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Leveraging large scale data sets: a transfer learning approach for 7T super resolution 

Ryan Ellis 

Abstract 

Brain morphometry on data from multi-scanner and multi-site studies can suffer from non-

biological variance due to scanner and acquisition differences. Harmonization methods, such as ComBat, 

have been introduced to remove unwanted variance in structural neuroimaging data. Statistical methods 

for harmonizing structural data however operate on derived morphological measurements to remove site 

related effects rather than operating at the voxel level to remove scanner related effects. This study works 

towards a deep learning-based image harmonization method by training and evaluating a generative 

adversarial model for transforming 3T images to a standard 7T-like image quality. 7T MRI can achieve 

better tissue contrast and tissue segmentation results but lacks the widespread availability of 3T MRI, 

resulting in limited dataset sizes for deep learning. Transfer learning from a 3T synthesis task to a 7T 

synthesis task was hypothesized to improve synthesis results by greatly increasing dataset size and 

diversity with multi-site longitudinal data. The 7T synthesis dataset was comprised of 9 subjects each 

with a 3T MPRAGE and 7T MP2RAGE T1-weighted scan. Leave one out cross validation was used and 

performance evaluation metrics were reported as the mean across all validation cross folds. The transfer 

learning dataset consisted of 419 total subjects and 1124 T1 weighted images with a wide variety of sites, 

scanners, and acquisition sequences. An independent testing set of 17 subjects with paired 1.5T and 3T 

scans from the transfer learning dataset were used for evaluating the 3T synthesis task. Image similarity 

metrics such as Structural Similarity Index Measure (SSIM) and Peak Signal to Noise Ratio (PSNR) were 

used to evaluate synthesis performance. Dice Similarity Coefficient (DSC) and Jaccard Similarity 

Coefficient (JSC) were used to evaluate the synthesized and 3T segmentations results using 7T 

segmentation as ground truth. The 7T synthesis network with transfer learning weights achieved an SSIM 

of 0.950 ± 0.02 and PSNR of 25.44 ± 0.61, improved over the 3T image which had SSIM of 0.909  ± 0.01 

and PSNR of 21.83  ± 0.92. The DSC for grey matter regions of interest was 0.810 ±  0.02 and 0.916 ±  



 v 

0.004 for white matter regions of interest for the synthesized validation images, an improvement of 0.053 

DSC (p = 0.011) and 0.017 DSC (p = 0.0039) over the 3T results respectively. The JSC for grey matter 

regions of interest was 0.693 ± 0.03 and 0.842 ± 0.01 for white matter regions of interest, an improvement 

of 0.066 DSC (p = 0.011) and 0.026 DSC (p = 0.0039) respectively. Future work will evaluate the ability 

of the 7T synthesis models at removing non-biological variance, particularly in longitudinal studies where 

imaging protocol or scanners were updated.   
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Chapter 1: Introduction 

 Quantifying measures of morphometric changes in the brain from structural neuroimaging data is 

of particular interest for studying neurodegenerative diseases. Our understanding of the natural history of 

normal and pathological morphological brain changes can be improved by leveraging multiple datasets 

from multi-site longitudinal imaging initiatives. However, non-biological variation may be introduced due 

to scanner and imaging protocol variability across different sites [1]. Longitudinal studies are particularly 

affected as imaging protocol, scanner hardware, and scanner software can be updated overtime which 

further introduce variability in morphometry results. Statistical methods, such as ComBat, have been 

shown to harmonize multi-site structural neuroimaging data by operating on morphological measurements 

(i.e. volume, cortical thickness, surface area) derived from automated algorithms to remove non-

biological variance due to site differences [2-5]. Site based harmonization techniques correct for variation 

due to dataset source rather directly addressing the cause of measurement differences due to ‘scanner 

effects’, such as acquisition sequence, scanner model, and vendor differences. Wrobel et al. proposed an 

intensity normalization method ‘mica’ to reduce scanner effects directly at the image level by warping 

image contrast instead of harmonizing data on a covariate such as site. Mica however needs a baseline 

measurement of variability using a subset of subjects scanned at all sites which may not be possible for all 

studies [6]. Image level harmonization methods that generalize to unseen data using deep learning have 

also been proposed, removing the need for traveling subjects. [7-10].  Dewey et al. uses a U-Net based 

architecture to standardize structural neuroimages to a reference protocol to improve the consistency of 

volume quantification between protocols [7]. Zuo et al. performs MRI harmonization using unsupervised 

domain adaption, which adopts a model to unseen data during testing, by using encoder and decoder 

networks to transfer contrast differences between protocols while retaining anatomical structure [8].  

