Bibliography 
 

 

220 

 

[130] E. Strong, A. Rafii, B. Holhweg-Majert, S. C. Fuller, and M. Metzger, "Comparison 

Of 3 Optical Navigation Systems For Computer-Aided Maxillofacial Surgery," 

Archives of Otolaryngology–Head & Neck Surgery, vol. 134, pp. 1080-1084, 2008. 

[131] B. Ramya, F. Robert, J. Labadie, and F. Michael, "Clinical Determination of Target 

Registration Error of an Image Guided Otologic Surgical System Using Patients with 

Bone-Anchored Hearing Aids," presented at the SPIE Medium 2007, San Diego, CA 

2007  

[132] D. H. Adler, "Accelerated Medical Image Registration Using the Graphics 

Processing Unit," Master Thesis, Department of Electrical and Computer 

Engineering, University of Calgary, Calgary, Alberta, 2011. 

[133] P. Keitler, "Mathematical Methods of Image Processing for Automated Navigation 

in Endoscopic Treatment of Aortic Aneurysms—Computer Aided Implantation of a 

Stent Graft," Depart Inform Tech: Univ München Germany, 2003. 

[134] A. Pitiot. (2005, 27-8-2014). Medical Image Registration Taxonomy. Available: 

http://www.ariser.info/training/imgproc.php 

[135] J. Schiller, Basics of Medical Image Segmentation and Registration Technische 

Universität München 2005. 

http://www.ariser.info/training/imgproc.php


Bibliography 
 

 

221 

 

[136] D. Thomas, "Range Image Registration Based on Photometry," PhD Thesis, 

Department of Informatics School of Multidisciplinary Sciences, The Graduate 

University for Advanced Studies (SOKENDAI), 2012. 

[137] Y. Liu, B. R. Sajja, M. G. Uberti, H. E. Gendelman, T. Kielian, and M. D. Boska1, 

"Landmark Optimization Using Local Curvature for Point-Based Nonlinear Rodent 

Brain Image Registration," International Journal of Biomedical Imaging, 2012. 

[138] J. Liang, X. Liu, K. Huang, X. Li, D. Wang, and X. Wang, "Automatic Registration 

of Multisensor Images Using an Integrated Spatial and Mutual Information (SMI) 

Metric," IEEE Trans Geosci Remote Sens, vol. 52, pp. 603-615, 2014. 

[139] J. Haber, K. Kahler, I. Albrecht, H. Yamauchi, and H.-P. Seidel, "Face to Face: From 

Real Humans to Realistic Facial Animation," presented at the Israel-Korea 

Binational Conference on Geometrical Modeling and Computer Graphics, 2001. 

[140] D. c. Schneider and p. eisert, "Automatic And Robust Semantic Registration of 3D 

Head Scans," presented at the European Conference on Visual Media Production, 

2008. 

[141] A. Almukhtar, X. Ju, B. Khambay, J. McDonald, and A. Ayoub, "Comparison of the 

Accuracy of Voxel Based Registration and Surface Based Registration for 3D 

Assessment of Surgical Change following Orthognathic Surgery," PLOS ONE 

Journal, vol. 9, p. 6, 2014. 



Bibliography 
 

 

222 

 

[142] S. Bauer, R. Wiest, L.-P. Nolte, and M. Reyes, "A survey of MRI-based medical 

image analysis for brain tumor studies," Physics in Medicine and Biology, vol. 58, p. 

R97, 2013. 

[143] J.-S. Jang and T. Kanade, " Robust 3d Head Tracking by Online Feature Registration 

" presented at the Proceedings of the IEEE International Conference on Automatic 

Face and Gesture Recognition, Netherlands 2008. . 

[144] G. Marti. (01-09-2014). Model-Based Elastic Registration. Available: 

http://lsro.epfl.ch/page-68376-en.html 

[145] F. Maes, D. Vandermeulen, and P. Suetens, "Medical image registration using 

mutual information," Proceedings of the IEEE, vol. 91, pp. 1699-1722, 2003. 

[146] (10-10-2014). Registering Multimodal MRI Images. Available: 

http://www.mathworks.com/help/images/registering-multimodal-mri-images.html 

[147] D. T. Gering, "Systems and methods for interactive image registration," ed: Google 

Patents, 2010. 

[148] B. Wu, Interactive medical image registration with multigrid methods and bounded 

biharmonic functions: University of Pennsylvania, 2014. 

[149] C. Davatzikos and J. L. Prince, "Brain image registration based on curve mapping," 

in Biomedical Image Analysis, 1994., Proceedings of the IEEE Workshop on, 1994, 

pp. 245-254. 

http://lsro.epfl.ch/page-68376-en.html
http://www.mathworks.com/help/images/registering-multimodal-mri-images.html


Bibliography 
 

 

223 

 

[150] F. Gutman, G. Hangard, I. Gardin, N. Varmenot, J. Pattyn, J.-F. Clement, et al., 

"Evaluation of a rigid registration method of lung perfusion SPECT and thoracic 

CT," American Journal of Roentgenology, vol. 185, pp. 1516-1524, 2005. 

[151] D. Khodadad, A. Ahmadian, M. Ay, A. F. Esfahani, H. Y. Banaem, and H. Zaidi, 

"B-spline based free form deformation thoracic non-rigid registration of CT and PET 

images," in Proc. SPIE, 2011. 

