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Abstract 
Purpose: To investigate the inter-patient and inter-sequence variation in liver tumor 

contrast in MRI and the feasibility of improving the liver tumor contrast by using an in-

house developed multi-source adaptive fusion method for use in MRI-based treatment 

planning. 

Methods and Materials: MR-images from 29 patients were retrospectively reviewed in 

this study. The imaging sequences acquired by a 1.5T GE and 3T Siemens MR scanner 

consisted of T1-w, T1-w, Post C, T2-w, T2/T1-w, and DWI. Using an in-house developed 

MSAF algorithm, we created fused images for a smaller subset of 12 patients using T1-

w, T2-w, T2/T1-w, and DWI as inputs. Two fusion-images were obtained for each 

patient by implementing either an input-driven or output-driven fusion optimization 

method. Once a fusion-image was obtained an analysis was performed on each original 

image, and the fusion-image for each patient to calculate the tumor-to-tissue contrast-to-

noise ratio(CNR) by contouring the tumor and a liver background-region(BG) in a 

homogeneous region of the liver using this in-house algorithm. CNR was calculated by 

(Itum-IBG)/SDBG, where Itum and IBG are the mean values of the tumor and the BG 

respectively, and SDBG is the standard deviation of the BG. To assess variation in tumor 

to tissue CNR for each image type an inter-patient coefficient-of-variation(CV) was 

calculated across all patients, as well as an inter-sequence CV. CV was calculated using 
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the following: CV = σ/µ, where σ and µ are the standard deviation, and mean CNR for a 

single image sequence, respectively. These values were calculated for the original 

sequence types and fusion-images and compared. 

Results:  Our results from the 29 patients showed large inter-patient and inter-sequence 

variability, ranging from 86.90% to 67.03%, and 134.67% to 1.22% respectively. The T1-w, 

T1-w, Post Contrast, T2-w, T2/T1-w, DWI, and CT CV was 85.25%, 84.11%, 67.03%, 

81.78%, 86.90%, and 74.30% respectively. Tumor CNR ranged from 0.95 to 4.47 with 

mean (± SD) CNR for T1-w, T1-w, Post Contrast, T2-w, T2/T1-w, DWI, and CT of 1.90 

(±1.60), 2.12 (±1.42), 3.59 (±2.94), 1.95 (±1.70), 4.47 (±3.32), and 0.95 (±0.81) respectively. In 

the smaller subset of 12 patients, our results show a reduction in the inter-patient CV 

when using the in-house algorithm to obtain a tumor enhanced – fusion image. The 

inter-patient CV for T1-w, T2-w, T2/T1-w, DWI, Balanced Anatomy – Fusion, and 

Tumor Enhanced – Fusion was 94.16%, 112.73%, 105.69%, 124.23%, and 67.94% 

respectively. Tumor-CNR was significantly enhanced for each patient when using the 

in-house algorithm to obtain a tumor-enhanced image. The mean (± SD) CNR for T1-w, 

T2-w, T2/T1-w, Balanced Anatomy – Fusion, and Tumor Enhanced – Fusion was 2.11 

(±1.99), 3.89 (±4.38), 3.71 (±3.92), 5.73 (±7.12), and 17.01 (±11.55) respectively. 

Conclusion:  The in-house multi-source adaptive fusion algorithm has the potential to 

increase the liver tumor contrast, as well as, improve the consistency for use in MRI 

based radiation therapy treatment planning. 
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1. Introduction  

1.1 Challenges of treating liver cancer   

Soft tissue cancers of the abdomen present many problems for radiation therapy, 

some of which include respiratory motion management, inter/intra-fractional changes, 

target localization and imaging uncertainties. Many soft tissue cancers, such as liver and 

pancreatic cancer, have a poor prognosis and local control rate. Surgical resection 

remains the treatment of choice for these cases, and has been able to provide a greater 

than 50% five-year survival rate [1]. Despite this success rate, only around 20% of 

patients with liver cancer are eligible for surgical resection [2-5]. For those patients who 

are ineligible for surgical resection, there are many other treatment options available, 

however most are considered palliative[6-8]. Conventional radiation therapy of the liver 

has been a limited option due to restricted dose that could be administered when 

avoiding liver toxicity [5, 8, 9]. More recent technological advances have allowed for 

new radiation therapy methods that utilize a single or small number of fractions to 

precisely deliver a high dose to the target, called Stereotactic Body Radiation Therapy 

(SBRT) [10]. Because this technique delivers a high dose of radiation, with a steep dose 

fall off minimal dose is delivered to the with minimal dose to surrounding normal tissue 

in only a few fractions, high precision is required in all aspects of the procedure [9, 11].   

Precision in the planning process for these dose escalation protocols is often extremely 

difficult due to the difficulties in determining the target volume due to organ motion, 
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respiratory motion, and the poor soft tissue contrast that (CT) imaging provides [12]. 

Target volume definition is especially difficult due poor differential attenuation between 

the liver parenchyma and tumor, perfusion changes near the tumor, as well as the 

presence of nonmalignant abnormalities near the tumor such as cysts, cirrhosis, and 

edema [13].  

Imaging of the liver is further complicated by staging and type, primary vs 

metastasis, of tumor. The liver is a common site for metastatic disease, and in patients 

with chronic liver disease, primary malignancies are common. Many studies have 

shown that optimal imaging for detection and staging of primary malignancies is often 

very different from the imaging using for detection and staging of metastatic disease. 

