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Abstract 

Accurate delineation of tumor target and organs at risk (OARs) is critically 

important in modern radiation therapy for optimal treatment planning and precise 

treatment delivery. Conventionally, radiotherapy treatment planning uses 2D X-ray or 

3D CT images to assist the delineation of tumor volumes and OARs, often under free-

breathing condition. In modern radiation therapy, four-dimensional (4D) imaging is the 

state-of-art technique for imaging respiratory motion of thoracic and abdominal cancers. 

However, its application for abdominal cancers has been limited due to the low soft-

tissue contrast of CT. Recently, a number of 4D magnetic resonance imaging (4D-MRI) 

techniques have been developed to overcome the limitations of 4D -CT in abdominal 

cancer applications. In contrast to 4D-CT, 4D-MRI imposes no ionizing radiation dose to 

the patient and offers superior soft-tissue contrast.  

However, current 4D-MRI techniques also have limitations that prevent them 

from being widely adapted in routine clinical practices. For example, current techniques 

are all developed based on one particular MR sequence with a particular imaging 

contrast, which may not be optimal or consistent across patients. Furthermore, current 

4D-MRI techniques are often affected by patients’ breathing variations, leading to 

significant motion artifacts in 4D-MRI images and adversely affects its image quality 

and thus clinical applicability.  
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The overall goal of this dissertation is to develop a novel 5D-MRI technique to 

overcome current limitations of 4D-MRI. The 5D-MRI technique is developed by 

synergizing three main technical components: multi-source MRI fusion (MSMF), 4D-

MRI, and deformable image registration (DIR).  5D-MRI is an extension of 4D-MRI, 

embedding all the characterizations of 4D-MRI with an additional dimension of “image 

contrast”.  The MSMF method consists of five key components: input MR images, image 

pre-processing, fusion algorithm, fusion adaptation, and output fused MR images.  A 

linear-weighting fusion algorithm was implemented for MSMF in this study to 

demonstrate the proof of concept.  Fusion options (weighting parameters and image 

features) are pre-determined with given input MR images and saved in a database for 

fast fusion adaption.  5D-MRI images were generated by applying the 4D displacement 

vector fields (4D-DVF) determined from the original 4D-MRI via DIR onto each of the 

fused MR images.   

The 5D-MRI technique was tested on a digital human phantom (XCAT) and a 

liver tumor patient.  5D-MRI images were qualitatively evaluated for image contrast 

versatility, and quantitatively evaluated for image quality and motion accuracy.  For the 

latter, motion trajectories of the liver tumor in the superior-inferior (SI) direction were 

determined from each of the 4D-MRI image sets of 5D-MRI and compared with those 
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tracked on the single-slice sagittal cine MR images.  Mean difference in displacement (D) 

and correlation coefficient (CC) were determined for each comparison.  

For both the XCAT phantom and the liver tumor patient, the MSMF method 

produced more than a large number of fused MR images with versatile image contrasts 

and improved image quality, each presenting a unique set of anatomical and image 

features. Among twenty-four liver cancer patients, the average tumor CNR was 

significantly improved from a range of -1.80 to 8.05 in the four single contrast source MR 

images, to 22.51 in the fused MR images. The standard deviation of tumor CNR among 

the 24 patients was 0.87, which suggested high level of consistency. 5D-MRI images 

clearly demonstrated the respiratory motion during breathing in each 4D -MRI set.  Liver 

tumor motion trajectories measured from 5D-MRI images closely matched with that 

from the reference cine MR images: D ranged from 0.402 to 0.561 mm (mean=0.463 mm) 

and CC ranged from 0.980 to 0.987 (mean=0.986).   

In this dissertation, beyond the developmental work for the 5D-MRI technique, a 

novel organ segmentation method, which is an extension of the multi-source MRI fusion 

technique, and an image mutual-information (MI) based 4D-MRI improvement 

technique are also presented.  

In summary, a novel 5D-MRI technique was developed and its feasibility on 

digital human phantom and liver tumor patients is demonstrated. Two exploratory 
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projects extending and improving the 5D-MRI technique are also presented. The 

developed 5D-MRI technique is capable of producing a large number of synthetic 4D-

MRI images with versatile image contrasts and improved image quality, holding great 

promises in enhancing MRI applications for radiation therapy.  
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1. Introduction  

1.1 Clinical state-of-art of 4D imaging 

Accurate delineation of tumor target and organs at risk (OARs) is critically 

important in modern radiation therapy for optimal treatment planning and precise 

treatment delivery. However, accurate determination of tumor volume and OARs can be 

very challenging due to inadequate image quality such as low imaging contrast. In 

addition, respiratory motion is a source of potential error in defining tumor volumes 

and OARs [1, 2].   

Conventionally, radiotherapy treatment planning uses 2D X-ray or 3D CT images 

to assist the delineation of tumor volumes and OARs, often under free-breathing 

condition. Large safety margin is commonly added to the gross tumor volume (GTV) to 

account for uncertainties in target volume definition, setup errors and patient motion. 

However, the generic safety margin does not consider patient specific variation in 

respiratory motion, potentially leading to under- or over- estimation of motion in 

different directions, and subsequently causing missing target or over-irradiation of 

normal tissues [3].        

In modern radiation therapy, four-dimensional (4D) imaging is the state-of-art 

technique for imaging respiratory motion of thoracic and abdominal cancers [4-22].  It 

provides temporal and spatial information of tumor and OAR motion, which enables 
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patient-specific and thus more accurate determination of safety margins for treatment 

planning.  The most commonly used 4D imaging modality is 4D computed tomography 

(4D-CT) [4, 11, 14, 16, 17, 23-27]. It has been widely used to determine internal target 

volumes (ITV) for thoracic cancers.  However, its application for abdominal cancers has 

been limited due to the low soft-tissue contrast of CT. In addition, high imaging dose of 

4D-CT is a concern to the patients [28].   

Recently, a number of 4D magnetic resonance imaging (4D-MRI) techniques have 

been developed to overcome the limitations of 4D-CT in abdominal applications [6, 29-

33]. In contrast to 4D-CT, 4D-MRI imposes no ionizing radiation dose to the patient and 

offers superior soft-tissue contrast. Therefore, it’s a preferred method for motion 

management in abdominal cancers.  

 

1.2 Challenge 

However, current 4D-MRI techniques also have limitations that prevent them 

from being widely adapted in routine clinical practices. For example, current 4D -MRI 

techniques are all developed based on one particular MR sequence with a particular 

imaging contrast, such as T1-w, T2-w, DWI or T2/T1-w [34-44]. The tumor contrast 

provided by one type of MR imaging contrast may not always be optimal and may be 

inconsistent between different patients. The versatile-contrast characteristic of MRI is 
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not fully explored and utilized in current 4D-MRI techniques. Furthermore, current 4D-

MRI techniques are often affected by patients’ breathing variations, leading to significant 

motion artifacts in 4D-MRI images and adversely affect their image quality and thus 

clinical applicability. There are potential methods to reduce the motion artifacts through 

the development of better sorting methods, which has yet been investigated.   

 

1.3 Objective 

Motivated by the aforementioned challenges, the overall goal of this proposed 

dissertation work is to develop a novel 5D-MRI technique to overcome current 

limitations of 4D-MRI for improved radiation therapy. The 5D-MRI technique is an 

extension of current 4D-MRI technique; it embeds all the characterizations of 4D-MRI 

with an additional dimension of “image contrast”.   Being able to provide versatile 

image contrasts allows 5D-MRI for improved and more consistent image quality, than 

4D-MRI. This advantage could lead to more efficient and much wider clinical 

applications, including target volume delineation, normal tissue segmentation, 

radiomics analysis, treatment assessment, etc.   

5D-MRI technology consists of three main technical components (adaptive multi-

source MRI fusion, 4D-MRI, and motion modeling). The basic idea of 5D-MRI is to 

generate a series of synthetic 4D-MRI with versatile image contrast and improved image 
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quality through a joint application of multi-source adaptive fusion and motion 

modeling.  

The specific aims are: 

Aim 1: To develop a multi-source adaptive MRI fusion technique for generating 

versatile-contrast MR images.  

 Aim 1a: To develop a multi-source adaptive MRI fusion technique and implement 

it in Matlab GUI for clinical use. 

 Aim 1b: To evaluate the MR fusion technique by digital human phantom and 

patient study. 

 Aim 1c: To develop a novel organ auto-segmentation method based on multi-

source MRI fusion. 

Aim 2: To develop a complete 5D-MRI technique by integrating multi-source 

adaptive fusion, 4D-MRI, and 4D-DIR.  

 Aim 2a: To develop the 5D-MRI technique by integrating the multi-source 

adaptive fusion, 4D-MRI and 4D-DIR techniques. 

 Aim 2b: To evaluate the 5D-MRI technique by patient study.  

Aim 3: To improve the 5D-MRI technique by exploring a novel image mutual-

information (MI) based method for 4D-MRI image reconstruction without external 

surrogates. 
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1.4 Dissertation chapter overview 

The dissertation is organized as following:  

Chapter 2 presents the development of a multi-source adaptive MRI fusion 

technique for multi-contrast MRI in radiation therapy. XCAT digital human phantom  

study, patient study and Matlab GUI development will be demonstrated. A novel 

extension of MRI fusion technique: development of a multi-source MRI fusion based 

organ auto-segmentation method will also be presented. XCAT study will be used to 

illustrate the feasibility.  

Chapter 3 presents the development of a complete 5D-MRI workflow and the 

technique. Patient study will be shown to illustrate the feasibility. 

Chapter 4 shows one improvement work for 5D-MRI: developing an image 

mutual-information (MI) based 4D-MRI reconstruction technique without external 

surrogates. Patient study and XCAT study will be demonstrated.  

Chapter 5 summarizes the dissertation and discusses future direct ions.  
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2. Development of a multi-source adaptive MRI fusion 
technique for multi-contrast MRI in radiation therapy 

2.1 Introduction 

2.1.1 Multi-source MRI fusion technique 

Accurate target volume definition is essential for precision radiation therapy 

(RT). It is especially important for hypo-fractional treatments such as stereotactic 

radiosurgery (SRS) and stereotactic body radiation therapy (SBRT). Multi-modality 

medical images (CT, MRI, PET, etc.) are often utilized to assist tumor volume 

delineation. Compared to CT images which are the clinical standard for RT simulation 

and treatment planning, MR images have superior soft -tissue contrast and are becoming 

widely used in conjunction to CT to provide the necessary soft-tissue information, 

especially for cancers in brain, abdomen, and pelvis.  

MR images have different weighting contrasts (T1-w, T2-w, T2/T1-w, diffusion 

weighted, etc.) and each of them presents a unique set of image characteristics that can 

be desirable for a particular clinical application.  For example, T2-w MRI and diffusion 

weighted image (DWI) provide excellent tumor contrasts for liver and pancreatic 

cancers [45-47]; and T2/T1-w MR images features high blood vessel signal [48].  In 

current clinical practice, despite different contrast MR images are often acquired, they 

are used in a rather isolated manner, i.e., physicians can only review a single set of MR 

images at one time and need to switch between different sets of MRI to comprehend the 
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information from all images acquired.  This is an inefficient and ineffective approach for 

patient radiation therapy treatment workflow and poses a number of limitations.  First, 

switching between multiple set of images is time consuming and prone to human error. 

