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Motivation: Accelerated MRI

Dynamic MRI Compressed sampling Naive reconstruction
Sequence of images with Subsample k-space to (Zero-filled inverse FFT)
similarities across accelerate data acquisition Spatial aliasing due to
space and time undersampling in k-space

Obviously, reconstruction with sparse and low-dimensional signal models that exploit
spatial and temporal structures will provide better reconstruction
[Lustig et al., Sparse MRI, MRM, 2007]



Problem description

e Calibration-free: Jointly estimate MR image sequence and coil
sensitivity profiles from under-sampled data

sensitivity
maps

Dynamic MRI sequence Multiple receiver coils Channel 3 Channel 4
sub-sampled k-space
y§ — RQtF(SC © Xt) Modulated images

N ] down-sampled in k-space

Partially observed MR images modulated
Fourier samples by coil sensitivities



Multichannel MRI

Coil/channel

Multiple receiver coils

Parallel MRI

F(s10x:) F(sa®@xy) F(sg®xy)

Fourier domain representation




Multichannel MRI

CoiI/channeI

Ra, F(s1 ® xy) Ra, F(sc © x)

Subsampling in Fourier domain (k-space)

Multiple receiver coils

Parallel MRI yf — RQt.F(Sc ® xt,)

|
/‘ v
o od k MR images modulated
Subsampled k-space by coil sensitivities




Multichannel MRI

/‘yg — RQt‘F(l‘SC © zt')

o MR images modulated
é‘@ Subsampled k-space by coil sensitivities
& CQ'Z’

Multiple receiver coils

Parallel MRI

Known coil sensitivity responses ¢ — Ro FY. 1
Unknown dynamic MRI sequence Y $2¢ Sc it

A system of linear equations ///



Multichannel MRI

4x subsampled k-space

Multiple receiver coils
Parallel MRI

yg — Rﬂt F(Sc @ 'Tt ) Frame-by-franAe reconstruction

Oversampling in space due to

redundant coils helps with the

Stack all measurements into a .
reconstruction

linear system [Pruessmann et al. SENSE, MRM, 1999]



Multichannel MRI

8x subsampled k-space

Multiple receiver coils
Parallel MRI

yf — Rﬂt F(Sc @ .Tt ) Frame-by-fram reconstruction

Multiple coils/channels provide

Stack all measurements into a redundancy to offset small
subsampling factors only

linear system [Pruessmann et al. SENSE, MRM, 1999]



Multichannel dynamic MRI

Small region with significant action
Spatial and temporal redundancies (like videos)

Dynamic MRI
A video sequence with
similarities across
space and time




Multichannel dynamic MR

8x subsampled k-space

Multiple receiver coils
Parallel MRI

ytc — RQt'F(SC © xt)

: -

Motion-adaptive

Motion-adaptive reconstruction
constraint Exploit temporal structure

in the reconstruction

Tyl ~ FtCCt

[Jung et al., k-t FOCUSS, MRM, 2009; Asif et al., MASTeR, MRM, 2013]



Autocalibration?

yg — RQtF(SC @th)
? / 1 Y ]

(gy Sub od k MR images modulated
Y C}‘Q’Q ubsampled k-space by coil sensitivities

Multiple receiver coils

Parallel MRI

Unknown coil sensitivity responses ,,C __ Ro FY
— X
Unknown dynamic MRI sequence Yt (2 Sctt

A system of bilinear equations !!!



Blind deconvolution: fully sampled data

* A common technique in blind deconvolution schemes is to
exploit cross-relation consistency:

Consider a multi-channel system

yzzx@)hz fOIiZl,Q,...

Cross-relation consistency:

yz@)h]:y]@hz fOI’ all Z,]

The null-space of the matrix defined by these equations
provides all the feasible solutions

[Tong et al., 1991; Harikumar & Bresler, 1999; ... ]



MRI autocalibration: fully sampled regions

* Conventional coil estimation methods use a small, fully
sampled k-space region

Learn filters from autocalibration data

Ye = ch,k ® Yk
k

compute a filter for local regions that best describes k-space
samples using all its neighboring pixels

With the exception of SAKE, all these methods require a
small, fully sampled region in the k-space

[Sodickson et al., SMASH, MRM, 1997; Griswold et al., GRAPPA, MRM, 2002;
Lustig et al., SPIRIT, MRM, 2010; Uecker et al., ESPIRIT, MRM, 2014;
Shin et al., SAKE, MRM, 2014]



Autocalibration?

yg — RQtF(SC @th)
? / 1 Y ]

(gy Sub od k MR images modulated
Y C}‘Q’Q ubsampled k-space by coil sensitivities

Multiple receiver coils
Parallel MRI

Unknown coil sensitivity responses ,,C __ Ro FY
— X
Unknown dynamic MRI sequence Yt (2 Sctt

A system of bilinear equations !!!



Blind deconvolution + dynamic MRI

Stack all the measurements into a large system:

Yy = Ro, F(scOxy)| | = Y = = A(xs™)

XS

Sample diagonal entries of the rank-1 matrix: xrs”

L1 $181* T $1SC*

LT oSl T mTSC*




Blind deconvolution + dynamic MRI

Solve a nonlinear problem for rank-1 recovery

minimize ||z||5 + ||s||53 s.t. v = A(zs*)

Y

Low-rank factorization for matrix completion/reconstruction
[Recht et al., 2010; Burer & Monteiro, 2005; Jain et al., 2013; Cai et al., 2010; ...]

Add motion-adaptive prior:

minimize ||z(3 + [[s[|3 + olly — A(zs™)||3

Y

+A |@er1 — Frae|5
t=1




Experimental results
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Experimental results
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Summary

e Calibration-free: Jointly estimate MR image sequence and coil
sensitivity profiles from under-sampled data

(C) channel1  Channel 2
)

Coil
sensitivity
maps

Channel 3 Channel 4
sub-sampled k-space

c Modulated images
Yt = RQt"r (‘SC © Xf) down-sampled in k-space
I

Dynamic MRI sequence Multiple receiver coils

Partially observed MR images modulated
Fourier samples by coil sensitivities
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