[152] F. Giesel, A. Mehndiratta, J. Locklin, M. McAuliffe, S. White, P. Choyke, et al., 

"Image fusion using CT, MRI and PET for treatment planning, navigation and follow 

up in percutaneous RFA," Experimental oncology, vol. 31, p. 106, 2009. 

[153] C. P. Lee, Z. Xu, R. P. Burke, R. B. Baucom, B. K. Poulose, R. G. Abramson, et al., 

"Evaluation of five image registration tools for abdominal CT: pitfalls and 

opportunities with soft anatomy," in Proceedings of SPIE--the International Society 

for Optical Engineering, 2015. 

[154] S. Ourselin, L. Joskowicz, M. R. Sabuncu, G. Unal, and W. Wells, Medical Image 

Computing and Computer-Assisted Intervention - MICCAI 2016: 19th International 

Conference, Athens, Greece, October 17-21, 2016, Proceedings: Springer 

International Publishing, 2016. 



Bibliography 
 

 

224 

 

[155] D. Kainmueller, Deformable Meshes for Medical Image Segmentation: Accurate 

Automatic Segmentation of Anatomical Structures: Springer Fachmedien Wiesbaden, 

2014. 

[156] P. Čech, A. Andronache, L. Wang, G. Székely, and P. Cattin, "Piecewise rigid 

multimodal spine registration," Bildverarbeitung für die Medizin 2006, pp. 211-215, 

2006. 

[157] F. E.-Z. A. El-Gamal, M. Elmogy, and A. Atwan, "Current trends in medical image 

registration and fusion," Egyptian Informatics Journal, vol. 17, pp. 99-124, 2016. 

[158] M. B. Imran, S. A. Meo, M. Yousuf, S. Othman, and A. Shahid, "Medical image 

registration: basic science and clinical implications," J Ayub Med Coll Abbottabad, 

vol. 22, pp. 199-204, 2010. 

[159] S. Oh and S. Kim, "Deformable image registration in radiation therapy," Radiation 

Oncology Journal, vol. 35, pp. 101-111, 2017. 

[160] K. K. Brock, Image Processing in Radiation Therapy: CRC Press, 2016. 

[161] J. Crezee, C. van Leeuwen, A. Oei, L. van Heerden, A. Bel, L. Stalpers, et al., 

"Biological modelling of the radiation dose escalation effect of regional 

hyperthermia in cervical cancer," Radiation Oncology, vol. 11, p. 14, 2016. 

[162] R. Sivaramakrishna, "3D Breast Image Registration — A Review," Technology in 

Cancer Research & Treatment, vol. 4, pp. 39-48, 2005. 



Bibliography 
 

 

225 

 

[163] V. Naranjo, E. Villanueva, G. R. Lloyd, N. Stone, F. López-Mir, and M. Alcaniz, 

"Stained and infrared image registration as first step for cancer detection," in IEEE-

EMBS International Conference on Biomedical and Health Informatics (BHI), 2014, 

pp. 420-423. 

[164] C. J. Twining, T. Cootes, S. Marsland, V. Petrovic, R. Schestowitz, and C. J. Taylor, 

"A unified information-theoretic approach to groupwise non-rigid registration and 

model building," in Proceedings of the 19th international conference on Information 

Processing in Medical Imaging, 2005, pp. 1-14. 

[165] M. De Craene, A. du Bois d‘Aische, B. Macq, and S. K. Warfield, "Multi-subject 

registration for unbiased statistical atlas construction," in International Conference 

on Medical Image Computing and Computer-Assisted Intervention, 2004, pp. 655-

662. 

[166] M. Razeto and J. Matthews, "Method of registering image data," US P atent No. 

20130182925 A1, 2013. 

[167] Z. Wu, E. Rietzel, V. Boldea, D. Sarrut, and G. C. Sharp, "Evaluation of deformable 

registration of patient lung 4DCT with subanatomical region segmentations," 

Medical physics, vol. 35, pp. 775-781, 2008. 



Bibliography 
 

 

226 

 

[168] K. Wilkie and E. R. Vrscay, "Mutual information-based methods to improve local 

region-of-interest image registration," in International Conference Image Analysis 

and Recognition, Toronto, Canada, 2005, pp. 63-72. 

[169] R. Mullick, T. Poston, and N. Nagaraj, "Image registration system and method," ed: 

Google Patents, 2008. 

[170] M. Razeto and J. Matthews, "Method of registering image data," 2013. 

[171] D. D. Burckhardt, "System and method of measuring disease severity of a patient 

before, during and after treatment," ed: Google Patents, 2011. 

[172] H.-m. Chen, P. K. Varshney, and M.-A. Slamani, "On registration of regions of 

interest (ROI) in video sequences," in Advanced Video and Signal Based 

Surveillance, 2003. Proceedings. IEEE Conference on, 2003, pp. 313-318. 

[173] Y. Liu, On the real-time performance, robustness and accuracy of medical image 

non-rigid registration: College of William & Mary, 2011. 

[174] A. Matamoros, "Image Processing in Radiology: Current Applications," Journal of 

Nuclear Medicine, vol. 49, pp. 1731-1731, 2008. 

