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Background — MR Imaging
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Discovered rotating magnetic field R 7%

1971-Paul Lauterbur NOBEL PRIZE

Weighted Weighted Weighted

First invented MRI
Late 1970-Sir Peter Mansfield (Nottingham) NOBEL PRIZE

Developed mathematical techniques to create clearer images and also in minutes rather than
hours as Lauterbur did.

1. CT is more widely used than MRI.
2.
3.

MRI does not have ionizing-radiation.

MRI has excellent soft tissue contrast, while CT is preferred for lung and bone
imaging.

CT is fast (few seconds), while MR is slow (sparse MRI ~5-10 mins, abdomen or
brain may take 30-40 mins).




Background — Accelerated MR Imaging
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Background — Accelerated MRI Reconstruction
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2.1 Multi-modal Aggregation Network for MR Image

Reconstruction

BUiRIIER T , BRI KR

= T1 and T2 weighted images are two closely related MR sequences, but T2 weighted imaging
is slower than T1 weighted due to its relatively longer repetition time (TR) and echo time (TE).
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(a) The fully-sampled T1WI MR image. (b) The fully-sampled &l
T2WI MR image. (c) The undersampled T2WI image under a
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1D random sampling mask with 3x acceleration.
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(c) The proposed multi-scale fusion

(b) Multi-modality with early fusion
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2.1 Multi-modal Aggregation Network for MR Image
Reconstruction
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2.1 Multi-modal Aggregation Network for MR Image
Reconstruction

TABLE |: Average (with standard deviation) results on the IXI dataset under different undersampling patterns, in terms of SSIM, and PSNR. The

best and second-best results are marked in red and blue, respectively.

Method 1D-Uniform-6 x 1D-Uniform-9 x Method 1D-Random-3 x 1D-Random-6x
SSIMt PSNRT SSIMt PSNRT SSIM?T PSNR?T SSIM?T PSNRT
ZF || 0.756£0.06 25.941.93 | 0.703+0.08 25.9+2.11 ZF || 0.747+£0.10 27.8+1.73 | 0.6944+0.12 25.942.28
UNet-T2 || 0.897+0.03 29.5+£1.01 | 0.880+0.05 28.3+1.01 UNet-T2 || 0.9264+0.14 32.6+1.02 | 0.882+0.07 29.3+1.28
Xiang et al. || 0.935+0.04 31.54+1.52 | 0.955+£0.08 31.0+1.47 Xiang et al. || 0.9324+0.08 32.5+1.21 | 0.920+£0.04 31.6+£1.09
DuDoRNet || 0.937+£0.04 32.64+1.72 | 0.930+0.08 31.8+1.38 DuDoRNet | 0.945+0.07 33.9£1.09 | 0.9264+0.07 31.9+1.29
MANet || 0.94440.02 32.94+1.02 | 0.947+0.04 32.4+1.16 MANet || 0.969+0.06 36.94+1.18 | 0.9494+0.04 33.1+1.02
Method 2D-Radial-6 x 2D-Radial-9 x Method 2D-Spiral-6 x 2D-Spiral-9 x
SSIMt PSNR?T SSIMt PSNRt SSIM?T PSNRT SSIM?T PSNR?T
ZF || 0.487+0.08 27.1+1.86 | 0.4141+0.07 25.2+1.28 ZF |1 0.617+£0.06 28.1+1.28 | 0.638+0.07 27.6+2.12
UNet-T2 || 0.894+0.06 31.3£1.09 | 0.853+0.06 28.8+1.17 UNet-T2 || 0.8944+0.06 31.2+1.42 | 0.883+0.04 30.4+1.08
Xiang et al. || 0.9054+0.08 32.31+1.68 | 0.890+0.08 30.5+1.72 Xiang et al. || 0.9054+0.05 31.84+1.07 | 0.890+0.03 30.6+1.21
DuDoRNet || 0.931+£0.06 33.3+1.02 | 0.9124+0.06 31.5+1.27 DuDoRNet || 0.942+0.04 34.1+1.27 | 0.939+0.05 33.1+£1.65
MANet || 0.947+0.07 34.3£1.31 | 0.927+0.05 32.9+1.11 MANet || 0.951+0.04 34.54+1.17 | 0.9404+0.03 33.04+1.20

TABLE II: Average (with standard deviation) results on the fastMRI dataset under different undersampling patterns, in terms of SSIM, and PSNR.
The best and second-best results are marked in red and blue, respectively.

