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Fig. 1. Overview of the proposed method. (a) Overall process for the proposed

reconstruction method; (b) network architecture [24] used in the proposed method.
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(a) (b)

(c) (d)

ã2 ë�ã�Ú8Iã��(��q59�Å�| ©ÙµÓ�¾<�MÜ×£MRã�(a)Ú(b)§éA��ÅXê©Ù(c)Ú(d)"£Haar�

Å§9��Å©)¤

Fig. 2. Structural similarity between the reference and target images and support distributions in the wavelet domain: Brain

MR images (a) and (b) from the same patient, and the corresponding wavelet coefficient distributions (c) and (d). (Using

Haar wavelet at level 9)
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Ît = argmin
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æ^�éØ�!¸�&D'£Peak Signal-to-Noise Ratio§{¡PSNR¤±9(��q5£Structural

Similarity Index§{¡SSIM¤[34]��­ï(J�þzµd�Iµ
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PSNR = 10 lg
NN(MAXx)

2∑N
i=1

∑N
j=1[x̂(i, j)− x(i, j)]

(7)

SSIM =
(2µxµx̂ + c1)(2σxx̂ + c2)

(µ2
x + µ2

x̂ + c1)(σ2
x + σ2

x̂ + c2)
(8)

Ù¥§xL«ý¢MRã�§x̂L«­ïMRã�§üö��þ�N ×N"MAXx �x¥���"d	§ª

£8¤¥§µx, µx̂, σx, Úσx̂©O�xÚx̂�þ����, σxx̂L«xÚx̂�p���§~êc1 = 0.01!c2 = 0.03.
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¢�§Xã3¤«"��[jæ�k�mêâ�¼�L§§¦^üæ����^uMRã��2DlÑFp�

C�"¢�¤^�ü|MRêâþ5g3T Siemens MRI ×£¤§1�|MRêâ¤�ëê�µSES�,  
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=�=120◦ , TR=4000ms, TE=91ms, FOV = 176mm× 176mm, �þ5.0mm"ã����256× 256"À

�ã3(a)��ë�ã�§�ã3(b)¤«�8Iã�£{P�8Iã�1¤�­ïJø(�k�Ú| &E"

1�|MRêâ¤�ëê�µGRS�,  =�=70◦ , TR=250ms, TE=2.5ms, FOV=220mm× 220mm, �

þ5.0mm"d|MRêâ�guÓ�¾<�MÜ×£S�§ã����512× 512"d?À�ã3(c)��ë

�ã�§©O�(d)-(e)üÌ8Iã�£{P�8Iã�2!8Iã�3¤�­ïJø(�k�Ú®�| &

E"

第一组

第二组

(a)参考图像 (b)目标图像1

(c)参考图像 (d)目标图像2 (e)目标图像3

ã3 ¢�êâ"1�|µ(a)ë�ã�Ú�­ï�(b)8Iã�1¶1�|µ(c)ë�ã�!�­ï�(d)8Iã�2Ú(e)8Iã�3"

Fig. 3. MR images used in the experiments. Group One: the reference image (a) and Target Image 1 (b); Group Two: the

reference image (c), Target Image 2 (d) and Target Image 3 (e).

ã4 üæ���"�µ(k�æ���¶¥µ»�æ���¶mµC�Ýæ���"

Fig. 4. Undersampling masks used in the experiments. Left: Cartesian mask. Middle: Radial mask. Right: Variable

density mask.

�Ä�ØÓæ���éu�©�{­ï5U�K�§æ^n«a.�æ���µ(k�æ���!»

�æ���ÚC�Ýæ���§Xã4¤«"

3.1.3 ¢¢¢���ëëëêêê������

�©�{æ^��äe�Xã1(b)¤«§¢�¥¤�9��ëê��þ3L1¥�Ñ"Ù¥§�)�
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ä�ëê!�Åëê£�Å¼ê9©)�ê¤!®�| 8£À�ë�ã����Xê�êP"²¢��

y§Ï~À�ë�ã����c20%�ÅXê¢Ú8��®�| 8¤Ú�Kzëêλ"