These approaches demonstrate promising deep learning harmonization results, but they require multiple 

contrasts per subject and the selection of a reference site or protocol, which adopts contrast of a specific 

site rather than removing variation. Instead of adapting MRI data to a specific site, harmonization may 
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instead be accomplished through by transforming image data to a tissue contrast more representative of 

the ground truth anatomy.  Ultra-high field 7T MRI can achieve higher signal to noise ratio and better 

contrast, which has been shown to improve brain parcellation results especially in superior grey matter 

and subcortical grey matter regions [11, 12]. Synthesizing 7T MRI structural neuroimages from lower 

field strengths has been the goal of many works using deep learning methods [13-16]. Qu et al. performed 

7T super resolution by using an encoder-decoder CNN that injected features from the wavelet domain 

into the encoder network and achieved Structural Similarity Index (SSIM) of 0.87 and Peak Signal to 

Noise Ratio (PSNR) of 28.27 [13]. Zhang et al. used dual convolutional neural networks operating on 

spatial and frequency information to synthesize 7T contrast from 3T images [14]. These works use non-

adversarial convolutional neural networks that can train only on paired 3T and 7T images and are limited 

to image-based loss functions such as mean squared error or mean absolute error. The model architecture 

used in our approach was based on Cycle-Consistent Adversarial Networks (CycleGAN) which allows for 

unpaired image to image translation and uses adversarial loss to train competing networks to generate 

synthesized examples that are indistinguishable from the real inputs [17]. CycleGAN has been widely 

used on medical image synthesis tasks because the input and target domain training images do not have to 

paired or aligned and can come from different subjects [18]. Ali et al. used a CycleGAN to harmonize 

clinical multi-site MRI data which improved low grade glioma subtype prediction [19]. Do et al. use 

CycleGAN to perform 3T and 7T super resolution, however their task is to recover the original resolution 

from downsized 3T and 7T images separately rather than transforming 3T images to 7T-like contrast [20]. 

The goal of this research is to evaluate the ability of generative adversarial deep learning models to 

transform 3T T1 weighted neuroimages to a standardized 7T-like image quality as a step towards deep 

image harmonization. Deep learning methods typically require many examples to learn generalizable 

features, but studies for 3T to 7T synthesis are hampered by a lack of clinical biomedical imaging data 

availability from 7T MR systems [21, 22]. Transfer learning is hypothesized to improve the shortcomings 

of limited dataset size and diversity of the 7T dataset by reusing the knowledge learned from a 3T 

synthesis task.  A review by Valverde et al. found a widespread application of transfer learning to benefit 
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deep learning tasks in brain MRI, such as brain tumor segmentation and disease classification [23]. First, 

CycleGAN was trained to synthesize 3T contrast from 1.5T images using data from a large multi-site 

study to develop a robust feature extractor. A 7T synthesis model was then trained reusing the feature 

extractor of the 3T synthesis model.  We assessed the performance of 7T synthesis models using image 

similarity metrics such as Structural Similarity Index (SSIM) and Peak Signal to Noise Ratio (PSNR) to 

compare our results with related works. Dice similarity coefficient and Jaccard similarity coefficient of 

ROI segmentations were used to validate the ability of the 7T synthesis models to reproduce segmentation 

results from the ground truth 7T images. 

Chapter 2: Methods 

2.1 Datasets 

Two separate datasets were used, one for the 7T synthesis task and the other for transfer learning. 

The dataset for the 7T synthesis task consisted of 9 subjects with a 3T scan and a 7T scan. The 3T scans 

were taken with a Siemens Magnetom Skyra 3T scanner using an T1 weighted MPRAGE sequence with 

0.8 mm3 isotropic resolution (TR=2400 ms, TE=2.24 ms, TI=1060 ms, Flip angle=8 deg, GRAPPA 

acceleration factor=2). The 7T scans were taken with a Siemens Magnetom 7T scanner using an T1 

weighted MP2RAGE sequence with 0.7 mm3 isotropic resolution (TR=4500 ms, TE=3.37 ms, TI1 = 900 

ms, TI2 = 2750 ms, Flip angle 1=5 deg, Flip angle 2=3 deg, GRAPPA acceleration factor=3). The 7T 

synthesis dataset consisted of 7 males and 2 females, had an average age of 41 +/- 11 years, and all 

subjects had a diagnosis of mild traumatic brain injury (TBI). 

