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Motivation

Fetal MRI and fetal motion in MR

 Fetal motion Is

unpredictable and

rapid

 Motion artifacts
e |Intra-slice
e |Inter-slice

Final goal:

Building a prospective motion correction in fetal

MRI that can:

* Detect intra-slice motion artifact and re-
acquire those slices

* Track fetal motion [1] for inter-slice motion
correction

This work:

* |Image quality assessment for fetal MRI with
CNN
* Online reacquisition for low-quality slices

Semi-supervised learning

 Difficult to get large labeled dataset
« Utilize large scale unlabeled dataset
 Mean teacher model [2]

* ROI consistency for fetal brain MRI
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Semi-supervised IQA with mean teacher model and ROI consistency
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» (Generate coarse brain mask using a pre-trained U-Net [3] for a stack of

Images

 Compute area of each brain mask and find the bounding circle
* Aggregate the stack of bounding circle to generate ROl mask
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Experiments and Results

Dataset

T2-weighted fetal brain MRI

Three categories

* Diagnostic

* Non-diagnostic

« Without brain ROI

Labeled data: 11223
e Train: 7717

« \Validation: 1782

e TJest: 1/24

Unlabeled data: 205906

Online Implementation
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Semi-Supervised Learning for Fetal Brain MRI Quality Assessment with ROI consistency
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« Setup: The trained CNN Is deployed on a GPU equipped computer which is connected to the

MRI| scanner’s internal network.

* Ineach scan, N, slices were acquired and the IQA scores are computed, s = 1 — Py
 Then the N,., slices with lowest IQA scores were reacquired.
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