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ABSTRACT

DEEP LEARNING FOR ACCELERATED MR
IMAGING

Salman Ul Hassan Dar

Ph.D. in Electrical and Electronics Engineering

Advisor: Tolga Çukur

February 2021

Magnetic resonance imaging is a non-invasive imaging modality that enables

multi-contrast acquisition of an underlying anatomy, thereby supplementing mul-

titude of information for diagnosis. However, prolonged scan duration may pro-

hibit its practical use. Two mainstream frameworks for accelerating MR image

acquisitions are reconstruction and synthesis. In reconstruction, acquisitions are

accelerated by undersampling in k-space, followed by reconstruction algorithms.

Lately deep neural networks have offered significant improvements over tradi-

tional methods in MR image reconstruction. However, deep neural networks rely

heavily on availability of large datasets which might not be readily available for

some applications. Furthermore, a caveat of the reconstruction framework in

general is that the performance naturally starts degrading towards higher accel-

eration factors where fewer data samples are acquired. In the alternative syn-

thesis framework, acquisitions are accelerated by acquiring a subset of desired

contrasts, and recovering the missing ones from the acquired ones. Current syn-

thesis methods are primarily based on deep neural networks, which are trained

to minimize mean square or absolute loss functions. This can bring about loss

of intermediate-to-high spatial frequency content in the recovered images. Fur-

thermore, the synthesis performance in general relies on similarity in relaxation

parameters between source and target contrasts, and large dissimilarities can lead

to artifactual synthesis or loss of features. Here, we tackle issues associated with

reconstruction and synthesis approaches. In reconstruction, the data scarcity is-

sue is addressed by pre-training a network on large readily available datasets,

and fine-tuning on just a few samples from target datasets. In synthesis, the

loss of intermediate-to-high spatial frequency is catered for by adding adversarial

and high-level perceptual losses on top of traditional mean absolute error. Fi-

nally, a joint reconstruction and synthesis approach is proposed to mitigate the

issues associated with both reconstruction and synthesis approaches in general.

Demonstrations on MRI brain datasets of healthy subjects and patients indicate
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superior performance of the proposed techniques over the current state-of-the art

ones.

Keywords: Magnetic resonance imaging, reconstruction, synthesis, deep neural

networks, transfer learning, generative adversarial networks.
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Manyetik rezonans görüntüleme, aynı anatominin çoklu kontrastlı edinimine

olanak sağlayan ve böylece tanı için çok sayıda bilgiyi sağlayan noninvazif bir

görüntüleme yöntemidir. Ancak uzun tarama süresi, pratik kullanıma engel

olabilir. MR görüntü edinimlerini hızlandırmak için kullanılan iki ana sistem

geriçatım ve sentezdir. Geriçatımda, edinimler k-uzayında alt örnekleme ve

takibinde geriçatım algoritmaları ile hızlandırılır. Son zamanlarda derin sinir

ağları, MR görüntü geriçatımında geleneksel yöntemlerin üstüne önemli gelişmeler

sağladı. Bununla birlikte, derin sinir ağları geniş veri setlerinin kullanılabilirliğine

bel bağlamaktadır ki bu veri setleri bazı uygulamalar için mevcut olmayabilir.

Ayrıca, genel olarak geriçatım yöntemlerinin bir uyarısı şudur ki, daha az veri

örnekleminin elde edildiği daha yüksek hızlandırma faktörlerine doğru perfor-

mans doğal olarak düşmeye başlamaktadır. Alternatif sentez yönteminde, iste-

nilen kontrastların bir alt kümesinin edinimi ve eksik olanların elde edilenlerden

kurtarılmasıyla edinimler hızlandırılır. Mevcut sentez yöntemleri, başlıca orta-

lama kare ve mutlak kayıp fonksiyonlarını en aza indirmek için eğitilmiş derin

sinir ağlarına dayanmaktadır. Bu kurtarılan görüntülerde, orta ve yüksek frekans

içeriğinin kaybına neden olabilir. Ayrıca sentez performansı genel olarak kaynak

ve hedef kontrastları arasındaki relaksasyon parametrelerindeki benzerliğe dayanır

ve büyük farklılıklar yapay sentezlere ve özellik kayıplarına yol açabilir. Burada

geriçatım ve sentez yaklaşımları ile alakalı sorunları ele alıyoruz. Geriçatımda

veri azlığı sorunu, mevcut geniş veri setleri üzerinde bir modelin ön eğitiminin

yapılması ve sonrasında hedef veri setinden yalnızca birkaç örnek üzerinde ince

ayarlarının yapılmasıyla ele alınmıştır. Sentez durumunda orta ve yüksek frekans

kaybı, geleneksek ortalama mutlak hatanın üzerine çekişmeli ve yüksek düzeyde

algısal kayıp fonksiyonlarının eklenmesiyle karşılanmaktadır. Son olarak, hem

geriçatım hem de sentez yaklaşımlarıyla alakalı sorunları hafifletmek için ortak

bir geriçatım ve sentez yaklaşımı önerilmiştir. Sağlıklı deneklerin ve hastaların

MR beyin verisetleri üzerinde yapılan gösterimler, önerilen tekniklerin güncel
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gelişmiş tekniklere göre üstün performansını göstermektedir.

Anahtar sözcükler : Manyetik rezonans görüntüleme, geriçatım, sentez, derin sinir

ağları, öğrenme aktarması, çekişmeli üretici ağlar.
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2000 images. Convergence was taken as the number of fine-tuning

samples where the percentage change in PSNR by incrementing

Ntune fell below 0.05% of the average PSNR for the T1-trained

network (see Figure 6). At higher values of R, more fine-tuning

samples are required for convergence. . . . . . . . . . . . . . . . . 48

3.16 Representative reconstructions of a multi-coil T1-weighted acquisi-

tion at acceleration factor R=10. Reconstructions were performed

via ZF, ImageNet-trained and T1-trained networks, and SPIRiT

(top row). Corresponding error maps are also shown (see col-

orbar; bottom row) along with the fully-sampled reference (top

row). Network training was performed on a training dataset of

2000 images and fine-tuned on a sample of 20 T1-weighted images.

The ImageNet-trained network maintains similar performance to

the T1-trained network trained directly on the images from the

test domain. Furthermore, the domain-transferred network out-

performs conventional SPIRiT in terms of residual aliasing artifacts. 49

3.17 Reconstruction performance was evaluated for undersampled

multi-coil T2-weighted acquisitions. Average PSNR values across

T2-weighted validation images were measured for the T2-trained

network (trained and fine-tuned on 360 images), and ImageNet-

trained network trained on 2000 images. Results are plotted as

a function of number of fine-tuning samples for acceleration fac-

tors (a) R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. With-

out fine-tuning, the T2-trained network outperforms the domain-

transferred network. As the number of fine-tuning samples in-

creases, the PSNR differences decay gradually to a negligible level. 51
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3.18 Number of fine-tuning samples required for the PSNR values for

ImageNet-trained networks (trained on multi-coil complex images)

to converge. Average PSNR values across T2-weighted validation

images were measured for the ImageNet-trained network trained on

2000 images. Convergence was taken as the number of fine-tuning

samples where the percentage change in PSNR by incrementing

Ntune fell below 0.05% of the average PSNR for the T2-trained

network. At higher values of R, more fine-tuning samples are re-

quired for convergence. . . . . . . . . . . . . . . . . . . . . . . . . 52

3.19 Representative reconstructions of a multi-coil T2-weighted acquisi-

tion at acceleration factor R=10. Reconstructions were performed

via ZF, ImageNet-trained and T2-trained networks, and SPIRiT

(top row). Corresponding error maps are also shown (see col-

orbar; bottom row) along with the fully-sampled reference (top

row). Network training was performed on a training dataset of

2000 images and fine-tuned on a sample of 20 T2-weighted images.

The ImageNet-trained network maintains similar performance to

the T2-trained network trained directly on the images from the

test domain. Furthermore, the domain-transferred network out-

performs conventional SPIRiT in terms of residual aliasing artifacts. 53

3.20 Percentage change in network weights as a function of network

depth for multi-coil ImageNet to (a) T1 and (b) T2 domain trans-

fer averaged across acceleration factors (R=4-10). Red dots corre-

spond to the percentage change, and blue dashed lines correspond

to a linear least squares fit to the percentage change. Overall,

the percentage change in weights is higher for earlier versus later

layers of the network. For ImageNet to T1 domain transfer, per-

centage change varies from 2.27% to 0.56%, and for ImageNet to

T2 domain transfer percentage change varies from 3.28% to 0.47%.

Note that the layer number ranges from 1 to 25. This is because

the CNN architecture used in this study consists of 5 cascades and

each cascade consists of 5 layers. . . . . . . . . . . . . . . . . . . . 54
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3.21 Reconstruction performance was evaluated for undersampled

single-coil complex T1-weighted acquisitions. Average PSNR val-

ues across T1-weighted validation images were measured for the

T1-trained network (trained and fine-tuned on 360 images), and

ImageNet-trained network trained on 2000 images. Results are

plotted as a function of number of fine-tuning samples for accel-

eration factors (a) R= 4, (b) R = 6, (c) R = 8, and (d) R=

10. Without fine-tuning, the T1-trained network outperforms the

domain-transferred network. As the number of fine-tuning samples

increases, the PSNR differences decay gradually to a negligible level. 56

3.22 Number of fine-tuning samples required for the PSNR values for

ImageNet-trained networks (trained on single-coil complex images)

to converge. Average PSNR values across T1-weighted validation

images were measured for the ImageNet-trained network trained on

2000 images. Convergence was taken as the number of fine-tuning

samples where the percentage change in PSNR by incrementing

Ntune fell below 0.05% of the average PSNR for the T1-trained
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3.23 Reconstruction performance was evaluated for undersampled

single-coil complex T2-weighted acquisitions. Average PSNR val-

ues across T2-weighted validation images were measured for the

T2-trained network (trained and fine-tuned on 360 images), and

ImageNet-trained network trained on 2000 images. Results are

plotted as a function of number of fine-tuning samples for accel-

eration factors (a) R= 4, (b) R = 6, (c) R = 8, and (d) R=

10. Without fine-tuning, the T2-trained network outperforms the

domain-transferred network. As the number of fine-tuning samples
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3.24 Number of fine-tuning samples required for the PSNR values for

ImageNet-trained networks (trained on single-coil complex images)

to converge. Average PSNR values across T2-weighted validation

images were measured for the ImageNet-trained network trained on

2000 images. Convergence was taken as the number of fine-tuning

samples where the percentage change in PSNR by incrementing

Ntune fell below 0.05% of the average PSNR for the T2-trained
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4.1 The pGAN method is based on a conditional adversarial network

with a generator G, a pre-trained VGG16 network V, and a dis-

criminator D. Given an input image in a source contrast (e.g.,

T1-weighted), G learns to generate the image of the same anatomy

in a target contrast (e.g., T2-weighted). Meanwhile, D learns to

discriminate between synthetic (e.g., T1-G(T1)) and real (e.g., T1-

T2) pairs of multi-contrast images. Both subnetworks are trained

simultaneously, where G aims to minimize a pixel-wise, a percep-

tual and an adversarial loss function, and D tries to maximize the

adversarial loss function. . . . . . . . . . . . . . . . . . . . . . . . 77

4.2 The cGAN method is based on a conditional adversarial network

with two generators (GT1 , GT2) and two discriminators (DT1 , DT2).

Given a T1-weighted image, GT2 learns to generate the respective

T2-weighted image of the same anatomy that is indiscriminable

from real T2-weighted images of other anatomies, whereas DT2

learns to discriminate between synthetic and real T2-weighted im-

ages. Similarly, GT1 learns to generate realistic a T1-weighted im-

age of an anatomy given the respective T2-weighted image, whereas

DT1 learns to discriminate between synthetic and real T1-weighted

images. Since the discriminators do not compare target images of

the same anatomy, a pixel-wise loss cannot be used. Instead, a

cycle-consistency loss is utilized to ensure that the trained genera-

tors enable reliable recovery of the source image from the generated

target image. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
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4.3 The proposed approach was demonstrated for synthesis of T2-

weighted images from T1-weighted images in the MIDAS dataset.

Synthesis was performed with pGAN, cGAN trained on regis-

tered images (cGANreg), and cGAN trained on unregistered im-

ages (cGANunreg). For pGAN and cGANreg, training was per-

formed using T2-weighted images registered onto T1-weighted im-

ages (T1→T2#). Synthesis results for (a) the single cross-section,

and (b) multi cross-section models are shown along with the true

target image (reference) and the source image (source). Zoomed-in

portions of the images are also displayed. While both pGAN and

cGAN yield synthetic images of striking visual similarity to the ref-

erence, pGAN is the top performer. Synthesis quality is improved

as information across neighboring cross sections is incorporated,

particularly for the pGAN method. . . . . . . . . . . . . . . . . . 91

4.4 The proposed approach was demonstrated for synthesis of T1-

weighted images from T2-weighted images in the MIDAS dataset.

Synthesis was performed with pGAN, cGAN trained on regis-

tered images (cGANreg), and cGAN trained on unregistered im-

ages (cGANunreg). For pGAN and cGANreg, training was per-

formed using T2-weighted images registered onto T1-weighted im-

ages (T2#→T1). Synthesis results for (a) the single cross-section,

and (b) three cross-section models are shown along with the true

target image (reference) and the source image (source). Zoomed-in

portions of the images are also displayed. While both pGAN and

cGAN yield synthetic images of striking visual similarity to the ref-

erence, pGAN is the top performer. Synthesis quality is improved

as information across neighboring cross sections is incorporated for

the pGAN method. . . . . . . . . . . . . . . . . . . . . . . . . . . 92
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4.5 The proposed approach was demonstrated for synthesis of T2-

weighted images and T1-weighted images in the MIDAS dataset.

T1→T2# and T2# →T1 synthesis were performed with pGAN,

Multimodal and Replica. Synthesis results for (a) T1→T2#, and

(b) T2#→T1 along with their corresponding error maps are shown

along with the true target image (reference) and the source image

(source). The proposed method outperforms competing methods

in terms of synthesis quality. Regions near issue boundaries that

are inaccurately synthesized by the competing methods are reliably

depicted by pGAN (marked with arrows). The use of adversarial

loss enables improved accuracy in synthesis of intermediate-spatial-

frequency texture in T2-weighted images compared to Multimodal

and Replica that show some degree of blurring. . . . . . . . . . . 94

4.6 The proposed approach was demonstrated for synthesis of T2-

weighted and T1-weighted images in the all datasets. T1→T2

and T2→T1 synthesis were performed with pGAN, Multimodal

and Replica. Synthesis results for (a) T1→T2, and (b) T2→T1

are shown along with the true target image (reference) and the

source image (source) for each dataset. The proposed method out-

performs competing methods in terms of synthesis quality. The

use of adversarial loss enables improved accuracy in synthesis of

intermediate-spatial-frequency texture in synthesized images com-

pared to Multimodal and Replica that show some degree of blurring. 95

4.7 The proposed approach was demonstrated for synthesis of T2-

weighted and T1-weighted images. T1→T2 and T2→T1 synthesis

were performed with pGAN, Multimodal and Replica. Synthesis

results for (a) T1→T2, and (b) T2→T1 are shown along with the

true target image (reference) and the source image (source) for each

dataset. The proposed method outperforms competing methods in

terms of synthesis quality. The use of adversarial loss enables im-

proved accuracy in synthesis of intermediate-spatial-frequency tex-

ture in synthesized images compared to Multimodal and Replica

that show some degree of blurring. . . . . . . . . . . . . . . . . . 97
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4.8 The proposed approach was demonstrated for synthesis of T1-

weighted images from T2-weighted images in the IXI dataset.

T2→T1# and T2# →T1 synthesis were performed with pGAN,

Multimodal and Replica. Synthesis results for (a) T2→T1#, and

(b) T2#→T1 along with their corresponding error maps are shown

along with the true target image (reference) and the source image

(source). The proposed method outperforms competing methods

in terms of synthesis quality. Regions that are inaccurately syn-

thesized by the competing methods are reliably depicted by pGAN

(marked with arrows). The use of adversarial loss enables im-

proved accuracy in synthesis of intermediate-spatial-frequency tex-

ture in T2-weighted images compared to Multimodal and Replica

that show some degree of blurring. . . . . . . . . . . . . . . . . . 98
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Multimodal and Replica. Synthesis results for (a) T1#→T2, and

(b) T1→T2# along with their corresponding error maps are shown

along with the true target image (reference) and the source image

(source). The proposed method outperforms competing methods

in terms of synthesis quality. Regions near issue boundaries that

are inaccurately synthesized by the competing methods are reliably

depicted by pGAN (marked with arrows). The use of adversarial
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4.10 The proposed approach was demonstrated on glioma patients for

synthesis of T2-weighted images from T1-weighted images, and T2-

weighted images from T1-weighted images in the BRATS dataset.

Synthesis results for (a) T1→T2, and (b) T1→T2 along with their
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are captured in the intermediate and partly high-intermediate fre-
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IXI dataset along with the true target (reference) and the source

image (source). Images shown in (a) the spatial domain (b) the
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4.13 To examine reliability of the synthesis methods against noise,

pGAN was trained on noisy images generated from the IXI dataset

by adding artificial Rician noise. A sample cross-section from T1-

weighted (a) and T2-weighted (b) acquisitions along with their

noise-added versions are displayed. . . . . . . . . . . . . . . . . . 104
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T1-weighted (a) and T2-weighted (b) images in the IXI dataset

relative to the artificial noise added to the images. Average k-
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5.1 The proposed rsGAN method synergistically recovers undersam-

pled multi-contrast MRI acquisitions by complementarily using

three priors: shared high-frequency priors available in fully-

sampled or lightly undersampled acquisitions of one or more source

contrasts to preserve high-spatial-frequency details, low-frequency

priors available in highly undersampled acquisitions of one or more

target contrasts to prevent feature leakage/loss, and a perceptual

prior to improve recovery of high-level features. The input-to-

output mapping is implemented using a conditional adversarial

network with a generator and a discriminator. The generator

learns to recover realistic high-quality target-contrast images by

minimizing a pixel-wise, a perceptual and an adversarial loss func-

tion. The discriminator learns to discriminate between synthetic

and real pairs of multi-contrast images by maximizing the adver-

sarial loss function. . . . . . . . . . . . . . . . . . . . . . . . . . . 122
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5.3 The proposed rsGAN method was demonstrated for synergistic

reconstruction-synthesis of T1- and T2-weighted images from the

MIDAS dataset. The acquisition for the source contrast was fully

sampled, and the acquisition for the target contrast was under-

sampled by R=5x, 10x, 20x, 30x, 40x, 50x. PSNR was measured

between recovered and fully-sampled reference target-contrast im-

ages. (a) PSNR (mean±standard error) across the test subjects

for rsGAN, rGAN, jGAN, and sGAN when T1 is the source con-

trast and T2 is the target contrast. (b) PSNR (mean±standard

error) when T2 is the source contrast and T1 is the target contrast.

The performance of sGAN remains constant across R since it does

not use any evidence from the target-contrast acquisitions. As ex-

pected, the performance of rGAN, jGAN, and rsGAN gradually

decreases for higher values of R where the evidence from the tar-

get contrast becomes scarce. However, rsGAN performs well even

at very high acceleration factors.. . . . . . . . . . . . . . . . . . . 141

5.4 T2-weighted images in the MIDAS dataset were recovered from

heavily undersampled acquisitions (R=10x, 20x, 30x, 40x, 50x).

The acquisition for the source contrast (T1-weighted) was fully

sampled. Target-contrast images recovered by ZF (zero-filled

Fourier reconstruction), sGAN, jGAN, and rsGAN are shown with

the fully-sampled reference image. As the value of R increases the

performance of jGAN degrades significantly. Meanwhile, rsGAN

maintains high-quality recovered images due to use of additional

information from the source contrast. Regions with enhanced re-

covery in rsGAN are marked with arrows. . . . . . . . . . . . . . 154

5.5 T1-weighted images in the MIDAS dataset were recovered from

heavily undersampled acquisitions (R=10x, 20x, 30x, 40x, 50x).

The acquisition for the source contrast (T2-weighted) was fully

sampled. Target-contrast images recovered by ZF, sGAN, jGAN,

and rsGAN are shown with the fully-sampled reference image. Re-

gions with enhanced recovery in rsGAN are marked with arrows. 155
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5.6 Multi-contrast images in the MIDAS dataset were recovered, where

the source contrast was fully sampled and the target contrast

was undersampled at R=50x. Images were recovered using ZF,

sGAN, jGAN and rsGAN. (a) Recovered T2-weighted images are

shown along with the fully-sampled reference image and the source-

contrast image. (b) Recovered T1-weighted images are shown

along with the fully-sampled reference image and the source-

contrast image. rsGAN yields visually accurate recovery of the

target-contrast image compared to sGAN and jGAN. Sample re-

gions that are better recovered by rsGAN are marked with arrows. 156

5.7 The proposed rsGAN method was demonstrated for synergistic

reconstruction-synthesis of T1- and T2-weighted images from the

BRATS dataset. The acquisition for the source contrast was fully

sampled, and the acquisition for the target contrast was under-

sampled by R=5x, 10x, 20x, 30x, 40x, 50x. PSNR was measured

between recovered and fully-sampled reference target-contrast im-

ages. (a) PSNR (mean±standard error) across the test subjects

for rsGAN, rGAN, jGAN, and sGAN when T1 is the source con-

trast and T2 is the target contrast. (b) PSNR (mean±standard

error) when T2 is the source contrast and T1 is the target contrast. 160
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the source contrast was fully sampled and the target contrast was

undersampled at R=50x. Images were recovered using ZF, sGAN,

jGAN and rsGAN. (a) Recovered T2-weighted images along with

the fully-sampled reference image and the source-contrast image.

(b) Recovered T1-weighted images along with the fully-sampled

reference image and the source-contrast image. rsGAN yields vi-

sually superior images compared to sGAN and jGAN. Note that

sGAN suffers from either loss of features in the target contrast or

synthesis of artefactual features. Meanwhile, jGAN suffers from

excessive loss of high spatial frequency information. Sample re-

gions that are more accurately recovered by rsGAN are marked

with arrows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161
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5.9 The proposed rsGAN method was demonstrated for synergistic

reconstruction-synthesis of T1-, T2- and PD-weighted images from

the IXI dataset. The acquisition for the source contrast (T1-

weighted) was lightly undersampled by RT1 =1x, 2x, 3x, and the

acquisitions for the target contrasts (T2- and PD-weighted) were

heavily undersampled by R=5x, 10x, 20x, 30x, 40x, 50x. (a)

PSNR (mean±standard error) across the test subjects for rsGAN,

rGAN, jGAN, and sGAN when T2 is the target contrast. (b)

PSNR (mean±standard error) for sGAN, rGAN, jGAN, and rs-

GAN when PD is the target contrast. As expected, rsGAN out-

performs sGAN, rGAN, and jGAN at all R. At the same time,

performance of rsGAN is highly similar for distinct values of RT1 . 162
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the source contrast (T1-weighted) was lightly undersampled at RT1

=2x, and the target contrasts (T2- and PD-weighted) were heavily
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the acquisitions for the target contrasts (T2- and PD-weighted)

were heavily undersampled by R=5x, 10x, 15x, 20x, 25x, 30x.
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cross-sections) for rsGAN, rGAN, jGAN, and sGAN when T2 is

the target contrast. (b) PSNR (mean±standard error) for sGAN,
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5.12 Multi-contrast images in the multi-coil dataset were recovered,

where the source contrast (T1-weighted) was fully sampled, and

the target contrasts (T2- and PD-weighted) were heavily under-

sampled at R=10x. Images were recovered using ZF, sGAN, jGAN

and rsGAN. (a) Recovered T2-weighted images. (b) Recovered

PD-weighted images. Sample regions that are better recovered by

rsGAN are marked with arrows. . . . . . . . . . . . . . . . . . . 165
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source contrast (T1) was fully sampled and the target contrast

(FLAIR) was undersampled at R=50x. Images recovered using ZF,
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Chapter 1

Introduction

Exceptional soft tissue contrast and non-invasive nature has rendered Magnetic

Resonance Imaging (MRI) a preferred imaging modality over its counterparts.

Despite all the positive aspects of MRI, long scan duration coupled with in-

cooperative patients may prohibit its practical use. This makes acceleration of

MR acquisitions a desired alternative.

One predominant framework to accelerate MR acquisitions is to undersam-

ple in k-space, and reconstruct the missing samples using reconstruction al-

gorithms. Owing to the inherent compressible nature of MR images, one of

the most powerful techniques for recovery of undersampled acquisitions is com-

pressive sensing (CS) [1, 2]. In CS, the ill-posed image recovery problem is

solved by imposing regularization in the form of sparsity in known transform

domains. Although CS has offerend increased scan efficieny in various ap-

plications, pre-defined sparsifying transform domains and poor hyperparamter

selection can lead to sub-optimal recovery performance. Recently, deep neu-

ral networks (DNNs) have been demonstrated for MR image reconstruction

[3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20]. Unlike CS, DNNs

learn the transform domain using large datasets and do not require online hyper-

parameter tuning. Although DNNs show remarkable recovery performance, they

rely heavily on availability of large datasets, which might not be readily available
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in some cases. Another issue with the reconstruction approach in general (not

specific to DNNs) is the degraded performance at very high acceleration rates

due to fewer acquired data samples.

An alternative framework is to form acquisitions of a desired contrast, and

synthesize the missing contrasts from the acquired ones. This is typically per-

formed via intensity mappings learned using data-driven methods. One such

method is based on learning sparse linear combination between source and target

patches [21, 22]. These local methods are unable to capture highly non linear

mappings. Other set of techniques rely on non-linear regression algorithms such

as DNNs [23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38]. While DNNs

show exceptional recovery performance, they are trained based on mean absolute

or square error which can lead to loss of intermediate-to-high spatial frequency

information. Another caveat of the synthesis approach which also limits its diag-

nostic applications is that the differences in relaxation parameters between source

and target contrasts can lead to loss or artifactual synthesis of features.

Contributions

In this thesis we address the aforementioned issues. The contribution of this

thesis are as follows: First, we address the issue of data scarcity in deep neural

networks for MR image reconstruction. To do this, we pre-train a deep neural

network on natural images by simulating pairs of undersampled and fully sampled

acquisitions [18]. We then fine-tune the trained network on a few images from the

target domain. Our results suggest that a pre-trained network fine-tuned on just

a few ten images from the target domain achieves a performance level comparable

to the network trained on thousands of images from the target domain.

Next, we tackle the issue of loss of intermediate-to-high spatial frequency while

synthesizing MR images of a target contrast given images of a source contrast [27] .

We propose conditional generative adversarial networks (GANs) for this purpose.

Our results suggest that GANs are able to efficiently recover intermediate-to-high

spatial frequency information while reliably recovering the low-spatial-frequency
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information.

At the end, we address the general issue associated with isolated reconstruc-

tion and synthesis approaches [39]. Reconstruction performance starts degrading

towards high acceleration rates. On the other hand, synthesis performance might

be subjective to the level of similarity in tissues properties between both source

and target contrasts. A high dis-similarity might lead to loss or artifactual syn-

thesis of features. To mitigate these issues, we propose a joint reconstruction

and synthesis approach for accelerated MR imaging, where images of the target

contrast are highly undersampled, and are complemented with a structural prior

in form of lightly undersampled images of the source contrast. The proposed ap-

proach enables recovery of images accelerated at high rates, i.e., up to 50x, and

is immune to loss or artifactual synthesis of features.

Outline

The thesis is organized as follows. Chapter 2 briefly provides fundamentals of MRI

data acquisition and accelerated MRI. Chapters 3, 4 and 5 in this thesis are based

on the aforementioned contributions. In chapter 3 we show the transfer learning

approach for accelerated MR imaging using deep neural networks. In chapter

4, we demonstrate conditional GANs for multi-contrast MR image synthesis. In

chapter 5, we show joint reconstruction and synthesis approach for accelerated

MR imaging. Finally, we present concluding remarks and discuss possible future

directions in chapter 6.
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Chapter 2

Fundamentals of Accelerated

MRI

2.1 Magnetic resonance imaging (MRI)

MR imaging primarily relies on atomic nuclei possessing magnetic and angular

momentum. In default state, these nuclei are randomly aligned with the net

magnetization approximating to zero. Once an external static magnetic field

(B0) is applied, the nuclei start precessing around the applied magnetic field in

either parallel or anti-parallel direction. The frequency with which they precess

is specific to each nucleus, commonly known as the Larmor frequency.

ω0 = B0γ (2.1)

where ω0 is the Larmor frequency, B0 represents the applied magnetic field and

γ denotes the nucleus specific gyro-magnetic ratio. More nuclei precess in the

parallel direction, also referred to as the longitudinal direction, thus giving rise

to a net magnetic field. An external radio-frequency (RF) field having same

frequency as the Larmor frequency of the nucleus of interest can tip the net

magnetization field towards the plane perpendicular to the longitudinal direction,

also known as the transverse plane. Given considerably excessive amount of
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water in the human body, hydrogen nuclei or protons are the most commonly

imaged nuclei. In MRI, application of an RF field at the Larmor frequency of the

protons tips the net magnetization of protons into the transverse direction. The

duration for which the RF pulse is applied quantifies the magnetization along

the longitudinal and transverse directions. Upon turning the external RF field

off, the net transverse magnetization starts decaying with a time constant T2,

and the net longitudinal magnetization starts recovering with a time constant T1

[40]. The interaction between the magnetic field and the net magnetization can

be explained by the Bloch equation as follows:

dM

dt
= M× γB− Mxi +Myj

T2

− Mzi +M0k

T1

(2.2)

where M and B are vectors representing the net magnetization and applied mag-

netic field, M0 is the magnetic field at the equilibrium state, and Mx, My, and Mz

denote the x, y, and z components of the net magnetization. Since the amount of

water varies from one tissue to another, T1 and T2 values also vary across tissues.

This forms the basis of MR imaging.

MRI consists of receiver coils to detect change in flux along the transverse

direction. The received signal, however, does not contain any spatial information,

and just reflects the changes in overall flux throughout the volume. Therefore, for

spatial encoding additional gradient magnetic fields (Gx, Gy, Gz) are also added

along (x, y, z) axes on top of B0. This creates a variation in the magnetic field as

a function of spatial location, and manipulating the gradient fields can enable us

to resolve spatial distribution of the magnetization. The signal recorded by the

receiver coil is given as:

s(t) =

∫
x

∫
y

∫
z

M0(x, y, z)e−t/T2(r)exp(−iγ
∫ t

0

G(τ).r dτ)dxdydz (2.3)

where M0(x, y, z) is the transverse magnetization at (x, y, z), r = [x, y, z], and

G = [Gx, Gy, Gz]. Conventionally, the integral containing the gradient terms

are replaced by kx, ky, and kz respectively, forming what is commonly known

as the k-space. Equating kx(t) = γ
2π

∫ t
0
Gx(τ) dτ , ky(t) = γ

2π

∫ t
0
Gy(τ) dτ , and

kz(t) = γ
2π

∫ t
0
Gz(τ) dτ , the signal received at each time can be expressed as [40]:

s(t) =

∫
x

∫
y

∫
z

M0(x, y, z)e−t/T2(r)e−i2π[kx(t)+ky(t)+kz(t)]dxdydz (2.4)
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Figure 2.1: Sample T1- and T2-weighted images of the human brain.

Note that this is also the 3D Fourier transform of the imaged volume, and signal

acquired at each time point corresponds to Fourier transform at a spatial fre-

quency k = [kx, ky, kz]. Desired values of k can be acquired by adjusting G. This

defines the sampling k-space trajectory.

Manipulation of transverse magnetization via applied RF pulse and gradient

fields can facilitate in imaging desired properties of the tissues of interest, thus

enabling the multi-contrast acquisition of tissues. For instance, one of the most

widely used pulse-sequences is spin-echo pulse sequence, where the acquired signal

can be expressed as [40]:

So = kρ(r)[1− e−TR/T1(r)]e−TE/T2(r) (2.5)

where ρ(r) is the proton density, k is a proportionality constant, TR is the rep-

etition time of the pulse sequence, and TE is the echo time. Here, TR and TE

values can be adjusted to give more weight to T1 or T2 values of the tissues. For

example low value of TE and moderate value of TR can produce T1-weighted

contrast. Similarly moderate value of TE and long value of TR can produce

T2-weighted contrast. Sample T1- and T2-weighted images are shown in Fig. 2.1.

2.2 Accelerated MRI

Despite exceptional soft tissue contrast in MRI, prolonged scan duration may

be a limiting factor. In those scenarios accelerating MR acquisitions without
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degrading the image quality can be a viable option.

2.2.1 Reconstruction

One popular framework for acceleration of MR acquisition is undersampling in

k-space followed by a tailored reconstruction method (Fig. 2.2). The recovery

problem can be formulated as:

Fux = xku (2.6)

where Fu denotes the partial Fourier transform operator at the sampled k-space

locations, x is the image to be reconstructed, and xku are the acquired k-space

data. Note that Eq. 2.6 is ill-posed, and thus requires some prior information

regarding x. This information is incorporated in the form of a regularization term

R(x):

xrec = arg min
x

λ||Fux− xku||2 +R(x) (2.7)

Given the inherent compressible nature of MR images, a popular technique for

recovery of undersampled MR acquisitions is compressive sensing (CS) [1, 2]. In

CS, the inverse image recovery problem in Eq. 2.7 is solved by equating R(x)

to sparsity in a known transform domain. Despite improvements in scanning

efficiency, CS relies on pre-defined sparsifying transform domains, which can be

sub-optimal. Furthermore, it requires careful hyper-parameter tuning for optimal

performance.

More recently, deep neural networks (DNNs) have been proposed for MR im-

age reconstruction which do not rely on sparsity priors in pre-defined transform

domains [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20]. Instead,

DNNs learn these priors offline in a data-driven manner using large datasets con-

stituting pairs of fully sampled and undersampled images. DNNs are typically

trained to minimize the following loss function:

Lrec(θ) = Exu−t,xt ||N(xu−t; θ)− xt||p (2.8)
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Figure 2.2: In MR image reconstruction, acquisitions are undersampled in k-space
followed by a tailored reconstruction algorithm.

where xu−t and xt represent undersampled and fully-sampled training images,

N(xu−t; θ) is the reconstructed output of the DNN having parameters θ, and ||.||p
denotes `p-norm (typically 1 or 2). During online reconstruction, Eq. 2.7 can be

formulated as:

xrec = arg min
x

λ||Fux− xku||2 + ||N(xu; θ
∗)− x||2 (2.9)

where N(xu; θ
∗) is the image reconstructed by the trained network with param-

eters θ∗. The consistency with the acquired data is weighed against consistency

with the DNN-based population-driven prior.

2.2.2 Synthesis

Another alternative framework for accelerated MRI is synthesis. In synthesis,

an image x of a source contrast (X) is acquired, and it is used to synthesize
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image y of a target contrast (Y ). Synthesis mainly performs intensity-based

mappings between the source and target contrasts learned via readily available

paired images of source and target contrasts, xt and yt respectively. Traditional

methods rely on learning sparse linear combinations between source and target

contrast patches [21, 22]. The combinations is obtained by solving the following

optimization problem:

α(j) = arg min
α(j)

||xt(j)− Φx.α(j)||2 + ||α(j)||1 (2.10)

where α(j) denotes the learned combination coefficients for the jth patch, xt(j)

denotes the jth patch in the source contrast, and Φx denotes the dictionary

formed using patches from xt. The same linear combination is applied to patches

in yt to estimate y.

ŷ(j) = Φy.α(j) (2.11)

where Φy denotes the dictionary formed using patches from yt, and ŷ(j) is the

jth patch of the final synthesized image. Such methods are unable to capture

highly complex non-linear relations between source and target contrasts. More

recent methods such as DNNs cast it as a non-linear regression problem [23, 24,

25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38]. DNNs learn a mapping from

X to Y using xt and yt.

Lsyn(θ) = Ext,yt||N(xt; θ)− yt||p (2.12)

where xt and yt represent training images of the source and target contrasts, and

N(xt; θ) is the image synthesized via DNN having parameters θ. The learned

mapping is then applied to estimate y from x.

ŷ = N(x; θ∗) (2.13)

where ŷ is the image synthesized by the trained network N(x; θ∗) with parameters

θ∗.
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Chapter 3

A TransferLearning Approach for

Accelerated MRI Using Deep

Neural Networks

The contents of this chapter reflect the work reported in the following publica-

tions:

• S. U. H. Dar, M. Özbey, A. B. Çatlı, and T. Çukur, “A transfer-learning

approach for accelerated mri using deep neural networks,” arXiv preprint,

2017

• S. U. H. Dar and T. Çukur, “Transfer learning for reconstruction of accel-

erated MRI acquisitions via neural networks,” in 26th Annual Meeting of

ISMRM, p. 0569, 2018

• S. U. H. Dar, M. Özbey, A. B. Çatlı, and T. Çukur, “A transfer-learning

approach for accelerated MRI using deep neural networks,” Magnetic Res-

onance in Medicine, vol. 84, no. 2, pp. 663–685, 2020

10



3.1 Introduction

The unparalleled soft-tissue contrast in MRI has rendered it a preferred modality

in many diagnostic applications, but long scan durations limit its clinical use.

Acquisitions can be accelerated by undersampling in k-space, and a tailored re-

construction can be used to recover unacquired data. Because MR images are

inherently compressible, a popular framework for accelerated MRI has been com-

pressive sensing (CS) [43, 1]. CS has offered improvements in scan efficiency in

many applications [1, 44, 45, 46, 47, 48] including structural [1], angiographic [44],

functional [45], diffusion [46], and parametric imaging [47]. Yet the CS framework

is not without limitation. First, CS involves nonlinear optimization algorithms

that scale poorly with growing data size and hamper clinical workflow. Second,

CS commonly assumes that MRI data are sparse in fixed transform domains, such

as finite differences or wavelet transforms. Recent studies highlight the need for

learning the transform domains specific to each dataset to optimize performance

[49]. Lastly, CS requires careful parameter tuning (e.g., for regularization) for

optimal performance. While several approaches were proposed for data-driven

parameter tuning [50, 51], these methods can induce further computational bur-

den.

Neural network (NN) architectures that reconstruct images from undersam-

pled data have recently been proposed to address the above mentioned limita-

tions. Improved image quality over traditional CS has readily been demonstrated

for several applications including angiographic [52], cardiac [53, 4, 11], brain

[15, 16, 54, 55, 56, 57, 58, 12, 8, 59, 13, 14, 3, 11, 60, 61, 62, 63, 59, 64, 65], ab-

dominal [66, 17, 67], and musculoskeletal imaging [68, 5, 69, 70, 71]. The common

approach is to train a network off-line using a relatively large set of fully-sampled

MRI data, and then use it for on-line reconstruction of undersampled data. Re-

constructions can be achieved in several hundred milliseconds, significantly re-

ducing computational burden [5, 69]. The NN framework also alleviates the need

for ad hoc selection of transform domains. For example, a recent study used a

cascade of convolutional neural networks (CNNs) to recover images directly from

zero-filled Fourier reconstructions of undersampled data [53, 8, 69]. The trained
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CNN layers reflect suitable transforms for image reconstruction. The NN frame-

work introduces more tunable hyperparameters (e.g., number of layers, units,

activation functions) than would be required in CS. However, previous studies

demonstrate that hyperparameters optimized during the training phase generally

perform well in the testing phase [69]. Taken together, these advantages render

the NN framework a promising avenue for accelerated MRI.

A common strategy to enhance network performance is to boost model com-

plexity by increasing the number of layers and units in the architecture. A large

set of training data must then be used to reliably learn the numerous model pa-

rameters [72]. Previous studies either used an extensive database of MR images

comprising several tens to hundreds of subjects [4, 13, 5], or data augmentation

procedures to artificially expand the size of training data [53, 4]. For instance,

an early study performed training on T1-weighted brain images from nearly 500

subjects in the human connectome project (HCP) database, and testing on T2-

weighted images [13]. Yet, it remains unclear how well a network trained on im-

ages acquired with a specific type of tissue contrast generalize to images acquired

with different contrasts. Furthermore, for optimal reconstruction performance the

network must be trained on images acquired with the same scan protocol that it

later will be tested on. However, large databases such as those provided by the

HCP may not be readily available in many applications, potentially rendering

NN-based reconstructions suboptimal.