The dataset for the transfer learning task was sampled from the Alzheimer’s Disease 

Neuroimaging Initiative (ADNI), a longitudinal multi-site study where imaging protocol was updated 

over time [24, 25]. The images were T1-weighted with field strengths of 1.5T or 3T and were taken from 

60 sites with 24 unique scanner models taken over the span of 14 years. The acquisition sequences 

consisted of MPRAGE, IR-SPGR, and accelerated MP-RAGE (GRAPPA and SENSE). Participants in 

the ADNI study were screened for significant neurological disease and disorders other than Alzheimer’s 

Disease (AD) [24].  Images were sampled from healthy control subjects by screening for subjects with a 
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cognitively normal diagnosis to avoid introducing an AD-specific task bias into the transfer learning 

dataset [9, 26]. A paired dataset of 35 control subjects with scans at both 1.5T and 3T was used to validate 

and test the model trained for the transfer learning task. The remaining dataset of unpaired 1.5T and 3T 

scans was used for training and consisted of with 783 3T images (335 unique individuals) and 271 1.5T 

images (55 unique individuals). The unpaired training dataset contained longitudinal scans and had no 

overlap between the 1.5T and 3T subjects. The average age of the ADNI dataset was 74 +/- 6.8 years and 

was 47% female.  

2.2 Image processing 

 The paired datasets for both the 7T synthesis and transfer learning datasets were first aligned to a 

common space through affine registration. 3T and 7T images of the 7T synthesis dataset were registered 

to a 7T reference image with 0.7 mm3 isotropic resolution. 1.5T and 3T images in the transfer learning 

dataset were registered to a reference 3T image with 1 mm3 isotropic resolution.  Registration was 

performed with FSL FLIRT using affine registration (9 degrees of freedom) and a mutual information 

cost function [27]. The registered brain images from the 7T synthesis dataset were skull stripped using 

FSL BET, an automated tool for brain extraction [28]. The resulting brain masks were manually edited on 

7T images to provide accurate results. The images from the ADNI dataset were skull stripped using 

Multi-atlas Skull Stripping (MASS), a robust automated skull stripping tool. MASS handles variations in 

contrast by performing non-linear registrations to several atlases and combining the results with a spatial 

voting algorithm [29]. The resulting automated masks for the transfer learning dataset were visually 

inspected but not manually edited. The skull stripped 3T images of the 7T synthesis dataset were non-

linearly registered to the 7T images using Advanced Normalization Tools (ANTs) Symmetric 

diffeomorphic algorithm to correct for geometric distortions due to susceptibility differences. MUSE, a 

multi-atlas anatomical parcellation algorithm, was used to delineate anatomical regions of interest (ROIs) 

for the original 7T, geometry distortion adjusted 3T, and synthesized 7T images. MUSE generates robust 

ROI segmentation results by nonlinearly registering 11 selected atlases to input and fusing the results with 

a spatially adaptive weighting [30].  
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2.3 Model Architecture 

  The model framework was based on Cycle-Consistent Adversarial Network (CycleGAN) which 

consists of two generative adversarial networks (GANs). CycleGAN performs image transformation by 

simultaneously training both a forward mapping GAN and backward mapping GAN [17]. In this work, 

the forward mapping GAN transforms 3T images to 7T-like images while the backward mapping GAN 

transforms 7T images to 3T-like images. The GANs were made up of two types of networks: a generator 

model for producing synthetic images and a discriminator model for classifying the generated images a 

real or synthetic.  

The generator model is a 2D convolution network that has 3 input convolutions, 9 residual 

blocks, and 3 output convolutions. Details on the convolution filter parameters are provided in Table 2.1. 

