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Magnetic Resonance Imaging (MRI)




Slow imaging speed is the bottle neck of MR
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Drawbacks of Long Acquisition Time

Claustrophobia

Motion artifacts High cost



Spatial domain and MR data space

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

d(k) = [ M(#) e~ J2mk7 4

Fourier




K-space Sampling

Raw data is sampled replications

in k—space IN IMage Space
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Nyquist-Shannon Sampling Theorem in k-space

NS-sampling

Insufficient
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The factors that determine the time of acquisition

* Ky

K-space

I' =N x TR

scan time collected lines line time
Example: spin echo
T1l-weighted (T1w) : TR=800ms , N=256, T=3.4min
T2-weighted (T2w) : TR=2000ms, N=256, | T=8.5min



Accelerate MR imaging from under-sampled k-space

Ky Nyquist-Shannon sampling theorem ==
/¢S %
Fourier transform ( FT ) VN

full-sampled
k-space

A Ky

Kx— - Image reconstruction

under-sampled
k-space

Inverse Problem



Accelerate MR imaging from under-sampled k-space

Ky Nyquist-Shannon sampling theorem
Fourier transform ( FT ) \
Kx >
o)\
full-sampled S““c“o
k-space ‘eco“
+K .. .

Y prior information

¢} Sum— - HI]: Some knowledge that
were known before scan

under-sampled
k-space



Fast magnetic resonance imaging based on prior knowledge

Partial Fourier Parallel imaging Compressed sensing Artificial intelligence
( Conjugate symmetry ) ( Coil sensitivity ) (Sparse prior) (big-data prior)

Fourier transform Multi-channel  Compressed sensing Deep learning
(1807 ) Sampling theorem ( 2006 ) ( 2006 )
(1976)



The formulation of parallel MR imaging
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reconstruction: solve an inverse problem
Condition number: SNR




The problem of parallel MR imaging —low SNR

phenomenon

Spatially variant
noise amplification

REESE)

Highly ill-posed




Increasing #equations by using Virtual Coil

Step 1. Conjugate Transpose

Kernel

Kernel
Mapping Mapping

Coil 1 Coil 2 Coil 3 _g:ou,l ConIZ Coil 3 Coil1 Coil2 Coil3 Coil1 Coil2 Coil3
Readout :

(

Phase
Encoding

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



CarRace accelerated Real-Time Cine

RO Time Time

 ——

6X acceleration 8X acceleration
192x192,1.8 x 1.8 mm 192x192,1.8 x 1.8 mm

Submitted to MRM



CarRace: accelerated Real-Time Cine

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



Sparse Sampling based on compressed sensing

DI FNARDY SFESINM

Imaging innovation: how compressed sensing

would change the world of magnetic resonance
How Compressed Sensing will Lhange the World of MR
Organizers: Craig H. Meyer, Ph.D. & Daniel K. Sodickson, M.D.,
Ph.D.

5-11 MAY 2012

07:30 Welcome & Awards - Debiao Li, Ph.D., 2011-12 ISMRM President  0%:05  Compressed Sensing Overview, David Donoho, Ph.0. M I3

D 09:30  compressed Sensing in MRI, Michael Lustig, ph.o. M 2
09:55 Clinical Applications of Compressed Sensing: Introduction:
08:20 | auterbur Lecture: MRI: From Science to Society, = Clinical Opportunities & Barriers to Mainstream Use, Shreyas 5.
Vivian S. Lee, M.D., Ph.D., M.B.A. Vasanawala, M.D., Ph.l}.i =

10:05  case 1: Sparse Neuroangiogram, Manal Nicolas-Jitwan, m.0.
=

10:10 Case 2: High Spatiotemporal Correlation Cardiac Imaging,
Jeanette Schulz-Menger, m.. il (3

10:15  Adjourn



CS-MRI
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Sparsity in MR Images

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

Brain Finite Difference/TV  Wavelet
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Incoherence

346 VRN
Image Sparse transform K-space

>artifacts caused by incoherent undersampling
are similar to noise

Image by artifacts by artifacts caused by
full sampling coherent sampling Incoherent sampling