In this study, we propose a transfer-learning approach to address the problem

of data scarcity in network training for accelerated MRI (Fig. 3.1). In transfer-

learning, network training is performed in some domain where large datasets are

available, and knowledge captured by the trained network is then transferred to a

different domain where data are scarce [73, 74]. Domain transfer was previously

used to suppress coherent aliasing artifacts in projection reconstruction acquisi-

tions [16], to perform non-Cartesian to Cartesian interpolation in k-space [13],

and to assess the robustness of network reconstructions to variations in SNR and

undersampling patterns [70]. In contrast, we employ transfer-learning to enhance

NN-based reconstructions of randomly undersampled acquisitions in the testing

domain. A deep CNN architecture with multiple subnetworks is taken as a model

12



Reconstruction

b) Domain transfer to T1 images

Ground truthZF

Forward pass
Model parameters =Θ

Backward pass
Θn+1=Θn+ΔΘ

D
C

C
C

D
C

D
C

C
C

D
C...........

a) ImageNet-trained network

Tr
a
in

in
g

ZF

ZF

...
Nc

Forward pass
Θ

*
RAW

D
C

C
C

D
C

D
C

C
C

D
C...........

Te
s
ti

n
g

ZF Ground truth

Forward pass
ΘFT

Backward pass
Θn+1=Θn+ΔΘ, Θ1=Θ

*
RAW

D
C

C
C

D
C

D
C

C
C

D
C...........

F
in

e
-t

u
n
in

g

ZF

...
Nc

ZF Reconstruction

Forward pass
Θ

*
FT

C
N
N
1

D
C

C
C

D
C

C
N
N
5

D
C

D
C

C
C...........

Te
s
ti

n
g

ZF

...
Nc

ZF

...
Nc

Figure 3.1: Proposed transfer-learning approach for NN-based reconstructions of
multi-coil (Nc coils) undersampled acquisitions. A deep architecture with multiple
subnetworks is used. The subnetworks consist of calibration consistency CC and
convolutional neural network CNN blocks, each followed by a data consistency
block DC. (a) Each CNN block is trained sequentially to reconstruct synthetic
multi-coil natural images from ImageNet, given zero-filled Fourier reconstructions
of their undersampled versions. Due to differences in the characteristics of natural
and MR images, the ImageNet-trained network will yield suboptimal performance
when directly tested on MR images. (b) For domain transfer, the ImageNet-
trained network is fine-tuned end-to-end in the testing domain using few tens of
images. This approach enables successful domain transfer between natural and
MR images.
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network [53]. For reconstruction of multi-coil data, calibration consistency, data

consistency and CNN blocks are incorporated to synthesize missing samples. In

the training domain using several thousand images, the network is pretrained

to reconstruct reference images from zero-filled reconstructions of undersampled

data. The trained network is then fine-tuned end-to-end in the testing domain

using few tens of images.

To demonstrate the proposed approach, comprehensive evaluations were per-

formed across a broad range of acceleration factors (R=4-10) on T1- and T2-

weighted brain images, considering both single-coil data from a public database,

and multi-coil data acquired on a 3T scanner. Separate network models were

learnt for domain transfer between natural and MR images (ImageNet and T1-

or T2-weighted). Domain-transferred networks were quantitatively compared

against networks trained in the testing domain, and against conventional CS

reconstructions in the single-coil setting [43, 1] and iTerative Self-consistent Par-

allel Imaging Reconstruction (SPIRiT) in the multi-coil setting [75]. We find

that domain-transferred networks fine-tuned with tens of images achieve nearly

identical performance to networks trained directly in the testing domain using

thousands of images, and that networks outperform conventional image recon-

struction methods.

3.2 Methods

In accelerated MRI, an undersampled acquisition is followed by a reconstruction

to recover missing k-space samples. This recovery can be formulated as a linear

inverse problem:

Fux = yu (3.1)

where x denotes the image to be reconstructed, Fu is the partial Fourier trans-

form operator at the sampled k-space locations, and yu denotes acquired k-space

data. Since Eq. 3.1 is underdetermined, additional prior information is typically
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Figure 3.2: Demonstration of (a) convolutional neural network (CNN), (b) cali-
bration consistency (CC) and (c) data consistency (DC) blocks given a multi-coil
image x as an input. (a) The CNN block first combines undersampled multi-coil
images using coil-sensitivity maps A, estimated via ESPIRiT. Real and imagi-
nary parts of the coil-combined image are then reconstructed using two separate
networks. The outputs of the real and imaginary networks are joined to form a
complex image, which is then back projected onto individual coils again using the
coil sensitivity maps. (b) The CC block transforms the input image into Fourier
domain, applies the interpolation operator on multi-coil k-space data, and con-
verts the image back into image domain. (c) The DC block performs a weighted
combination of samples recovered by the previous block (CNN or CC) and the
originally-acquired samples.

15



incorporated in the form of a regularization term:

xrec = arg min
x

λ||Fux− y||2 +R(x) (3.2)

Here, the first term enforces consistency between acquired and reconstructed data,

whereas R(x) enforces prior information to improve reconstruction performance.

In CS, R(x) typically corresponds to L1-norm of the image in a known transform

domain (e.g., wavelet transform or finite differences transform).

The solution of Eq. 3.2 involves non-linear optimization algorithms that are

often computationally complex. This reduces clinical feasibility as reconstruction

time becomes prohibitive with increasing size of data. Furthermore, assuming ad

hoc selection of fixed transform domains leads to suboptimal reconstructions in

many applications [49]. Lastly, it is often challenging to find a set of reconstruc-

tion parameters that work optimally across subjects [76].

3.2.1 Multi-Coil Data

For reconstruction of multi-coil data, a hybrid of parallel imaging [75, 77, 78, 79]

and compressed sensing [80, 81, 82, 83, 84] approach is commonly used. In the

common SPIRiT method, k-space samples are synthesized as a weighted linear

combination of acquired samples across neighboring k-space locations and coils

[75]. The synthesis operation can be formulated as:

ŷm =

NC∑
j=1

gmj ~ yj (3.3)

where ~ is the convolution operator, gmj denotes weights of the interpolation

kernel that takes as input data for the jth coil (yj) and outputs data for themth coil

(ŷm), and NC denotes the number of coils. For each coil, the interpolation kernel

is estimated from calibration data yc, a fully sampled central k-space region. For

the mth coil, the estimation is performed via Tikhonov regularized regression as

follows:

gm = (Y ∗Y + βI)Y ∗ycm (3.4)
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where gm is obtained by aggregating gmj across coils, ycm are calibration data from

the mth coil, Y is obtained by aggregating calibration data ycj in form of a matrix,

and β is the Tikhonov regularization parameter.

Given the entire k-space data y, Eq. 3.3 can be expressed in matrix form with

the use of an interpolation operator G as follows:

ŷ = Gy (3.5)

where ŷ is the recovered k-space data, and G is the operator that performs inter-

polation in matrix form [75].

In SPIRiT [75], the recovery problem in Eq. 3.2 can be reformulated as:

xrec = arg min
x

λ||Fux− y||2 + (G− I)Fx+R(x) (3.6)

where x denotes multi-coil images to be reconstructed, yu denotes acquired multi-

coil k-space data, F is the forward Fourier transform operator and G denotes the

interpolation operator that synthesizes unacquired samples in terms of acquired

samples across neighboring k-space and coils. To enforce sparsity, R(x) can be

selected as the L1-norm of wavelet coefficients. One efficient way to solve Eq. 3.6

is via the projection onto convex sets (POCS) algorithm [85]. POCS alternates

among a calibration-consistency (CC) projection that applies G, a sparsity pro-

jection that enforces sparsity in the transform domain, and a data-consistency

(DC) projection.

3.2.2 MRI Reconstruction via Neural Networks (NN)

3.2.2.1 Single-coil data

In the NN framework, a network architecture is used for reconstruction instead

of explicit transform-domain constraints. Network training is performed via a su-

pervised learning procedure, with the aim to find the set of network parameters

that yield accurate reconstructions of undersampled acquisitions. This proce-

dure is performed on a large set of training data (with Ntrain samples), where
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fully-sampled reference acquisitions are retrospectively undersampled. Network

training typically amounts to minimizing the following loss function [15]:

min
θ

=

Ntrain∑
n=1

1

Ntrain

||C(xun; θ)− xrefn||2 (3.7)

where xun represents the Fourier reconstruction of nth undersampled acquisition,

xrefn represents the respective Fourier reconstruction of the fully-sampled acqui-

sition, C(xun; θ) denotes the output of the network given the input image xun and

the network parameters θ. To reduce sensitivity to outliers, here we minimized

a hybrid loss that includes both mean-squared error and mean-absolute error

terms. To minimize over-fitting, we further added an L2-regularization term on

the network parameters. Therefore, neural network training was performed with

the following loss function:

min
θ

=

Ntrain∑
n=1

1

Ntrain

||C(xun; θ)− xrefn||2+

Ntrain∑
n=1

1

Ntrain

||C(xun; θ)− xrefn||1 + γθ||θ||2

(3.8)

where γθ is the regularization parameter for network parameters.

A network trained on a sufficiently large set of training examples can then

be used to reconstruct an undersampled acquisition from an independent test

dataset. This reconstruction can be achieved by reformulating the problem in

Eq. 3.2 [15]:

xrec = arg min
x

λ||Fux− y||2 + ||C(xu; θ
∗)− x||2 (3.9)

where C(xu; θ
∗) is the output of the trained network with optimized parameters

θ∗. Note that the problem in Eq. 3.9 has the following closed-form solution [15]:

yir(k) =


FC(xu; θ

∗)(k) + λyu(k)

1 + λ
if k ∈ Ω

FC(xu; θ
∗)(k) otherwise

xrec = F−1yrec (3.10)
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where k denotes k-space location, Ω represents the set of acquired k-space lo-

cations, F and F−1 are the forward and backward Fourier transform operators,

and xrec is the reconstructed image. The solution outlined in Eq. 3.10 performs

two separate projections during reconstruction. The first projection calculates

the output of the trained neural network C(xu; θ
∗) given the input image xu,

the Fourier reconstruction of undersampled data. The second projection enforces

data consistency. The parameter λ in Eq. 3.10 controls the relative weighting

between data samples that are originally acquired and those that are recovered

by the network. Here we used λ=∞ to enforce data consistency strictly. Given

an input xin in the image domain, the data consistency projection outlined in Eq.

3.10 can be compactly expressed as [53]:

fDC(xin) = F−1ΛFxin +
λ

1 + λ
xu (3.11)

where Λ is a diagonal matrix:

Λkk =


1

1 + λ
if k ∈ Ω

1 otherwise
(3.12)

Conventional optimization algorithms for CS run iteratively to progressively min-

imize the loss function. A similar approach can also be adopted for NN-based

reconstructions [53, 8, 69]. Here, we cascaded several CNN blocks in series with

DC projections interleaved between consecutive CNN blocks [53]. In this archi-

tecture, the input xip to the pth CNN block was formed as:

xip =

xun, if p=1

fDC(Cp−1(fDC(Cp−2(fDC · · ·C1(xun; θ∗1∗)); · · · θ∗p−1)), if p>1
(3.13)

where θ∗p denotes the parameters of the pth CNN block. Starting with the initial

network with p = 1, each CNN block was trained sequentially by solving the

following optimization problem:

min
θp

=

Ntrain∑
n=1

1

Ntrain

||C(xip; θp)− xrefn||2+

Ntrain∑
n=1

1

Ntrain

||C(xip; θp)− xrefn||1 + γθ||θp||2

(3.14)

While training the pth CNN block, the parameters of preceding networks and thus

the input xip are assumed to be fixed.
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3.2.2.2 Multi-Coil Data

Similar to SPIRiT, for multi-coil reconstructions, here we reformulate Eq. 3.6 as:

xrec = arg min
x

λ||Fux− y||2 + (G− I)Fx+ ||C(A∗xu; θ
∗)− A∗x||2 (3.15)

where x denotes the multi-coil images to be reconstructed, A denotes coil-

sensitivity profiles using ESPIRiT [86] and A∗ denotes its adjoints, and G de-

notes the interpolation operator in SPIRiT as in Eq. 3.6. The network C has

been trained to recover fully-sampled coil-combined images given undersampled

coil-combined images as outlined in Eq. 3.8. The trained network regularizes

the reconstruction in Eq. 3.15 given undersampled coil-combined images A∗xu.

The optimization problem in Eq. 3.15 is solved by alternating projections for

calibration-consistency (CC), data-consistency (DC) and convolutional neural

network (CNN) blocks (see Fig. 3.2 for details). CNN blocks are cascaded in

series with data consistency and calibration consistency projections. Given an

input xin in the image domain, the calibration-consistency projection can be

compactly expressed as:

fCC(xin) = F−1GFxin (3.16)

where F and F−1 are the forward and backward Fourier transform operators.

Note that the input and output of the CC blocks are in the image domain. In

this multi-coil implementation, the input xip to the pth CNN block was formed

as:

xip =


xun, if p=1

fDC(fCC(fDC(ACp−1(A∗fDC(fCC · · ·
AC1(A∗fDC(fCC(xun); θ∗1∗)); · · · θ∗p−1)),

if p>1
(3.17)

Note that CNN blocks receive coil-combined images, and CC and DC blocks

receive multi-coil images as input. A∗ converts multi-coil images into a coil-

combined image, and A back projects the coil-combined image onto individual

coils. CC and CNN blocks are both followed by a DC block.

20



3.2.3 Datasets

3.2.3.1 Single-coil magnitude images

For demonstrations on single-coil data, two distinct types of datasets were used:

MR brain images and natural images. The details are listed below.

MR brain Images

Training deep neural networks for MR image reconstruction typically requires

large datasets containing thousands of images that may be difficult to acquire.

Yet, in this study we wanted to systematically examine the interaction between

the number of training and fine-tuning samples for domain-transferred neural net-

works. To comprehensively examine this issue, we opted for the publicly available

MIDAS dataset with multi-contrast MR images from nearly 100 subjects. T1-

weighted images: We assembled a total of 6500 T1-weighted images (58 subjects)

from the MIDAS database [87]. These images were divided into 4580 training

images (42 subjects), 720 fine-tuning images (6 subjects) and 1200 testing im-

ages (10 subjects). In the training phase, for CNN block training 4000 images

(34 subjects) were used for training while 240 images (2 subjects) were reserved

for validation, and for the end-to-end network training 100 images (4 subjects)

were used for training while 240 images (2 subjects) were reserved for valida-

tion. In the fine-tuning phase, 480 images (4 subjects) were used for fine-tuning

and 240 images (2 subjects) were reserved for validation. There was no over-

lap between subjects included in the training, validation and testing sets. T1-

weighted images analyzed here were collected on a 3T scanner via the following

parameters: a 3D gradient-echo sequence, TR=14ms, TE=7.7ms, flip angle=25o,

matrix size=256x176, 1 mm isotropic resolution. T2-weighted images: We assem-

bled a total of 6100 T2-weighted images (64 subjects) from the MIDAS database

[87]. These images were divided into 4500 training images (48 subjects), 600

fine-tuning images (6 subjects) and 1000 testing images (10 subjects), with no

subject overlap between training, validation and testing sets. In the training
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phase, for CNN block training 4000 images (40 subjects) were used for training

while 200 images (2 subjects) were reserved for validation, and for the end-to-end

network training 100 images (4 subjects) were used for training while 200 images

(2 subjects) were reserved for validation. In the fine-tuning phase, 400 images

(4 subjects) were used for fine-tuning and 200 images (2 subjects) were used for

validation. T2-weighted images analyzed here were collected on a 3T scanner via

the following parameters: a 2D spin-echo sequence, TR=7730ms, TE=80ms, flip

angle=90o, matrix size=256x192, 1 mm isotropic resolution. For the fine-tuning

phase, images from 4 subjects were reserved. Cross-section images from the re-

served subjects were aggregated, and 100 images were randomly selected from

within the aggregate set. Therefore, the selected images during the fine-tuning

phase contained images from multiple different subjects. Note that the MIDAS

dataset contains DICOM images with only magnitude information. Therefore,

all analyses were performed for magnitude-only reconstructions.

Natural Images

To perform domain transfer from natural images to single-coil magnitude MR

images, we assembled 5100 natural images from the validation set used during

the ImageNet Large Scale Visual Recognition Challenge 2011 (ILSVRC2011) [88].

4000 images were used for training, 100 images were used for end-to-end training,

and 1000 images were used for validation. All images were either cropped or

zero-padded to yield consistent dimensions of 256x256. Color RGB images were

first converted to LAB color space, and the L-channel was extracted to obtain

grayscale images.
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3.2.3.2 Multi-coil complex images

MR brain images

The proposed approach was also demonstrated on multi-coil complex k-space

data. Images from 10 subjects were acquired. Within each subject, 60 central

cross-sections containing sizeable amount of brain tissue were selected. Images

were then divided into 360 training images (6 subjects), 60 validation images (1

subject) and 180 testing images (3 subjects), with no subject overlap. Images

were collected on a 3T Siemens Magnetom scanner (maximum gradient strength

of 45mT/m and slew rate of 200 T/m/s) using a 32-channel receive-only head coil.

1) T1-weighted images: The images were collected via the following parameters:

a 3D MP-RAGE sequence [89, 90, 91], TR=2000ms, TE=5.53ms, flip angle=200,

matrix size=256x192x80, 1 mm x 1 mm x 2 mm resolution. 2) T2-weighted im-

ages: The images were collected via the following parameters: a 3D Spin-Echo

sequence, TR=1000ms, TE=118ms, flip angle=900, matrix size=256x192x80, 1

mm x 1 mm x 2 mm resolution. Imaging protocols were approved by the local

ethics committee at Bilkent University and all participants provided written in-

formed consent. To reduce computational complexity, geometric-decomposition

coil compression (GCC) was performed to reduce number of coils from 32 to 8

[92].

Natural images

The multi-coil data mentioned the previous subsection consisted of complex T1-

and T2-weighted images acquired on a 3T scanner. However, the ImageNet

dataset consisted of magnitude images. Therefore, to perform domain trans-

fer from natural images to multi-coil MR images, complex natural images were

simulated from 2420 magnitude images in ImageNet by adding sinusoidal phase

at random spatial frequencies along each axis varying from -π to +π. The am-

plitude of the sinusoids was normalized between 0 and 1. Fully-sampled multi-

coil T1-weighted acquisitions from 2 training subjects were selected to extract
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Figure 3.3: Representative synthetic complex multi-coil natural images. Complex
multi-coil natural images were simulated from magnitude images in ImageNet (see
Methods for details). Magnitude and phase of two simulated multi-coil natural
images (a and b) are shown along with their reference magnitude images.
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coil-sensitivity maps using ESPIRiT [86]. Each multi-coil complex natural im-

age was then simulated by utilizing coil-sensitivity maps of a randomly selected

cross-section from the 2 reserved subjects (see Fig. 3.3 for sample multi-coil

complex natural images). Please note that this phase simulation procedure was

also demonstrated to enable successful domain transfer in other recent studies

on image reconstruction [13, 70]. From the simulated 2420 images, 2000 images

were used for initial CNN block training, 360 images were used for end-to-end

training, and 60 images were used for validation.

3.2.3.3 Single-coil complex images

Single-coil reconstructions on the MIDAS dataset were performed on magnitude

images that were Fourier transformed and undersampled in k-space. To demon-

strate the proposed approach on single-coil complex images, we conducted addi-

tional experiments using the multi-coil complex MRI data. To do this, multi-coil

images were combined via coil-sensitivity maps estimated using ESPIRiT. For

domain transfer from natural images to single-coil complex MR images, complex

natural images were synthesized from 2420 ImageNet images by adding sinusoidal

phase at random spatial frequencies along each axis varying from π to +π. Note

that for domain transfer experiments in the multi-coil case, natural images were

multiplied with coil sensitivity maps estimated from actual MRI data to synthe-

size multi-coil images. This multiplication intrinsically restricts the spatial extent

of objects in natural images. When performing domain transfer in the single-coil

complex case, we wanted to match the simulation procedures as closely as possi-

ble. Therefore, the synthesized images were spatially restricted by utilizing brain

masks extracted from coil sensitivity maps of a randomly selected cross-section

from two subjects reserved for this purpose. From the simulated 2420 images,

2000 images were used for initial CNN block training, 360 images were used for

end-to-end training, and 60 images were used for validation. Data augmentation

is a common method to increase data size for network training. Yet, artificially

created samples are inherently correlated with the original samples. Since a cen-

tral aim of the current study was to examine the interaction between the number
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of training and fine-tuning samples, no data augmentation was employed to min-

imize bias due to sample correlation. Undersampling patterns: Images in each

dataset were undersampled via variable-density Poisson-disc sampling [75]. All

datasets were undersampled for varying acceleration factors (R=4, 6, 8, 10). Fully

sampled images were first Fourier transformed and then retrospectively under-

sampled. To ensure reliability against mask selection, 100 unique undersampling

masks were generated and used during the training phase. A different set of 100

undersampling masks were used during the testing phase.

3.2.4 Network training and fine-tuning

We adopted a cascade of neural networks as inspired by [53]. Five subnetworks

were cascaded in series. For single-coil magnitude data, the CNN block within

each subnetwork contained an input layer, four convolutional layers and an out-

put layer. The input layer consisted of two channels for real imaginary parts

of undersampled images. Each convolution operation in the convolutional layers

was passed through a rectified linear unit (ReLU) activation. The hidden layers

consisted of 64 channels. The output layer consisted of only a single channel for a

magnitude reconstruction. For multi-coil complex data, undersampled multi-coil

data were combined prior to CNN blocks using coil-sensitivity maps estimated

via ESPIRiT. Real and imaginary parts of coil-combined images were then recon-

structed using two separate networks, and each network consisted of a single input

and output channel. The network outputs were joined to form a coil-combined

complex image. Note that the DC block operates on individual-coil data. Thus,

prior to the DC block, the coil-combined complex image was back projected onto

individual coils again using coil-sensitivity maps.

3.2.4.1 CNN block training

CNN blocks were trained on Ntrain images in the source domain via the back-

propagation algorithm [93]. In the forward passes, a batch of 50 samples in
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the single-coil case and 10 samples in the multi-coil case were passed through the

network to calculate the respective loss function. In the backward passes, network

parameters were updated according to the gradients of this function with respect

to the parameters. The gradient of the loss function with respect to parameters

of the mth hidden layer (θm) can be calculated using chain rule:

∂L

∂θm
=
∂L

∂ol

∂ol
∂al

∂al
∂θl

∂ol−1

∂al−1

· · · ∂om
∂am

∂am
∂θm

(3.18)

where l is the output layer of the network, al is the output of the lth layer, and

ol is the output of the lth layer passed through the activation function. The

parameters of the mth layer are only updated if the loss-function gradient flows

through all subsequent layers (i.e., gradients are non-zero). Each subnetwork

was trained individually for 20 epochs. In the CNN block training, the network

parameters were optimized using the ADAM optimizer with a learning rate of

η = 10−4, decay rate for first moment of gradient estimates of β1 = 0.9 and decay

rate for the second moment of gradient estimate of β2 = 0.999 [94]. Connection

weights were L2-regularized with a regularization parameter of γΦ = 10−6.

3.2.4.2 End-to-end network training

Networks formed by sequential training of the CNN blocks were then trained

end-to-end on Nend−to−end images in the source domain. For single-coil magni-

tude data, this end-to-end training was performed on only 100 images from the

source domain (i.e., Nend−to−end=100). For single-coil and multi-coil complex

data, a relatively smaller set of images were used for initial training (360 images),

so end-to-end training was performed on 360 images from the source domain (i.e.,

Nend−to−end=360). In the forward passes, a batch of 20 samples in the single-coil

case and 4 samples in the multi-coil case were passed through the network to

calculate the respective loss function. To perform end-to-end training, the gradi-

ents must be calculated through the CNN, DC and CC blocks. The gradient flow

through the convolutional network layers that contain basic arithmetic operations

and ReLU activation functions are well known [95]. The gradient flow through
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DC in Eq. 3.11 with respect to its input xin is given as:

∂fDC
∂xin

= F−1ΛF (3.19)

due to the linearity of the Fourier operator (F ). Similarly, the gradient flow

through CC in Eq. 3.16 with respect to its input xin is given as:

∂fCC
∂xin

= GF (3.20)

Based on Eqs. 3.19 and 3.20 the gradient of the loss function with respect to

output of the jth CNN block is given as:

∂L

∂Cj
=

∂L

∂Cl

∂Cl−1

∂fDC,(l−1)2

∂fDC,(l−1)2

∂fCC,l−1

∂fCC,l−1

∂fDC,(l−1)1

∂fDC,(l−1)1

∂Cl−1

· · ·
∂fDC,(j+1)1

∂Cj
(3.21)

where l corresponds to the last subnetwork, fDC,(l−1)2 corresponds to the DC

layer posterior to the (l − 1)th CC block, and fDC,(l−1)1 corresponds to the DC

block posterior to the (l − 1)th subnetwork. Once we have the gradient of the loss

function with respect to output of the jth CNN block, the gradients of the mth

hidden layer (θm) within the jth CNN block can be calculated using chain rule.

∂L

∂θm
=

∂L

∂Cj

∂Cj
∂θl

∂θl−1

∂θl−2

....
∂θm+1

∂θm
(3.22)

where l corresponds to the last layer. If we define the gradient ∂L
∂θm

at the kth

iteration as gkm, then estimates of the first and second moments of the gradients

at the kth iteration can be expressed as:

mk
m = mk−1

m β1 + (1− β1)gkm (3.23)

vkm = vk−1
m β2 + (1− β2)g2k

m (3.24)

where mk
m is the estimate of the first moment of the gradient at the kth iteration,

β1 is the decay rate for mk
m, vkm is the estimate of the second moment of the

gradient at the kth iteration, and β2 is the decay rate for vkm. The update for the

parameters of the mth hidden layer (θm) in the kth iteration can then be expressed

as:

θkm = θk−1
m − η mk

m√
vkm + ε

(3.25)

where η is the learning rate and ε is a small constant that avoids division by zero

(set to 10−8). During the end-to-end training phase, the ADAM optimizer was

used with identical parameters to those used in the subnetwork training, apart

from a lower learning rate of 10−5 and a total of 100 epochs.
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3.2.4.3 Network fine-tuning

A network trained in one domain might lead to sub-optimal performance in a

different target domain. For this purpose, end-to-end fine-tuning was performed

on a small number of images (Ntune) from the target domain. Gradient calcu-

lation and parameter updates were identical to end-to-end network training as

described in subsection 2.2.4.2. During the fine-tuning phase, the ADAM opti-

mizer was used with identical parameters to those used in subnetwork training,

apart from a lower learning rate of 10−5 and a total of 100 epochs.

3.2.5 Network validation

In both training and fine-tuning phases, the number of epochs and learning rate

were selected based on reconstruction error (mean absolute error + mean square

error) on the validation set. Training and fine-tuning phases exercised early stop-

ping based on network performance on the validation set. During the course of

model training, prediction errors will initially decrease on both training and val-

idation sets. Yet, continued training will reduce training error at the expense of

elevated validation error. This transition serves as a hallmark symptom of over-

fitting. To catch the onset of overfitting, we stopped network training based on

a convergence criterion. Convergence was taken as the number of epochs where

the percentage change in validation error across consecutive epochs fell below

0.1% of the initial validation error. We found that for CNN block training, all

CNN blocks converged within 20 epochs, and for end-to-end training all networks

converged within 100 epochs (see Fig. 3.4). Learning rate was selected to facili-

tate convergence while preventing undesirable oscillations in the validation error.

We observed the resulting learning rates to be 10−4 in the subnetwork training

phase, 10−5 in the end-to-end training phase and 10−4 in the fine-tuning phase.

In the fine-tuning phase, since fine-tuning is performed on a few samples, proper

selection of the learning rate is more critical. An excessive learning rate can cause

the networks to overfit to the fine-tuning samples. This overfitting can be ob-

served in the form of undesirable oscillations and increase in validation error (see
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Figure 3.4: Percentage change in validation error as a function of number of
epochs for T2 to T1 domain transfer at acceleration factor R=4. Results are shown
for sequential training of individual CNN blocks (a-e), end-to-end training of the
complete network (f) and fine-tuning of the complete network (g). Initial CNN
block training was performed on 2000 T2-weighted images, end-to-end training
was performed on 100 T2-weighted images, and fine-tuning was performed on 20
T1-weighted images.
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Figure 3.5: Percentage change in validation error as a function of number of
epochs for ImageNet to T1 domain transfer at acceleration factor R=4. Results
are shown for learning rates (lr) equal to (a) 10−4, (b) 10−5 and (c) 10−6. Initial
CNN block training was performed on 2000 ImageNet images, end-to-end training
was performed on 100 ImageNet images, and fine-tuning was performed on 20
T1-weighted images. Learning rate equal to 10−5 facilitates convergence while
preventing undesirable oscillations in the validation error. A learning rate of
10−5 ensures both stable fine-tuning and faster convergence. In contrast, a higher
learning rate of 10−4 leads to oscillatory behavior in validation error, potentially
suggesting overfitting to fine-tuning samples. While fine-tuning is relatively stable
for a lower learning rate of 10−6, network convergence is noticeably slower.

Fig. 3.5). In the fine-tuning phase, validation data were again used to select the

number of epochs and learning rate, and additionally to determine the number of

fine-tuning samples required for successful domain transfer. Peak signal-to-noise

ratio (PSNR) values obtained on the validation images were used to assess domain

transfer performance. The PSNR convergence point was used to select the num-

ber of fine-tuning samples. Convergence was taken as the number of fine-tuning

samples where the percentage change in PSNR by incrementing number of fine-

tuning samples fell below 0.05% of PSNR for the network trained in the target

domain. Both training and fine-tuning phases consisted of separate validation

datasets. In the training phase, validation data were exclusively selected from

the source domain. For example, the validation set for the ImageNet-trained net-

work contained ImageNet images, whereas the validation set for the T1-trained

network contained T1-weighted images. In contrast, the validation set in the fine-

tuning phase contained data exclusively from the target domain. For example,

when T1 was the target domain, the validation set for both domain-transferred

and T1-trained networks contained an identical set of T1-weighted images.
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3.2.6 Performance analyses

3.2.6.1 Single-coil magnitude data

We first evaluated the performance of networks under implicit domain trans-

fer (i.e., without fine tuning in the target domain). We reasoned that a net-

work trained and tested in the same domain should outperform networks trained

and tested on different domains. To investigate this issue, we reconstructed un-

dersampled T1-weighted acquisitions using the ImageNet-trained and T2-trained

networks for varying acceleration factors (R=4, 6, 8, 10). The reconstructions

obtained via these two networks were compared with reference reconstructions

obtained from the network trained directly on T1-weighted images. To ensure

that our results were not biased by the selection of a specific MR contrast as

the test set, we also reconstructed undersampled T2-weighted acquisitions using

the ImageNet-trained and T1-trained networks. The reconstructions obtained

via these two networks were compared with reference reconstructions obtained

from the network trained directly on T2-weighted images. Next, we evaluated

the performance of network under explicit domain transfer (i.e., with fine tun-

ing in the target domain). Networks were fine-tuned end-to-end in the testing

domain. When T1-weighted images were the testing domain, ImageNet-trained

and T2-trained networks were fine-tuned using a small set of T1-weighted images

(Ntune) with size ranging in [0 100]. When T2-weighted images were the testing

domain, ImageNet-trained and T1-trained networks were fine-tuned using a small

set of T2-weighted images (Ntune) with size ranging in [0 100]. In both cases, the

performance of fine-tuned networks was compared with the networks trained and

further fine-tuned end-to-end directly in the testing domain on Ntune images. We

also compared the performance of the fine-tuned networks with limited networks

that were obtained via end-to-end training only on Ntune images. Reconstruc-

tion performance of a fine-tuned network likely depends on the number of both

training and fine-tuning images. To examine potential interaction between the

number of training and fine-tuning samples, separate networks were trained using

training sets of varying size (Ntrain) in [500 4000]. Each network was then fine-

tuned using sets of varying size (Ntune) in [0 100]. Performance was evaluated to
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determine the number of fine-tuning samples that are required to achieve near-

optimal performance for each separate size of training set. Optimal performance

was taken as the peak signal-to-noise ratio (PSNR) of a network trained directly

in the testing domain. Please note that for all aforementioned analyses, networks

were also end-to-end trained using a set of 100 images in the source domain (i.e.,

Nend−to−end=100). NN-based reconstructions were also compared to those ob-

tained by conventional CS (SparseMRI) [1]. Single-coil CS reconstructions were

implemented via a nonlinear conjugate gradient method. Daubechies-4 wavelets

were selected as the sparsifying transform. Parameter selection was performed to

maximize PSNR on the validation images from the fine-tuning set. Consequently,

an L1-regularization parameter of 10−3, and 80 iterations for T1-weighted acqui-

sitions and 120 iterations for T2-weighted acquisitions were observed to yield

near-optimal performance broadly across R.

3.2.6.2 Multi-Coil Complex Data

We also demonstrated the proposed approach on multi-coil MR images. For this

purpose, a network was trained, where initial CNN block training was performed

on 2000 (Ntrain) multi-coil complex natural images, and end-to-end training was

performed on 360 (Nend−to−end) additional multi-coil complex natural images (see

Section 3.2.3.2 for details). The network was then fine-tuned using a set of multi-

coil images (Ntune) from the target domain (T1- or T2-weighted) with varying size

in [0 100]. Here, cross-sections from the training set in the target domain were

aggregated, and 100 images were then randomly selected. Reconstruction perfor-

mance was compared with networks trained using 360 multi-coil MR images from

the target domain (6 subjects) and L1-SPIRiT (48). A POCS implementation of

SPIRiT was used. For each R, parameter selection was performed to maximize

PSNR on validation images drawn from the multi-coil MR image dataset. For

T1-weighted images, an interpolation kernel width of 7, a Tikhonov regularization

parameter of 10−2 for calibration, an L1-regularization parameter of 10−3 were

observed to yield near-optimal performance across R. Meanwhile, the optimal

number of iterations varied based on acceleration factor. For R= [4, 6, 8, 10], the
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following number of iterations= [30, 45, 65, 80] were selected. For T2-weighted

images, an interpolation kernel width of 7, a Tikhonov regularization parameter

of 10−2 for calibration, an L1-regularization parameter of 10−4 were observed to

yield near-optimal performance across R. Meanwhile, the optimal number of it-

erations varied based on acceleration factor. For R= [4, 6, 8, 10], the following

number of iterations= [45, 70, 80, 80] were selected. The interpolation kernels

optimized for SPIRiT were used in the calibration-consistency blocks of the net-

works that contained 5 consecutive CC projections. We also inspected the degree

of change in model weights following fine-tuning. To inspect the changes, we

computed percentage change in coefficients of convolution kernels in CNN layers

for R=4-10. Measurements were averaged across neurons within each layer and

across R.

3.2.6.3 Single-Coil Complex Data

We also demonstrated the proposed approach on single-coil complex images.

For this purpose, initial CNN block training was performed on 2000 (Ntrain)

synthetic single-coil complex natural images, and end-to-end training was per-

formed on 360 (Nend−to−end) additional synthetic single-coil complex natural im-

ages (see Section 3.2.3.3 for details). The network was then fine-tuned using

a set of single-coil complex images (Ntune) from the target domain (T1- or T2-

weighted) with varying size in [0 100]. Here, cross-sections from the training

set in the target domain were aggregated, and 100 images were then randomly

selected. Reconstruction performance was compared with networks trained us-

ing 360 single-coil MR complex images from the target domain (6 subjects).

To quantitatively compared alternative methods, we measured the structural

similarity index (SSIM) and peak signal-to-noise ratio (PSNR) between the re-

constructed and fully-sampled reference images. For multi-coil data, the ref-

erence image was taken as the coil-combined image obtained via weighted lin-

ear combination using coil sensitivity maps from ESPIRiT. The training and

testing of NN architectures were performed in the TensorFlow framework [96]
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using 2 NVIDIA Titan X Pascal GPUs (12 GB VRAM). Single-coil CS recon-

structions were performed via libraries in the SparseMRI V0.2 toolbox available

at https://people.eecs.berkeley.edu/~mlustig/Software.html. Multi-coil

CS reconstructions were performed via libraries in the SPIRiT V0.3 toolbox avail-

able at https://people.eecs.berkeley.edu/~mlustig/Software.html.

3.3 Results

3.3.1 Single-coil magnitude data

3.3.1.1 T1-domain transfer

A network trained on the same type of images that it will later be tested on should

outperform networks trained and tested on different types of images. However,

this performance difference should diminish following successful domain transfer

between the training and testing domains. To test this prediction, we first in-

vestigated generalization performance for implicit domain transfer (i.e., without

fine tuning) in a single-coil setting. The training domain contained natural im-

ages from the ImageNet database or T2-weighted images, and the testing domain

contained T1-weighted images. Fig. 3.6 displays reconstructions of an undersam-

pled T1-weighted acquisition via the ImageNet-trained, T2-trained and T1-trained

networks for R=4. As expected, the T1-trained network yields sharper and more

accurate reconstructions compared to the raw ImageNettrained and T2-trained

networks. Next, we examined explicit domain transfer where ImageNet-trained

and T2-trained networks were fine-tuned. In this case, all networks yielded visu-

ally similar reconstructions. Furthermore, when compared against conventional

compressive sensing (CS), all network models yielded superior performance. Fig.

3.7 displays reconstructions of an undersampled T1-weighted acquisition via the

ImageNet-trained, T2-trained and T1-trained networks, and CS for R=4. The

ImageNet-trained network produces images of similar visual quality to other net-

works and it outperforms CS in terms of image sharpness and residual aliasing
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Figure 3.6: Representative reconstructions of a T1-weighted acquisition at accel-
eration factor R=4. Reconstructions were performed via the Zero-filled Fourier
method (ZF), and ImageNet-trained, T2-trained, and T1-trained networks. (a)
Reconstructed images and error maps for raw networks (see colorbar). (b) Re-
constructed images and error maps for fine-tuned networks. The fully-sampled
reference image is also shown. Network training was performed on a training
dataset of 2000 images and fine-tuned on a sample of 20 T1-weighted images.
Following fine-tuning with few tens of samples, ImageNet-trained and T2-trained
networks yield reconstructions of highly similar quality to the T1-trained network.
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Figure 3.7: Reconstructions of a T1-weighted acquisition with R=4 via ZF, con-
ventional compressed-sensing (CS), and ImageNet-trained, T1-trained and T2-
trained networks along with the fully-sampled reference image. Error maps
for each reconstruction are shown below (see colorbar). Networks were trained
on 2000 images and fine-tuned on 20 images acquired with the test contrast.
The domain-transferred networks maintain nearly identical performance to the
networks trained directly in the testing domain. Furthermore, the domain-
transferred networks reconstructions outperform conventional CS in terms of im-
age sharpness and residual aliasing artifacts.
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a) R=4

c) R=8 d) R=10

b) R=6

Figure 3.8: Reconstruction performance was evaluated for undersampled T1-
weighted acquisitions. Average PSNR values across T1-weighted validation im-
ages were measured for the T1-trained network (trained on 4k images and fine-
tuned on 100 images), ImageNet-trained networks (trained on 500, 1000, 2000,
or 4000 images), and T2-trained network (trained on 4000 images). Results are
plotted as a function of number of fine-tuning samples for acceleration factors
(a) R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. Without fine-tuning, the T1-
trained network outperforms all domain-transferred networks. As the number of
fine-tuning samples increases, the PSNR differences decay gradually to a negli-
gible level. Domain-transferred networks trained on fewer samples require more
fine-tuning samples to yield similar performance consistently across R.
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a) 0.5k b) 1k

c) 2k d) 4k

Figure 3.9: Number of fine-tuning samples required for the PSNR values for
ImageNet-trained networks (trained on single-coil magnitude images) to converge.
Average PSNR values across T1-weighted validation images were measured for the
ImageNet-trained networks trained on (a) 500, (b) 1000, (c) 2000, and (d) 4000
images. Convergence was taken as the number of fine-tuning samples where the
percentage change in PSNR by incrementing Ntune fell below 0.05% of the aver-
age PSNR for the T1-trained network. Domain-transferred networks trained on
fewer samples require more fine-tuning samples for the PSNR values to converge.
Furthermore, at higher values of R, more fine-tuning samples are required for
convergence.
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artifacts.