The convolutions in the encoder part of the generator have a stride of 2, meaning that the convolutional 

filters skip 2 pixels during the forward pass which decreases the spatial feature map size by ¼. The depth 

of the convolutional filters doubles each time the feature map size is reduced.  The residual blocks are 

made up of two convolutional filters which are each followed by instance normalization and RELU 

activation. The residual blocks contain a skip connection, where the input feature maps to the residual 

block are pointwise added to the output feature maps of the residual block. The decoder part of the 

generator consists of three transposed convolutions with a stride of 2, which up sample the feature maps 

to the original input size while decreasing the depth of the convolutional filters. The output of the 

generator is a single channel image with the same height and width as the input image. The generator 

model has a total of 11.4 million trainable parameters.  
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Table 2.1: Generator Network Architecture details. 

Layer Output Size Output Depth Filter Size Stride 
Input Conv 128 x 128 64 7 x 7 1 x 1 
Stride Conv 0 64 x 64 128 3 x 3 2 x 2 
Stride Conv 1 32 x 32 256 3 x 3 2 x 2 
Residual Block 1-9 32 x 32 256 3 x 3 1 x 1 
Transpose Conv 0 64 x 64 128 3 x 3 2 x 2 
Transpose Conv 1 128 x 128 64 3 x 3 2 x 2 
Output Conv 128 x 128 1 7 x 7 2 x 2 

 

The discriminator model is a simple fully convolutional network with strided convolutions that down 

sample the feature maps throughout the forward pass. All convolutions of the discriminator network were 

followed by instance normalization and RELU activation. Table 2.2 contains implementation details of 

the discriminator network. The output prediction of the discriminator network was obtained by global 

average pooling of the final convolutional features, which produces a single scalar value. The 

discriminator model had 2.8 million trainable parameters.  

Table 2.2: Discriminator Network Architecture details. 

Layer Output Size Output Depth Filter Size Stride 
Conv 0 128 x 128 64 4 x 4 2 x 2 
Conv 1 64 x 64 128 4 x 4 2 x 2 
Conv 2 32 x 32 256 4 x 4 2 x 2 
Conv 3 16 x 16 512 4 x 4 2 x 2 
Conv 4 8 x 8 512 4 x 4 2 x 2 
Average Pooling 1  1 4 x 4 1 x 1 

 

2.4 Loss Function 

𝐿𝑜𝑠𝑠 = 𝐿!"#"$%&'$ +	𝐿()*+$),)#%&'$ +	𝛼	𝐿+-+." + 	𝛽𝐿)/"#&)&- 

The loss function consisted of four terms: generator loss, discriminator loss, cycle consistency loss, and 

identity loss. Alpha and beta are hyperparameters for weighting cycle loss and identity loss and were set 

to 10 and 5 respectively. Generator loss is given by 𝐿!"#"$%&'$ = )𝐷)𝐺(𝑋)/ − 1/0 , where the objective 

is to minimize the least squares loss of the discriminator (D) prediction on the synthesized output of the 

generator (G(X)) where X is the input image. This objective trains the generators to produce synthetic 

images that the discriminator network classifies as real images. The generator loss is the same for both the 
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forward and backward generators.  The objective of the discriminators is to minimize the least squares 

loss between their output predictions and the labels of the input image, where real images are labeled as 1 

and synthetic images are labeled as 0. The discriminator networks are trained on a queue of the last 50 

generated images rather than the generated images of the immediate batch to promote training stability. 

𝐿()*+$),)#%&'$ = (𝐷(𝑋) − 1)0 + (𝐷(𝐺(𝑋)))0 

Cycle consistency is enforced by minimizing the mean absolute error of the reconstructed input images 

after they are fed through their respective forward and backward generators, where 𝐿+-+." =

|𝐺1(𝐺2(𝐴), 𝐴| + |𝐺2)𝐺1(𝐵)/, 𝐵|. The cycle consistency step is as follows: a 3T input image is fed 

through the 7T generator which produces a synthetic 7T image. The synthetic 7T image is then fed 

through the 3T generator to reconstruct the original input contrast. The cycle consistency loss is also 

computed for the 3T input image.   

Identity loss penalizes the generator networks for making unnecessary changes, given by 𝐿)/"#)&- =

|𝐺1(𝐴), 𝐴| + |𝐺2(𝐵), 𝐵| where the mean absolute error is taken between the input images and their 

reconstructed results.  