The energy of physicians can and should be better focused on the images, rather than 

tedious file selection or avoiding mistakes. Second, MRI tumor contrast in soft tissues, 

e.g. liver or pancreases, may still be suboptimal for some patients, even after using 

multi-modal MRI. The best tumor differentiation is constrained by the highest tumor 

contrast among the multi-modal MRIs. Third, the information provided by the multi-

modal MRIs is rich and often times complement each other. By reviewing the multi-

modal MRI in isolation, such rich information may not be adequately extracted and/or 

utilized.    

One desired approach is to integrate information from multi-source MR images 

by image fusion. Image fusion methods were extensively studied across different image 

modalities, e.g., CT-PET, CT-MRI, MRI-PET, etc. Existing multi-modality fusion studies 

mainly focus on either overlapping functional information onto anatomical information 

for cancer detection and visualization [49-52], or enhancing anatomical details by image 

decomposition and fusion in the spatial or frequency domain [53-57]. The 

complementary information across image modalities was not fully extracted. On the 

other hand, multi-modal MR image fusion studies were rare and the focus was on organ 
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segmentation or classification for the purpose of electron density assignment or tumor 

probability estimation [58-61]. These classification orientated methods rely on complex 

statistical models where parameter solving are not only computational intensity but also 

may lack physical intuition and feasibility for clinical adaptation.    

In this chapter, we present a clinical friendly, single platform, multi-source MR 

fusion technique capable of enhancing tumor contrast and producing versatile new 

contrast MR images with the potential for different MR-based radiation therapy 

applications. This technique allows for aim-specific adaptations interactively in real 

time, and can potentially improve the accuracy and efficiency for clinicians in MR-based 

RT tasks, such as contouring, segmentation, MRI-based treatment planning, response 

assessment, etc. This study focuses on the design of this clinical friendly fusion 

technique and the feasibility study on digital human phantom XCAT and liver cancer 

patient cases.   

 

2.1.2 Multi-source MRI fusion based organ auto-segmentation 

Organ segmentation has wide applications in both radiation oncology and 

radiology, such as target delineation, MR-CT conversion, treatment assessment, normal 

tissue segmentation, etc. Traditionally, atlas based methods [105, 106], or gradient based 

methods [107, 108] were used for organ segmentation. Recently, deep learning or 
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convolutional neural network (CNN) based methods were widely used for organ 

segmentations. [109-113] 

However, these methods were mostly based on the single source images. For 

example, the recent deep learning methods, although using multiple layer neural 

networks, are generally based on the single contrast MR image data, in which the 

information is limited and might be inconsistent across patients. While working on the 

MR-fusion project, we generated a multitude of new data. How can we use the high 

dimensional data for other applications, for example, organ segmentation?  

 In this study, we proposed a novel method for auto multi-organ segmentation 

based on high dimensional data generated by the multi-source MRI fusion platform. The 

hypothesis is that during the dynamic image fusion process, voxel intensity from the 

same organ would change in a similar pattern. Therefore, we could use simple 

unsupervised learning methods to cluster the voxels into a limited number of organs.  

The novelty of the proposed method is at least two-folds: a) the multi-source 

MRI fusion process generated high dimensional features from a single patient. 

Therefore, different from recent deep learning based methods, its need for a large cohort 

study might be lower. b) Different from many existing methods, multiple organs can be 

segmented at the same time without repeat segmentation or fine tuning on each organ.  
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2.2 Methods and materials  

2.2.1 Multi-source MRI fusion method 

Figure 1 shows the design and workflow of the multi-source MRI fusion method. 

There are five key components/steps: input multi-source MR images, image pre-

processing, fusion algorithm, adaptation methods, and output fused MR images.  Input 

images are volumetric MR datasets by different standard MR imaging sequences, which 

should be acquired at the same respiratory phase, such as end of inhalation (EOI), end of 

exhalation (EOE), or respiratory gated. In this study, we acquired T1-w, T2-w, T2/T1-w, 

and DWI MR images during breath-hold at EOI phase.   

 

Figure 1: Design and workflow of the adaptive multi-source MRI fusion 

method. 
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All input MR images are first pre-processed for image intensity normalization, 

de-noising, inhomogeneity correction, and image registration (e.g., deformable image 

registration (DIR)).  In this study, we performed de-noising using adaptive Wiener low 

pass-filter with a window size of 3x3, and inhomogeneity correction using MR fade 

correction function in Velocity software (Varian Medical Systems, Palo Alto, CA). Image 

intensity was clipped to its 99th percentile intensity and normalized to be between 0 and 

1. Multi-modal MR images of the same subject were registered to the T2-w MRI by 

deformable image registration (DIR) algorithm using MIM Maestro software (MIM 

Software Inc., Cleveland, OH).  

 

2.2.2 Fusion algorithm 

As a proof of concept, a linear weighting fusion algorithm was used in this study. 

Figure 2 shows the implementation of the linear weighting fusion algorithm and its 

database structure. The input MR images are denoted as Χk, k = 1,2, …, K, where K is the 

number of multi-source MR input images; and the output fused MR images are denoted 

as Yi = f(wik , Χk ), i = 1,2,…, I, where I is the number of fusion options and f  is the fusion 

algorithm. For linear weighting algorithm, Yi = ∑k wik Χk , where w ik is the weighting 

coefficients for the  source MR image in the   fusion option.  
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Figure 2: Data structure of multi-source MRI fusion method. 

The data structure as shown in Figure 2 was designed to achieve high clinical 

efficiency. To make it interactive in real time, we pre-calculate all possible fusion options 

for the given input MR images, creating a database of fused images with the 

corresponding weighting parameters (w1, w2, …), as well as the image feature metrics 

(M1, M2, …) measured from the fused MR images Y. Examples of image feature metrics 

M include the signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) of organs of 

interest, image similarity, etc. Once the database is created, the fusion operations become 

a simple process of interactively displaying the desired fused image(s) by selecting the 

right combinations of the weighting parameters or image features from the database, 

which can be done in real-time.   
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2.2.3 Adaptation methods 

The fusion operation is designed to be adaptive for different clinical applications. 

Several adaptation strategies can be implanted to facilitate the process, such as input-

driven, output-driven, and knowledge-driven. Input-driven adaptation allows the users 

to customize fusion by adjusting the relative contributions of the input images 

interactively. Output-driven adaptation achieves desired fusion by regulating the image 

features in the fused images. Knowledge-driven adaptation is able to automatically 

determine an optimal set of fused images for specific radiotherapy applications 

(contouring, planning, motion modeling, etc.) via machine learning of expert 

knowledge.  In this study, we have implemented the input-driven and output-driven 

methods in Matlab (Mathworks, Natick, MA) with user-friendly interface.  

For the input--driven method, the linear weighting coefficient for each source 

MR images can be interactively adjusted to generate fused image Yi in real time. In our 

study, wik was set to real numbers ranging from -1 to 1 with interval of 0.2, or 0.5, 

resulting in a total number of 11K or 5K fusion options. Similar to traditional window 

level adjusting for better visualization and/or diagnosis purpose, the user will adjust the 

weighting parameters while the resulting fused image updates accordingly until a 

satisfactory fusion image is achieved for visualization or diagnosis purpose.  For the 

output-driven method, six image feature metrics were included to regulate the fusion 
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process in this study. The features include CNR of tumor, blood vessel, and bone; and 

SNR of liver, lung and muscle. SNR = mean(ROI)/σ(ROI), CNR = SNR(ROI) – 

SNR(bkgd), where, ROI is the region of interest, bkgd is the region surrounding or 

nearby the ROI. The organs or region of interests are contoured by the user in the fusion 

GUI for feature calculation and the same region were used for feature comparison 

between pre- and post-fusion. The six image features were calculated and saved for all 

fusion options, and the users will adjust the feature range to achieve the desired fusion 

images interactively. For example, for application of tumor volume delineation, the 

tumor CNR of the fused image is set to high while other metrics are set as normal. All 

the fusion options matching the feature criteria will be selected and aver age image is 

displayed. It should be noted that changing range of one metric may result in limited 

selection of other metrics, and therefore not all combinations of output -driven selection 

are possible.  

 

2.2.4 Multi-source MRI fusion: XCAT digital human phantom study 

T1-w, T2-w, T2/T1-w, and DWI MR images of the abdomen with a hypothetic 

spherical tumor (diameter: 30 mm) in the liver were simulated at the EOI phase using 

the XCAT phantom as the input source MR images for the fusion method. Image 

resolution is 1.67 mm isotropic for all images. To be realistic, tumor and organ (e.g., 
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liver, spleen, kidney, lung, muscle, blood vessel, etc.) intensity values and images noises 

of these simulated MR images were set to the average values of the corresponding 

tumor and organ image intensities and noises measured from real MR images of twelve 

liver cancer patients. Input- and output- driven methods were applied to generate 

various new contrast fused MR images.  

 

2.2.5 Multi-source MRI fusion: patient study 

The multi-source MRI fusion method was tested in twenty-four liver cancer 

patients in a retrospective study. T1-w, T2-w, T2/T1-w, and/or DWI MR images of the 

liver cancer patients were acquired using a 3T MR scanner (Siemens Healthcare, Cary, 

NC) under an IRB approved protocol. In-plane image resolutions were 1.38-2.29 mm 

and slice thicknesses were 3-5 mm. To minimize the misalignment between the images, 

all MR images were acquired in the same imaging session and with breath-hold at EOI 

phase. For each patient, all MR images were co-registered to T2-w MR images by 

deformable image registration (DIR) using MIM software. Both input- and output-

driven methods were tested to generate fused MR images. 

As one example of clinical application, one set of the fused images with tumor 

CNR enhancement was selected for each patient and compared to the source single 

contrast MR images and CT images. The selection criteria were set to achieve best 
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possible tumor CNR while maintaining adequate anatomical details by constraining 

liver SNR to be normal. Student’s paired t-test was performed between post- and pre-

fusion images, which are both after image pre-processing to rule out the effect of pre-

processing on the image quality improvement. 

 

2.2.6 Multi-organ auto-segmentation study 

T1 weighted (T1-w), T2 weighted (T2-w), diffusion weighted images (DWI), and 

cine (T2/T1-w) are acquired from twelve liver cancer patients under Siemens 3.0T MR 

scanner. Four sets of digital human phantoms (XCAT) (T1-w, T2-w, DWI and T2/T1-w) 

were generated using average of the patient MRI signal and noise from each organ.  

The four input source MRI images were fed into our in-house developed multi-

source adaptive MR fusion platform, where 625 new contrast MRI images were 

generated. Each voxel is represented by a 625x1 vector, where each element or feature is 

the voxel intensity in one of the new contrast images.  

Unsupervised learning was used to group the voxels using k-means clustering 

method, with cluster number k ranging from 2 to 16. Each cluster denotes one organ and 

multi-organs are automatically segmented.  