[175] M.-R. Keyvanpour and S. Alehojat, "Analytical comparison of learning based 

methods to increase the accuracy and robustness of registration algorithms in 

medical imaging," 2012. 



Bibliography 
 

 

227 

 

[176] J. Rogowska, "Handbook of Medical Imaging: Processing and Analysis 

Management," Chapter, vol. 5, pp. 69-85, 2000. 

[177] D. L. Bailey, D. W. Townsend, P. E. Valk, and M. N. Maisey, Positron emission 

tomography: Springer, 2005. 

[178] Y. S. Kim, J. H. Lee, and J. B. Ra, "Multi-sensor image registration based on 

intensity and edge orientation information," Pattern recognition, vol. 41, pp. 3356-

3365, 2008. 

[179] X. Liu, Z. Lei, Q. Yu, X. Zhang, Y. Shang, and W. Hou, "Multi-modal image 

matching based on local frequency information," EURASIP Journal on Advances in 

Signal Processing, vol. 2013, p. 3, 2013. 

[180] G. Riegler, M. Urschler, M. Ruther, H. Bischof, and D. Stern, "Anatomical landmark 

detection in medical applications driven by synthetic data," in Proceedings of the 

IEEE International Conference on Computer Vision Workshops, 2015, pp. 12-16. 

[181] B. Qin, Z. Gu, X. Sun, and Y. Lv, "Registration of images with outliers using joint 

saliency map," IEEE signal processing letters, vol. 17, pp. 91-94, 2010. 

[182] M. Auer, P. Regitnig, and G. A. Holzapfel, "An automatic nonrigid registration for 

stained histological sections," IEEE Transactions on Image Processing, vol. 14, pp. 

475-486, 2005. 



Bibliography 
 

 

228 

 

[183] D. Tomazevic, B. Likar, and F. Pernus, "3-D/2-D registration by integrating 2-D 

information in 3-D," IEEE transactions on medical imaging, vol. 25, pp. 17-27, 

2006. 

[184] S. Pszczolkowski, S. Zafeiriou, C. Ledig, and D. Rueckert, "A robust similarity 

measure for nonrigid image registration with outliers," in Biomedical Imaging (ISBI), 

2014 IEEE 11th International Symposium on, 2014, pp. 568-571. 

[185] Y. Xuan and P. Jihong, "Elastic image registration using attractive and repulsive 

particle swarm optimization," Simulated Evolution and Learning, pp. 782-789, 2006. 

[186] J. M. Fitzpatrick, "The role of registration in accurate surgical guidance," 

Proceedings of the Institution of Mechanical Engineers, Part H: Journal of 

Engineering in Medicine, vol. 224, pp. 607-622, 2010. 

[187] W. R. Crum, T. Hartkens, and D. Hill, "Non-rigid image registration: theory and 

practice," The British journal of radiology, vol. 77, pp. S140-S153, 2004. 

[188] G. K. Matsopoulos, "Medical image registration and fusion techniques: a review," 

Advanced Signal Processing: Theory and Implementation for Sonar, Radar, and 

Non-Invasive Medical Diagnostic Systems, p. 221, 2009. 

[189] M. Abdel-Basset, A. E. Fakhry, I. El-henawy, T. Qiu, and A. K. Sangaiah, "Feature 

and Intensity Based Medical Image Registration Using Particle Swarm 

Optimization," Journal of Medical Systems, vol. 41, p. 197, 2017. 



Bibliography 
 

 

229 

 

[190] (04-11-17). BrainWeb: Simulated Brain Database. Available: 

http://brainweb.bic.mni.mcgill.ca/brainweb/ 

[191] R. Smriti, D. Stredney, P. Schmalbrock, and B. Clymer, "Image registration using 

rigid registration and maximization of mutual information," in Poster presented at: 

MMVR13. The 13th Annual Medicine Meets Virtual Reality Conference, Long 

Beach, CA.(Cité page 74.), 2005. 

[192] M. Sen, Y. Hemaraj, W. Plishker, R. Shekhar, and S. S. Bhattacharyya, "Model-

based mapping of reconfigurable image registration on FPGA platforms," Journal of 

Real-Time Image Processing, vol. 3, pp. 149-162, September 01 2008. 

[193] M. Ravanbakhsh and C. Fraser, "DEM registration based on mutual information," 

ISPRS Annals of Photogrammetry, Remote Sensing and Spatial Information 

Sciences, pp. 187-191, 2012. 

[194] D. B. Russakoff, C. Tomasi, T. Rohlfing, and C. R. Maurer Jr, "Image similarity 

using mutual information of regions," in European Conference on Computer Vision, 

2004, pp. 596-607. 

[195] C. Karthikeyan and B. Ramadoss, "Fusion of Medical Images using Mutual 

Information and Intensity based Image Registration Schemes," ARPN Journal of 

Engineering and Applied Sciences, vol. 10, pp. 3561-65, 2015. 

http://brainweb.bic.mni.mcgill.ca/brainweb/


Bibliography 
 

 

230 

 

[196] C. Fookes and M. Bennamoun, "Rigid medical image registration and its association 

with mutual information," International journal of pattern recognition and artificial 

intelligence, vol. 17, pp. 1167-1206, 2003. 