2.5 Transfer Learning 

The weights from encoder of the 1.5T generator (backward mapping for 3T synthesis task) were 

used to initialize the 7T generator (forward mapping for 7T synthesis task). The transferred weights in the 

7T generator were frozen so they were not updated while training the on the 7T dataset.  The 1.5T and 7T 

generators both take 3T images as input but the 1.5T generator was trained on 3T images from a large 

multi-site dataset.  The transfer learning model was trained on the large ADNI dataset for the task of 1.5T 

to 3T synthesis. 18 subjects of the paired dataset (where subjects had a 1.5T and 3T scan) was used for 

model validation while the other 17 were used for final testing. The epoch with the lowest GAN loss 

(𝐿!"#"$%&'$ +	𝐿3-+." +	𝐿)/"#)&-) on the validation set was chosen as the model for final testing and 

weight transfer.  
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Figure 2.1: Transfer learning. The weights from the encoder 1.5T generator trained on the transfer 
learning dataset are used to initialize the weights of the untrained 7T generator.  
 
2.6 Model Training 

The models were implemented in pytorch version 1.8 and trained using the Adam optimizer with 

a learning rate of 0.0002. A batch size of 16 was used to train each model. The 3T synthesis model on the 

transfer learning dataset was trained for 10 epochs, where learning rate decayed after 5 epochs. The 

transfer learning model was trained on fewer epochs but had a similar number of training steps due to the 

larger dataset size. The base 7T synthesis model and 7T synthesis model initialized with transfer learning 

were trained for 100 epochs, where learning rate decayed linearly after 50 epochs.  

The input images to the models were 128 x 128 2D patches of axial slices. The volumes are first 

normalized to have an intensity range between 0 and 1 to ensure numerical stability of the 

backpropagation algorithm, as large intensities values would lead to an explosion of gradients at the input 

layer. Data augmentation was performed during training through random rotation (+/- 30 degrees), scaling 

(80-120%), cropping (128 x 128), and horizontal flipping. Data augmentation effectively increases the 

number of training samples that the model is exposed to which helps reduce overfitting. Uncropped axial 

slices were used during validation and testing of the trained models.  

2.7 Slice inhomogeneities 

Intensity compensation adopted from Malandain et al. was used to correct for slice 

inhomogeneities in the synthesized images [31]. This strategy was proposed to correct for intensity 

differences in 3D reconstructed volumes of 2D histological MR data. The synthesized images in our 
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approach were produced in a slice wise manner which introduced intensity variations in the axial 

direction. The intensity compensation method works by matching the intensity probability density 

function of each axial slice to a reference slice, which was chosen to be the middle axial slice. Intensity 

compensation was performed on the synthesized images for both the base model and model with transfer 

learning weights prior to MUSE ROI segmentation.  

2.8 Performance Evaluation 

Leave one out cross validation was used when training on the 7T synthesis task for both the base 

model and the model initialized with transfer learning weights. Eight of the paired images were used for 

training while one was left out for validation. Results are reported as the average metrics across the 

validation images. Structural Similarity Index Measure (SSIM) as a perceptual image quality metric to 

assess the degradation of image quality was estimated [28]. Peak signal to noise ratio was calculated by 

𝑙𝑜𝑔45(
6%7	9#&"#*)&-!

6:;(=$>"	9,%?",="*&	9,%?")
) where MSE is mean squared error and max intensity is the maximum 

possible intensity of the image. PSNR and SSIM were computed using implementations from scikit-

image version 0.18.2. Dice similarity coefficient (DSC) and Jaccard similarity coefficient (JSC) were 

used to measure the consistency of the tissue segmentation results produced from the original 3T and 7T 

synthesized images relative to the ground truth 7T segmentation. The DSC and JSC from the 

segmentation results were statistically compared using the Wilcoxon signed rank test.  
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Chapter 3: Results 

 

 

 

 

 

 

 

 

Qualitative results for the 7T synthesis models are presented in Figure 3.1 and 3.2. Qualitative results for 

the 3T synthesis task on the transfer learning dataset are shown in Figure 3.3. Additional qualitative 

results for 7T synthesis and tissue segmentations results can be found in Appendix I-III. Figure 3.8 shows 

results of the application of the slice intensity correction. Transfer learning helped the generator networks 

Figure 3.2: Sagittal patches from a random validation case. From left: input 3T, ground truth 7T, 
synthesized 7T, synthesized 7T (transfer learning model) 
 