Reconstruction performance of domain-transferred networks may depend on

the sizes of both training and fine-tuning sets. To examine interactions between

the number of training (Ntrain) and fine-tuning (Ntune) samples, we trained net-

works using training sets in the range [500 4000] and fine-tuning sets in the

range [0 100]. Fig. 3.8 shows average PSNR values for a reference T1-trained

network trained on 4000 and fine-tuned on 100 images, and domain-transferred

networks for R=4-10. Without fine-tuning, the T1-trained network outperforms

both domain-transferred networks. As the number of fine-tuning samples in-

creases, the PSNR differences decay gradually to a negligible level. Consistently

across R, domain-transferred networks trained on smaller training sets require

more fine-tuning samples to yield similar performance.

Fig. 3.9 displays the number of fine-tuning samples required for the PSNR

values for ImageNet-trained networks to converge for R=4-10. Convergence was

taken as the number of fine-tuning samples where the percentage change in PSNR

by incrementing number of fine-tuning samples fell below 0.05% of PSNR for the

T1-trained network. Across R, networks trained on fewer samples require more

fine-tuning samples for convergence. However, the required number of fine-tuning

samples is greater for higher R. Averaged across R, Ntune=68 for Ntrain=500,

Ntune=72 for Ntrain=1000, Ntune=35 for Ntrain=2000, Ntune=38 for Ntrain=4000.

To corroborate the visual observations, reconstruction performance was quan-

titively assessed for both implicit and explicit domain transfer across R=4-10.

PSNR and SSIM measurements across the test set are listed in Table 3.1 and Ta-

ble 3.2. (For reconstruction performance when Ntune is fixed to 100, please refer

to Table 3.3.) For implicit domain transfer, the T1-trained networks outperform

domain-transferred networks and CS consistently across all R. For explicit do-

main transfer, the differences between the T1-trained and domain-transferred net-

works diminish. Following fine-tuning, the average differences in (PSNR, SSIM)

across R between ImageNet and T1-trained networks diminish from (1.61dB,

1.50%) to (0.35dB, 0.50%), and difference between T2-trained and T1-trained

networks diminish from (1.96dB, 2.50%) to (0.20dB, 0.25%). Furthermore, the
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Table 3.1: Quality of recovered single-coil magnitude T1-weighted images

R=4

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 34.92 ±3.57 0.96 ± 0.02 36.01 ± 3.17 0.97 ± 0.02 34.11 ± 3.64 0.95 ± 0.03
Tuned 36.06 ± 3.10 0.97 ± 0.01 36.47 ± 3.27 0.97 ± 0.01 36.22 ± 3.13 0.97 ± 0.02

Limited
PSNR SSIM

29.79 ± 3.95 0.93 ± 0.03

R=6

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 31.97 ± 3.33 0.94 ± 0.02 33.49 ± 3.29 0.95 ± 0.02 31.27 ± 3.78 0.93 ± 0.04
Tuned 33.53 ± 3.02 0.95 ± 0.02 33.99 ± 3.29 0.96 ± 0.02 33.71 ± 3.15 0.96 ± 0.02

Limited
PSNR SSIM

27.02 ± 4.35 0.90 ± 0.05

R=8

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.78 ± 3.75 0.92 ± 0.03 31.64 ± 3.37 0.94 ± 0.03 29.72 ± 3.75 0.91 ± 0.05
Tuned 32.56 ± 3.15 0.95 ± 0.02 32.32 ± 3.36 0.95 ± 0.03 32.39 ± 3.45 0.95 ± 0.02

Limited
PSNR SSIM

24.02 ± 4.46 0.85 ± 0.07

R=10

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 28.52 ± 3.86 0.91 ± 0.04 30.50 ± 3.37 0.93 ± 0.03 28.70 ± 3.70 0.90 ± 0.05
Tuned 30.37 ± 3.34 0.93 ± 0.03 31.12 ± 3.38 0.94 ± 0.03 30.78 ± 3.14 0.93 ± 0.03

Limited
PSNR SSIM

21.45 ± 4.52 0.79 ± 0.08

Reconstruction quality for single-coil magnitude T1-weighted images undersampled at R= 4, 6,
8, 10. Reconstructions were performed via ImageNet-trained, T1-trained, T2-trained and lim-
ited networks. PSNR and SSIM values are reported as mean±standard deviation across test
images. Results are shown for raw networks trained on 2000 training images (raw), and fine-
tuned networks tuned with few tens of T1-weighted images (tuned).

domain-transferred networks outperform CS consistently across R, by an average

of 3.70dB PSNR and 6.13% SSIM, and limited networks by an average of 7.63dB

PSNR and 8.38% SSIM.

3.3.1.2 T2-domain transfer

Next, we repeated the analyses for implicit and explicit domain transfer when

the testing domain contained T2-weighted images. Fig. 3.10 displays reconstruc-

tions of an undersampled T2-weighted acquisition via the ImageNet-, T1- and T2-

trained networks for acceleration factor R=4. Again, the network trained directly
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Figure 3.10: Representative reconstructions of a T2-weighted acquisition at accel-
eration factor R=4. Reconstructions were performed via the Zero-filled Fourier
method (ZF), and ImageNet-trained, T2-trained, and T1-trained networks. (a)
Reconstructed images and error maps for raw networks (see colorbar). (b) Re-
constructed images and error maps for fine-tuned networks. The fully-sampled
reference image is also shown. Network training was performed on a training
dataset of 2000 images and fine-tuned on a sample of 20 T2-weighted images.
Following fine-tuning with few tens of samples, ImageNet-trained and T1-trained
networks yield reconstructions of highly similar quality to the T2-trained network.
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Figure 3.11: Reconstructions of a T2-weighted acquisition with R=4 via ZF,
conventional compressed-sensing (CS), and ImageNet-trained, T1-trained and
T2-trained networks along with the fully-sampled reference image. Error maps
for each reconstruction are shown below (see colorbar). Networks were trained
on 2000 images and fine-tuned on 20 images acquired with the test contrast.
The domain-transferred networks maintain nearly identical performance to the
networks trained directly in the testing domain. Furthermore, the domain-
transferred networks reconstructions outperform conventional CS in terms of im-
age sharpness and residual aliasing artifacts.
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Figure 3.12: Reconstruction performance was evaluated for undersampled T2-
weighted acquisitions. Average PSNR values across T2-weighted validation im-
ages were measured for the T2-trained network (trained on 4k images and fine-
tuned on 100 images), ImageNet-trained networks (trained on 500, 1000, 2000,
or 4000 images), and T1-trained network (trained on 4000 images). Results are
plotted as a function of number of fine-tuning samples for acceleration factors (a)
R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. As the number of fine-tuning samples
increases, the PSNR differences decay gradually to a negligible level. Domain-
transferred networks trained on fewer samples require more fine-tuning samples
to yield similar performance consistently across R.
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Figure 3.13: Number of fine-tuning samples required for the PSNR values
for ImageNet-trained networks to converge. Average PSNR values across T2-
weighted validation images were measured for the ImageNet-trained networks
trained on (a) 500, (b) 1000, (c) 2000, and (d) 4000 images. Convergence was
taken as the number of fine-tuning samples where the percentage change in PSNR
by incrementing Ntune fell below 0.05% of the average PSNR for the T2-trained
network. Domain-transferred networks trained on fewer samples require more
fine-tuning samples for the PSNR values to converge. Furthermore, at higher
values of R, more fine-tuning samples are required for convergence.
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in the testing domain (T2-weighted) outperforms domain-transferred networks.

After fine tuning with as few as 20 images, the domain-transferred networks yield

visually similar reconstructions to the T2-trained network. Fig. 3.11 displays

reconstructions of an undersampled T2-weighted acquisition via the ImageNet-

trained, T2-trained and T1-trained networks, and CS for R=4. The ImageNet-

trained network produces images of similar visual quality to other networks and

it outperforms CS in terms of image sharpness and residual aliasing artifacts.

We also examined interactions between the number of training and fine-tuning

samples when the target domain contained T2-weighted images. Fig. 3.12 shows

average PSNR values for a reference T2-trained network trained on 4000 and fine-

tuned on 100 images, and domain-transferred networks for R=4-10. Compared

to the case of T1-weighted images, interaction between number of training and

fine-tuning samples is weaker. Yet, a greater number of fine-tuning samples is still

required for reconstructions at higher R. Fig. 3.13 displays the number of fine-

tuning samples required for convergence of ImageNet-trained networks. Averaged

across R=4-10, Ntune=53 for Ntrain=500, Ntune=50 for Ntrain=1000, Ntune=48 for

Ntrain=2000, Ntune=49 for Ntrain=4000.

PSNR and SSIM measurements on T2-weighted reconstructions across the test

set are listed in Table 3.4 (For results using Ntune=100, please refer to Table

3.5). Following fine-tuning, average (PSNR, SSIM) differences between ImageNet

and T2-trained networks diminish from (1.23dB, 2.00%) to (0.29dB, 0.50%), and

difference between T1-trained and T2-trained networks diminish from (0.67dB,

1.25%) to (0.15dB, 0.50%). Across R, the domain-transferred networks also out-

perform CS by 5.20dB PSNR and 8.50% SSIM, and limited networks by 2.67dB

PSNR and 1.50% SSIM.
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a) R=4

c) R=8 d) R=10

b) R=6

Figure 3.14: Reconstruction performance was evaluated for undersampled multi-
coil T1-weighted acquisitions. Average PSNR values across T1-weighted valida-
tion images were measured for the T1-trained network (trained and fine-tuned on
360 images), and ImageNet-trained network trained on 2000 images. Results are
plotted as a function of number of fine-tuning samples for acceleration factors (a)
R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. Without fine-tuning, the T1-trained
network outperforms the domain-transferred network. As the number of fine-
tuning samples increases, the PSNR differences decay gradually to a negligible
level.
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Figure 3.15: Number of fine-tuning samples required for the PSNR values for
ImageNet-trained networks (trained on multi-coil complex images) to converge.
Average PSNR values across T1-weighted validation images were measured for
the ImageNet-trained network trained on 2000 images. Convergence was taken
as the number of fine-tuning samples where the percentage change in PSNR by
incrementing Ntune fell below 0.05% of the average PSNR for the T1-trained
network (see Figure 6). At higher values of R, more fine-tuning samples are
required for convergence.
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Figure 3.16: Representative reconstructions of a multi-coil T1-weighted acqui-
sition at acceleration factor R=10. Reconstructions were performed via ZF,
ImageNet-trained and T1-trained networks, and SPIRiT (top row). Correspond-
ing error maps are also shown (see colorbar; bottom row) along with the fully-
sampled reference (top row). Network training was performed on a training
dataset of 2000 images and fine-tuned on a sample of 20 T1-weighted images.
The ImageNet-trained network maintains similar performance to the T1-trained
network trained directly on the images from the test domain. Furthermore, the
domain-transferred network outperforms conventional SPIRiT in terms of resid-
ual aliasing artifacts.
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3.3.2 Multi-coil complex data

3.3.2.1 T1-domain transfer

Next, we demonstrated the proposed approach on multi-coil T1-weighted images.

We compared ImageNet- and T1-trained networks at R=4-10. Fig. 3.14 dis-

plays average PSNR values for the T1-trained network (trained and fine-tuned on

360 images) and ImageNet-trained network (Ntrain=2000 and Nend−to−end=360

multi-coil natural images, and Ntune ∈[0,100] T1-weighted images). As Ntune in-

creases, the PSNR differences between T1- and ImageNet-trained networks start

diminishing. Fig. 3.15 displays the number of fine-tuning samples required for

the PSNR values for ImageNet-trained networks to converge. Averaged across

R=4-10, ImageNet-trained networks require Ntune=18 for convergence. We also

compared the proposed transfer learning approach with L1-regularized SPIRiT.

Fig. 3.16 shows representative reconstructions obtained via the ImageNet-trained

network, T1-trained network and SPIRiT for R=10. The ImageNet-trained net-

work produces images of similar visual quality to the T1-trained network, and it

outperforms SPIRiT in terms of residual aliasing artifacts.

Quantitative assessment of multi-coil reconstructions for the ImageNet-trained

network, T1-trained network and SPIRiT across R=4-10 are listed in Table

3.6. For implicit domain transfer, the T1-trained network performs better than

the ImageNet-trained network. Following fine-tuning, the average differences in

(PSNR, SSIM) across R between ImageNet and T1-trained networks diminish

from (2.10dB, 1.43%) to (0.62dB, 0.15%). Furthermore, the ImageNet-trained

network outperforms SPIRiT in all cases. On average across R, the ImageNet-

trained network improves performance over SPIRiT by 0.93dB PSNR and 0.60

3.3.2.2 T2-domain transfer

We also demonstrated the proposed approach when the testing domain con-

tained multi-coil T2-weighted images. Fig. 3.17 displays average PSNR values
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Figure 3.17: Reconstruction performance was evaluated for undersampled multi-
coil T2-weighted acquisitions. Average PSNR values across T2-weighted valida-
tion images were measured for the T2-trained network (trained and fine-tuned on
360 images), and ImageNet-trained network trained on 2000 images. Results are
plotted as a function of number of fine-tuning samples for acceleration factors (a)
R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. Without fine-tuning, the T2-trained
network outperforms the domain-transferred network. As the number of fine-
tuning samples increases, the PSNR differences decay gradually to a negligible
level.
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Figure 3.18: Number of fine-tuning samples required for the PSNR values for
ImageNet-trained networks (trained on multi-coil complex images) to converge.
Average PSNR values across T2-weighted validation images were measured for the
ImageNet-trained network trained on 2000 images. Convergence was taken as the
number of fine-tuning samples where the percentage change in PSNR by incre-
menting Ntune fell below 0.05% of the average PSNR for the T2-trained network.
At higher values of R, more fine-tuning samples are required for convergence.
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Figure 3.19: Representative reconstructions of a multi-coil T2-weighted acqui-
sition at acceleration factor R=10. Reconstructions were performed via ZF,
ImageNet-trained and T2-trained networks, and SPIRiT (top row). Correspond-
ing error maps are also shown (see colorbar; bottom row) along with the fully-
sampled reference (top row). Network training was performed on a training
dataset of 2000 images and fine-tuned on a sample of 20 T2-weighted images.
The ImageNet-trained network maintains similar performance to the T2-trained
network trained directly on the images from the test domain. Furthermore, the
domain-transferred network outperforms conventional SPIRiT in terms of resid-
ual aliasing artifacts.
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Figure 3.20: Percentage change in network weights as a function of network depth
for multi-coil ImageNet to (a) T1 and (b) T2 domain transfer averaged across
acceleration factors (R=4-10). Red dots correspond to the percentage change,
and blue dashed lines correspond to a linear least squares fit to the percentage
change. Overall, the percentage change in weights is higher for earlier versus later
layers of the network. For ImageNet to T1 domain transfer, percentage change
varies from 2.27% to 0.56%, and for ImageNet to T2 domain transfer percentage
change varies from 3.28% to 0.47%. Note that the layer number ranges from 1 to
25. This is because the CNN architecture used in this study consists of 5 cascades
and each cascade consists of 5 layers.
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for the T2-trained network (trained and fine-tuned on 360 images) and ImageNet-

trained network (Ntrain=2000 and Nend−to−end=360 multi-coil natural images, and

Ntune ∈[0,100] T2-weighted images). Fig. 3.18 displays the number of fine-tuning

samples required for the ImageNet-trained network to converge. Averaged across

R, ImageNet-trained networks require Ntune=28 for convergence. Fig. 3.19 shows

representative reconstructions obtained via the ImageNet-trained network, T2-

trained network and SPIRiT for R=10. The ImageNet-trained network produces

images of similar visual quality to the T2-trained network, while outperforming

SPIRiT in terms of residual artifacts. Meanwhile, Table 3.7 lists quantitative

assessments of reconstruction quality across R=4-10. Following fine-tuning, the

average differences in (PSNR, SSIM) between ImageNet and T2-trained networks

diminish from (2.33dB, 0.70%) to (0.37dB, 0.05%). On average across R, the

ImageNet-trained network improves performance over SPIRiT by 1.53dB PSNR

and 1.07% SSIM.

We also computed percentage change in coefficients of convolution kernels in

CNN layers for R=4-10. Fig. 3.20 demonstrates percentage change in network

weights as a function of network depth for multi-coil ImageNet to T1 and T2

domain transfer, averaged across R. Overall, the percentage change in weights is

higher for earlier versus later layers of the network. For ImageNet to T1 domain

transfer, percentage change varies from 2.27% to 0.56%, and for ImageNet to T2

domain transfer percentage change varies from 3.28% to 0.47%. The difference in

the level of weight change across layers can be attributed to the level of residual

artifacts present in inputs to each layer. Since the inputs to earlier layers contain

more domain-specific residual artifacts, they might undergo greater change during

fine-tuning compared to later layers.
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Figure 3.21: Reconstruction performance was evaluated for undersampled single-
coil complex T1-weighted acquisitions. Average PSNR values across T1-weighted
validation images were measured for the T1-trained network (trained and fine-
tuned on 360 images), and ImageNet-trained network trained on 2000 images.
Results are plotted as a function of number of fine-tuning samples for acceleration
factors (a) R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. Without fine-tuning,
the T1-trained network outperforms the domain-transferred network. As the
number of fine-tuning samples increases, the PSNR differences decay gradually
to a negligible level.
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Figure 3.22: Number of fine-tuning samples required for the PSNR values for
ImageNet-trained networks (trained on single-coil complex images) to converge.
Average PSNR values across T1-weighted validation images were measured for
the ImageNet-trained network trained on 2000 images. Convergence was taken
as the number of fine-tuning samples where the percentage change in PSNR by
incrementing Ntune fell below 0.05% of the average PSNR for the T1-trained
network.
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Figure 3.23: Reconstruction performance was evaluated for undersampled single-
coil complex T2-weighted acquisitions. Average PSNR values across T2-weighted
validation images were measured for the T2-trained network (trained and fine-
tuned on 360 images), and ImageNet-trained network trained on 2000 images.
Results are plotted as a function of number of fine-tuning samples for acceleration
factors (a) R= 4, (b) R = 6, (c) R = 8, and (d) R= 10. Without fine-tuning,
the T2-trained network outperforms the domain-transferred network. As the
number of fine-tuning samples increases, the PSNR differences decay gradually
to a negligible level.
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Figure 3.24: Number of fine-tuning samples required for the PSNR values for
ImageNet-trained networks (trained on single-coil complex images) to converge.
Average PSNR values across T2-weighted validation images were measured for
the ImageNet-trained network trained on 2000 images. Convergence was taken
as the number of fine-tuning samples where the percentage change in PSNR by
incrementing Ntune fell below 0.05% of the average PSNR for the T2-trained
network.
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3.3.3 Single-coil complex data

3.3.3.1 T1-domain transfer

Next, we demonstrated the proposed approach on single-coil complex T1-weighted

images, obtained by combining multi-coil images via coil sensitivity maps esti-

mated using ESPIRiT. Fig. 3.21 displays average PSNR values for the T1-trained

network (trained and fine-tuned on 360 images) and ImageNet-trained network

(Ntrain=2000 and Nend−to−end=360 single-coil natural images, and Ntune ∈[0,100]

T1-weighted images); and Fig. 3.22 displays the number of fine-tuning sam-

ples required for the ImageNet-trained network. Averaged across R, ImageNet-

trained networks require Ntune=29 for convergence. Quantitative assessment for

the ImageNet-trained network and T1-trained network across R=4-10 are listed in

Table 3.8. Following fine-tuning, the average differences in (PSNR, SSIM) across

R between ImageNet and T1-trained networks diminish from (4.23dB, 5.95%) to

(1.65dB, 1.25%).

3.3.3.2 T2-domain transfer

Finally, we demonstrated the proposed approach when the testing domain con-

tained single-coil complex T2-weighted images. Fig. 3.23 displays average PSNR

values for the T2-trained network (trained and fine-tuned on 360 images) and

ImageNet-trained network (Ntrain=2000 and Nend−to−end=360 single-coil natural

images, and Ntune ∈[0,100] T2-weighted images); and Fig. 3.24 displays the num-

ber of fine-tuning samples required for the ImageNet-trained network. Averaged

across R, ImageNet-trained networks require Ntune=42 for convergence. Quan-

titative assessment for the ImageNet-trained network and T2-trained network

across R=4-10 are listed in Table 3.9. Following fine-tuning, the average differ-

ences in (PSNR, SSIM) across R between ImageNet T2-trained networks diminish

from (2.48dB, 2.00%) to (0.79dB, 0.50%).
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3.4 Discussion

Neural networks for MRI reconstruction involve many free parameters to be

learnt, so an extensive amount of training samples is typically needed [97]. In

theory, network performance should be optimized by drawing the training and

testing samples from the same domain, acquired under a common MRI proto-

col. In practice, however, compiling large public datasets can require coordinated

efforts among multiple imaging centers, and so such datasets are rare. As an al-

ternative, several recent studies trained neural networks on a collection of multi-

contrast images [14]. When needed, data augmentation procedures were used to

further expand the training dataset [53, 4]. While these approaches gather more

samples for training, it remains unclear how well a network trained on images ac-

quired with a specific type of tissue contrast generalizes to images acquired with

different contrasts. Thus, variability in MR contrasts can lead to suboptimal

reconstruction performance.

Here, we first questioned the generalizability of neural network models across

different contrasts. We find that a network trained on MR images of a given

contrast (e.g. T1-weighted) yields suboptimal reconstructions on images of a

different contrast (e.g. T2-weighted). This confirms that the best strategy is to

train and test networks in the same domain. Yet, it may not be always feasible to

gather a large collection of images from a desired contrast. To address the problem

of data scarcity, we proposed a transfer-learning approach for accelerated MRI.

The proposed approach trains neural networks using training samples from a large

public dataset of natural images. The network is then fine-tuned end-to-end using

only few tens of MR images. Reconstructions obtained via the ImageNet-trained

network are of nearly identical quality to reconstructions obtained by networks

trained directly in the testing domain using thousands of MR images.

In the current study, we proposed an explicit domain transfer approach, where

networks are initially trained using a large number of images in a source do-

main, and then fine-tuned using fewer samples in the target domain. If the

source and target domains were structurally dissimilar, the domain-transferred
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networks would not be expected to perform successfully in the target domain.

Note that previous studies reported natural and MR images to have similar early-

to-intermediate visual features [70], and to have similar energy spectrums in the

Fourier domain [1, 98]. Thus, the comparable performance of domain-transferred

and target-domain networks here can be attributed to such shared visual features.

In T1 reconstructions, we observed that the ImageNet-trained and T2-trained net-

works performed similarly at R= (8, 10), yet the ImageNet-trained network was

superior at relatively low R= (4, 6). At high R, high-spatial-frequency samples

in the target domain are largely missing, and the networks aim to synthesize

missing samples primarily based on low-frequency samples. Thus, the general

similarity of energy spectrums between natural and MR images might lead to

similar performance for ImageNet- and T2-trained networks. At low R, however,

additional high-frequency information is available in the target domain, and suc-

cess of implicit domain transfer might rely more critically on the similarity of

high-frequency structure between source and target domains. In the datasets

reported here, natural and T1-weighted images have sharper object boundaries,

whereas T2-weighted images have broadened tissue transitions. This difference

might have contributed to the superior performance of the ImageNet-trained net-

work at low R. Please also note that, in T2 reconstructions, T1-trained networks

were superior to ImageNet-trained network at all acceleration factors. These

results suggest that T2-weighted images are structurally closer to T1-weighted

images than to natural images.

Here we demonstrated successful domain transfer from natural images to brain

MR images. A future research direction is to examine the success of this ap-

proach for domain transfer between MR images of different organs. In these

images, the anatomy of interest might occupy different portions of the field of

view (FOV) due to inherent shape and size differences among organs. These

differences might in turn limit reconstruction performance of domain-transferred

networks. That said, our domain-transfer experiments from natural to MR images

indicate that such performance loss is not significant. In the single-coil magni-

tude case, we demonstrated successful domain transfer with ImageNet-trained

networks that were trained on natural images spanning across the entire FOV.
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This result implies that the proposed transfer learning approach should generalize

well between images of different organs. Here the propsoed approach was mainly

demonstrated for structural MR imaging. Another possible avenue of the future

research can be to apply domain transfer for other applications such as functional

[99, 100, 101, 102, 103, 104, 105, 106, 107] and diffusion MRI [108, 109].

An important concern for complex models trained on relatively restricted

datasets is overfitting. Several precautions were employed here to minimize po-

tential bias due to overfitting. First, a limited learning rate was used to fine-tune

domain-transferred networks in the target domain to limit the range of parame-

ter updates. Second, early stopping based on validation errors were used in both

training and fine-tuning phases. Lastly, a cross-validation procedure was used

with a three-way split of training/validation and test data, where test data are

exclusively reserved for assessment of model performance. Note that the high

performance of domain-transferred networks reported here imply that networks

are not unduly biased by overfitting.

Another important concern is characteristic failures of domain-transferred net-

works such as hallucination of features from the source domain. Hallucination

poses an important limitation particularly for generative network architectures

designed to draw new samples of data from a learned distribution[110, 111]. Un-

like generative models, the deterministic CNN architectures are considered less

prone to hallucination, and no significant hallucination was observed in the re-

constructions reported here. However, reconstruction artifacts were visible for

networks under implicit domain transfer, and these artifacts were alleviated fol-

lowing fine-tuning in the target domain.

Several recent studies have considered domain transfer to enhance performance

in NN-based MRI reconstruction [15, 16, 13, 70, 112]. A group of studies have

aimed to perform implicit domain transfer across MRI contrasts without fine-

tuning. One proposed method was to train networks on MR images in a given

contrast, and then to directly use the trained networks on images of different

contrasts [13]. While this method yields successful reconstructions, our results
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suggest that network performance can be further boosted with additional fine-

tuning in the testing domain. Another method to enhance generalizability was to

compound datasets containing a mixture of distinct MRI contrasts during network

training [15]. This approach enforces the network to better adapt to variations in

tissue contrast. Yet, in the absence of contrast-specific fine-tuning, networks may

deliver suboptimal performance for some individual contrasts. A recent study

proposed implicit domain transfer from natural images to MR images [112]. Our

study differs from [112] in several ways. A. We propose explicit domain transfer

via end-to-end fine tuning in the target domain, which is shown to significantly

enhance success of domain-transferred networks. B. We introduce pretraining and

domain-transfer approaches capable of reconstructing multi-coil MRI data. C.

Unlike [112] where the number of training samples was 118k in the natural-image

domain versus 0.3k-1k in the MRI domain, here we maintain comparable sizes

of training data across different domains with the ratio of natural to MR images

ranging in [1 5.5]. D. Unlike [112] that reports domain-transferred networks to

occasionally outperform networks trained in the target domain, networks obtained

via implicit domain transfer perform sub-optimally in all cases examined here.

This apparent contradiction might be attributed to the differences in the relative

size of training data between the natural image and MRI domains.

A second group of studies have attempted explicit domain transfer across train-

ing and testing domains via fine-tuning. A recent proposed method trained a deep

residual network to remove streaking artifacts from CT images, and the trained

network was then used to suppress aliasing artifacts in projection-reconstruction

MRI [16]. This method leverages the notion that the characteristic structure of

artifacts due to polar sampling should be similar in CT and MRI. Here, we con-

sidered random sampling patterns on a Cartesian grid, and therefore, the domain

transfer method proposed in [16] is not directly applicable to our reconstructions

that possess incoherent artifacts. Similar idea can be extended to randomm sam-

pling patterns on a non-Cartesian grid nonethless by passing the image through

a gridding module prior to feedin it to the network [113, 114]. Another recent,

independent effort examined the reliability of reconstructions from a variational
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network to deviations in undersampling patterns and SNR between the train-

ing and testing domains [70]. Mismatch in patterns or SNR between the two

domains caused suboptimal performance even for modest acceleration factors.

They also assessed the generalization capability by performing implicit domain

transfer between PD-weighted knee images with and without fat suppression. A

network trained on PD-weighted knee images without fat suppression was ob-

served to yield relatively poor reconstructions of images with fat suppression and

vice versa. Consistent with these observations, we also find that, without fine-

tuning, networks trained on MR images of a given contrast (e.g. T1-weighted)

do not generalize well to images of a different contrast (e.g. T2-weighted). That

said, a distinct contribution of our work was to address the issue of data scarcity

by training a network in a domain with ample data, and transferring the network

to a domain with fewer samples.

An alternative approach proposed to train neural networks for MRI recon-

struction with small datasets is Robust artificialneuralnetworks for kspace inter-

polation, RAKI [11]. This previous method aims to train a neural network for

each individual subject that learns to synthesize missing k-space samples from

acquired data. Unlike traditional k-space parallel imaging methods [75, 115], a

nonlinear interpolation kernel was estimated from central calibration data. Such

nonlinear interpolation was shown to boost reconstruction performance beyond

linear methods. However, RAKI might yield suboptimal performance when the

optimal interpolation kernel shows considerable variation across k-space. Our

proposed architecture for multi-coil reconstructions leverages a linear interpola-

tion kernel, so the output of calibration-consistency blocks in our network can

manifest similar reconstruction errors. Yet, the remaining CNN blocks are trained

to recover fully-sampled reference images given images with residual artifacts at

the output of CC blocks.

Here, we demonstrated domain transfer based on a cascade architecture with

multiple CNNs interleaved with data- and calibration-consistency blocks. The

proposed approach might facilitate the use of neural networks for MRI reconstruc-

tion in applications where data are relatively scarce. It might also benefit other

types of architectures that have been proposed for accelerated MRI [8, 14, 69],
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in particular architectures that require extensive datasets for adequate training

[4, 5]. Here, the calibration-consistency projections were based on the SPIRiT

method. These projections can also be replaced with other k-space methods for

parallel imaging such as GRAPPA or RAKI. Note that the current study ex-

amined the generalization capability of networks trained on natural images to

T1-weighted and T2-weighted images of the brain. ImageNet-trained networks

could also be beneficial for reconstruction of MR images acquired with more spe-

cialized contrasts such as angiograms, and images acquired in other body parts.
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Table 3.2: Quality of recovered single-coil magnitude T1-weighted images

R=4

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 34.92 3.57 0.96 0.02 36.01 3.17 0.97 0.02 34.11 3.64 0.95 0.03
Tuned 36.06 3.10 0.97 0.01 36.47 3.27 0.97 0.01 36.22 3.13 0.97 0.02

CS Limited
PSNR SSIM PSNR SSIM

31.77 3.51 0.92 0.03 29.79 3.95 0.93 0.03

R=6

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 31.97 3.33 0.94 0.02 33.49 3.29 0.95 0.02 31.27 3.78 0.93 0.04
Tuned 33.53 3.02 0.95 0.02 33.99 3.29 0.96 0.02 33.71 3.17 0.96 0.02

CS Limited
PSNR SSIM PSNR SSIM

29.71 3.52 0.89 0.04 27.02 4.35 0.90 0.05

R=8

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.78 3.75 0.92 0.03 31.64 3.37 0.94 0.03 29.72 3.75 0.91 0.05
Tuned 32.56 3.15 0.95 0.02 32.32 3.36 0.95 0.03 32.39 3.45 0.95 0.02

CS Limited
PSNR SSIM PSNR SSIM

28.56 3.53 0.88 0.05 24.02 4.46 0.85 0.07

R=10

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 28.52 3.86 0.91 0.04 30.50 3.37 0.93 0.03 28.70 3.70 0.90 0.05
Tuned 30.37 3.34 0.93 0.03 31.12 ± 3.38 0.94 ± 0.03 30.78 ± 3.14 0.93 ± 0.03

CS Limited
PSNR SSIM PSNR SSIM

27.98 ± 3.49 0.87 ± 0.05 21.45 ± 4.52 0.79 ± 0.08

Reconstruction quality for single-coil magnitude T1-weighted images undersampled at R= 4, 6,
8, 10. Reconstructions were performed via ImageNet-trained, T1-trained, T2-trained and lim-
ited networks. PSNR and SSIM values are reported as mean±standard deviation across test
images. Results are shown for raw networks trained on 2000 training images (raw), and fine-
tuned networks tuned with few tens of T1-weighted images (tuned).
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Table 3.3: Quality of recovered single-coil magnitude T1-weighted images

R=4

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 34.92 ±3.57 0.96 ± 0.02 36.01 ± 3.17 0.97 ± 0.02 34.11 ± 3.64 0.95 ± 0.03
Tuned 36.62 ± 3.28 0.97± 0.01 37.08 ± 3.28 0.97 ± 0.01 36.93 ± 3.30 0.97 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

31.77 ± 3.51 0.92 ± 0.03 35.32± 2.96 0.97 ± 0.01

R=6

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 31.97 ± 3.33 0.94 ± 0.02 33.49 ± 3.29 0.95 ± 0.02 31.27 ± 3.78 0.93 ± 0.04
Tuned 34.03 ± 3.27 0.96± 0.02 34.32 ± 3.40 0.96 ± 0.02 34.36 ± 3.38 0.96 ± 0.02

CS Limited
PSNR SSIM PSNR SSIM

29.71 ± 3.52 0.89 ± 0.04 32.35 ± 3.34 0.95 ± 0.02

R=8

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.78 ± 3.75 0.92 ± 0.03 31.64± 3.37 0.94 ± 0.03 29.72 ± 3.75 0.91 ± 0.05
Tuned 32.98 ± 3.20 0.95 ± 0.02 32.50 ± 3.47 0.95 ± 0.03 32.82 ± 3.39 0.95 ± 0.02

CS Limited
PSNR SSIM PSNR SSIM

28.56 ± 3.53 0.88 ± 0.05 29.54 ± 3.70 0.92 ± 0.03

R=10

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 28.52 ± 3.86 0.91 ± 0.04 30.50 ± 3.37 0.93 ± 0.03 28.70 ± 3.70 0.90 ± 0.05
Tuned 31.26 ± 3.41 0.93 ± 0.02 31.72 ± 3.40 0.94 ± 0.02 31.65 ± 3.29 0.94 ± 0.02

CS Limited
PSNR SSIM PSNR SSIM

27.98 ± 3.49 0.87 ± 0.05 29.00 ± 3.66 0.91 ± 0.04

Reconstruction quality for single-coil magnitude T1-weighted images undersampled at R=
4, 6, 8, 10. Reconstructions were performed via ImageNet-trained, T1-trained, T2-trained
and limited networks, as well as conventional CS. PSNR and SSIM values are reported as
mean±standard deviation across test images. Results are shown for raw networks trained
on 2000 training images (raw), and fine-tuned networks tuned with 100 T1-weighted images
(tuned).
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Table 3.4: Quality of recovered single-coil magnitude T1-weighted images

R=4

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 33.43 ± 1.52 0.95 ± 0.01 34.29 ± 1.54 0.96 ± 0.01 34.99 ± 1.40 0.97 ± 0.01
Tuned 35.37 ± 1.38 0.97 ± 0.01 35.79 ± 1.38 0.97 ± 0.01 35.69 ± 1.38 0.97 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

29.79 ± 1.51 0.90 ± 0.02 33.89 ± 1.51 0.96 ± 0.01

R=6

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 31.41 ± 1.38 0.93 ± 0.01 31.94± 1.47 0.94 ± 0.01 32.43 ± 1.37 0.95 ± 0.01
Tuned 32.96 ± 1.36 0.95 ± 0.01 33.19 ± 1.38 0.95 ± 0.01 33.41 ± 1.38 0.96 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

27.71 ± 1.54 0.87 ± 0.02 32.11 ± 1.35 0.94 ± 0.031

R=8

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.99 ± 1.35 0.92 ± 0.02 30.45 ± 1.45 0.93 ± 0.02 31.11 ± 1.32 0.94 ± 0.02
Tuned 31.75 ± 1.34 0.94 ± 0.01 31.58 ± 1.38 0.94 ± 0.01 31.92 ± 1.34 0.94 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

26.74 ± 1.55 0.85 ± 0.03 30.67 ± 1.33 0.93 ± 0.01

R=10

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.04 ± 1.36 0.91 ± 0.02 29.43 ± 1.40 0.91 ± 0.02 30.25 ± 1.28 0.93 ± 0.02
Tuned 30.84 ± 1.30 0.93 ± 0.02 30.92 ± 1.33 0.93 ± 0.02 31.05 ± 1.34 0.94 ± 0.02

CS Limited
PSNR SSIM PSNR SSIM

26.16 ± 1.54 0.83 ± 0.03 28.53 ± 1.35 0.90 ± 0.02

Reconstruction quality for single-coil magnitude T2-weighted images undersampled at R=
4, 6, 8, 10. Reconstructions were performed via ImageNet-trained, T1-trained, T2-trained
and limited networks, as well as conventional CS. PSNR and SSIM values are reported as
mean±standard deviation across test images. Results are shown for raw networks trained on
2000 training images (raw), and fine-tuned networks tuned with few tens of T2-weighted images
(tuned).
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Table 3.5: Quality of recovered single-coil magnitude T2-weighted images

R=4

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 33.43 ± 1.52 0.95 ± 0.01 34.29 ± 1.54 0.96 ± 0.01 34.99 ± 1.40 0.97 ± 0.01
Tuned 35.68 ± 1.37 0.97 ± 0.01 36.22 ± 1.36 0.97 ± 0.01 36.09 ± 1.37 0.97 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

29.79 ± 1.51 0.90 ± 0.02 35.25 ± 1.40 0.97 ± 0.01

R=6

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 31.41 ± 1.38 0.93 ± 0.01 31.94± 1.47 0.94 ± 0.01 32.43 ± 1.37 0.95 ± 0.01
Tuned 33.22 ± 1.34 0.95 ± 0.01 33.53 ± 1.37 0.96 ± 0.01 33.70 ± 1.36 0.96 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

27.71 ± 1.54 0.87 ± 0.02 32.35 ± 1.42 0.95 ± 0.01

R=8

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.99 ± 1.35 0.92 ± 0.02 30.45 ± 1.45 0.93 ± 0.02 31.11 ± 1.32 0.94 ± 0.02
Tuned 32.23 ± 1.35 0.95 ± 0.01 32.00 ± 1.37 0.94 ± 0.01 32.31 ± 1.35 0.95 ± 0.01

CS Limited
PSNR SSIM PSNR SSIM

26.74 ± 1.55 0.85 ± 0.03 30.78 ± 1.32 0.93 ± 0.01

R=10

ImageNet-trained T1-trained T2-trained
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 29.04 ± 1.36 0.91 ± 0.02 29.43 ± 1.40 0.91 ± 0.02 30.25 ± 1.28 0.93 ± 0.02
Tuned 31.19 ± 1.29 0.94 ± 0.01 31.22 ± 1.34 0.94 ± 0.02 31.31 ± 1.32 0.94 ± 0.02

CS Limited
PSNR SSIM PSNR SSIM

26.16 ± 1.54 0.83 ± 0.03 30.79 ± 1.32 0.93 ± 0.02

Reconstruction quality for single-coil magnitude T2-weighted images undersampled at R= 4, 6,
8, 10. Reconstructions were performed via ImageNet-trained, T1-trained, T2-trained and lim-
ited networks, as well as conventional CS. PSNR and SSIM values are reported as meanstan-
dard deviation across test images. Results are shown for raw networks trained on 2000 training
images (raw), and fine-tuned networks tuned with 100 T2-weighted images (tuned).
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Table 3.6: Quality of recovered multi-coil complex T1-weighted images

R=4

ImageNet-trained T1-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 43.48±1.89 0.984±.006
45.36±1.75 0.989±.004 44.60±1.75 0.987±.004

Tuned 44.82±1.77 0.989±.004

R=6

ImageNet-trained T1-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 39.77±1.84 0.968±.010
42.06±1.85 0.981±.006 40.62±1.73 0.975±.007

Tuned 41.72±1.87 0.980±.007

R=8

ImageNet-trained T1-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 36.64±1.66 0.951±.014
39.14±1.75 0.971±.009 37.11±1.71 0.961±.012

Tuned 38.50±1.77 0.969±.010

R=10

ImageNet-trained T1-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 34.46±1.59 0.941±.016
36.19±1.85 0.960±.012 34.23±1.72 0.948±.017

Tuned 35.24±1.82 0.957±.013

Reconstruction quality for multi-coil complex T1-weighted images undersampled at R= 4, 6, 8,
10. Reconstructions were performed via ImageNet-trained and T1-trained networks as well as
SPIRiT. PSNR and SSIM values are reported as mean±standard deviation across test images.
Results are shown for raw networks trained on 2000 training images (raw), and fine-tuned net-
works tuned with few tens of T1-weighted images (tuned).

