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Multi-view Stereo Reconstruction with Context-guided Cost Volume and Depth Refinemen

CHEN Guangyuan, WANG Zhaohui and CHENG Ze

School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430081, China
Abstract In response to the challenges in deep learning-based multi-view stereo(MVS) reconstruction algorithms, which include
incomplete image feature extraction,ambiguous cost volume matching,and the accumulation of depth errors leading to poor recon-
struction results in textureless and repetitive texture regions,a cascaded MVS network based on context-guided cost volume con-
struction and depth refinement is proposed. First, the feature fusion module based on non-reference attention is used to filter out
irrelevant features and address the inconsistency in multi-scale features through feature fusion. Then,the context-guided cost vo-
lume module is used to fuse global information to enhance the accuracy and robustness of cost volume matching. Finally.the depth
refinement module is employed to learn and reduce depth errors.to improve the accuracy of the low-resolution depth maps. The
experimental results show that compared with MVSNet, the integrity error of the network on the DTU dataset is reduced by
24. 4% ,the accuracy error is reduced by 4.1 % ,and the overall error is reduced by 14. 3 %. The performance on the Tanks and

Temples dataset is also better than most algorithms.showing strong competitiveness.

Keywords Multi-view stereo,Feature fusion,Context-guide,Cost volume matching.Depth refinement
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Fig.4 Implementation process of the kernel patch attention
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Quantitative analysis results of different methods on

DTU dataset

Table 1

Method Acc Comp Overall
Campl30J 0.835 0.554 0.695
Gipumal31J 0.283 0.873 0.578
Colmapl32] 0.411 0.657 0.534
MVSNetht! 0.396 0.527 0.462
PointMVSNet:33) 0.342 0.411 0.376
CasMVSNet5] 0.325 0.385 0. 355
CVP-MVSNetl6] 0.296 0. 406 0.351
EPP-MVSNet-25] 0.413 0.296 0. 355
PatchmatchNet!20] 0.427 0.277 0.352
AA-RMVSNet[3t] 0.376 0. 339 0.357
UCSNett7 0.338 0. 349 0. 344
DDR-Netl37] 0. 339 0. 320 0. 329
Ours 0.355 0.283 0.319
PatchmatchNet

CasMVSNet Ours GT
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Fig. 7 Qualitative comparison of Scene48 and Scene9 on DTU dataset
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Fig. 8 Point cloud reconstruction results of different scenes on

DTU dataset
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Table 3 Quantitative results of Tanks and Temples intermediate set

Method Mean Francis Horse Family  Lighthouse M60 Panther  Playground Train

COLMAPL32] 42.14  22.25 25.63 50.41 56.43 44.83 46.97 48.53 42,04

MVSNeth! 43.48 28.55 25.07 55.99 50.79 53.96 50. 86 47.90 34. 69

R-MVSNetl 18] 48. 40 46.65 32.59 69.96 42.95 51.88 48. 80 52.00 42.38

UCS-Netl 7! 54.83 53.16 43.03 76.09 54.00 55. 60 51.49 57.38 47.89

CasMVSNetl5] 56.42 58.45 46. 20 76.36 55.53 56.11 54.02 58.17 46.56

PatchmatchNet[20] 53.15 52.64 43.24 66.99 54.87 52.87 49.54 54.21 50. 81

CVP-MVSNetl6) 54.03 47.74 36. 34 76.5 55.12 57.28 54.28 57.43 47.54

Ours 57.78 56.72 45. 26 77. 48 58.05 60. 16 56.25 61.12 47.22
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Point cloud reconstruction results of different scenes on

Tanks and Temples dataset
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