Random-4 x Random-8 x Equispaced-4 x Equispaced-8 x
M M
ethod || ooiMt  PSNRt | SSIMt  PSNRt ethod || <oMt  PSNRt | SSIMt  PSNR?
UNet-PDFS ] 0.630£0.04 29.2£1.55 | 0.550£0.02 28.1£1.07  UNet-PDFS || 0.600+0.06 29.2+1.52 | 0.553+0.06 28.2+1.15
Xiang ef al. || 0.60040.05 29.3+1.54 | 0.56240.06 284+125  Xiang et al. || 0.62140.05 29.4+1.71 | 0.56740.03 28.6+1.10
DuDoRNet || 0.64040.02 29.541.33 | 0.57140.05 287+138  DuDoRNet || 0.64140.05 29.6+1.39 | 0.577+0.05 28.8+1.29
MANet || 0.652+0.02 303+1.12 | 0.60420.05 29.4+1.09 MANet || 0.646:0.03 30.4 +£1.22 | 0.588+0.04 29.6+1.19

Xiang et al.: “Deep-learning-based multi-modal fusion for fast mr reconstruction,” IEEE TBME, 2018.
DuDoRNet: “Dudornet: Learning a dual-domain recurrent network for fast mri reconstruction with deep t1 prior,” in CVPR, 2020.

11



2.1 Multi-modal Aggregation Network for MR Image
Reconstruction

Unet-T2 Xiang et al. DuDoRNet
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Xiang et al.: “Deep-learning-based multi-modal fusion for fast mr reconstruction,” IEEE TBME, 2018.
DuDoRNet: “Dudornet: Learning a dual-domain recurrent network for fast mri reconstruction with deep t1 prior,” in CVPR, 2020.
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2.2 Multi-Contrast MRI Super-Resolution via a Multi-Stage

Integration Network
9 BiRlhERT , BoHEEigiaES
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2.2 Multi-Contrast MRI Super-Resolution via a Multi-Stage
Integration Network
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2.2 Multi-Contrast MRI Super-Resolution via a Multi-Stage
Integration Network

Table 1. Quantitative results on three datasets with different enlargement scales, in
terms of SSIM and PSNR. The best and second-best results are marked in red and
blue, respectively.

Dataset fastMRI [23] SMS uMR

Scale

2%

4 x

2%

4%

2%

4%

Metrics

PSNR SSIM

PSNR SSIM

PSNR SSIM

PSNR SSIM

PSNR SSIM

PSNR SSIM

Bicubic

EDSR [12]
SMORE [26]
Zeng et al. [13]
Lyu et al. [24]

16.571 0.459
26.669 0.512
28.278 0.667
28.870 0.670
29.484 0.682

13.082 0.105
18.363 0.208
21.813 0.476
23.255 0.507
28.219 0.574

21.548 0.780
36.415 0.962
38.106 0.972
38.164 0.973
39.194 0.978

19.508 0.706
31.484 0.886
32.091 0.901
32.484 0.912
33.667 0.931

21.107 0.730
35.394 0.965
36.547 0.972
36.435 0.971
37.139 0.977

19.072 0.720
31.165 0.907
31.971 0.918
31.859 0.921
32.231 0.929

MINet

31.769 0.709

29.819 0.601

40.549 0.983

35.032 0.948

37.997 0.980

34.219 0.956

[12] "Enhanced deep residual networks for single image super-resolution”, in CVPR workshop, 2017.
[13] "Multicontrast super-resolution mri through a progressive network", IEEE TMI, 2020.
[24] "Simultaneous singleand multi-contrast super-resolution for brain mri images based on a convolutional neural network”, CIBM, 2018.
[26] "A deep learning based anti-aliasing self superresolution algorithm for mri.", in MICCAI, 2018.
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Agenda

= Multi-Modal MRI Reconstruction with Transformers.

= "Task Transformer Network for Joint MRI Reconstruction and Super-Resolution", MICCAI, 2021.
= "Accelerated Multi-Modal MR Imaging with Transformers", arXiv, 2021.
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3.1 Task Transformer Network for Joint MRI Reconstruction
and Super-Resolution

Task1: MRI super-resolution
Taskd: MRI reconstraction Multi-task MRI Reconstruction :
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3.1 Task Transformer Network for Joint MRI Reconstruction
and Super-Resolution

super-resolution branch long skip connection
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3.1 Task Transformer Network for Joint MRI Reconstruction
and Super-Resolution
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3.1 Task Transformer Network for Joint MRI Reconstruction

and Super-Resolution

Table 1. Quantitative results on the two datasets under different enlargement scales.

