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Multi-view Depth Estimation Based on Adaptive Space Feature Enhancement

Abstract

Abstract: A multi-view depth estimation algorithm based on adaptive space feature enhancement (ASFE)
is presented to improve the multi-view depth estimation accuracy. A multi-scale feature extraction module
composed of an improved feature pyramid network (FPN) and ASFE is designed. This module obtains
multi-scale feature maps with global context-aware information and coordinate information. The residual
learning network is used to optimize the depth map to prevent the problem of blurred reconstructed
edges in multiple convolution operations. The proposed algorithm constructs a focal loss function
through the idea of classification to enhance the prediction ability of the network model. The experimental
results show that on the technical university of denmark (DTU) dataset, compared with the cascade
MVSNet (CasMVSNet) method, the proposed method reduces overall accuracy error, running time, and
video memory resource occupation by 14.08%, 72.15%, and 4.62%, respectively. The Mean of the model
on the Tanks and Temples dataset is superior to other algorithms, which proves the effectiveness of the
proposed multi-view depth estimation algorithm based on ASFE.
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Tanks and Temples dataset is superior to other algorithms, which proves the effectiveness of the proposed

multi-view depth estimation algorithm based on ASFE.
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Table 2 Ablation experiment on DTU dataset (lower value is better)

APR LI CA DCN focal loss Acc/mm Comp/mm Overall/mm

CasMVSNet!"” x x x 0.325 0.385 0.355
LR N x x 0.343 0.320 0.331
1R 2 N N x 0.329 0.309 0.319
Ours N N 0.323 0.287 0.305

R3 AFREAE DTU Sn £ b S R GBRissr)

Table 3 Comparison results of different algorithms on DTU dataset (lower value is better)

AR Acc/mm Comp/mm Overall/mm GPU /MB Run-time/s
Gipuma! 0.283 0.873 0.578 — —
Surfacenet™ 0.450 1.040 0.745 — —
MVSNet” 0.396 0.527 0.462 22 511 1.210
R-MVSNet™! 0.385 0.459 0.422 6915 1.28
D2HC-RMVSNet™ 0.395 0.378 0.386 13 946 2.6
CasMVSNet!"”! 0.325 0.385 0.355 9891 0.492
HighRes-MVSNet!"" 0.354 0.393 0.373 1119 0.10
EPM-RMVSNet™ 0.468 0.521 0.495 — —
AACVP-MVSNet!"! 0.357 0.326 0.341 1048 —
MCV-MVSNet!"! 0.353 0.357 0.355 21400 3.1
Ours 0.323 0.287 0.305 9434 0.137

Scan9

Scan77

-7
&

™ *z. *T?
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Fig. 4 Point cloud comparison results on DTU dataset
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Table 4 Comparison results of different algorithms on Tanks and Temples benchmark(higher is better)

HERA Mean Family France Horse L.H M60 Panther P.G. Train
MVSNet™ 43.48 55.99 28.55 25.07 50.79 53.96 50.86 47.90 34.69
R-MVSNet™®! 48.40 69.96 46.65 32.59 42.95 51.88 48.80 52.00 42.38
D2HC-RMVSNet? 59.20 74.69 56.04 49.42 60.08 59.81 59.61 60.04 53.92
CasMVSNet!"" 56.84 76.37 58.45 46.26 55.81 56.11 4.06 58.18 49.51
HighRes-MVSNet!' 49.81 66.62 44.17 30.84 55.13 53.20 50.32 55.45 42.73
Ours 61.43 78.74 64.79 53.37 60.31 61.86 58.75 58.42 55.20

CasMVSNet

2t 3=9 mm

D2HC-MVSNet Ours

K5 1 Tanks and Temples £ 5 537 5 HIORE RS i 25 51

Fig. 5 Point cloud precision results of horse scene on Tanks and Temples dataset
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