Table 3.7: Quality of recovered multi-coil complex T2-weighted images

R=4

ImageNet-trained T2-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 51.06 ± 3.20 0.995±.004
53.08±3.00 0.997±.002 52.61±3.15 0.997±.003

Tuned 52.77 ± 2.92 0.997±.002

R=6

ImageNet-trained T2-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 44.07±2.98 0.984±.011
47.46±2.55 0.992±.006 45.88±3.04 0.987±.021

Tuned 47.00±2.48 0.992±.006

R=8

ImageNet-trained T2-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 40.31±2.16 0.974±.017
42.71±1.98 0.984±.010 40.06±3.43 0.966±.075

Tuned 42.31±1.86 0.983±.011

R=10

ImageNet-trained T2-trained SPIRiT
PSNR SSIM PSNR SSIM PSNR SSIM

Raw 37.91±1.52 0.967±.019
39.41±1.49 0.975±.015 36.54±2.87 0.953±.077

Tuned 39.10±1.44 0.974±.015

Reconstruction quality for multi-coil complex T2-weighted images undersampled at R= 4, 6, 8,
10. Reconstructions were performed via ImageNet-trained and T2-trained networks as well as
SPIRiT. PSNR and SSIM values are reported as mean±standard deviation across test images.
Results are shown for raw networks trained on 2000 training images (raw), and fine-tuned net-
works tuned with few tens of T2-weighted images (tuned).
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Table 3.8: Quality of recovered single-coil complex T1-weighted images

R=4

ImageNet-trained T1-trained
PSNR SSIM PSNR SSIM

Raw 31.64±2.38 0.91±0.04
36.31±1.83 0.95±0.02

Tuned 34.32±1.92 0.94±0.02

R=6

ImageNet-trained T1-trained
PSNR SSIM PSNR SSIM

Raw 28.66±2.11 0.87±0.05
32.91±1.82 0.93±.02

Tuned 31.35±1.84 0.92±0.02

R=8

ImageNet-trained T1-trained
PSNR SSIM PSNR SSIM

Raw 26.98±2.06 0.85±0.05
31.07±2.00 0.92±0.03

Tuned 29.95±2.03 0.91±0.03

R=10

ImageNet-trained T1-trained
PSNR SSIM PSNR SSIM

Raw 26.07±2.34 0.84±0.05
29.98±2.06 0.91±0.03

Tuned 28.07±2.32 0.89±0.04

Reconstruction quality for single-coil complex T1-weighted images undersampled at R= 4, 6,
8, 10. Reconstructions were performed via ImageNet-trained and T1-trained networks. PSNR
and SSIM values are reported as mean±standard deviation across test images. Results are
shown for raw networks trained on 2000 training images (raw), and fine-tuned networks tuned
with few tens of T1-weighted images (tuned).
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Table 3.9: Quality of recovered single-coil complex T2-weighted images

R=4

ImageNet-trained T2-trained
PSNR SSIM PSNR SSIM

Raw 35.75±1.69 0.95±0.03
38.41±1.73 0.97±0.02

Tuned 37.27±1.65 0.96±0.02

R=6

ImageNet-trained T2-trained
PSNR SSIM PSNR SSIM

Raw 32.48±1.76 0.93±0.03
35.55±1.49 0.95±0.02

Tuned 34.75±1.50 0.95±0.02

R=8

ImageNet-trained T2-trained
PSNR SSIM PSNR SSIM

Raw 31.97±1.62 0.92±0.03
33.84±1.42 0.94±0.03

Tuned 32.95±1.62 0.93±0.03

R=10

ImageNet-trained T2-trained
PSNR SSIM PSNR SSIM

Raw 30.57±1.66 0.91±0.03
32.87±1.40 0.93±0.03

Tuned 32.55±1.42 0.93±0.03

Reconstruction quality for single-coil complex T2-weighted images undersampled at R= 4, 6,
8, 10. Reconstructions were performed via ImageNet-trained and T2-trained networks. PSNR
and SSIM values are reported as mean±standard deviation across test images. Results are
shown for raw networks trained on 2000 training images (raw), and fine-tuned networks tuned
with few tens of T2-weighted images (tuned).
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Chapter 4

Image Synthesis in

Multi-Contrast MRI With

Conditional Generative

Adversarial Networks

The contents of this chapter reflect the work reported in the following publica-

tion:

• S. U. H. Dar, M. Yurt, L. Karacan, A. Erdem, E. Erdem, and T. Çukur,

“Image synthesis in multi-contrast MRI with conditional generative adver-

sarial networks,” IEEE Transactions on Medical Imaging, vol. 38, no. 10,

pp. 2375–2388, 2019

4.1 Introduction

Magnetic resonance imaging (MRI) is pervasively used in clinical applications

due to the diversity of contrasts it can capture in soft tissues. Tailored MRI
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pulse sequences enable the generation of distinct contrasts while imaging the same

anatomy. For instance, T1-weighted brain images clearly delineate gray and white

matter tissues, whereas T2-weighted images delineate fluid from cortical tissue. In

turn, multi-contrast images acquired in the same subject increase the diagnostic

information available in clinical and research studies. However, it may not be pos-

sible to collect a full array of contrasts given considerations related to the cost of

prolonged exams and uncooperative patients, particularly in pediatric and elderly

populations [116]. In such cases, acquisition of contrasts with relatively shorter

scan times might be preferred. Even then a subset of the acquired contrasts can be

corrupted by excessive noise or artifacts that prohibit subsequent diagnostic use

[117]. Moreover, cohort studies often show significant heterogeneity in terms of

imaging protocol and the specific contrasts that they acquire [118]. Thus, the abil-

ity to synthesize missing or corrupted contrasts from other successfully acquired

contrasts has potential value for enhancing multi-contrast MRI by increasing

availability of diagnostically-relevant images, and improving analysis tasks such

as registration and segmentation [119]. Cross-domain synthesis of medical images

has recently been gaining popularity in medical imaging. Given a subjects image

x in X (source domain), the aim is to accurately estimate the respective image

of the same subject y in Y (target domain). Two main synthesis approaches

are registration-based [120, 121, 122] and intensity-transformation-based meth-

ods [123, 124, 21, 125, 126, 127, 128, 23, 129, 130, 131, 24, 26, 25, 22, 132, 133].

Registration-based methods start by generating an atlas based on a co-registered

set of images, x1 and y1, respectively acquired in X and Y [5]. These meth-

ods further make the assumption that within-domain images from separate sub-

jects are related to each other through a geometric warp. For synthesizing y2

from x2, the warp that transforms x1 to x2 is estimated, and this warp is then

applied on y1. Since they only rely on geometric transformations, registration-

based methods that rely on a single atlas can suffer from across-subject dif-

ferences in underlying morphology [132]. For example, inconsistent pathology

across a test subject and the atlas can cause failure. Multi-atlas registration

in conjunction with intensity fusion can alleviate this limitation, and has been
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successfully used in synthesizing CT from MR images [121, 122]. Neverthe-

less, within-domain registration accuracy might still be limited even in nor-

mal subjects [132]. An alternative is to use intensity-based methods that do

not rely on a strict geometric relationship among different subjects anatomies

[123, 124, 21, 125, 126, 127, 128, 23, 129, 130, 131, 24, 26, 25, 22, 132, 133]. One

powerful approach for multi-contrast MRI is based on the compressed sensing

framework, where each patch in the source image x2 is expressed as a sparse

linear combination of patches in the atlas image x1 [21, 22]. The learned sparse

combinations are then applied to estimate patches in y2 from patches in y1. To im-

prove matching of patches across domains, generative models were also proposed

that use multi-scale patches and tissue segmentation labels [129, 131]. Instead

of focusing on linear models, recent studies aimed to learn more general non-

linear mappings that express individual voxels in y1 in terms of patches in x1,

and then predict y2 from x2 based on these mappings. Nonlinear mappings are

learned on training data via techniques such as nonlinear regression [123, 124, 132]

or location-sensitive neural networks [24]. An important example is Replica that

performs random forest regression on multiresolution image patches [132]. Replica

demonstrates great promise in multi-contrast MR image synthesis. However, dic-

tionary construction at different spatial scales is independent, and the predictions

from separate random forest trees are averaged during synthesis. These may lead

to loss of detailed structural information and suboptimal synthesis performance.

Recently an end-to-end framework for MRI image synthesis has been proposed,

Multimodal, based on deep neural networks [25]. Multimodal trains a neural net-

work that receives as input images in multiple source contrasts and predicts the

image in the target contrast. This method performs multiresolution dictionary

construction and image synthesis in a unified framework, and it was demonstrated

to yield higher synthesis quality compared to non-network-based approaches even

when only a subset of the source contrasts is available. That said, Multimodal

assumes the availability of spatially-registered multi-contrast images. In addition,

Multimodal uses mean absolute error loss functions that can perform poorly in

capturing errors towards higher spatial frequencies [134, 135, 136].

Here we propose a novel approach for image synthesis in multi-contrast MRI
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Figure 4.1: The pGAN method is based on a conditional adversarial network with
a generator G, a pre-trained VGG16 network V, and a discriminator D. Given
an input image in a source contrast (e.g., T1-weighted), G learns to generate the
image of the same anatomy in a target contrast (e.g., T2-weighted). Meanwhile,
D learns to discriminate between synthetic (e.g., T1-G(T1)) and real (e.g., T1-
T2) pairs of multi-contrast images. Both subnetworks are trained simultaneously,
where G aims to minimize a pixel-wise, a perceptual and an adversarial loss
function, and D tries to maximize the adversarial loss function.

based on generative adversarial network (GAN) architectures. Adversarial loss

functions have recently been demonstrated for various medical imaging applica-

tions with reliable capture of high-frequency texture information [137, 138, 139,

140, 141, 142, 143, 144, 145, 146, 147, 148, 149, 150, 151, 5, 3, 4, 152, 153, 154].

In the domain of cross-modality image synthesis, important applications include

CT to PET synthesis [138, 149], MR to CT synthesis [135, 142, 147, 151, 154],

CT to MR synthesis [145], and retinal vessel map to image synthesis [144, 150].

Inspired by this success, here we introduce conditional GAN models for synthe-

sizing images of distinct contrasts from a single modality, with demonstrations on

multi-contrast brain MRI in normal subjects and glioma patients. For improved

accuracy, the proposed method also leverages correlated information across neigh-

boring cross-sections within a volume. Two implementations are provided for use

when multi-contrast images are spatially registered (pGAN) and when they are

unregistered (cGAN). For the first scenario, we train pGAN with pixel-wise loss
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Figure 4.2: The cGAN method is based on a conditional adversarial network
with two generators (GT1 , GT2) and two discriminators (DT1 , DT2). Given a
T1-weighted image, GT2 learns to generate the respective T2-weighted image of
the same anatomy that is indiscriminable from real T2-weighted images of other
anatomies, whereas DT2 learns to discriminate between synthetic and real T2-
weighted images. Similarly, GT1 learns to generate realistic a T1-weighted image
of an anatomy given the respective T2-weighted image, whereas DT1 learns to
discriminate between synthetic and real T1-weighted images. Since the discrim-
inators do not compare target images of the same anatomy, a pixel-wise loss
cannot be used. Instead, a cycle-consistency loss is utilized to ensure that the
trained generators enable reliable recovery of the source image from the generated
target image.
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and perceptual loss between the synthesized and true images (Fig. 4.1) [134, 111].

For the second scenario, we train cGAN after replacing the pixel-wise loss with a

cycle loss that enforces the ability to reconstruct back the source image from the

synthesized target image (Fig. 4.2) [155]. Extensive evaluations are presented

on multi-contrast MRI images (T1- and T2-weighted) from healthy normals and

glioma patients. The proposed approach yields visually and quantitatively en-

hanced accuracy in multi-contrast MRI synthesis compared to state-of-the-art

methods (Replica and Multimodal) [25, 132].

4.2 Methods

4.2.1 Image Synthesis via Adversarial Networks

Generative adversarial networks are neural-network architectures that consist of

two sub-networks; G, a generator and D, a discriminator. G learns a mapping

from a latent variable z (typically random noise) to an image y in a target domain,

and D learns to discriminate the generated image G(z) from the real image y

[110]. During training of a GAN, both G and D are learned simultaneously, with

G aiming to generate images that are indistinguishable from the real images,

and D aiming to tell apart generated and real images. To do this, the following

adversarial loss function (LGAN) can be used:

LGAN(G,D) = Ey[logD(y)] + Ez[log(1−D(G(z)))] (4.1)

where E denotes expected value. G tries to minimize and D tries to maximize the

adversarial loss that improves modeling high-spatial-frequency information [135].

Both G and D are trained simultaneously. Upon convergence, G is capable of

producing realistic counterfeit images that D cannot recognize [110]. To further

stabilize the training process, the negative log-likelihood cost for adversarial loss

in Eq. 4.1 can be replaced by a squared loss [156]:

LGAN(G,D) = −Ey[(D(y)− 1)2]− Ez[D(G(z))2] (4.2)
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Recent studies in computer vision have demonstrated that GANs are very effec-

tive in image-to-image translation tasks [111, 155]. Image-to-image translation

concerns transformations between different representations of the same underly-

ing visual scene [111]. These transformations can be used to convert an image

between separate domains, e.g., generating semantic segmentation maps from im-

ages, colored images from sketches, or maps from aerial photos [111, 157, 158].

Traditional GANs learn to generate samples of images from noise. However, in

image-to-image translation, the synthesized image has statistical dependence on

the source image. To better capture this dependency, conditional GANs can be

employed that receive the source image as an additional input [159]. The resulting

network can then be trained based on the following adversarial loss function:

LcondGAN(G,D) = −Ex,y[(D(x, y)− 1)2]− Ex,z[D(x,G(x, z))2] (4.3)

where x denotes the source image. An analogous problem to image-to-image

translation tasks in computer vision exists in MR imaging where the same

anatomy is acquired under multiple different tissue contrasts (e.g., T1- and T2-

weighted images). Inspired by the recent success of adversarial networks, here we

employed conditional GANs to synthesize MR images of a target contrast given

as input an alternate contrast. For a comprehensive solution, we considered two

distinct scenarios for multi-contrast MR image synthesis. First, we assumed that

the images of the source and target contrasts are perfectly registered. For this

scenario, we propose pGAN that incorporates a pixel-wise loss into the objective

function as inspired by the pix2pix architecture [111]:

LL1(G) = Ex,y,z[||y −G(x, z)||1] (4.4)

where LL1 is the pixel-wise L1 loss function. Since the generator G was observed

to ignore the latent variable in pGAN, the latent variable was removed from the

model. Recent studies suggest that incorporation of a perceptual loss during net-

work training can yield visually more realistic results in computer vision tasks.

Unlike loss functions based on pixel-wise differences, perceptual loss relies on dif-

ferences in higher feature representations that are often extracted from networks

pre-trained for more generic tasks [134]. A commonly used network is VGG-net

trained on the ImageNet [88] dataset for object classification. Here, following

80



[134], we extracted feature maps right before the second max-pooling operation

of VGG16 pre-trained on ImageNet. The resulting loss function can be written

as:

Lperc(G) = Ex,y[||V (y)− V (G(x))||1] (4.5)

where V is the set of feature maps extracted from VGG16. To synthesize each

cross-section y from x we also leveraged correlated information across neighbor-

ing cross-sections by conditioning the networks not only on x but also on the

neighboring cross-sections of x. By incorporating the neighboring cross-sections

Eqs. 4.3, 4.4 , and 4.5 become:

LcondGAN−k(D,G) = −Exk,y[(D(xk, y)− 1)2]− Exk,z[D(xk, G(xk))
2] (4.6)

LL1k(G) = Exk,y[||y −G(xk)||1] (4.7)

Lperck(G) = Exk,y[||V (y)− V (G(xk))||1] (4.8)

where xk = [x−b k2c, . . . , x−2, x−1, x, x−1, x−2, . . . , x+b k2c] is a vector consisting of

k consecutive cross-sections ranging from −
⌊
k
2

⌋
to
⌊
k
2

⌋
, with the cross section x

in the middle, and LcondGAN−k and LL1−k are the corresponding adversarial and

pixel-wise loss functions. This yields the following aggregate loss function:

LpGAN(D,G) = LcondGAN−k(D,G) + λLL1k(G) + λpercLperck(G) (4.9)

where LpGAN is the complete loss function, λ controls the relative weighing of the

pixel-wise loss and λperc controls the relative weighing of the perceptual loss. In

the second scenario, we did not assume any explicit registration between the im-

ages of the source and target contrasts. In this case, the pixel-wise and perceptual

losses cannot be leveraged since images of different contrasts are not necessarily

spatially aligned. To limit the number of potential solutions for the synthesized

image, here we proposed cGAN that incorporates a cycle-consistency loss as in-

spired by the cycleGAN architecture [155]. The cGAN method consists of two

generators (Gx,Gy) and two discriminators (Dx,Dy). Gy tries to generate Gy(x)

that looks similar to y and Dy tries to distinguish Gy(x) from the images y. On
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the other hand, Gx tries to generate Gx(y) that looks similar to x and Dx tries

to distinguish Gx(y) from the images x. This architecture incorporates an addi-

tional loss to ensure that the input and target images are consistent with each

other, called the cycle consistency loss Lcycle:

Lcycle(Gx, Gy) = Ex[||y −Gx(Gy(x))||1] + Ey[||y −Gy(Gx(y))||1] (4.10)

This loss function enforces that property that after projecting the source images

onto the target domain, the source image can be re-synthesized with minimal loss

from the projection. Lastly, by incorporating the neighboring cross-sections, the

cycle consistency and adversarial loss functions become:

Lcycle−k(Gx, Gy) = Exk [||xk −Gx(Gy(xk))||1] + Eyk [||yk −Gy(Gx(yk))||1] (4.11)

LGAN−k(Dy, Gy) = −Eyk [(Dy(yk)− 1)2]− Exk [Dy(Gy(xk))
2] (4.12)

This yields the following aggregate loss function for training:

LcGAN(Dx, Dy, Gx, Gy) = LGAN−k(Dx, Gx) + LGAN−k(Dy, Gy)+

λcycleLcycle−k(Gx, Gy)
(4.13)

where LcGAN is the complete loss function, and λcycle controls the relative weigh-

ing of the cycle consistency loss. While training both pGAN and cGAN, we

made a minor modification in the adversarial loss function. As implemented in

[155], the generator was trained to minimize Exk [(D (xk, G (xk))− 1)2] instead of

−Exk [(D (xk, G (xk)))
2].

4.2.2 MRI Datasets

For registered images, we trained both pGAN and cGAN models. For unregis-

tered images, we only trained cGAN models. The experiments were performed

on three separate datasets: the MIDAS dataset [87], the IXI dataset (http:

//brain-development.org/ixi-dataset/) and the BRATS dataset (https:

//sites.google.com/site/braintumorsegmentation/home/brats2015). MI-

DAS and IXI datasets contained data from healthy subjects, whereas the BRATS
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dataset contained data from patients with structural abnormality (i.e., brain tu-

mor). For each dataset, subjects were sequentially selected in the order that they

were shared on the public databases. Subjects with images containing severe

motion-artifacts across the volume were excluded from selection. The selected

set of subjects were then sequentially split into training, validation and testing

sets. Protocol information for each dataset is described below.

MIDAS dataset: T1- and T2-weighted images from 66 subjects were analyzed,

where 48 subjects were used for training, 5 were used for validation and 13 were

used for testing. From each subject, approximately 75 axial cross sections that

contained brain tissue and that were free of major artifacts were manually se-

lected. T1-weighted images: 3D gradient-echo FLASH sequence, TR=14ms,

TE=7.7ms, flip angle=25o, matrix size=256×176, 1 mm isotropic resolution,

axial orientation. T2-weighted images: 2D spin-echo sequence, TR=7730ms,

TE=80ms, flip angle=90o, matrix size=256×192, 1 mm isotropic resolution, axial

orientation.

IXI dataset: T1- and T2-weighted images from 40 subjects were analyzed,

where 25 subjects were used for training, 5 were used for validation and 10 were

used for testing. When T1-weighted images were registered onto T2-weighted

images, nearly 90 axial cross sections per subject that contained brain tissue

and that were free of major artifacts were selected. When T2-weighted images

were registered onto T1-weighted images, nearly 110 cross sections were selected.

In this case due to poor registration quality we had to remove a test subject.

T1-weighted images: TR=9.813ms, TE=4.603ms, flip angle=8o, volume size =

256×256×150, voxel dimensions = 0.94mm×0.94mm×1.2mm, sagittal orienta-

tion. T2-weighted images: TR=8178ms, TE=100ms, flip angle=90o, volume size

= 256×256×150, voxel dimensions = 0.94×0.94×1.2 mm3, axial orientation.

BRATS dataset: T1- and T2-weighted images from 41 low-grade glioma pa-

tients with visible lesions were analyzed, where 24 subjects were used for training,

2 were used for validation and 15 were used for testing. From each subject, ap-

proximately 100 axial cross sections that contained brain tissue and that were

free of major artifacts were manually selected. Different scanning protocols were
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employed on separate sites. Note that each dataset comprises a different number

of cross-sections per subject, and we only retained cross-sections that contained

brain tissue and that were free of major artifacts. As such, we varied the number

of subjects across datasets to balance the total number of images used, resulting in

approximately 4000-5000 images per dataset. Control analyses were performed

to rule out biases due to the specific selection or number of subjects. To do

this, we performed model comparisons using an identical number of subjects (40)

within each dataset. This selection included nonoverlapping training, validation

and testing sets, such that 25 subjects were used for training, 5 for validation

and 10 for testing. In IXI, we sequentially selected a completely independent set

of subjects from those reported in the main analyses. This selection was then se-

quentially split into training/validation/testing sets via a 4-fold cross-validation

procedure. Since the number of subjects available was smaller in MIDAS and

BRATS, we performed 4-fold cross-validation by randomly sampling nonoverlap-

ping training, validation and testing sets in each fold. No overlap was allowed

among testing sets across separate folds, or among the training, testing and vali-

dation sets within each fold.

Data normalization: To prevent suboptimal model training and bias in quan-

titative assessments, datasets were normalized to ensure comparable ranges of

voxel intensities across subjects. The multi-contrast MRI images in the IXI and

MIDAS datasets were acquired using a single scan protocol. Therefore, for each

contrast, voxel intensity was normalized within each subject to a scale of [0 1]

via division by the maximum intensity within the brain volume. The protocol

variability in the BRATS dataset was observed to cause large deviations in im-

age intensity and contrast across subjects. Thus, for normalization, the mean

intensity across the brain volume was normalized to 1 within individual subjects.

To attain an intensity scale in [0 1], three standard deviations above the mean

intensity of voxels pooled across subjects was then mapped to 1.
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4.2.3 Image Registration

For the first scenario, multi-contrast images from a given subject were assumed

to be registered. Note that the images contained in the MIDAS and IXI datasets

are unregistered. Thus, the T1- and T2-weighted images in these datasets were

registered prior to network training. In the MIDAS dataset, the voxel dimensions

for T1- and T2-weighted images were identical, so a rigid transformation based

on a mutual information cost function was observed to yield high quality regis-

tration. In the IXI dataset, however, voxel dimensions for T1- and T2-weighted

images were quite distinct. For improved registration accuracy, we therefore used

an affine transformation with higher degrees of freedom based on a mutual infor-

mation cost in this case. No registration was needed for the BRATS dataset that

was already registered. No registration was performed for the second scenario.

All registrations were implemented in FSL [160, 161].

4.2.4 Network Training

Since we consider two different scenarios for multi-contrast MR image synthesis,

network training procedures were distinct. In the first scenario, we assumed per-

fect alignment between the source and target images, and we then used pGAN

to learn the mapping from the source to the target contrast. In a first variant of

pGAN (k=1), the input image was a single cross-section of the source contrast,

and the target was the respective cross-section of the desired contrast. Note that

neighboring cross sections in MR images are expected to show significant correla-

tion. Thus, we reasoned that additional information from adjacent cross-sections

in the source contrast should improve synthesis. To do this, a second variant

of pGAN was implemented where multiple consecutive cross-sections (k=3, 5,

7) of the source contrast were given as input, with the target corresponding to

desired contrast at the central cross-section. For the pGAN network, we adopted

the generator architecture from [134], and the discriminator architecture from

[155]. Tuning hyperparameters in deep neural networks, especially in complex

models such as GANs, can be computationally intensive [162, 163]. Thus, it
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is quite common in deep learning research to perform one-fold cross-validation

[139, 144] or even directly adopt hyperparameter selection from published work

[133, 137, 138, 147, 154, 29]. For computational efficiency, here we selected the

optimum weightings of loss functions and number of epochs by performing one-

fold cross-validation. We partitioned the datasets into training, validation and

test sets, each set containing images from distinct subjects. Multiple models were

trained for varying number of epochs (in the range [100 200]) and relative weight-

ing of the loss functions (λ in the set 10,100,150, and λperc in the set 10,100,150).

Parameters were selected based on the validation set, and performance was then

assessed on the test set. Among the datasets here, IXI contains the highest-

quality images with visibly lower noise and artifact levels compared to MIDAS

and visibly sharper images compared to BRATS. To prevent overfitting to noise,

artifacts or blurry images, we therefore performed cross-validation of GAN models

on IXI, and used the selected parameters in the remaining datasets. Weightings

of both pixel-wise and perceptual loss were selected as 100 and the number of

epochs was set to 100 (the benefits of perceptual loss on synthesis performance

are demonstrated in MIDAS and IXI; Table 4.1). Remaining hyperparameters

were adopted from [155], where the Adam optimizer was used with a minibatch

size of 1 [94]. In the first 50 epochs, the learning rates for the generator and

discriminator were 0.0002. In the last 50 epochs, the learning rate was linearly

decayed from 0.0002 to 0. During each iteration the discriminator loss function

was halved to slow down the learning process of the discriminator. Decay rates

for the first and second moments of gradient estimates were set as β1= 0.5 and

β2=0.999, respectively. Instance normalization was applied [164]. All weights

were initialized using normal distribution with 0 mean and 0.02 std. In the sec-

ond scenario, we did not assume any alignment between the source and target

images, and so we used cGAN to learn the mapping between unregistered source

and target images (cGANunreg). Similar to pGAN, two variants of cGAN were

considered that worked on a single cross-section (k=1) and on multiple consecu-

tive cross-sections. Because training of cGAN brings substantial computational

burden compared to pGAN, we only examined k=3 for cGAN. This latter cGAN

variant was implemented with multiple consecutive cross-sections of the source

contrast. Although cGAN does not assume alignment between the source and
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target domains, we wanted to examine the effects of loss functions used in cGAN

and pGAN. For comparison purposes, we also trained separate cGAN networks

on registered multi-contrast data (cGANreg). The cross-validation procedures,

and the architectures of the generator and discriminator were identical to those

for pGAN. Multiple models were trained for varying number of epochs (in the

range [100 200]), and λcycle in the set 10,100,150). Model parameters were se-

lected based on performance on the validation set, and model performance was

then assessed on the test set. The relative weighting of the cycle consistency loss

function was selected as λcycle=100, and the model was trained for 200 epochs. In

the first 100 epochs, the learning rate for both networks were set to 0.0002, and

in the remaining 100 epochs, the learning rate was linearly decayed from 0.0002

to 0. During each iteration the discriminator loss function was divided by 2 to

slow down the learning process of the discriminator.

4.2.5 Competing Methods

To demonstrate the proposed approach, two state-of-the-art methods for MRI

image synthesis were implemented. The first method was Replica that estimates

a nonlinear mapping from image patches in the source contrast onto individual

voxels in the target contrast [132]. Replica extracts image features at different

spatial scales, and then performs a multi-resolution analysis via random forests.

The learned nonlinear mapping is then applied on test images. Code posted

by the authors of the Replica method was used to train the models, based on

the procedures/parameters described in [132]. The second method was Mul-

timodal that uses an end-to-end neural network to estimate the target image

given the source image as input. A neural-network implementation implicitly

performs multi-resolution feature extraction and synthesis based on these fea-

tures. Trained networks can then be applied on test images. Code posted by

the authors of the Multimodal method was used to train the models, based on

procedures/parameters described in [25]. The proposed approach and the com-

peting methods were compared on the same training and test data. Since the

proposed models were implemented for unimodal mapping between two separate
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contrasts, Replica and Multimodal implementations were also performed with

only two contrasts.

4.2.6 Experiments

4.2.6.1 Comparison of GAN-based models

Here we first questioned whether the direction of registration between multi-

contrast images affects the quality of synthesis. In particular, we generated mul-

tiple registered datasets from T1- and T2-weighted images. In the first set, T2-

weighted images were registered onto T1-weighted images (yielding T2#). In the

second set, T1-weighted images were registered onto T2-weighted images (yield-

ing T1#). In addition to the direction of registration, we also considered the

two possible directions of synthesis (T2 from T1; T1 from T2). For MIDAS and

IXI, the above-mentioned considerations led to four distinct cases: a) T1→T2#,

b) T1# →T2, c) T2→T1#, d) T2# →T1. Here, T1 and T2 are unregistered

images, T1# and T2# are registered images, and→ corresponds to the direction

of synthesis. For each case, pGAN and cGAN were trained based on two vari-

ants, one receiving a single cross-section, the other receiving multiple (3, 5 and 7)

consecutive cross-sections as input. This resulted in a total of 32 pGAN and 12

cGAN models. Note that the single-cross section cGAN contains generators for

both contrasts, and trains a model that can synthesize in both directions. For the

multi cross-section cGAN, however, a separate model was trained for synthesis

direction. For BRATS, no registration was needed, and this resulted in only two

distinct cases for consideration: a) T1→T2 and d) T2→T1. A single variant of

pGAN (k=3) and cGAN (k=1) was considered.

4.2.6.2 Comparison to state-of-the-art methods

To investigate how well the proposed methods perform with respect to state-

of-the-art approaches, we compared the pGAN and cGAN models with Replica
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and Multimodal. Models were compared using the same training, and testing

sets, and these sets comprised images from different groups of subjects. The syn-

thesized images were compared with the true target images as reference. Both

the synthesized and the reference images were normalized to a maximum inten-

sity of 1. To assess the synthesis quality, we measured the peak signal-to-noise

ratio (PSNR) and structural similarity index (SSIM) [165] metrics between the

synthesized image and the reference.

4.2.6.3 Spectral density analysis

While PSNR and SSIM serve as common measures to evaluate overall quality,

they primarily capture characteristics dominated by lower spatial frequencies. To

examine synthesis quality across a broader range of frequencies, we used a spectral

density similarity (SDS) metric. The rationale for SDS is similar to that for the

error spectral plots demonstrated in [166], where error distribution is analyzed

across spatial frequencies. To compute SDS, synthesized and reference images

were transformed into k-space, and separated into four separate frequency bands:

low (0-25%), intermediate (25-50%), high-intermediate (50-75%), and high (75-

100% of the maximum spatial frequency in k-space). Within each band, SDS was

taken as the Pearsons correlation between vectors of magnitude k-space samples

of the synthesized and reference images. To avoid bias from background noise, we

masked out background regions to zero before calculating the quality measures.

4.2.6.4 Generalizability

To examine the generalizability of the proposed methods, we trained pGAN,

cGAN, Replica and Multimodal on the IXI dataset and tested the trained models

on the MIDAS dataset. The following cases were examined: T1→T2#, T1#→T2,

T2→T1#, and T2# →T1. During testing, ten sample images were synthesized

for a given source image, and the results were averaged to mitigate nuisance

variability in individual samples. When T1-weighted images were registered

onto T2-weighted images, within-cross-section voxel dimensions were isotropic
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for both datasets and no extra pre-processing step was needed. However, when

T2-weighted images were registered, voxel dimensions were anisotropic for IXI yet

isotropic for MIDAS. To avoid spatial mismatch, voxel dimensions were matched

via trilinear interpolation. Because a mismatch of voxel thickness in the cross-

sectional dimension can deteriorate synthesis performance, single cross-section

models were considered.

4.2.6.5 Reliability against noise

To examine the reliability of synthesis against image noise, we trained pGAN

and Multimodal on noisy images. The IXI dataset was selected since it con-

tains high-quality images with relatively low noise levels. Two separate sets of

noisy images were then generated by adding Rician noise to the source and tar-

get contrast images respectively. The noise level was fixed within subjects and

randomly varied across subjects by changing the Rician shape parameter in [0

0.2]. For noise-added target images, background masking was performed prior

to training and no perceptual loss was used in pGAN to prevent overfitting to

noise. Separate models were trained using noise-added source and original tar-

get images, and using original source and noise-added target images. Statisti-

cal significance of differences among methods was assessed with nonparametric

Wilcoxon signed-rank tests across test subjects. Neural network training and

evaluation was performed on NVIDIA Titan X Pascal and Xp GPUs. Imple-

mentation of pGAN and cGAN was carried out in Python using the Pytorch

framework [167]. Code for replicating the pGAN and cGAN models will be

available on http://github.com/icon-lab/mrirecon. Replica was based on

a MATLAB implementation, and a Keras implementation [168] of Multimodal

with the Theano backend [169] was used.
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Figure 4.3: The proposed approach was demonstrated for synthesis of T2-
weighted images from T1-weighted images in the MIDAS dataset. Synthesis
was performed with pGAN, cGAN trained on registered images (cGANreg), and
cGAN trained on unregistered images (cGANunreg). For pGAN and cGANreg,
training was performed using T2-weighted images registered onto T1-weighted im-
ages (T1→T2#). Synthesis results for (a) the single cross-section, and (b) multi
cross-section models are shown along with the true target image (reference) and
the source image (source). Zoomed-in portions of the images are also displayed.
While both pGAN and cGAN yield synthetic images of striking visual similarity
to the reference, pGAN is the top performer. Synthesis quality is improved as
information across neighboring cross sections is incorporated, particularly for the
pGAN method.
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Figure 4.4: The proposed approach was demonstrated for synthesis of T1-
weighted images from T2-weighted images in the MIDAS dataset. Synthesis
was performed with pGAN, cGAN trained on registered images (cGANreg), and
cGAN trained on unregistered images (cGANunreg). For pGAN and cGANreg,
training was performed using T2-weighted images registered onto T1-weighted
images (T2# →T1). Synthesis results for (a) the single cross-section, and (b)
three cross-section models are shown along with the true target image (reference)
and the source image (source). Zoomed-in portions of the images are also dis-
played. While both pGAN and cGAN yield synthetic images of striking visual
similarity to the reference, pGAN is the top performer. Synthesis quality is im-
proved as information across neighboring cross sections is incorporated for the
pGAN method.
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4.3 Results

4.3.1 Comparison of GAN-based models

We first evaluated the proposed models on T1- and T2-weighted images from

the MIDAS and IXI datasets. We considered two cases for T2 synthesis (a.

T1→T2#, b. T1# →T2, where # denotes the registered image), and two cases

for T1 synthesis (c. T2→T1#, d. T2# →T1). Table 4.2 lists PSNR and SSIM

for pGAN, cGANreg trained on registered data, and cGANunreg trained on unreg-

istered data in the MIDAS dataset. We find that pGAN outperforms cGANunreg

and cGANreg in all cases (p<0.05). Representative results for T1→T2# are dis-

played in Fig. 4.3a and T2#→T1 are displayed in Fig. 4.4a, respectively. pGAN

yields higher synthesis quality compared to cGANreg. Although cGANunreg was

trained on unregistered images, it can faithfully capture fine-grained structure

in the synthesized contrast. Overall, both pGAN and cGAN yield synthetic im-

ages of remarkable visual similarity to the reference. Tables 4.3 and 4.4 (k=1)

lists PSNR and SSIM across test images for T2 and T1 synthesis with both di-

rections of registration in the IXI dataset. Note that there is substantial mis-

match between the voxel dimensions of the source and target contrasts in the

IXI dataset, so cGANunreg must map between the spatial sampling grids of the

source and the target. Since this yielded suboptimal performance, measurements

for cGANunreg are not reported. Overall, similar to the MIDAS dataset, we ob-

served that pGAN outperforms the competing methods (p<0.05). On average,

across the two datasets, pGAN achieves 1.42dB higher PSNR and 1.92% higher

SSIM compared to cGAN. These improvements can be attributed to pixel-wise

and perceptual losses compared to cycle-consistency loss on paired images.

In MR images, neighboring voxels can show structural correlations, so we

reasoned that synthesis quality can be improved by pooling information across

cross sections. To examine this issue, we trained multi cross-section pGAN (k=3,

5, 7), cGANreg and cGANunreg models (k=3; see Methods) on the MIDAS and IXI

datasets. PSNR and SSIM measurements for pGAN are listed in Table 4.3, and

those for cGAN are listed in Table 4.4. For pGAN, multi cross-section models
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Figure 4.5: The proposed approach was demonstrated for synthesis of T2-
weighted images and T1-weighted images in the MIDAS dataset. T1→T2# and
T2#→T1 synthesis were performed with pGAN, Multimodal and Replica. Syn-
thesis results for (a) T1→T2#, and (b) T2#→T1 along with their corresponding
error maps are shown along with the true target image (reference) and the source
image (source). The proposed method outperforms competing methods in terms
of synthesis quality. Regions near issue boundaries that are inaccurately synthe-
sized by the competing methods are reliably depicted by pGAN (marked with
arrows). The use of adversarial loss enables improved accuracy in synthesis of
intermediate-spatial-frequency texture in T2-weighted images compared to Mul-
timodal and Replica that show some degree of blurring.
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Figure 4.6: The proposed approach was demonstrated for synthesis of T2-
weighted and T1-weighted images in the all datasets. T1→T2 and T2→T1 synthe-
sis were performed with pGAN, Multimodal and Replica. Synthesis results for (a)
T1→T2, and (b) T2→T1 are shown along with the true target image (reference)
and the source image (source) for each dataset. The proposed method outper-
forms competing methods in terms of synthesis quality. The use of adversarial
loss enables improved accuracy in synthesis of intermediate-spatial-frequency tex-
ture in synthesized images compared to Multimodal and Replica that show some
degree of blurring.
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yield enhanced synthesis quality in all cases. Overall, k=3 offers optimal or near-

optimal performance while maintaining relatively low model complexity, so k=3

was considered thereafter for pGAN. The results are more variable for cGAN, with

the multi-cross section model yielding a modest improvement only in some cases.