[197] S. Oh and S. Kim, "Deformable image registration in radiation therapy," Radiation 

oncology journal, vol. 35, p. 101, 2017. 

[198] D. Yang, H. Li, D. A. Low, J. O. Deasy, and I. El Naqa, "A fast inverse consistent 

deformable image registration method based on symmetric optical flow 

computation," Physics in medicine and biology, vol. 53, p. 6143, 2008. 

[199] J. Shackleford, N. Kandasamy, and G. Sharp, High performance deformable image 

registration algorithms for manycore processors: Newnes, 2013. 

[200] L. A. Schwarz, "Non-rigid registration using free-form deformations," in Ph. D. 

dissertation, Dept. Comput. Sci., Tech. Univ. Munchen, 2007. 

[201] H. Wang, L. Dong, J. O'Daniel, R. Mohan, A. S. Garden, K. K. Ang, et al., 

"Validation of an accelerated ‗demons‘ algorithm for deformable image registration 

in radiation therapy," Physics in medicine and biology, vol. 50, p. 2887, 2005. 

[202] M. Li, E. Castillo, X.-L. Zheng, H.-Y. Luo, R. Castillo, Y. Wu, et al., "Modeling 

lung deformation: A combined deformable image registration method with spatially 

varying Young's modulus estimates," Medical Physics, vol. 40, p. 081902, 07/03 

 2013. 



Bibliography 
 

 

231 

 

[203] F. Jolesz, Intraoperative imaging and image-guided therapy: Springer Science & 

Business Media, 2014. 

[204] H. Lombaert, L. Grady, X. Pennec, N. Ayache, and F. Cheriet, "Spectral log-

demons: diffeomorphic image registration with very large deformations," 

International journal of computer vision, vol. 107, pp. 254-271, 2014. 

[205] J. Ashburner and K. J. Friston, "Spatial transformation of images," Human brain 

function, pp. 43-58, 1997. 

[206] M. Kamel and A. Campilho, Image Analysis and Recognition: 12th International 

Conference, ICIAR 2015, Niagara Falls, ON, Canada, July 22-24, 2015, 

Proceedings: Springer International Publishing, 2015. 

[207] S. Singh and D. Ganotra, "Modifications in Normalized Cross Correlation 

Expression for Template Matching Applications." 

[208] K. Briechle and U. D. Hanebeck, "Template matching using fast normalized cross 

correlation," in Proc. SPIE, 2001, pp. 95-102. 

[209] P. Liu, B. Eberhardt, C. Wybranski, J. Ricke, and L. Lüdemann, "Nonrigid 3D 

Medical Image Registration and Fusion Based on Deformable Models," 

Computational and Mathematical Methods in Medicine, vol. 2013, p. 902470, 2013. 



Bibliography 
 

 

232 

 

[210] G. Eggers, B. Kress, S. Rohde, and J. Muhling, "Intraoperative computed 

tomography and automated registration for image-guided cranial surgery," 

Dentomaxillofacial Radiology, vol. 38, pp. 28-33, 2009. 

[211] B. H. Menze, A. Jakab, S. Bauer, J. Kalpathy-Cramer, K. Farahani, J. Kirby, et al., 

"The multimodal brain tumor image segmentation benchmark (BRATS)," IEEE 

transactions on medical imaging, vol. 34, pp. 1993-2024, 2015. 

 



Appendix A 
 

 

233 

 

Appendix A 

Rigid Registration 

This section presents important programming functions, and detail tabulated and graphical data for 

the proposed rigid registration approach. 

A.1 Code for Important Functions in Rigid Registration 

The following code describe some of the important functions in rigid image registration  

A.1.1 Reading Images   

This function read fixed target image and moving source image. 

% Read Input Fixed image 

[I,path]=uigetfile('*.jpg','select a Fixed image'); 

% Concatenate strings 

str=strcat(path,I); 

fixed_image=imread(str); 

% converts the truecolor   fixed image RGB to the grayscale intensity 

image  

fixed_image=rgb2gray(fixed_image);  

% returns the number of rows and columns when fixed_image is a matrix 

[row,col]=size(fixed_image);  
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k=1; 

% Showing fixed image and its title on top of the figure 

subplot(3,3,k),imshow(fixed_image); title('Fixed image'); 

k=k+1; 

% Convert the gray scale fixed image to binary image, based on 

threshold 

bwfixed_image=im2bw(fixed_image); 

% performs median filtering on fixed image 

bwfixed_image =medfilt2(bwfixed_image,[5 5]); 

FixedImagePath='FixedImagePath\'; 

    

% Read input Moving Image and rotate it by 90 degree 
 

[[I,path]=uigetfile('*.jpg','select Moving image'); 

% Concatenate strings 

str=strcat(path,I); 

rmove_image=imread(str); 

% Rotate the moving image 90 degree clockwise  

  rmove_image= imrotate(rmove_image,90); 

% converts the truecolor moving image RGB to the grayscale intensity 

image  

  rmove_image=rgb2gray(rmove_image); 

  rmove_image1=rmove_image; 

% Showing rotated image and its title on top of the figure 

subplot(3,3,k),imshow(rmove_image); title('rotated image'); 

k=k+1; 
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% Convert the gray scale moving image to binary image, based on 

threshold 

 

bwmove_image=im2bw(rmove_image); 

% performs median filtering on moving image 

bwmove_image =medfilt2(bwmove_image,[5 5]); 

savingpath='MoveImagePath\'; 

savingpath='MoveImagePath\'; 

A.1.2 Interested Subregion Detection in Fixed Target Image and Moving 

Source Image 

The following code detects interested subregions in both fixed target image and moving 

source image. 

