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Introduction and ground truth depths.

Robust depth estimation is an important Metrics: Absolute Relative Error (rel), Inlier
component of autonomous driving and Ratio with a Threshold of 1.03 (1),

erroneous estimates can lead to fatal failures. Sparsification Error Curves, AUSE, performance
Therefore, It Is crucial that depth estimation for different numbers of source views.

works robustly in all possible scenarios.

The so-called open-world problem describes The Robust MVD Baseline Model

that it is not possible to cover all possible
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scenarios in the training data. To circumvent
this, we present a benchmark that evaluates
robust multi-view depth on unseen data.

Further, we present a baseline model for this

task that outperfg rms pI’EViOUS work Figure 2: Robust MVD Baseline Model Architecture.
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Zero-shot evaluation across domains and scales:

Architecture: The architecture is based on
DispNet but modified to multi-view inputs.
Training data: StaticThings3D + BlendedMVS.
Data augmentation: The model is trained with
a novel augmentation strategy that we call
scale augmentation.

Results

We evaluate state-of-the art models and the
Robust MVD Baseline Model on the RMVD
Benchmark. Results are given in Table 1.

We find that:

 All models perform significantly better on
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Figure 1: The Robust Multi-View Depth Benchmark evaluates robust * Models perform significantly worse in the
multi-view depth estimation on arbitrary real-world data. absolute scale Setting (marked in .) /
© University of Freiburg . .
 The Robust MVD Baseline Model shows more /
The Robust Multi-view Depth Benchmark conS|s’Fent performance across ’Fest sets and /
Data: The benchmark defines test sets based works in the absolute scale setting /
on multiple diverse existing datasets: KITTI, (marked in m). /
ScanNet, ETH3D, DTU, Tanks and Temples. We provide code at: /
Evaluation settings: The benchmark allows https://github.com/lmb-freiburg/robustmvd ~

evaluation with different input modalities
(images, intrinsics, GT poses, GT depth ranges)

 dataloaders
e evaluation code

Approach GT | ot |Align| KITTI ScanNet ETH3D DTU T&T Average Link to code
Poses | Range rell 1 |rell 71 |rell 71| rell 71 |rell 71| rell 71 time]s] |
a)
DeMoN X | X | |t] | 155 152 | 12.0 21.0 | 174 154| 218 166 |13.0 232 160 183 0.08
DeepV2D KiTTI X | X | med |(3.1) (74.9)| 237 111 | 27.1 10.1| 2438 810 341 foilN 226 (2201 2.07
DeepV2D ScanNet X | X | med|10.0 36.2 | (4.4) (54.8)| 11.8 29.3| 7.7 33.0 | 89 46.4| 8.6 399 357
b)
MVSNet v | v | X | 227 361 | 246 204 | 354 314| (1.8) (86.0)| 83 73.0| 186 49.4 0.07
MVSNet Inv. Depth v | v | x |186 307 | 227 209 | 216 356| (1.8) (86.7)| 6.5 74.6| 142 497 0.32
CVP-MVSNet v | v | X |156.7 22 |137.1 159 |156.4 136| (4.0) (68.4)|24.7 529| 958 30.6 0.49
Vis-MVSNet vV |v | x| 95 554| 89 335|108 43.3| (1.8) (87.4)| 4.1 87.2| 7.0 61.4 0.70
PatchmatchNet v | v | X | 108 458 | 85 353 | 191 348| (2.1) (828)| 48 829| 9.1 563 0.28
Fast-MVSNet v | v | X | 144 371|170 246 | 252 32.0| (25) (81.8)| 83 686| 135 488 0.30
MVS2D ScanNet vV | v | X | 212 87 |(272) (53) | 274 48| 172 98 (292 44| 244 66 0.04
MVS2D pTu v | v | X [2266 07 | 323 11.1 | 990 116| (3.6) (64.2)|258 28.0| 775 231 0.05
c)
DeMoN v | x| x |167 134 | 750 00 | 190 162| 237 115 |17.6 183 0.08
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 | 301 94| 246 82 |[385 96 1.43
DeepV2D ScanNet v | x| x |619 52 |(3.8) (60.2)| 187 28.7| 9.2 27.4 | 335 38.0 2.15
MVSNet v | X | X | 140 358 |1568.0 5.7 |507.7 8.3 |(4429.1) (0.1) |118.2 50.7 0.15
MVSNet Inv. Depth v | X | X | 206 81 | 652 285 | 603 58| (28.7) (48.9)|51.4 14.6 0.28
CVP-MVSNet V| x| x |[1582 12 (22890 0.1 [17353 1.2 |(8314.0) (0.0) |4159 95 0.50
Vis-MVSNet v | X | X | 103 544 | 89 156 | 515 17.4|(3742) (1.7) |21.1 65.6 0.82
PatchmatchNet v | X | X | 290 163 | 701 16.7 | 994 35| (826) (56) |39.4 193 0.18
Fast-MVSNet vV | x| x [121 374 |287.1 94 |[1312 9.6 | (5404) (1.9) |339 472 0.35
MVS2D ScanNet V| X | x | 734 00 | (45) (54.1)| 30.7 14.4| 50 579 |56.4 11.1 0.05
MVS2D bTu v | x| Xx | 933 00 | 515 16 | 780 00| (1.6) (92.3)|875 0.0 0.06

Table 1: Quantitative results for the evaluated multi-view depth models on the Robust MVD Benchmark with different evaluation settings:
a) no poses, no depth range, with alignment, b) with poses, with depth range, no alignment, c) with poses, no depth range, no alignment.
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For more information contact:
schroepp@cs.uni-freiburg.de
brox@cs.uni-freiburg.de
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