Figure 3.1: Axial patches from a random validation case. From left: input 3T, ground truth 7T, 
synthesized 7T, synthesized 7T (transfer learning model) 
 

Figure 3.3: Axial slices of 1.5T synthesis results. Left: input 3T image. Middle: 
1.5T ground truth. Right: 1.5T synthesized image 
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converge faster and to a lower training loss, shown by the plots in Figure 3.1. The mean base model 

generator loss in the final 500 training steps was 1.28 ± 0.1 while the mean transfer learning model 

generator loss was 1.06 ± 0.06. The discriminator networks with transfer learning converge faster to a 

mean loss of 0.48 ± 0.016 compared to the base model mean loss of 0.45 ± 0.02.  

 

 
 
 
 

3.1 Image Similarity Metrics 

The 3T synthesis task trained on the ADNI transfer learning dataset achieved a SSIM of 0.952 ±  

0.05, PSNR of 23.5 ±  4.5 on the independent testing dataset, a 0.01 point improvement over the 1.5T 

image (Table 3.1).   The transfer learning model improved SSIM over the based model (p < 0.005) while 

PSNR was not significantly improved  (p = 0.054). The synthetic 7T images improved in both SSIM 

(+0.05 units) and PSNR (+3.61 dB) compared to the 3T image (p < 0.005) (Table 3.2).  

 

 

 

 

 

Figure 3.4: Average Generator and Discriminator loss across all validation cross folds. 
The generator and discriminator losses are the sum of loss for both the forward and 
backward GANs.   
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Table 3.1: Image similarity metrics for the 3T synthesis task on the transfer learning dataset. Metrics 
were computed on an independent testing set of 17 subjects with paired 1.5T and 3T scans. 
 
Metric 1.5T input 3T Synth 

Structural Similarity 0.940 (0.07) 0.952 (0.05) 

PSNR 26.9 (10.1) 23.5 (4.5) 

 

Table 3.2: Image similarity metrics for the 7T synthesis task. All metrics were computed using the 7T 
image as ground truth. The mean and standard deviation of the metrics across all the leave-one-out 
validation cross folds are reported.  
 
Metric 3T Input 7T synth 7T synth 

(transfer) 

Qu et al. 

[13] 

Zhang et al. [14]  

Structural 

Similarity 

0.909 

(0.011) 

0.943 

(0.006) 

0.950 (0.006) 0.8782 0.8438 

Peak SNR 21.83 

(0.92) 

25.18 

(0.55) 

25.44 (0.61) 28.27 29 

 

3.2 Tissue Segmentation 

The Dice and Jaccard similarity coefficient results are reported in Table 3.3. Dice similarity 

coefficient was improved in both grey matter ROIs (0.053 units; p = 0.011) and white matter ROIs (0.017 

units; p = 0.0039) in the synthesized images using transfer learning weights compared to the 3T input.  

Jaccard Similarity Coefficient was improved for grey matter ROIs (0.066 units; p = 0.011) and white 

matter ROIs (0.026 units; p = 0.0039). The 7T synthesis results with transfer learning were not 

significantly different from the 7T synthesis base model in GM DSC (p = 0.43), GM JSC (p = 0.43), WM 

DSC (p = 0.055), or WM JSC (p = 0.055) compared to 7T synthesis base model. The DSC across all 

ROIs was 0.76 ± 0.023 for the 3T image, 0.813 ± 0.02 for the 7T synthesized image, and 0.823 ± 0.021 

for the 7T synthesized image using transfer learning weights. Total grey matter and white matter volumes 

from the segmentation results are compared in Figure 3.5. Differences in DSC with respect to different 
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lobes of the brain are given in Figure 3.6 and differences in JSC with respected to lobes are given in 

Figure 3.7.  

 

Table 3.3: Dice similarity coefficients for segmentation results. GM: Grey Matter, WM: White Matter, 
DSC: Dice Similarity Coefficient, JSC: Jaccard Similarity Coefficient. Synthesized results were 
compared statistically to the 3T results using the Wilcoxon signed rank test.   
 
 3T 7T synth p-

value 

7T synth 

(transfer) 

p-

value 

Qu et al. 

[13] 

Zhang et al. 