% Find all subregions 

function subregion = findregion(y,img,savingpath) 

measurements = regionprops(y, 'Area', 'BoundingBox'); 

allAreas = [measurements.Area]; 

[x ind]=max(allAreas(:)); 

if(x>10000) 

    allAreas(ind)= 0; 

end 

for i=1:length(allAreas) 

    if(allAreas(i)<2000) 

        allAreas(i)=0; 
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    end 

end 

if(find(max(allAreas(:)))) 

[x ind]=max(allAreas(:)); 

if(x>10000) 

    allAreas(ind)= 0; 

end 

for i=1:length(allAreas) 

    if(allAreas(i)>0) 

Sdata=regionprops(y,'BoundingBox'); 

[Label,Total]=bwlabel(y,8); 

Sdata=regionprops(Label,'BoundingBox'); 

boundingbox= Sdata(6); 

subregion=imcrop(img,Sdata(i).BoundingBox); 

    end 

end 

end 

end 

A.1.3 Interested Common Subregions Registration  

The following code registered the interested common subregion obtained from fixed target 

and moving source image. 

% one-plus-one evolutionary optimization configuration for 

registration 
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optimizer = registration.optimizer.OnePlusOneEvolutionary; 

% mean square error metric configuration for registration 

 metric = registration.metric.MeanSquares; 

% the maximum number of iterations the optimizer performs 

optimizer.MaximumIterations = 1000; 

% estimates the geometric transformation that aligns the interested 

subregion in source image with same subregion in the target image 

with rigid registration 

tform = imregtform(fixed_image_region,move_image_region,'rigid', 

optimizer, metric); 

   tic 

tform1= imregister(fixed_image_region,move_image_region, 'rigid', 

optimizer, metric); 

A.1.4 Moving Source Image Recovery 

The following code applies local obtained transformation on moving source image and 

recovered it according to the coordinates of fixed target image. 

tic 

d= tform.T; 

d= tform.T; 

a = d(1,1); 

b= d(1,2); 
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% transform the rotated source image to the coordinates of fixed 

target image. 

thetaRecovered=atan2d(a,b); 

distorted= imrotate(rmove_image1,-thetaRecovered); 

e2=toc; 

dt=strvcat('Recover image',strcat('Elapsed 

time',num2str(e2)),strcat('Recovered 

theta',num2str(thetaRecovered))); 

A.1.5 Global Rigid Registration of Recovered Source Image and Fixed Target 

Image 

The following code performs rigid registration on the recovered source image and fixed 

target image. As a result, a registered image is obtained with high registration accuracy and 

computational efficiency 

ic 

registerwithrotated2= imregister(fixed_image,distorted, 'rigid', 

optimizer, metric); 

e3= toc; 

A.2  Tabulated Results for the Existing and Proposed Registration Approach 

To demonstrate the computational efficiency and accuracy of the proposed approach, we 

performed extensive experiments on number of MR images.  We performed the comparison 

on same datasets with standard rigid registration approach and the results were evaluated by 
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measuring mutual information measure (MI), mean square error (MSE) and peak signal to 

noise ratio (PSNR). The following subsections shows the obtained values of MI. MSE, 

PSNR and computation time for four images selected from the dataset. 

A.2.1 Image-2 

Table A.1 summarizes the results of the existing approach and proposed approach for the 

image-2. The evaluation parameters are MI, MSE and PSNR. As shown in the Table, the 

source image is rotated on different angles and is registered with target image. The MI, MSE 

and PSNR is estimated for every rotation with existing approach and proposed approach. 

 

Table A.1: Performance comparison of the proposed registration approach and standard 

global rigid registration approach on image-2 

Synthetic 

Data Sets 

Image-2 

Displaceme

nt 

Parameters 

( ) 

Existing Approach [191] Proposed Approach 

MI 

 

MSE 

 

 

PSNR (dB) 

 

MI 

 

MSE 

 

 

PSNR (dB) 

 

Pair-1 15 0.49364 183.7952 25.5215 0.83445 138.3 26.7565 

Pair-2 30 0.35199 178.7473 25.6424 0.63068 130.4 27.0112 

Pair-3 45 0.37696 159.802 26.129 0.58132 128 27.093 

Pair-4 60 0.42817 169.823 25.8648 0.57004 130.1 27.0219 

Pair-5 75 0.41272 148.2849 26.4538 0.59505 138 26.7664 

Pair-6 90 0.07016 127.2502 27.1182 0.55222 153.1 26.3163 
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A.2.2 Image-3 

Table A.2 summarizes the results of the existing approach and proposed approach for the 

image-3. 