Often many imaging modalities are used jointly to exploit the advantages of each 

modality. Studies have shown that CT is often the modality of choice for determining 

extrahepatic involvement of the abdomen (prior to therapy) by using the tri-phasic 

technique (non-contrast, early arterial, and late portal venous phase)[14, 15]. It is also 

noted that CT is a poor choice for imaging of primary cancers of the liver, however may 

play an important role in imaging of metastatic malignancies due to the effects of the 

dual blood supply of the liver[16]. These metastases often have a greater contrast 

enhancement effect compared to normal liver parenchyma. For primary liver cancer, 

MRI has increasingly been the modality of choice. By using combinations of MRI 

sequences, in addition to contrast and non-contrast enhanced images, detection of 
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primary liver cancers is often enhanced. This is due to poor soft tissue contrast provided 

by CT, and also the ability of MRI to better exploit the variation in tissue characteristics 

using multiple sequences[17, 18]. 

1.1.1 Use of CT for radiation therapy   

CT based planning for abdominal soft tissue cancers no longer provides 

adequate framework for precision planning and patient care. CT has long been the 

favored imaging modality for planning due to its good spatial and temporal resolution, 

robustness, requires less time than other imaging modalities, is widely available and 

provides accurate dose calculations [4, 19]. Abdominal CT provides poor soft tissue 

contrast which severely limits the usefulness for radiation therapy treatment planning. 

Often lesions in the liver are undetectable on the CT, due to poor soft tissue contrast, or 

have poorly defined boundaries. Contrast enhanced CT has shown contrast 

improvements for some liver cancers, but the tumor enhancement has not been 

consistent with the degree of enhancement being dependent on the rate of 

administration of contrast material [20, 21] Non-contrast CT scans are most often 

inadequate for determining tumor size and location, which is particularly important for 

dose escalation procedures such as SBRT [13]. 

1.1.2 Use of MRI for radiation therapy  

MRI has been deemed necessary for target volume definition of many soft tissue 

tumors because it is capable of providing superior soft tissue contrast to CT, along with 



 

 

4 

its easy acquisition of multiplanar views [22]. Studies have shown that when compared 

to CT, MR Images of the liver have provided increased lesion detection, and provided 

additional patient information that was considered significant for patient care [23]. Even 

with the increased contrast that MRI can provide over CT, it can still be suboptimal and 

inconsistent for use in radiation therapy. Studies have shown that MRI can be used for 

enhanced liver cancer delineation, however the tumor definition may not be consistent 

with that of the CT. Without knowing the ground truth target volume, it is generally 

accepted that these modalities may provide complimentary information [13].  MRI can 

also introduce additional inherent distortions due to limitation in slice thickness, and 

magnetic field inhomogeneities, however the resolution is often improved by parallel 

image and volumetric acquisition for longer sequences during BH. Many other 

distortions associated with MR imaging can be corrected after acquisition, such as 

magnetic field inhomogeneities and denoising, which creates an overall robust image 

acquisition scheme for use in radiation therapy [13].  

1.1.3 Use of fusion techniques in radiation therapy  

An in-house multi-source adaptive fusion method can be used to address the 

inconsistencies of liver tumor contrast. Fusion techniques have been widely used in 

medical imaging to improve the image quality and increase the clinical applicability 

without redundancy [24].  There are many established fusion methods that have been 

widely used in the imaging community to detect spatially relevant information, 
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including morphological methods, knowledge based methods, wavelet based methods, 

and many others. This study focuses on an in-house multi-source adaptive fusion 

method which utilizes a linear based approach [25]. This multi-source fusion method 

offers a novel technique that combines multiple single contrast MR images to create an 

adaptive result based on the objective. Each single contrast MR image provides limited 

and often unique information. With this multi-source method, we are able to exploit the 

information provided by each image, and display it as a single fusion image. This multi-

source adaptive fusion method has significant clinical applications for increasing tumor 

contrast, while maintaining anatomical details necessary for radiation therapy treatment 

planning [25].   

1.2 Purpose 

The purpose of this study was to investigate the inter-patient and inter-sequence 

variation in liver tumor contrast in MRI and the feasibility of improving the liver tumor 

contrast by using an in-house developed multi-source adaptive fusion method for use in 

MRI-based treatment planning. 

The first aim of this study will address the problems with liver tumor contrast 

and its consistency by evaluating the tumor to tissue contrast for liver cancer patients 

and its variability in their respective planning CT, and four MR sequences (T1-w, T1-w, 

Post C, T2/T1-w, and DWI) for planning. The second aim of this study will investigate 
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the clinical efficacy of an in-house developed multi-source adaptive fusion method for 

enhancing liver tumor contrast.   
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2. Materials and Methods 
This study aimed to quantitatively evaluate the tumor to tissue contrast to noise 

ratio (CNR) and the variation across many different MR sequences, for the purpose of 

MRI based treatment planning. Patients were selected for this study were treated using 

SBRT technique and received a combination of MR images prior to treatment. Table 1 

summarizes the characteristics of the patients that were used in this study, such as 

primary vs secondary tumor, and the type of imaging they underwent.  
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Table 1: Summary of Patient Characteristics and Imaging available for study 

