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1. Introduction .

Functional Magnetic Resonance Imaging (fMRI) is a noninvasive medical imaging
technigue that observes the brain in action

* Machine uses receiver coils to capture complex-valued arrays of spatial
frequencies called k-space

* Takes a considerable amount of time to fully sample k-space arrays
e Can diminish effectively capturing brain activity
* Solution: Measure less data
* Subsample spatial frequencies by skipping lines in the acquisition process

Multi-Coil
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1. Introduction ® Acquired  OUnacquired O Estimated
GRAPPA - Introduction

Subsampled k-space Estimated k-space

Je =We i +n

n-~ N(O,TZIZHC)

Subsampled k-space

Coil 3

Coil 4

"""""""""" fi = Acquired spatial frequencies

--------- W, = Estimated localized weights

 Estimated using full FOV coil k-
space arrays

wiz  fo = Unacquired spatial frequencies

“'* "« White dots in the top middle of
figure

**Interested in interpolating these
points (green dots in top right of figure)
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1. Introduction ® Acquired
BGRAPPA - Model O Unacquired
Subsampled k-space array ® Calibration
GRAPPA BGRAPPA
Je =We i+ 1 Je =Wfi+n
~ N(0,7%l,,
fi- acquired < 77 MO )
fe: acquired

W estimated

7.+ unacquired < W: unknown (prior)
e .

**What we are interested in

2: unknown (prior)

i unknown (prior)

**What we are interested in
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1. |ntI‘OdUCtiOn ne = number of coils
BGRAPPA Likelihood and Prior Distributions n, = acceleration factor
* Subsampled k-space measurements are observed with random error
_ _ 2
fe = Wfi+n, where n~N(0,z°l,, ) [for
+ Data Likelihood fe = P
L 1 2nex1 el
o Plfel|W,fr, 1) < (%) 2 exp [_P(fe — W) (fe — Wfk)] +———— normal
* Priors W= [WR _W]]
o P(fi| g fro ) < (17) 2 eXP[ 5 Uk = fi0) Uk ka)] normal | 2neX2p Wi WR
_2n¢p W
o P(D|ny.Dp, %) o (1) exp [——2ﬂ”[(D—Do)'(D—Do)]] —normall D =[Wp W]
2 2, (0 +1) 0 :
* P(t"|ap, 0)x(17) k' exp [——2] «—— INVverse gamma f kR]
T k —
* Assessed Hyperparameters: n,,, Dy, ng,fxo, @k, and & 2px1 fk]

e Posterior
P(D, fi © | f2) % P(fo | W, fios ©) P(fi. | ns S T2) P(D | myp, Dy, 12) P(x2 | ay, 6)
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1. Introduction **All Parameters
SENSE - Introduction are complex-valued
a=2Sv
1] [Si1c
Azc . SZlc
A3c S31¢
_a4C_ —S4lC

N

0=(S'S
**%$'S is not generally
positive definite

ne = number of coils(4)
ny = acceleration factor(3)

Observed: a (aliased)
Unobserved: v, S

SlZC
SZZC
5326
Sa2¢

S'a

s

5136
523c
533c

5430_

S is estimated from
calibration images

Vic
Ve
VSC
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1. |ntrOdUCtiOn ne = number of coils

BSENSE Model, Likelihood, and Prior Distributions ny = acceleration factor

* Aliased voxel measurements are observed with random error

- a=5V+e¢, where ¢ ~N(0,5°l,, ) a, |
e Data Likelihood da =
) 5 _2ng 1 2nCX1 |
« P(a|S,v,0%) (o) ? exp 5 ~(a—3Sv)'(a—Sv) [=—— normal I
o _
* Priors . SR S|
v T n S =
© PvIn, v, 07 (o) 7 exp{— -~ (v—vo>'<v—vo)}— normal o2, | S S
e P(H|n, H, %) ox(c?) & exp[— S tr[(H —H,)'(H - HO)]} —normall H = [SR 5, ]
O nCXZHA
e P(c’|a,B)oc(c®) " Pexp [— '82} « inverse gamma v Vi
(o2 o
* Assessed Hyperparameters: ng, Hy, n,,v,, a, and 8 2npxd _VI B

