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Magnetic Resonance Imaging (MRI)



Slow imaging speed is the bottle neck of MRI

< 1 s>  15 min

MRI CT

Coronary 
Artery
Imaging



Claustrophobia

Motion artifacts High cost

Drawbacks of Long Acquisition Time



Fourier

Ideally，the relationship between MR image and k-
space data can be formulated as Fourier transform

𝑑 𝑘 =  𝑀( 𝑟) 𝑒−𝑗2𝜋𝑘  𝑟d  𝑟

Spatial domain and MR data space



K-space Sampling



NS-sampling

Insufficient
sampling

larger ΔK
Smaller FOV 

smaller ΔK
larger FOV 

FOV=1/ΔK

Nyquist-Shannon Sampling Theorem in k-space

ΔKFOV



Kx

Ky

image
K-space

Inverse Fourier transform
N

T  = N × TR
scan time      collected lines      line time       

Example: spin echo

T1-weighted (T1w)：TR=800ms， N=256 , T=3.4min

T2-weighted (T2w)：TR=2000ms,  N=256,    T=8.5min

The factors that determine the time of acquisition

ΔK

undersampling



Accelerate MR imaging from under-sampled k-space

full-sampled 
k-space

Fourier transform（FT）

Ky

Kx

Nyquist-Shannon sampling theorem 

Kx

Ky

Image reconstruction

√

under-sampled 
k-space

╳

Inverse Problem



Accelerate MR imaging from under-sampled k-space

prior information

Some knowledge that 
were known before scan

full-sampled 
k-space

Fourier transform（FT）

Ky

Kx

Nyquist-Shannon sampling theorem 

Kx

Ky

√

under-sampled 
k-space



Fast magnetic resonance imaging based on prior knowledge

Partial Fourier
（Conjugate symmetry）

1980s

Parallel imaging
（Coil sensitivity）

2000s

Compressed sensing
(Sparse prior)

2007

Artificial intelligence
(big-data prior)

2016

Fourier transform
（1807）

Multi-channel
Sampling theorem

（1976）

Compressed sensing
（2006）

Deep learning
（2006）



𝑠𝑖 𝑘𝑥, 𝑘𝑦 = 𝐹𝐶𝑖𝑚 𝑥, 𝑦

reconstruction

Inverse   FFT

Sensitivity Encoding

𝐶11

𝐶12

𝐶21

𝐶22

𝑚𝑎1

𝑚𝑎1
𝑚𝑎1

𝑚𝑎4

=

𝐶11 𝐶12
𝐶21 𝐶22
𝐶31
𝐶41

𝐶32
𝐶42

𝑚1

𝑚2

reconstruction：solve an inverse problem
Condition number：SNR

The formulation of parallel MR imaging



并行磁共振成像问题——信噪比下降

Highly ill-posed

4-fold

𝜌2

𝜌1

𝜌𝑎

The problem of parallel MR imaging —low SNR

Spatially variant 
noise amplification 



RO

PE 𝑆𝑎𝑐𝑠

Physical Coil

Step 1. Conjugate Transpose

𝑆𝑎𝑐𝑠
𝑇

Conjugate Virtual Coil
Step 2. 

Kernel 

Mapping

Step 2. 

Kernel 

Mapping𝑆𝑎𝑐𝑠
2 𝑆𝑎𝑐𝑠

𝑇 2

Kernel Mapped Coil Kernel Mapped Coil

Coil 1 Coil 2 Coil 3

𝑆𝑎𝑐𝑠

Coil 1 Coil 2 Coil 3

Readout

Phase

Encoding

Coil 1 Coil 2 Coil 3 Coil 1 Coil 2 Coil 3

𝑆𝑎𝑐𝑠
𝑇𝑆𝑎𝑐𝑠

2 𝑆𝑎𝑐𝑠
𝑇 2

Increasing #equations by using Virtual Coil

H Wang, S Jia & D Liang et al. PMB



6X acceleration
192x192, 1.8 x 1.8 mm

8X acceleration
192x192, 1.8 x 1.8 mm

TG
rap

p
a

C
arR

ace

RO

PE

Time Time

CarRace accelerated Real-Time Cine

Submitted to MRM



4X， ~85 ms/frame 6X, ~56 ms/frame 8X, ~40 ms/frame

CarRace: accelerated Real-Time Cine



Sparse Sampling based on compressed sensing

Compressed Sensing (CS):The sparse signals can 
be reconstructed accurately from very few 
incoherent measurements by a non-linear 
procedure.

