
Dynamic Neural Fields for Learning 

Atlases of 4D Fetal MRI Time-series

Strong fetal motion

Dynamic neural fields with hash encoding for fast spatiotemporal atlasing

Losses

Results

• 5.5-7.4X faster convergence
• Comparable atlas and

registration quality
• Enables processing 

hundreds of subjects
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Baselines

• ANTs SyGN (Avants, ’10)
Iterative Optimization

• AtlasMorph (Dalca, ‘19)
Unsupervised DL

Z. Chi*2, Z. Cong*2, C. J. Wang1, Y. Liu1, E. A. Turk3, P. E. Grant3,4, S. M. Abulnaga4,5, P. Golland1, N. Dey1

Group-wise registration does not scale

Temporal Image Implicit Atlas

Temporal Image

Method

Track nutrient transfer from mother to fetus

Fetal BOLD MRI time-series

• Jointly learn subject-specific registration network and atlas

• Estimate warps and atlas intensities using HashMLPs

Deformable registration required

- Need standardized 

coordinates

- Hrs—days per subject

- 100s of subjects

- Infeasible computation

- Incorrect deformation

model assumption
Image: S. Joshi, 2002

registration small & central displacements locally rigid warps sharp appearance

• Estimate locally rigid and diffeomorphic warps

• Trained with regularized registration loss
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Spatiotemporal Fetal MRI Analysis Setup

Experiments

Registration accuracy Deformation Characteristics SpeedData
• 112 x 112 x 80 (3 mm3)
• 2 subj. for development
• 9 for held-out testing
• 78—146 time points/subj.

Limitations
• Lower accuracy when 

baselines trained fully.
• Sparse temporal sampling

unaccounted currently.

https://github.com/Kidrauh/neural-atlasing


	Slide 1