* Posterior
- P(H,v,c°|a) < P(a|S,v,c*)P(H |n,,H,,c*)P(V|n,,v,,c°)P(c? |, B)
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Numbering Color Legend

2. Bayesian MUGS  Merged Utilization of GRAPPA and SENSE (MUGS)  |red = bre-Scan/Calibration

Reconstruction Process Green = GRAPPA

Light Blue = SENSE
1. 2. 3 4.

dbtain subsampled
coil k-space arrays GRAPPA

Coil 3

Assess the weights for
Coil 4

GRAPPA AND the coil
sensitivities for SENSE

Coil 3
Coil 4

Then, initialize values

for localized weights
*From Calibration
Information (step 2)

7. 6.
Initialize values Coil 3
« « for coil Coil 4

sensitivities
WI” unfold and *From Calibration
combine the coil Information (step 2)

images from step 5
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. Numbering Color Legend
2. B ayesian MUGS Bayesian approach to MUGS Red = Pre-Scan/Calibration
Bayesian Reconstruction Process Green = BGRAPPA

Light Blue = BSENSE
1. 2. 3. 4.

Obtain subsampled
coil k-space arrays

Coil 1

Assess the
hyperparameters for

BGRAPPA using the full 1
coil k-space arrays. Assess» »
the hyperparameters for

BSENSE using full coil Then, initialize values
images for missing k-space

values and weights
*From Calibration
Information (step 2)

BGRAPPA

Coil 3
Coil 4

2

7. 6
Initialize values oil3
« « for unaliased « Coil 4

voxel values and

will l_meId and' coil sensitivities
combine the coil *From Calibration
images from step 5 Information (step 2)
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3. Simulated/Experimental Results

Simulated Data Real Imaginary

e 490 time points in the simulated fMRI time Coil 1
series

* Started with 510 time points discarding Coil 2
first 20 to mimic experimental fMRI

* 30 calibration time points utilized for S e
hyperparameter assessment _ e
Coil 4 e
e Calibration time points from a separate

simulated series

* Number of coils used is 8 with an =
acceleration factor of 3 Coil 6 -
o 2x1 kernel size used for GRAPPA/BGRAPPA 3

components hyperparameter assessment ~ Coil 7

and parameter estimation
Coil 8

e Reconstruction Method: MAP estimate via
ICM for BMUGS
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3. Simulated/Experimental Results ne = number of coils(8)

Simulated Data Results ny = acceleration factor(3)

. . . .. Identified: 26/28
Magnitude _ TemporaIVarlance Task Activation  »,q tstar 53291

Identified: 4/28

Mean t-stat: 3.1708
0 0.025 0
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3. Simulated/Experimental Results ne = number of coils(8)

Experimental Data Results ny = acceleration factor(3)

. . ] ] Identified: 21/28
Magnitude _ hse _ TemporaIVarlance Task Activation Avq t-stat: 6.7412

i

-y %

L e .
! Sl e

e e e L

I b - S T

1 » T e R

L ) =

Identified: 17/28
Mean t-stat: 5.8112

0.00025] K¢ 4000
0 150
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4. Discussion

Conclusion and Future Work

* Acquiring all data points takes a considerable amount of time
* Subsampling k-space reduces acquisition time but causes aliasing
SENSE and GRAPPA reconstruct the subsampled data into full FOV brain images
 Here, we discuss the Merged Utilization of GRAPPA and SENSE (MUGS) technique
* Operates in both the spatial frequency domain and the image domain

BMUGS incorporates more valuable prior information in estimating the missing
spatial frequency values and the unaliased voxels

 BMUGS reconstructed images more accurately, decreased temporal variation,
increased SNR, and improved task detection power

* Future work:
* Analyze correlation between previously aliased voxels and all other voxels

* Potential bootstrapping of the calibration images
Chase Sakitis
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Thank You

Questions?
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