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Depth-from-video and Multi-view Stereo
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Depth-from-video:
sequential input views
inputs: images, intrinsics
evaluation: aligh and compare predicted and
ground truth depth maps

Min (purple): 0.438 Max (red): 7.736
[DeepV2D, Teed and Deng]
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Depth-from-video and Multi-view Stereo

Depth-from-video: Multi-view Stereo:
sequential input views unstructured input views
inputs: images, intrinsics inputs: images, intrinsics, poses, depth range
evaluation: aligh and compare predicted and evaluation: fuse depth maps and compare
ground truth depth maps predicted and ground truth pointclouds

Min (purple): 0.438 Max (red): 7.736
[DeepV2D, Teed and Deng] [Vis-MVSNet, Zhang et al.]



Introduction
Depth-from-video and Multi-view Stereo

Depth-from-video:
sequential input views
inputs: images, intrinsics
evaluation: aligh and compare predicted and

ground truth depth maps

Lt . %

Min (purple): 0.438 Max (red): 7.736
[DeepV2D, Teed and Deng]

- depth is estimated from

¢

Multi-view Stereo:
unstructured input views
inputs: images, intrinsics, poses, depth range
evaluation: fuse depth maps and compare
predicted and ground truth pointclouds

[Vis-MVSNet, Zhang et al.]
multiple input views



Introduction ‘
Motivation for the Benchmark

Depth estimation is useful for many practical applications: autonomous driving, augmented
reality, robotics, ...

failures can be fatal

depth estimation should function robustly in an open-world setting with potentially unseen
objects

multi-view depth estimation can derive depth from the motion parallax - generic principle
that should enable generalization

however: training and testing is often done on similar data

Objective: evaluate multi-view depth estimation in an open-world setting
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Robust Multi-view Depth Benchmark ‘

Benchmark multi-view depth estimation models regarding robust application on arbitrary real-world data.
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Robust Multi-view Depth Benchmark ‘

Benchmark multi-view depth estimation models regarding robust application on arbitrary real-world data.
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Robust Multi-view Depth Benchmark ‘
Test Sets

Comprises test sets based on diverse existing datasets:
KITTI ScanNet ETH3D DTU T&T

Domain Driving Indoor In- Tabletop In-

outdoor outdoor
Structure Video Video None None None
Scene scale 2 -85m 0.2-0.9m 0.3 - 60m 0.4-1.2m 1.1 -42m
# samples 93 200 104 110 69

- training data intentionally left undefined
- evaluation in a zero-shot cross-dataset fashion
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Robust Multi-view Depth Benchmark
Settings and Metrics

Features different evaluation settings:
input modalities: images, intrinsics, poses, depth range
optional alignment between predicted and GT depth maps

Depth estimation metrics:
Absolute Relative Error (rel)
Inlier Ratio with a Threshold of 1.03 (1)

Uncertainty metrics:
Sparsification Error Curves

Area Under Sparsification Error (AUSE)

Normalized Absolute Relative Error
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Robust Multi-view Depth Benchmark

