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INTRODUCTION Step lll: Image reconstruction from binned k-space data EMORe: Expectation-Maximization (EM)-guided binning

XD-CMR Single slice of 4 Reconstructed with Outlier Rejection

» Extra dimension-cardiac magnetic resonance imaging (XD- | cardiorespiratory bins image slices ' Refinets tT_e Carqiorispgi;grﬁ bir;h participation during
CMR) combines 3D imaging of whole-heart with cardiac | - FETTTIRITETTE T — rELONSITLEHON USIng Te =T algorini,
and respiratory phase effects. Integrates outlier rejection with EM, data corrupted by

. . . exaggerated motion are rejected to an extra outlier bin.
Provides comprehensive assessment of cardiovascular ' - _ _ |
structure and function in a single acquisition. Standard | . Improves the image estimate using the measured data

88 Compressed Sensing — ¢ L W and the refined bin participation, until convergence.
: e 38 CS)! reconstruction s
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Step I: XD CMR acquisition . RESULTS

5-minute scan time

| 5% Realistic MRXCAT3 Phantom Study
. Respiratory / | Valid frames from full exhale state Outliers from

- . | , full inhale
motion Correctly binned data g Data corrupted by patient movement Motion - - > ES - '
- Cardiac Incorrectly binned data belonging artifacts | .' &l / .

. to phase represented by blue
motion P P y

Challenges of using standard reconstruction:
Undersampled * Requires accurate motion compensation for both cardiac and

3D k-space from respiratory motion
MRI scanner ' all motion phases Cardiac and respiratory motion estimation using blind-source-

separation techniques is not perfect
Incorrectly binned data leads to motion artifacts |
Data corrupted by exaggerated patient movement (outlier data) { ' SSIMT  0.661

Step ll: Acquired k-space data binning . A {1111k causes image blurring
1 PROPOSED METHOD

EMORe iterative reconstruction framework

Cardiac binning - _ g _ .
from estimated E-step M-step Quantitative analysis of EMORe and CS image quality
| | Bin participation update T Image estimate MR EY TR ° ]
Respiratory binning U cardiac signal o L = EMORe
from estimated Cardiorespiratory bins Cardiorespiratory phases

17 1106 | [96.3] 7. ol

Repeated for all N data readouts > b ik ! . . 0O 4 8 12 16 20 24 28 32 36 40 44 48 4 8 12 16 20 24 28 32 36 40 44 48
P Estimated Images for all K blns/phases % of total misassignments % of total misassignments

: T : 0 using the updated bin participation
Outlier rejection bin| _0.3% CONCLUSION

Acceleration Rate: 3.5

Exhale state misassignments: 10%
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Exaggerated motion outliers: 10%
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NMSE ! -25.36 dB

SSIMT 0.983
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Prior bin participation
from Step |l

At i [ The proposed EMORe framework makes XD-CMR

for k = 1 to K (cardiorespiratory bins) Estimate images x using

P —~ reconstruction more robust to motion, resulting in improved

Wi gy = €D (FHA{n,k}m{f} _yﬂ”%)ﬂ{ﬂ,k} ARy =Diag(tﬁ(t+1} ) ﬁ;{t+1}) ] ] ] ] ]
for k — K + 1 (outlier bin) lterate until | ¢ P 2 diagnostic-quality images. In future work, we will apply EMORe
~ (t41 F+1Y) — gramin. 4 — t+1 LT — T . . . .
Dok = xP(D) convergence amine {53 VW e =)+ 200} to reconstruct in vivo 5D flow data from patient studies.

Normalize data participation among bins

fork=1to K +1, ﬁf:,f’;}} = Z,ﬁf‘ﬁp,l} REFERENCES
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Cardiac phases:
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