To minimize model complexity, k=1 was considered for cGAN. Table 4.5 compares

PSNR and SSIM of multi cross-section pGAN and cGAN models for T2 and T1

synthesis in the MIDAS dataset. Representative results for T1→T2# are shown

in Fig. 4.3b and T2# →T1 are shown in Fig. 4.4b. Among multi cross-section

models, pGAN outperforms alternatives in PSNR and SSIM (p<0.05), except for

SSIM in T2# →T1. Moreover, compared to the single cross-section pGAN, the

multi cross-section pGAN improves PSNR and SSIM values. These measurements

are also affirmed by improvements in visual quality for the multi cross-section

model in Fig. 4.3 and Fig. 4.4. In contrast, the benefits are less clear for

cGAN. Note that, unlike pGAN that works on paired images, the discriminators

in cGAN work on unpaired images from the source and target domains. In turn,

this can render incorporation of correlated information across cross sections less

effective. Tables 4.3 and 4.4 compare PSNR and SSIM of multi cross-section

pGAN and cGAN models for T2 and T1 synthesis in the IXI dataset. The multi

cross-section pGAN outperforms cGANreg in all cases (p<0.05). Moreover, the

multi cross-section pGAN outperforms the single cross-section pGAN in all cases

(p<0.05), except in T1→T2#. On average, across the two datasets, multi cross-

section pGAN achieves 0.63dB higher PSNR and 0.89% higher SSIM compared

to single cross-section pGAN.

4.3.2 Comparison to state-of-the-art methods

Next, we demonstrated the proposed methods against two state-of-the-art tech-

niques for multi-contrast MRI synthesis, Replica and Multimodal. We trained

pGAN, cGANreg, Replica, and Multimodal on T1- and T2-weighted brain images

in the MIDAS and IXI datasets. Note that Replica performs ensemble averaging

across random forest trees and Multimodal uses mean-squared error measures
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Figure 4.7: The proposed approach was demonstrated for synthesis of T2-
weighted and T1-weighted images. T1→T2 and T2→T1 synthesis were performed
with pGAN, Multimodal and Replica. Synthesis results for (a) T1→T2, and (b)
T2→T1 are shown along with the true target image (reference) and the source
image (source) for each dataset. The proposed method outperforms compet-
ing methods in terms of synthesis quality. The use of adversarial loss enables
improved accuracy in synthesis of intermediate-spatial-frequency texture in syn-
thesized images compared to Multimodal and Replica that show some degree of
blurring.
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Figure 4.8: The proposed approach was demonstrated for synthesis of T1-
weighted images from T2-weighted images in the IXI dataset. T2→T1# and
T2#→T1 synthesis were performed with pGAN, Multimodal and Replica. Syn-
thesis results for (a) T2→T1#, and (b) T2#→T1 along with their corresponding
error maps are shown along with the true target image (reference) and the source
image (source). The proposed method outperforms competing methods in terms
of synthesis quality. Regions that are inaccurately synthesized by the compet-
ing methods are reliably depicted by pGAN (marked with arrows). The use of
adversarial loss enables improved accuracy in synthesis of intermediate-spatial-
frequency texture in T2-weighted images compared to Multimodal and Replica
that show some degree of blurring.
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that can lead to overemphasis of low frequency information. In contrast, condi-

tional GANs use loss functions that can more effectively capture details in the

intermediate to high spatial frequency range. Thus, pGAN should synthesize

sharper and more realistic images as compared to the competing methods. Table

4.6 lists PSNR and SSIM for pGAN, Replica and Multimodal (cGANreg listed

in Table 4.7) in the MIDAS dataset. Overall, pGAN outperforms the compet-

ing methods in all examined cases (p<0.05), except for SSIM in T2 synthesis,

where pGAN and Multimodal perform similarly. The proposed method is supe-

rior in depiction of detailed tissue structure as visible in Fig. 4.5 (for comparisons

in coronal and sagittal cross-sections see Figs. 4.6, 4.7). Table 4.8 lists PSNR

and SSIM across test images synthesized via pGAN, Replica and Multimodal

(cGANreg listed in Table 4.7) for the IXI dataset. Overall, pGAN outperforms

the competing methods in all examined cases (p<0.05). The proposed method is

superior in depiction of detailed tissue structure as visible in Fig. 4.8 and Fig.

4.9 (see also Figs. 4.6,4.7).

Following assessments on datasets comprising healthy subjects, we demon-

strated the performance of the proposed methods on patients with pathology. To

do this, we trained and tested pGAN, cGANreg, Replica, and Multimodal on T1-

and T2-weighted brain images from the BRATS dataset. Similar to the previous

evaluations, here we expected that the proposed method would synthesize more

realistic images with improved preservation of fine-grained tissue structure. Ta-

ble 4.9 lists PSNR and SSIM across test images synthesized via pGAN, Replica

and Multimodal (cGANreg listed in Table 4.7; for measurements on background-

removed images in MIDAS, IXI and BRATS see Table 4.10). Overall, pGAN

is the top performing method in all cases (p<0.05), except for SSIM in T1→T2

where pGAN and Multimodal perform similarly. Moreover, cGAN performs fa-

vorably in PSNR over competing methods. Representative images for T2 and

T1 synthesis are displayed in Fig. 4.10 (see also Figs. 4.6, 4.7). It is observed

that regions near pathologies are inaccurately synthesized by Replica and Mul-

timodal. Meanwhile, the pGAN method enables reliable synthesis with visibly

improved depiction of structural details. Across the datasets, pGAN outperforms

the state-of-the-art methods by 2.85dB PSNR and 1.23% SSIM.
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Figure 4.9: The proposed approach was demonstrated for synthesis of T2-
weighted images from T1-weighted images in the IXI dataset. T1# →T2 and
T1→T2# synthesis were performed with pGAN, Multimodal and Replica. Syn-
thesis results for (a) T1#→T2, and (b) T1→T2# along with their corresponding
error maps are shown along with the true target image (reference) and the source
image (source). The proposed method outperforms competing methods in terms
of synthesis quality. Regions near issue boundaries that are inaccurately synthe-
sized by the competing methods are reliably depicted by pGAN (marked with
arrows). The use of adversarial loss enables improved accuracy in synthesis of
intermediate-spatial-frequency texture in T2-weighted images compared to Mul-
timodal and Replica that show some degree of blurring.
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Figure 4.10: The proposed approach was demonstrated on glioma patients for
synthesis of T2-weighted images from T1-weighted images, and T2-weighted im-
ages from T1-weighted images in the BRATS dataset. Synthesis results for (a)
T1→T2, and (b) T1→T2 along with their corresponding error maps are shown
along with the true target image (reference) and the source image (source). Re-
gions of inaccurate synthesis with Replica and Multimodal are observed near
pathologies (marked with arrows). Meanwhile, the pGAN method enables reli-
able synthesis with visibly improved depiction of intermediate spatial frequency
information.
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Figure 4.11: The T1-weighted image of a sample cross-section from the MIDAS
dataset was processed with an ideal filter in k-space. The filter was broadened
sequentially to include higher frequencies (0-25%, 0-50%, 0-75%, 0-100% of the
maximum spatial frequency). The filtered images respectively show the contribu-
tion of low, intermediate, high-intermediate and high frequency bands. The bulk
shape and contrast of the imaged object is captured in the low frequency band,
whereas the fine structural details such as edges are captured in the intermediate
and partly high-intermediate frequency bands. There is no apparent contribution
from the high frequency band.

Figure 4.12: Synthesis results are shown for a sample cross section from the IXI
dataset along with the true target (reference) and the source image (source). Im-
ages shown in (a) the spatial domain (b) the spatial-frequency (k-space) domain.
White circular boundaries in the k-space representation of the source delineate the
boundaries of the low, intermediate, high-intermediate and high frequency bands.
The pGAN method more accurately synthesizes the target image as evidenced
by the better match in energy distribution across k-space
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Next, we performed additional control analyses via 4-fold cross validation to

rule out potential biases due to subject selection. Tables 4.11-4.13 list PSNR and

SSIM across test images synthesized via pGAN and Multimodal separately for all

4 folds. We find that there is minimal variability in pGAN performance across

folds. Across the datasets, pGAN variability is merely 0.70% in PSNR and 0.37%

in SSIM, compared to Multimodal variability of 2.26% in PSNR and 0.46% in

SSIM. The results of these control analyses are also highly consistent with those

in the original set of subjects reported in Table 4.7. We find that there is minimal

variability in pGAN performance between the main and control analyses. Across

the datasets, pGAN variability is 1.42% in PSNR and 0.73% in SSIM, compared

to Multimodal variability of 2.98% in PSNR and 0.97% in SSIM.

4.3.3 Spectral density analysis

To corroborate visual observations regarding improved depiction of structural

details, we measured spectral density similarity (SDS) between synthesized and

reference images across low, intermediate, high-intermediate and high spatial fre-

quencies (see Methods). Fig. 4.11 shows filtered versions of a T1-weighted im-

age in the MIDAS dataset, where the filter is broadened sequentially to include

higher frequencies so as to visualize the contribution of individual bands. In-

termediate and high-intermediate frequencies primarily correspond to edges and

other structural details in MR images, so we expected pGAN to outperform com-

peting methods in these bands. Fig. 4.12 shows representative synthesis results

in the image and spatial frequency (k-space) domains. In the MIDAS dataset,

pGAN outperforms the competing methods at low and intermediate frequencies

(p<0.05), except in T1 synthesis where it performs similarly to Multimodal. In

the IXI dataset, pGAN yields superior performance to competing methods in all

frequency bands (p<0.05). In the BRATS dataset, pGAN achieves higher SDS

than the competing methods at low, intermediate and high-intermediate frequen-

cies in T2 synthesis and at low frequencies in T1 synthesis (p<0.05). Across the

datasets, pGAN outperforms the state-of-the-art methods by 0.056 at low, 0.061

at intermediate and 0.030 at high-intermediate frequencies.
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Figure 4.13: To examine reliability of the synthesis methods against noise, pGAN
was trained on noisy images generated from the IXI dataset by adding artificial
Rician noise. A sample cross-section from T1-weighted (a) and T2-weighted (b)
acquisitions along with their noise-added versions are displayed.

4.3.4 Generalizability

Next, we examined synthesis methods in terms of their generalization perfor-

mance. Table 4.14 lists SSIM and PSNR for pGAN, cGANreg, Replica and Mul-

timodal trained on the IXI dataset and tested on the MIDAS dataset. Over-

all, the proposed methods are the top performers. In T1→T2#, Multimodal

is the leading performer with 1.9% higher SSIM SSIM (p<0.05) than pGAN.

In T1# →T2, pGAN outperforms competing methods in PSNR (p<0.05). In

T2→T1#, pGAN is again the leading performer with 1.9% higher SSIM (p<0.05)

than Multimodal. In T2# →T1, cGANreg is the leading performer with 1.22dB

higher PSNR (p<0.05) SSIM than pGAN. We also assessed the level of per-

formance degradation between within-dataset synthesis (trained and tested on

MIDAS) and across-dataset synthesis (trained on IXI, tested on MIDAS). Over-

all, pGAN and Multimodal show similar degradation levels. While pGAN is the

top performer in terms of SSIM, cGAN yields a modest advantage in PSNR.

On average, percentage degradation is 20.83% in PSNR and 11.70% in SSIM for

pGAN, 22.22% in PSNR and 10.12% in SSIM for Multimodal, 15.85% in PSNR

and 12.85% in SSIM for cGANreg, and 11.40% in PSNR and 14.51% in SSIM

for Replica. Note that percentage degradation in PSNR is inherently limited for

Replica, which yields low PSNR for within-dataset synthesis.
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Figure 4.14: Spectral distribution of k-space intensity values was examined for
T1-weighted (a) and T2-weighted (b) images in the IXI dataset relative to the
artificial noise added to the images. Average k-space intensity was calculated
within low (0-25%), intermediate (25-50%), high-intermediate (50-75%) and high
(75-100%) spatial frequency bands. Bar plots show the results averaged across
the test set. The contribution of added noise to low and intermediate frequency
bands is small relative to the original image. In contrast, noise more dominantly
contributes to high-intermediate and high frequency bands.

4.3.5 Reliability against noise

Lastly, we examined reliability of synthesis against noise (Fig. 4.13). Table 4.15

list SSIM and PSNR for pGAN and Multimodal trained on noise-added source

and target images from IXI, respectively. For noisy source images, pGAN out-

performs Multimodal in all examined cases (p<0.05) except for SSIM in T1T2#.

On average, pGAN achieves 1.74dB higher PSNR and 2.20% higher SSIM than

Multimodal. For noisy target images, pGAN is the top performer in PSNR in

T1# →T2, T2→T1# (p<0.05) and performs similarly to Multimodal in the re-

maining cases. On average, pGAN improves PSNR by 0.61dB. (Note, however,

that for noisy target images, reference-based quality measurements are biased

by noise particularly towards higher frequency bands; see Fig. 4.14) Naturally,

synthesis performance is lowered in the presence of noise. We assessed the per-

formance degradation when the models were trained on noise-added images as

compared to when the models were trained on original images. Overall, pGAN

and Multimodal show similar performance degradation with noise. For noisy
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source images, degradation is 5.27% in PSNR and 2.17% in SSIM for pGAN,

and 3.77% in PSNR, 2.66% in SSIM for Multimodal. For noisy target images,

degradation is 16.70% in PSNR and 12.91% in SSIM for pGAN, and 15.19% in

PSNR, 10.06% in SSIM for Multimodal.

4.4 Discussion

A multi-contrast MRI synthesis approach based on conditional GANs was demon-

strated against state-of-the-art methods in three publicly available brain MRI

datasets. The proposed pGAN method uses adversarial loss functions and cor-

related structure across neighboring cross-sections for improved synthesis. While

many previous methods require registered multi-contrast images for training, a

cGAN method was presented that uses cycle-consistency loss for learning to syn-

thesize from unregistered images. Comprehensive evaluations were performed for

two distinct scenarios where training images were registered and unregistered.

Overall, both proposed methods yield synthetic images of remarkable visual sim-

ilarity to reference images, and pGAN visually and quantitatively improves syn-

thesis quality compared to state-of-the-art methods [25, 132]. These promising

results warrant future studies on broad clinical populations to fully examine di-

agnostic quality of synthesized images in pathological cases.

Several previous studies proposed the use of neural networks for multi-contrast

MRI synthesis tasks [127, 24, 26, 25, 133]. A recent method, Multimodal, was

demonstrated to yield higher quality compared to conventional methods in brain

MRI datasets [25]. Unlike conventional neural networks, the GAN architec-

tures proposed here are generative networks that learn the conditional prob-

ability distribution of the target contrast given the source contrast. The in-

corporation of adversarial loss as opposed to typical squared or absolute error

loss leads to enhanced capture of detailed texture information about the tar-

get contrast, thereby enabling higher synthesis quality. While our synthesis

approach was primarily demonstrated for multi-contrast brain MRI here, ar-

chitectures similar to pGAN and cGAN have been proposed in other medical
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image synthesis applications such as cross-modality synthesis or data augmen-

tation [137, 138, 142, 143, 145, 147, 148, 149, 150, 151, 154]. The discussions

below highlight key differences between the current study and previous work: (1)

[138, 149, 151, 154] proposed conditional GANs for cross-modality synthesis appli-

cations. One important proposed application is CT to PET synthesis [138, 149].

For instance, [138] fused the output of GANs and convolutional networks to en-

hance tumor detection performance from synthesized images; and [149] demon-

strated competitive tumor detection results from synthesized versus real images.

Another important application is MR to CT synthesis [151, 154]. In [151, 154]

patch-based GANs were used for locally-aware synthesis, and contextual infor-

mation was incorporated by training an ensemble of GAN models recurrently.

Our approach differs in the following aspects: (i) Rather than cross-modality im-

age synthesis, we focus on within-modality synthesis in multi-contrast MRI. MRI

provides excellent delineation among soft tissues in the brain and elsewhere, with

the diversity of contrasts that it can capture [170, 171, 172, 173, 174, 175]. There-

fore, synthesizing a specific MRI contrast given another poses a different set of

challenges than performing MR-CT or CT-PET synthesis where CT/PET shows

relatively limited contrast among soft tissues [40]. (ii) We demonstrate multi-

cross section models to leverage correlated information across neighboring cross-

sections within a volume. (iii) We demonstrate pGAN based on both pixel-wise

and perceptual losses to enhance synthesis quality. (2) Architectures similar to

cGAN with cycle-consistency loss were recently proposed to address the scarcity

of paired training data in MR-CT synthesis tasks [137, 142, 145, 147, 148]. [142]

also utilized a gradient-consistency loss to enhance the segmentation performance

on CT images synthesized from MR data. [145] performed data-augmentation

for enhanced segmentation performance using MR images synthesized from CT

data. [148] coupled synthesis and segmentation networks to perform improved

segmentation on synthesized CT images using MR labels. Our work differs in the

following aspects: (i) As aforementioned, we consider within-modality synthesis

as opposed to cross-modality synthesis. (ii) We consider paired image synthesis

with cGAN to comparatively evaluate its performance against two state-of-the-

art methods (Replica and Multimodal) for paired image synthesis. (3) An archi-

tecture resembling pGAN was proposed for synthesizing retinal images acquired
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with fundus photography given tabular structural annotations [150]. Similar to

pGAN, this previous study incorporated a perceptual loss to improve synthesis

quality. Our work differs in the following aspects: (i) Synthesis of vascular fun-

dus images in the retina given annotations is a distinct task than synthesis of

a target MR contrast given another source MR contrast in the brain. Unlike

the relatively focused delineation between vascular structures and background

in retinal images, in our case, there are multiple distinct types of brain tissues

that appear at divergent signal levels in separate MR contrasts [40]. (ii) We

demonstrate multi-cross section models to leverage correlated information across

neighboring cross-sections within an MRI volume. (4) A recent study suggested

the use of multiple cross-sections during MR-to-CT synthesis [176]. In compar-

ison to [176], our approach is different in that: (i) We incorporate an adver-

sarial loss function to better preserve intermediate-to-high frequency details in

the synthesized images. (ii) We perform task- and model-specific optimization

of the number of cross-section considering both computational complexity and

performance. (iii) As aforementioned, we consider within-modality synthesis as

opposed to cross-modality synthesis. Few recent studies have independently pro-

posed GAN models for multi-contrast MRI synthesis [29, 177, 178]. Perhaps, the

closest to our approach are [29] and [177] where conditional GANs with pixel-wise

loss were used for improved segmentation based on synthesized FLAIR, T1- and

T2-weighted images. Our work differs from these studies in the following aspects:

(i) We demonstrate improved multi-contrast MRI synthesis via cycle-consistency

loss to cope with un-registered images. (ii) We demonstrate improved multi-

contrast synthesis performance via the inclusion of a perceptual loss to pGAN.

(iii) We demonstrate multiple cross-section models to leverage correlated informa-

tion across neighboring cross-sections within multi-contrast MRI volumes. (iv)

We quantitatively demonstrate that conditional GANs better preserve detailed

tissue structure in synthesized multi-contrast images compared to conventional

methods [25, 132].

The proposed approach might be further improved by considering several lines

of development. Here we presented multi-contrast MRI results while considering

two potential directions for image registration (T1→T2# and T1# →T2 for T2

108



synthesis). We observed that the proposed methods yielded high-quality synthesis

regardless of the registration direction. Comparisons between the two directions

based on reference-based metrics are not informative because the references are

inevitably distinct (e.g., T2# versus T2), so determining the optimal direction is

challenging. Yet, with substantial mismatch between the voxel sizes in the source

and target contrasts, the cGAN method learns to interpolate between the spatial

sampling grids of the source and the target. To alleviate performance loss, a

simple solution is to resample each contrast separately to match the voxel dimen-

sions. Alternatively, the spatial transformation between the source and target

images can first be estimated via multi-modal registration [179]. The estimated

transformation can then be cascaded to the output of cGAN. A gradient cycle

consistency loss can also be incorporated to prevent the network from learning the

spatial transformation between the source and the target [142]. Another cause

for performance loss arises when MR images for a given contrast are corrupted by

higher levels of noise than typical. Our analyses on noise-added images imply a

certain degree of reliability against moderate noise in T1- or T2-weighted images.

However, an additional denoising network could be incorporated to earlier layers

in GAN models when source images have higher noise, and to later layers when

target images have elevated noise [177].

Synthesis accuracy can also be improved by generalizing the current approach

to predict the target based on multiple source contrasts. In principle, both pGAN

and cGAN can receive as input multiple source contrasts in addition to multiple

cross sections as demonstrated here. In turn, this generalization can offer im-

proved performance when a subset of the source contrast is unavailable. The per-

formance of conditional GAN architectures in the face of missing inputs warrants

further investigation. Alternatively, an initial fusion step can be incorporated

that combines multi-contrast source images in the form of a single fused image

fed as input to the GAN [180].

Our analyses on noise-added images indicate that, for target contrasts that are

inherently noisier, a downweighing of perceptual loss might be necessary. The

proposed models include a hyperparameter for adjusting the relative weighing
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of the perceptual loss against other loss terms. Thus, a cross-validation proce-

dure can be performed for the specific set of source-target contrasts at hand to

optimize model parameters. It remains important future work to assess the opti-

mal weighing of perceptual loss as a function of noise level for specific contrasts.

Alternatively, denoising can be included as a preprocessing step to improve re-

liability against noise. Note that such denoising has recently been proposed for

learning-based sampling pattern optimization in MRI [181].

An important concern regarding neural-network based methods is the avail-

ability of large datasets for successful training. The cGAN method facilitates net-

work training by permitting the use of unregistered and unpaired multi-contrast

datasets. While here we performed training on paired images for unbiased com-

parison, cGAN permits the use of unpaired images from distinct sets of subjects.

As such, it can facilitate compilation of large datasets that would be required

for improved performance via deeper networks. Yet, further performance im-

provements may be viable by training networks based on a mixture of paired and

unpaired training data [23].

Recently, cross-modality synthesis with GANs was leveraged as a pre-

processing step to enhance various medical imaging tasks such as segmentation,

classification or tumor detection [138, 142, 145, 148, 149, 182, 183]. For in-

stance, [138] fused the output of GANs and convolutional networks to enhance

tumor detection from synthesized PET images, and [149] demonstrated com-

petitive detection performance with real versus synthesized PET images. [142]

trained GANs based on cycle-consistency loss to enhance segmentation perfor-

mance from synthesized CT images. [145] showed that incorporating synthesized

MR images with the real ones can improve the performance of a segmentation

network [148]. GANs also showed enhanced performance in liver lesion classifica-

tion in synthetic CT [182], and chest pathology classification in synthetic X-ray

images [183]. These previous reports suggest that the multi-contrast MRI syn-

thesis methods proposed here might also improve similar post-processing tasks.

It remains future work to assess to what extent improvements in synthesis quality

translate to tasks such as segmentation or detection.
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4.5 Conclusion

We proposed a new multi-contrast MRI synthesis method based on conditional

generative adversarial networks. Unlike most conventional methods, the proposed

method performs end-to-end training of GANs that synthesize the target con-

trast given images of the source contrast. The use of adversarial loss functions

improves accuracy in synthesis of detailed structural information in the target

contrast. Synthesis performance is further improved by incorporating pixel-wise

and perceptual losses in the case of registered images, and a cycle-consistency

loss for unregistered images. Finally, the proposed method leverages information

across neighboring cross-sections within each volume to increase accuracy of syn-

thesis. The proposed method outperformed state-of-the-art synthesis methods

in multi-contrast brain MRI datasets from healthy subjects and glioma patients.

Given the prohibitive costs of prolonged exams due to repeated acquisitions, only

a subset contrasts might be collected with adequate quality, particularly in pe-

diatric and elderly patients and in large cohorts [116, 118]. Multi-contrast MRI

synthesis might be helpful in those worst-case situations by offering a substitute

for highly-corrupted or even unavailable contrasts. Therefore, our GAN-based

approach holds great promise for improving the diagnostic information available

in clinical multi-contrast MRI.
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Table 4.1: Quality of Synthesis: Perceptual loss
MIDAS Dataset

pGAN (with perceptual loss) pGAN (w/o perceptual loss)
SSIM PSNR SSIM PSNR

T1→T2# 0.926±0.014 29.34±0.592 0.917±0.013 28.71±0.513
T1#→T2 0.883±0.027 27.49±0.643 0.872±0.026 26.91±0.552
T2 → T1# 0.920±0.016 28.16±1.303 0.909±0.017 27.69±1.418
T2#→ T1 0.887±0.023 27.42±1.127 0.874±0.023 26.80±0.924

IXI Dataset
SSIM PSNR SSIM PSNR

T1→T2# 0.948±0.014 29.77±1.568 0.942±0.014 29.20±1.373
T1#→T2 0.917±0.012 27.89±0.887 0.905±0.012 27.31±0.831
T2 → T1# 0.926±0.013 27.27±0.960 0.915±0.012 26.75±0.830
T2#→ T1 0.953±0.012 29.55±1.423 0.948±0.013 29.23±1.316

Synthesis performance for T1- and T2-weighted images from MIDAS and IXI datasets was eval-
uated for pGAN trained with perceptual loss and pGAN trained without perceptual loss. Two
separate models were tested for synthesis of T2-weighted contrast (T1→T2#, T1#→T2), and
for synthesis of T1-weighted contrast (T2→T1#, T2# →T1). SSIM and PSNR measurements
are reported as mean±std across test subjects.

Table 4.2: Quality of Synthesis in the MIDAS dataset: Single cross-section models
cGANunreg cGANreg pGAN

SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.829±0.017 23.66±0.632 0.895±0.014 26.56±0.432 0.920±0.014 28.79±0.580
T1#→T2 0.823±0.021 23.85±0.420 0.854±0.024 25.47±0.556 0.876±0.028 27.07±0.618
T2 → T1# 0.826±0.015 23.20±0.503 0.892±0.017 26.53±1.169 0.912±0.017 27.81±1.424
T2#→ T1 0.821±0.021 22.56±1.008 0.863±0.022 26.15±0.974 0.883±0.023 27.31±0.983

T1# is registered onto the respective T2 image; and T2# is registered onto the respective T1

image; and→ indicates the direction of synthesis. PSNR and SSIM measurements are reported
as mean±std across test images.

Table 4.3: Quality of Synthesis: Number of cross-sections for pGAN
MIDAS Dataset

k=7 k=5 k=3 k=1
SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.928±0.013 29.47±0.566 0.927±0.014 29.43±0.552 0.926±0.014 29.34±0.592 0.920±0.014 28.79±0.580
T1#→T2 0.884±0.027 27.56±0.642 0.884±0.026 27.61±0.630 0.883±0.027 27.49±0.643 0.876±0.028 27.07±0.618
T2 → T1# 0.921±0.017 28.24±1.588 0.921±0.016 28.23±1.360 0.920±0.016 28.16±1.303 0.912±0.017 27.81±1.424
T2#→ T1 0.888±0.022 27.51±1.074 0.888±0.022 27.55±1.130 0.887±0.023 27.42±1.127 0.883±0.023 27.31±0.983

IXI Dataset
k=7 k=5 k=3 k=1

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.948±0.014 29.77±1.568 0.924±0.016 27.06±0.865 0.912±0.028 25.40±2.084 0.936±0.015 27.72±0.910
T1#→T2 0.917±0.012 27.89±0.887 0.891±0.013 26.10±0.726 0.863±0.023 24.08±1.427 0.898±0.014 26.11±0.769
T2 → T1# 0.926±0.013 27.27±0.960 0.894±0.014 25.89±0.704 0.865±0.013 20.46±0.921 0.895±0.015 22.61±1.105
T2#→ T1 0.953±0.012 29.55±1.423 0.922±0.016 26.74±0.828 0.887±0.033 21.82±1.600 0.936±0.017 25.91±1.689

Performance of multiple cross-section pGAN models (k = 1, 3, 5 and 7) was evaluated in syn-
thesis of T1- and T2-weighted images from MIDAS and IXI datasets. Two separate models
were tested for synthesis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of
T1-weighted contrast (T2→T1#, T2#→T1). SSIM and PSNR measurements are reported as
mea±std across test subjects.
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Table 4.4: Quality of Synthesis: Number of cross-sections for cGANreg

MIDAS Dataset
k=3 k=1

SSIM PSNR SSIM PSNR

T1→T2# 0.895±0.014 26.62±0.489 0.895±0.014 26.56±0.432
T1#→T2 0.862±0.022 25.83±0.384 0.854±0.024 25.47±0.556
T2 → T1# 0.900±0.017 27.04±1.238 0.892±0.017 26.53±1.169
T2#→ T1 0.864±0.022 26.44±0.871 0.863±0.022 26.15±0.974

IXI Dataset
k=3 k=1

SSIM PSNR SSIM PSNR

T1→T2# 0.865±0.017 23.33±0.551 0.924±0.016 27.06±0.865
T1#→T2 0.902±0.010 26.84±0.565 0.891±0.013 26.10±0.726
T2 → T1# 0.897±0.014 26.09±0.819 0.894±0.014 25.89±0.704
T2#→ T1 0.927±0.015 27.35±0.982 0.922±0.016 26.74±0.828

Performance of multiple cross-section cGANreg models (k = 1 and 3) was evaluated in syn-
thesis of T1- and T2-weighted images from MIDAS and IXI datasets. Two separate models
were tested for synthesis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of
T1-weighted contrast (T2→T1#, T2#→T1). SSIM and PSNR measurements are reported as
mean±std across test subjects.

Table 4.5: Quality of Synthesis in the MIDAS dataset: Multiple cross-section
models (k=3)

cGANunreg cGANreg pGAN
SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.829±0.016 23.65±0.650 0.895±0.014 26.62±0.489 0.926±0.014 29.34±0.592
T1#→T2 0.797±0.027 23.37±0.604 0.862±0.022 25.83±0.384 0.883±0.027 27.49±0.643
T2 → T1# 0.824±0.015 24.00±0.628 0.900±0.017 27.04±1.238 0.920±0.016 28.16±1.303
T2#→ T1 0.805±0.021 23.55±0.782 0.864±0.022 26.44±0.871 0.887±0.023 27.42±1.127

T1# is registered onto the respective T2 image; and T2# is registered onto the respective T1

image; and→ indicates the direction of synthesis. PSNR and SSIM measurements are reported
as mean±std across test images.

Table 4.6: Quality of Synthesis in the MIDAS dataset
pGAN Replica Multimodal

SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.926±0.014 29.34±0.592 0.877±0.027 26.18±0.638 0.924±0.012 28.33±0.501
T1#→T2 0.883±0.027 27.49±0.643 0.838±0.039 25.27±0.468 0.889±0.020 26.73±0.461
T2 → T1# 0.920±0.016 28.16±1.303 0.840±0.028 20.00±1.207 0.886±0.022 22.13±1.325
T2#→ T1 0.887±0.023 27.42±1.127 0.827±0.031 20.29±1.066 0.872±0.020 23.08±1.280

T1# is registered onto the respective T2 image; and T2# is registered onto the respective T1

image; and→ indicates the direction of synthesis. PSNR and SSIM measurements are reported
as mean±std across test images.
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Table 4.7: Quality of Synthesis
MIDAS Dataset

pGAN cGANreg cGANunreg Replica Multimodal
SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.926±0.014 29.34±0.592 0.895±0.014 26.56±0.432 0.829±0.017 23.66±0.632 0.877±0.027 26.18±0.638 0.924±0.012 28.33 ±0.501
T1#→T2 0.883±0.027 27.49±0.643 0.854±0.024 25.47±0.556 0.823±0.021 23.85±0.540 0.838±0.039 25.27±0.468 0.889±0.020 26.73±0.461
T2 → T1# 0.920±0.016 28.16±1.303 0.892±0.017 26.53±1.169 0.826±0.015 23.20±0.503 0.840±0.028 20.00±1.207 0.886±0.022 22.13±1.325
T2#→ T1 0.887±0.023 27.42±1.127 0.863±0.022 26.15±0.974 0.821±0.021 22.56±1.008 0.827±0.031 20.29±1.066 0.872±0.020 23.08±1.280

IXI Dataset
pGAN Replica Multimodal

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.948±0.014 29.77±1.568 0.924±0.016 27.06±0.865 0.912±0.028 25.40±2.084 0.936±0.015 27.72±0.910
T1#→T2 0.917±0.012 27.89±0.887 0.891±0.013 26.10±0.726 0.863±0.023 24.08±1.427 0.898±0.014 26.11±0.769
T2 → T1# 0.926±0.013 27.27±0.960 0.894±0.014 25.89±0.704 0.865±0.013 20.46±0.921 0.895±0.015 22.61±1.105
T2#→ T1 0.953±0.012 29.55±1.423 0.922±0.016 26.74±0.828 0.887±0.033 21.82±1.600 0.936±0.017 25.91±1.689

BRATS Dataset
SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2 0.946±0.009 27.19±1.456 0.927±0.010 25.73±1.431 0.924±0.014 24.64±1.615 0.939±0.011 25.09±1.013
T1→T2 0.940±0.009 25.80±1.867 0.913±0.008 24.97±1.179 0.917±0.007 24.49±1.230 0.935±0.010 23.78±2.080

Model comparison in all datasets. Synthesis performance for T1- and T2-weighted images was
evaluated for pGAN, cGANreg, cGANunreg, Replica and Multimodal. Two separate models
were tested for synthesis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of
T1-weighted contrast (T2→T1#, T2#→T1). T1# is registered onto the respective T2 image;
and T2# is registered onto the respective T1 image; and→ indicates the direction of synthesis.
SSIM and PSNR measurements are reported as mean±std across test images.

Table 4.8: Quality of Synthesis in the IXI dataset
pGAN Replica Multimodal

SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.948±0.014 29.77±1.568 0.912±0.028 25.40±2.084 0.936±0.015 27.72±0.910
T1#→T2 0.917±0.012 27.89±0.887 0.863±0.023 24.08±1.427 0.898±0.014 26.11±0.769
T2 → T1# 0.926±0.013 27.27±0.960 0.865±0.013 20.46±0.921 0.895±0.015 22.61±1.105
T2#→ T1 0.953±0.012 29.55±1.423 0.887±0.033 21.82±1.600 0.936±0.017 25.91±1.689

T1# is registered onto the respective T2 image; and T2# is registered onto the respective T1

image; and→ indicates the direction of synthesis. PSNR and SSIM measurements are reported
as mean±std across test images.

Table 4.9: Quality of Synthesis in the BRATS dataset
pGAN Replica Multimodal

SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2 0.946±0.009 27.19±1.456 0.924±0.014 24.64±1.615 0.939±0.011 25.09 ±1.013
T1→T2 0.940±0.009 25.80±1.867 0.917±0.007 24.49±1.230 0.935±0.010 23.78±2.080

→ indicates the direction of synthesis. PSNR and SSIM measurements are reported as
mean±std across test images.
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Table 4.10: Quality of Synthesis: Modal Comparison on background removed
images

MIDAS Dataset
pGAN cGANreg Replica Multimodal

T1→T2# 24.62±0.553 21.85±0.535 21.46±0.538 23.61±0.410
T1#→T2 22.85±0.570 20.84±0.609 20.63±0.353 22.09±0.401
T2 → T1# 23.48±1.238 21.85±1.094 15.32±1.098 17.44±1.181
T2#→ T1 22.68±1.082 21.41±0.918 18.34±1.179 18.34±1.179

IXI Dataset
pGAN cGANreg Replica Multimodal

T1→T2# 24.03±1.173 21.32±0.624 19.68±1.908 21.99±0.634
T1#→T2 23.56±0.992 21.78±0.727 19.76±1.465 21.79±0.768
T2 → T1# 23.06±1.027 21.68±0.540 16.25±1.012 18.41±0.761
T2#→ T1 23.93±0.911 21.12±0.248 16.20±1.689 20.29±1.046

BRATS Dataset
pGAN cGANreg Replica Multimodal

T1→T2# 19.63±1.427 18.20±1.394 17.05±1.614 17.51 ±0.947
T1#→T2 18.22±1.780 17.41±1.148 16.89±1.277 16.20±1.992

Model comparison in all datasets. Synthesis performance for T1- and T2-weighted images was
evaluated for pGAN, cGANreg, Replica and Multimodal. Two separate models were tested
for synthesis of T2-weighted contrast (T1→T2#, T1#→T2), and for synthesis of T1-weighted
contrast (T2→T1#, T2#→T1). Whereas the MIDAS and IXI datasets contain untouched im-
ages, the BRATS dataset is preprocessed for brain extraction. As a result, BRATS images are
free of skull and other non-brain structures and they have broader background regions. To al-
leviate differences in the extent of background regions, additional PSNR measurements were
performed by removing background voxels from the images. PSNR measurements are reported
as mean±std across test images.
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Table 4.11: Quality of Synthesis in the MIDAS dataset: Control analysis

pGAN Multimodal
Fold 1

SSIM PSNR SSIM PSNR

T1→T2# 0.918±0.024 28.73±1.121 0.915±0.015 27.26±1.141
T1#→T2 0.871±0.030 26.93±0.942 0.873±0.020 25.68±0.832
T2 → T1# 0.908±0.025 27.47±1.277 0.877±0.021 22.13±1.536
T2#→ T1 0.876±0.029 27.01±1.095 0.849±0.029 19.58±1.317

Fold 2
SSIM PSNR SSIM PSNR

T1→T2# 0.912±0.056 29.21±1.117 0.910±0.046 27.98±0.870
T1#→T2 0.860±0.086 27.33±1.098 0.869±0.077 26.80±0.912
T2 → T1# 0.909±0.026 26.74±1.664 0.882±0.028 21.92±1.425
T2#→ T1 0.869±0.045 26.76±1.211 0.862±0.031 22.15±1.350

Fold 3
SSIM PSNR SSIM PSNR

T1→T2# 0.919±0.032 28.94±0.982 0.914±0.029 27.64±0.768
T1#→T2 0.864±0.067 27.02±1.071 0.870±0.058 26.17±0.876
T2 → T1# 0.917±0.022 27.39±1.020 0.892±0.023 23.32±1.680
T2#→ T1 0.882±0.025 26.54±0.940 0.873±0.022 22.12±1.546

Fold 4
SSIM PSNR SSIM PSNR

T1→T2# 0.908±0.022 28.21±0.729 0.901±0.017 26.66±0.615
T1#→T2 0.854±0.040 26.51±0.789 0.866±0.029 25.70±0.540
T2 → T1# 0.900±0.024 26.43±1.080 0.875±0.028 21.46±1.324
T2#→ T1 0.860±0.040 26.28±1.237 0.838±0.038 20.16±1.415

Control analysis in the MIDAS dataset. Synthesis performance for T1- and T2-weighted images
was evaluated for pGAN and Multimodal on 40 subjects from the MIDAS dataset. A 4-fold
cross-validation procedure was used by randomly sampling nonoverlapping training, validation
and testing sets in each fold such that 25 subjects were used for training, 5 for validation and 10
for testing. Two separate models were tested for synthesis of T2-weighted contrast (T1→T2#,
T1#→T2), and for synthesis of T1-weighted contrast (T2→T1#, T2#→T1). SSIM and PSNR
measurements are reported as mean±std across test images.
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Table 4.12: Quality of Synthesis in the IXI dataset: Control analysis

pGAN Multimodal
Fold 1

SSIM PSNR SSIM PSNR

T1→T2# 0.954±0.010 30.18±1.268 0.939±0.012 28.04±1.050
T1#→T2 0.924±0.015 28.00±1.372 0.908±0.017 26.42±1.108
T2 → T1# 0.930±0.014 27.04±1.533 0.906±0.019 22.77±1.261
T2#→ T1 0.955±0.010 29.07±1.545 0.940±0.012 26.30±1.308

Fold 2
SSIM PSNR SSIM PSNR

T1→T2# 0.947±0.009 29.69±1.000 0.933±0.012 27.55±0.991
T1#→T2 0.920±0.013 28.24±1.086 0.899±0.016 26.21±1.025
T2 → T1# 0.930±0.013 27.62±1.217 0.905±0.016 24.05±1.680
T2#→ T1 0.951±0.009 28.89±0.936 0.932±0.012 25.39±1.881

Fold 3
SSIM PSNR SSIM PSNR

T1→T2# 0.951±0.012 30.09±1.008 0.941±0.013 28.57±0.996
T1#→T2 0.922±0.016 28.27±1.056 0.904±0.018 26.49±1.021
T2 → T1# 0.934±0.013 27.74±1.167 0.909±0.019 24.26±1.667
T2#→ T1 0.955±0.010 29.53±1.281 0.941±0.014 26.82±1.675

Fold 4
SSIM PSNR SSIM PSNR

T1→T2# 0.946±0.019 29.67±1.271 0.931±0.018 27.60±0.933
T1#→T2 0.911±0.026 27.63±1.585 0.894±0.023 25.69±1.025
T2 → T1# 0.923±0.022 27.19±1.696 0.901±0.022 24.69±1.564
T2#→ T1 0.950±0.017 29.07±1.771 0.933±0.020 25.86±2.046

Method comparison in the IXI dataset. Synthesis performance for T1- and T2-weighted im-
ages was evaluated for pGAN and Multimodal on 40 additional subjects divided into 4-folds
of 25 training, 5 validation and 10 testing subjects. Two separate models were tested for syn-
thesis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of T1-weighted con-
trast (T2→T1#, T2#→T1) for all four folds. SSIM and PSNR measurements are reported as
mean±std across test images.
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Table 4.13: Quality of Synthesis in the BRATS dataset: Control analysis

pGAN Multimodal
Fold 1

SSIM PSNR SSIM PSNR

T1→T2# 0.939±0.019 27.03±1.779 0.932±0.019 24.61±0.831
T1#→T2 0.938±0.016 26.25±1.943 0.938±0.020 24.35±2.393

Fold 2
SSIM PSNR SSIM PSNR

T1→T2 0.943±0.011 27.31±1.590 0.937±0.007 25.46±0.607
T1→T2 0.941±0.011 26.63±2.537 0.946±0.010 26.00±2.466

Fold 3
SSIM PSNR SSIM PSNR

T1→T2 0.943±0.013 27.08±1.339 0.937±0.009 24.90±0.785
T1→T2 0.943±0.010 26.60±2.200 0.944±0.008 25.02±3.310

Fold 4
SSIM PSNR SSIM PSNR

T1→T2 0.941±0.013 26.95±1.593 0.937±0.013 25.54±1.039
T1→T2 0.942±0.012 26.62±1.589 0.943±0.007 25.52±1.578

Control analysis in the BRATS dataset. Synthesis performance for T1- and T2-weighted images
was evaluated for pGAN and Multimodal on 40 subjects from the BRATS dataset. A 4-fold
cross-validation procedure was used by randomly sampling nonoverlapping training, validation
and testing sets in each fold such that 25 subjects were used for training, 5 for validation and 10
for testing. Two separate models were tested for synthesis of T2-weighted contrast, and for syn-
thesis of T1-weighted contrast for all four folds. SSIM and PSNR measurements are reported
as mean±std across test images.