Results

Approach GT | GT |Align| KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell 71 |rell 771 |rell 71 |rell 71 [rel]l 71 |rell 71 time]s]]
COLMAP v X X 120 58.2 | 146 34.2 | 164 55.1| 0.7 96.5 | 2.7 95.0| 9.3 67.8 =~ 3min
COLMAP Dense v X X 269 527|380 225|898 232[20.8 69.3 |25.7 76.4|40.2 48.8 =~ 3min
DeMoN X X I[t]] | 15.5 152 | 12.0 21.0 | 174 154|218 16.6 |13.0 23.2|16.0 183 0.08
DeepV2D KITTI X X med | (3.1) (74.9)| 23.7 11.1 | 27.1 10.1({24.8 8.1 [34.1 9.1 |22.6 22.7 2.07
DeepV2D ScanNet | X X med | 10.0 36.2 | (44) (54.8)| 11.8 293| 7.7 33.0 | 89 464| 8.6 399 357
MVSNet v v X | 227 36.1 | 246 204|354 314|(1.8) (86.0)| 8.3 73.0|18.6 494 0.07
MVSNet Inv. Depth | v v X 186 30.7 | 227 209 | 21.6 35.6|(1.8) (86.7)| 6.5 74.6(14.2 49.7 0.32
CVP-MVSNet v v X 1567 22 |137.1 159 |156.4 13.6((4.0) (68.4)(24.7 52.9(95.8 30.6 0.49
Vis-MVSNet v v X 95 554 | 89 335|108 433((1.8) (874)| 4.1 87.2| 7.0 614 0.70
PatchmatchNet v v X 108 458 | 85 353 | 19.1 348/|(2.1) (82.8)| 4.8 829 9.1 563 0.28
Fast-MVSNet v v X 144 37.1 | 170 246 | 252 32.0|(2.5) (81.8)| 8.3 68.6(13.5 488 0.30
MVS2D ScanNet v v X 212 87 |(272) (5.3)|274 48 (172 98 [292 44 (244 6.6 0.04
MVS2D DTU v v X 12266 0.7 | 323 11.1 | 99.0 11.6((3.6) (64.2)|25.8 28.0(77.5 23.1 0.05
bold: best | (parentheses): trained on same domain
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Robust Multi-view Depth Benchmark

Results

Approach GT | GT |Align| KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell 71 |rell 71 |rell 71| rell 771 [rell 71 |rell 71 time[s]]
COLMAP 12.0 58.2 | 146 34.2 | 164 551 0.7 96.5 | 2.7 95.0| 9.3 67.8 =~ 3min
COLMAP Dense 269 527 | 38.0 225 | 89.8 23.2|20.8 69.3 |25.7 76.4|40.2 48.8 =~ 3min
DeMoN 155 152 | 120 21.0 | 174 154|21.8 16.6 |13.0 23.2|16.0 183  0.08
DeepV2D KITTI 3.1) (74.9)| 23.7 11.1 | 27.1 10.1{24.8 8.1 [34.1 9.1 [22.6 22.7 2.07
DeepV2D ScanNet 10,0 36.2 | 44) (54.8)| 11.8 293| 7.7 33.0 | 89 464| 8.6 399 357
MVSNet 2277 36.1 | 246 204 | 354 31.4((1.8) (86.0)| 8.3 73.0/18.6 494 0.07
MVSNet Inv. Depth 18.6 30.7 | 22.7 209 | 21.6 35.6((1.8) (86.7)| 6.5 746|142 49.7 0.32
CVP-MVSNet 156.7 2.2 |137.1 159 [156.4 13.6|(4.0) (684)|24.7 529|958 306 049
Vis-MVSNet 95 554 | 89 335|108 43.3((1.8) (87.4)| 41 87.2| 7.0 614 0.70
PatchmatchNet 108 458 | 85 353 | 19.1 348((2.1) (82.8)| 4.8 829| 9.1 563 0.28
Fast-MVSNet 144 37.1 | 170 246 | 25.2 32.0|(2.5) (81.8)| 83 68.6|13.5 48.8 0.30
MVS2D ScanNet 212 87 |(272) (5.3) (274 48 |172 98 |292 44 244 6.6 0.04
MVS2D DTU 226.6 0.7 | 323 11.1 [ 99.0 11.6((3.6) (64.2)|25.8 28.0(77.5 23.1 0.05
bold: best | (parentheses): trained on same domain

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation
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Robust Multi-view Depth Benchmark