OutcomeRequirement

42000 
citations

Benefit
Imaging innovation: how compressed sensing

would change the world of magnetic resonance



CS-MRI 



Sparsity in MR Images

Most MRI images are sparse or can be sparsely represented in some 
bases

y

t

y

f

MR Angiography Finite Difference/TV

Cardiac cine
Temporal-frequency

Brain Wavelet



artifacts caused by incoherent undersampling  
are similar to noise

Image by 
full sampling 

Incoherence

artifacts by 
coherent sampling

artifacts caused by 
Incoherent sampling

Image        Sparse transform K-space



Long reconstruction time

Complicated parameter-selection

Losing fine details (“feature”)

Gold standard (full sampled data) CS(R=2.5, 1D variable density) 

[1] S.Ravishankar et.al., IEEE TMI,2011 [2] Q. Liu, et.al., IEEE TIP,2013. [3] D. Liang et.al., MRM 2011. [4] V.Patel et.al., IEEE TIP 2012. [5] B. Ning et.al., MRI 2013

Some Issues in CS-based MR Imaging



Reason: nonlinear model, iterative reconstruction

Solution: 1) improve computing power
2) use pre-conditioner

Long Reconstruction Time

286

Pentium

GPU
Cloud 
computing

[1] F. Ong, et.al., ISMRM2018. [2] J. Gemert, et.al., ISMRM2018

Diagonal pre-conditioner

Circulant pre-conditioner



[1] K. Khare et al, MRM, 2013. [2] J. Tamir et al, ISMRM2018. [3] K. Bang et al, ISMRM2018. [4] J. Cheng et al, ISMRM2018

Reason: multi constraints，non-convex function

Solution: 

1) Test on a big data set and choose the sub-optimal but robust 

parameters

2) Parameter-free methods or automatic parameter selection

2
min ( )   s.t.   p

I
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 


Complicated Parameter-selection

① Noise pre-scan
② First-order primal dual algorithm



residual image

Reason

Loosing Details 

*

2 0 1 1 || || || ||SI I C I I S C    

Reconstruction solution SI : Vector I with only S largest components
*I :

Details cannot be sparsely represented enough and are lost after 
nonlinear filtering

Candes, E. J et al, 
COMMUNICATIONS 
ON PURE AND 
APPLIED 
MATHEMATICS . 
2006; 59 (8): 1207-
1223



The methods of preserving details

Powerful sparse representation
 patch-based methods (dictionary 

learning, Nonlocal constraint)

 Tensor-based Sparse transformation

 Nonlinear compressed sensing method

Detail restoration

 Iterative regularization method (IRM)

 Bregman iterative method

[1] S.Ravishankar et.al., IEEE TMI,2011 [2] Q. Liu, et.al., IEEE TIP,2013. [3] D. Liang et.al., MRM 2011. [4] S.Fang et.al., MRM 2010. [5] Y. Yu et.al., PLoS ONE,2014. [6] J 
He et.al., IEEE TMI,2016. [7] Y. Zhou , et.al., ISBI 2007.[8]http://blog.sina.com.cn/s/blog_89ba75c80101gxgm.html [9]S. Osher et.al, Multiscale Model. Simul., 2005. [10] 
B. Liu et.al., MRM, 2009. [11] W. Yin et.al., SIAM J. Imaging Sci., 2008. [12] X Ye et.al., IEEE TMI, 2011. [13] S. Wang et. al., PMB 2016. [14] J. Cheng et. al., MRM 2018







Editorial: the articles
featured span some of the
most cutting-edge areas
and a reflection of the most
influential research
published in PMB 2016

Physics in Medicine and Biology Highlights of 2016



Application: Whole Brain Vessel Wall Imaging

Current: 24min without acceleration，9min with parallel imaging

MR Angiography MR VW imagingStroke

Challenges：high 

resolution, large 

FOV and fast scan Lumen wall



45y male stroke patient，eccentric thickening 52y male stroke patient ，eccentric thickening

9min 5min 9min 5min

9min 5min 5min enhanced

47y female patient，Arterial dissection is visible

5 mins：3D Whole Brain Vessel Wall Imaging



Joint Intracranial and Carotid Arterial Wall Imaging

1

1

2

2

3

3

1

1

2

2

3

3

Parallel Imaging 2.7x in 9:18 min Compressed Sensing 5x in 5 min 0.55mm

A female stroke

patient of 47

years old.

Wall thickening was

detected in MCA

and ECA.