Patient  Age Gender 
Cancer 
Type 

Treatment 
Technique 

Magnet 
Strength 

Imaging 

T1-w 
T1-w, 
Post C 

T2-w T2/T1-w DWI CT 

1 63 F Primary SBRT 1.5 T X X X - - X 

2 67 F Primary SBRT 1.5 T X X X X - X 

3 67 M Primary SBRT 1.5 T X X X X X X 
4 62 F Secondary HIGRT 1.5 T X X X X -  X 
5 74 F Secondary SBRT 1.5 T X X X X - X 
6 61 F Primary IMRT 1.5 T X X X -  - X 
7 68 F Primary SBRT 1.5 T X X X X X X 
8 77 F Primary SBRT 1.5 T X X X -  X X 
9 58 M Secondary SBRT 1.5 T X X X -  - X 

10 61 M Primary SBRT 1.5 T  - X X - - X 
11 75 M Primary SBRT 1.5 T  - X X -  -  X 
12 34 F Primary IMRT 1.5 T -  -  X -  -  X 
13 69 F Primary SBRT 1.5 T X X X - - X 
14 67 M Secondary SBRT 1.5 T - - X - - X 
15 55 M Secondary SBRT 1.5 T - - X - - X 
16 75 F Secondary SBRT 1.5 T - - X - - X 
17 66 F Primary SBRT 1.5 T X X X X X X 
18 71 F Primary SBRT 1.5 T X X X X X X 
19 72 M Secondary SBRT 1.5 T - X X X X X 
20 62 M Primary SBRT 1.5 T X X X X X X 
21 67 M Primary SBRT 1.5 T X X X - - X 
22 68 F Primary IMRT 1.5 T X X X X X X 
23 60 M Secondary SBRT 1.5 T X X X X X X 
24 61 M Secondary SBRT 1.5 T X X X - X X 
25 84 F Primary SBRT 3.0 T X - X X X X 
26 64 F Primary SBRT 3.0 T X - X X X X 
27 51 M Primary IMRT 3.0 T X - X X X X 
28 57 M Primary SBRT 3.0 T X - X X X X 
29 71 M Secondary SBRT 3.0 T X - X X X X 
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2.1 Evaluation of CNR  

Patients were selected for this study were treated using SBRT technique and 

received a combination of MR images prior to treatment.  Sequences of interest were 

acquired using standard clinical protocols and included T1-w, T2-w, T2/T1-w 

(TrueFISP/FIESTA MR sequence), T1-w post contrast, and DWI. Initially imaging of 29 

patients with liver cancer(s) were retrospectively reviewed in this IRB-approved study. 

Images were acquired on a 1.5T GE MRI scanner (GE Healthcare, Milwaukee, 

Wisconsin, USA) using a four-channel torso coil, and a 3.0T Siemens MRI scanner 

(Siemens Medical Solutions, Erlangen, Germany).  

In order to evaluate the contrast for each sequence a quantitative method was 

developed. The gross tumor volume (GTV) was manually contoured on each slice of the 

image, as well as a liver background region (BG) which consisted of a homogeneous 

region of the liver. This processed resulted in a GTV and BG volume for each sequence 

type. This process was carried out using Eclipse Treatment Planning system (Varian 

Medical Systems, Palo Alto, CA), and repeated for each MR sequence for each patient. 

These volumes were then used to quantitively evaluate the tumor to tissue contrast.  
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Figure 1: Example of GTV and BG contours shown on T1-w MRI. GTV shown 
in pink, BG shown in yellow. GTV and BG were contoured on each slice of the image 
where the tumor was visible.  

 

A tumor to tissue contrast to noise ratio (CNR) was calculated for each sequence 

type, and each patient. The CNR was calculated by (IGTV - IBG)/ SDBG, where IGTV, IBG, and 

SDBG are the average intensity of the GTV, BG, and standard deviation of the BG 

respectively. In order to evaluate the variability in the CNR a coefficient of variation 

(CV) was calculated for each sequence type (inter-patient), and for each patient (inter-

sequence). The CV was calculated using the following equation: CV = σ/µ, where σ and 

µ are the standard deviation and mean of the sample.  The mean CNR and standard 
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deviation were reported for each sequence type, as well as the inter-patient and inter-

sequence CV, and used to quantify the variation in CNR. 

 

 

Figure 2: Representative patient to demonstrate available imaging. The 
planning CT is pictured in the upper left corner, followed by the remaining MRI 
images: T1-w, T1-w, Post C, T2-w, T2/T1-w, and DWI. The tumor is indicated by a red 
arrow on each image.  

 

2.2 Implementation of Fusion Method 

To further investigate the variability in contrast associated with MRI images a 

new method was proposed. The new approach utilizes an in-house developed multi-

source adaptive fusion method, which can provide enhanced contrast and improved 

variability of the input images. The method utilizes multiple input MRI images to create 

a fusion image. Each input image is assigned a weight and the resulting fusion image is 
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a linear combination of the input images [25]. This approach was previously 

established/validated using digital anthropomorphic MRI extended cardiac-torso 

(XCAT) phantoms, shown in Figure 3 [26]. This workflow was optimized by requiring 

the final fusion image to meet some criteria to create a clinically effective image. This 

optimization process yielded an optimal input image weighting vector to produce a 

fusion image with tumor enhancement, and also a balanced anatomy, such that the final 

fusion image could be used for radiation therapy treatment planning purposes.  