Results

Approach GT | GT |Align| KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell BEid rel ! il rel | Eriidl rel | BT rel | Bt rel | Bl time [s] J
COLMAP v X X | 120 582 | 146 34.2 | 164 55.1 2.7 95.0| 9.3 67.8 =~ 3min
COLMAP Dense v X X | 269 527|380 225|898 232 25.7 76.4|40.2 48.8 = 3min
DeMoN X X I|€]] | 15.5 152 | 12.0 21.0 | 174 154 13.0 23.2|16.0 18.3  0.08
DeepV2D KITTI X X | med (74.9)| 23.7 11.1 | 27.1 10.1 34.1 §OiIE 226 228 2.07
DeepV2D ScanNet | X X | med | 100 36.2 | (44) (54.8)( 11.8 29.3 89 464 8.6 399 357
MVSNet v v X |227 36.1 (246 204|354 314 83 73.0|/18.6 494 0.07
MVSNet Inv. Depth| ¢ v X | 18.6 E80iE 22.7 B2098 21.6 B56 6.5 746|142 49.7 0.32
CVP-MVSNet v v X |[156.7 22 [137.1 159 |1564 13.6 8 247 529|958 30.6 0.49
Vis-MVSNet v v X 95 554 | 89 335|108 433} 41 8721 7.0 614 0.70
PatchmatchNet v v X | 108 458 | 85 353 | 19.1 348 48 82991 563 0.28
Fast-MVSNet v v X | 144 371 | 17.0 246 | 25.2 320 83 68.6|13.5 488 0.30
MVS2D ScanNet v v X 212 87 [(272) (53)| 274 4.8 : ! 292 44 (244 6.6 0.04
MVS2D DTU v v X (2266 0.7 99.0 11.6| (3. ) 25.8 28.0|77.5 23.1 0.05

bold: best | (parentheses): trained on same domain

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation
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Robust Multi-view Depth Benchmark

Results
Approach GT | GT |Align KITTI ScanNet ETH3D DTU T&T Average
rel| Bl rel | Baill rel | Emigl rel ) G| rel | Erlgl rel | F@lll time [s]

DeMoN 167 134 | 750 00 | 190 16.2| 23.7 11.5 | 17.6 183| 304 119 0.08
DeepTAM | 68.7 04 | (6.7) (39.7)| 204 198| 58.0 9.1 | 40.0 129| 38.8 164 0385
DeepV2D KITTI (204) (16.3)| 258 8.1 | 30.1 94| 246 82 (385 96| 279 103 143
DeepV2D ScanNet 619 52 | (38) (60.2)| 18.7 28.7( 9.2 274 | 335 380( 254 319 215
MVSNet | 140 358 [1568.0 5.7 |507.7 8.3 [(4429.1) (0.1) |118.2 50.7[1327.4 20.1 0.15
MVSNet Inv. Depth 296 8.1 [ 652 285 | 603 58| (28.7) (489)| 514 146| 470 212 0.28
CVP-MVSNet 1582 1.2 |2289.0 0.1 (17353 1.2 |(8314.0) (0.0) [4159 9.5 |25825 24 0.50
Vis-MVSNet 103 544 | 849 156 | 515 174 (3742) (1.7) | 21.1 65.6| 1084 31.0 0.82
PatchmatchNet 29.0 163 | 70.1 167 | 994 35| (826) (5.6) | 394 193 64.1 123 0.18
Fast-MVSNet 12.1 374 | 287.1 94 | 1312 9.6 | (5404) (19) | 339 47.2( 2009 21.1 0.35
MVS2D ScanNet 734 00 | (4.5 (54.1)| 30.7 144 5.0 579 | 564 11.1| 340 275 0.05
MVS2D DTU 1933 00 [ 515 16 | 780 00| (1.6) (92.3)| 875 00| 624 188 0.06
Robust MVD Baseline | | 71 419 | 74 384 | 9.0 426| 2.7 820 | 50 751| 63 560 0.06

bold: best | (parentheses): trained on same domain

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation



Robust Multi-view Depth Benchmark

Results

Approach GT | GT |Align KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell Bl rell il reld Bl rell il rel | Bl rel | Bl time [s]

