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Lightweight Multi-view Stereo Integrating Coarse Cost Volume and Bilateral Grid

ZHANG Xiao and DONG Hongbin

College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China
Abstract In order to tackle the problems of large memory consumption, poor real-time performance and poor reconstruction
quality for low-textured areas of multi-view stereo reconstruction algorithm basedon deep learning, this paper proposes a light-
weight cascade MVS reconstruction network based on bilateral grid and fused cost volume. Firstly,it builds the cost volume up-
sampling module based on learned bilateral grid, which can efficiently restore the low-resolution cost volume to the high-resolu-
tion cost volume. Then the dynamic region convolution and coarse cost volume fusion module are used to improve the network’s
ability to extract the feature of the challenging area and to perceive the global and structural information of the scene. Experimen-

tal results show that our method achieves competitive results on DTU dataset and tanks and temples benchmark,and is signifi-

cantly better than other methods in memory consumption and inference speed.
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Table 1 Quantitative results on DTU evaluation dataset
Methods Acc. Comp. Overall
CVP-MVSNetl6] 0.296 0.406 0.351
Furul14] 0.613 0.941 0.777
Gipumal!%J 0.283 0.873 0.578
Campl 16 0.835 0.554 0.695
Point-MVSNet[19] 0. 342 0.411 0.376
R-MVSNet[20] 0.383 0.452 0.417
Vis-MVSNet23] 0. 369 0.361 0.365
UCSNetl24] 0.338 0. 349 0.344
Fast-MVSNet[33] 0.336 0.403 0.370
SurfaceNet34] 0. 450 1.040 0.745
CIDERE35) 0.417 0.437 0.427
Ours 0.398 0.332 0.365

Al UL & AL % )7 1 Gipuma 76 4 5 1 L b F 45 56 , 3% 2
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Table 2 Runtime and GPU memory usage results on DTU validation set

Methods Input sizes Dept.h map Depth GPU . Runtime/s Overall

size number Memory/GB
CVP-MVSNet!6] 16001152 1600X1152 48,8 8.6 1.72 0.351
D?HC-RMVSNet:10] 16001200 1600X1196 256 6.6 29.15 0.386
MVSNeth17] 16001184 400 288 256 21.9 2.76 0.462
PointMVSNeth19] 1600X 1184 800 X576 96 12.7 1.72 0.376
R-MVSNet-20] 16001184 100296 512 6.7 2.35 0.417
CasMVSNet!22] 16001184 16001184 48,32,8 9.9 0.89 0.351
UCSNetl24] 1600X 1184 1600X1184 96 7.3 0.87 0. 344
Fast-MVSNet[ 33 1280 X960 640 480 192 5.3 0. 60 0.370
PVA-MVSNet:36] 16001184 1600X 1184 192 24.8 1.01 0. 357
BH-RMVSNet[37] 1600X1 200 1600X1 200 512 10. 4 104.10 0.343
Ours 1600X1152 16001152 48,32.8 5.3 0.45 0.365
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Table 3 Ablation study results on DTU validation set

GPU
Methods Acc. Comp.  overall . Runtime/s
Memory/GB
Baseline 0.338 0.349 0.344 7.3 0.87
Baseline+CU 0.398 0.346  0.372 5.0 0.42
Baseline+CU+FC  0.401 0.335 0.368 5.2 0.43
Baseline+CU-+

aseine 0.398 0.332  0.365 5.3 0.45
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Table 4 Quantitative results on Tank and Temples intermediate dataset

Methods Mean Francis  Family  Horse Lighthouse M60 Panther Playground Train
ACMH] 54.82 49.45 69.99 45.12 59.04 52.64 52.37 58.34 51.61
CVPMVSNetl6] 54.03 47.74 76.50 36. 34 55.12 57.28 54.28 57.43 47.54
COLMAPLL6] 42.14 22.25 50.41 25.63 56.43 44,83 46.97 48.53 42.04
MVSNetH17] 43.48 28.55 55.99 25.07 50.79 53.96 50. 86 47.90 34.69
R-MVSNetl20] 48. 40 46. 65 69.96 32.59 42.95 51.88 48. 80 52.00 42.38
CasMVSNetl22]  56.84  76.37  58.45  46.26 55. 81 56.11 54.06 58.18 49.51
UCSNetl24] 54.83 53.16 76.09 43.03 54.00 55.60 51.49 57.38 47.89
CIDER[35] 46.76 32.39 56.79 29. 89 54.67 53.46 53.51 50.48 42.85
P-MVSNet!38) 55.62  44.64  70.04  40.22 65. 20 55.08 55.17 60. 37 54.29
Ours 55.75 55.68 74.51 45. 38 55.39 58.77 55.69 54.76 45.77

[6] YANG J.MA W,ALVAREZ ] M,et al. Cost volume pyramid

Kl 6 Tanks and Temples |8 4 5 = 5 45 1
Fig. 6 Point cloudreconstruction resultson Tanks and Temples
intermediate dataset
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