To evaluate the segmentation quality, organ edge was detected using Sobel filter 

for four source single contrast MRI and auto-segmented MRI using the proposed 
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method. Union of all source MRI edges was defined as reference or ground truth. 

Normalized cross correlation (NCC) between reference edge and multi-organ auto-

segmented MRI edge, as well as each source MRI edge were assessed for quantitative 

evaluation.  

 

2.3 Results  

2.3.1 Matlab GUI result for clinical use 

Figure 3 shows the clinical workflow of the first major step of the multi-modal 

MR image fusion: image preprocessing. The source images are DICOM images of 

standard MR image set. After the image registration, inhomogeneity correction 

performed under commercial software (MIM and Velocity), the DICOM images are 

imported to in-house written Matlab code for normalization and a single .mat file is 

generated for each patient.       

         

Figure 3: Workflow for image preprocessing, a major compenent of the overall 

multi-source adaptive fusion workflow. 
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The patient specific .mat file contains information of all 3D source MR datasets, 

including image resolution, matrix size, normalized voxel intensity, and one of original 

DICOM header file for export purpose.    

There are three major components of the mulit-modal MR fusion Matlab graphic 

user interface (GUI). Figure 4 shows the first major component: input driven adaptation. 

Any of the top four buttons will load the single patient specific .mat file. The user will 

adjust the weightings for each source MR image in the “Weights” area, and the fused 

image will be updated in real-time as the weighting is changed. The window level of the 

fused image can also be adjusted by changin g the min and max threshold. It’s worth 

noting that the image set is three-dimensional (3D), so the coronal, axial, and sagittal 

views are all available and can be switched back and forth. The slice number can also be 

adjusted. Therefore, the fusion is a fully 3D operation.  

As shown in Figure 5, after a satisfactory fusion image is generated, the fused 3D 

MR image set can be exported to a user-defined location, as a series of DICOM images in 

the same coordination system as the source standard single contrast MR image. This 

functionality is designed so that the fused MR images can be exported and connected to 

standard clinical workflow, e.g., treatment planning system, etc.  
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Figure 4: Matlab GUI for multi-source MR fusion: Input driven adaptation 

 

 

Figure 5: Matlab GUI for multi-source MR fusion: Export as DICOM files. 

The second major component of the multi-modal MR fusion GUI is ROI selection 

and metric or feature calculation. Figure 6 shows the ROI selection functionality 
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(bottom). The user will define different ROIs (e.g., background, liver, tumor, bone, lung, 

muscle) and the corresponding metric for the current fusion option will be calculated 

and displayed in real-time. The selected ROI area size will also be calculated and 

displayed. After all ROIs are defined, by “Metric Calc”, the user can initiate the database 

generation process. The Matlab program will calculate all the fusion options and save 

the database in the memory for real-time access, as well as .mat file for future use. One 

example of the database is shown in Table 1. The fusion option index, feature value, 

weighting for each source MR image are all saved in the database.  

 

Figure 6: Matlab GUI for multi-source MR fusion: ROI selection and metric 

calculation. 
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Table 1: Example database of multi-source MR fusion GUI 

 

 

After the feature database is generated, the third main component of the multi-

source MR fusion GUI is output-driven adaptation. Figure 7 shows the interface of 

output-driven adaptation process. The range of each feature or metric is defined by the 

user by using the mean and +/- half range. The fusion options that satisfy all the 6 metric 

criteria will be identified and the average of them is displayed on the top right corner 

panel and the average weighting value for each source MR image is displayed below the 

panel. The 6 features or metrics that correspond to the average image are shown on the 

bottom right corner panel. As we change the range or criteria of the features, the average 

fusion image and the corresponding metric plot are updated in real-time. The metric 
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plot also provides a feedback to the user validating the accuracy of the output-driven 

adaptation process.  

 

Figure 7: Matlab GUI for multi-source MR fusion: Output-driven adaptation. 

Similar to the input-driven adaptation, the result of the output-driven adaptation 

can also be exported to standard DICOM format, as shown in Figure 5, for easy 

connection to the clinic workflow.  
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2.3.2 Multi-source MRI fusion: XCAT digital human phantom results 

Figure 8 shows an example of the multi-source MR fusion using the input-driven 

method. The top panel shows the coronal views of the input multi-source images: 

simulated T1-w, T2-w, T2/T1-w, and DWI MR images. The bottom panel shows 

examples of 16 fused MR images (out of hundreds of fused options) with different image 

contrasts that are achieved via the input-driven method, demonstrating the capability of 

the multi-source MR fusion method in generating a large number of fused MR images 

with versatile image contrast and features.   
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Figure 8: Illustration of the adaptive multi-source MR fusion method applied 

to the XCAT digital human phantom.With four input MR images (T1-w, T2-w, T2/T1-

w, and DWI) and using the input-driven approach, the fusion method generated 

hundreds of fused images with versatile image contrasts (only 16 are shown here). 
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Example new fusion contrasts include enhanced tumor, blood vessel, kidney, 

spleen at the same time (top right corner); suppressed blood vessel while maintaining 

signal from other organs (top bottom corner); among many others.  

Figure 9 shows an example of the multi-source MR fusion using the output-

driven method. The values of the six image feature metrics were plotted as lines for the 

different fusion options (Figure 9a).  This line map provides a good overview of the 

feature metrics of all possible fusion options. It can be observed that the output fused 

images can be either hyper- or hypo-intensity, and there are limitations on the maximum 

SNR or CNR value for the organs. Choosing a fused image for a particular clinical 

application is equivalent to selecting the proper line from this map. Figure 9b shows 

examples of three fused images corresponding to three different clinical applications: 

tumor enhancement, blood vessel enhancement, and vertebral body enhancement.  
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Figure 9: Output-driven approach applied to XCAT digital human phantom. 

(a) Plot of image feature lines. Each line represents a possible fusion option that has a 

unique set of SNR or CNR values of organs. (b) Three representative fused images 

created using the output-driven approach. They are created for enhanced CNR of 

tumor, vessel, and bone, respectively. 

 

2.3.3 Multi-source MRI fusion: liver cancer patient study results 

Figure 10 shows the multi-source MR fusion results of a liver cancer patient. Top 

panel shows the input source MR images (T1-w, T2-w, T2/T1-w and DWI) before pre-

processing, and the bottom panel shows 8 representative output fused MR images (out 

of hundreds) with various image contrasts achieved using either input-driven or output-
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driven approaches. It can be seen that compared to the input MR images, the fused MR 

images are all improved in image quality with different clinical perspectives. For 

example, Fig. 10a shows overall improved anatomy and organ definitions; Figs. 10b, d, 

and e shows increased signals for vessels and CSF fluid with different contrasts against 

soft-tissues, Figs. 10c and g shows enhanced tumor contrast (indicated by arrows) as 

compared to those of the input MR images; Fig. 10f shows clear edge with enhanced 

signals for vertebral body and other bony structures; and Fig. 10h shows relatively 

homogeneous signal distribution for the entire body, which could be used for synthetic 

CT applications. 
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Figure 10: Illustration of the adaptive multi-source MR fusion method applied 

to a liver cancer patient. With four input MR images (T1-w, T2-w, T2/T1-w, and DWI), 

the fusion method generated hundreds of fused MR images with versatile image 

contrasts (only 8 representative images are shown here). 

 

       Table 2 summarizes the tumor CNR enhancement in the twenty-four liver cancer 

patients. Output-driven adaptation method was used in this application. The range of 

tumor CNR was set to be between 20 and 25; range of liver SNR was set to be larger than 

5, with a maximum range; and the other 4 parameters were set as free. The reason for 
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having a constraint on liver SNR is to regulate the output image quality for treatment 

planning purpose.  

The average of all fusion option that satisfies the selection criteria was generated 

and the tumor CNR and liver SNR values were reported.  It can be seen that, on average, 

the tumor CNR was significantly improved (p-values: < 0.0001) by the multi-modal 

fusion method (mean: 22.51) as compared to those in patient original MR images (range 

of mean: -1.80 - 8.05). In addition, the standard deviation normalized by mean 

(coefficient of variation or CV) is much smaller in the fusion images (0.04) compared to 

the source single contrast MR images (0.43 to 4.06).   

Table 2: Summary of tumor CNR in multi-source MR and fused MR images 

and liver SNR in fused MR images for 24 liver cancer patients. 

Patient # T1-w 

 

 

T2-w DWI T2/T1-w Fusion Liver SNR 

1 -4.01 2.03 10.4 -0.53 23.7 11.7 

2 -5.23 6.25 3.54 0.25 22.03 10.21 

3 2.87 10.4 2.71 5.72 21.2 7.4 

4 1.06 4.49 5.21 3.7 22.96 18.52 

5 9.07 0.42 0.43 0.45 24.09 12.35 

6 3.32 4.29 9.42 0.46 22.37 7.47 

7 -5.52 -4.23 8.02 -2.57 22.41 9.65 

8 0.33 10.11 5.35 -1.9 22.90 6.24 

9 -0.95 4.05 11.7 1.58 23.65 9.01 

10 -3.07 0.92 12.9 -1.43 23.15 6.69 

11 2.59 4.72 4.61 -2.03 21.25 5.91 

12 -5.72 -0.17 5.6 4.2 22.50 10.4 
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13 -4.67 4.79 8.25 - 22.82 6.16 

14 -2.32 3.05 7.27 - 20.87 12.54 

15 3.22 8.36 5.28 - 21.71 6.73 

16 -6.72 11.13 13.82 - 23.11 12.19 

17 -9.27 4.57 12.52 - 20.90 15.74 

18 -6.11 -1.69 6.65 - 22.75 10.51 

19 0.16 6.26 12.18 - 22.53 11.87 

20 -3.58 9.59 8.55 - 23.47 9.51 

21 -4.04 6.42 11.00 - 21.73 13.55 

22 -3.40 7.61 10.80 - 23.10 10.82 

23 2.11 2.12 8.19 - 22.80 8.84 

24 -2.61 6.54 8.41 - 22.29 7.92 

Mean -1.80 4.74 8.05 0.66 22.51 9.99 

SD 4.13 3.86 3.43 2.67 0.87 3.12 

CV 2.29 0.81 0.43 4.06 0.04 0.31 

p-value <0.0001 <0.0001 <0.0001 <0.0001 - - 

 

 

2.3.4 Multi-organ auto-segmentation study results 

Figure 11 shows the result of multi-source MRI fusion based organ auto-

segmentation on a small example region. Three organs (liver, lung and blood vessel) are 

included in the example region. Only 125 of the 625 features are shown in the bottom 

panel for conciseness.  Each line in the bottom plot corresponds to one pixel in the 

sample image. Qualitatively, we can observe that three voxel intensity changing patterns 

were present. One has high changing slope, one has low changing slope and one has 
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medium levelchanging slope.  Using k-means clustering method and a cluster number 

of 3, the segmentation result is shown on top right corner. The three colors (white, black 

and grey) correspond to the three organs.  

         

Figure 11: Demonstration of auto-segmentation method on a sample region. 

