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Multi-View 3D Reconstruction Based on Capsule Convolution Network

Hu Ronglin, Fu Haozhi,He Xugin,Zhang Xinxin,Lu Wenhao
(Faculty of Computer and Software Engineering, Huaiyin Institute of Technology , Huai’an 223003, China)

Abstract ; By exploring the influence of deep neural networks on the reconstruction effect,the paper proposes a multi-view
3D reconstruction model Caps-MVSNet based on a capsule convolutional network. Caps-MVSNet includes five stages:
feature extraction, construction cost volume,cost volume regularization, regression depth map and refinement depth map.
This paper focuses on the FENet-T feature extraction network and the 3D-CapsCNN network, which are used for the
feature extraction stage and the cost volume regularization stage of the model, respectively. Among which, FENet-T uses
an efficient block counting ratio,large-scale dilated convolutions and group convolutions to improve the feature extraction
efficiency of the network. 3D-CapsCNN uses 3D capsule networks with a stronger spatial representation than convolutional
neural networks to regularize the cost volume. Caps-MVSNet has completed the effect test with the DTU datasets. The
results show that compared with the previous mainstream reconstruction methods ( Colmap, Tola, Camp, Gipuma, Furu,
SurfaceNet) ,the model proposed by this study achieves the optimum of the current reconstruction method in terms of
integrity ,and significantly improves the accuracy and completeness. Furthermore, it shows that compared to the model of
MVSNet as benchmark , the accuracy,completeness and overall of the proposed model are improved by 3.3% ,4.9% and
8.2% ,respectively ,the number of parameters is reduced by 3.3%.
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Table 3 Comparison of ablation experiments I mm
HEL WikeS Acc Comp Overall RIS
1 FE+UNet 0.449 0.481 0.439 338 129
2 FE+3D-CapsCNN 0.455 0.466 0.418 285 264
3 FENet-T+UNet 0.422 0.470 0.401 379 985
4 FENet-T+3D-CapsCNN 0.416 0.432 0.357 327 120
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Fig. 6 Reconstruction of partial data in DTU datasets
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Table 4 Comparative experimental results mm
WikeS Acc Comp Overall WikeS Acc Comp Overall
Colmap 0.400 0.664 0.532 SurfaceNet 0.450 1.04 0.745
Tola 0.342 1.190 0.766 MVSNet 0.396 0.527 0.462
Camp 0.835 0.554 0.695 MVSNet # 0.449 0.481 0.439
Gipuma 0.283 0.873 0.578 Caps-MVSNet 0.416 0.432 0.357
Furu 0.613 0.941 0.777
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