 

Figure 3: T1-w, T2-w, T2/T1-w, and DWI XCAT Phantoms  
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Figure 4: Multi-Source Adaptive Fusion GUI. Users have the ability to load 
four input images, adjust their respective weightings to produce a fusion image.  

 

2.2.1 Establishing a Fusion Workflow 

The multi-source adaptive fusion method is an in-house developed algorithm is 

a GUI that utilizes multiple input images to create, and output a single fusion image. A 

workflow was established to evaluate the clinical effectiveness of the algorithm, for the 
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purpose of enhancing tumor contrast and decreasing variability, and is shown in Figure 

5. In general, the GUI, shown in Figure 4, requires that four images be used as input 

images for the fusion. For our purposes four different digital XCAT MRI sequences (T1-

w, T2-w, T2/T1-w, DWI) were used. The fusion image that is produced is a result of a 

linear weighting scheme of the input images. The user has the freedom to adjust the 

weighting of each input image in real time to produce a desirable image for the clinical 

task at hand. The weightings can be varied from -1.0 to +1.0 in increments of 0.2. 

Quantitative assessments can then be made using the GUI by delineating various 

regions of interest (ROI) that are used by the GUI to calculate the CNR or signal to noise 

ratio (SNR) of those ROI’s. Background signal, Tumor CNR, Liver SNR, vessel SNR, 

bone SNR, air signal, and muscle SNR are all calculated by the GUI once a 

corresponding ROI has been selected. The final fusion image can then be exported as a 

dicom image.  
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Figure 5: Workflow for multi-source adaptive fusion method. Here, it should 
be noted, the entire workflow is shown for completeness. The optimization 
approaches used in this study included both input and output driven approaches, 
where the knowledge-based approach is a future direction for this work.  

 

2.2.2 Input Optimization 

To address the previous problemed outlined in section 2.1 Evaluation of CNR, 

the multi-source adaptive fusion method must be optimized to produce a final image to 

meet the needs of the clinic. There are three approaches to obtaining clinically useful 

fusion images from the multi-source adaptive fusion method; input oriented, output 

oriented, and knowledge-based. The input oriented method produces a desirable image 

by adjusting the input image weighting, ideally to a preset standard weighting. The 

output oriented method calculates every possible fusion option and stores them in a 
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database along with their respective CNR/SNR metrics. A criteria can then be applied 

that will yield only desirable fusion options by performing an analysis on the 

quantitative metrics that have been calculated. Alternatively, the user can also 

implement the output oriented method by manually adjusting the image ROI metrics 

until the desired metric is reached, e.g. Tumor CNR. 

The final fusion image must be able to provide an enhanced tumor contrast, 

without sacrificing or degrading the patient anatomy. In order to achieve this goal, an 

optimal weighting vector for each input image was determined. The optimal input 

image weighting vectors were obtained by first implementing a selecting criteria on the 

final fusion image. The selecting criteria shown in Table 2 places constraints on the 

fusion image to achieve desirable clinical image qualities; in this case, a Balanced 

Anatomy Fusion. This process produced multiple fusion options, which corresponded to 

various image weighting vectors. These fusion options were visually checked for their 

desirability. Figure 7 (with DWI) and Figure 8 (without DWI) show the remaining input 

image weighting vectors that would result in a hyper-intense tumor, and a hypo-intense 

tumor after the selecting criteria was implemented, and the images were visually 

checked for desirability. Ultimately, the resulting input weighting vectors were 

averaged for each input image, to obtain an optimal input image weighting vector that 

could be applied to patient data.  
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Figure 6: Workflow used to obtain optimized weighting vector for balanced 
anatomy and tumor enhanced fusions 

 

Table 2: Selecting criteria used for optimization of input image weighting 

Balanced Anatomy Selecting Criteria  

 Tumor CNR Liver SNR T1-SSIM 
Vertebral 
Body SNR 

Blood Vessel 
SNR 

Muscle SNR 

Hyper-Intense 
Tumor 

> 15 > 35 > 30 > 40 > 50 > 20 

Hypo-Intense 
Tumor 

< -15 > 35 > 30 > 40 > 50 > 20 
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Figure 7: Input image weightings resulting from implementing criteria 
(without DWI), and visual check. Figure on the left shows the remaining input image 
options to produce a hyper-intense tumor, while the figure on the right shows the 
remaining options to produce a hypo-intense tumor.  

 

Figure 8: Input image weightings resulting from implementing criteria (with 
DWI), and visual check. Figure on the left shows the remaining input image options 
to produce a hyper-intense tumor, while the figure on the right shows the remaining 
options to produce a hypo-intense tumor. 

 

2.2.3 Evaluation of Clinical Feasibility  

To further evaluate the clinical feasibility of this workflow when applied to 

patient data, the patient set was reduced to 12 patients who had a complete set of 

imaging sequences: T1-w, T2-w, T2/T1-w, and DWI. This subset of patients is shown in 
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Table 4. To apply this established workflow to patient data, the input images require 

additional attention to mimic the qualities of the digital XCAT phantoms such that the 

optimized input image weighting vectors would still be valid. The same four MRI 

sequences are first prepared for use in the GUI by subjecting them various preprocessing 

methods such as inhomogeneity correction, denoising, and normalization, shown in 

Figure 9. To reduce the effect of image distortions, and magnet inhomogeneity the 

images were subjected to an inhomogeneity correction and denoising. In order to 

accurately exploit the different features and information provided at a specific location 

of each image, the sequences must be registered. Once these corrections were applied, 

each image sequence was co-registered to the T2-w image, for consistency, using a rigid 

registration technique using MIM software (MIM Software, Cleveland, OH). Each 

aligned secondary image was exported with the same resolution as the primary (T2-w) 

image. The newly corrected and aligned images were then normalized to 99% of its 

maximum intensity, to more closely mimic the format of the digital XCAT phantoms 

used for weighting vector optimization, and for ease of comparison. Once each 

correction was applied the dicom images are saved as .mat file and are ready to be used 

as inputs for the multi-source adaptive fusion method. This preprocessing procedure 

was repeated for each patient.  
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Figure 9: Workflow for image preprocessing, a major compenent of the overall 
multi-source adaptive fusion workflow.  