Figure 12 shows the auto-segmentation result using different k values or 

clustering numbers. Multiple organs, e.g., liver, heart, kidney, spleen, muscle, vertebral 

body, stomach, blood vessel, and tumor were automatically segmented when using k-

value 9 or above. In general, more organs or tissues could be segmented w ith an 
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increasing cluster number. Cluster numbers ranging from 2 to 16 were investigated and 

9 example results are shown. Different colors represent different segmented organs.  

It is worth mentioning that when the k value exceeded the number of organs, 

more areas were segmented. This effect can be perceived as either negative or positive. 

For the XCAT phantom with known organ numbers, noise area could be clustered as 

new organs. Therefore it would be unfavorable. However, for the real patient cases, it is 

expected that some sub-regions within an organ could be segmented if cluster number is 

larger than the organ number. These sub-regions may have different physiological 

property from other sub-regions within the same organ. Such “over” segmentation 

might be indicative of areas worthy of more attention of the physicians. Therefore, this 

might be a favorable feature for future clinical applications.  
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Figure 12: Clustering results using different k values for k-means clustering. 

Figure 13 demonstrates the evaluation process of the proposed multi-organ 

segmentation method via edge detection. In Figure 13A, top row is the original source 

single contrast MRI, both row are the corresponding edges images. The four edge maps 

are added to form the reference edge map, which is shown on the bottom right.  

Figure 13B shows the multi-organ segmentation results by the k-means 

clustering method. Eight, ten and twelve clusters results were demonstrated. Same as in 

Figure 13A, the top row shows the multi-organ segmented map, and the bottom row 

shows the corresponding edges. These edges were compared to the reference edge, and 

the normalized cross-correlation (NCC) was evaluated.  
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Figure 13: Edge detection for multi-source MRI, automatic segmented MRI 

using k = 8, 10, and 12 in k-means clustering algorithm. 

 

Figure 14 shows the normalized cross-correlation (NCC) of reference edge to 

those of each source MR image and auto-segmented images. X-axis shows the number of 

clusters, or k-value used. Y-axis shows the NCC value. The auto-segmented result (red 

curve) surpasses the other single contrast MRI results (blue, cyan, green and black) at 

cluster number of 4, and reaches plateau around cluster number of 7 and above. This 

suggests that multi-organ auto-segmentation result is superior to any of the source 

images when using 4 clusters or above. The segmentation quality does not improve as 
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much when cluster number reaches 8 or above. The single-contrast source MR image 

results showed straight line because their NCC to reference does not change with the 

number of clusters. The NCC peaked at 0.962 when 8 clusters was used for the 

segmentation. 

 

Figure 14: Normalized cross correlation (NCC) between reference edge and 

edges of auto-segmented image, as well as each of the source MR images. Auto-

segmented image, red; T1-w, blue; T2-w, cyan; T2/T1-w, green; and DWI, black. 

 

 As illustrated in Table 3, when cluster number of 2 to 5 was used, the average 

performance was comparable to that of the original single contrast MRI. When the 

cluster number is between 6 and 9, or 10 and 13, the average NCC was 0.95 and 0.94 

respectively, with a standard deviation of 0.01.  Student’s t-test was performed between 

the 4 single-contrast source MR image sets and the three MR fusion based auto-

segmentation groups. For the groups with K value larger than 6, significant differences 
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were observed between the proposed method and using original single contrast MR 

images.  

Table 3: NCC between reference edge and image edges by different methods. 

Method NCC Method NCC Method  NCC Method 

SNR 

NCC 

T1-w 0.77 K=2 0.64 K=6 0.93 K=10 0.93 

T2-w 0.76 K=3 0.75 K=7 0.95 K=11 0.94 

T2/T1-w 0.80 K=4 0.83 K=8 0.96 K=12 0.95 

DWI 0.62 K=5 0.87 K=9 0.94 K=13 0.95 

        

Mean 0.74 - 0.77 - 0.95 - 0.94 

Stdev 0.08 - 0.10 - 0.01 - 0.01 

p-value - - 0.61 - 0.002 - 0.002 

 

 

2.4 Discussion 

In this study, we have developed a multi-source MR fusion method that is 

capable of generating a large number of fused MR images with versatile and enhanced 

image contrasts by using only a limited number of input MR images. The rich 

information from multi-source MRI were integrated and utilized in an intuitive and 

interactive manner. This method essentially creates a new dimension in the patient 

image dataset: the image contrast. The concept of integrating multi-source MR images to 
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form a new dimension is new and to the best of our knowledge has not been reported 

before.  

We have demonstrated in this chapter that the resulting images of the multi-

source MR fusion method can be adaptively tuned to encompass specific images 

features based on the clinical application. The endpoint of this study is to enhance the 

quality of cancer patient care by improving various processes of the radiation oncology 

treatment. One important application is tumor contrast enhancement. Although MRI 

provides improved tumor contrast compared to CT, the cross-patient and cross-

sequence variation still exist and tumor contrast may still be suboptimal for some 

patients. The multi-source MR fusion is shown in this study to be able to increase tumor 

CNR significantly, as well as improve the inter-patient consistency substantially. The 

higher tumor CNR will directly lead to improved visibility of target. Therefore, the 

target definition and delineation accuracy is expected to be improved, which would 

directly translate into better patient treatment outcome by increasing tumor dose 

escalation and normal tissue sparing capability. In addition, the higher inter-patient 

tumor CNR consistency would lead to improved consistency of patient treatment 

outcome. In an era of precision and quantitative cancer treatment, this higher 

consistency would bring higher value to the patient care.  
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Another important future application of this study is the MR-only simulation. In 

MR-only simulation, MR-to-CT conversion or synthetic CT generation is an essential 

and critical process. However, bony structure signal in MRI is intrinsically low. It has 

been demonstrated in our study that the bony structure could be substantially enhanced 

by multi-source MRI fusion.  

Both contouring efficiency and quality of normal tissues including OAR are 

expected to be improved as well. As shown in the patient data, organs like vertebral 

body, CSF, liver can be enhanced in different contrast modes. These enhanced contrasts 

would improve the accuracy of automatic multi-organ contouring, whether using recent 

deep learning methods, or use the new method proposed in Section 2.2.6.  

The multi-source adaptive MR fusion method is different from the various image 

processing methods that are used improve image quality, image contrast, etc. Fusion is a 

process of incorporating the inherent information of different image sets into one, while 

image processing is a process of enhancing certain desired image features on one image 

set (and thus no new information is included). In addition, the enhancement of image 

quality/contrast through image processing is largely dependent upon and often limited 

by the original image set. While in multi-source adaptive MR fusion method, the degree 

of freedom for adjusting image quality/contrast is much greater due to the versatile 

information from the different source images.  
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It should be noted that in this study we only demonstrated that the proposed 

fusion method is capable of generating various image contrasts. How to choose the 

proper fused image for a particular clinical application is beyond the focus of this study, 

and should be determined based on the requirements of the particular clinical 

application. For example, if the fused image were to be used for MRI-based radiotherapy 

treatment planning, high tumor contrast and high geometric integrity would be desired 

while blood vessel signals are less important. In our future study, we will develop 

machine learning based methods, together with the multi-source adaptive fusion 

method, to automatically generate the desired fused images for different clinical 

applications. 

The multi-source adaptive MR fusion method is designed as an open platform 

wherein each of its components can be independently adjusted or replaced for 

performance enhancement. For instance, a linear weighting based fusion algorithm was 

used in this study for demonstrating the proof-of-concept. It can be replaced by more 

sophisticated fusion algorithms, such as pyramid decomposition based or wavelet 

transform based algorithms [53-57, 62], which could potentially improve the 

performance of the multi-source fusion method. In addition, the fusion adaption 

methods as shown in this study (input-driven and output-driven) were based on 

manual operations. While this allows for best possible guidance on the fusion process 
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for the clinicians, the process could be still time-consuming and sometimes challenging. 

To enhance clinical efficiency, a knowledge-based adaptation approach is highly desired 

wherein the experts’ prior knowledge of optimal fusion is learnt via machine learning 

and used to determine the optimal fusion parameters for new cases. This is a topic of 

interest for our future studies.    

It should be noted that although we used four MR image sets as the input source 

images for the fusion in this study, there is no limitation on the number and type of 

input images. It can be expected that more input images can lead to greater range of 

image contrast and more fusion options, and subsequently more and better clinical 

applications. Other MR images that are candidates for input images include proton-

density weighted MR images, dynamic contrast enhanced (DCE) MR images, etc. In 

addition, the fusion method can be potentially used for multi-modality image 

applications. For instance, CT images with/without contrast and PET images can be 

fused with MR images, taking advantage of the different and rich anatomical or 

functional information from each image modality.  Since there has been numerous 

works on MRI/CT, PET/CT, MRI/PET fusions, it could be relatively fast to achieve multi-

modality multi-source adaptive fusion in the near future.  

It is critically important to best align the input images in order to achieve optimal 

fusion results, and for that reason one need to pay close attention to the imaging process 
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and the image registration. Efforts should be made to minimize patient’s motion 

between different image acquisitions and to maintain the same breathing status if all 

possible. Immobilization and video/audio coaching have been shown effective in 

reducing motion and breathing variations and can be considered to use. In addition, 

MRI distortion should be corrected for all MR input images.  MR images with large 

distortions should be avoided, and MR images with least distortion, such as the fast spin 

echo T2-w MRI, should be used as the target in image registration to correct for residual 

misalignment between the input images. The accuracy of the DIR algorithms need to be 

comprehensively evaluated and validated for the specific applications and the specific 

types of images as their performance is highly dependent on the image quality. This is a 

related but separate research topic that is out of the scope of this current work. We are 

currently developing an improved, physiologically-based DIR algorithm in a parallel 

project [63] that we plan to incorporate into the fusion method in the next step of our 

research.  

 The multi-source MRI fusion based organ auto-segmentation method takes 

advantage of the multi-dimensional information created by MR-fusion method. This 

new “image contrast” dimension provided a new source of information or higher 

dimensional features that could be utilized for multi-organ segmentation purpose. 

Different from existing deep learning based methods, the proposed method might have 
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unique advantage and potential to achieve auto-segmentation with a lower need for 

large cohort learning. An investigation on the effect of combining the method with deep-

learning based methods on the segmentation quality would be of high interest.  

 

2.5 Conclusion 

In this study we demonstrated a novel multi-source MR image fusion technique 

capable of generating versatile and enhanced contrast MRI from a limited number of 

standard MR images. Using the output-driven adaptation method, the technique can 

also generate consistent tumor contrast, which is desirable for many clinical 

applications.  

Using this technique, complementary information of multi-source MRI are 

integrated. Therefore, a new dimension of patient data: image contrast, is created. The 

successful development of this technique is a key milestone for the development of 5D-

MRI technique.  

The method is intuitive, interactive and easy to be implemented in the clinic. 

Currently, the Matlab GUI developed has been tested both in our lab as well as 

collaboration hospitals. The feasibility and robustness of the fusion platform is proven. 

More clinical cases will be studied and used to provide feedback to improve the multi-

source MR fusion technique and platform. 
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Future applications of the multi-source MR fusion technique include tumor 

contrast enhancement, normal tissue edge sharpening, bony structure enhancement, 

auto-segmentation, MR-CT conversion, etc. This method holds great promise to enhance 

the effectiveness and efficiency of MR applications in radiotherapy. 