Some Issues in CS-based MR Imaging

» Long reconstruction time
» Complicated parameter-selection

> Losing fine details ( “feature” )

S—
L
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



Long Reconstruction Time

Reason: nonlinear model, iterative reconstruction

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

Diagonal pre-conditioner
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Circulant pre-conditioner

computing
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[1] F. Ong, et.al., ISMRM2018. [2] J. Gemert, et.al., ISMRM2018 K¢ Kd



Complicated Parameter-selection

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

inimi [ x lity A
minimize ||[Wx| ] Qua I(zSMs;Tésmen
X
subject to lv — Ax||, < o m,

(D Noise pre-scan 0 inllFx =yl el + 2% || N
@) First-order primal dual algorithm Comrpessed Sensing

[1] K. Khare et al, MRM, 2013. [2] J. Tamir et al, ISMRM2018. [3] K. Bang et al, ISMRMZ2018. [4] J. Cheng et al, ISMRM2018
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Loosing Details

Reason =1, Cy 1= 1|, /V/S +Ce

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

Sparse object Nearly sparse object




The methods of preserving details

Powerful sparse representation Detail restoration

> patch-based methods (dictionary

learning, Nonlocal constralnt) > lterative regularization method (IRM)

L _.-_,_
PR ”l i | o

U, = alomm(H ull, +)L||I+v

e = Vi ""I U 4

]

» 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



CS-MRI with Iterative Feature Refinement

Question: how to only get back the features , but throw
away the noise and noise-like artifacts?

Solution: try to extract only features from the residual
image and add back to the iteration

Feature refinement

" Input Zero- | 1° [ Sparsity-promoting | 1 ' ’ Tikhonov | I
N - - s o
_ filled image | : Denoising regularization |

Estimating ‘
| Texture Descriptor |

ll |




A Close Look at the Iteration

Sparsity ; Feature refinement
Denoising

Single iteration

input image denoised image residual image denoised image w/ FR residual image w/ FR



Physics in Medicine and Biology Highlights of 2016

gy (PMB)

1ed in PMB in 2016, celebrating the quality and diversity

lished last year. d es featured span some of the most cutting 8 of
rch published in PMB in 2016.

Physicsgh Medicine and Biology

Editorial: the articles
featured span some of the

and a reflection of

published in PMB 2016



Application: Whole Brain Vessel Wall Imaging .

Stroke MRAnglography _MRVWlmagmg

: high
resolution, large
FOV and fast scan

: 24min without acceleration , 9min with parallel imaging




5 minss 3D Whole Brain Vessel Wall Imaging

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



Joint Intracranial and Carotid Arterial Wall Imaging

Parallel Imaging 2. 7x in 9:18 min Compressed Sensing 5x in 5 min 0.55mm

A female stroke
patient of 47
years old.

T Wall thickening was
___ detected in MCA
and ECA.



Joint Intracranial and Carotid Arterial Wall Imaging

FOV : 230 x 210 x 192 mm
Scan resolution : 0.6 x 0.6 x 0.6 22K
Coil : 32-channel Head&Neck

TA : 3.5mins
A 62-year old male S. Jia et al. ISMRM2020



Collaboration with industry

PASSION for CHANGE. UNITED =

IMAGING

Ultrafast cardiac MR imaging and Vessel Wall Imaging were featured
in the 2018 Radiological Society of North America (RSNA) as



Deep Learning MRI: motivation

linear MRI scan

CS-MRI SCan

DL-MRI SCan

Fast recon
Learn parameters




Deep Learning MRI : Preliminary work

i Off-line
¢ Training

Ground truth Zero-filled
images Images

Corrupted tA® (A f) ) ’7 \

u® -
Sub-image Sub-image

CNN training

H . = 4 &N
Update the : O R -
& g Y ,IM i& 1,IM

Optimal o
N C ined
Reconstruction
model

1. S Wang, L. Ying, D Liang, “Accelerating 2. Hammernik K, et al. Learning a Variational Network for
Magnetic Resonancelmaging via Deep Learning,” Reconstruction of Accelerated MRI Data.
514-517.