 

After preprocessing the images are then loaded into the GUI and follow the 

previously mentioned workflow. The optimized weighting vector is used as a starting 

point for the optimal balanced anatomy image. The weighting scheme can be adjusted 

slightly to create a more balanced anatomy based on user preference, and desired 

endpoints. As mentioned previously, the user must manually contour various ROI’s to 

obtain quantitative measurements about the fusion image, which will update in real 

time as the fusion image is altered by adjusting input weighting. For this study, two 

fusion images were produced for each patient, a balanced anatomy image obtained from 

the optimized weighting vector, and a tumor enhanced image. The tumor enhanced 

image may sacrifice some of the patient anatomy in order to achieve higher tumor to 

tissue contrast. This image is achieved by starting with the balanced anatomy input 

image weighting vector, and slowing varying the input values until a desired tumor 

CNR is reached. An example of these two images is shown in  Figure 13 and  Figure 14. 
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Once the two fusion images for each patient have been produced, an identical 

method, as outlined in section 2.1 Evaluation of CNR, is used to quantitatively evaluate 

the tumor to tissue CNR, and variability in CNR for the fusion images. Once the tumor 

to tissue CNR is obtained for each fusion image, the CV is calculated. The CNR, and CV 

is then compared to the individual sequence CNR and CV to assess the efficacy of the 

fusion algorithm for clinical use.  
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3. Results 

3.1 Evaluation of CNR 

Table 1 summarizes the patient characteristics, and available imaging for this 

study.  Table 3 shows the resulting average CNR for each patient and original sequence 

type: CNR ranged from 0.95 to 4.47; Mean (± SD) CNR for T1-w, T1-w, Post Contrast, T2-

w, T2/T1-w, DWI, and CT was 1.90 (±1.60), 2.12 (±1.42), 3.59 (±2.94), 1.95 (±1.70), 4.47 

(±3.32), and 0.95 (±0.81) respectively. Further analysis was needed to determine the 

variability of the CNR within a sequence type, as well as, for an individual patient. The 

inter-sequence, and inter-patient CV are reported in Figure 10, and Figure 11 

respectively. The inter-sequence CV ranged from 134.67% to 1.22%, with a mean (± SD) 

of 74.35% (±31.36%). The T1-w, T1-w, Post Contrast, T2-w, T2/T1-w, DWI, and CT CV 

was 85.25%, 84.11%, 67.03%, 81.78%, 86.90%, and 74.30% respectively. The inter-patient 

CV ranged from 86.90% to 67.03%, with a mean (± SD) of 79.90% (±7.69%). 
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Table 3: Summary of CNR Values per original sequence type 

Patient  
Magnet 
Strength 

Tumor CNR 

T1-w 
T1-w, Post 

C 
T2-w T2/T1-w DWI CT 

Mean 
(±SD) 

1 1.5 T 3.75 3.80 3.84 - - 0.08 
3.79 

(±0.05) 

2 1.5 T 1.89 1.15 1.77 1.47  - .69 
1.57 

(±0.33) 
         

3 1.5 T 0.86 2.02 3.23 0.05 2.42 .58 
1.71 

(±1.26) 

4 1.5 T 0.75 3.78 3.77 1.17 -  2.42 
2.36 

(±1.63) 

5 1.5 T 1.84 1.51 3.56 2.78  - 1.68 
2.42 

(±0.93) 

6 1.5 T 2.55 0.42 3.80  -  - 0.12 
2.26 

(±1.71) 

7 1.5 T 2.17 3.07 2.53 1.35 5.68 0.40 
2.96 

(±1.64) 

8 1.5 T 0.76 2.31 0.23 -  0.69 1.00 
1.00 

(±0.91) 

9 1.5 T 5.94 6.03 4.45 -   - 2.53 
5.48 

(±0.89) 

10 1.5 T  - 1.01 5.62  -  - 0.13 
3.32 

(±3.27) 

11 1.5 T  - 0.22 2.55 -  -  0.57 
1.39 

(±1.65) 
12 1.5 T -  -  1.10 -  -  1.36 - 

13 1.5 T 0.34 1.21 2.19 - - 0.09 
1.25 

(±0.93) 
14 1.5 T - - 2.09 - - 2.86  - 
15 1.5 T - - 6.03 - - 1.73  - 
16 1.5 T - - 5.08 - - 0.49  -   

17 1.5 T 1.42 2.34 1.70 0.99 4.19 0.35 
2.13 

(±1.25) 

18 1.5 T 2.83 3.61 2.59 0.45 0.11 1.30 
1.92 

(±1.55) 

19 1.5 T - 2.26 5.46 0.82 7.48 0.28 
4.01 

(±3.02) 