Finally, in a pilot study, a novel automatic multi-organ segmentation method by 

multi-source adaptive MR fusion was proposed and examined with XCAT digital 

human phantom using real patient data. Major organs in the field of view were 

automatically segmented with a higher degree of agreement to the ground truth edges 

compared to any of the single-contrast source MR images.  



 

 

44 

3. Development of 5D-MRI technique by integrating 
multi-source adaptive fusion, 4D-MRI and 4D-DIR 

3.1 Introduction 

The use of MRI in radiotherapy has been steadily increased in the past decade, 

and will likely be accelerated in the next decade due to the introduction of hybrid MRI-

linac treatment systems recently [64, 65].  A number of academic institutions have 

recently installed MRI-linac machines and are adapting it for clinical use.  It is clear that 

MRI technology will lead to a paradigm shift in radiotherapy in the very near future.   

Recent advances in MRI technology for radiotherapy focus on abdominal 

cancers, for which MRI has distinct advantages over CT because of its superior soft-

tissue contrast, as well as its versatile capability in motion imaging.  Analog to 4D -CT 

technology for managing lung cancers [66], 4D-MRI technology has been developed for 

managing abdominal cancers in radiotherapy.  Despite many recent advances in 4D -MRI 

[67-75], current 4D-MRI technology has inadequate image quality for precision 

radiotherapy applications due to at least one of the following deficiencies: low 

temporal/spatial resolutions, suboptimal/inconsistent contrast, lack of anatomical 

details, and motion artifacts caused by breathing variations.  For example, current 4D -

MRI techniques handle breathing variations poorly, causing motion artifacts that can 

adversely affect radiotherapy applications such as motion measurement [76], tumor 

delineation [77-79], dose calculation [80, 81], and image registration [82, 83].  These 
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deficiencies have hampered 4D-MRI from becoming a clinical standard for radiotherapy 

of abdominal cancers, as well as from advancing precision radiotherapy through 

applications such as 4D treatment planning and motion modeling.  Furthermore, we 

have observed large inter-patient (range: 51.1-88.1%) and inter-sequence (range: 1.2-

134.7%) variabilities in tumor contrast in MR images of liver cancer patients [84]. 

In this study, we demonstrate a novel 5D-MRI technique to address the issue of 

image contrast deficiency of 4D-MRI.  5D-MRI technique is an extension of 4D-MRI 

technique, embedding all the characterizations of 4D-MRI with an additional dimension 

of “image contrast”.   Being able to provide versatile image contrast allows 5D-MRI for a 

much wider clinical application with better and more consistent image quality than 4D -

MRI.  This will subsequently improve the accuracy and efficiency of clinical applications 

of MRI, including target volume delineation, normal tissue segmentation, radiomics 

analysis, treatment assessment, etc.  The basic idea of 5D-MRI is generating a series of 

synthetic 4D-MRI with versatile image contrast and improved image quality by 

synergizing motion modeling and multi-source MRI fusion.  Its development employs a 

number of imaging and image-processing techniques, including 4D-MRI techniques 

with different contrast mechanisms and sorting methods [75, 85-87], motion modeling 

techniques [88-91], deformable image registration (DIR) algorithms [63, 92-94].  In this 
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study, we developed the 5D-MRI technique and demonstrated its feasibility using 

digital human phantom and patient cases.  

 

3.2 Methods and materials 

The overall design of the 5D-MRI technique is shown in Figure 15. The 5D-MRI 

technique was developed by synergizing three main technical components: 4D -MRI, 

DIR, and multi-source MRI fusion (MSMF).   

     

Figure 15: Overall design and workflow of the 5D-MRI technique. 

 

3.2.1 Multi-source adaptive fusion method 

The MSMF method is used to generate MR images with versatile image contrast 

and improved image quality.  The design and workflow of the MSMF method is shown 
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in the dashed box of Figure 11.  It consists of five key components: input multi-source 

MR images, image pre-processing, fusion algorithm, fusion adaptation, and output 

fused MR images.  The fusion method is the same Chapter 2, section 2.2. Only the 

preprocessing section is repeated as below as a refresher.  

Input multi-source MR images are 3D volumetric MR data with different image 

weighting contrasts such as T1-w, T2-w, T2/T1-w, and DWI.  All input MR images are 

first pre-processed for common image quality enhancement, including inhomogeneity 

correction, image registration, image intensity normalization, and de-noising.  In 

particular, inhomogeneity correction was performed using MR fade correction function 

in Velocity software (Varian Medical Systems, Palo Alto, CA).  All MR images were co-

registered to a reference MR image dataset using DIR implemented in MIM Maestro 

software (MIM Software Inc., Cleveland, OH).  Image intensity was clipped to its 99 th 

percentile intensity and normalized to be between 0 and 1.  The normalization is a 

necessary step for the later fusion process, which is based on linear weighting.  Optional 

de-noising was applied using adaptive Wiener low-pass filter in Matlab with a window 

size of 3x3.  
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3.2.2 4D-DIR and 5D-MRI method 

End-of-inhalation (EOI) phase of the 4D-MRI was used as the reference MRI 

(MRIref) for all the DIRs between different phases of 4D-MRI and between MRI images of 

different imaging contrasts (T1-1, T2-w, and T2/T1-w).  To generate 4D-DVF, 9 sets of 

4D-MRI images (except for the EOI phase) were deformed to MRI ref using a commercial 

DIR method implemented in MIM Maestro software (MIM Software Inc., Cleveland, 

OH).   

Fused MRI images with versatile image contrasts were generated using the 

MSMF method as described earlier.  For this patient, three input MR images were used 

for MSMF: T1-w, T2-w, and the EOI phase of T2/T1-w 4D-MRI.  T1-w and T2-w MR 

images were first deformed to the EOI phase of the T2/T1-w 4D-MRI (MRIref) so that the 

three input MR images are geometrically matched.  Finally, 5D-MRI images were 

generated by applying the 4D-DVF determined from the original 4D-MRI onto each of 

the fused MRI images.  

 

3.2.3 Patient study 

The MSMF method was first tested on a 4D Extended Cardiac Torso (XCAT ) 

digital human phantom [95] and a liver tumor patient.  For the XCAT phantom, T1-w, 

T2-w, T2/T1-w, and DWI 3D MR images (1.67 mm isotropic) of the abdomen area with a 
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hypothetic spherical tumor (30 mm diameter) in the liver were simulated as input MR 

images for MSMF.  To be realistic, organ and tumor intensity values and images noises 

of the simulated MR images were obtained from measurements of actual MR images of 

twelve liver cancer patients.   

The liver tumor patient had multiple metastatic tumors in the liver from breast 

cancer.  T1-w, T2-w, and T2/T1-w 3D MRI scans of the patient were used for MSMF 

testing.  All MR images were acquired either during breath-hold or using the 

respiratory-gating technique to ensure the images are acquired in the same respiratory 

phase.  All MR scans were performed on a 1.5T GE whole-body MR scanner.  The MR 

study was approved by Institutional Review Board and informed consent was obtained 

before the study. 

The feasibility of 5D-MRI was tested on a liver tumor patient.  In addition to the 

MRI scans as mentioned above, this patient also underwent the 4D -MRI scan using a 

T2/T1-w FIESTA sequence, as well as single-slice orthogonal (axial, sagittal, and coronal) 

cine MR images across the center of the central liver tumor using FIESTA.  Details of the 

4D-MRI technique can be found in our previous publication [69] and will only be briefed 

here.  Each slice was imaged for a time equal to the subject’s breathing period plus one 

second.  Imaging parameters were: TR/TE, 3.7 ms/1.21 ms; FOV, 350 x 227 mm; flip 

angle, 52°; slice thickness, 5 mm; matrix, 256 x 166; bandwidth, 1300 Hz/pixel.  Breathin g 
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signals were derived using the body area method and 4D-MRI images were 

reconstructed using phase-based sorting method.   

 

3.2.4 Evaluation methods 

5D-MRI images were qualitatively evaluated for image contrast versatility, and 

quantitatively evaluated for image quality and motion accuracy.  For the latter, motion 

trajectories of the liver tumor in the superior-inferior (SI) direction were determined 

from each of the 4D-MRI image sets of 5D-MRI and compared with those tracked on the 

single-slice sagittal cine MR images.  Mean difference in displacement (D) and 

correlation coefficient (CC) were determined for each comparison in liver tumor motion 

trajectory between 5D-MRI and the reference cine MRI.  

 

3.3 Results 

Figure 16 shows example results of MSMF for the XCAT phantom (a) and the 

liver tumor patient (b).  With four input images (T1-w, T2-w, T2/T1-w, and DWI) for the 

XCAT phantom (Figure 16a), the MSMF method produced more than a hundred of 

fused MR images with versatile image contrasts (16 of them are shown here).  Each of 

these fused MR images present a unique set of anatomical features and image features, 

such as tumor contrast, bony structure, vessel tree, organ edge, etc.  Similarly for the 
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liver tumor patient case (Figure 16b), with only three input MR images (T1-w, T2-w, and 

T2/T1-w), the MSMF was also able to produce fused MR images with various image 

contrasts and different image features (9 of them are shown here).  These results 

evidently illustrated that the MSMF method can generate a large number of synthetic 

MR images with improved image quality and enhanced image features using a limited 

number of input MR images.   

 

 

Figure 16: Examples of fused MR images illustrating the multi-source MR 

fusion (MSMF) method for the XCAT phantom (a) and a liver tumor patient (b). 
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Figure 17 shows example results of 5D-MRI technique applied to the liver tumor 

patient.  Representative 5D-MRI images were illustrated along with the reference cine 

MR images and original 4D-MRI images, clearly showing the respiratory motion from 

end-of-inhalation (EOI) to EOE in each image set.  (Note that only the first 5 phases of 

the fully cycle 10 phases are shown here for better illustration).  For example, T2-w 

synthetic 4D-MRI image shows high tumor contrast. Fusion 1 shows both high tumor 

contrast and clear liver anatomy. Fusion 2 shows superior tumor contrast and low liver 

signal, which may serve clinical applications in which tumor contrast is essential. Other 

fusion options include homogeneous soft-tissue (Fusion 3), which may serve MR-CT 

conversion applications; and negative tumor contrast with positive blood vessel tree (not 

shown). The later may serve applications in which blood vessel tree information is 

essential, for example, improving DIR accuracy by physiological landmark, etc.  

Figure 18 shows the quantitative evaluation of liver tumor motion trajectories in 

the SI direction measured from 5D-MRI images across all phases. It can be observed that 

the tumor motion trajectory from different 5D-MRI datasets closely matched with that 

from the original 4D-MRI as well as the reference cine MR images.  

As demonstrated in Table 4, the mean absolute difference in 5D-MRI 

displacement D ranged from 0.402 to 0.561 (mean=0.463) and cross-correlation (CC) 

ranged from 0.980 to 0.987 (mean=0.986).  
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Figure 17: Examples of 5D-MRI images (5 out of 10 phases) with comparison to 

cine MR images and the original 4D-MRI images. 
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Figure 18: Quantitative evaluation of liver tumor motion trajectories of 5D-

MRI in the SI direction. 