Table A.2: Performance comparison of the proposed registration approach and standard 

global rigid registration approach on image-3 

Syntheti

c Data 

Sets 

Image-2 

Displacem

ent 
Parameters 

( ) 

Existing Approach [191] Proposed Approach 

MI 

 

MSE 

 

 

PSNR (dB) 

 

MI 

 

MSE 

 

 

PSNR (dB) 

 

Pair-1 15 0.61748 166.5501 25.9494 0.83445 146.7 26.502 

Pair-2 30 0.42489 157.3607 26.1958 0.63068 136.6 26.8114 

Pair-3 45 0.37768 153.2153 26.3118 0.58132 133.6 26.9008 

Pair-4 60 0.42489 152.6896 26.3267 0.57004 135.2 26.8546 

Pair-5 75 0.6179 162.5711 26.0544 0.59505 145.8 26.5285 

Pair-6 90 0.67213 127.2502 27.1182 0.55222 153.1 26.3163 

 

 

A.2.3 Image-4 

Table A.3 summarizes the results of the existing approach and proposed approach for the 

image-4. 
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Table A.3: Performance comparison of the proposed registration approach and standard 

global rigid registration approach on image-4 

Synthetic 

Data Sets 

Image-2 

Displacem

ent 

Parameter

s 

( ) 

Existing Approach [191] Proposed Approach 

MI 

 

MSE 

 

 

PSNR 

(dB) 

 

MI 

 

MSE 

 

 

PSNR (dB) 

 

Pair-1 15 0.6759 186.8834 25.4491 0.81548 150 26.4043 

Pair-2 30 0.52947 170.3377 25.8517 0.70853 141.4 26.6592 

Pair-3 45 0.48638 165.673 25.9723 0.68612 137.6 26.7776 

Pair-4 60 0.76359 159.7188 26.1312 0.72801 139.8 26.709 

Pair-5 75 0.74286 158.8127 26.1559 0.53634 143.1 26.6079 

Pair-6 90 0.78778 169.8694 25.8636 0.72908 166.7 25.9465 

 

A.2.4 Image-5 

Table A.3 summarizes the results of the existing approach and proposed approach for the 

image-5. 
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Table A.4: Performance comparison of the proposed registration approach and standard 

global rigid registration approach on image-5 

Synthetic 

Data Sets 

Image-2 

Displacement 

Parameters 

( ) 

Existing Approach [191] Proposed Approach 

MI 

 

MSE 

 

 

PSNR (dB) 

 

MI 

 

MSE 

 

 

PSNR 

(dB) 

 

Pair-1 15 0.5272 175.8195 25.7141 0.81548 145.1 26.5468 

Pair-2 30 0.6112 162.9839 26.0701 0.70853 135.4 26.8478 

Pair-3 45 0.54017 166.7788 25.9434 0.68612 134.8 26.8674 

Pair-4 60 0.67936 176.7584 25.691 0.72801 137.3 26.7894 

Pair-5 75 0.56504 171.5145 25.8218 0.53634 133.7 26.9031 

Pair-6 90 0.73161 176.8663 25.6883 0.72908 142.7 26.6203 

 

A.3 Graphical Results for the Existing and Proposed Rigid Registration 

Approaches 

This section shows the estimated MI, MSE, PSNR, CC and SSD measure of the five tested 

image in the data sets. As seen in the Figures, the proposed approach shows better 

performance for all tested data sets as compared to the existing approach. 

 

 

 



Appendix A 
 

 

243 

 

A.3.1 MI, MSE, PSNR, CC and SSD of Image-2 

 

 

Figure A.1: Mutual information comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.2: Mean square error comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.3: Peak signal to noise ratio comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.4: Cross correlation comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.5: Sum of square difference comparison of the existing (orange) and proposed 

registration approach (blue) 
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A.3.2  MI, MSE, PSNR, CC and SSD of Image-3 

 

 

Figure A.6: Mutual information comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.7: Mean square error comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.8: Peak signal to noise ratio comparison of the existing (orange)  and proposed 

registration approach (blue) 
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Figure A.9: Cross correlation comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.10: Sum of square difference comparison of the existing (orange) and proposed 

registration approach (blue) 
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A.3.3  MI, MSE, PSNR, CC and SSD of Image-4 

 

 

Figure A.11: Mutual information comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.12: Mean square error comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.13: Peak signal to noise ration comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.14: Cross correlation comparison of the existing (orange) and proposed 

registration approach (blue) 
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 Figure A.15: Sum of square difference comparison of the existing (orange) and proposed 

registration approach (blue) 
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A.3.4  MI, MSE, PSNR, CC and SSD of Image-5 

 

 

Figure A.16: Mutual information comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.17: Mean square error comparison of the existing (orange) and proposed registration 

approach (blue) 
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Figure A.18: Peak signal to noise ration comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.19: Crosscorelation comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.20: Sum of square difference comparison of the existing (orange) and 

proposed registration approach (blue) 
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A.3.5  MI, MSE, PSNR, CC and SSD of Image-6 

 

 

Figure A.21: Mutual information comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.22: Mean square error comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.23: Peak signal to noise ration comparison of the existing (orange) and proposed 

registration approach (blue) 
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Figure A.24: Crosscorelation comparison of the existing (orange) and proposed registration 

approach (blue) 
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Figure A.25: Sum of square difference comparison of the existing (orange) and proposed 

registration approach (blue) 
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Appendix B 

Deformable Registration 

This section presents important programming functions, detail tabulated and graphical data for the 

proposed deformable registration approach. 