Table 4.14: Quality of Synthesis in the Midas dataset: Model generalization
pGAN cGANreg Replica Multimodal

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

T1→T2# 0.850±0.020 24.15±0.581 0.849±0.018 24.09±0.405 0.831±0.022 23.67±0.564 0.869±0.016 24.34±0.461
T1#→T2 0.828±0.025 24.15±0.450 0.759±0.028 21.91±0.681 0.797±0.036 21.78±0.412 0.831±0.022 22.99±0.205
T2 → T1# 0.826±0.023 21.03±0.655 0.757±0.021 20.62±0.866 0.706±0.024 17.81±0.447 0.807±0.019 16.98±0.815
T2#→ T1 0.803±0.025 21.23±0.491 0.801±0.030 22.45±0.754 0.682±0.033 18.27±0.488 0.786±0.020 15.59±0.897

Synthesis performance for T1- and T2-weighted images from the MIDAS dataset was evaluated
for pGAN, cGAN, Replica, and Multimodal trained on the IXI dataset. Two separate models
were tested for synthesis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of
T1-weighted contrast (T2→T1#, T2#→T1). SSIM and PSNR measurements are reported as
mean±std across test subjects.
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Table 4.15: Quality of Synthesis in the IXI dataset: Reliability against noise
Noise-added source images

pGAN Multimodal
SSIM PSNR SSIM PSNR

T1→T2# 0.926±0.024 27.59±1.809 0.911±0.025 25.96±1.152
T1#→T2 0.891±0.012 26.17±0.725 0.862±0.018 24.33±0.935
T2 → T1# 0.907±0.013 26.24±0.883 0.874±0.014 22.38±1.212
T2#→ T1 0.939±0.016 28.42±1.428 0.921±0.020 25.68±1.359

Noise-added target images
SSIM PSNR SSIM PSNR

T1→T2# 0.850±0.026 24.60±0.967 0.871±0.037 24.36±1.404
T1#→T2 0.779±0.033 22.97±0.790 0.799±0.027 22.00±0.721
T2 → T1# 0.756±0.034 21.89±1.198 0.772±0.039 18.02±1.024
T2#→ T1 0.848±0.046 24.26±1.668 0.856±0.053 22.65±1.847

Method comparison in the noisy IXI dataset. Synthesis performance for T1- and T2-weighted
images was evaluated for pGAN and Multimodal. Two separate models were tested for synthe-
sis of T2-weighted contrast (T1→T2#, T1# →T2), and for synthesis of T1-weighted contrast
(T2→T1#, T2#→T1). SSIM and PSNR measurements are reported as mean±std across test
images.
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Chapter 5

Prior-Guided Image

Reconstruction for Accelerated

Multi-Contrast MRI via

Generative Adversarial Networks

The contents of this chapter reflect the work reported in the following publica-

tions:

• S. U. H. Dar, M. Yurt, M. Shahdloo, M. E. Ildız, and T. Çukur, “Syner-

gistic reconstruction and synthesis via generative adversarial networks for

accelerated multi-contrast mri,” arXiv preprint, 2018

• S. U. H. Dar, M. Yurt, M. Shahdloo, M. E. Ildız, B. Tınaz, and T. Çukur,

“Joint recovery of variably accelerated multi-contrast MRI acquisitions

via generative adversarial networks,” in 27th Annual Meeting of ISMRM,

p. 0666, 2019

• S. U. H. Dar, M. Yurt, M. Shahdloo, M. E. Ildız, B. Tınaz, and T. Çukur,

“Prior-guided image reconstruction for accelerated multi-contrast mri via
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generative adversarial networks,” IEEE Journal of Selected Topics in Signal

Processing, vol. 14, no. 6, pp. 1072–1087, 2020

5.1 Introduction

Magnetic resonance imaging (MRI) is a preferred modality for assessment of soft

tissues due to diversity of contrasts that it can provide. A typical MRI protocol

comprises a set of pulse sequences that capture images of the same anatomy under

different contrasts, with the aim to enhance diagnostic information. For instance,

in neuroimaging protocols, T1-weighted images are useful for delineation of gray

and white matter, whereas T2-weighted images are more useful for delineation of

fluids and fat. Although acquisition of multiple distinct contrasts is desirable, it

may not be feasible due to scan time limitations or uncooperative patients. Thus,

methods for accelerating MRI acquisitions without compromising image quality

are of great interest for multiple-contrast applications.

The predominant approach for accelerated MRI relies on undersampled k-space

acquisitions for scan time reduction, and on reconstruction algorithms for recov-

ery of missing samples based on the collected evidence (i.e., acquired samples)

[186, 115, 1, 2, 75]. Given the compressible nature of MR images, the state-of-

the-art approach is sparse recovery [1, 2], which employs variable-density random

undersampling in k-space to capture most of the energy in the MR images while

ensuring low coherence of aliasing artifacts. The inverse problem of image recon-

struction from sub-Nyquist sampled data is then solved via regularization from

known transform domains [1, 2], learned transform domains [49] or end-to-end

deep neural networks [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19]. De-

spite the promise of deep models for image reconstruction, the evidence collected

on the target MR image diminishes towards high acceleration factors due to un-

dersampling. In turn, this significantly degrades the reconstruction performance,

and causes loss in particularly high-spatial-resolution image features that may be

relevant for diagnosis.
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Figure 5.1: The proposed rsGAN method synergistically recovers undersampled
multi-contrast MRI acquisitions by complementarily using three priors: shared
high-frequency priors available in fully-sampled or lightly undersampled acquisi-
tions of one or more source contrasts to preserve high-spatial-frequency details,
low-frequency priors available in highly undersampled acquisitions of one or more
target contrasts to prevent feature leakage/loss, and a perceptual prior to improve
recovery of high-level features. The input-to-output mapping is implemented us-
ing a conditional adversarial network with a generator and a discriminator. The
generator learns to recover realistic high-quality target-contrast images by mini-
mizing a pixel-wise, a perceptual and an adversarial loss function. The discrim-
inator learns to discriminate between synthetic and real pairs of multi-contrast
images by maximizing the adversarial loss function.

A fundamentally different approach for accelerated MRI is to perform fully-

sampled acquisitions of a subset of the desired contrasts (i.e., source contrasts),

and then to synthesize missing contrasts (i.e., target contrasts). This approach

requires an intensity-based mapping model estimated using a collection of image

pairs in both source and target contrast [22, 126, 127, 130, 128, 23, 129, 131, 123,

21, 125, 24, 25, 26, 124, 132, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 187, 19].

The model can be based on sparse linear mapping between source and target

patches [21], or deep neural networks for enhanced accuracy [23, 24, 25, 26, 27,

28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38]. Although deep models for synthesis are

promising, local inaccuracies may occur in synthesized images when the source
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contrast is less sensitive to differences in relaxation parameters of two tissues

compared to the target contrast, or vice versa. For instance, inflammation can

be more clearly delineated from normal tissues in T2-weighted as opposed to

T1-weighted images. In such cases, synthesized images might contain artificial

pathology or fail to depict existing pathology.

Here, we propose a new approach for synergistic recovery of undersampled

multi-contrast MRI acquisitions by complementarily using reconstruction and

synthesis models. The reconstruction branch takes as a prior the low-spatial-

frequency information available in the collected evidence for the target contrast,

whereas the synthesis branch takes as a prior the high-spatial-frequency informa-

tion available in the fully sampled or lightly undersampled source contrast. These

low-level spatial-frequency priors are complemented with a perceptual prior that

improves recovery of higher-level image features [134]. The input-to-output map-

ping is implemented using conditional generative adversarial networks (GAN),

which were recently shown to outperform traditional deep network models for

image reconstruction [3, 4, 5, 10] and synthesis tasks [27, 28]. The proposed

reconstructing-synthesizing GAN (rsGAN) contains a generator for estimating

the target-contrast image given heavily undersampled target-contrast evidence

and either fully sampled or lightly undersampled source-contrast image; and a

discriminator to ensure that recovered images are as realistic as possible [110].

Low-spatial-frequencies are densely sampled in both target and source acquisi-

tions, but reconstructions of the target contrast will inherently focus on low-

frequency information in target acquisitions. Because the heavily undersampled

target contrast misses high-frequency samples at large, the source contrast serves

as the primary basis of high-frequency information. The proposed rsGAN model

learns to fuse this multitude of input information in a data-driven manner.

Deep neural networks were previously proposed for recovery of multi-contrast

MR acquisitions where each acquisition was accelerated at an identical rate

[188, 189, 190]. Despite improved recovery compared to isolated reconstruction

of individual contrasts, joint reconstruction may still suffer from loss of high-

spatial-frequency information towards higher acceleration factors. Deep neural

networks were also proposed for enhanced recovery of target-contrast images by
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incorporating structural information from fully sampled images of a separate

contrast [191, 192, 193]. Compared to [191, 192, 193] that employ loss terms

based on mean square/absolute errors or structural similarity, rsGAN leverages

an adversarial loss that demonstrated improved capture of high-spatial-frequency

information [27]. A recent, independent study proposed a GAN model for super-

resolution in a target contrast acquisition via the aid of fully-sampled images of a

source contrast [194]. There are several technical differences between rsGAN and

the model in [194]. In [194] sources have to be fully sampled, whereas rsGAN also

enables light undersampling of source contrasts. For improved recovery, rsGAN

further includes a perceptual prior. Lastly, the proposed rsGAN architecture can

handle multi-coil complex MRI datasets, and enable reliable recovery at acceler-

ation factors up to 50.

We demonstrated the proposed approach on several datasets: two public

datasets containing normal subjects, a public dataset containing patients with

high- or low-grade glioma, and a multi-coil dataset containing normal subjects. To

comparatively evaluate the proposed method, following competing methods were

considered: a reconstructing network (rGAN) that recovers the target-contrast

image given undersampled images of the targets contrasts accelerated at identical

rates, a reconstructing network (jGAN) that recovers the target-contrast image

given undersampled images of the both source and target contrasts accelerated

at identical rates, a synthesizing network (sGAN) that synthesizes the target-

contrast image given fully sampled images of the source contrast, a joint super res-

olution reconstructing network (sr-sGAN) [194] that recovers the target-contrast

image given undersampled images of the target contrasts and fully sampled im-

ages of the source contrast, and a variant of rsGAN deprived of the perceptual

prior (rsGAN-). Our results indicate that rsGAN yields enhanced performance

compared to the competing methods. In particular, rsGAN enables higher ac-

celeration factors compared to rGAN and jGAN since it more reliably recovers

high-spatial-frequency information. Compared to sGAN, rsGAN achieves im-

proved reliability against artificial feature loss or leakage since it uses collected

evidence from the target contrast to prevent hallucination. Compared to sr-

sGAN, rsGAN achieves enhanced recovery at low to intermediate acceleration
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factors (up to 20x). Compared to rsGAN-, rsGAN improves reliability of high-

level features. Overall, the proposed approach can successfully recover MR images

of at acceleration factors up to 50x in the target contrasts, enabling a significant

improvement in multi-contrast MRI.

Contributions

1. To our knowledge, this is the first GAN-based architecture that simultane-

ously leverages low-spatial-frequency, high-spatial-frequency and perceptual

priors to accelerate multi-contrast MRI acquisitions.

2. The proposed approach can enable high acceleration factors up to 50x by

incorporating information from both source and target contrasts.

3. The proposed approach can successfully recover pathologies that are either

missing in the source contrast or are not clearly visible in the undersampled

acquisitions of the target contrast.

4. The proposed approach can jointly reconstruct and synthesize the target

contrast even when the source contrasts are moderately undersampled.

5.2 Theory and Methods

5.2.1 Accelerated MRI

Two mainstream approaches that can be used to accelerate MR acquisitions and

enhance the diversity of acquired contrasts are reconstruction of a target contrast

given randomly undersampled acquisitions of the same contrast, and synthesis of

a target contrast based on fully-sampled acquisitions of a distinct source contrast.

Both approaches incorporate prior information about image structure to improve

the conditioning of the inverse problem of recovering images of the target contrast.
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However, they differ fundamentally in the type of prior information used. The

problem formulations for reconstruction and synthesis are overviewed below.

5.2.1.1 Reconstruction

In this case, MR acquisitions are accelerated commonly via variable-density ran-

dom undersampling patterns:

Fum1 = y1a (5.1)

where Fu is the partial Fourier operator defined at the k-space sampling locations,

and m1 is the image of the target contrast, y1a are the acquired k-space data.

The reconstruction task is then to recover the target image given the collected

evidence (i.e., acquired data). Note that the problem in Eq. 5.1 is ill-posed, thus

successful recovery requires additional prior information about the image. In the

CS framework, this prior information reflects the sparsity of the image in a known

transform domain (i.e., wavelet, TV transforms). The prior can be incorporated

into the inverse problem as a regularization term:

m̂1 = arg min
m1

λ||Fum1 − y1a||2 +R(m1) (5.2)

where the first term enforces consistency of the reconstructed and acquired data

in k-space, R(m1) is the regularization term reflecting the prior, and λ controls

the relative weighting of data consistency against the prior. R(m1) typically

involves the `0 or `1-norm of transform coefficients.

Recent studies have proposed neural-network methods to adaptively learn both

nonlinear transform domains directly from MRI data and how to recover images

from these domains. In the training stage, a large dataset of pairs of undersampled

and fully-sampled acquisitions are leveraged to learn the network-based solution

to the inverse problem:

Lrec(θ) = Emu
1t,m1t ||G(mu

1t; θ)−m1t||p (5.3)

where mu
1t and m1t represent undersampled and fully-sampled training images,

G(mu
1t; θ) is the reconstructed output of the neural network based on network
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parameters θ, and ||.||p denotes `p-norm (where p is typically 1 or 2). Once the

network parameters that minimize the objective in Eq. 5.3 have been learned,

the following optimization problem can be cast to obtain reconstructions of un-

dersampled acquisitions:

m̂1 = arg min
m1

λ||Fum1 − y1a||2 + ||G(mu
1 ; θ∗)−m1||2 (5.4)

where mu
1 is the undersampled image, G(mu

1 ; θ∗) is the reconstruction by the

trained network with parameters θ∗, and m̂1 is final recovered image. In Eq. 5.4,

the first term again enforces consistency of reconstructed and acquired data. The

second term is analogous to R(m1) in Eq. 5.2, and it enforces consistency of the

recovered image to the network reconstruction.

5.2.1.2 Synthesis

In the synthesis case, fully-sampled images of the source contrast are assumed

to be available. The task is then to recover target-contrast images (m1) given

source-contrast images (m2) of the same anatomy. A learning-based procedure is

used to estimate a mapping between the source and target contrast images. In

the training stage, a large dataset of pairs of fully-sampled images from the source

and target contrasts are used (m2t,m1t). In the CS-based synthesis framework,

patch-based dictionaries (Φ2,Φ1) are formed for both source and target contrasts

using m2t and m1t. These dictionaries are analogous to the sparsifying transform

domains used in CS reconstructions. The aim is to express each patch in the

source contrast images m2 as a sparse linear combination of transform coefficients

of the corresponding dictionary atoms:

α(j) = arg min
α(j)

||m2(j)− Φ2.α(j)||2 + ||α(j)||1 (5.5)

where α(j) is the learned combination coefficients for the jth patch, m2(j) denotes

the jth patch in the source contrast, and Φ2 denotes the dictionary formed using

patches from m2t. The first term ensures consistency of the synthesized patch to

the true patch. The second term enforces sparsity of the vector of combination

coefficients. Once the combination is learned, it can be used to synthesize target
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contrast images:

m̂1(j) = Φ1.α(j) (5.6)

where Φ1 denotes the dictionary formed using patches from m1t, and m̂1(j) is the

jth patch of the final synthesized image.

Recent studies have proposed neural-network methods to directly learn an

adaptive, non-linear mapping from the source contrast to the target contrast. In

the training stage, network parameters are optimized based on a loss function

that reflects the error between the network output and the true target image:

Lsynth(θ) = Em1t,m2t||G(m2t; θ)−m1t||p (5.7)

where m1t and m2t represent pairs of source and target images, and G(m2t; θ) is

the mapping from source to target contrast characterized by parameters θ. Once

the network parameters that minimize the objective in Eq. 5.7 are learned, the

network output can be directly calculated to obtain the synthesis results:

m̂1 = G(m2; θ∗) (5.8)

where m̂1 is the prediction using the mapping G(m2; θ∗) with parameters θ∗.

Unlike the reconstruction task, here there is no evidence that has been collected

about the target contrast. Therefore, no optimization procedures are needed for

synthesis in the testing stage.

5.2.2 Joint Reconstruction-Synthesis via Conditional

GANs

In the reconstruction task, the inverse problem solution uses undersampled acqui-

sitions of the target contrast as evidence, and intrinsic image properties such as

sparsity as prior. As the acceleration factor grows, evidence becomes scarce par-

ticularly towards high spatial frequencies that are sparsely covered by variable-

density patterns. This in turn elevates the degree of aliasing artifacts; and if

heavier weighting is given to the prior as a remedy, important features may be
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lost in the recovered images. Meanwhile, in the synthesis task, the inverse prob-

lem solution uses fully-sampled acquisitions of a distinct source contrast of the

same anatomy as a prior. When the source and target contrasts exhibit simi-

lar levels of sensitivity to differences in tissue parameters, this prior can enable

successful solution of the inverse problem. However, when the source and target

show differential sensitivity, then features that are not supposed to be in the tar-

get may leak from the source onto the synthesized image, or features that must

be present in the target may be missed.

To address the limitations of pure reconstruction or synthesis, we proposed

to synergistically combine the two approaches with the aim to enhance recovery

of multi-contrast MRI images. As such, the proposed approach consists of two

branches: (1) A reconstruction branch that aggregates information from the tar-

get contrasts in the form of magnitude and phase images. (2) A synthesis branch

that aggregates information from the source contrasts in the form of magnitude

images.

Given k target contrasts and n−k source contrasts, the joint recovery problem

can be formulated as:

m̂1,2,3,...,n = arg min
m1,2,...,n

λ

k∑
i=1

||Fumhu
i − yia||2+

λ
n∑

j=k+1

||Fumlu
j − yja||2+

R(mhu
1 , . . . ,mhu

k ,m
lu
k+1, . . . ,m

lu
n ) (5.9)

where R(mhu
1 , . . . ,mhu

k ,m
lu
k+1, . . . ,m

lu
n ) is a regularization term based on prior

information, mhu
i is the ith contrast that is heavily undersampled (i.e., target

contrast), and mlu
j is jth contrast that is lightly undersampled (i.e., source con-

trast), and yia denotes the acquired data for the ith contrast. We recast Eq. 5.9

using a neural-network based formulation:
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m̂1,2,3,...,n = arg min
m1,2,...,n

λ

k∑
i=1

||Fumhu
i − yia||2+

λ
n∑

j=k+1

||Fumlu
j − yja||2+

n∑
l=1

||G(mhu
1 , . . . ,mhu

k ,m
lu
k+1, . . . ,m

lu
n ; θ∗)[l]−ml||2 (5.10)

Here, multiple separate channels for network output are considered since

multiple contrast images can be recovered simultaneously. In Eq. 5.10,

G(mhu
1 , . . . ,mhu

k ,m
lu
k+1, . . . ,m

lu
n ; θ∗)[l] denotes the lth channel of the network out-

put, among a total of n channels for the entire set of contrasts. The first two

terms respectively enforce the consistency of reconstructed data to acquired data

in the target and source contrasts. The last term enforces consistency of the

network outputs to the recovered images. Solution of Eq. 5.10 yields estimates

of the images for each contrast separately as:

yir(k) =



F{G(mhu
1 , . . . ,mhu

k ,

mlu
k+1, . . . ,m

lu
n ; θ∗)[i]}(k)+

λyia(k)

1 + λ
if k ∈ Ω

F{G(mhu
1 , . . . ,mhu

k ,

mlu
k+1, . . . ,m

lu
n ; θ∗)[i]}(k)

otherwise

m̂i = F−1{yir} (5.11)

where yir denotes the k-space representation of the image for the ith contrast,

Ω is the set of acquired k-space samples, F is the Fourier transform operator,

and F−1 is the inverse Fourier transform operator. The solution stated above

performs two subsequent projections on the input images. The first projection

takes undersampled acquisitions to generate the network predictions. The second
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projection enforces data consistency between data samples that were originally

acquired and those that are predicted by the network.

Based on the recent progress by generative adversarial networks in MR image

synthesis and reconstruction tasks, we chose to build the joint recovery network

using a conditional GAN architecture. Our network contains two subnetworks:

a generator and a discriminator. The task of the generator is to learn a map-

ping from undersampled acquisitions onto fully-sampled acquisitions of source

and target images. Both synthesis and reconstruction branches are provided to

the generator part of the network as separate input channels. During the train-

ing, the network learns to adaptively fuse this information in a data-driven way.

Meanwhile, the task of the discriminator is to differentiate between the images

predicted by the generator and the actual images. As such, an adversarial loss

function is typically used to train both subnetworks. Here for stabilized training,

we used adversarial loss as in LSGAN [156]:

LcondAdv(θD, θG) = −Emt [(D(mt; θD)− 1)2]

−Emhu
t ,mlu

t
[D(G(mhu

t ,mlu
t ; θG); θD)2] (5.12)

where mt represents the MR images aggregated across n contrasts (m1,m2, . . . ,mn)

in the training dataset, mhu
t represents the heavily undersampled acquisi-

tions aggregated across k target contrasts (m1,m2, . . . ,mk), mlu
t represents

the lightly undersampled acquisitions aggregated across n − k source contrasts

(mk+1,mk+2, . . . ,mn), G is the generator with parameters θG, D is the discrim-

inator with parameters θG, and LcondAdv(θD, θG) is the adversarial loss func-

tion. G was trained to minimize Emhu
t ,mlu

t
[(D(G(mhu

t ,mlu
t ; θG)) − 1)2] instead

of −Emhu
t ,mlu

t
[D(G(mhu

t ,mlu
t ; θG))2]. To ensure reliable recovery in each channel,

a pixel-wise loss function was incorporated to the generator:

LL1(θG) = Emt,mhu
t ,mlu

t

[
||G(mt,m

hu
t ,mlu

t ; θG)−mt||1
]

(5.13)

Recent studies on MRI reconstruction and synthesis suggest that incorporating

an additional prior in the form of a perceptual loss can further enhance the image

quality [28, 27]. The perceptual loss relies on high-level features extracted via

networks pretrained on natural images for more general tasks. Following [134], we
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extracted feature maps right before the second max-pooling layer of the VGG16

model trained on the ImageNet dataset [88] for object classification. The loss

function can be expressed as:

Lperc(θG) = Emt,mhu
t ,mlu

t

[
||V (G(mt,m

hu
t ,mlu

t ; θG))

−V (mt)||1
]

(5.14)

where V (.) represents the features extracted via VGG16. The adversar-

ial, pixel-wise and perceptual losses are finally combined to train the proposed

reconstructing-synthesizing GAN (rsGAN) model:

LrsGAN(θD, θG) = λpLL1(θG)+

λpercLperc(θG)+

LcondAdv(θD, θG) (5.15)

where λp and λperc are the relative weightings of the pixel-wise and perceptual

loss functions.

5.2.3 Competing Methods

To evaluate the effectiveness of rsGAN, we compared it against other GAN archi-

tectures. A GAN trained to only perform synthesis of the target-contrast images

based on the respective source-contrast images. Source-contrast images were

taken to be fully-sampled, high-quality images. We will refer to this network as

the synthesizing GAN (sGAN). A GAN trained to only perform reconstruction

of the target-contrast images based on undersampled acquisitions of all target

contrasts accelerated at identical rates. We will refer to this network as the re-

constructing GAN (rGAN). A GAN trained to only perform reconstruction of

the target-contrast images based on undersampled acquisitions of all source and

target contrasts accelerated at identical rates. We will refer to this network as

the joint reconstructing GAN (jGAN). In the public datasets, rsGAN was also

compared against a variant of rsGAN deprived of the perceptual prior, referred

to as rsGAN-, and a GAN trained to only perform recovery of the target-contrast
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images based on fully sampled acquisitions of source contrasts and low-resolution

acquisitions of target contrasts, referred to as the super-resolution synthesis GAN

(sr-sGAN). Note that sGAN, jGAN, rGAN and sr-sGAN were also trained using

the perceptual prior.

5.2.4 MRI Datasets

We demonstrated the proposed approach on three different public datasets and a

multi-coil dataset containing multi-contrast MRI images. The public datasets MI-

DAS [87] and IXI (http://brain-development.org/ixi-dataset/) comprised

images collected in healthy normals. BRATS (https://sites.google.com/

site/braintumorsegmentation/home/brats2015) comprised images collected

in patients with low-grade glioma (LGG) or high-grade glioma (HGG). Relevant

details about each dataset are given below.

5.2.4.1 MIDAS Dataset

T1-weighted and T2-weighted images in the MIDAS dataset were considered.

Data from 40 subjects were analyzed. The scan protocols were as follows:

T1-weighted images: 3D Gradient-Echo sequence, repetition time (TR)=14ms,

echo time (TE)=7.7ms, flip angle=25◦, volume size=256×176×256, voxel

dimensions=1mm×1mm×1mm.

T2-weighted images: 2D Spin-Echo sequence, repetition time (TR)=7730ms,

echo time (TE)=80ms, flip angle=180◦, volume size=256×192×256, voxel

dimensions=1mm×1mm×1mm.

133



5.2.4.2 IXI Dataset

T1-weighted, T2-weighted and PD-weighted images in the IXI dataset were con-

sidered. Data from 40 subjects were analyzed. The scan protocols were as follows:

T1-weighted images: repetition time (TR)=9.813ms, echo time (TE)=4.603ms,

flip angle=8◦, volume size=256×256×150, voxel dimensions=0.94mm×0.94mm×1.2mm.

T2-weighted images: repetition time (TR)=8178ms, echo time (TE)=100ms,

flip angle=90◦, volume size=256×256×130, voxel dimensions= 0.94mm×0.94mm×1.2mm.

PD-weighted images: repetition time (TR)=8178ms, echo time (TE)=8ms, flip

angle=90◦, volume size=256×256×130, voxel dimensions=0.94mm×0.94mm×1.2mm.

5.2.4.3 BRATS Dataset

T1-weighted, T2-weighted and FLAIR images in the BRATS dataset were consid-

ered. Data from 40 Glioma patients were analyzed. Since the data were acquired

in various different sites, no single scan protocol existed. In BRATS, all contrasts

were already pre-registered and skull-stripped as publicly shared.

5.2.4.4 Multi-Coil MR Images

T1-weighted, T2-weighted and PD-weighted brain images from 10 subjects were

acquired at Bilkent University. Images were acquired on a 3T Siemens Tim Trio

scanner (maximum gradient strength of 45mT/m and slew rate of 200 T/m/s)

using a 32-channel receive only coil. The scan protocols were as follows:

T1-weighted images: 3D MP-RAGE sequence, repetition time (TR)=2000ms,

echo time (TE)=5.53ms, flip angle=20◦, volume size=256×192×88, voxel

dimensions=1mm×1mm×2mm, acquisition time (TA)= 6:26.

T2-weighted images: 3D Spin-Echo sequence, repetition time (TR)=1000ms,
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echo time (TE)=118ms, flip angle=90◦, volume size=256×192×88, voxel

dimensions=1mm×1mm×2mm, acquisition time (TA)= 17:39.

PD-weighted images: 3D Spin-Echo sequence, repetition time (TR)=750ms,

echo time (TE)=12ms, flip angle=90◦, volume size=256×192×88, voxel

dimensions=1mm×1mm×2mm, acquisition time (TA)= 13:14.

In the public datasets, (25, 5, 10) subjects were used for (training, valida-

tion, testing). In the IXI dataset, one test subject was discarded due to poor

registration quality. Within each subject, around 100 central cross-sections that

contained brain tissues and that were relatively free of artifacts were selected.

Each model was trained using a batch size of 1. This corresponds to nearly 2400-

2600 iterations per epoch. In the multi-coil dataset, (7, 1, 2) subjects were used

for (training, validation, testing). For each subject, around 155 central cross-

sections that contained brain tissues and that were relatively free of artifacts

were selected. Models were trained using a batch size of 1. This corresponds to

nearly 1085 iterations per epoch.

5.2.5 Image Registration

Since the multi-contrast volumes in the MIDAS, IXI and multi-coil datasets were

unregistered, these images were registered before training and testing. For the

MIDAS dataset, T2-weighted images of each subject were registered onto T1-

weighted images of the same subject using a rigid transformation. Images were

registered based on mutual information loss. For the IXI dataset, T2- and PD-

weighted images of each subject were registered onto T1-weighted images of each

subject using an affine transformation. In the multi-coil dataset, T2- and PD-

weighted images of each subject were registered onto T1-weighted images of each

subject using a rigid body transformation. Images were registered based on mu-

tual information loss. Registrations were carried out using FSL [161, 160].

135



Figure 5.2: Examples of undersampling patterns for acquisitions accelerated in a
broad range (R= 5x, 10x, 20x, 30x, 40x, 50x)

5.2.6 Undersampling Patterns

For heavily undersampled acquisitions of the target contrast, we examined accel-

eration factors in a broad range (R= 5x, 10x, 20x, 30x, 40x, 50x; Fig. 5.2). For

lightly undersampled acquisitions of the source contrast, we examined accelera-

tion factors in a relatively limited range (R=1x, 2x, 3x). For rsGAN and rGAN,

variable-density undersampling was used [1]. The undersampling patterns were

generated using bi-variate normal probability density functions. Covariance of

the density functions was separately adjusted for each value of R. Fully-sampled

images were Fourier transformed, and then retrospectively sampled using the gen-

erated patterns. Distinct random patterns were generated for each subject within

each dataset.

For proof of concept demonstration at high acceleration rates, we simulated

2D undersampling in the transversal plane for the public datasets. For multi-coil

acquisitions, 2D undersampling was performed in the coronal plane on a 192x88

grid, so a relative narrower range of accelerations were considered (R=5x, 10x,

15x, 20x, 25x, 30x).

5.2.7 Model Training Procedures

All GAN-based models were trained using an identical set of proce-

dures. To train each conditional GAN, we adopted the generator and
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discriminator from [134] and [155]. The generator consisted of the fol-

lowing convolutional layers (Conv) connected in series: Conv (kernel-

size=7, output-features=64, stride=1, activation=ReLU), Conv (kernel-size=3,

output-features=64, stride=2, activation=ReLU), Conv (kernel-size=3, output-

features=256, stride=2, activation=ReLU), 9x resnet blocks (kernel-size=3,

output-features=256, stride=1, activation=ReLU), fractionally-strided Conv

(kernel-size=3, output-features=128, stride=2, activation=ReLU), fractionally-

strided Conv (kernel-size=3, output-features=64, stride=2, activation=ReLU),

Conv (kernel-size=7, output-features=1, stride=1, activation=none). The

discriminator consisted of the following convolutional layers (Conv) con-

nected in series: Conv (kernel-size=4, output-features=64, stride=2, activa-

tion=leakyReLU), Conv (kernel-size=4, output-features=128, stride=2, acti-

vation=leakyReLU), Conv (kernel-size=4, output-features=256, stride=2, acti-

vation=leakyReLU), Conv (kernel-size=4, output-features=512, stride=1, acti-

vation=leakyReLU), Conv (kernel-size=4, output-features=1, stride=1, activa-

tion=none).

Generator and discriminator networks were trained for 100 epochs using the

Adam optimizer [94], with decay rates for the first and second moment estimates

set as 0.5 and 0.999. For the generator, the learning rate was set as 0.0002 for the

initial 50 epochs and then linearly decayed to 0 during the remaining epochs. For

the discriminator, the learning rate was set as 0.0001 for the first 50 epochs and

then linearly decayed to 0 during the remaining epochs. Dropout regularization

was used to enhance the generalizability of the network model, with a dropout

rate of 0.5. Instance normalization was applied [164]. All model weights were

randomly initialized based on a normally-distributed variable with 0 mean and

0.02 standard deviation.

The optimal weightings of pixel-wise loss (λp) and perceptual loss (λperc) terms

were determined via a cross-validation procedure supplemented by visual inspec-

tion. Using the training data, separate models were obtained for λp in [10 150]

and λperc in [10 150]. Weight selection was then performed by maximizing PSNR

on the validation data. Recovered validation images were also visually inspected.
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When needed, selected weights were further fine-tuned to prevent low-quality re-

covery due to artifacts. Following these procedures, a common λp =100 value

was chosen for all datasets that yielded near-optimal results consistently across

datasets and acceleration factors. Note that our optimum λp value closely matches

weighting reported for conditional GAN models in the literature [27, 155]. Mean-

while, a separate λperc value was chosen for each dataset and for each acceleration

factor. Relative weighting of data consistency against the prior (λ) was set to

infinity.

Note that although the public datasets used in this study contain only coil

combined magnitude images, the Fourier reconstructions of undersampled ac-

quisitions are complex valued. Therefore, for each input contrast, two channels

were designated to represent the magnitude and phase image components. For

each target contrast, separate networks were trained to recover fully-sampled

magnitude images. In the multi-coil dataset, first GCC [92] was used to reduce

computational complexity by decreasing the number of coils from 32 to 5. For

each input contrast, 5 channels were designated to represent magnitude com-

ponents. In practice, the comparative performance of rsGAN models without

and with phase depends on the benefits of added phase information against the

disadvantages of fitting a more complex model. In the multi-coil dataset with

5 virtual coils, adding phase information for each individual contrast amounts

to 5 extra input channels, considerably expanding model complexity. Since we

observed that additional phase channels caused a slight decline in performance,

we preferred to use rsGAN models without phase information in the multi-coil

analyses of rsGAN. For each target contrast, separate networks were trained to

recover fully-sampled coil-combined magnitude images. Reference coil-combined

images were obtained by using coil sensitivity maps estimated via ESPIRiT [86].

In case of multiple acquisitions other coil-combined methods can also be deployed

[195, 196].

To maximize model performance, a separate model was trained for each unique

collection of source and target contrasts, and acceleration factors. For generaliz-

ing the rsGAN model to also handle light undersampling of the source contrast,

138



a separate rGAN model was first trained to recover undersampled source acqui-

sitions at each acceleration factor. In the testing phase, the reconstructed source

contrast was then fed to the rsGAN model.

For multi-coil data, rsGAN was first trained to recover a coil-combined mag-

nitude image for the target contrast from undersampled multi-coil magnitude

images for source and target contrasts. Second, a coil-combined complex image

for the target was obtained by adding onto the recovered magnitude image the

phase of the coil-combined undersampled images of the target. Third, the coil-

combined complex target image was back-projected onto individual coils using

coil sensitivity maps. Data consistency was enforced on the resultant multi-coil

complex target data, and a coil-combined complex target image was then ob-

tained. As such, phase information in undersampled acquisitions was leveraged

to enable data consistency projections.

5.2.8 Experiments

5.2.8.1 Main Experiments

To evaluate the comparative performance of the proposed approach, rsGAN,

rGAN, jGAN, and sGAN were individually trained and tested on multi-contrast

MRI datasets. Theoretically, as R approaches 1x, rsGAN, rGAN and jGAN

should show nearly identical performance that is superior to sGAN since sGAN

has no evidence collected about the target contrast. As R goes to infinity, rs-

GAN and sGAN should show nearly identical performance that is superior to

rGAN, since no evidence from the target contrast will be available to any of the

networks. In intermediate R values, we reasoned that rsGAN would outperform

rGAN and jGAN in terms of reliability in recovery of high-frequency information

since variable-density patterns suboptimally sample high spatial frequencies in the

target contrast. We also reasoned that rsGAN would outperform sGAN especially

when the source and target contrasts showed differential sensitivity to differences

in tissue parameters. Based on these notions, we measured the performance of
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all four methods across a broad range of acceleration factors. To evaluate the ef-

fects of perceptual prior and variable-density sampling patterns, rsGAN was also

compared against rsGAN- and sr-sGAN in the public datasets. We reasoned that

incorporation of the perceptual prior should enhance performance. We also rea-

soned that as R approaches 1, rsGAN should perform better than sr-sGAN since

rsGAN contains more high-spatial frequency information from the target con-

trast. As R approaches infinity, rsGAN should perform similar to sr-sGAN since

the variable-density sampling patterns in rsGAN approach the central sampling

patterns in sr-sGAN at these acceleration rates.

In both MIDAS and BRATS datasets, we considered two main scenarios.

First, T1-weighted acquisitions were taken as the source contrast (R=1x), and

T2-weighted acquisitions were taken as the target contrast (R=5x, 10x, 20x, 30x,

40x, 50x). Second, T2-weighted acquisitions were taken as the source (R=1x),

and T1-weighted acquisitions were taken as the target (R=5x, 10x, 20x, 30x, 40x,

50x).

Two distinct scenarios were examined in both IXI and multi-coil datasets.