DeMoN v X X 16.7 134 | 750 0.0 | 19.0 16.2| 237 11.5 | 17.6 18.3( 304 11.9
DeepTAM v X X | 687 04 | (6.7) (39.7)| 204 19.8| 58.0 9.1 |[40.0 129 0.85
DeepV2D KITTI v X X [(204) (163)| 258 81 | 30.1 94| 246 82 | 385 96| 1.43
DeepV2D ScanNet v X X | 619 52 | (3.8) (60.2)| 18.7 287 9.2 274 | 33.5 38.0f 2.15
MVSNet v X X 140 35.8 [1568.0 5.7 | 507.7 8.3 |(4429.1) (0.1) [118.2 50.7 0.15
MVSNet Inv. Depth v X X 1296 81 | 652 285 | 603 58| (28.7) (489)| 514 146 0.28
CVP-MVSNet v X X | 1582 1.2 |2289.0 0.1 |[17353 1.2 ((8314.0) (0.0) (4159 9.5 0.50
Vis-MVSNet v X X 103 544 | 849 156 | 515 174| (3742) (1.7) | 21.1 65.6 | 0.82
PatchmatchNet v X X 290 163 | 70.1 167 | 994 35| (826) (5.6)| 394 193 0.18
Fast-MVSNet v X X 12.1 374 | 287.1 94 | 131.2 9.6 | (5404) (1.9) | 339 47.2| 0.35
MVS2D ScanNet v X X | 734 0.0 | 45 (G4.1)| 307 144 50 579 | 564 11.1 0.05
MVS2D DTU v X X (933 00 | 515 16 | 780 00| (1.6) (923)| 875 0.0 | 0.06
Robust MVD Baseline | v X X 71 419 | 74 384 | 9.0 426 2.7 820 | 5.0 751 0.06

bold: best | (parentheses): trained on same domain

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation
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Robust Multi-view Depth Benchmark

Results

Approach GT | GT |Align KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell Bl rell Bl rell Emigl rel l 71 [rell 71| rel]l 71T time[s]]
DeMoN v X X 16.7 134 | 750 0.0 | 19.0 16.2| 23.7 11.5 | 176 183| 304 119 0.08
DeepTAM v X X | 687 04 | (6.7 (397 204 19.8| 58.0 9.1 | 400 129 388 164 0.85
DeepV2D KITTI v X X [(204) (16.3)| 258 8.1 | 30.1 94| 246 82 |385 96| 279 103 143
DeepV2D ScanNet v X X [619 52 | (38) (60.2)| 18.7 28.7| 92 274 | 33.5 38.0( 254 319 2.15
MVSNet v X X 140 35.8 [1568.0 5.7 | 507.7 8.3 [(4429.1) (0.1) |118.2 50.7|1327.4 20.1 0.15
MVSNet Inv. Depth v X X | 296 8.1 652 285 | 603 58| (28.7) (489)| 514 146| 470 212 0.28
CVP-MVSNet v X X |1582 1.2 (2289.0 0.1 (17353 1.2 |(8314.0) (0.0) 4159 9.5 (25825 24 0.50
Vis-MVSNet v X X 103 544 | 849 156 | 515 174| (3742) (1.7)| 21.1 65.6( 1084 31.0 0.82
PatchmatchNet v X X 290 163 | 70.1 167 | 94 35| (826) (5.6) | 394 193| 64.1 123 0.18
Fast-MVSNet v X X 12.1 374 | 287.1 94 | 1312 9.6 | (5404) (19) | 339 47.2| 2009 21.1 0.35
MVS2D ScanNet v X X | 734 00 | 45 (G4 307 144 50 579 | 564 11.1| 340 275 0.05
v X X 78.0 0.0 0.06

MVS2D DTU

Robust MVD Bas

93.3 OO

515 e

-

bold: best | (parentheses): trained on same domain

32.0

(16) (92.3)

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation
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Robust Multi-view Depth Benchmark

Multi-view Fusion Results
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Robust Multi-view Depth Benchmark
Uncertainty Estimation Results

Sparsification Error
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Robust MVD Baseline Model “
Overview

Input Context F,

Key View Vg=(l,, 3T, Ky) -
e A - r{ Plane Sweep Correlation Costvolume
Fusion

Siamese

Encoder

9 ArChiteCture: based on D15PNet No Scale Augmentation With Scale Augmentation
0.100 1
— Training data: BlendedMVS + StaticThings3D -
— Data augmentation: Scale augmentation 0.050 1
B NSRS SO 0.025 -

q 0.000 - ¢ Y
~ 0 50 100 0 50 100
Depth [m] Depth [m]
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Robust MVD Baseline Model ‘
Qualitative Results