B.1 Code for Important Functions in Deformable Registration 

The following code describe some of the important functions in deformable image registration  

B.1.1 Reading Images   

This function read fixed target image and deformed source image. 

Function [fixedimage movingimage] = readimages() 

[I,path]=uigetfile('*.*','select a Fixed image'); 

% Concatenate strings 

str=strcat(path,I); 

% Read image 

fixed_image=imread(str); 

 [I,path]=uigetfile('*.jpg','select Moving image'); 

str=strcat(path,I); 

% converts the truecolor   moving source image RGB to the grayscale 

intensity image  

movingimage =rgb2gray(imread(str)); 
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 end 

 

B.1.2 Perform Preprocessing on Fixed and Deformed Images 

Function [processedfixed processedmoving] = 

preprocessing(fixed_image, moving_image) 

% converts the truecolor   fixed target image RGB to the grayscale 

intensity image  

fixed_image=rgb2gray(fixed_image); 

% Convert the gray scale fixed image to binary image, based on 

threshold 

bwfixed_image=im2bw(fixed_image); 

% performs median filtering on fixed image 

processedfixed =medfilt2(bwfixed_image,[5 5]); 

% converts the truecolor   moving source image RGB to the grayscale 

intensity image  

moving_image=rgb2gray(moving_image); 

% Convert the gray scale fixed image to binary image, based on 

threshold 

bwmoving _image=im2bw(moving _image); 

processedmoving  =medfilt2(bwmoving _image,[5 5]); 

end 

B.1.3 Interested Subregion Detection in Fixed Image 

The following code detects interested subregion in fixed target image. 
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function subregion = findregion(y,img,savingpath) 

measurements = regionprops(y, 'Area', 'BoundingBox'); 

% Find all subregions 

 

allAreas = [measurements.Area]; 

% find maximum area 

[x ind]=max(allAreas(:)); 

if(x>10000) 

    allAreas(ind)= 0; 

end 

for i=1:length(allAreas) 

    if(allAreas(i)<2000) 

        allAreas(i)=0; 

    end 

end 

if(find(max(allAreas(:)))) 

[x ind]=max(allAreas(:)); 

if(x>10000) 

    allAreas(ind)= 0; 

end 

for i=1:length(allAreas) 

    if(allAreas(i)>0) 

% Measure properties of image regions 

Sdata=regionprops(y,'BoundingBox'); 

[Label,Total]=bwlabel(y,8); 
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Sdata=regionprops(Label,'BoundingBox'); 

boundingbox= Sdata(6); 

subregion=imcrop(img,Sdata(i).BoundingBox); 

 end 

end 

end 

end 

B.1.4 Interested Subregion Detection in Deformed Image Using Normalize 

Cross Correlation 

This function finds the similar interested subregion in deformed source image using 

normalized cross correlation  

 function similarRegion= IntraCross(image,subregion) 

 nimg= image; 

nSec=subregion; 

 crr = xcorr2(nimg,nSec); 

[ssr,snd] = max(crr(:)); 

[ij,ji] = ind2sub(size(crr),snd); 

c = normxcorr2(nSec,nimg); 

 [ypeak, xpeak] = find(c==max(c(:))); 

yoffSet = ypeak-size(subregion,1); 

xoffSet = xpeak-size(subregion,2); 

similarRegion= imcrop(image,[xoffSet+1, yoffSet+1, size(subregion,2), size(subregion,1)]); 

End 
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B.1.5 Interested Common Subregions Registration  

The following code registered the interested common subregion obtained from fixed target 

and deform source image. 

function Subregionregisteredimage= SubregionRegistration(subregion, 

similarRegion) 

% one-plus-one evolutionary optimization configuration for 

registration 

optimizer = registration.optimizer.OnePlusOneEvolutionary; 

% mean square error metric configuration for registration 

metric = registration.metric.MeanSquares; 

% the maximum number of iterations the optimizer performs 

optimizer.MaximumIterations = 1000; 

% estimates the geometric transformation that aligns the interested 

subregion in source image with same subregion in the target image 

with rigid registration 

 tform = imregtform(subregion,similaryregion,'rigid', optimizer, 

metric); 

 Tinv  = tform.invert.T; 

ss = Tinv(2,1); 

sc = Tinv(1,1); 

tx = Tinv(3,1); 

ty = Tinv(3,2); 

translation = [tx ty]; 



Appendix B 

 

273 

 

translationrecover[190] = translation;  

scale = sqrt(ss*ss + sc*sc); 

% transform the rotated source image to the coordinates of fixed 

target image. 

 thetaRecovered = atan2(ss,sc)*180/pi; 

rotationangle(i,1)=thetaRecovered; 

rotationangle(i,2) = i; 

 se = translate(strel(1), [ceil(tx) ceil(ty)]); 

end 

 

B.1.6 Deformed Source Image Recovery 

The following code apply local obtained transformation on deformed source image and 

recovered it according to the coordinates of fixed target image. 