FOV：230 x 210 x 192 mm
Scan resolution：0.6 x 0.6 x 0.6 毫米
Coil：32-channel Head&Neck
TA：3.5mins
A 62-year old male

Joint Intracranial and Carotid Arterial Wall Imaging

S. Jia et al. ISMRM2020



Ultrafast cardiac MR imaging and Vessel Wall Imaging were featured 
in the 2018 Radiological Society of North America (RSNA) as the 
highlight of the cooperation between SIAT and United Imaging (UI).

Collaboration with industry



Deep Learning MRI: motivation

offline training 

online reconstruction
zero-filling reconstruction

Training data



scan reconlinear MRI

scan reconCS-MRI

scanDL-MRI offline learning recon



Deep Learning MRI : Preliminary work

1. S Wang, L. Ying, D Liang, “Accelerating 
Magnetic ResonanceImaging via Deep Learning,” 
IEEE-ISBI 2016: 514-517. 

3. Yang Y，Sun J, Li H, Xu Z. Deep ADMM-net for compressive sensing MRI. Advances in Neural Information Processing Systems 2016: 10-18. 

2. Hammernik K, et al. Learning a Variational Network for 
Reconstruction of Accelerated MRI Data. ISMRM 2016.



Deep Learning MRI: Our Roadmap

梁栋（Dong Liang），
朱燕杰，吴垠，刘
新，郑海荣，基于
机器学习的并行磁
共 振 成 像 GRAPPA

方 法 ，
ZL201210288373.4

已转让上海联影

Dong Liang et al, Machine 
learning for GRAPPA,  
ZL201210288373.4

梁栋（Dong Liang），
朱燕杰，朱顺，刘
新，郑海荣，基于
深度学习的磁共振
快速参数成像方法
和系统，
ZL201310617004.X

Dong Liang et al, Deep learning  
for fast parameter mapping, 
ZL201310617004.X

梁栋（Dong Liang），
朱燕杰，朱顺，刘
新，郑海荣，基于
深度学习的磁共振
成像方法和系统，
ZL201310633874.6

Dong Liang et al, Deep 
learning  for  fast MR imaging 
ZL201310617004.X



Deep Learning for Fast MR Imaging

Scan ReconLinear MRI

Scan ReconCS-MRI

ScanDL-MRI Learning Recon

input output

Offline Training

Training data

Data-driven

Offline Training

Training data

Model-driven

Iterative 
procedure 
of an 
algorithm

D Liang et al., 
IEEE Sig Proc Mag,

37(1):141-151, 2020
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( )Ax f F x 

 
𝑟 𝑛+1 = 𝑥 𝑛 − 𝜌A𝑇 A𝑥 𝑛 − 𝑓

𝑥 𝑛+1 =  𝐹 𝑠𝑜𝑓𝑡 𝐹 𝑟 𝑛+1 , 𝜃

Model-driven Deep Learning



Model-driven Deep Learning

Model Inference 

Network 
architecture

 Gradient decent
 ADMM
 FISTA
 PDHG
 …

 CNN
 RNN
 GAN
 …

2

2 1

1

2
Ax f x  

( , ) ( )d Ax f R x

2

2

1
( )

2
Ax f R x 

Unrolling the iterations of an optimization 
algorithm to deep network

Learning capability of 
deep networks

Convergence guarantee of 
optimization algorithms

A could be Fourier encoding 
or sensitivity encoding 
(learnable）





VN (Variational Network)

min 𝐴𝑥 − 𝑦 2
2 + 

𝑖=1

𝑁𝑘

Φ𝑖(K𝑖𝑥), 1

Gradient 
Decent

𝑢𝑛+1 = 𝑢𝑛 − 

𝑖=1

𝑁𝑘

𝐾𝑖
𝑛 𝑇Φ𝑖

𝑛′ 𝐾𝑖
𝑛𝑢𝑛 − 𝜆𝑛𝐴∗ 𝐴𝑢𝑛 − 𝑦

Parameters 
Transform
Regularizer

K. Hammernik et al. MRM2018



ADMM-CSnet

min 𝐴𝑥 − 𝑦 2
2 + 

𝑙=1

𝐿

𝜆𝑙 𝑔 𝐷𝑙𝑥

l lz D x
ADMM
Solver 1

ADMM
Solver 2

z x
Transform domain Image domain

Basic-ADMM-CSNet Generic-ADMM-CSNet

Parameters
Transform
Regularizer

argmin
𝑥

1

2
𝐴𝑥 − 𝑦 2

2 + 

𝑙=1

𝐿
𝜌𝑙
2

𝐷𝑙𝑥 + 𝛽𝑙 − 𝑧𝑙 2
2

argmin
𝑧

 