First, T1-weighted acquisitions were taken as the source contrast (R=1x), and

both T2- and PD-weighted acquisitions were taken as the target contrasts (R=5x,

10x, 20x, 30x, 40x, 50x in the IXI dataset, and R=5x, 10x, 15x, 20x, 25x, 30x

in the multi-coil dataset). Since T2- and PD-weighted acquisitions are typically

performed using similar sequences, the acceleration factors for these two contrasts

were always matched. Second, the source T1-weighted acquisitions were lightly

undersampled (R=2x, 3x), and T1-, T2-, and PD-weighted images were jointly

recovered. The overall scan time for an accelerated multi-contrast protocol de-

pends on the distribution of R across contrasts, and individual scan times for

all contrasts. To systematically examine scan efficiency, we measured recovery

performance for jGAN and rsGAN with the same overall scan time. Analyses

were performed on the in vivo multi-coil datasets for a fixed scan time of 250 sec,

where T1 was the source contrast and T2 and PD were the target contrasts. For

jGAN this corresponds to R=8.9x across all contrasts, whereas for rsGAN this

corresponds to RT1 =3x for the source contrast and R=15x for target contrasts.
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Figure 5.3: The proposed rsGAN method was demonstrated for synergistic
reconstruction-synthesis of T1- and T2-weighted images from the MIDAS dataset.
The acquisition for the source contrast was fully sampled, and the acquisition for
the target contrast was undersampled by R=5x, 10x, 20x, 30x, 40x, 50x. PSNR
was measured between recovered and fully-sampled reference target-contrast im-
ages. (a) PSNR (mean±standard error) across the test subjects for rsGAN,
rGAN, jGAN, and sGAN when T1 is the source contrast and T2 is the target
contrast. (b) PSNR (mean±standard error) when T2 is the source contrast and
T1 is the target contrast. The performance of sGAN remains constant across
R since it does not use any evidence from the target-contrast acquisitions. As
expected, the performance of rGAN, jGAN, and rsGAN gradually decreases for
higher values of R where the evidence from the target contrast becomes scarce.
However, rsGAN performs well even at very high acceleration factors..

5.2.8.2 Control Experiments

Here, for more efficient model training, we preferred to focus on cross-sections

that contained brain tissue. To rule out potential biases in model generalizability

due to this selection, we conducted control experiments where rGAN, jGAN and

rsGAN were trained on all available cross-sections in the IXI dataset without any

selection (referred to as rGANAll, jGANAll and rsGANAll). These models were

compared with rGAN, jGAN and rsGAN trained on the originally selected central

cross-sections. Performance comparisons were carried out on independent test

sets containing all cross-sections within subjects without any selection procedures.

In the public datasets containing coil-combined magnitude images, phase is

only introduced during retrospective undersampling of k-space data, and the
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phase values are often small. Thus, in theory, an rsGAN model that receives as

inputs only magnitude images should perform similarly to one that receives both

magnitude and phase images. To test this prediction, we conducted additional

analyses in the BRATS dataset where a variant of rsGAN model with only mag-

nitude channels as inputs was trained, referred to as rsGANm. rsGANm was then

compared against rsGAN consisting of both magnitude and phase channels as

inputs. T1 was set as the source contrast and T2 was set as the target contrast.

Here, rsGAN had different model complexity compared to the competing meth-

ods (rGAN, jGAN and sGAN). To rule out potential biases due to model com-

plexity, we implemented additional control experiments in the BRATS dataset

with rGAN, jGAN and sGAN models with matching complexity to rsGAN. Com-

plexity was balanced across models by maintaining an identical number of input

channels to the generator. In these experiments, T1 was set as the source contrast

and T2 was set as the target contrast. Input to sGAN consisted of magnitude im-

ages of fully sampled T1 contrast concatenated with magnitude and phase images

of undersampled T1 contrast. Input to rGAN consisted of magnitude and phase

images of highly undersampled T2 contrast concatenated with magnitude images

of highly undersampled T2 contrast. Input to jGAN consisted of magnitude and

phase images of highly undersampled T2 contrast concatenated with magnitude

images of highly undersampled T1 contrast. These models are referred to as

rGANMC, jGANMC and sGANMC. These models were compared with rsGAN,

and regular rGAN, jGAN and sGAN.

In this study, rsGAN was mainly demonstrated for the recovery of T1-, T2-

, and PD-weighted contrasts. Several diagnostic protocols also include FLAIR

acquisitions. To examine the ability of rsGAN to recover FLAIR acquisitions, we

also trained models for recovery of FLAIR images in the BRATS dataset. T1 was

used as the source contrast, and FLAIR was used as the target contrast.

To maximize performance for individual contrasts, here the recovery of each

target contrast was taken as a separate task. When multi-target-contrast im-

ages were considered, a separate rsGAN model was constructed to recover each

target contrast. To assess the benefits of this strategy, we conducted additional
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Table 5.1: Quality of Recovered Images in the MIDAS Dataset

rGAN jGAN rsGAN(RT1 =1)
PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
36.88 97.69 37.03 97.76 37.35† 97.96†

±0.13 ±0.10 ±0.11 ±0.10 ±0.12 ±0.10

R=10x
32.87 95.18 33.24 95.60 34.04† 96.30†

±0.14 ±0.20 ±0.12 ±0.19 ±0.13 ±0.19

R=20x
29.20 90.88 29.69 91.64 31.23† 93.97†

±0.15 ±0.34 ±0.15 ±0.33 ±0.17 ±0.30

R=30x
27.61 87.98 27.95 88.82 30.45† 93.25†

±0.15 ±0.42 ±0.14 ±0.40 ±0.16 ±0.33

R=40x
26.49 85.75 26.93 86.88 29.89† 92.76†

±0.14 ±0.47 ±0.17 ±0.49 ±0.17 ±0.35

R=50x
25.67 83.77 26.02 84.87 29.28† 92.09†

±0.17 ±0.53 ±0.16 ±0.52 ±0.21 ±0.41
sGAN

PSNR SSIM

27.56±0.27 90.91± 0.48

PSNR and %SSIM values (mean±standard error) across the test subjects are listed
for sGAN, rGAN, jGAN, and rsGAN. T1-weighted acquisitions were taken as the
source contrast, and T2-weighted acquisitions were taken as the target contrast.
The highest PSNR and SSIM values in each row are marked in bold font, and
the significantly better performing values (p<0.05) are marked with the ’†’ symbol.

experiments in the BRATS dataset where two distinct sets of rsGAN models

were constructed. The first set consisted of the original rsGAN models (named

rsGAN1) trained to recover target contrasts individually (one model recovering

T2 from undersampled T2 and fully-sampled T1 acquisitions, and another model

recovering FLAIR from undersampled FLAIR and fully-sampled T1 acquisitions).

The second set consisted of a unified rsGAN model (named rsGAN2) trained to

jointly recover T2 and FLAIR from undersampled T2 and FLAIR, and fully-

sampled T1 acquisitions. The two sets of models were compared in terms of

average performance in recovery of T2 and FLAIR images.

All network models and conventional reconstruction and synthesis techniques

were trained and tested on the same instances of data and undersampling pat-

terns. To quantitatively assess the quality of recovered images, the fully-sampled
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reference images were used. All images were first normalized to the range [0 1].

Then, peak signal-to-noise ratio (PSNR) and structural similarity index measure

(SSIM) were calculated between the recovered and reference images. Statistical

significance of differences in PSNR and SSIM between methods were assessed

via a nonparametric Wilcoxon signed-rank test. In the public datasets, the sta-

tistical significance tests were performed across test subjects. In the multi-coil

dataset, due to limited number of test subjects, the statistical significance tests

were performed across cross-sections.

5.3 Results

5.3.1 Main Experiments

5.3.1.1 Public Datasets

We first demonstrated the proposed rsGAN method against rGAN, jGAN and

sGAN on the MIDAS dataset. We considered two separate models: a model

to recover T2-weighted images given T1-weighted images as source contrast, and

another to recover T1-weighted images given T2-weighted images as source con-

trast. Tables 5.1 and 5.2 list the respective PSNR and SSIM measurements for

each model, and Fig. 5.3 illustrates performance as a function of R.

T2- and T1-weighted images in the MIDAS dataset recovered while R is varied

from 10x to 50x are displayed in Figs. 5.4 and 5.5, respectively. Representa-

tive T2- and T1-weighted images recovered with ZF, jGAN, sGAN and rsGAN

at R=50x are shown in Fig. 5.6. As expected, the similarity between rsGAN

and jGAN results increases towards R=10x, and that between rsGAN and sGAN

increases towards R=50x. Furthermore, rsGAN recovers images of higher visual

quality and acuity than both competing methods, particularly at intermediate R

values. These results indicate that the incorporation of a fully-sampled acquisi-

tions of the source contrast enables rsGAN to more reliably recover high-frequency
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information compared to rGAN and jGAN, and that the use of evidence collected

on the target contrast ensures that rsGAN yields more accurate recovery com-

pared to sGAN. Next, we demonstrated the proposed method on a dataset ac-

quired in patients with high- or low-grade gliomas. We considered two models on

the BRATS dataset: a model to recover T2-weighted images given T1-weighted

images, and another to recover T1-weighted images given T2-weighted images.

Tables 5.3 and 5.4 list the respective PSNR and SSIM values, and Fig. 5.7 illus-

trates model performance as a function of R. Representative T2- and T1-weighted

images in the BRATS dataset recovered with ZF, jGAN, sGAN and rsGAN at

R=50x are shown in Fig. 5.8. Note that multi-contrast images can show dif-

ferential sensitivity to tumor tissue, where tumors can be more easily delineated

in T2- versus T1-weighted images particularly in patients with low-grade glioma.

As a result, sGAN suffers from either loss of features in the target contrast or

synthesis of artefactual features. Meanwhile, jGAN suffers from excessive loss

of high spatial frequency information at high R. In comparison, rsGAN achieves

higher spatial acuity while preventing feature losses and artefactual synthesis.

Thus, the rsGAN method enables more reliable and accurate recovery when the

source contrast is substantially less or more sensitive to differences in relaxation

parameters of two tissues compared to the target contrast.

Next, we demonstrated the utility of rsGAN to recover multiple target con-

trasts simultaneously. The specific model tested on the IXI dataset was aimed

to recover both T2- and PD-weighted images given T1-weighted images as source

contrast. We examined the effect of light undersampling performed on the source

contrast (RT1=1x, 2x, 3x) in addition to heavy undersampling on the target con-

trasts (R=5x, 10x, 20x, 30x, 40x, 50x). Tables 5.5 and 5.6 list the PSNR and

SSIM measurements for T2- and PD-weighted images, respectively. Fig. 5.9 il-

lustrates model performance as a function of RT1 and R. Representative T2- and

PD-weighted images in the IXI dataset recovered with ZF, jGAN, sGAN and

rsGAN at RT1=2x, R=30x are shown in Fig. 5.10. The rsGAN method yields

sharper images and improved suppression of aliasing artifacts compared to jGAN

and sGAN, even when the source contrast acquisitions are accelerated. Across

all public datasets, rsGAN achieves 1.66dB higher PSNR and 3.45% higher SSIM
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compared to rGAN, 1.40dB higher PSNR and 2.80% higher SSIM compared to

jGAN, and 5.18dB higher PSNR and 3.83% higher SSIM compared to sGAN.

We also examined the effects of perceptual prior and variable-density sam-

pling patterns in rsGAN. Tables 5.7-5.12 list the PSNR and SSIM measurements

across the recovered images in all public datasets. We find that the original rs-

GAN model outperforms rsGAN- on average by 0.53dB PSNR and 0.37% SSIM

across the datasets. This result demonstrates the benefit of the perceptual prior

for recovery performance. Comparisons among rsGAN and sr-sGAN indicate that

rsGAN shows superior performance to sr-sGAN at all acceleration factors up to

R=20 where rsGAN achieves 1.01dB higher PSNR and 0.40% higher SSIM, and

the two methods perform similarly for R>20 where the differences are 0.16dB

PSNR and 0.12% SSIM. Similar performance at very high accelerations is ex-

pected since the variable-density sampling patterns in rsGAN approach the cen-

tral sampling patterns in sr-sGAN at these acceleration rates.

5.3.1.2 Multi-Coil Dataset

We then demonstrated the proposed approach on complex multi-coil dataset. The

model was aimed to recover both T2- and PD-weighted images given T1-weighted

images as source contrast. We examined the effect of light undersampling per-

formed on the source contrast (RT1=1x, 2x, 3x) in addition to heavy under-

sampling on the target contrasts (R=5x, 10x, 15x, 20x, 25x, 30x). Tables5.13

and 5.14 list the PSNR and SSIM measurements for T2- and PD-weighted im-

ages, respectively. Fig. 5.11 illustrates model performance as a function of RT1

and R. Overall, rsGAN is the leading performer. rsGAN (RT1=1) achieves 0.67

dB higher PSNR and 1.81% higher SSIM than rGAN, 0.58 dB higher PSNR

and 1.56% higher SSIM than jGAN, and 5.61dB higher PSNR and 5.95% higher

SSIM than sGAN. Even at RT1=3 rsGAN outperforms both rGAN and sGAN in

terms of PSNR across values of R>10x. The only exception is at R=5x, where

rGAN increases T2 recovery quality over rsGAN. This result suggests that at very

low accelerations, the benefits of added prior information from the source can be

outweighed by the added model complexity in rsGAN.
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Representative T2- and PD-weighted images in the multi-coil dataset recovered

with ZF, rGAN, sGAN and rsGAN at RT1 =1x, R=10x are shown in Fig. 5.12.

The rsGAN method yields sharper images and improved suppression of aliasing

artifacts compared to rGAN and sGAN.

Next we measured recovery performance for jGAN and rsGAN with the same

overall scan time of 250 sec. For jGAN this corresponds to R=8.9x across all con-

trasts, whereas for rsGAN this corresponds to RT1 =3x for the source contrast

and R=15x for target contrasts. Across all three contrasts, rsGAN significantly

outperforms jGAN in SSIM (p<0.05) by 0.63% while the two methods have sim-

ilar PSNR. For the fixed scan time of 250 sec, we also compared the recovery

performance of rsGAN explicitly for the source contrast. We observe that rsGAN

outperforms jGAN by 4.69 dB in PSNR, and 6.16% in SSIM (p<0.05). This

indicates that rsGAN is superior in recovery of the source contrasts as expected.

These results showcase a scenario where rsGAN with nonuniform acceleration is

preferable to jGAN with uniform acceleration.

5.3.2 Control Experiments

To rule out potential biases in model generalizability due to selection of cross-

sections, we conducted control experiments in the IXI dataset where we consid-

ered two sets of models (see Methods for rGAN, jGAN, rsGAN and rGANAll,

jGANAll, rsGANAll). Table 5.15 lists PSNR and SSIM measurements across the

recovered images. Overall, rGANAll outperforms rGAN by 0.26dB in PSNR and

0.35% in SSIM, jGANAll outperforms jGAN by 0.30dB in PSNR and 0.36% in

SSIM, and rsGANAll outperforms rsGAN by 0.32dB in PSNR and 0.44% in SSIM.

Note that the slight performance improvement is natural since the test set con-

tained peripheral cross-sections that were intentionally removed from the train-

ing set of rGAN, jGAN and rsGAN, but included in the training set of rGANAll,

jGANAll and rsGANAll. Second, we observe that results of the control experiments

are consistent with the original experiments in demonstrating the superiority of

rsGAN over alternative models. Overall, rsGANAll achieves 1.80dB higher PSNR
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and 4.27% higher SSIM than rGANAll, and 1.63dB higher PSNR and 3.74% higher

SSIM than jGANAll. Note that rsGAN also achieves 1.48dB higher PSNR and

3.84% higher SSIM than rGANAll, and 1.30dB higher PSNR and 3.31% higher

SSIM than jGANAll.

To examine the effects of input phase channels in recovery of coil-combined

magnitude images, two sets of models were considered (rsGANm and rsGAN) for

T2 recovery in the BRATS dataset. Table 5.16 lists PSNR and SSIM measure-

ments across the recovered images. We find that removing the phase channels

from the rsGAN model decreases average PSNR and SSIM by 0.30dB and 0.05%.

This difference might be attributed to the nature of phase images that typically

emphasize information about tissue boundaries.

Next, we conducted additional experiments to rule out any bias that might

have occurred due to differences in model complexities among rGAN, jGAN,

sGAN and rsGAN. These experiments were conducted on the BRATS dataset

where T1 was set as the source contrast and T2 was set as the target contrast.

Table 5.17 lists PSNR and SSIM measurements across the recovered images. We

find that rsGAN still outperforms rGANMC, jGANMC and sGANMC that were

matched to rsGAN in model complexity. Overall rsGAN outperforms rGANMC

by 1.39dB PSNR and 1.50% SSIM, jGANMC by 0.99dB PSNR and 1.19% SSIM,

and sGANMC by 7.81dB PSNR and 4.99% SSIM. Furthermore, changing network

complexity has minor effects in terms of model performance. Overall, perfor-

mance in rGAN changes by 0.03dB PSNR and 0.02% SSIM, in jGAN changes

by 0.19dB PSNR and 0.04% SSIM, and in sGAN changes by 0.56dB PSNR and

0.19% SSIM. Taken together, these experiments indicate that our results are not

unduly biased by variability in model complexity.

We also evaluated the ability of rsGAN in recovering FLAIR images. rGAN,

jGAN and rsGAN were compared in terms of average performance on the BRATS

dataset. Table 5.18 lists PSNR and SSIM measurements across the recovered

images. We find that rsGAN outperforms both rGAN and jGAN (please see

Fig. 5.13 for representative images). In this task, rsGAN outperforms rGAN by

0.74dB PSNR and 0.85% SSIM, and jGAN by 0.62dB PSNR and 0.65% SSIM.
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These results suggest that the proposed rsGAN model has potential to synthesize

a broader selection of contrasts.

Lastly, we compared the original rsGAN model that independently recovers

all targets in a multi-target-contrast setting (rsGAN1) against a unified rsGAN

model that simultaneously recovers all target contrasts (rsGAN2). Comparisons

were performed for recovery of T2 and FLAIR images in the BRATS dataset.

Table 5.19 lists PSNR and SSIM measurements across the recovered images.

We find that rsGAN1 yields 0.25dB higher PSNR and 0.10% higher SSIM than

rsGAN2. Note that this moderate performance drop in the unified model is

expected, as rsGAN2 has to compromise between recovery losses for the two

target contrasts.

5.4 Discussion

A synergistic reconstruction-synthesis approach based on conditional GANs was

presented for highly accelerated multi-contrast MRI. In this approach, several

source- and target-contrast acquisitions accelerated to various degrees are taken

as input, and high-quality images for individual contrasts are then recovered. The

proposed rsGAN method yielded superior recovery performance against state-of-

the-art reconstruction and synthesis methods in three public MRI datasets and

a multi-coil dataset. While rsGAN was demonstrated for multi-contrast MRI

here, it may also offer improved performance in recovery of images in accelerated

multi-modal datasets.

Several previous studies considered joint reconstructions of multi-contrast ac-

quisitions to better use shared structural information among contrasts. In the

CS framework, a typical scenario involves multiple acquisitions with nearly iden-

tical acceleration rates [197, 198]. Undersampled data are jointly processed, and

a joint-sparsity regularization term improves recovery of shared features across

contrasts. Another scenario involves the fully-sampled acquisition of a refer-

ence contrast that is then used as a structural prior for other contrasts [199].
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Prior-guided reconstructions use regularization terms that enforce consistency of

the magnitude and direction of image gradients across distinct contrasts. These

previous approaches yield enhanced quality over independent processing of each

contrast. However, hand-crafted regularization terms based on transforms such as

total variation or wavelet reflect often suboptimal assumptions about structural

similarity among separate contrasts. The proposed rsGAN method instead em-

ploys a data-driven approach to learn to utilize information from source contrast

during recovery of target contrasts.

Few recent studies proposed a learning-based method for joint reconstruction

of multi-contrast MRI data [188, 189, 190]. Acquisitions for separate contrasts

were accelerated at identical rates. Convolutional neural network architectures

were used with a subset of network weights shared across contrasts to better

capture structural similarities among contrasts. While these previous methods

were shown to outperform conventional CS and parallel imaging reconstructions,

these are pure reconstruction approaches that can suffer from scarce sampling of

high spatial frequencies at high acceleration rates. In contrast, rsGAN employs

detailed structural information in a source contrast to enhance the recovery of

high-frequency samples in target contrasts. Since the source acquisitions are

fully-sampled or lightly undersampled, rsGAN shows improved reliability against

losses in resolution. Furthermore, GANs have been shown to better learn the

distribution of target images compared to conventional network architectures.

Several independent studies proposed convolutional neural networks for recov-

ery of a target contrast by making use of structural information from a source

contrast [191, 192, 193, 194]. Perhaps, the closest to our study is [194], where

recovery from a low-resolution target-contrast image was enhanced by incorporat-

ing fully-sampled acquisition of a separate contrast [194]. Our study is different

from [194] in the following aspects: 1) We demonstrate the proposed approach for

reconstruction of multi-coil complex MR images, whereas [194] consider a model

to post-process coil-combined images that were already reconstructed. 2) We

demonstrate that the proposed approach can jointly reconstruct and synthesize

the target contrast even when the source contrasts are undersampled. 3) We

demonstrate that the proposed approach can enable high acceleration factors up
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to 50x by incorporating information from both source and target contrasts. 4)

We incorporate an additional perceptual prior to improve recovery of high-level

image features. In addition to these technical differences, we also demonstrated

superiority of rsGAN over [194] at all acceleration factors up to 20 (Supp. Tables

I-VI).

The synthesis framework is an alternative for recovery of images of a target

contrast, where data are only available in a different source contrast. A powerful

approach is to construct dictionaries from multi-resolution image patches, and to

learn a mapping between the source and target dictionaries [22, 126, 128, 23, 21].

Segregation of the dictionary extraction and mapping stages might yield subop-

timal performance. Network-based approaches offer a remedy to this problem

by unifying the two stages [127, 24, 25, 26]. We recently proposed GAN-based

synthesis for multi-contrast MRI that yielded enhanced performance compared

to conventional methods [27]. Yet, due to lack of evidence on the target contrast,

a pure synthesis approach can suffer from artificial sensitivity or insensitivity to

image features. The rsGAN method, on the other hand, always collects a mod-

erate to small amount of evidence. This helps avoid artefactual feature leakage

from the source to the target contrast or loss of target-contrast features that are

not apparent in the source contrast.

An important query about the proposed approach is selection of source and

target contrasts. Note that rsGAN performs heavy undersampling for only target

contrasts, while moderately undersampling source contrasts to preserve as much

information regarding detailed tissue structure as possible. This suggests that,

in a given MRI protocol, contrasts with better capture of structural details and

relatively shorter scan times should be designated as source contrasts, whereas

contrasts with relatively limited capture of structural details and longer scan

times should be designated as target contrasts. Clinical protocols typically start

with a high-resolution T1-weighted acquisition, so we considered T1 as a natural

source contrast in the current study. Meanwhile, remaining contrasts including

T2, PD or FLAIR with relatively lower capture of structural details and longer

scan times were designated as target contrasts. In cases where multiple candi-

dates exist, a selection might be necessary to minimize the overall scan time.
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For example, diagnostic protocols for glioma typically include T1-weighted, post-

contrast T1-weighted, T2-weighted, and FLAIR acquisitions. In this case, both

T1 and postcontrast T1 acquisitions are possible candidates of source contrasts.

Yet, given the benefits of postcontrast T1 over T1 in terms of diagnostic accuracy

and/or tumor segmentation, postcontrast T1 can be selected.

Here, the experiment for a fixed scan time was based on T1-weighted acquisi-

tions with a 3D MP-RAGE sequence, and T2- and PD-weighted acquisitions with

a 3D Spin-Echo sequence. Naturally the optimal distribution of acceleration fac-

tors across contrasts might vary depending on the specific sequences prescribed

for each contrast. When other sequences or different sets of sequence parameters

are prescribed, the distribution of acceleration factors across contrasts can be

re-tuned empirically to maximize reconstruction performance. To ensure optimal

performance, separate networks can be trained for each MR protocol and overall

scan time. But since network training is performed off-line prior to MR scans,

the recovery time would not be affected.

The superiority of rsGAN over jGAN in recovering source contrasts might mo-

tivate its use in several scenarios. First, rsGAN can be used to recover a specific

source contrast with higher quality within an MRI protocol. The enhanced recov-

ery can prove useful when task-critical information is largely concentrated in this

source contrast. For instance, high-quality T1-weighted brain images are vital

for accurate segmentation of white and gray matter, or high-quality postcontrast

T1-weighted images serve as a gold-standard tool for tumor localization. Another

example would be to recover multiple phase-cycle balanced steady state free pre-

cision (bssfp) [200, 201, 202, 203, 204, 172, 173, 174, 175] images by setting one

of the phase-cycle images as a source contrast. Second, rsGAN can be employed

in longitudinal imaging studies [205, 206], where subjects are scanned in multiple

sessions over extended periods of time. This can help reduce scan time and in-

crease patient comfort in multi-session MRI exams. In such cases, fully-sampled

source contrasts can be acquired during the initial session, and they can then

aid recovery in subsequent sessions. Lastly, rsGAN might offer utility in facil-

itating efficient re-acquisition of problematic images in a multi-contrast exam.

When a subset of acquisitions suffers from severe patient motion or artifacts, the
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acquisitions can be repeated at significantly higher acceleration factors to mini-

mize undesirable increase in scan time. The resulting multi-contrast acquisitions

with non-uniform undersampling across contrasts can then be recovered with rs-

GAN. When the source contrast is affected by motion, it could be reacquired at

a moderate acceleration factor and recovered using rGAN. Alternatively, a sep-

arate network or algorithm for suppression of motion artifacts could be trained

[207, 208] and used as a pre-processing step to rsGAN.

Several technical developments are viable for improving the current implemen-

tation of the proposed method. First, the model can be generalized to simulta-

neously process multiple neighboring cross-sections in addition to multiple con-

trasts. Correlated tissue structure across cross sections might enhanced recovery

despite the increase in model complexity. Second, when multiple source contrasts

are present, a weight sharing method can be used to enforce a shared latent

representation among contrasts for improved performance. Lastly, a cycleGAN-

based model [155] might be implemented to allow for learning on unpaired multi-

contrast MRI datasets that are relatively more available than paired datasets.

5.5 Conclusion

We proposed a synergistic reconstruction-synthesis method for accelerated multi-

contrast MRI based on conditional generative adversarial networks. End-to-end

trained GANs are used to recover high-quality images of target and source con-

trasts given undersampled acquisitions. Unlike pure learning-based reconstruc-

tion, rsGAN uses high-spatial-frequency prior information in the source contrast

to enhance recovery of the target contrast. Unlike pure learning-based synthe-

sis, rsGAN bases recovered images on evidence collected through heavily under-

sampled acquisitions of the target contrast. The proposed method outperforms

state-of-the-art reconstruction and synthesis methods, with enhanced recovery of

high-frequency tissue structure, and improved reliability against feature leakage

or loss. The rsGAN method holds great promise for highly accelerated multi-

contrast MRI in clinical practice.
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Figure 5.4: T2-weighted images in the MIDAS dataset were recovered from heavily
undersampled acquisitions (R=10x, 20x, 30x, 40x, 50x). The acquisition for
the source contrast (T1-weighted) was fully sampled. Target-contrast images
recovered by ZF (zero-filled Fourier reconstruction), sGAN, jGAN, and rsGAN
are shown with the fully-sampled reference image. As the value of R increases the
performance of jGAN degrades significantly. Meanwhile, rsGAN maintains high-
quality recovered images due to use of additional information from the source
contrast. Regions with enhanced recovery in rsGAN are marked with arrows.
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Figure 5.5: T1-weighted images in the MIDAS dataset were recovered from heavily
undersampled acquisitions (R=10x, 20x, 30x, 40x, 50x). The acquisition for
the source contrast (T2-weighted) was fully sampled. Target-contrast images
recovered by ZF, sGAN, jGAN, and rsGAN are shown with the fully-sampled
reference image. Regions with enhanced recovery in rsGAN are marked with
arrows.
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Figure 5.6: Multi-contrast images in the MIDAS dataset were recovered, where
the source contrast was fully sampled and the target contrast was undersampled
at R=50x. Images were recovered using ZF, sGAN, jGAN and rsGAN. (a) Recov-
ered T2-weighted images are shown along with the fully-sampled reference image
and the source-contrast image. (b) Recovered T1-weighted images are shown
along with the fully-sampled reference image and the source-contrast image. rs-
GAN yields visually accurate recovery of the target-contrast image compared to
sGAN and jGAN. Sample regions that are better recovered by rsGAN are marked
with arrows.
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Table 5.2: Quality of Recovered Images in the MIDAS Dataset

rGAN jGAN rsGAN(RT2 =1)
PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
32.41 94.11 32.35 94.33 32.17 94.53†

±0.31 ±0.29 ±0.31 ±0.30 ±0.39 ±0.31

R=10x
29.52 90.75 29.42 91.32 29.94† 92.23†

±0.33 ±0.40 ±0.31 ±0.41 ±0.41 ±0.45

R=20x
27.24 86.15 27.72 87.77 28.35† 90.03†

±0.31 ±0.50 ±0.26 ±0.52 ±0.39 ±0.52

R=30x
26.44 83.91 26.53 85.44 27.94† 89.28†

±0.25 ±0.60 ±0.18 ±0.55 ±0.36 ±0.56

R=40x
25.73 82.10 26.21 83.98 27.41† 88.66†

±0.16 ±0.66 ±0.21 ±0.65 ± 0.31 ±0.60

R=50x
25.03 80.52 25.41 82.43 27.05† 88.21†

±0.32 ±0.66 ±0.27 ±0.65 ±0.32 ±0.66
sGAN

PSNR SSIM

25.57±0.27 85.94± 0.82

T2-weighted acquisitions were taken as the source contrast, and T1-weighted acquisitions were
taken as the target contrast.
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Table 5.3: Quality of Recovered Images in the BRATS Dataset

rGAN jGAN rsGAN(RT1 =1)
PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
35.54 98.58 36.21 98.69 36.15 98.77
±0.77 ±0.10 ±0.75 ±0.07 ±0.74 ±0.06

R=10x
32.61 97.34 32.81 97.49 33.43† 97.73†

±0.66 ±0.11 ±0.64 ±0.10 ±0.64 ±0.08

R=20x
30.47 95.38 31.17 95.79 31.54† 96.55†

±0.60 ±0.18 ±0.57 ±0.15 ±0.55 ±0.12

R=30x
29.58 93.91 29.87 94.38 30.97† 95.79†

±0.52 ±0.22 ±0.54 ±0.20 ±0.49 ±0.15

R=40x
28.84 92.85 28.94 93.34 30.00† 95.28†

±0.57 ±0.26 ±0.57 ±0.23 ±0.50 ±0.17

R=50x
28.12 91.81 28.35 92.39 30.09† 94.88†

±0.53 ±0.29 ±0.50 ±0.25 ±0.39 ±0.19
sGAN

PSNR SSIM

24.78±0.48 91.69± 0.44

T1-weighted acquisitions were taken as the source contrast, and T2-weighted acquisitions were
taken as the target contrast.

158



Table 5.4: Quality of Recovered Images in the BRATS Dataset

rGAN jGAN rsGAN(RT2 =1)
PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
35.93 98.71 36.20 98.78 36.46 98.86†

±0.57 ±0.08 ±0.62 ±0.09 ±0.60 ±0.10

R=10x
32.56 97.55 32.63 97.60 33.58† 97.96†

±0.51 ±0.14 ±0.58 ±0.17 ±0.58 ±0.16

R=20x
29.80 95.82 30.12 96.03 31.18† 96.82†

±0.51 ±0.19 ±0.54 ±0.20 ±0.51 ±0.22

R=30x
28.52 94.55 28.94 94.94 30.16† 96.29†

±0.49 ±0.19 ±0.48 ±0.20 ±0.55 ±0.25

R=40x
27.77 93.47 28.03 93.96 29.53† 95.86†

±0.49 ±0.19 ±0.52 ±0.21 ±0.61 ±0.29

R=50x
27.04 92.53 27.26 93.10 29.19† 95.58†

±0.46 ±0.21 ±0.56 ±0.22 ±0.61 ±0.30
sGAN

PSNR SSIM

24.78±0.81 91.69± 0.44

T2-weighted acquisitions were taken as the source contrast, and T1-weighted acquisitions were
taken as the target contrast.
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Figure 5.7: The proposed rsGAN method was demonstrated for synergistic
reconstruction-synthesis of T1- and T2-weighted images from the BRATS dataset.
The acquisition for the source contrast was fully sampled, and the acquisition for
the target contrast was undersampled by R=5x, 10x, 20x, 30x, 40x, 50x. PSNR
was measured between recovered and fully-sampled reference target-contrast im-
ages. (a) PSNR (mean±standard error) across the test subjects for rsGAN,
rGAN, jGAN, and sGAN when T1 is the source contrast and T2 is the target
contrast. (b) PSNR (mean±standard error) when T2 is the source contrast and
T1 is the target contrast.
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Figure 5.8: Multi-contrast images in the BRATS dataset were recovered, where
the source contrast was fully sampled and the target contrast was undersampled
at R=50x. Images were recovered using ZF, sGAN, jGAN and rsGAN. (a) Re-
covered T2-weighted images along with the fully-sampled reference image and the
source-contrast image. (b) Recovered T1-weighted images along with the fully-
sampled reference image and the source-contrast image. rsGAN yields visually
superior images compared to sGAN and jGAN. Note that sGAN suffers from
either loss of features in the target contrast or synthesis of artefactual features.
Meanwhile, jGAN suffers from excessive loss of high spatial frequency informa-
tion. Sample regions that are more accurately recovered by rsGAN are marked
with arrows.
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Figure 5.9: The proposed rsGAN method was demonstrated for synergistic
reconstruction-synthesis of T1-, T2- and PD-weighted images from the IXI
dataset. The acquisition for the source contrast (T1-weighted) was lightly un-
dersampled by RT1 =1x, 2x, 3x, and the acquisitions for the target contrasts (T2-
and PD-weighted) were heavily undersampled by R=5x, 10x, 20x, 30x, 40x, 50x.
(a) PSNR (mean±standard error) across the test subjects for rsGAN, rGAN,
jGAN, and sGAN when T2 is the target contrast. (b) PSNR (mean±standard
error) for sGAN, rGAN, jGAN, and rsGAN when PD is the target contrast. As
expected, rsGAN outperforms sGAN, rGAN, and jGAN at all R. At the same
time, performance of rsGAN is highly similar for distinct values of RT1 .
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Figure 5.10: Multi-contrast images in the IXI dataset were recovered, where the
source contrast (T1-weighted) was lightly undersampled at RT1 =2x, and the
target contrasts (T2- and PD-weighted) were heavily undersampled at R=30x.
Images were recovered using ZF, sGAN, jGAN and rsGAN. (a) Recovered T2-
weighted images. (b) Recovered PD-weighted images. Samples regions where
rsGAN yields sharper images and improved suppression of aliasing artifacts are
marked with arrows.
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Table 5.5: Quality of recovered T2-weighted images in the IXI dataset
rGAN jGAN rsGAN rsGAN rsGAN

(RT1 =1) (RT1 =2) (RT1 =3)

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
35.66 97.34 35.80 97.46 36.18† 97.70† 36.01 97.58 35.88 97.50
±0.32 ± 0.16 ±0.29 ± 0.15 ±0.31 ± 0.14 ±0.29 ± 0.15 ±0.30 ± 0.15

R=10x
31.59 94.43 31.80 94.76 32.82† 95.91† 32.56 95.63 32.37 95.41
±0.28 ± 0.34 ±0.27 ± 0.32 ±0.29 ± 0.26 ±0.29 ± 0.28 ±0.29 ± 0.29

R=20x
28.20 90.08 28.45 90.69 30.26† 93.87† 30.03 93.46 29.78 93.11
±0.25 ± 0.55 ±0.24 ± 0.53 ±0.28 ± 0.40 ±0.26 ± 0.41 ±0.26 ± 0.42

R=30x
26.78 87.30 26.99 88.09 29.41† 93.09† 29.13 92.59 28.88 92.18
±0.27 ± 0.69 ±0.26 ± 0.66 ±0.30 ± 0.46 ±0.29 ± 0.47 ±0.29 ± 0.50

R=40x
25.78 85.12 26.00 85.83 29.09† 92.71† 28.78 92.18 28.56 91.76
±0.27 ± 0.82 ±0.26 ± 0.76 ±0.32 ± 0.51 ±0.28 ± 0.51 ±0.27 ± 0.52

R=50x
25.02 83.16 25.30 84.08 28.86† 92.48† 28.61 91.96 28.36 91.51
±0.28 ± 0.95 ±0.26 ± 0.87 ±0.33 ± 0.52 ±0.30 ± 0.53 ±0.29 ± 0.55

sGAN

PSNR SSIM

27.06±0.41 90.97± 0.72

T1-weighted acquisitions accelerated to various degrees (RT1) were taken as the source con-
trast, and T2- and PD-weighted acquisitions were taken as the target contrasts. PSNR
and %SSIM values (mean±standard error) for T2-weighted images across the test sub-
jects are listed for rGAN, jGAN, sGAN, and rsGAN. The highest PSNR and SSIM val-
ues in each row are marked in bold font, and the significantly better performing values
(p<0.05) among rGAN, jGAN, sGAN, and rsGAN(T1 =1) are marked with the ’†’ symbol.

Table 5.6: Quality of recovered PD-weighted images in the IXI dataset
rGAN jGAN rsGAN rsGAN rsGAN

(RT1 =1) (RT1 =2) (RT1 =3)

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
33.93 97.46 34.19 97.63 34.56† 97.91† 34.30 97.79 34.15 97.71
±0.48 ± 0.16 ±0.42 ± 0.15 ±0.44 ± 0.13 ±0.41 ± 0.14 ±0.43 ± 0.14

R=10x
29.84 94.62 30.08 94.99 31.23 96.12 30.97 95.84 30.76 95.64
±0.49 ± 0.33 ±0.51 ± 0.31 ±0.39 ± 0.25 ±0.40 ± 0.26 ±0.39 ± 0.27

R=20x
27.45 90.35 27.53 91.03 29.13† 94.05† 28.92 93.62 28.74 93.30
±0.48 ± 0.58 ±0.49 ± 0.55 ±0.41 ± 0.38 ±0.41 ± 0.39 ±0.42 ± 0.41

R=30x
26.29 87.68 26.40 88.39 28.29† 93.24† 28.11 92.74 27.94 92.35
±0.54 ± 0.74 ±0.50 ± 0.73 ±0.43 ± 0.46 ±0.42 ± 0.48 ±0.44 ± 0.50

R=40x
25.53 85.42 25.67 86.20 27.92† 92.74† 27.73 92.21 27.63 91.79
±0.49 ± 0.91 ±0.48 ± 0.85 ±0.42 ± 0.51 ±0.40 ± 0.52 ±0.39 ± 0.54

R=50x
24.92 83.70 25.09 84.63 27.67† 92.56† 27.51 92.00 27.37 91.56
±0.48 ± 1.02 ±0.47 ± 0.95 ±0.42 ± 0.53 ±0.39 ± 0.53 ±0.40 ± 0.56

sGAN

PSNR SSIM

26.07±0.47 91.22± 0.67

T1-weighted acquisitions accelerated to various degrees (RT1
) were taken as the source contrast,

and T2- and PD-weighted acquisitions were taken as the target contrasts.
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Figure 5.11: The proposed rsGAN method was demonstrated for synergistic
reconstruction-synthesis of T1-, T2- and PD-weighted images from the multi-coil
dataset. The acquisition for the source contrast (T1-weighted) was lightly under-
sampled by RT1 =1x, 2x, 3x, and the acquisitions for the target contrasts (T2-
and PD-weighted) were heavily undersampled by R=5x, 10x, 15x, 20x, 25x, 30x.
(a) PSNR (mean±standard error) across the test images (coronal cross-sections)
for rsGAN, rGAN, jGAN, and sGAN when T2 is the target contrast. (b) PSNR
(mean±standard error) for sGAN, rGAN, jGAN, and rsGAN when PD is the
target contrast. As expected, rsGAN outperforms sGAN, rGAN, and jGAN at
high values of R. At the same time, performance of rsGAN is highly similar for
distinct values of RT1 .