L1 ¢�ëê��

Table 1. Parameter setting for experiments

ëê

ã�

8Iã�1 8Iã�2 8Iã�3

�ä�ëê

ÆSÇ 0.005 0.003 0.003

L 6 6 6

nd [32, 64, 64, 64, 128, 128] [16, 32, 64, 64, 128, 128] [16, 32, 64, 64, 128, 128]

nu [32, 64, 64, 64, 128, 128] [16, 32, 64, 64, 128, 128] [16, 32, 64, 64, 128, 128]

ns [16, 16, 16, 16, 16, 16] [16, 16, 16, 16, 16, 16] [16, 16, 16, 16, 16, 16]

kd [3, 3, 3, 3, 3, 3] [3, 3, 3, 3, 3, 3] [3, 3, 3, 3, 3, 3]

ku [3, 3, 3, 3, 3, 3] [3, 3, 3, 3, 3, 3] [3, 3, 3, 3, 3, 3]

ks [1, 1, 1, 1, 1, 1] [1, 1, 1, 1, 1, 1] [1, 1, 1, 1, 1, 1]

S�gê 5000 3000 3000

�Åëê

�Å¼ê Haar Haar Haar

©)�ê 7 8 8

P 13500 55000 52000

λ 1e-10 1e-6 1e-9

�©¢�3Ubuntu 16.04 LTS£64 ¤ö�XÚþ¢y§²����Intel Core i9-7920X 2.9 GHz

CPUÚNvidia GeForce GTX 1080Ti GPU§11 GB RAM¶$1�¸�PyTorch§CUDA§CUDNN"

3.2 ¢�(J�©Û

3.2.1 ­­­ïïï555UUU©©©ÛÛÛ

¢��µØÓæ�Çe­ï(J"�
µ��©¤JÑ�{�­ï5U§�Ü©Äkæ^(k�æ�

��§©O3ØÓæ�Çe?1¢�"L2w«
�©�{!DÚDIP�{!ÄuCSnØ�CS-WS�{Ú

"W¿­ï310%!20%!30%Ú40%æ�Çe��éØ�!PSNRÚSSIM�I�ê�(J"�Ä�Ôö

L§¥��Å5£�©�{¥�äëê��ÅÐ©z¶DÚDIP�{¥�äÑ\Ú�äëêþ��ÅÐ©

z¤§L¥¤�Ñ�ê�(JÑ�$110g��²þ¼�"dL2¥�êâé'w
´�§éun|MRê

â§3�Óæ�êâþe§�©�{äk�$��éØ�!�p�PSNRÚSSIM�§=�©�{�¼��
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°(�­ï(J"

ã5�8Iã�1�­ï(J9�A�Ø�ã§�±wÑ§�Óæ�Çe§�©�{�­ïØ���§

�¼���°(�­ï"

ã6-7Ð«
8Iã�2!8Iã�33�©�{9é'�{e�­ï(J"w,§�©�{3�

3MRã�¥(�[!!«nA��¡äk`³§cÙ3ÛÜ��ã¥��²w"�A�Ø�ã��?�

ÚL²§�©�{�­ï(JØ���§��C8IMRã�"

目标图像1 零填充 CS-WS DIP 本文方法

ã5 (k�æ���40%æ�Çe8Iã�1�­ï(Jé'µ8Iã�1���{­ï(J£1�1¤§éA�Ø�ã

�£1�1¤±9éA�ÛÜ��ã£1n1¤"

Fig. 5. Comparison of reconstructions of Target Image 1 using Cartesian undersampled mask with 40%

sampling rate: Target Image 1 and reconstruction results (first row), the corresponding error images (second

row), and the corresponding zoom-in images (third row).
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L2 (k�æ���eØÓ­ï�{��éØ�!PSNR9SSIM

Table 2. Relative errors, PSNR and SSIM values of reconstruction by different methods under Cartesian undersampled mask