𝑙=1

𝐿

𝜆𝑙𝑔 𝑧𝑙 +
𝜌𝑙
2

𝐷𝑙𝑥 + 𝛽𝑙 − 𝑧𝑙 2
2

argmin
𝛽

 

𝑙=1

𝐿

𝛽𝑙 , 𝐷𝑙𝑥 − 𝑧𝑙

argmin
𝑥

1

2
𝐴𝑥 − 𝑦 2

2 +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝑧

 

𝑙=1

𝐿

𝜆𝑙𝑔 𝐷𝑙𝑧 +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝛽

 

𝑙=1

𝐿

𝛽, 𝑥 − 𝑧

𝑋 𝑛 : 𝑥 𝑛 =
A𝐻𝑦 +  𝑙=1

𝐿 𝜌𝑙𝐷𝑙
𝑇 𝑧𝑙

𝑛−1
− 𝛽𝑙

𝑛−1

A𝐻𝐴 +  𝑙=1
𝐿 𝜌𝑙𝐷𝑙

𝑇𝐷𝑙

 𝑍 𝑛 : 𝑧𝑙
𝑛
= 𝑆(𝐷𝑙𝑥

𝑛 + 𝛽𝑙
𝑛−1

;  𝜆𝑙 𝜌𝑙

 M 𝑛 : 𝛽𝑙
𝑛
= 𝛽𝑙

𝑛−1
+ 𝜂𝑙(𝐷𝑙𝑥

𝑛 − 𝑧𝑙
𝑛

𝑋 𝑛 : 𝑥 𝑛 =
A𝐻𝑦 + 𝜌 𝑧 𝑛−1 − 𝛽 𝑛−1

A𝐻𝐴 + 𝜌𝐼

𝑍 𝑛 : 𝑧 𝑛 = 𝜇1𝑧
𝑛,𝑘−1 + 𝜇2 𝑥 𝑛 + 𝛽 𝑛−1

− 

𝑙=1

𝐿

 𝜆𝑙 𝐷𝑙
𝑇𝐻 𝐷𝑙𝑧

𝑛,𝑘−1

M 𝑛 : 𝛽 𝑛 = 𝛽 𝑛−1 +  𝜂 𝑥 𝑛 − 𝑧 𝑛

Y Yang, J Sun, Z Xu et al. NIPS 2006,IEEE TPRMI 2018



ADMM-net-Ⅰ ADMM-net-Ⅱ

ADMM-net-Ⅲ

2

2

1

( )
L

l l

l

Ax f g D x


 

( , ) ( )d Ax f R x

argmin
𝑥

1

2
𝐴𝑥 − 𝑓 2

2 +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝑧

 

𝑙=1

𝐿

𝜆𝑙𝑔 𝐷𝑙𝑧 +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝛽

 

𝑙=1

𝐿

𝛽, 𝑥 − 𝑧

argmin
𝑥

𝑑(𝐴𝑥, 𝑓) +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝑧

 

𝑙=1

𝐿

𝜆𝑙𝑔 𝐷𝑙𝑧 +
𝜌

2
𝑥 + 𝛽 − 𝑧 2

2

argmin
𝛽

 

𝑙=1

𝐿

𝛽, 𝑥 − 𝑧

𝑋 𝑛 : 𝑥 𝑛 =
A𝐻𝑓 + 𝜌 𝑧 𝑛−1 − 𝛽 𝑛−1

A𝐻𝐴 + 𝜌𝐼

𝑍 𝑛 : 𝑧 𝑛 = 𝜇1𝑧
𝑛,𝑘−1 + 𝜇2 𝑥 𝑛 + 𝛽 𝑛−1

− 

𝑙=1

𝐿

 𝜆𝑙 𝐷𝑙
𝑇𝐻 𝐷𝑙𝑧

𝑛,𝑘−1

M 𝑛 : 𝛽 𝑛 = 𝛽 𝑛−1 +  𝜂 𝑥 𝑛 − 𝑧 𝑛

Learning variable structures

[1] Y Yang et al. IEEE TPRMI 2018
[2] J Cheng and D Liang. unpublished data

1

( )( , )
L

l l

l

g D xd Ax f 




Learning data 
consistency

𝑋 𝑛 : 𝑥 𝑛 = 𝑚1𝑥
𝑛,𝑘−1 +𝑚2 (𝑧

𝑛−1 − 𝛽 𝑛−1 )