 

Table 4: Summary of tumor motion trajectory comparison between 5D-MRI 

and the reference cine MRI. D: mean displacement differences; CC: correlation 

coefficients (CC). 

 

Original 

4D-MRI 

(T2/T1-w) 

5D-MRI 

T2-w T1-w Fusion 1 Fusion 2 Fusion 3 

D (mm) 0.592 0.523 0.561 0.403 0.428 0.402 

CC 0.981 0.980 0.987 0.989 0.987 0.987 
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3.4 Discussion 

In this study we demonstrated the feasibility of a novel 5D-MRI technique which 

is capable of producing a large number of synthetic 4D-MRI images with versatile image 

contrast and improved image quality.  To our best knowledge, 5D-MRI is a new concept 

that has never been reported before.  This is the first study reporting the methodology 

and results of 5D-MRI.  The 5D-MRI technique is built around a collection of novel MR 

imaging and image processing techniques that are combined in a systematic way to 

enhance our ability to more precisely image and measure respiratory motion.  In 

particular, we developed a multi-source MR fusion method that is capable of generating 

MR images with versatile image contrast.  This fusion method offers a greater diversity 

of the image features and reveals information that is otherwise invisible to human eye.  

The information obtained from the fused images can be well utilized for more precise 

measurement of tumor volume, tumor motion, and potentially tumor/organ functions.  

It is expected that the added dimension of image contrast as combined with 4D-MRI 

would likely be able to enhance the efficacy of MRI applications in various clinical 

scenarios.   

It’s worth mentioning that although the tumor contrast can be significantly 

enhanced as demonstrated in our study, the target definition or the tumor ground truth 

information is still a challenging question. Compared to CT, MR imaging can provide 
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higher contrast in soft tissues. However, because of the inter-patient variations, no single 

sequence should be used as a golden standard for tumor contouring. For more accurate 

target definition, functional imaging, e.g., DWI or other imaging modalities, e.g., 

positron emission tomography (PET) could be used to provide complementary and 

more biologically related information. The multi-modality adaptive fusion and 5D-MRI 

platform proposed in this study would be a useful tool to utilize these multiple MRI 

sequences or multiple modality images for more informative and accurate tumor 

definition. Accurate image deformation, registration and motion modeling would be 

critical in serving such a purpose.  

The 5D-MRI technique is built on an open platform wherein each component can 

be improved separately to enhance the overall performance of 5D-MRI for clinical 

applications.  Specifically, we will improve the following key aspects of 5D-MRI in our 

future studies based on this open platform.  (1) Accuracy of DIR.  Precise alignment of 

input MR images is critical for success of multi-source MR fusion.  In this study we used 

a commercial DIR method to demonstrate the feasibility of 5D-MRI, which might not be 

optimal in terms of DIR accuracy. Other members of the lab are simultaneously 

developing an physiologically-based DIR algorithm [63] which will be incorporated into 

the fusion method in our future study.  We will also evaluate and validate the accuracy 

of DIR for specific clinical application and images type as its performance highly 
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depends on clinical requirement of image quality and image features.  (2) Versatility of 

fusion.  One approach is to use more different input images such as T2*-w MRI, 

contrast-enhanced MRI, which is expected to produce a greater range of image contrast 

and more fusion options.  Another approach is to use more sophisticated fusion 

algorithm such as wavelet-based fusion methods [96, 97], which is expected to enhance 

image feature versatility of the fused MR images due to its ability to extract detailed 

image features.  (3) Efficiency of fusion adaption.  In this study we showed that the 

fusion method can generate various image contrasts without demonstrating how to 

choose the proper fused image for a particular clinical application.  For example, to 

select a fused image for MRI-based radiotherapy treatment planning application, the 

fused image should have high tumor contrast and high geometric integrity while blood 

vessel signals are irrelevant.  In the current format of the fusion method, selection of the 

desired fused image is manually performed.  To enhance clinical efficiency of fusion 

operation, in the future we will develop a knowledge-based fusion adaptation method 

wherein the experts’ prior knowledge of optimal fusion is learnt via machine learning 

and used to determine the optimal fusion parameters for new cases.  (4) Reduction of 

4D-MRI motion artifacts.  Breathing variation induced motion artifacts are commonly 

seen in 4D images as patients’ breathing is often irregular.  The motion artifacts 

adversely affect the DIR performance and subsequently the 5D-MRI quality.  We have 
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recently developed a probability-based sorting method for multi-cycle 4D-MRI 

reconstruction that has been shown to significantly reduce motion artifacts [85].  In our 

future study we will implement this probability-based sorting method to enhance 5D-

MRI performance by simultaneous enhancement of 4D-MRI image quality and 4D-DVF 

accuracy.  

The 5D-MRI technique, once fully developed, will be featured with high image 

quality (nearly) free of motion artifacts, adaptable image contrast which can be 

optimized on an application-specific basis; and embedded motion model which can be 

used for 4D treatment planning.  The unique features of 5D-MRI make it suitable for a 

variety of clinical applications such as auto segmentation and MR-to-CT conversion 

(synthetic CT), leading to the establishment of MRI based treatment planning for various 

cancers.  In the long term, 5D-MRI may lead to a variety of new developments and 

clinical applications, such as multi-parametric MRI analysis for response assessment, 

biomechanical modeling for DIR, and liver elasticity imaging.  Ultimately, 5D -MRI will 

improve dose conformity and advance precision radiotherapy through its superior 

image-guidance by reducing uncertainties in target identification, motion-induced 

geographic misses, and inter-fractional changes.   
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3.5 Conclusion 

In this study we developed a complete workflow of the 5D-MRI technique and 

demonstrated its feasibility on a liver cancer patient case. The 5D-MRI technique is 

capable of producing a large number of synthetic 4D-MRI images with versatile image 

contrasts, improved image quality and accurate tumor motion information. The 

potential in enhancing various MRI applications for radiation therapy of mobile cancers 

is expected. 

The 5D-MRI technique is composed of three major components: multi-source 

adaptive MR fusion, 4D-MRI and 4D-DIR. The quality of each component is important 

for the overall quality of 5D-MRI. In the next chapter, an exploratory project of 

improving 4D-MRI technique will be demonstrated.  
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4. Exploration of a novel image mutual information (MI) 
based 4D-MRI technique 

4.1 Introduction 

Recent development in 4D-MRI technique can be generally categorized into two 

groups: prospective 4D-MRI, and retrospective 4D-MRI.  Prospective 4D-MRI has been 

achieved using either real-time 3D MRI or fast 2D gated MRI. Due to current technical 

limitations, real-time 3D MR imaging is still lacking of sufficient image quality for RT 

applications. For example, Dinkel et al. developed a T1-w real-time MRI technique with 

temporal resolution of 1.0 s and spatial resolution of 4.0 mm [10]. A 3D real-time MRI 

was recently implemented by Blackall et al. using SENSE technique [98], wherein the 

temporal and spatial resolutions were improved (3 frames/s, 1.8 x 1.8 x 7mm), but still 

inadequate for radiation therapy applications. A fast 2D gated MRI method was 

developed by Hu et al., who used a respiratory amplitude based triggering system to 

gate 2D T2-w MR image acquisition prospectively [32]. MR images in different phases 

are binned during image acquisition and 4D-MRI is formed as the acquisition finishes. 

The gated technique leads to a longer image acquisition time, which was suboptimal for 

RT application.  

On the other hand, retrospective 4D-MRI techniques typically use fast 2D MR 

sequences to continuously acquire images for the volume of interest first, mostly under 

free-breathing conditions, and then reconstruct 4D-MRI images during post-processing. 
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MR images of different respiratory states at all slice locations are acquired. Post-

acquisition, the 2D images are sorted based on the corresponding respiratory amplitudes 

or phases. Compare to the prospective 3D real-time MRI, the image quality and 

resolution of retrospective 4D-MRI are improved. Since images are continuously 

acquired, retrospective 4D-MRI is more efficient in temporal domain than the 

prospective gated technique.  

Our group and others have developed different retrospective 4D -MRI 

reconstruction techniques. Remmert et al. demonstrated a 4D-MRI method on a dynamic 

lung phantom using an external signal for motion monitoring [18]. Von Siebenthal et al. 

developed a technique using a navigator sagittal slice at a fixed position for motion 

monitoring [99]. Our group developed an image based surrogate (body area, or BA) for 

4D-MRI phase sorting [6, 100]. The method relies on internal image-based surrogate 

rather than external respiratory signal to guide phase sorting and thus reconstructs 4D -

MRI more accurately. Cine sagittal acquisition was found to perform better than cine 

axial acquisition using this method [71]. Other internal surrogates, such as sagittal-

coronal-diaphragm point of intersection (SCD-PoI) [101], were also investigated. Result-

driven sequential image acquisition mode on T2-w sequence was studied and the tumor 

motion estimation error was found to be lower than that of cine acquisition, especially 

for irregular breathing scenarios [29, 30]. However, this method still requires external 
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surrogate for breathing signal tracking. To increase sorting speed, k-space based phase 

sorting techniques were also investigated [102].  

The abovementioned retrospective 4D-MRI techniques were developed for 

different imaging acquisition orientations and modes, but all suffer from image artifacts 

that are mostly caused by patient breathing variations. The purpose of this chapter is to 

explore an improved 4D-MRI reconstruction technique via 2D image sorting based on 

internal image mutual information (MI). The idea of the work is to spatially sort MR 

images based on their similarity or dissimilarity which is quantified by image mutual 

information (MI) without any external respiratory signal.  If successful, the new 4D -MRI 

reconstruction technique can eliminate the need of external respiratory surrogate 

regardless of the acquisition mode (cine or sequential) and minimize image artifacts 

induced by breathing variations.   

 

4.2 Methods and materials 

4.2.1 Automatic EOE and EOI identification method 

Previous 4D-MRI sorting methods mainly sort images by its one dimensional 

information, i.e., breathing signal phase or amplitude at which the image was a cquired. 

The 2D images are binned into discrete (e.g., 10) breathing states and 3D image volume 

is reconstructed for each bin or breathing state. The 10 phase 3D image-sets constitute 
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the 4D-MRI image. These methods are computationally efficient, but face challenges in 

the image quality, i.e., artifact due to breathing variation or miss-correlation between 

external breathing signal and internal structures.  

Mutual information (MI) is a measure of the mutual dependence between two 

variables. It quantifies the amount of information obtained about one variable, through 

the other, or the information “overlay” between two variables. In image analysis, it is a 

robust metric to quantify the similarities between two images. Different from cross-

correlation, another popular metric to quantify image similarity, MI is not sensitive to 

image intensity overall changes and is thus more robust and widely used in medical 

image registration, especially across image modalities [103, 104]. 4D-MRI reconstruction 

utilizing image MI is hypothesized to better match neighboring slices of the same phase 

and hopefully to mitigate image artifacts by conventional 4D-MRI methods.  

MI has been used as an internal respiratory surrogate and a tool for image 

artifact minimization in a recent 4D-MRI development [31]. In this recent study, the EOE 

phase was used as reference and MI between cine images to the reference image is used 

as internal respiratory surrogate for phase sorting. Candidate images in the same bin are 

filtered by the maximum MI to the neighbor slice to minimize potential artifacts. 

