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Abstract: The goal of Multi-view stereo (MVS) Reconstruction is to reconstruct a 3D model of a scene
based on a set of multi-view images with known camera parameters, which is a mainstream method of 3D
reconstruction in recent years. This paper provides a algorithm evaluation comparison for the latest hun-
dreds of MVS methods based on deep learning. First, we sorted out the existing supervised learning-
based MVS methods according to the reconstruction process of feature extraction, cost volume construc-
tion, cost volume regularization and depth regression, focusing on the summary of improvement strategies

in the two stages of cost volume construction and cost volume regularization. For the unsupervised MV'S
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methods, we mainly analyzed the design of the loss terms of each algorithm. It is classified according to its
training mode. Secondly, we summarized the common datasets of MV S methods and their corresponding
performance evaluation indexes, and further studied the introduction of strategies such as feature pyramid
network, attention mechanism, coarse-to-fine strategy on the performance of MVS networks. In addition,
it introduced the specific application scenarios of MVS methods, including digital twin, autonomous driv-
ing, robotics, heritage conservation, bioscience and other fields. Finally, we made some suggestions for
the improvement direction of MVS methods, and also discussed the future technical difficulties and the re-
search directions of MVS 3D reconstruction.

Key words: multi-view stereo; 3D reconstruction; deep learning; depth estimation; homography trans-
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The improved methods of MVS network based on supervised learning
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Tab.2 Summary of loss functions of MV'S methods based on unsupervised learning

Method Loss function
o . Image
Type Network Training methods Legy Lo Lpc L1 Lipe View . Lia Other
gradient
UnsupM VS End-to-End NG N N
Mvs2i End-to-End N, N N N v v
) M3V SNet End-to-End N N, N, N, Normal depth
Unsupervised .
PatchM VS End-to-End N/ N N, N L
RC-MVS™ End-to-End N V N, N Ly
MS-MVS'" End-to-End v v v N
IDACS™ End-to-End V v N N Ly
Meta MVS' Multi-stage N N N, NG
Self-supervised  SelfsupCV P Multi-stage NG N/ NG L pereeption
U-MVSNet' ™! Multi-stage N Optical flow
KD-MV S Multi-stage N NG NG
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Tab.3 Dataset of MV'S methods
. Number Online i
Dataset Scene Resolution Scale Website
of scenes  benchmark
o ) 16001 200 http://roboimagedata. com-
DTUY indoor } 27 097 124
pixels pute. dtu. dk/
Tanks and  Intermediate ) 8 https://www. tanksandtem-
(o6 outdoor  8-megapixel A5600 NG
Temples ™ Advanced 6 ples. org/
. . . 454 13(train)
high resolution  indoor 24-megapixel
i 443 12(test)
ETH3D"" ——————— and out - N https://www. eth3d. net/
) ) 4796  5(train)
low resolution door 0. 4-megapixel
5212 5(test)
) 1536X2048 106(train) https://github. com/
BlendedM VS outdoor )
pixels 7(test) YoYo0000/BlendedMVS
GigaM VS outdoor gigapixel 3599 13 http://www. gigamvs. com/
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B s S5 M RUR AR AN T o I B SR 1 B S A
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Tab.4 Quantitative results of different MVS methods on DTU datasets' (lower is better)

Type Method Acc.  Comp. Overall Method Acc.  Comp. Overall
/mm /mm  /mm /mm /mm /mm

MVSNet 0.396 0.527 0.462 AACVP-MVSNet'* 0.357 0.326 0.341
R-MVSNet* 0.383 0.452 0.417 NR2-Net'™ 0.370 0.332 0.351
P-MVSNet 0.406 0.434 0.420 AA-RMVSNet'*" 0.376 0.339 0.357
Point-MV SNet""’ 0.342 0.411 0.376 EPP-MVSNet'""! 0.413 0.296 0.355
MVSCRF™ 0.371 0.426 0.398 PatchmatchNet 0.427 0.277 0.352
CVP-MVSNet™! 0.296 0.406 0.351 DRI-MVSNet'* 0.432 0.327 0.379
CasMVSNet' 0.325 0.385 0.355 IterMVS'™ 0.373 0.354 0.363
UCSNet*” 0.338 0.349 0.344 SPGNet'™ 0.320 0.382 0.351
BP-MVSNet'™! 0.333 0.320 0.327 D-CasMVSNet"* 0.348 0.350 0.349
Fast-MVSNet 0.336 0.403 0.370 ASPPMVSNet™! 0.334 0.360 0.347
PVSNet'* 0.337 0.315 0.326 Effi-MVS'™ 0.314 0.334 0.324
Vis-MVSNet#' 0.369 0.361 0.365 GBi-Net'™ 0.315 0.262 0.289
VA-Point-MVSNet*  0.359 0.358 0.359 TransMVSNet * 0.321 0.289 0.305
Supervised PVA-MVSNet™" 0.379 0.336 0.357 RayMV SNet™" 0.341 0.319 0.330
Att-MVS™ 0.383 0.329 0.356 MVSTER™ 0.350 0.276 0.313
D2HC-RMVSNet*”  0.395 0.378 0.386 UniMV SNet ™ 0.352 0.278 0.315
MVSNet+ 7 0.407 0.345 0.376 NP-CVP-MVSNet "™ 0.356 0.275 0.315
REDNet' ™ 0.456 0.326 0.391 ACINR-MVSNet 0.306 0.364 0.335
CIDER'™ 0.417 0.437 0.427 ADR-MVSNet'™ 0.354 0.317 0.335
LANet™" 0.32  0.349 0.335 MSCVP-MVSNet* 0.379 0.278 0.328
DDR-Net 0.339 0.320 0.329 FPSA-MVSNet'* 0.363 0.283 0.323
PA-MVSNet* 0.313 0.437 0.375 ADIM-MV SNet ™ 0.344 0.298 0.321
DDL-MVS™ 0.405 0.267 0.336 HSF-MVSNet'* 0.378 0.353 0.365
BH-RMVSNet"™" 0.368 0.303 0.335 MV SFormer"™” 0.327 0.251 0.289
CER-MVS™” 0.359 0.305 0.332 CDSFNet"! 0.352 0.280 0.316
HighRes-MVSNet'™  0.354 0.393 0.373 MFE Net"™ 0.339 0.304 0.321
MVSTR"™ 0.356 0.295 0.326 WT-MVSNet'™ 0.309 0.281 0.295
UNSUP-MVS'® 0.881 1.073 0.977 SurRF™ 0.388 0.390 0.389
Meta MV S 0.594 0.779 0.687 CLD-MVS" 0.335 0.430 0.383
MV 2t 0.760 0.515 0.637  Self-sup-CVP-MVSNet™  0.308 0.418 0.363
Unsupervised M3VSNet 0.636 0.531 0.583 JDACS-MS™ 0.398 0.318 0.358
JDACS™ 0.571 0.515 0.543 U-MVSNet™ 0.354 0.354 0.354
PatchMVSNet" 0.538 0.365 0.451 RC-MVSNet' " 0.396 0.295 0.345
MS-MVS"" 0.383 0.415 0.399 KD-MVS!H 0.359 0.295 0.327
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Fig. 3 Visualized performance comparisons of MV'S methods on Tanks and Temples benchmark™"" (higher is better)
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