−𝛾A𝐻Γ(𝐴𝑥 𝑛,𝑘−1 , 𝑓)

𝑍 𝑛 : 𝑧 𝑛 = 𝜇1𝑧
𝑛,𝑘−1 + 𝜇2 𝑥 𝑛 + 𝛽 𝑛−1

− 

𝑙=1

𝐿

 𝜆𝑙 𝐷𝑙
𝑇𝐻 𝐷𝑙𝑧

𝑛,𝑘−1

M 𝑛 : 𝛽 𝑛 = 𝛽 𝑛−1 +  𝜂 𝑥 𝑛 − 𝑧 𝑛

𝐷 𝑛 : 𝑑 𝑛 = Γ(𝐴𝑥(𝑛−1), 𝑓)

𝑋 𝑛 : 𝑥 𝑛 = Π(𝑥 𝑛−1 , 𝑧 𝑛−1 − 𝛽 𝑛−1 , A𝐻𝑑 𝑛 )

𝑍 𝑛 : 𝑧 𝑛 = Λ 𝑥 𝑛 + 𝛽 𝑛−1

M 𝑛 : 𝛽 𝑛 = 𝛽 𝑛−1 +  𝜂 𝑥 𝑛 − 𝑧 𝑛

ADMM-CSnet



ref ADMM-net-Ⅲ ADMM-net-Ⅱ ADMM-net-Ⅰ Zero-filling
R=6

J Cheng and D Liang. http://arxiv.org/abs/1906.08143 

ADMM-CSnet



PDHG-net

[1] J Alder et al. IEEE TMI2018     [2] J Cheng and D Liang. ISMRM2019   [3] J Cheng and D Liang. EMBC2019

Primal Dual Hybrid Gradient algorithm

(Chambolle-Pock algorithm)

min
𝑥
{𝐹 𝐴𝑥 + 𝑅(𝑥)}

MR reconstruction

Data fidelity Regularization 

𝒅𝒏+𝟏 =
𝒅𝒏 + 𝝈 𝑨 𝒙𝒏 − 𝒇

𝟏 + 𝝈
𝒙𝒏+𝟏 = 𝒑𝒓𝒐𝒙𝝉 𝑹 𝒙𝒏 − 𝝉𝑨∗𝒅𝒏+𝟏
 𝒙𝒏+𝟏 = 𝒙𝒏+𝟏 + 𝜽 𝒙𝒏+𝟏 − 𝒙𝒏

𝒎𝒊𝒏
𝒎

𝟏

𝟐
𝑨𝒙 − 𝒇 𝟐

𝟐 + 𝝀𝑹 𝒙

MR reconstruction

 

𝒅𝒏+𝟏 = 𝒑𝒓𝒐𝒙𝝈 𝑭
∗ 𝒅𝒏 + 𝝈𝑨 𝒙𝒏

𝒙𝒏+𝟏 = 𝒑𝒓𝒐𝒙𝝉 𝑹 𝒙𝒏 − 𝝉𝑨∗𝒅𝒏+𝟏
 𝒙𝒏+𝟏 = 𝒙𝒏+𝟏 + 𝜽 𝒙𝒏+𝟏 − 𝒙𝒏

Relaxing data 
consistency



 

𝑑𝑛+1 = Γ(𝑑𝑛 + 𝜎𝐴  𝑥𝑛, 𝑓)

𝑥𝑛+1 = Λ(𝑥𝑛 − 𝜏𝐴∗𝑑𝑛+1)
 𝑥𝑛+1 = 𝑥𝑛+1 + 𝜃(𝑥𝑛+1 − 𝑥𝑛)

 
)𝑑𝑛+1 = Γ(𝑑𝑛, 𝐴𝑥𝑛, 𝑓
)𝑥𝑛+1 = Λ(𝑥𝑛, 𝐴

∗𝑑𝑛+1

𝑑𝑛+1 =
)𝑑𝑛 + 𝜎(𝐴  𝑥𝑛 − 𝑓

1 + 𝜎
)𝑥𝑛+1 = Λ(𝑥𝑛 − 𝜏𝐴∗𝑑𝑛+1
) 𝑥𝑛+1 = 𝑥𝑛+1 + 𝜃(𝑥𝑛+1 − 𝑥𝑛

PDHG-net-Ⅰ

PDHG-net-Ⅱ

PDHG-net-Ⅲ

2

2
( )Ax f R x 

( , ) ( )d Ax f R x

( , ) ( )d Ax f R x

J Cheng and D Liang. MICCAI 2019

PDHG-net



PSNR 41.3688 40.1125 38.9424 38.5734 34.1730 25.3383

SSIM 0.9926 0.9900 0.9874 0.9875 0.9396 0.6696

R=4

Rec_PF Zero-fillingPDHG-net-Ⅲreference D5-C5PDHG-net-Ⅱ
Basic-ADMM-

CSNet

J Cheng and D Liang. MICCAI 2019 J Cheng and D Liang. http://arxiv.org/abs/1906.08143 

