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Highly Robust Multi—view Reconstruction Network for Neural Radiation Field
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(1. State Grid Power Space Technology Co., Ltd., Beijing 102209, China)

Abstract: The neural radiance field has achieved good results in the field of new view synthesis. This technique learns the color and density

fields in the scene by training the difference between the view and scene rendering image. By using a sufficient number of view sets for training,

it can generate new views from arbitrary camera positions. However, the existing methods are limited by the geometric and color features of

scene, which may lead to deviations in the reconstructed scene. Therefore, we proposed a highly robust multi-view reconstruction network for

neural radiance field. This network gives a network structure that learns geometric and color features in the scene to predict the joint probability

distribution gradient of color and depth, which is used to regulate geometric and color information in the scene, and introduced the module of

fuzzy perception depth estimation to deal with the multi-modality of monocular depth distribution. Experiments on LLFF and DTU datasets show

that this method improves the quality of reconstructed geometric graphics and the generalization performance of new views, verifying the effec-

tiveness of method.
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mip—NeRF Optimized per Scene 14.62 20.87 24.26 0351 0.692 0.805 0.495 0.255 0.172 0246 0.114 0.073

DietNeRF Optimized per Scene 14.94 21.75 2428 0370 0.717 0.801 0.496 0.248 01.83 0.240 0.105 0.073
PixelNeRFft DTU + ft per Scene  16.17 17.03 1892 0.438 0473 0.535 0.512 0477 0430 0.217 0.196 0.163

LLFF MVSNeRFft DTU + ft per Scene  17.88  19.99 20.47 0.584 0.660 0.695 0.327 0.264 0.244 0.157 0.122 0.111
RegNeRF Optimized per Scene 19.08 21.10 24.86 0.587 0.760 0.820 0.336 0.206 0.161 0.146 0.086 0.067

Geometric Baseline Optimized per Scene  19.88 2428 25.10  0.590 0.765 0.802 0.192 0.101 0.084 0.118 0.071 0.060
(R3O Optimized per Scene 19.98 2434 25.04 0578 0.777 0.765 0.219 0.103 0.086 0.137 0.086 0.073

mip—NeRF Optimized per Scene  8.68  16.54 23.58 0.571 0.741 0.879 0353 0.198 0.092 0.323 0.148 0.056

DietNeRF Optimized per Scene 11.85 20.63 23.83 0.633 0.778 0.823 0.314 0.201 0.173 0.243 0.101 0.068
PixelNeRFft DTU + ft per Scene  18.95 20.56 21.83 0.710 0.753 0.781 0.269 0.223 0.203 0.125 0.104 0.090

DTU MVSNeRFft DTU + ft per Scene  18.54 20.49 2222 0.769 0.822 0.853 0.197 0.155 0.135 0.113 0.089 0.069
RegNeRF Optimized per Scene 18.89 2220 24.93 0.745 0.841 0.884 0.190 0.117 0.089 0.112 0.071 0.047

Geometric Baseline Optimized per Scene 13.60 1643 22.01 0.661 0.759 0.853 0.212 0.147 0.071 0.185 0.092 0.056
(ARSI Optimized per Scene 18.99 20.24 25.18 0.699 0.850 0.884 0.161 0.094 0.045 0.136 0.051 0.034
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