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Abstract

Depth estimation from monocular images plays an im-
portant role in real-world visual perception systems. How-
ever, learning-based depth estimation models are trained
and tested on clean data while ignoring out-of-distribution
(OoD) situations. Common corruptions tend to happen in
practical scenarios, especially for safety-critical applica-
tions like autonomous driving and robot navigation. To
fill in this gap, we present a comprehensive robustness test
suite dubbed RoboDepth. It consists of 18 corruptions from
three categories: 1) weather and lighting conditions; 2)
sensor failure and movement, and 3) data processing is-
sues. Then, we conduct a comprehensive benchmark on
42 existing depth estimation models from indoor and out-
door scenes, to evaluate their robustness under corruptions.
Our benchmark results indicate that, although promising
results have been achieved, state-of-the-art depth estima-
tion models are at risk of being vulnerable to corruptions.
We further make in-depth discussions on the design consid-
erations of building more robust depth estimation models,
from aspects including pre-training, augmentation, modal-
ity, and learning paradigm. We hope our benchmark can
lay a solid foundation for robust OoD depth estimation.
The benchmark suite and toolkit are publicly available at
https://github.com/ldkongl205/RoboDepth.

1. Introduction

Monocular depth estimation (MDE) is the task of pre-
dicting the depth of a scene using only a single image, typ-
ically captured using cameras equipped on drones, mobile
robots, and vehicles [9, 21, 30, 49]. Accurate MDE is cru-
cial for a wide range of applications, such as autonomous
driving, augmented reality, and robot navigation. With the
advent of recent learning-based paradigms, various MDE
algorithms have been proposed and achieved promising per-
formance on standard benchmark datasets [8, 12,35,37].
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Figure 1. The depth estimation robustness (in terms of depth esti-
mation error (DEE) defined in Sec. 3) under 18 corruptions in radar
charts. Different MDE models exhibit diverse strengths and weak-
nesses against different corruptions that occur in the real world.

However, existing MDE models face significant chal-
lenges in terms of out-of-distribution (OoD) robustness un-
der real-world corruptions, such as adverse weather [16]
and sensor failure [20]. In particular, the existing learning-
based visual perception models are highly sensitive to vari-
ations in lighting, noise, texture shift, and other factors
that can distort the image and lead to inaccurate predic-
tions [15, 19]. Furthermore, these models can struggle with
the generalization of new scenes and objects that they have
not encountered during training [29].
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Figure 2. Corruption taxonomy. We break down common corruptions into three categories: 1) Weather and lighting conditions, such as
sunny, low-light, fog, frost, snow, and contrast. 2) Sensor failure and movement, such as potential blurs (defocus, glass, motion, zoom)
caused by motion. 3) Data processing issues, such as noises (Gaussian, impulse, ISO) happen due to hardware malfunctions.

As one of the basic visual perception tasks, models for
MDE also likely learn the systematic errors in depth es-
timations; corruptions and perturbations such as lighting
changes, motion blur, shadows, data compression, etc., are
present in real images and rarely dealt adequately in current
MDE systems [4, 24]. Despite the promising results con-
stantly achieved on the relatively “clean” datasets [8,12,35],
the absence of a suitable robustness benchmark hinders the
further development of resilient and scalable MDE systems.

In this work, we make the first step towards robust MDE
by establishing the KITTI-C, NYUDepth2-C, and KITTI-S
benchmarks. Different from existing works on either merg-
ing multiple datasets for cross-domain MDE [26, 33,46] or
designing adversarial patches to attack MDE models [4, 7],
our benchmarks aim at simulating common corruptions that
have a high likelihood to occur in real-world environments.
As shown in Fig. 2, we design 18 corruption types from
three main categories: weather and lighting conditions, sen-
sor failure and movement, and data processing issues. Each
of these corruptions, which is further divided into five sever-
ity levels, mimics the wide range of scenarios that would
cause distortions, texture shift, and/or degraded, lossy, and
contaminated images [15,29].

Since MDE models rely upon sufficient and clear visual
cues to infer accurate depth, the aforementioned corruptions
tend to cause difficulties in depth predictions. A pilot study
shown in Fig. 1 reveals that MDE models with unique ar-
chitectures exhibit diverse behaviors under different corrup-
tions. It is thus important to understand the root causes of
performance degradation for each model so that we can de-
sign and build a robust and reliable MDE model. To achieve
this goal, we benchmark intensively prior MDE methods
based on our proposed datasets and conduct a comprehen-
sive study on their robustness against corruptions. Based
on our benchmarking results, we draw several interesting
observations: 1) We find that existing MDE models, either
from indoor scenes or outdoor scenes, are at the risk of be-
ing vulnerable to corruptions. 2) Models with monocular

inputs are more stable than those trained with stereo pairs.
3) Transferring knowledge from other related tasks helps
MDE models preserve robustness. 4) Training with high-
resolution images yields more robust models against noise
perturbations. 5) The supervised and self-supervised MDE
models have different sensitivities to corruptions. We will
revisit these findings more formally in the following sec-
tions.
To sum up, this work has these key contributions:

* We introduce RoboDepth, the first systematically-
designed robustness evaluation suite for monocular
depth estimation under corruptions.

* We benchmark 42 models from indoor and outdoor
scenes, on their robustness against corruptions.

* Based on our observations, we draw in-depth discus-
sions on the design considerations of building more
robust MDE models for practical applications.

