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Distance and Entropy Based Image Viewpoint Selection
for Accurate 3D Reconstruction with NeRF

AP APELHEH . H AT
Jinwon Choi', Chanho Seo', Junhyeok Choi!, Sunglok Choi

Abstract: This paper proposes a new approach with a distance-based regularization to the entropy
applied to the NBV (Next-Best-View) selection with NeRF (Neural Radiance Fields). 3D reconstruction
requires images from various viewpoints, and selecting where to capture these images is a highly
complex problem. In a recent work, image acquisition was derived using NeRF's ray-based uncertainty.
While this work was effective for evaluating candidate viewpoints at fixed distances from a camera to
an object, it is limited when dealing with a range of candidate viewpoints at various distances, because
it tends to favor selecting viewpoints at closer distances. Acquiring images from nearby viewpoints is
beneficial for capturing surface details. However, with the limited number of images, its image
selection is less overlapped and less frequently observed, so its reconstructed result is sensitive to noise
and contains undesired artifacts. We propose a method that incorporates distance-based regularization
into entropy, allowing us to acquire images at distances conducive to capturing both surface details
without undesired noise and artifacts. Our experiments with synthetic images demonstrated that
NeRF models with the proposed distance and entropy-based criteria achieved around 50 percent fewer

reconstruction errors than the recent work.

Keywords: 3D Reconstruction, Next-Best-View, NeRF, Entropy-based Uncertainty
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2.1 NBV (Next-Best-View)
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2.2 NeRF (Neural Radiance Fields)
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[Fig. 1] Relationship between capturing distance and entropy:
As the capturing distance is closer, their corresponding entropy
becomes larger
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[Fig. 2] Two synthesized images from two NeRF models with
(a) images captured in closer distance and (b) images captured in
Jfarther distance: The synthesized image from (a) exhibits better
surface reconstruction
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[Fig. 3] Two synthesized images from two NeRF models with
(a) images captured in closer distance and (b) images captured in
Jarther distance: The synthesized image from (a) contains undesired
noise and artifacts
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to capturing distance: Its maximum point (green) and Chamfer
distance (blue) are also shown as reference
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[Fig. 6] Two synthesized images of the Mic dataset by (a) the
original entropy-baed method™ and (b) the proposed entropy-
based method with distance regularization
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