Tinv  = tform.invert.T; 

ss = Tinv(2,1); 

sc = Tinv(1,1); 

tx = Tinv(3,1); 

ty = Tinv(3,2); 

translation = [tx ty]; 

translationrecover{i} = translation;  

scale = sqrt(ss*ss + sc*sc); 

 thetaRecovered = atan2(ss,sc)*180/pi; 

rotationangle(i,1)=thetaRecovered; 
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rotationangle(i,2) = i; 

 se = translate(strel(1), [ceil(tx) ceil(ty)]); 

new_movingimage = imrotate(rmove_image,thetaRecovered); 

newregisterimage = imregister(new_movingimage,fixed_image,'rigid',optimizer,metric); 

B.1.7 Global Deformable Registration of Recovered Source Image and Fixed 

Target Image 

The following code performs deformable registration on the recovered source image and 

fixed target image. As a result, a registered image is obtained with high registration accuracy 

and computational efficiency 

tic 

proposedregisterimage  =  demons(fixed_image,newregisterimage); 

proposedtime(i,1) = toc;  

rmove_image=imresize(rmove_image,size(fixed_image));  

[m n]= size(fixed_image); 

B.1.8 CC, SSD, MSE and PSNR Calculation 

The following functions calculate cross correlation, sum of square difference, mean square 

error and peak signal to noise ratio between fixed target image and the obtained registered 

image. 

sumofsquaredifference(i,4) =immse(fixed_image,fixed_image) * 

numel(fixed_image); 
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 sumofsquaredifference (i,1)=  immse(fixed_image, rmove_image) * 

numel(fixed_image); 

correlation(i,1) = corr2(fixed_image, rmove_image); 

correlation(i,4) = corr2(fixed_image, fixed_image); 

squaredErrorImage = (double(fixed_image) - double(rmove_image)) .^ 

2; 

squaredErrorImageo = (double(fixed_image) - double(fixed_image)) 

.^ 2; 

mse(i,1) = sum(sum(squaredErrorImage)) / (m  * n); 

mse(i,4) = sum(sum(squaredErrorImageo))/(m*n); 

PSNR(i,1) = 10 * log10( 256^2 / mse(i,1)); 

PSNR(i,4) = 10 * log10( 256^2 / mse(i,4)); 

correlation(i,2) = corr2(fixed_image, proposedregisterimage); 

sumofsquaredifference (i,2)=  immse(fixed_image, 

proposedregisterimage) * numel(fixed_image); 

squaredErrorImage = (double(fixed_image) - 

double(proposedregisterimage)) .^ 2; 

mse(i,2) = sum(sum(squaredErrorImage)) / (m * n) 

PSNR(i,2) = 10 * log10( 256^2 / mse(i,2)); 
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B.2 Graphical Results for the Existing and Proposed Deformable Registration 

Approaches 

This section shows the estimated MSE, PSNR, CC, SSD and computation time measures of 

the two tested deformable image data sets. As seen in the Figures, the proposed approach 

shows better performance for all tested data sets as compared to the existing approach on 

different deformation level. 

B.2.1 MSE, PSNR, CC, SSD and Computation Time of Image-2 

 

Figure B1: Mean square error (MSE) before deformation (purple), after deformation (blue), with 

existing method (yellow) and proposed method (orange) 

 



Appendix B 

 

277 

 

 

 

 

Figure B2: Peak signal to noise ratio (PSNR) of the existing method (yellow), 

proposed method (orange) and after deformation (blue) 
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Figure B3: Sum of square difference (SSD) value of the existing method (yellow), 

proposed method (orange), with deformation (blue) and without 

deformation (purple) 
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Figure B4: Cross correlation (CC) of the existing method (yellow), proposed method 

(orange), with deformation (blue) and without deformation (purple) 
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Figure B5: Computational time (efficiency) of the existing method (blue) and 

proposed method (orange) 
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B.2.2 MSE, PSNR, CC, SSD and Computation Time of Image-3 

 

 

Figure B6: Mean square error (MSE) before deformation (purple), after deformation 

(blue), with existing method (yellow) and proposed method (orange) 
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Figure B7: Peak signal to noise ratio (PSNR) of the existing method (yellow), proposed 

method (orange) and after deformation (blue) 
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Figure B8: Sum of square difference (SSD) value of the existing method (yellow), 

proposed method (orange), with deformation (blue) and without deformation 

(purple) 
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Figure B9: Cross correlation (CC) of the existing method (yellow), proposed 

method (orange), with deformation (blue) and without deformation 

(purple) 
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Figure B10: Computational time (efficiency) of the existing method (blue) and proposed 

method (orange) 
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B.2.3 MSE, PSNR, CC, SSD and Computation Time of Image-4 

 

 

Figure B11: Mean square error (MSE) before deformation (purple), after 

deformation (blue), with existing method (yellow) and proposed 

method (orange) 
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Figure B12: Peak signal to noise ratio (PSNR) of the existing method (yellow), 

proposed method (orange) and after deformation (blue) 
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Figure B13: Sum of square difference (SSD) value of the existing method (yellow), 

proposed method (orange), with deformation (blue) and without deformation 

(purple) 
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Figure B14: Cross correlation (CC) of the existing method (yellow), proposed method 

(orange), with deformation (blue) and without deformation (purple) 
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Figure B15: Computational time (efficiency) of the existing method (blue) and 

proposed method (orange) 

 

 