[14] 

Total 

DSC 

0.760 

(0.023) 

0.813 

(0.020) 

0.020 0.823 (0.021) 0.0039 N/A N/A 

Total 

JSC 

0.641 

(0.029) 

0.701 

(0.026) 

0.020 0.714 (0.029) 0.0078 N/A N/A 

GM 

DSC 

0.757 

(0.03) 

0.800 

(0.02) 

0.027 0.810 (0.02) 0.011 0.85 0.78 

GM 

JSC 

0.627 

(0.03) 

0.679 

(0.03) 

0.027 0.693 (0.03) 0.011 N/A N/A 

WM 

DSC 

0.899 

(0.011) 

0.912 

(0.006) 

0.0078 0.916 (0.004) 0.0039 0.90 0.89 

WM 

JSC 

0.820 

(0.02) 

0.842 

(0.01) 

0.0078 0.846 (0.01) 0.0039 N/A N/A 
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Figure 3.5: Box and whisker plots of the total grey and white matter volume for the tissue segmentation 
results. Synthesized images were intensity compensated to correct for slice inhomogeneities in the axial 
direction prior to segmentation. WM volume for the 3T results was significantly different from the 7T 
ground truth (p < 0.005) while it was not significantly different for the synthesized 7T WM volume (p = 
0.359). GM volume was slightly different in the 3T image compared to 7T ground truth (p = 0.098). GM 
volume for the 7T synthesized results were not significantly different from the ground truth 7T GM 
volume (p = 0.57 base model, p = 0.16 with transfer learning). 
 
 

 
 
Figure 3.6: Box and whisker plot of DSC for regions of interest separated by lobe. Synthesized 7T DSC 
increased by 0.054 (p = 0.020) in the frontal lobe, 0.045 (p = 0.020) in the temporal lobe, 0.065 (p = 
0.054) in the parietal lobe, and 0.039 (p = 0.008) in the occipital lobe over 3T DSC. Synthesized 7T with 
transfer learning DSC increased by 0.062 (p = 0.020) in the frontal lobe, 0.052 (p = 0.008) in the temporal 
lobe, 0.080 (p = 0.011) in the parietal lobe, and 0.055 (p = 0.008) in the occipital lobe over 3T DSC.  
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Figure 3.7: Box and whisker plot of JSC for regions of interest separated by lobe. Synthesized 7T JSC 
increased by 0.067 (p = 0.027) in the frontal lobe, 0.060 (p = 0.020) in the temporal lobe, 0.083 (p = 
0.027) in the parietal lobe, and 0.052 (p = 0.054) in the occipital lobe over 3T DSC. Synthesized 7T with 
transfer learning JSC increased by 0.079 (p = 0.020) in the frontal lobe, 0.069 (p = 0.008) in the temporal 
lobe, 0.10 (p = 0.020) in the parietal lobe, and 0.073 (p = 0.008) in the occipital lobe over 3T JSC.  
 
 

 
 
Figure 3.8: Sagittal and coronal views showing slice inhomogeneities. Left image is the 7T ground truth, 
middle image is the uncorrected synthesized 7T, and right image is the intensity corrected synthesized 7T. 
 
 
Chapter 4: Discussion 

Our work has shown that deep generative models such as CycleGAN are capable of transforming 

3T images to 7T-like contrast with high structural similarity. The synthesized 7T images benefit from 

improved Dice and Jaccard similarity coefficients over 3T images in both grey and white matter ROIs, 

using the 7T segmentation results as ground truth. The 7T synthesis model with transfer learning had 

faster training converge and improved SSIM over the base model however this did not lead to 
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improvements in DSC or JSC for the ROI segmentation results compared to the base model. CycleGAN 

outperforms the non-adversarial CNN approaches of Qu et al. and Zhang et al. in structural similarity 

index measure but underperforms in peak signal to noise ratio (see Table 3.1). SSIM was developed to 

provide a quantitative measure of perceived image quality while PSNR is a function of the bit depth and 

mean squared error [29]. CycleGAN may have resulted in lower PSNR than other CNN approaches that 

directly optimize mean squared error such as Zhang et al. [14].  