Sampling data Reconstructed
in k-space _ MR image

3.Yang Y , SunJ, Li H, Xu Z. Deep ADMM-net for compressive sensing MRI. :10-18.



Deep Learning MRI: Our Roadmap
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Deep Learning for Fast MR Imaging

Linear MRI

CS-MRI Scan

DL-MRI

Data-driven Model-driven

Iterative = —
—— M’

procedure /ﬁ{fiiigjggﬁqc>4hh

of an

XY [nenpe T (o [ Z | 3 (] 2™ e | e 2 e m e [

algorithm



Model-driven Deep Learning

[ Ax= £, + 2] F ()],




A could be Fourier encoding

Model-driven Deep Learning

Unrolling the iterations of an optimization

algorithm to deep network

Learning capability of
deep networks

Convergence guarantee of
optimization algorithms

J

. = -
» ADMM
> FISTA

—||Ax— f|| + AR(X)

d(Ax, f)+AR(X)

or sensitivity encoding

(

)

N K&

» CNN
> RNN
» GAN
> ..

» PDHG
> ..



Relaxing Constraints in Model-driven Deep Learning

E Learning the inverse mapping r(f) : Data-driven

Learning the variable structures in the algorithm

:il:amfiigiliw - 113 - d(A4x, f)+AR(x)

_ | 2 .
- -lly  — EHA-’E—f |, +ARG) 2inind
_ | 2
womiog g e S|l S+ A,
| | 2
Learning 1 —— E ”Ax_ ng +A HTle
parameters

Model-driven



VN (Variational Network)

Gradient
Decent

Ng
minllAx = ylI3 + ) (@;(K;x), 1)
=

\_

Parameters
Transform
Regularizer

K. Hammernik et al. MRM2018



ADMM-CSnet

L [ Parameters
min||Ax — y|l5+ ) A, 9(D;x) Transform
=1 _Regularizer
ADMM
ADMM z, =Dx : =X ]
Solver 1 Transform domain Solver 2 Image domain

- T -

Basic-ADMM-CSNet Genericc-ADMM-CSNet

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



ADMM-CSnet

L
ADMM:-net- | |Ax— ][ + > 49(D,x) ADMM:-net- I

Learnir:wg !ata

consistency

ADMM-net-I11 Learning variable structures

d(Ax, f)+AR(X)

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



R

ADMM-CSnet

ref ADMM-net-II ADMM-net-1I ADMM-net- I Zero-filling

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



PDHG-net

Primal Dual Hybrid Gradient algorithm
(Chambolle-Pock algorithm) ( d, + 6(AX, — f)

MR reconstruction

1
min= ||Ax — f||5 + AR(x)
m 2

\ Xn41 = Xp41 T+ B(xn+1 - xn)

Relaxing data
consistency

MR reconstruction

mxin{F (Ax) + R(x)}

dn+1 = pTOX,,-[F*Kdn + O'Afn)
Xn+1 = Prox |R|(x, — tA"d, 1)

Xn+1 = ‘proxr[R] (xn _ TA*dn+1)

/ \ Xn+1 = Xpi1 T 0(xp41 — X5)

A
Data fidelity Regularization

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



PDHG-net
JAx= £+ 4R

-r‘:;? ' m; ( _dn+O-(A7zn_f)
o> mH 140

X1 =AM = TA dpy 1)
\fn+1 = Xp41 H0Xni1 — Xn)

(A%, 1)+ 2R(3)

dp+1 =T(dyp + 0d%xy, f)
Xn+1 = Ay = TA dpyq)
Xn+1 = Xn+1 + 0(Xn1 — Xp)

2 32 32 2 ¢

O+ > = = LoD —p m— {

(A, 1)1 2R3

{dn+1 = I'(dy, Axp, f)

— - *
Xn+1 = Alxp, A dn+1)
J Cheng and D Liang. MICCAI 2019

concate
6 32 32 2

—» 3x3 conv + Relu
-—p 3X3 conv
—» Apply A

Apply A”