PDHG-net



 
𝑟 𝑛+1 = 𝑥 𝑛 − 𝜌A𝑇 A𝑥 𝑛 − 𝑓

𝑥 𝑛+1 =  𝐹 𝑠𝑜𝑓𝑡 𝐹 𝑟 𝑛+1 , 𝜃

𝑑 𝑛+1 = 𝛤 A𝑥 𝑛 , 𝑓

𝑟 𝑛+1 = 𝑥 𝑛 − 𝜌A𝑇𝑑 𝑛+1

𝑥 𝑛+1 =  𝐹 𝑠𝑜𝑓𝑡 𝐹 𝑟 𝑛+1 , 𝜃

𝑑 𝑛+1 = 𝛤 A𝑥 𝑛 , 𝑓

 𝑟 𝑛+1 = 𝛬(𝑥 𝑛 , 𝐴𝑇𝑑 𝑛+1

𝑥 𝑛+1 =  𝐹 𝑠𝑜𝑓𝑡 𝐹 𝑟 𝑛+1 , 𝜃

ISTA-net-Ⅰ

ISTA-net-Ⅱ

ISTA-net-Ⅲ

2

2 1
( )Ax f F x 

1
( , ) ( )d Ax f F x

1
( , ) ( )d Ax f F x

J Cheng and D Liang. http://arxiv.org/abs/1906.08143 

ISTA-net

J Zhang et al. CVPR2018



Discussion: stability
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37

39

41

43

45

47

Average PSNR

R=4 R=6 R=8 R=10

 Test data: 398 human brain 2D 
slices from 3D data

 3D T1-weighted SPACE 
sequence, TE/TR=8.4/1000ms, 
FOV=25.6×25.6×25.6cm3 

 Poisson disk sampling
 Networks trained with R=6

More samples imply better reconstruction quality.

J Cheng and D Liang. http://arxiv.org/abs/1906.08143 



ref

R=6 error spectrum plots (ESP) with Fourier radial

 the high frequency part of the image has higher error than low frequency part

 state Ⅲ has the lowest 

J Cheng and D Liang. http://arxiv.org/abs/1906.08143 

Discussion: stability



J Cheng and D Liang. unpublished data

40

40.5

41

41.5

42

42.5

PDHG-net-Ⅰ PDHG-net-Ⅰ* PDHG-net-Ⅱ

Average PSNR
 R=6
 Test data: 398 human brain 2D 

slices from 3D data
 PDHG-net-Ⅱ has more 

parameters than PDHG-net-Ⅰ
 PDHG-net-Ⅰ* has the same 

structure as PDHG-net-Ⅰ but the 
same number of parameters as 
PDHG-net-Ⅱ

the improvement from state Ⅰ to state Ⅱ is induced by the learned 
data fidelity rather than the deeper network.

Discussion: stability



full 3X 4X

ADMM-Net-III Test in Industry



Spine data（UIH）ADMM-Net-III Test in Industry

full 3X 4X
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Left
MCA 2

Right
MCA 2

62 years old
Male
TA = 4:48

The ADMM-
Net-III gave 
better SNR 
and wall 
depiction 
quality. 

S Jia and J Cheng 

et al. unpublished data

ADMM-Net-III MR VWI in Industry
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uCS 5x
0.6 mm iso

ADMM-Net 5x
0.6 mm iso

basilar artery

The ADMM-Net-III gave slightly better SNR and similar wall depiction quality.

S Jia and J Cheng et al. unpublished data

ADMM-Net-III MR VWI in Industry



Deep Learning MRI: a big picture

Training size

Complex convolution 

Data sharing

Model-driven 

Methods

Data-driven 

Methods

Learn parameters
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Roadmap of medical imaging equipment

new applications and 
New discoveries 

New requirements
for equipment

Next generation 
equipment

New physical phenomenon
/ new principle

Medical imaging
equipment

Several supporting techniques
new information technologies,
new material, etc

Mathematics
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