Journal of Next-generation Convergence Information Services Technology Vol.15, No.3, June (2026), pp.319-326
ISSN 2384-101X(p) 2672-1163(e) http://dbx.doi.org/10.29056/jncist.2026.06.02

NeRF 7|tF CT X /d oA
g4 MEZa gojo] Fste 7| Y

Analyzing Ray Sampling and Layer Normalization Contributions
in NeRF-based CT Reconstruction
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Abstract

CT enables precise examination of three-dimensional anatomical structures inside the human body, but it
also exposes patients to high radiation because it requires many X-ray projections. This has increased the
demand for sparse-view CT, which reconstructs volumes from fewer images. NeRF has opened a promising
route for efficient sparse-view CT reconstruction, and recent work seeks improvements not only via network
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design but also through training choices such as ray sampling and normalization. Here, we compared
several importance-based ray sampling strategies under identical settings and found that preserving global
coverage in ray selection is critical for reconstruction quality. We further show that applying layer
normalization across sampling conditions stabilizes internal feature scales, improving training stability and
final reconstruction performance.
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