4.1 Transfer Learning Task 

The transfer learning weights helped to improve SSIM in the 7T synthesis tasks but ultimately did 

not lead to better segmentation results. The objective of the generator for the 1.5T generator in the 3T 

synthesis task on the ADNI dataset was to reduce the quality of the input 3T image and produce 1.5T-like 

contrast. However, features learned by the encoder portion of the 1.5T synthesis task were assumed to be 

transfer knowledge to the 7T synthesis task, where the objective was to improve image quality. Image 

synthesis may not have been the best task to train the generator for transfer learning. Tissue segmentation, 

classification, and unsupervised image reconstruction tasks have been used for MRI transfer learning and 

may lead to more generalizable features than the image synthesis task used in this work [23]. The 

difference in diversity and size of datasets was the focus of transfer learning for this task, as the encoder 

portion of the generator network of the 3T synthesis model was exposed to multi-site data, while the 7T 

synthesis dataset only had data from a single site.   

4.2 Limitations 

One limitation in our study is the 2D patch wise training approach because it limits the context of 

the images while training. Patch wise training on 2D axial slices limits the network to learn local features 

within the axial plane. The 2D slice approach also introduced intensity variations between slices because 

the network lacked 3D context of neighboring slices. 3D generative approaches have been shown to 

reduce slice continuities but required larger models and longer training time, and lost sharpness compared 

to the 2D model [33]. 2.5D approaches may address the limited context of 2D models by including 

sagittal, axial, and coronal planes during training while avoiding the increased computational cost of 3D 
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models [34, 35]. Another limitation of this study is the use of leave one out validation cross validation for 

evaluating the 7T synthesis models. Leave one out validation was used to maximize available training 

data but an independent testing set would be more suited for testing the generalizability of the models. 

Kwon et al. showed that GANs trained on disease free images can fail to reconstruct images with 

significant disease [26]. The 7T synthesis may fail to generalize to images with significant disease such as 

brain tumors or lesions since examples were not provided for training in either dataset. While diversity of 

data was introduced with the transfer learning dataset, diversity with respect to demographic information 

such as sex, age, and race was not considered in this study.  

4.3 Future Work 

This study worked towards a deep learning harmonization tool by validating the results of 

automated brain morphometry algorithms on images with synthesized 7T contrast. Additional tasks for 

transfer learning could be evaluated in future work, where the 3T generator network is trained to perform 

tissue segmentation rather than image synthesis. The 7T synthesis networks could potentially be used as a 

contrast normalization method for the purpose of image harmonization. The goal of future work is to 

determine if the 7T synthesized contrast can remove non-biological variance in MR data in longitudinal 

multi-site study.   
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Appendix I: 
 

  
 
Sagittal views of a validation image. Clockwise from top left: 7T ground truth, 3T input image, 
synthesized 7T (transfer learning), synthesized 7T  
 

 
 
Coronal views of a validation image. Clockwise from top left: 7T ground truth, 3T input image, 
synthesized 7T (transfer learning), synthesized 7T  
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Appendix II 
 

 
 
Examples of GAN produced artifacts on a validation image. Left column of images show an axial, 
coronal, and sagittal patch of superior brain tissue in the ground truth 7T image. Right columns shows the 
synthesized 7T images 
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Appendix III 
 

 
 
Coronal views of a MUSE ROI segmentation on a validation image. Clockwise from top left: 7T ground 
truth, 3T input image, synthesized 7T (transfer learning), synthesized 7T  
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Appendix IV 
 

 

0 

0.5 

Mean absolute error maps of the 3T image (top row), 7T synth (middle row), and 7T synth 
with transfer learning (bottom row) overlaid on the ground truth 7T image.  



Publishing Agreement 

It is the policy of the University to encourage open access and broad distribution of all 
theses, dissertations, and manuscripts. The Graduate Division will facilitate the 
distribution of UCSF theses, dissertations, and manuscripts to the UCSF Library for 
open access and distribution.  UCSF will make such theses, dissertations, and 
manuscripts accessible to the public and will take reasonable steps to preserve these 
works in perpetuity. 

I hereby grant the non-exclusive, perpetual right to The Regents of the University of 
California to reproduce, publicly display, distribute, preserve, and publish copies of my 
thesis, dissertation, or manuscript in any form or media, now existing or later derived, 
including access online for teaching, research, and public service purposes.  

__________________________ ________________ 
   Author Signature    Date 

8/31/2021

26


	ETD_Title_Page
	RyanEllisMSBIThesis-DT 30Aug2021 (1)
	Publishing_Agreement_for_Ryan_Ellis (1)