Figure 5.12: Multi-contrast images in the multi-coil dataset were recovered, where
the source contrast (T1-weighted) was fully sampled, and the target contrasts (T2-
and PD-weighted) were heavily undersampled at R=10x. Images were recovered
using ZF, sGAN, jGAN and rsGAN. (a) Recovered T2-weighted images. (b)
Recovered PD-weighted images. Sample regions that are better recovered by
rsGAN are marked with arrows.
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Table 5.7: Quality of Recovered T2 Images in the MIDAS Dataset

rsGAN (RT1 =1) sr-sGAN (RT1 =1) rsGAN- (RT1 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
37.35 97.96 35.71 97.51 36.53 97.57
±0.12 ±0.10 ±0.20 ±0.17 ±0.08 ±0.11

R=10x
34.04 96.30 33.23 95.94 33.36 95.73
± 0.13 ±0.19 ±0.15 ±0.23 ±0.12 ±0.21

R=20x
31.23 93.97 30.96 93.89 31.03 93.87
±0.17 ±0.30 ±0.14 ±0.30 ±0.15 ±0.29

R=30x
30.45 93.25 30.12 92.95 30.02 92.78
±0.16 ±0.33 ±0.18 ±0.36 ±0.17 ±0.35

R=40x
29.89 92.76 29.68 92.51 29.75 92.50
±0.17 ±0.35 ±0.18 ±0.38 ±0.17 ±0.39

R=50x
29.28 92.09 29.46 92.30 29.20 91.99
±0.21 ±0.41 ± 0.18 ±0.38 ±0.19 ±0.38

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T1-weighted acquisitions were taken as the source contrast, and
T2-weighted acquisitions were taken as the target contrast. The highest PSNR and SSIM
values in each row are marked in bold font.

Table 5.8: Quality of Recovered T1 Images in the MIDAS Dataset

rsGAN (RT2 =1) sr-sGAN (RT2 =1) rsGAN- (RT2 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
32.17 94.53 30.97 93.37 31.76 93.89
±0.39 ±0.31 ±0.33 ±0.46 ±0.41 ±0.33

R=10x
29.94 92.23 29.62 91.77 29.47 91.45
±0.41 ±0.45 ±0.34 ±0.51 ±0.38 ±0.41

R=20x
28.35 90.03 27.91 89.62 28.15 89.50
±0.39 ±0.52 ±0.38 ±0.58 ±0.36 ±0.47

R=30x
27.94 89.28 27.43 88.83 27.68 89.01
± 0.36 ±0.56 ±0.31 ±0.62 ±0.36 ±0.58

R=40x
27.41 88.66 27.41 88.71 27.38 88.61
±0.31 ±0.60 ±0.32 ±0.58 ±0.31 ±0.61

R=50x
27.05 88.21 27.34 88.50 27.12 88.17
±0.32 ±0.66 ± 0.28 ±0.60 ±0.33 ±0.68

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T2-weighted acquisitions were taken as the source contrast, and
T1-weighted acquisitions were taken as the target contrast. The highest PSNR and SSIM
values in each row are marked in bold font.
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Table 5.9: Quality of Recovered T2 Images in the BRATS Dataset

rsGAN (RT1 =1) sr-sGAN (RT1 =1) rsGAN- (RT1 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
36.15 98.77 33.26 98.29 34.40 98.46
±0.74 ±0.06 ±0.82 ±0.07 ±0.74 ±0.08

R=10x
33.43 97.73 31.82 97.20 32.16 97.29
±0.64 ±0.08 ±0.61 ±0.09 ±0.58 ±0.09

R=20x
31.54 96.55 30.55 96.08 30.51 96.01
±0.55 ±0.12 ±0.51 ±0.17 ±0.57 ±0.13

R=30x
30.97 95.79 29.52 95.27 29.83 95.28
±0.49 ±0.15 ±0.51 ±0.18 ±0.49 ±0.15

R=40x
30.00 95.28 29.02 94.82 28.88 94.63
± 0.50 ±0.17 ±0.44 ±0.19 ±0.54 ±0.18

R=50x
30.09 94.88 29.12 94.53 28.57 94.28
±0.39 ±0.19 ±0.44 ±0.20 ±0.46 ±0.19

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T1-weighted acquisitions were taken as the source contrast, and
T2-weighted acquisitions were taken as the target contrast. The highest PSNR and SSIM
values in each row are marked in bold font.

Table 5.10: Quality of Recovered T1 Images in the BRATS Dataset

rsGAN (RT2 =1) sr-sGAN (RT2 =1) rsGAN- (RT2 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
36.46 98.86 34.03 98.37 35.15 98.60
±0.60 ±0.10 ±0.64 ±0.14 ±0.57 ±0.10

R=10x
33.58 97.96 32.43 97.51 32.51 97.61
±0.58 ±0.16 ±0.60 ±0.20 ±0.48 ±0.15

R=20x
31.18 96.82 30.97 96.51 30.76 96.48
±0.51 ±0.22 ±0.60 ±0.26 ±0.52 ±0.22

R=30x
30.16 96.29 30.25 95.98 29.83 95.94
±0.55 ±0.25 ±0.62 ±0.30 ±0.57 ±0.25

R=40x
29.53 95.86 29.80 95.65 29.49 95.53
±0.61 ±0.29 ±0.63 ±0.31 ±0.49 ±0.27

R=50x
29.19 95.58 29.20 95.35 28.82 95.07
±0.61 ±0.30 ±0.58 ±0.32 ±0.44 ±0.29

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T2-weighted acquisitions were taken as the source contrast,
and T1-acquisitions were taken as the target contrast. The highest PSNR and SSIM values
in each row are marked in bold font.
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Table 5.11: Quality of Recovered T2 Images in the IXI Dataset

rsGAN (RT1 =1) sr-sGAN (RT1 =1) rsGAN- (RT1 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
36.18 97.70 34.73 97.25 35.29 97.32
±0.31 ±0.14 ±0.27 ±0.16 ±0.27 ±0.16

R=10x
32.82 95.91 32.14 95.63 32.14 95.38
±0.29 ±0.26 ±0.26 ±0.27 ±0.28 ±0.29

R=20x
30.26 93.87 30.17 93.80 30.12 93.68
±0.28 ±0.40 ±0.30 ±0.42 ±0.27 ±0.39

R=30x
29.41 93.09 29.55 93.20 29.37 92.93
±0.30 ±0.46 ±0.29 ±0.46 ±0.33 ±0.48

R=40x
29.09 92.71 29.30 92.89 28.92 92.41
±0.32 ±0.51 ±0.32 ±0.49 ±0.30 ±0.50

R=50x
28.86 92.48 28.83 92.45 28.54 92.12
±0.33 ±0.52 ±0.30 ±0.52 ±0.29 ±0.53

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T1-weighted acquisitions were taken as the source contrast, and
T2- and PD-weighted acquisitions were taken as the target contrasts. The highest PSNR
and SSIM values in each row are marked in bold font.

Table 5.12: Quality of Recovered PD Images in the IXI Dataset

rsGAN (RT1 =1) sr-sGAN (RT1 =1) rsGAN- (RT1 =1)
PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
34.56 97.91 33.21 97.48 33.91 97.55
±0.44 ±0.13 ±0.36 ±0.16 ±0.38 ±0.15

R=10x
31.23 96.12 30.68 95.80 30.68 95.52
±0.39 ±0.25 ±0.39 ±0.28 ±0.38 ±0.29

R=20x
29.13 94.05 28.98 93.99 28.84 93.76
±0.41 ±0.38 ±0.39 ±0.41 ±0.42 ±0.40

R=30x
28.29 93.24 28.42 93.19 28.17 93.00
±0.43 ±0.46 ±0.40 ±0.46 ±0.42 ±0.48

R=40x
27.92 92.74 28.21 92.90 27.85 92.56
±0.42 ±0.51 ±0.38 ±0.50 ±0.43 ±0.53

R=50x
27.67 92.56 27.68 92.51 27.62 92.26
±0.42 ±0.53 ±0.44 ±0.54 ±0.42 ±0.55

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rs-
GAN, sr-GAN, and rsGAN-. T1-weighted acquisitions were taken as the source contrast, and
T2- and PD-weighted acquisitions were taken as the target contrasts. The highest PSNR
and SSIM values in each row are marked in bold font.
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Table 5.13: Quality of recovered T2-weighted images in the multi-coil dataset
rGAN jGAN rsGAN rsGAN rsGAN

(RT1 =1) (RT1 =2) (RT1 =3)

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
35.71† 97.62 35.47 97.53 35.51 97.61 35.44 97.56 35.44 97.53
±0.08 ± 0.03 ±0.08 ± 0.03 ±0.08 ± 0.03 ±0.08 ± 0.03 ±0.08 ± 0.03

R=10x
31.93 95.27 32.01 95.40 32.05 95.64† 31.94 95.52 31.86 95.42
±0.07 ± 0.06 ±0.07 ± 0.06 ±0.08 ± 0.05 ±0.08 ± 0.06 ±0.08 ± 0.06

R=15x
29.58 92.78 29.15 91.92 29.90† 93.66† 29.77 93.42 29.66 93.22
±0.07 ± 0.09 ±0.08 ± 0.11 ±0.09 ± 0.09 ±0.09 ± 0.09 ±0.09 ± 0.10

R=20x
28.30 90.87 28.41 91.22 28.85† 92.42† 28.79 92.21 28.65 91.96
±0.07 ± 0.11 ±0.07 ± 0.10 ±0.08 ± 0.10 ±0.08 ± 0.10 ±0.08 ± 0.11

R=25x
27.40 89.59 27.41 89.33 28.08† 91.21† 27.86 90.67 27.74 90.40
±0.07 ± 0.12 ±0.07 ± 0.13 ±0.07 ± 0.11 ±0.07 ± 0.12 ±0.07 ± 0.11

R=30x
26.48 87.80 26.66 87.97 27.54† 90.56† 27.37 90.06 27.29 89.77
±0.06 ± 0.14 ±0.07 ± 0.13 ±0.08 ± 0.13 ±0.07 ± 0.13 ±0.07 ± 0.13

sGAN

PSNR SSIM

28.45±0.07 87.16± 0.19

T1-weighted acquisitions accelerated to various degrees (RT1
) were taken as the source contrast,

and T2- and PD-weighted acquisitions were taken as the target contrasts.

Table 5.14: Quality of recovered PD-weighted images in the multi-coil dataset
rGAN jGAN rsGAN rsGAN rsGAN

(RT1 =1) (RT1 =2) (RT1 =3)

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
36.31 97.55 36.15 97.53 36.40† 97.74† 36.32 97.66 36.28 97.61
±0.11 ± 0.05 ±0.12 ± 0.05 ±0.12 ± 0.05 ±0.11 ± 0.05 ±0.11 ± 0.05

R=10x
32.06 94.88 31.82 95.19 32.64† 95.77† 32.65 95.58 32.53 95.41
±0.12 ± 0.09 ±0.12 ± 0.08 ±0.11 ± 0.07 ±0.11 ± 0.08 ±0.11 ± 0.08

R=15x
29.27 91.72 29.81 92.35 30.28† 93.91† 30.29 93.61 30.23 93.41
±0.12 ± 0.16 ±0.11 ± 0.14 ±0.12 ± 0.10 ±0.11 ± 0.11 ±0.11 ± 0.11

R=20x
27.94 89.83 28.30 90.32 28.92† 92.05† 28.78 91.76 28.71 91.51
±0.11 ± 0.17 ±0.11 ± 0.17 ±0.12 ± 0.16 ±0.11 ± 0.16 ±0.11 ± 0.16

R=25x
27.34 88.28 27.73 88.96 28.48† 92.01† 28.50 91.62 28.29 91.18
±0.11 ± 0.20 ±0.09 ± 0.18 ±0.11 ± 0.13 ±0.11 ± 0.14 ±0.11 ± 0.14

R=30x
26.36 86.07 26.80 87.52 28.01† 91.38† 27.85 90.86 27.67 90.44
±0.10 ± 0.25 ±0.10 ± 0.20 ±0.11 ± 0.14 ±0.11 ± 0.14 ±0.11 ± 0.15

sGAN

PSNR SSIM

25.03±0.08 88.27± 0.17

T1-weighted acquisitions accelerated to various degrees (RT1) were taken as the source contrast,
and T2- and PD-weighted acquisitions were taken as the target contrasts.
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Table 5.15: Quality of Recovered Images in the IXI Dataset
rGAN jGAN rsGAN(RT1 =1) rGAN All jGANAll rsGANAll(RT1 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

T2-recovery

R=5x
35.22 97.22 35.32 97.33 35.63 97.51 35.57 97.33 35.65 97.44 35.95 97.66
±0.18 ±0.11 ±0.17 ±0.11 ±0.19 ±0.11 ±0.19 ±0.12 ±0.20 ±0.12 ±0.19 ±0.11

R=10x
31.12 93.99 31.21 94.21 32.22 95.42 31.50 94.40 31.71 94.68 32.52 95.66
±0.17 ±0.26 ±0.17 ±0.25 ±0.19 ±0.20 ±0.17 ±0.24 ±0.17 ±0.23 ± 0.19 ±0.20

R=20x
27.93 89.59 28.07 90.06 29.67 92.98 28.11 89.88 28.33 90.48 29.90 93.38
±0.14 ±0.36 ±0.15 ±0.35 ±0.19 ±0.27 ±0.14 ±0.37 ±0.17 ±0.36 ±0.17 ±0.27

R=30x
26.53 86.82 26.68 87.46 28.79 91.95 26.72 87.15 26.89 87.81 29.15 92.55
±0.16 ±0.46 ±0.16 ±0.44 ±0.24 ±0.35 ±0.15 ±0.48 ±0.16 ±0.45 ± 0.21 ±0.32

R=40x
25.57 84.69 25.78 85.25 28.39 91.42 25.70 84.96 26.00 85.77 28.56 91.89
±0.16 ±0.56 ±0.15 ±0.51 ±0.21 ±0.36 ±0.16 ±0.57 ±0.18 ±0.56 ±0.20 ±0.36

R=50x
24.91 82.79 25.15 83.66 28.16 91.08 25.12 83.48 25.26 84.02 28.30 91.58
±0.16 ±0.67 ±0.15 ±0.60 ±0.23 ±0.38 ±0.17 ±0.65 ±0.17 ±0.62 ±0.22 ±0.38

PD-recovery

R=5x
33.63 97.29 33.74 97.44 34.11 97.72 34.02 97.45 34.16 97.56 34.55 97.80
±0.26 ±0.12 ±0.26 ±0.11 ±0.25 ±0.10 ±0.33 ±0.11 ±0.30 ±0.11 ±0.29 ±0.10

R=10x
29.55 94.07 29.76 94.52 30.71 95.55 29.92 94.45 30.15 94.79 31.05 95.81
±0.32 ±0.26 ±0.31 ±0.22 ±0.24 ±0.19 ±0.34 ±0.24 ±0.37 ±0.22 ± 0.27 ±0.19

R=20x
27.03 89.61 27.16 90.24 28.44 92.87 27.20 89.87 27.40 90.48 28.79 93.36
±0.30 ±0.40 ±0.30 ±0.38 ±0.23 ±0.28 ±0.34 ±0.42 ±0.36 ±0.40 ±0.25 ±0.29

R=30x
25.87 86.84 25.90 87.42 27.66 91.88 26.09 87.09 26.22 87.84 28.04 92.36
±0.32 ±0.52 ±0.28 ±0.51 ±0.25 ±0.34 ±0.32 ±0.55 ±0.35 ±0.51 ±0.26 ±0.34

R=40x
25.15 84.49 25.32 85.25 27.23 91.16 25.38 84.96 25.63 85.69 27.66 91.87
±0.28 ±0.65 ±0.28 ±0.61 ±0.26 ±0.38 ±0.28 ±0.66 ±0.30 ±0.63 ±0.25 ±0.36

R=50x
24.57 82.77 24.74 83.60 26.97 90.81 24.86 83.26 24.96 84.15 27.38 91.59
±0.25 ±0.73 ±0.26 ±0.69 ±0.26 ±0.39 ±0.29 ±0.75 ±0.31 ±0.69 ±0.27 ±0.38

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for
rGAN, jGAN, rsGAN, rGANAll, jGANAll, and rsGANAll. T1-weighted acquisitions were
taken as the source contrast, and T2- and PD-weighted acquisitions were taken as the tar-
get contrasts. The highest PSNR and SSIM values in each row are marked in bold font.

Table 5.16: Quality of Recovered T2 Images in the BRATS Dataset

rsGAN (RT1 =1) rsGANm (RT1 =1)
PSNR SSIM (%) PSNR SSIM (%)

R=5x 36.15±0.74 98.77± 0.06 35.93±0.71 98.74± 0.06

R=10x 33.43±0.64 97.73± 0.08 33.42±0.59 97.69± 0.08

R=20x 31.54±0.55 96.55± 0.12 31.74±0.51 96.50± 0.11

R=30x 30.97±0.49 95.79± 0.15 30.48±0.43 95.69± 0.15

R=40x 30.00±0.50 95.28± 0.17 29.41±0.49 95.21± 0.20

R=50x 30.09±0.39 94.88± 0.19 29.45±0.40 94.84± 0.19

PSNR and %SSIM values (mean±standard error) across the test subjects are
listed for rsGAN, and rsGANm. T1-weighted acquisitions were taken as the
source contrast, and T2-weighted acquisitions were taken as the target contrast.
The highest PSNR and SSIM values in each row are marked in bold font.
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Table 5.17: Quality of Recovered T2 Images in the BRATS Dataset
rGANMC rGAN jGANMC jGAN rsGAN

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

R=5x
35.94 98.69 35.54 98.58 35.87 98.71 36.21 98.69 36.15 98.77
±0.77 ±0.08 ±0.77 ±0.10 ±0.79 ±0.07 ± 0.75 ±0.07 ±0.74 ±0.06

R=10x
32.37 97.32 32.61 97.34 32.63 97.45 32.81 97.49 33.43 97.73
±0.68 ±0.12 ±0.66 ±0.11 ±0.66 ±0.10 ±0.64 ±0.10 ±0.64 ±0.08

R=20x
30.56 95.41 30.47 95.38 30.49 95.69 31.17 95.79 31.54 96.55
±0.59 ±0.18 ±0.60 ±0.18 ±0.62 ±0.16 ±0.57 ±0.15 ±0.55 ±0.12

R=30x
29.55 93.89 29.58 93.91 29.75 94.32 29.87 94.38 30.97 95.79
±0.54 ±0.22 ±0.52 ±0.22 ±0.52 ±0.19 ±0.54 ±0.20 ±0.49 ±0.15

R=40x
28.77 92.79 28.84 92.85 29.01 93.32 28.94 93.34 30.00 95.28
±0.56 ±0.26 ±0.57 ±0.26 ±0.56 ±0.23 ±0.57 ±0.23 ±0.50 ±0.17

R=50x
28.17 91.88 28.12 91.81 28.47 92.40 28.35 92.39 30.09 94.88
±0.53 ±0.30 ±0.53 ±0.29 ±0.50 ±0.24 ±0.50 ±0.25 ±0.39 ±0.19

sGANMC sGAN
PSNR SSIM PSNR SSIM

24.22±0.39 91.50±0.38 24.78±0.48 91.69±0.44

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for
rGANMC, rGAN, jGANMC, jGAN, sGAN, sGANMC, and rsGAN (RT1

=1). T1-weighted ac-
quisitions were taken as the source contrast, and T2-weighted acquisitions were taken as the
target contrast. The highest PSNR and SSIM values in each row are marked in bold font.

Table 5.18: Quality of Recovered FLAIR Images in the BRATS Dataset

rGAN jGAN rsGAN (RT1 =1)

PSNR SSIM (%) PSNR SSIM (%) PSNR SSIM (%)

R=5x
35.57 97.89 35.77 97.94 35.89 97.99
±0.50 ±0.16 ±0.52 ±0.15 ±0.55 ±0.16

R=10x
32.35 95.88 32.68 96.09 32.91 96.22
±0.44 ±0.26 ±0.46 ±0.27 ±0.45 ±0.27

R=20x
30.16 93.32 30.22 93.69 30.84 94.15
±0.39 ±0.35 ±0.43 ±0.37 ±0.42 ±0.36

R=30x
29.08 91.84 29.08 92.15 29.73 92.96
±0.35 ±0.39 ±0.35 ±0.41 ±0.36 ±0.41

R=40x
28.23 90.56 28.30 91.07 29.22 92.10
±0.38 ±0.44 ±0.42 ±0.46 ±0.39 ±0.42

R=50x
27.58 90.45 27.60 90.23 28.79 91.64
±0.45 ±0.54 ±0.38 ±0.48 ±0.40 ±0.47

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for rGAN,
jGAN, and rsGAN. T1-weighted acquisitions were taken as the source contrast, and FLAIR
acquisitions were taken as the target contrast. The highest PSNR and SSIM values in each
row are marked in bold font.
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Table 5.19: Quality of Recovered T2 and FLAIR Images in the BRATS Dataset

rsGAN1 (RT1 =1) rsGAN2 (RT1 =1)

PSNR SSIM (%) PSNR SSIM (%)

R=5x 36.02±0.49 98.38± 0.09 35.73±0.47 98.38± 0.09

R=10x 33.17±0.39 96.98± 0.15 33.21±0.40 96.99± 0.14

R=20x 31.19±0.39 95.35± 0.21 31.11±0.38 95.36± 0.21

R=30x 30.35±0.35 94.38± 0.24 30.11±0.37 94.22± 0.26

R=40x 29.61±0.37 93.69± 0.25 29.38±0.34 93.51± 0.28

R=50x 29.44±0.34 93.26± 0.28 28.74±0.32 92.98± 0.30

PSNR and %SSIM values (mean±standard error) across the test subjects are listed for
rsGAN1, and rsGAN2. T1-weighted acquisitions were taken as the source contrast, and T2-
weighted and FLAIR acquisitions were taken as the target contrast. The highest PSNR and
SSIM values in each row are marked in bold font.

Figure 5.13: FLAIR images in the BRATS dataset were recovered, where the
source contrast (T1) was fully sampled and the target contrast (FLAIR) was un-
dersampled at R=50x. Images recovered using ZF, rGAN, jGAN and rsGAN
along with the fully-sampled reference image and the source-contrast image are
shown. rsGAN yields visually superior images compared to rGAN and jGAN.
Both rGAN and jGAN suffer from excessive loss of high spatial frequency infor-
mation. Sample regions that are more accurately recovered by rsGAN are marked
with arrows.
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Chapter 6

Conclusion

The broad aim of this thesis was to address the issues associated with traditional

MR image synthesis and reconstruction approaches, and provide solutions to

mitigate those issues. Comparative evaluations on brain MR image datasets of

healthy subjects and patients show superiority of the proposed methods against

current state-of-the art methods.

The main contributions of this thesis are as follows:

• A transfer learning approach was proposed to address the issue of data

scarcity in deep neural networks for MR image reconstruction. Demon-

strations on brain MR images indicate that domain transferred network

fine-tuned on just a few target domain images achieve on par performance

with the networks trained on thousands of target domain images. The pro-

posed approach might facilitate the use of deep neural networks for MRI

reconstruction in applications where data are relatively scarce.

• Conditional generative adversarial networks were demonstrated for efficient

recovery of intermediate-to-high spatial frequency in MR image synthesis.

The adversarial loss enables recovery of fine structural details while the

pixel-wise and perceptual losses lead to enhanced synthesis performance.
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Demonstrations on healthy individuals and Glioma patients indicate su-

perior performance of the proposed approach over current state-of-the art

methods. The proposed approach might be helpful by offering a substitute

for highly-corrupted or even unavailable contrasts.

• A joint reconstruction-synthesis method was proposed for recovery of highly

undersampled images of target contrasts, and lightly undersampled im-

ages of source contrasts. The proposed synergistic method enables efficient

recovery of highly undersampled contrasts while increasing immunity to

loss or artefactual synthesis of features. The proposed method holds great

promise for accelerated MR imaging in clinical practice.

Discussion and future directions

Here, we proposed multiple techniques to address the issues with DNN based MR

image reconstruction and synthesis approaches. Several improvements are viable

for enhanced and data-efficient recovery.

Transfer learning for MR image reconstruction

While transferring networks trained on readily available large datasets, we directly

transferred the models without taking into account any prior knowledge regarding

the target data. The transfer learning approach can be further improved by

incorporating such knowledge by initially training the networks on images having

features matching with the target domain images. This can lead to even reduced

number of fine-tuning samples in the target domain.

Another line of improvement can be incorporation of scan-specific information

during inference. This can lead to enhanced generalization on test images, and

reduce dependency on large training sets. For instance, in case of sub-optimal

population driven priors due to differences in training and testing domains, they

can be complemented with scan-specific subject driven priors obtained via parallel
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imaging algorithms. Alternatively, scan-specific priors can also be incorporated

by tuning networks on just the acquired k-space points in a self-supervised man-

ner, thus leading to enhanced generalization.

Another possible future research direction can be domain transfer between MR

images of different organs. In such, the anatomy of interest might occupy different

portions of the field of view (FOV) due to inherent shape and size differences

among organs. These differences might in turn limit reconstruction performance

of domain-transferred networks.

GANs for MR image synthesis

Another important avenue of the future work can be addressing the issue of

limited fully sampled training in deep neural networks for MR image synthesis.

Practically, it might not be feasible to acquire fully sampled images of some

contrasts and the readily available datasets might only constitute undersampled

images. In such cases, semi-supervised techniques can be deployed by training

models on only acquired k-space data points of both source and target contrasts.

In case of unpaired images, cycle consistency loss can be employed to learn

mapping from the images of source to target contrasts. However, a substantial

mismatch between the voxel sizes in the source and target contrasts can lead

to interpolation between the spatial sampling grids of the source and the tar-

get. In such cases, a simple solution is to resample each contrast separately to

match the voxel dimensions. Alternatively, the spatial transformation between

the source and target images can first be estimated via multi-modal registration.

The estimated transformation can then be cascaded to the output of network. A

gradient cycle consistency loss can also be incorporated to prevent the network

from learning the spatial transformation between the source and the target.

175



Joint reconstruction and synthesis for accelerated MRI

An important practical issue can be availability of co-registered multi-contrast

MR data. While this can be addressed via incorporation of a cycle-consistency

loss in one-to-one source to target MR image synthesis, it can be challenging

while recovering information from unpaired images of multiple source contrasts,

especially when one of them is highly undersampled as in rsGAN. In such cases, a

pre-registration network can incorporated to the network which can register the

highly undersampled images form the target contrasts onto lightly undersampled

images from the source contrast.

Here we perform synthesis and reconstruction based on 2D-models which can

fail to capture global contextual information. An alternative would be to employ

3D-models that learn volumetric mappings. However, these models are data

hungry as one subject is treated as a single sample. To mitigate the limitations

of both 2D and 3D models, progressive 2D models across multiple orientations

can be used for efficient recovery. This can enable the networks to capture global

contextual information while keeping the models data-efficient.
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[118] C. M. Stonnington, G. Tan, S. Klöppel, C. Chu, B. Draganski, C. R. Jack,

K. Chen, J. Ashburner, R. S. J. Frackowiak, and R. S. Frackowiak, “Inter-

preting scan data acquired from multiple scanners: a study with Alzheimer’s

disease.,” NeuroImage, vol. 39, pp. 1180–1185, Feb 2008.

[119] J. E. Iglesias, E. Konukoglu, D. Zikic, B. Glocker, K. Van Leemput, and

B. Fischl, “Is synthesizing MRI contrast useful for inter-modality analy-

sis?,” in Medical Image Computing and Computer-Assisted Intervention,

pp. 631–638, 2013.

190



[120] M. I. Miller, G. E. Christensen, Y. Amit, and U. Grenander, “Mathe-

matical textbook of deformable neuroanatomies,” Proceedings of the Na-

tional Academy of Sciences of the United States of America, vol. 90, no. 24,

pp. 11944–11948, 1993.

[121] N. Burgos, M. J. Cardoso, K. Thielemans, M. Modat, S. Pedemonte,

J. Dickson, A. Barnes, R. Ahmed, C. J. Mahoney, J. M. Schott, J. S.

Duncan, D. Atkinson, S. R. Arridge, B. F. Hutton, and S. Ourselin, “At-

tenuation correction synthesis for hybrid PET-MR scanners: Application to

brain studies,” IEEE Transactions on Medical Imaging, vol. 33, pp. 2332–

2341, Dec 2014.

[122] J. Lee, A. Carass, A. Jog, C. Zhao, and J. L. Prince, “Multi-atlas-based

CT synthesis from conventional MRI with patch-based refinement for MRI-

based radiotherapy planning,” Proceedings of SPIE–the International Soci-

ety for Optical Engineering, vol. 10133, p. 101331I, Feb 2017.

[123] A. Jog, A. Carass, S. Roy, D. L. Pham, and J. L. Prince, “MR image

synthesis by contrast learning on neighborhood ensembles,” Medical Image

Analysis, vol. 24, no. 1, pp. 63–76, 2015.

[124] A. Jog, S. Roy, A. Carass, and J. L. Prince, “Magnetic resonance image

synthesis through patch regression,” in IEEE International Symposium on

Biomedical Imaging, pp. 350–353, 2013.

[125] S. Roy, A. Jog, A. Carass, and J. L. Prince, “Atlas based intensity transfor-

mation of brain MR images,” in Multimodal Brain Image Analysis, pp. 51–

62, 2013.

[126] Y. Huang, L. Shao, and A. F. Frangi, “Simultaneous super-resolution and

cross-modality synthesis of 3D medical images using weakly-supervised joint

convolutional sparse coding,” in IEEE Conference on Computer Vision and

Pattern Recognition, pp. 5787–5796, 2017.

[127] V. Sevetlidis, M. V. Giuffrida, and S. A. Tsaftaris, “Whole image synthesis

using a deep encoder-decoder network,” in Simulation and Synthesis in

Medical Imaging, pp. 127–137, 2016.

191



[128] R. Vemulapalli, H. V. Nguyen, and S. K. Zhou, “Unsupervised cross-modal

synthesis of subject-specific scans,” in IEEE International Conference on

Computer Vision, pp. 630–638, 2015.

[129] D. H. Ye, D. Zikic, B. Glocker, A. Criminisi, and E. Konukoglu, “Modality

propagation: Coherent synthesis of subject-specific scans with data-driven

regularization,” in Medical Image Computing and Computer-Assisted In-

tervention, pp. 606–613, 2013.

[130] S. Roy, A. Carass, N. Shiee, D. L. Pham, and J. L. Prince, “MR contrast

synthesis for lesion segmentation,” in IEEE International Symposium on

Biomedical Imaging, pp. 932–935, 2010.

[131] N. Cordier, H. Delingette, M. Le, and N. Ayache, “Extended modality

propagation: Image synthesis of pathological cases,” IEEE Transactions

on Medical Imaging, vol. 35, no. 12, pp. 2598–2608, 2016.

[132] A. Jog, A. Carass, S. Roy, D. L. Pham, and J. L. Prince, “Random forest re-

gression for magnetic resonance image synthesis,” Medical Image Analysis,

vol. 35, pp. 475–488, 2017.

[133] C. Zhao, A. Carass, J. Lee, Y. He, and J. L. Prince, “Whole brain seg-

mentation and labeling from CT using synthetic MR images,” in Machine

Learning in Medical Imaging, pp. 291–298, Springer, Cham, 2017.

[134] J. Johnson, A. Alahi, and L. Fei-Fei, “Perceptual losses for real-time style

transfer and super-resolution,” in Computer Vision – ECCV 2016, pp. 694–

711, 2016.

[135] C. Ledig, L. Theis, F. Huszar, J. Caballero, A. Aitken, A. Tejani, J. Totz,

Z. Wang, and W. Shi, “Photo-realistic single image super-resolution using a

generative adversarial network,” in IEEE Conference on Computer Vision

and Pattern Recognition, pp. 105–114, 2017.

[136] A. Dosovitskiy and T. Brox, “Generating images with perceptual similar-

ity metrics based on deep networks,” in Advances in Neural Information

Processing Systems, pp. 658–666, 2016.

192



[137] J. M. Wolterink, A. M. Dinkla, M. H. F. Savenije, P. R. Seevinck, C. A. T.

van den Berg, and I. Isgum, “Deep MR to CT synthesis using unpaired

data,” in Simulation and Synthesis in Medical Imaging, pp. 14–23, 2017.

[138] A. Ben-Cohen, E. Klang, S. P. Raskin, M. M. Amitai, and H. Greenspan,

“Virtual PET images from CT data using deep convolutional networks:

Initial results,” in Simulation and Synthesis in Medical Imaging, pp. 49–57,

2017.

[139] F. Mahmood, R. Chen, and N. J. Durr, “Unsupervised reverse aomain

adaptation for synthetic medical images via adversarial training,” IEEE

Transactions on Medical Imaging, vol. 37, pp. 2572–2581, Nov 2018.

[140] H. Huang, P. S. Yu, and C. Wang, “An introduction to image synthesis

with generative adversarial nets,” arXiv preprint, Mar 2018.

[141] Y. Hu, E. Gibson, L.-L. Lee, W. Xie, D. C. Barratt, T. Vercauteren,

and J. A. Noble, “Freehand ultrasound image simulation with spatially-

conditioned generative adversarial networks,” in Molecular Imaging, Re-

construction and Analysis of Moving Body Organs, and Stroke Imaging and

Treatment, pp. 105–115, Springer, Cham, 2017.

[142] Y. Hiasa, Y. Otake, M. Takao, T. Matsuoka, K. Takashima, J. L. Prince,

N. Sugano, and Y. Sato, “Cross-modality image synthesis from unpaired

data using CycleGAN: Effects of gradient consistency loss and training data

size,” in Simulation and Synthesis in Medical Imaging, pp. 31–41, Mar 2018.

[143] J. T. Guibas, T. S. Virdi, and P. S. Li, “Synthetic medical images from

dual generative adversarial networks,” arXiv preprint, Sep 2017.

[144] P. Costa, A. Galdran, M. I. Meyer, M. Niemeijer, M. Abramoff, A. M. Men-

donca, and A. Campilho, “End-to-end adversarial retinal image synthesis,”

IEEE Transactions on Medical Imaging, vol. 37, pp. 781–791, Mar 2018.

[145] A. Chartsias, T. Joyce, R. Dharmakumar, and S. A. Tsaftaris, “Adversarial

image synthesis for unpaired multi-modal cardiac data,” in Simulation and

Synthesis in Medical Imaging, pp. 3–13, 2017.

193



[146] F. Calimeri, A. Marzullo, C. Stamile, and G. Terracina, “Biomedical data

augmentation using generative adversarial neural networks,” in Artificial

Neural Networks and Machine Learning, pp. 626–634, 2017.

[147] J. M. Wolterink, A. M. Dinkla, M. H. F. Savenije, P. R. Seevinck, and

C. A. T. Van Den Berg, “MR-to-CT synthesis using cycle-consistent gen-

erative adversarial networks,” in MED-NIPS, 2017.

[148] Y. Huo, Z. Xu, S. Bao, A. Assad, R. G. Abramson, and B. A. Landman,

“Adversarial synthesis learning enables segmentation without target modal-

ity ground truth,” in IEEE 15th International Symposium on Biomedical

Imaging, pp. 1217–1220, Dec 2018.

[149] L. Bi, J. Kim, A. Kumar, D. Feng, and M. Fulham, “Synthesis of positron

emission tomography (PET) images via multi-channel generative adversar-

ial networks (GANs),” in Molecular Imaging, Reconstruction and Analysis

of Moving Body Organs, and Stroke Imaging and Treatment, pp. 43–51,

2017.

[150] H. Zhao, H. Li, S. Maurer-Stroh, and L. Cheng, “Synthesizing retinal and

neuronal images with generative adversarial nets,” Medical Image Analysis,

vol. 49, pp. 14–26, Oct 2018.

[151] D. Nie, R. Trullo, C. Petitjean, S. Ruan, and D. Shen, “Medical image

synthesis with context-aware generative adversarial networks,” in Medical

Image Computing and Computer-Assisted Intervention, pp. 417–425, 2017.

[152] O. Shitrit and T. Riklin Raviv, “Accelerated magnetic resonance imaging

by adversarial neural network,” in Cardoso M. et al. (eds) Deep Learning

in Medical Image Analysis and Multimodal Learning for Clinical Decision

Support., vol. 10553, pp. 30–38, 2017.

[153] Y. Wang, B. Yu, L. Wang, C. Zu, D. S. Lalush, W. Lin, X. Wu, J. Zhou,

D. Shen, and L. Zhou, “3D conditional generative adversarial networks for

high-quality PET image estimation at low dose,” NeuroImage, vol. 174,

pp. 550–562, Jul 2018.

194



[154] D. Nie, R. Trullo, J. Lian, L. Wang, C. Petitjean, S. Ruan, Q. Wang,

and D. Shen, “Medical image synthesis with deep convolutional adversarial

networks,” IEEE Transactions on Biomedical Engineering, vol. 65, no. 12,

pp. 2720 – 2730, 2018.

[155] J.-Y. Zhu, T. Park, P. Isola, and A. A. Efros, “Unpaired image-to-image

translation using cycle-consistent adversarial networks,” in IEEE Interna-

tional Conference on Computer Vision, pp. 2223–2232, 2017.

[156] X. Mao, Q. Li, H. Xie, R. Y. K. Lau, Z. Wang, and S. P. Smolley, “Least

squares generative adversarial networks,” in IEEE International Conference

on Computer Vision, pp. 2813–2821, 2017.

[157] J. Long, E. Shelhamer, and T. Darrell, “Fully convolutional networks for

semantic segmentation,” in IEEE Conference on Computer Vision and Pat-

tern Recognition, pp. 3431–3440, 2015.

[158] T. Chen, M.-M. Cheng, P. Tan, A. Shamir, and S.-M. Hu, “Sketch2Photo:

Internet image montage,” ACM Transactions on Graphics, vol. 28, no. 5,

pp. 124:1–124:10, 2009.

[159] M. Mirza and S. Osindero, “Conditional generative adversarial nets,” arXiv

preprint, 2014.

[160] M. Jenkinson, P. Bannister, M. Brady, and S. Smith, “Improved optimiza-

tion for the robust and accurate linear registration and motion correction

of brain images,” NeuroImage, vol. 17, no. 2, pp. 825–841, 2002.

[161] M. Jenkinson and S. Smith, “A global optimisation method for robust affine

registration of brain images,” Medical Image Analysis, vol. 5, no. 2, pp. 143–

156, 2001.

[162] P. Murugan, “Hyperparameters optimization in deep convolutional neural

network / Bayesian approach with Gaussian process prior,” arXiv preprint,

Dec 2017.

195



[163] T. Hinz, N. Navarro-Guerrero, S. Magg, and S. Wermter, “Speeding up the

hyperparameter optimization of deep convolutional neural networks,” In-

ternational Journal of Computational Intelligence and Applications, vol. 17,

p. 1850008, Jun 2018.

[164] D. Ulyanov, A. Vedaldi, and V. Lempitsky, “Instance normalization: The

missing ingredient for fast stylization,” arXiv preprint, 2016.

[165] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality

assessment: from error visibility to structural similarity,” IEEE Transac-

tions on Image Processing, vol. 13, pp. 600–612, Apr 2004.

[166] T. H. Kim and J. P. Haldar, “The Fourier radial error spectrum plot: A

more nuanced quantitative evaluation of image reconstruction quality,” in

IEEE 15th International Symposium on Biomedical Imaging, pp. 61–64,

IEEE, Apr 2018.

[167] A. Paszke, S. Gross, S. Chintala, G. Chanan, E. Yang, Z. DeVito, Z. Lin,

A. Desmaison, L. Antiga, and A. Lerer, “Automatic differentiation in Py-

Torch,” 2017.

[168] F. Chollet and Others, “Keras.” https://github.com/keras-team/keras,

2015.

[169] Theano Development Team, “Theano: A Python framework for fast com-

putation of mathematical expressions,” arXiv preprint, 2016.

[170] M. A. Bernstein, K. F. King, and X. J. Zhou, Handbook of MRI pulse

sequences. Academic Press, 2004.
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