Keyimage

Automotive Suitability | A Benchmark and a Baseline for Robust Multi-view Depth Estimation 24



robustmvd Framework ‘

https://github.com/lmb-freiburg/robustmvd

data: provides scripts and dataloaders to setup and use multiple datasets with a common

interface

model zoo: of pre-trained depth estimation models with a common interface

evaluation: provides code to evaluate models on the rmvd benchmark



https://github.com/lmb-freiburg/robustmvd

robustmvd Framework ‘

https://github.com/lmb-freiburg/robustmvd

inference: provides scripts to run multi-view depth estimation on custom data with any of the
available models

data viewer: provides a data viewer to visualize input data and model predictions

current student project: add training code and conduct analysis



https://github.com/lmb-freiburg/robustmvd

Summary ‘

We show problems of current multi-view depth models: cross-domain generalization,

uncertainty estimation, multi-view fusion
We introduce a benchmark to improve upon these problems

Robust MVD Baseline model can be used as baseline on the benchmark and for robust multi-

view depth estimation in applications where camera poses are known

robustmvd Framework unifies datasets and models with a common interface

27



Thanks!

Questions?

Code:
https://github.com/Imb-freiburg/robustmvd
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https://github.com/lmb-freiburg/robustmvd
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Related Work
DeMoN (first depth-from-"video”)

estimates depths and poses from two views
no explicit correlation layer within the network, but intermediate optical
flow estimation

trained on diverse data
3x

[ L . | Team 9

% it —> ﬂﬂﬂﬂ'ﬂlnﬂﬂ |ﬁ|anﬂﬂ-|]ﬂm=2gﬂ , W]n[lﬂﬂ - ‘ It

image pair _ _ _ depth egomotion
bootstrap net iterative net  refinement net

[Ummenhofer et al. Demon: Depth and Motion Network for Learning Monocular Stereo. CVPR 2017]
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Related Work ¢
DeepV2D (depth-from-video)
separate mapping and tracking modules to estimate depths and poses
alternatingly
builds plane sweep stereo costvolume from learned features

trainec

.\

ITEs

Depth Depth Depth

I\
‘T e

[feedrand: Deng.i- DeepV2DVideo to Depth with Differentiable Structure from Motion, ICLR 2020]

Video




Related Work ¢

MVSNet (multi-view stereo)
builds costvolume in a plane sweep stereo fashion based on the

variance between multi-view features + decodes costvolume with 3d

convolutions
trainedonB 2 Iy .  =s i
\&ﬁ | .

______________________________
—

o
w

: |
=
= ||l
gl

Shared Weights s1
. Bos
E A
2 7 . Variance o A\ 1
& Metric Argmi -
4 l Refined Depth Map
Feature Differentiable Cost Volume Depth Map
Extraction Homography Regularization Refinement

[Yao et al.: MVSNet: Depth Inference for Unstructured Multi-view Stereo, ECCV 2018]



Robust Multi-view Depth Estimation

Min: 6.150 Max: 53.171

Depth map
for the keyview
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Robust Multi-view Depth Estimation

We define a benchmark based on diverse existing datasets:

KITTI ScanNet ETH3D DTU T&T

Driving  Indoor In- &outdoor Tabletop In-& outdoor

- evaluation in a zero-shot cross-dataset fashion



Robust Multi-view Depth Estimation

— We show problems of current multi-view depth models: cross-domain generalization,
uncertainty estimation, multi-view fusion

— The benchmark can be used to improve upon these problems

- Introduce model for robust multi-view depth estimation on data from different domains

-

Min: 1.613 Max: 100.000  Min: 0.834 Max: 3.859'

3 m‘ T‘J

Automotive Suitability | A Be —
Baseline for Robust Multi-view Depth Estimation
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