20 1.5 T 1.08 1.46 4.90 4.10 1.37 
0.22 2.58 

(±1.78) 
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21 1.5 T 0.12 0.39 2.86 - - 
1.37 1.12 

(±1.51) 

22 1.5 T 1.03 1.23 2.09 2.51 6.02 
2.00 2.58 

(±2.02) 

23 1.5 T 1.33 2.21 0.72 6.26 6.27 
0.32 3.36 

(±2.71) 

24 1.5 T 1.82 2.45 3.39 - 10.45 
0.87 4.50 

(±4.02) 

25 3.0 T 0.52 - 13.60 3.66 - 
1.96 5.93 

(±6.83) 

26 3.0 T 2.26 - 0.17 0.72 - 
0.32 1.05 

(±1.08) 

27 3.0 T 1.56 - 1.00 3.32 - 
1.00 1.96 

(±1.21) 

28 3.0 T 6.15 - 11.38 1.35 - 
0.49 6.30 

(±5.02) 

29 3.0 T 0.86 - 2.49 0.22 - 0.38 
1.19 

(±1.17) 
Mean 
(±SD) 

-  
1.90  

(±1.60) 
2.12  

(±1.42) 
3.59 

 (±2.94) 
1.95 

 (±1.70) 
4.47  

(±3.32) 
0.95  

(±0.81)  
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Figure 10: Inter-Patient Coefficient of Variation 

 

 

Figure 11: Inter-Sequence Coefficient of Variation
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Table 4: Patient subset used for clinical evaluation of multi-source adaptive 
fusion method 

Patient  Age Gender 
Cancer 
Type 

Treatment 
Technique 

Magnet 
Strength 

Imaging 

T1-w T2-w T2/T1-w DWI CT 

3 67 M Primary SBRT 1.5 T X X X X X 
7 68 F Primary SBRT 1.5 T X X X X X 

17 66 F Primary SBRT 1.5 T X X X X X 
18 71 F Primary SBRT 1.5 T X X X X X 
20 62 M Primary SBRT 1.5 T X X X X X 
22 68 F Primary IMRT 1.5 T X X X X X 
23 60 M Secondary SBRT 1.5 T X X X X X 
25 84 F Primary SBRT 3.0 T X X X X X 
26 64 F Primary SBRT 3.0 T X X X X X 
27 51 M Primary IMRT 3.0 T X X X X X 
28 57 M Primary SBRT 3.0 T X X X X X 
29 71 M Secondary SBRT 3.0 T X X X X X 

 

3.2 Implementation of Fusion Method 

The Balanced Anatomy – Fusion was obtained by implementing the optimized 

input image weighting vector resulting from the criteria set forth in Table 2. Figure 7 

shows the remaining fusion options after implementing the criteria, and a visual check 

for clinical desirability. The remaining options were then averaged for each input image 

to obtain the optimal input image weightings for a hyper-intense tumor, as well as, for a 

hypo-intense tumor. The optimal input image weights are summarized in Table 5.  
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Table 5: Optimized Balanced Anatomy Image Input Weighting Vectors with 
and without DWI 

Optimized Balanced Anatomy Image Input Weighting Vector 

  T1-w T2-w DWI T2/T1-w 

Hyper-Intense Tumor -0.4 0.90 0 0.50 

Hypo-Intense Tumor  0.80 0.05 0 -0.85 

Hyper-Intense Tumor -0.33 0.79 0.30 0.53 

Hypo-Intense Tumor 0.85 0.53 -0.391 -0.80 

 

3.2.1 Fusion Results  

A smaller subset of patients was used to further evaluate liver tumor contrast by 

implementing an in-house multi-source fusion algorithm. A summary of the twelve 

patients selected for the fusion study is listed in Table 4, along with their corresponding 

CNR values for each sequence type, including the two additional fusions. The mean (± 

SD) CNR for T1-w, T2-w, T2/T1-w, Balanced Anatomy – Fusion, and Tumor Enhanced – 

Fusion was 2.11 (±1.99), 3.89 (±4.38), 3.71 (±3.92), 5.73 (±7.12), and 17.01 (±11.55) 

respectively. A two-sample paired t-test was conducted to determine if the CNR from 

the fusion images was significantly different than the CNR from the original images. The 

Balanced Anatomy – Fusion did not have a significantly larger CNR at the .05 level, 

however the Tumor Enhanced – Fusion CNR was statistically significant at the .01 level. 

The resulting p-values are summarized in Table 6. The inter-patient CV was also 
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reported for this group of patients, and had a range of 67.94% to 124.23%. The inter-

patient CV for T1-w, T2-w, T2/T1-w, DWI, Balanced Anatomy – Fusion, and Tumor 

Enhanced – Fusion was 94.16%, 112.73%, 105.69%, 124.23%, and 67.94% respectively. 

  

 

Figure 12: Average tumor to tissue CNR for each sequence type, including the 
additional fusion images for the 12 patient subset.  