However, in this method the EOE phase was identified manually, which can be 

laborious, prone to human error and could be subjective. In addition, phase sorting was 
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performed on each slice separately and the discontinuity between slices could be a 

source of error.  

Here, I am proposing an improved MI-based method capable of automatically 

identification of EOE and EOI for 4D-MRI reconstruction. In addition, I am proposing a 

complete sorting on one slice using MI as surrogate, and bin-searching on neighboring 

slices by maximizing MI between neighboring slices for better image continuity.    

The three major components of the proposed method and potential advantages 

include: a) automatic EOE and EOI phase reconstruction without human intervention; b) 

single slice amplitude-based sorting with no external breathing signal required; and c) 

bin-sorting on neighboring slices by maximizing MI for lower 4D-MRI artifacts. The 

workflow is shown in Figure 19 (a) and each component is discussed in the sections 

below. 
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Figure 19: Workflow of an MI-based 4D-MRI sorting method. 

As shown in Figure 19a, the first component, EOE/EOI automatic identification 

and reconstruction is discussed in this subsection (4.2.1). The second and third 

components, MI-based bin-sorting on one single slice; and bin-sorting propagation to 

neighboring slices by maximizing MI will be discussed in the two following subsections 

(4.2.2 and 4.2.3).  

For the EOE/EOI automatic identification, as shown in Figure 19b, Step 1a, 

EOE/EOI pair for each slice is first identified using mutual information method. More 

specifically, MI values between all images in each slice are calculated and a 2D MI 

matrix is formed. The minimum value in the MI matrix is identified. The corresponding 

image pair exhibits the greatest anatomical differences and therefore, the two extreme 
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breathing phases in a single slice: end of exhalation (EOE) and end of inhalation (EOI) 

are identified.  

MI is calculated by the following formulae:  

   

 

where, X,Y are two images in comparison.  

The EOE and EOI identification idea can be formulated by the following 

equation:  

 

At this time, the two extreme phases EOE and EOI for each slice are identified. 

However, they are not differentiated, i.e., we don’t know which frame is EOE and which 

one is EOI. The differentiation process between EOE and EOI is perf ormed in a novel 

two-step manner.  

As shown in Figure 20, firstly, two chains of the same phase (EOE or EOI) are 

formed. The assumption is that EOE of one slice would have higher similarity or larger 

MI to the EOE of the neighboring slice, than to the EOI phase of the neighboring slice; 

and vice versa. So starting with any one phase (EOE or EOI) of one slice, the same 
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phases can be identified for all slices across the patient. Therefore, two phase chains of 

EOE and EOI are formed. 

                 

Figure 20: The EOE and EOI phase chain forming workflow. 

  

Secondly, with the assumption that EOE phase is a more stable respiratory phase 

than EOI, the similarities or mutual information between EOE phases across all slices are 

expected to be higher than that of the EOI phase. Therefore, the phase chain with higher 

total MI value and lower MI standard deviation is determined to be the EOE phase; and 

therefore, the other phase chain is identified as the EOI (Figure 19 Step 1c). The method 

can be formulated by the following equation: 

  

Finally, the fully automatic EOE/EOI identification process is completed by 

reconstructing 3D EOE and EOI phases from all the identified 2D EOE and EOI phases 

across the slices (Figure 19b Step 1d).  
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4.2.2 MI-based sorting method on single slice 

The second component of the proposed method is MI-based sorting on a single 

slice regardless of acquisition mode. The MI between the previous identified EOE frame 

and all frames of the single slice are calculated as respiratory surrogate Ik, where k is the 

frame number.  

Our aim is to sort images regardless or cine or sequential acquisition mode, so 

the temporal information is removed from consideration. Therefore, we didn’t choose 

the traditional phase sorting method and instead investigated the feasibility of 

amplitude-based sorting. The amplitude-based sorting method is shown in Figure 21, 

where, the  and  correspond to the EOE and EOI bins, and the frames with 

MI value closest to  intervals, where n = 1-8, are sorted into 8 bins. In total, 10 

bins are sorted for one slice acquired in cine or sequential mode.  
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Figure 21: Amplitude based sorting method. 

 

4.2.3 Bin propagation method 

The third component of this proposed method is shown in Figure 22. Sorting of 

all images are performed in a bin-by-bin and then slice-by-slice manner. First, a 

reference slice is defined, which could be a central slice, or S128 in this example. The bin 

sorting for the reference slice is performed using the method mentioned in section 4.2.2.  

Secondly, starting from the reference slice, for each bin, MI values between the 

reference slice and all the frames of the neighboring slice are calculated. The frame of the 

neighboring slice with the highest MI value against the reference bin image is assigned 
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to the same bin number. This process is repeated until all the bins for the neighbor slice 

are identified.  

Thirdly, the abovementioned neighboring slice becomes the new reference slice. 

And the process is repeated on its neighboring slice. The same procedure is repeated in 

both directions, until all slices are processed and bins sorted.  

 

Figure 22: MI-based bin searching scheme.  Number 1-10 represent the 

bin number for each 2D MR image. S128 here is the reference slice and the 

searching is bi-directional. 

 

4.2.4 XCAT digital human phantom study 

4D T2-weighted MR images of the abdomen with a hypothetic spherical tumor 

(diameter: 30 mm) in the liver were simulated. Image resolution is 1.67 mm isotropic for 
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all 10 phase images. To be realistic, tumor/organ intensity of these simulated MR images 

were set to the average values of the tumor/organ image intensities measured from real 

MR images of twelve liver cancer patients.  

Cine image acquisition was simulated in the sagittal plane with 256 slices 

covering the whole body, with 50 frames for each slice and imaging time of 25 

seconds/slice. 4D-MRI sorting and reconstruction were performed as described in 

previous section. Image quality of 4D-MRI is evaluated using the difference map 

between the reconstructed 4D-MRI images and the original XCAT images. The 

percentage of voxels with different values is quantified and compared between different 

scenarios.  

 

4.2.5 Patient study 

EOE/EOI phase identification was tested using a liver cancer patient dataset. The 

images were acquired under 1.5T GE MR scanner in cine mode sagittal plane, with the 

following imaging parameters: resolution of 1.88 x 1.88 x 5 mm3, number of slices of 50, 

frame rate of 0.3 second/frame, and 40 frame per slice. Total imaging time was 10 

minutes.  

The dataset used for mutual information cycle pattern study was acquired in 

single slice and 3 orthogonal views. The image resolution was 1.88 x 1.88 x 3 mm3, the 
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frame number was 180, frame rate of 0.3 second/frame. Total imaging time for each cine 

image was 54 seconds.   

 

4.3 Results 

4.3.1 Automatic EOE and EOI identification results 

Figure 23-25 illustrate the cycle patterns of mutual information (MI) between 

frames of single imaging slices. Each panel shows MI results using one frame as 

reference. The x-axis shows frame number and y-axis shows the mutual information 

between the frame and reference frame. It can be observed that reference frame 2, 7, 8 in 

Figure 23 shows regular cycle pattern, suggesting EOE/EOI phase pairs. While the other 

reference frames showed un-even or double frequencies, suggesting phases in-between 

EOE and EOI.  

Figure 23 shows results in the sagittal view acquisition. The same pattern was 

observed in coronal view and axial view acquisitions (Figure 24 and Figure 25), 

respectively. Among the three views, sagittal view showed most clean pattern. The 

reason is that sagittal view includes motion information in both SI direction and AP 

direction, the two major respiratory motion directions. 
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Figure 23: Mutual information cycle pattern - sagittal view. 
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Figure 24: Mutual information cycle pattern - coronal view. 
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Figure 25: Mutual information cycle pattern - axial view. 

 

 The above method showed one way to identify the EOE/EOI pairs. However, it’s 

not fully automatic. Firstly, visual identification or FFT operation is needed to identify 

the frequency of cycle pattern to determine the phases. Secondly, multiple EOE/EOI 

phases in one slice might be identified, if the image acquisition time is longer than one 

breathing cycle, which is highly likely for 4D-MRI study.  

 An improved method was illustrated in section 4.2.1. Using a 2D mutual 

information matrix, the two extreme EOE/EOI phases could be identified. There are two 
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advantages: a) it is fully automatic. b) only one pair of EOE/EOI frame is identified, 

which covers the full breathing cycle.  

Figure 26 shows the results of detecting EOE and EOI phases in a single slice 

using the 2D MI matrix method. The right 2D MI map shows cross MI matrix between 

each frame and all other frames of the single slice. The lowest MI value (red arrow) 

indicates the EOE/EOI frame pair in this slice, which is shown on the left (frame 9 and 

31, respectively). 

 

Figure 26: Single slice EOE/EOI automatic detection. Left: EOI, EOE frame; 

right: MI matrix; red arrow: minimum MI point, coordinate (9, 31), which are the 

frame number for EOE/EOI. 

 

Figure 27 shows the automatic EOE/EOI phase determination on all the slices. 

The algorithm automatically determined EOE/EOI frames (*) match well with manual 

determined ground truth EOE/EOI frames (o). It’s worth noting that slices 5 to 37 are 
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central slices corresponding to the soft-tissue and the liver areas. Other slices are either 

near the edge of body or in areas where liver was not present and the EOE and EOI 

ground truth was hard to determine intrinsically.   

     

            Figure 27: Automatic EOE and EOI determination for all slices. 

 

The central coronal slice of the reconstructed 3D EOE phase is shown in the 

Figure 28. The close similarity between the fully automatically reconstructed EOE phase 

(right) to the manually reconstructed EOE phase (left) suggests that the proposed MI-

based method could successfully identify the EOE and EOI phases automatically.  
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Figure 28: Coronal view of the reconstructed EOE phase by MI-based method. 

 

4.3.2 MI-based sorting results on single slice 

The idea of using MI between each frame and the EOE frame as a surrogate for 

amplitude-based sorting was investigated firstly by analyzing the relationship between 

motion amplitude (MA) and the MI values for each imaging slice.  

Figure 29 shows results from 15 example slices. Some slices, e.g., slice 16, 19, 20 

(the bottom right 3 panels) showed similar pattern and close-to-linear relation between 
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the MA and MI. For these imaging slices, the MI would be a solid surrogate for motion 

amplitude and amplitude-based sorting.  

 

Figure 29: Relationship between motion amplitude (MA) and mutual 

information (MI). 

 

However, there are two challenges. First, the motion amplitude ranges are 

different for different slices and we can further expect that the MA-MI pattern might 

differs across patients. As shown in Figure 30, different slices (labeled by different 

colors), might have different motion range and/or MA-MI slope.  
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Figure 30: Accumulative MA and MI relationship for all slices. 

 

Secondly, it might be hard to define a linear MI-MA relationship that could be 

used across different slices and patients. Figure 31 shows the MI/MA slope for each slice 

sorted by the motion amplitude range (top) and the slice number or location (bottom). It 

is observed from the top panel that the MI/MA slope value might varies for different 

motion amplitude range. From the bottom panel, it was observed that there might be a 

second-order polynomial relation between the slope and the slice location. This is a 

positive observation, while more patient data is needed to validate and formulate the 

relationship.  
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Based on these observations, more study is warranted to establish a robust 

relationship between the motion amplitude and mutual information surrogate in a 

patient.  