�­ïMRã� ­ï�{

10% 20%

�éØ�(%) PSNR (dB) SSIM �éØ�(%) PSNR (dB) SSIM

8Iã�1

"W¿ 35.64 18.7365 0.5543 16.14 25.6185 0.7135

CS-WS 34.53 19.0101 0.5590 13.74 27.0139 0.7998

DIP 32.51 19.5344 0.6666 12.49 27.8440 0.8989

�©�{ 19.89 23.8004 0.8172 9.43 30.2852 0.9793

8Iã�2

"W¿ 19.66 22.5625 0.7550 13.36 25.9204 0.8065

CS-WS 17.14 23.7530 0.7654 10.34 28.1426 0.8507

DIP 15.09 24.9087 0.8473 5.41 33.7814 0.9619

�©�{ 7.51 30.9288 0.9454 3.48 37.5915 0.9788

8Iã�3

"W¿ 17.64 23.5716 0.7857 12.76 26.3807 0.8266

CS-WS 15.24 24.8395 0.8139 9.87 28.6144 0.8774

DIP 14.90 25.0660 0.8585 5.43 33.8264 0.9607

�©�{ 7.31 31.2228 0.9491 3.53 37.5488 0.9806

�­ïMRã� ­ï�{

30% 40%

�éØ�(%) PSNR (dB) SSIM �éØ�(%) PSNR (dB) SSIM

8Iã�1

"W¿ 11.53 28.5361 0.7657 7.71 32.0337 0.8087

CS-WS 9.40 30.3126 0.8689 6.68 33.2736 0.9136

DIP 9.05 30.6386 0.9342 6.98 32.8933 0.9605

�©�{ 7.06 32.7970 0.9590 5.64 34.7395 0.9728

8Iã�2

"W¿ 4.61 35.1677 0.8677 3.46 37.6630 0.8830

CS-WS 2.61 40.0883 0.9377 1.95 42.6338 0.9438

DIP 2.80 39.4992 0.9858 2.33 41.1008 0.9892

�©�{ 2.08 42.0469 0.9905 1.73 43.6437 0.9931

8Iã�3

"W¿ 4.31 35.8182 0.8813 3.24 38.2961 0.8997

CS-WS 2.45 40.7193 0.9444 1.84 43.1958 0.9601

DIP 3.22 38.5632 0.9824 2.54 40.4324 0.9885

�©�{ 2.05 42.2484 0.9908 1.64 44.2051 0.9939
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目标图像2 零填充 CS-WS DIP 本文方法

ã6 (k�æ���20%æ�Çe8Iã�2�­ï(Jé'µ8Iã�2���{­ï(J£1�1¤§éA�Ø�ã

�£1�1¤±9éA�ÛÜ��ã£1n1¤"

Fig. 6. Comparison of reconstructions of Target Image 2 using Cartesian undersampled mask with 20%

sampling rate: Target Image 2 and reconstruction results (first row), the corresponding error images (second

row), and the corresponding zoom-in images (third row).

目标图像3 零填充 CS-WS DIP 本文方法

ã7 (k�æ���30%æ�Çe8Iã�3�­ï(Jé'µ8Iã�3���{­ï(J£1�1¤§éA�Ø�ã

�£1�1¤±9éA�ÛÜ��ã£1n1¤"

Fig. 7. Comparison of reconstructions of Target Image 3 using Cartesian undersampled mask with 30%

sampling rate: Target Image 3 and reconstruction results (first row), the corresponding error images (second

row), and the corresponding zoom-in images (third row).

12

录
用
稿
件
，
非
最
终
出
版
稿



¢��µØÓæ���e­ï(J"�Ü©æ^»�æ����C�Ýæ���©O?1¢�§µ�

�©�{3ØÓæ���e�­ï5U"�©�{�é'�{­ï(J��éØ�!PSNRÚSSIM�X

L3¤«"dL¥êâé'��§�©�{3»�æ���!C�Ýæ���e�­ïã�þäk�$�

�éØ�!9�p�PSNRÚSSIM�§�¼���°(�­ï(J"

L3 »�æ���9C�Ýæ���eØÓ­ï�{��éØ�!PSNR9SSIM

Table 3. Relative errors, PSNR and SSIM values of reconstruction by different methods

under radial undersampled mask and variable density undersampled mask

�­ïMRã� æ���(æ�Ç) ­ï�{ �éØ�(%) PSNR (dB) SSIM

8Iã�1

»�(20%)

"W¿ 14.34 26.6426 0.7852

CS-WS 12.11 28.1129 0.8519

DIP 10.95 28.9845 0.9169

�©�{ 7.92 31.7960 0.9547

C�Ý(30% )

"W¿ 15.03 26.2373 0.7735

CS-WS 11.15 28.8264 0.8662

DIP 9.26 30.4441 0.9321

�©�{ 6.43 33.6199 0.9648

8Iã�2

»�(10%)