 

Table 6: p-values resulting from paired two sample t-test 

Paired T-Test p-values 

  T1-w T2-w T2/T1-w 

Balanced Anatomy – Fusion  0.1142  0.4551 0.4009 

Tumor Enhanced – Fusion   9.25E-4 2.50E-3 2.20E-3 
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3.2.2 Representative patients  

3.2.2.1 Optimized Input Image Weighting Vector  

To demonstrate the capabilities of the in-house developed multi-source fusion 

method, a representative patient, Patient 26, is shown in Figure 13. The original images 

for Patient 26 are also shown in Figure 13, the corresponding CNR values for the input 

images T1-w, T2-w, and T2/T1-w are 2.26, 0.17, and 0.72 respectively. The Balanced 

Anatomy – fusion, and Tumor Enhanced - Fusion had a resulting CNR of 1.15, and 13.44 

respectively. The optimized input image weighting vector, shown in Table 7, were used 

to obtain the Balanced Anatomy – Fusion, and an output oriented weight of T1-w: 1.4, 

T2-w: -0.48, T2/T1-w: -1.3744 was used for the Tumor Enhanced – Fusion. The resulting 

fusion images are also shown in Figure 13 along with their corresponding CNR values.  

 

 Table 7: Patient 26 Input Image Weighting Vector 

  Input Image Weighting Vector 

  T1-w T2-w DWI T2/T1-w 

Balanced Anatomy – Fusion -.2 0.42 0 0.48 

Tumor Enhanced – Fusion  0.7 -0.24 0 -0.69 
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Figure 13: A representative patient, Patient 26, used to demonstrate the 
abilities of the multi-source adaptive fusion method. The original input images of T1-
w, T2-w, and T2/T1-w had a CNR of 2.26, 0.17, and 0.72 respectively. A Balanced 
Anatomy – Fusion and a Tumor Enhanced – Fusion were produced and had a CNR of 
1.15 and 13.44 respectively.  

 

3.2.2.2 Output Oriented Input Image Weighting Vector 

Figure 14 further demonstrates the capabilities of the multi-source adaptive 

fusion method, with the addition of a DWI image. Here, the input image sequences were 

T1-w, T2-w, DWI, and T2/T1-w with corresponding CNR of 6.15, 11.38, 2.17, and -3.32 

respectively. Both the Balanced Anatomy – Fusion, and Tumor Enhanced – Fusion were 

obtained by using an output oriented weighting method. The input image weighting 

vector are summarized in Table 8. 
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Table 8: Patient 28 Input Image Weighting Vector 

  Input Image Weighting Vector 

  T1-w T2-w DWI T2/T1-w 

Balanced Anatomy – Fusion 1 0.1 1 -0.66 

Tumor Enhanced – Fusion  0.92 -0.44 1 -0.97 

     

 

 

Figure 14: A representative patient, Patient 28, used to demonstrate the 
abilities of the multi-source adaptive fusion method. The original input images of T1-
w, T2-w, DWI, and T2/T1-w had a CNR of 2.26, 0.17, 2.17, and 0.72 respectively. A 
Balanced Anatomy – Fusion and a Tumor Enhanced – Fusion were produced and had 
a CNR of 8.55 and 28.11 respectively. 
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4. Discussion 

4.1 Evaluation of CNR 

In this study, we retrospectively reviewed imaging from 29 patients who had 

cancer of the liver, to evaluate the tumor to tissue CNR, and its variability across 

different sequences. We found the CNR to be highly variable, across the sequences 

studied as well as highly variable between patients. The image type that produced the 

lowest average CNR was CT, as we expected. Due to poor soft tissue contrast, CT is 

unable to provide the high tumor to tissue contrast that is desirable for dose escalation 

techniques. DWI provided the highest tumor to tissue contrast to noise ratio, which was 

also expected, but due to the inherent poor resolution of DWI images they must be used 

in conjunction with another image that will provide more information about anatomy 

and other features. The T2-w images provided the second highest tumor to tissue CNR, 

followed by T2-w, post C, T2/T1-w, and T1-w. The T2-w images have a promising CNR 

value, however the respective CV for T2-w images was 81.79%, meaning the distribution 

of CNR within the T2-w images for this patient set differed by as much as 82% of the 

mean CNR value. A CV this high generally means that the average value is not 

representative of the data set. Further, we found that the inter-patient CV ranged from 

67.03% to 86.90%. These CV’s are large, and are representative of the large variation in 

tumor to tissue CNR that was observed. The inter-sequence CV ranged from 64.10% to 

134.67%, which also lead us to conclude that there is large variation in tumor to tissue 
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CNR between patients. Unfortunately, not all patients underwent the exact same 

sequences this lead to gaps in our data set. 100% of patients received a T2-w scan, 

however the percentages are much smaller for the remaining scans; T1-w: 75%, T1-w, 

Post C: 69%, T2/T1-w: 55%, and DWI: 41%. The incompleteness of this data set could 

affect the magnitude of the standard deviation of each category. For example, some 

patients were removed from the inter-sequence CV plot due to the fact that they only 

received one imaging type. Other patients who did not receive each type of imaging 

could also be affected. This large variation in inter-patient and inter-sequence CV lead 

us to conclude that efforts were needed to improve the tumor to tissue CNR, as well as, 

reduce the variability of this metric. 

4.2 Evaluation of multi-source adaptive fusion method 

To evaluate the clinical effectiveness of the multi-source adaptive fusion 

algorithm, a workflow was established to incorporate patient data. Ultimately, this 

workflow established a guideline that should be followed, and is generalizable for use 

with the MRI sequences outlined above. In the future, a more rigorous approach in 

determining the optimized input image weightings is warranted. Due to the inherent 

size of our patient set, a more rigorous method, such as machine learning was not 

feasible.  

