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Overview of Multi-View 3D Reconstruction Techniques in Deep Learning
WANG Wenju', TANG Bang'", GU Zehua', WANG Sen’

1.University of Shanghai for Science and Technology, Shanghai 200093, China
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Abstract: In order to solve the problems that classic multi-view 3D reconstruction methods are difficult to reconstruct
complex objects and have poor reconstruction results, and to extend to high resolution, deep learning methods are intro-
duced to reconstruct 3D models with higher accuracy. Thus multi-view 3D reconstruction algorithm using deep learning
methods are systematically summarized, analyzed and compared, and the multi-view 3D reconstruction algorithms in
recent years are classified and sorted out according to explicit geometry and implicit geometry representations. Neural
implicit 3D reconstruction algorithms that combines implicit functions and volume rendering are mainly introduced,
which currently have a high accuracy in reconstruction results, and the quantitative and qualitative analyses are conducted
on some of these algorithms. In addition, commonly used datasets and evaluation indicators are listed, and the future
research trends and development directions are discussed.

Key words: deep learning; 3D reconstruction; implicit neural representation; volume rendering
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Fig.2 Comparison of standard cameras and event cameras
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Fig.3 Classification of multi-view 3D reconstruction methods
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Table 2 Comparison of implicit 3D reconstruction methods
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Table 3 Comparison of common datasets
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Table 4 Comparison of neural implicit 3D reconstruction methods based on volume rendering

Jiik NeRF®  NeuS®”"  VoISDF*  NeuralWarp”™  HF-NeuS"™”  Geo-NeuS”™  NeuS2®'  Neuralangelo™"
Runtime — 8h — — — 16 h 5 min —
ScanlD  CD | CD | CcD | CD | CD | CD | CcD | CD |

24 1.90 1.00 1.14 0.49 0.76 0.38 0.56 0.37

37 1.60 1.37 1.26 0.71 1.32 0.54 0.76 0.72

40 1.85 0.93 0.81 0.38 0.70 0.34 0.49 0.35

55 0.58 0.43 0.49 0.38 0.39 0.36 0.37 0.35

63 2.28 1.10 1.25 0.79 1.06 0.80 0.92 0.87

65 1.27 0.65 0.70 0.81 0.63 0.45 0.71 0.54

69 1.47 0.57 0.72 0.82 0.63 0.41 0.76 0.53

83 1.67 1.48 1.29 1.20 1.15 1.03 1.22 1.29

97 2.05 1.09 1.18 1.06 1.12 0.84 1.08 0.97

105 1.07 0.83 0.70 0.68 0.80 0.54 0.63 0.73

106 0.88 0.52 0.66 0.66 0.52 0.46 0.59 0.47

110 2.53 1.20 1.08 0.74 1.22 0.47 0.89 0.74

114 1.06 0.35 0.42 0.41 0.33 0.29 0.40 0.32

118 1.15 0.49 0.61 0.63 0.49 0.36 0.48 0.41

122 0.96 0.54 0.55 0.51 0.50 0.35 0.55 0.43

Mean 1.49 0.84 0.86 0.68 0.77 0.51 0.70 0.61
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Fig.8 Qualitative evaluation on DTU dataset
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Fig.11 Qualitative evaluation on BlendedMVS dataset
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