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Neural radiation field network for indoor 3D model reconstruction

XUE Chenxia', SUN Yingkai', CHEN Zhanguo', WANG Guoliang', LI Jinyi',
XU Wenjie', YU Baocai*
(1. Material Supply Center of Baorixile Energy Company Limited, China Energy Investment
Corporation, Hulunbuir 021000, China;2. Ordos Institute of Liaoning Technical University,
Ordos 017000, China)

Abstract: Aiming at the problems of insufficient robustness and poor reconstruction effect of weak texture
regions in indoor 3D reconstruction, a new indoor 3D reconstruction method M-HashRecon is proposed based on
the principle of neural radiation field. The algorithm utilizes a point cloud selection module to extract the key
point cloud information, and introduces multi-resolution hash coding to realize the multi-scale feature index of
the point cloud. The residual module is designed to optimize the performance of the model and improve the
training efficiency of the deep network. Experiments are carried out in four typical scenarios of ScanNet dataset,
and the experimental results and the convergence of the model are analyzed. The research results show that the F-
score comprehensive index of the algorithm is significantly better than that of the comparison algorithm, and the
reconstruction accuracy of multiple scenes is high and the stability is good. The research conclusions can provide
reference for the design of subsequent high-precision indoor three-dimensional reconstruction system.
Keywords: indoor 3D reconstruction; deep guided sampling; multi-resolution hash coding; residual module;
ScanNet dataset
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Fig.1 overall architecture of the M-HashRecon network
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Fig.2 multi resolution hash encoding
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Fig.3 indoor 3D reconstruction network structure
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