4 32 32 2
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PDHG-net

R=4 Basic-ADMM-
reference PDHG-net-Ill PDHG-net- I CSNe

—

PSNR 41.3688 40.1125 38.9424 38.5734 34.1730 25.3383

SMIY 0.9926 0.9900 0.9874 0.9875 0.9396 0.6696

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



ISTA-net

| Ax— £+ 2[F (),

{rmm = x™ = pAT (Ax™ — f)

@D = F (soft(F(r<"+1>),9))

d (AX, f)+,1|||:(x)||l
( A = P(Ax™, f)

) T(n+1) — x(n) . pATd(n+1)

~*f 4
x*D = F (soft{F(r®+D); 6))

\
oA, D 270l

g

d™D = r(Ax™, f)
) r(n+1) — A(x(n),ATd(n'l_l))

xtD) = F l:soft(F(r("+1)), 0))

J Zhang et al. CYPR2018 J Cheng and D Liang. http://arxiv.org/abs/1906.08143 \



Discussion: stability

B R=4 MR=6

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

R=8 ®R=10

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

» 3D T1-weighted SPACE
sequence, TE/TR=8.4/1000m:s,
FOV=25.6%X25.6%X25.6cm3

» Poisson disk sampling

» Networks trained with R=6

More samples imply better reconstruction quality.



Discussion: stability

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

Relative ermor

fa
E
a
o
ki
o

40 “-
Fourier Radius

Fourier Radius

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

> state I has the lowest

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



Discussion: stability

42.5

42

41.5

41

40.5

40

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

b structure as PDHG-net- I but the
same number of parameters as
PDHG-net-1I
PDHG-net- I PDHG-net- I * PDHG-net-1I

the improvement from state I to state Il is induced by the learned

data fidelity rather than the deeper network.

J Cheng and D Liang. unpublished data



ADMM-Net-Ill Test in Industry

full




ADMM-Net-Ill Test in Industry

full




ADMM-Net-llIl MR VWI in Industry

62 years old
Male
TA = 4:48

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

SJiaand J Cheng
et al. unpublished data



ADMM-Net-llIl MR VWI in Industry

basilar artery

The ADMM-Net-Ill gave slightly better SNR and similar wall depiction quality.
S Jiaand J Cheng et al. unpublished data

56



Deep Learning MRI: a big picture

Development 4

Generalization by

unification relaxing constraints

I Specmllz.atlon by adding
Learn variable domain knowledge
structure Py

Learn data Quantitative parameters

consistency
[ Cross domain learning

Learn regularization

o Spatio-temporal correlations

Learn transforms
Data consistency

Learn par‘dmclcrs. Complex convolution

Fourier transform

Model-driven Data-driven
Methods Methods

[1] Y. Yang et al, IEEE PAMI 2018.[2]K. Hammernik, et al, MRM 2018. [3]J. Zhang et al, CVPR 2018. [4]H. K. Aggarwal et al, IEEE TMI 2019. [5]J. Schlemper, et al, IEEE TMI 2018. [6] J. Adler et al,
IEEE TMI 2018. [7]J. Cheng et al, MICCAI 2019. [8]C. Qin et al, IEEE TMI 2019. [9]S. Wang et al, ISBI 2016. [10]K. Kwon et al, Med Phys 2017. [11]B. Zhu et al, Nature 2018. [12]T. M. Quan et al,
IEEE TMI 2018. [13]M. Mardani et al, IEEE TMI 2019. [14]Y. Han et al, MRM 2018. [15]M. Akcakaya et al, MRM 2019. [16]D. W. Lee et al, IEEE TBME 2018. [17]A. Hauptmann et al, MRM 20189.
[18]S. Wang et al, NMR in Biomedicine 2019. [19]T. Eo et al, MRM 2018. [20]C. Cai et al, MRM 2018. [21]F. Liu et al, MRM 20189. [22]J. Yoon et al, Neuroimage 2018. [23]0. CohenMRM 2018.




Roadmap of medical imaging equipment

Medical imaging
equipment

N for equipment

-

Next generation
equipment

Several supporting techniques

, etc

and

Mathematics
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