"W¿ 8.05 30.3202 0.7960

CS-WS 5.73 33.2803 0.9010

DIP 4.40 35.5814 0.9662

�©�{ 3.54 37.4434 0.9760

C�Ý(20% )

"W¿ 6.47 32.2213 0.8778

CS-WS 3.56 37.4195 0.9625

DIP 3.15 38.4764 0.9821

�©�{ 2.57 40.2243 0.9850

8Iã�3

»�(10%)

"W¿ 7.03 31.5576 0.8177

CS-WS 5.18 34.2111 0.9158

DIP 4.73 35.0303 0.9629

�©�{ 3.55 37.4852 0.9751

C�Ý(20% )

"W¿ 5.82 33.2106 0.8978

CS-WS 3.27 38.2161 0.9675

DIP 3.01 38.9786 0.9819

�©�{ 2.54 40.4229 0.9852
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目标图像1 零填充 CS-WS DIP 本文方法

ã8 C�Ýæ���30%æ�Çe8Iã�1�­ï(Jé'µ8Iã�1���{­ï(J£1�1¤§éA�Ø�ã

�£1�1¤±9éA�ÛÜ��ã£1n1¤"

Fig. 8. Comparison of reconstructions of Target Image 1 using variable density undersampled mask with

30% sampling rate: Target Image 1 and reconstruction results (first row), the corresponding error images

(second row), and the corresponding zoom-in images (third row).

目标图像3 零填充 CS-WS DIP 本文方法

ã9 »�æ���10%æ�Çe8Iã�3�­ï(Jé'µ8Iã�3���{­ï(J£1�1¤§éA�Ø�ã�

£1�1¤±9éA�ÛÜ��ã£1n1¤"

Fig. 9. Comparison of reconstructions of Target Image 3 using radial undersampled mask with 10% sampling

rate: Target Image 3 and reconstruction results (first row), the corresponding error images (second row),

and the corresponding zoom-in images (third row).
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目标图像1--笛卡尔30%采样

目标图像2--笛卡尔20%采样

ã10 (k�æ���e�©�{��éØ�­�

Fig. 10. Relative errors curves of the proposed method under Cartesian undersampled mask
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£{¡DIP+Ref+Sup+Cor¤�­ï(J�þz�Iêâ"

L4 »�æ���9C�Ýæ���eØÓ­ï�{��éØ�!PSNR9SSIM

Table 4. Relative errors, PSNR and SSIM values of reconstructions by different methods under radial

undersampled mask and variable density undersampled mask

æ���(æ�Ç) ­ï�{ �éØ�(%) PSNR (dB) SSIM

»�(20%)

DIP+Ref 8.88 30.9180 0.9478

DIP+Sup 10.35 29.4739 0.9264

DIP+Ref+Sup 8.24 31.5530 0.9512

DIP+Ref+Sup+Cor 7.92 31.7960 0.9547

C�Ý(30% )

DIP+Ref 7.38 32.4116 0.9583

DIP+Sup 9.08 30.6104 0.9583

DIP+Ref+Sup 6.71 33.2360 0.9620

DIP+Ref+Sup+Cor 6.43 33.6199 0.9648

(ÜL49L3¥êâ�±wÑµ=Ú\ë�ã��DIPµe�J,­ï°Ý§=|^ë�ã�¼�|

 k�^u8Iã��­ï§��J,­ï°Ý"�'
ó§cöéu­ï°Ý�J,��wÍ"üö

(Ü�§�Ó�^e�­ï(J�\°("l¢�(J�±wÑ§k�mêâ
��?�Úü$­ï�Ø

�"

4.2 é'Ý�É/$Ä £e°�5©Û

��!Ì�?Ø�ë�ã��8Iã��m�3é'Ý�É9$Ä £�§�©¤JÑ�{�k

�5"À�üÌé'ÝØÓ�MRã�§Xã11(a)-(b) ¤«§§�þ5g3T Siemens MRI ×£¤"¤�

ëê©O�µ(a)T2\�ã�§SES�,  =�=120◦ , TR/TE=4000/91ms, �þ5.0mm;(b)T1\�ã�§

GRS�,  =�=70◦ , TR/TE=250/2.5ms, �þ5.0mm"±ã11(a)�ë�ã�­ï(b)§20%(k�æ�

e�­ï(JXã11(c)¤«§­ï�éØ��2.19%"�
?�Ú�y�©�{éu$Ä £�°�5§

�EXã11(d)¤«�8Iã�§��uë�ã�(a)§ÙmQké'Ý�É!q�3$Ä £§20%(k

�æ�e�­ï(JXã11(e)¤«§­ï�éØ�=�2.54%"dd��§�©�{éué'Ý�É9$
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参考图像 目标图像 重建图像