Exploration of the section 4.3.2 will be of future study. Since the result of 4.3.2 is 

the input for the 4.3.3 study, XCAT digital phantom was used for investigation in the 

section 4.3.3. With ten bins of each slice simulated as ground truth in XCAT, the 

exploration of the bin propagation method proposed in section 4.3.3 was not affected.   
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Figure 31: MI/MA slope vs. motion amplitude or slice number. 

 

4.3.3 Bin propagation results 

The third major component of the study is bin propagation to neighboring slices 

by maximizing MI. For the reason stated above, the investigation was performed on the 

XCAT digital human phantom.  
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Figure 32 shows the 2D MI map betweeen reference slice (in this exmaple #128), 

and its neighboring slices. The top left panel is self MI map, which shows that the 

maximum MI occurs when two frames are the same (brown pixels) and minimum MI 

occurs when the two frames differs most (blue pixels). The top central panel shows a 

representative result of this study. For bin or phase #1 of slice 128, the top row in the 

map shows its MI with all 10 frames of neighboring slice 127. The maximum occurs at 

bin #1 for slice 127. In this case, the maximum occurs at the diagnoal locations because 

the ground truth suggested that the matching 10 bins between neighboring slices should 

have maximum mutual information.  The other panels shows senstivity test on how far 

two neighboring slices can be for the propagation method to work. We can observe that 

1 to 2 slices away would be ideal and the the maximum MI pixel is less distinctive as the 

slice location becomes further away.  
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Figure 32: MI map between reference slice and neighboring slices. 

As shown in Figure 33, starting from reference slice #128 (given ground truth bin 

1 – 10), bin searching on all other slices showed satisfactory results. It’s worth 

mentioning that bin 6 and 8, bin 1 and 2 are different in bin number, while have little 

differences in the anatomy. Therefore, the bin propagation result would not be affected. 

In fact, the fluctuation between bin 6 and 8, as well between bin 1 and 2 suggested that 

the proposed method is robustly using image content as a surrogate rather than other 

external signals as surrogate.   
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Figure 33: MI-based bin searching from one slice to neighboring slices. 

 

Figure 34 shows the reconstruction result of the proposed 4D-MRI method. 

Reconstructed 4D-MRI (middle row) is compared to ground truth (top row) and the 

difference maps are shown on the bottom. Almost no difference was exhibited in the 

soft-tissue areas (central region). Some minimal image intensity differences were 

observed at body edge, where little or no motion was exhibited.  
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Figure 34: MI-based 4D-MRI reconstruction result. 

 

Figure 35 demonstrates the sensitivity test of the 4D-MRI reconstruction errors in 

XCAT as a function of starting slice location. It was observe that when the starting slice 

location is in the central body area, the errors, which were evaluated by the percentage 

of voxels with different image intensities, are below 1%.  

 

Figure 35: Evaluation of MI-based 4D-MRI reconstruction result. 
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4.4 Conclusion 

In this work, image mutual information was explored in the development of a 

new image based 4D-MRI method. The aim was to develop a new 4D-MRI method 

solely based on internal image information without any external surrogate.  The major 

contributions of this work consist of three components. Firstly, a novel automatic EOE 

and EOI identification method was developed and evaluated in patient study. Secondly, 

the relationship between image mutual information and motion amplitude was 

investigated in patient study. Further research is needed to establish a robust model for 

different patients. Last but not least, a bin propagation method was developed and 

investigated in XCAT digital phantom. 

Among these three components, the first two were evaluated on original quality 

patient images and the last was evaluated on XCAT digital human phantom, in which 

the image quality was superior and no noise was added. Since the mutual information 

(MI) is a histogram based surrogate which is less sensitive to the image intensity 

compared to surrogates like cross correlation (CC) or structure similarity index (SSIM), 

the effect of image noise on the performance of the proposed MI based algorithm is 

expected to be low. While, future investigation of the effect of noise on the MI-based bin-

propagation method would be of interest.  
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 Future work of the 4D-MRI improvement method can include: a) evaluation of 

the EOE and EOI automatic identification method on more patient data; b) research on 

the relationship between MI and motion amplitude, so that amplitude based sorting can 

be performed on a single imaging slice without external surrogate; and c) evaluation of 

the MI-based bin propagation method on both XCAT digital phantom data with noise 

and patient data.  

 

 



 

 

89 

5. Conclusions 

5.1 Summary 

In this dissertation, conceptual and developmental work for a novel 5D-MRI 

technique was presented. In addition, an application of the multi-source MRI fusion 

technique and a novel 4D-MRI improvement methods were also explored.  

As demonstrated in Chapter 2, the first major component of 5D-MRI was the 

multi-source adaptive MR fusion technique. The technique was able to provide a 

multitude of new contrast MR images, including enhanced tumor contrast, improved 

tumor contrast consistency, among others. These features are highly desirable for the 

clinic applications in both radiation oncology and radiology, such as target delineation, 

MR-CT conversion, treatment assessment, normal tissue segmentation, radiomic 

analysis, etc. The method is intuitive and easy to be implemented in the clinic. The 

feasibility and robustness of the fusion platform was proven both in our lab and 

collaboration hospitals. Using the proposed technique, complementary information of 

multi-source single contrast MRI images can be integrated. A new dimension of patient 

data: “image contrast”, is created. The development of this technique has not only set up 

a key milestone for the development of 5D-MRI technique, but also by itself a significant 

innovation. This is one of the two major contributions of the Chapter 2.  
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The other contribution of Chapter 2 is the novel idea of using the database 

generated by the multi-source MRI fusion technique for multi-organ auto-segmentation. 

During the development of multi-source MRI fusion technique, this interesting idea was 

created. Organ segmentation has wide applications in radiation oncology and radiology 

and was extensively studied. Traditionally, atlas based methods, edge detection based 

methods, among others were developed and utilized for organ segmentation. More 

recently, deep learning or convolutional neural network (CNN) based methods have 

caught increasing attention because of the improved computational power and their 

high accuracy. However, these methods were based on single source MR images and 

often times focus on segmentation of a single organ.  While working on the MR-fusion 

project, it occurred to us that the new “image contrast” dimension provided higher 

dimensional features which could be utilized for organ segmentation.  With the database 

generated by multi-source MRI fusion, using simple unsupervised learning methods, 

e.g., k-means clustering, we were able to generate multi-organ segmentation maps with 

high accuracy in the XCAT digital phantom. More study is needed to further evaluate 

the method, e.g., using patient data and further parameter tuning. One of the major 

advantages compared to deep learning methods is that lower number of training data 

might be required, since high dimensional data was generated from a given patient. In 

addition, different from most exiting literatures, our method intrinsically aims at multi-
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organ segmentation. We are also speculating that by combining this method with 

existing deep learning methods, improved segmentation results might be achieved.  

The major contribution of Chapter 3 is the combination of the three key 

components of 5D-MRI technique: multi-source adaptive MR fusion technique, 4D-MRI 

and 4D-DIR. By effectively combining the three components, multiple synthetic 4D -

MRIs were generated. This can substantially improve the efficiency and quality of MR 

applications in the clinic. For example, a traditional 4D-MRI image might be lack of 

tumor contrast or other desired image features, by adaptive multi-source MRI fusion 

and 5D-MRI technique, new 4D-MRI image sets with desired image quality or features 

can be generated efficiently. The potential applications include but not limited to, 4D-

MRI with enhanced tumor contrast, 4D-MRI with enhanced normal tissue contrast, 4D-

MRI with improved blood vessel tree visibility for high quality image registration, etc.  

In Chapter 4, a new image mutual-information (MI) based 4D-MRI method was 

proposed, which might robustly reconstruct 4D-MRI for various imaging modes without 

use of any external respiratory signal. By constraining on internal anatomical 

similarities, it has the potential to generate 4D-MRI images with minimal artifacts 

caused by breathing variations. The current contributions of this work are three-folds. 

Firstly, a novel fully automatic EOE and EOI identification method was successfully 

developed. Secondly, the relationship between image mutual information and motion 
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amplitude was investigated. More study is needed to better define the relationship. Last 

but not least, a bin propagation method was developed and investigated in XCAT 

digital human phantom. Future work could include: a) to test the EOE and EOI 

automatic identification method on more patient data; b) to establish the relationship 

between MI and motion amplitude, so that amplitude-based sorting can be performed 

on single imaging slice without external surrogate; and c) to test the feasibility of MI-

based bin propagation method in patient data.  

 

           

Figure 36: Summary of the research pathway of the 5D-MRI technique 

conceptual and developmental work. 

 

In summary, as shown in Figure 36, the research pathway of this dissertation 

started with multi-contrast MRI fusion. By proposing and developing a clinic friendly 
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Matlab GUI (Aim 1a) and integrating complementary information from multi-source 

3D-MRIs via two adaptation methods (Aim 1b), tumor to normal tissue contrast was 

significantly improved and inter-patient variation was reduced. These properties might 

translate into improved cancer patient outcome. Also created were versatile new 

contrast MR images, which might improve the application of MR-only simulation, auto-

segmentation, etc. In fact, a novel multi-organ auto-segmentation method was proposed 

and feasibility was proved based on the multi-source MRI fusion technique (Aim 1c).  By 

further integrating multi-source MRI fusion with 4D-MRI and 4D-DIR techniques, 5D-

MRI technique was developed (Aim 2a), and was evaluated on liver cancer patient (Aim 

2b). 5D-MR images with above mentioned favorable features as well as tumor motion 

information were generated, which suggested potential for motion management 

improvement for cancer patients. After the 5D-MRI technique was developed, an 

improvement work was performed (Aim 3). A novel image mutual-information (MI) 

based 4D-MRI reconstruction technique was proposed and developed. The technique 

was studied on liver cancer patient images and XCAT digital human phantoms, with 

two major components proven to be effective. Further research is warranted to validate 

the robustness and quality of the proposed method.  
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5.2 Future directions 

The 5D-MRI technique was built on an open platform wherein each component 

can be improved separately to enhance the overall performance of 5D -MRI for clinical 

applications.  Therefore, in the future studies, several key aspects of 5D-MRI could be 

further explored.  (1) Accuracy of DIR.  Precise alignment of input MR images is critical 

for success of multi-source MR fusion.  A physiologically-based DIR algorithm can be 

incorporated into the fusion method in our future study.  (2) Versatility of fusion.  One 

approach is to use more different input images such as T2*-w MRI, contrast-enhanced 

MRI, which is expected to produce a greater range of image contrast and more fusion 

options.  Another approach is to use more sophisticated fusion algorithm such as 

wavelet-based fusion methods to extract detailed image features.  (3) Efficiency of fusion 

adaption. Input and output-oriented adaptation methods were proposed in current 

study. To enhance clinical efficiency of fusion operation, in the future, a knowledge-

based fusion adaptation method can be developed, wherein the experts’ prior 

knowledge of optimal fusion is learnt via machine learning and used to determine the 

optimal fusion parameters for new cases.  
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