Dataset
Scale

IXI dataset

clinical dataset

2%

4 x

2%

4 %

PSNR

SSIM NMSE

PSNR SSIM NMSE

PSNR

SSIM NMSE

PSNR

SSIM NMSE

Com-A
Com-B
Com-C
Com-D

27.541
28.439
27.535
28.426

0.801
0.847
0.802
0.847

0.041
0.033
0.041
0.033

21.111
21.323
21.696

0.705 0.178
0.687 0.170
0.731 0.156
21.895 0.710 0.149

27.031
28.750
28.781
28.839

0.764
0.816
0.765
0.817

0.065
0.044
0.064
0.043

26.169
27.539
26.197
27.700

0.742
0.803
0.751
0.815

0.079
0.058
0.079
0.056

w/o0 Rec
w/o H"

28.400
28.700

0.809
0.856

0.035
0.031

25.952 0.789 0.091
26.692 0.7730 0.089

28.932
29.510

0.802
0.817

0.045
0.037

28.601
29.528

0.819
0.821

0.044
0.037

T?Net

29.3970.872 0.027

28.659 0.850 0.032

30.400 0.841 0.030

30.252 0.840 0.031

Com-A: ADMMNet [29]+[24], Com-B: ADMMNet [29]+[16], Com-C: MICCAN[11]+[24], Com-D: MICCAN[11]+[16].

[11] "MRI reconstruction via cascaded channel-wise attention network", in ISBI, 2019.

[16] "MRI super-resolution with ensemble learning and complementary priors", IEEE TCI, 2020.
[24] "Super-resolution reconstruction of MR image with a novel residual learning network algorithm", Physics in Medicine & Biology, 2018.
[29] "Deep admm-net for compressive sensing MRI", in IPMI, 2016.
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3.2 Accelerated Multi-Modal MR Imaging with Transformers

Flattened Features
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3.2 Accelerated Multi-Modal MR Imaging with Transformers
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TABLE |: Average (with standard deviation) reconstruction results, in terms of SSIM, PSNR and NMSE, under different

undersampling patterns. The best and second-best results are marked in red and blue, respectively.

3.2 Accelerated Multi-Modal MR Imaging with Transformers

fastMRI Equispaced uiMRI Random
Method SSIMt PSNR? NMSE| Method SSIMT PSNR? NMSE|
Zero-filling || 0.442+0.10 24.5+1.37 0.057+0.05 Zero-filling || 0.700£0.09 27.0+1.70 0.067+0.010
UNet || 0.5654+0.06 28.2+1.15 0.046+0.02 UNet || 0.849+0.05 28.9+1.57 0.044+0.006
TransMRI || 0.607+0.05 28.4+0.81 0.038+0.01 TransMRI || 0.861+£0.02 28.9+1.31 0.044+0.005
MDUNet | 0.600+0.05 28.6+1.00 0.040+0.01 MDUNet || 0.9004+0.03 30.0+1.53 0.034+0.006
rsGAN (| 0.608+0.04 28.9+1.03 0.033+0.02 rsGAN || 0.908+0.03 30.7+1.46 0.028+0.005
MTrans || 0.638+0.03 29.3+0.89 0.030+0.01 MTrans || 0.931+0.02 31.7+1.33 0.024+0.004

TABLE II: Average (with standard deviation) super-resolution results, in terms of SSIM, PSNR and NMSE, under different

datasets. The best and second-best results are marked in red and blue, respectively.

fastMRI 4x uiMRI 4x
Method SSIM1T PSNRT NMSE| Method SSIM?T PSNR?T NMSE|
Bicubic || 0.400£0.07 16.9£1.70 0.91740.06 Bicubic || 0.5264+0.05 8.3+1.20 0.900+0.030
EDSR | 0.580+0.04 28.1+1.64 0.04540.04 EDSR | 0.941+0.07 32.3+1.04 0.012+0.004
TransMRI || 0.600+0.03 29.9+1.44 0.048+0.02 TransMRI || 0.940+£0.04 33.54+1.17 0.00940.005
PRO || 0.7004+0.02 30.8+1.60 0.038+0.03 PRO || 0.945+40.07 34.44+0.97 0.00740.003
MCSR || 0.70440.03 31.0+1.31 0.033+0.03 MCSR | 0.944+0.07 34.84+0.97 0.006+0.003
MTrans || 0.719+0.02 31.9+1.19 0.031+0.02 MTrans || 0.9594+0.05 36.1+0.99 0.005+0.003
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3.2 Accelerated Multi-Modal MR Imaging with Transformers

Ground truth Zero-filling UNet TransMRI MDUNet rsGAN MTrans

Random 6x 20.4/0.724 26.7/0.888 27.4/0.900 29.0/0.935 29.3/0.929 31.8/0.957

EDSR TransMRI PRO MCSR MTrans
LR

HR

k
g

6.7/0.47 27.2/0.626 28.0/0.585 28.9/0.635 30.1/0.649
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Conclusion

= Multi-modal images under different settings but with the same anatomical structure can
provide complementary information to each other.

MR image reconstruction could be effectively restored the target modality under the guidance
of the auxiliary modality.

= Transformer provides a latent cross-modal attention with target-specific query, which is
suitable for multi-modal and multi-task learning.
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