It is also worth noting that the multi-source adaptive fusion method is capable of 

including DWI images in the output images, however for the purposes of this study they 
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were not used.  In the future, DWI images should be incorporated in the input images 

due to the high likelihood that they will further enhance the tumor to tissue CNR.  

By further reducing the patient set from 29 to 12 patients, we aim to have a 

complete data set, with all imaging sequences available in order to further evaluate the 

tumor to tissue CNR. We proposed a method to both enhance CNR, and decrease 

variability in CNR by implementing an in-house multi-source fusion method. From this 

method, we were able to achieve one of the two goals. The multi-source adaptive fusion 

method was able to provide significantly enhanced tumor CNR on each of the patients, 

while also reducing the CV. The tumor enhanced – fusion had an average CNR (±SD) of 

17.01 (±11.55), and a CV of 67.94%. While this CV is high, it is an improvement over the 

CV of the original imaging sequences for the subset of patients. Due to the small size of 

this patient set, we cannot make any conclusions about the improvement of CNR 

variability by using this method. However, the average tumor CNR was significantly 

improved using this method. The balanced anatomy – fusion also increased the average 

tumor to tissue CNR, however the increase was not significant at the p = .05 level when 

using a two-sample paired t-test with unequal variances. The tumor enhanced – fusion 

was significant at the p = .01 level, when compared to each original image sequence. 

From this, we can conclude that the multi-source adaptive fusion method is capable of 

significantly enhancing the tumor to tissue CNR when compared to standard MRI 

sequences (T1-w, T2-w, T2/T1-w).  
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The representative patients included in section, 3.2.2.1 Optimized Input Image 

Weighting Vector, demonstrate the clinical applicability of this method. In Figure 13 the 

GTV is barely visible in the original input image sequences, which is reflected in their 

respective tumor to tissue CNR. However, the two resulting fusion options, Balanced 

Anatomy – Fusion and Tumor Enhanced – Fusion, both produced an enhanced tumor to 

tissue CNR. The balanced anatomy image provides a slight increase in tumor to tissue 

CNR while improving the patient anatomy which could be useful for radiation therapy 

treatment planning. The tumor enhanced – fusion slightly sacrifices the patient anatomy 

but provides a significantly higher tumor to tissue CNR. This has a large potential to aid 

physician decisions when contouring patient GTV’s, specifically for dose escalation 

techniques.  

The second representative patient included in section, 3.2.2.2 Output Oriented 

Input Image Weighting Vector, is an example of the multi-source adaptive fusion 

methods ability to use DWI as an input image. For this patient, the DWI image was 

included, therefore the optimal input image weighting vector was no longer valid, and 

the output oriented method was used to obtain both fusion images. Here the DWI image 

helps provide increased tumor to tissue CNR for both the balanced anatomy – fusion, 

and tumor enhanced – fusion.  
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4.3 Concerns and Limitations 

The robustness of this study could be greatly enhanced by increasing the number 

of patients that are included in the study. Currently, there were 29 patients available for 

retrospective review, however only 12 of those patients received each sequence of 

interest for the multi-source adaptive fusion algorithm. We could get a basic idea of the 

contrast variability in MRI, as well as the fusion images for liver cancer patients, 

however the small sample size likely influenced those results. In order to make stronger 

and more informed conclusions about this study, more patients data is necessary.  

Additional concerns for this study include the manual delineations of the GTV 

for each patient. The GTV on each planning CT was contoured by an experienced 

radiation oncologist, however, the GTV’s contoured on each MRI were not. This fact 

introduces potential errors in the calculation of the tumor CNR, however we estimate 

these effects to be minimal. Each MRI GTV contour was compared against the planning 

CT, but not copied directly due to differing information that was provided by each 

single contrast MR sequence.  

4.4 Future Directions 

While this study is novel in its methods, there are limitations. To first test the 

feasibility of using this method we use a simple approach to determine input image 

weighting vectors, including manual user defined input image weighting vectors. This 

approach should be altered to allow for a more robust input image weighing vector 
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optimization. Naturally, a knowledge based approach would create a much more 

rigorous optimization method by incorporating a database of patient images which 

could provide information on good image metrics without using subjective user inputs. 

Given a large database of patient images, the workflow shown in Figure 5 could use the 

knowledge based optimization approach to produce data-driven input image weighting 

vectors. Knowledge based approaches to machine learning is a very active area of 

research in radiation oncology, and has been shown to be an effective method for 

evaluating quality assurance and in some areas of radiation therapy treatment planning 

[27-29]. We believe using this approach would greatly increase the robustness of the 

study, and is essential moving forward.  
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5. Conclusions 
Large variability in tumor to tissue contrast was observed, both in original MRI 

images, as well as, the balanced anatomy – fusion and tumor enhanced – fusion. Using 

the multi-source adaptive fusion method, the tumor enhanced – fusion contrast was 

significantly increased. This method has strong potential clinical application for 

radiation therapy treatment planning due to the ability to significantly enhance tumor 

contrast, for planning purposes.  

Future studies should focus on developing a more rigorous optimization 

approach for the input images. By exploring this research direction, the study should 

increase the number of patients included in the study in order to guarantee more 

statistically significant results, and also incorporate other imaging such as CT, and PET 

into the multi-source adaptive fusion method. Future studies should also seek 

confirmation from an experienced radiation oncologist about MRI GTV contours.  
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