(a) (b) (c)

(d) (e)

相对误差 = 2.19 %
PSNR = 40.8788 dB
SSIM = 0.9937

相对误差 = 2.54 %
PSNR = 39.0825 dB
SSIM = 0.9891

ã11 ë�ã��8Iã�m�3é'Ý�É9$Ä £�¹e�©�{�­ï(Jµ(a)ë�ã�¶(b)�­ï8Iã�¶(c)�

©�{é(b)�­ï(J¶(d)�­ï8Iã�¶(e)�©�{é(d)�­ï(J"

Fig. 11. Reconstructions of the proposed method when there is contrast difference and motion between the reference

image and the target image:(a) Reference image; (b) Target image to be reconstructed; (c) The reconstruction of

(b) by the proposed method; (d) Target image to be reconstructed; (e) The reconstruction of (d) by the proposed

method.

4.3 O��Ç©Û
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L5 (k�æ�eØÓ­ï�{�O��m

Table 5. The computational time for different reconstruction methods under the Cartesian mask

�­ïMRã� ­ï�{

O��m

10% 20% 30% 40%

8Iã�1

CS-WS 46s 46 s 49 s 46 s

DIP 2 m 53 s 2 m 43 s 2 m 47 s 2 m 45 s

�©�{ 3 m 55 s 3 m 56 s 3 m 54 s 3 m 56 s

ã11(d)¤«8Iã�

CS-WS 42 s 42 s 45 s 44 s

DIP 2 m 33 s 2 m 35 s 2 m 35 s 2 m 34 s

�©�{ 3 m 14 s 3 m 15 s 3 m 15 s 3 m 13 s

5 ( Ø

�©JÑ�«#�Äu�ÝÆS�jæ�MRã�­ï�{§ÃIýÔö!Ø�6Ôöêâ8§é�
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�­ïJø| k�Ú(�k�"òë�ã����äÑ\§±Ú\8Iã��(�k��ÆS?§§¿
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Undersampled Magnetic Resonance Image

Reconstruction based on Support Prior and Deep Image

Prior without Pre-Training ∗

Zhao Di1) Zhao Lizhi2)† Gan Yongjin3) Qin Binyi1)

1) (Key Laboratory of Complex System Optimization and Big Data Processing, Guangxi

Colleges and Universities, Yulin Normal University, Yulin 537000, China )

2) (School of Information Engineering, Minzu University of China, Beijing 10081, China )

3) (School of Physics and Telecommunication Engineering, Yulin Normal University, Yulin

537000, China )

Abstract

Magnetic resonance imaging (MRI) method based on deep learning needs large, high-quality patient-based datasets

for pre-training. However, this is a challenge in clinical applications because it is difficult to obtain sufficient amounts

of patient-based MR datasets due to the equipment and patient privacy concerns. In this paper, we propose a novel

undersampled MR image reconstruction method based on deep learning. This method does not require any pre-training

procedures and does not depend on training datasets. The proposed method is inspired by traditional deep image prior

(DIP) framework, and integrates the structure prior and support prior of the target MR image to improve the efficiency

of learning. Based on the similarity between the reference image and the target image, the high-resolution reference

image obtained in advance is used as the network input, thereby the structural prior information is incorporated into

network. By taking the coefficient index set of the reference image with large amplitude in the wavelet domain as

the known support of the target image, the regularization constraint term is constructed, and the network training is

transformed into the optimization process of network parameters. Experimental results show that the proposed method

* Project supported by the National Natural Science Foundation of China (Grant Nos. 62041111,
61701554), the Natural Science Foundation of Guangxi (Grant No. 2019GXNSFBA245076), and
Research Funds of Yulin Normal University (Grant No. G2019ZK03).
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can obtain more accurate reconstructions from undersampled k-space data, and has obvious advantages in preserving

tissue features and detailed texture.

Keywords:Magnetic resonance imaging,
Undersampled image reconstruction,
Deep image prior, Support prior

PACS: 87.61.-c, 02.30.Zz, 42.30.Wb
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