2. Related Work

Monocular Depth Estimation (MDE). Since the pioneer-
ing works [10, 11, 13, 52] first adopts deep neural net-
works to perform monocular depth estimation, significant
progress has been made in many aspects, as shown in
Tab. 1. Notable innovations include network architectures
[22,32,47,50], optimization functions [6, 14, 48], internal
constraints [44,51], multi-task learning [ | 8], geometry con-
straint [40], and various sources of supervisions [26,33,36].
Based on the learning paradigm, most MDE methods can
be split into supervised or self-supervised models. The for-
mer mainly focuses on indoor scenes and uses ground truth
from RGB-D cameras or LiDAR sensors to train a regres-
sion model [1, 25]; while the latter formulates MDE as a
novel view synthesis task to minimize the photometric loss
between stereo pairs or from monocular video frames [52].
Although promising results have been achieved, the robust-
ness of MDE models under adverse scenarios is still un-
known. Due to the lack of relevant datasets, existing models



are at risk of being vulnerable to corruptions. In this work,
we fill in this gap by establishing comprehensive evaluation
benchmarks and testing 42 MDE models from both indoor
and outdoor environments to analyze their robustness.
Robust MDE. To the best of our knowledge, only a few
works targeted robust learning of MDE and they focused
on different aspects. Ranftl er al. [33] proposed a uni-
fied objective for merging multiple datasets with different
depth scales and ranges for training robust models. Sim-
ilar works [5, 26, 38, 42, 46] resort to web stereo data or
3D movies to train MDE models and adapt them to unseen
datasets. Kopf ef al. [20] estimate stable camera trajecto-
ries for hand-held cellphone videos. SC-DepthV3 [36] gen-
erates pseudo-depth to refine depth details for scenes with
dynamic objects. Li et al. [23] proposed an attention mod-
ule to choose scene-specific features for MDE on both in-
door and outdoor scenes. SeasonDepth [16] contributed a
dataset with depth maps under sunny, cloudy, and foliage
weather. Most recently, there are works [4, 7] design adver-
sarial patches to attack MDE models. Conversely, we aim
to test the robustness of MDEs to corruptions that occur in
the real-world environment. We establish the first bench-
mark of this kind and incorporate an ample number of MDE
models for analysis and comparison.

Corruption Robustness. ImageNet-C [15] is the pioneer-
ing work in this line of research which benchmarks clas-
sical image classification models to common corruptions
and perturbations. Follow-up studies extend on the aspect
to other visual perception tasks, e.g., object detection [29],
image segmentation [19], navigation [3], video classifica-
tion [45], and pose estimation [39]. The essentiality of
evaluating model robustness has been repeatedly validated.
Since we are targeting a different task, i.e., MDE, most of
the well-studied corruption types become realistic or suit-
able for such a data format. This motivates us to explore
new taxonomy for defining more proper corruption types
for MDE.

3. RoboDepth Benchmark

In this section, we first introduce the taxonomy of cor-
ruptions included in our benchmarks (Sec. 3.1). We then
elaborate on more details of the proposed datasets (Sec. 3.2)
and corresponding robustness evaluation metrics (Sec. 3.3).

3.1. Corruption Type

Weather & Lighting Condition. The cameras on drones
or vehicles operating under different weather and times of
day capture distribution-shifted images which are rare or
lacking in current MDE datasets. To probe the robustness
of MDE models under these adverse weather and light-
ing conditions, we simulate six corruptions, i.e., ‘bright’,
‘dark’, ‘fog’, ‘frost’, ‘snow’, and ‘contrast’, which com-
monly occur in the real-world environment. Compared to
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Figure 3. Benchmarking results of 42 monocular depth estimation
models on KITTI-C and NYUDepth2-C. Figures from top to bot-
tom: the depth estimation error (DEE) vs. [first row] mean corrup-
tion error (mCE), [second row] mean resilience rate (mRR), and
[third row] sensitivity analysis among different corruption types.

clean images, these corruptions tend to affect the intensity
and color of the light source, leading to hazy, blurry, and
noise-contaminated images, which increase the difficulties
for MDE models to make accurate depth predictions.

Sensor Failure & Movement. An MDE system must be-
have robustly against motion perturbation and sensor failure
to maintain safety requirements for practical applications.
To achieve this goal, we mimic four motion-related corrup-
tions, i.e., ‘defocus’, ‘glass’, ‘motion’, and ‘zoom’ blurs;
we also generate images under ‘elastic transformation’ and
‘color quantization’, which happen during sensor malfunc-
tion. These corruption types are often associated with issues
including edge distortion, contrast loss, and pattern shift.

Data & Processing. Data collection and transmission are
inevitably associated with various sources of noise and po-
tential loss of information. We include four such ran-
dom variations, i.e., ‘gaussian’, ‘impulse’, ‘shot’, and ‘ISO’
noises. In addition, we investigate the degradation caused
by ‘pixelate’ and ‘JPEG compression’ which are common
corruptions in handling image data. Compared to clean im-
ages, the noise-contaminated data introduce errors in the
intensity values of pixels, leading to a grainy or speckled
appearance. The pixelation and lossy compression tend to
lead to a loss of detail and clarity in the image and can result
in visible artifacts, such as blockiness or blurring.



Table 1. Depth estimation model calibration from different aspects (modality, backbone, pertaining strategy, and loss function).

Model | Venue | Modality | Motivation | Backbone | Pretrain | Loss Function
MonoDepth2 [14] ICCV’19 | Mono & Stereo Auto-masking & multi-scale cues ResNet-18/50 | ImageNet photometric re-projection; per-pixel smoothness
DepthHints [41] ICCV’19 Stereo Complementary depth suggestions ResNet-18 ImageNet photometric re-projection; per-pixel smoothness
SC-Depth [2] | NeurIPS’19 Mono Geometry consistency constraint ResNet-50 CityScapes consistency; photometric re-projection; smoothness
CADepth [44] 3DV’21 Mono & Stereo Channel-wise structural attention ResNet-50 ImageNet photometric re-projection; per-pixel smoothness
HR-Depth [28] | AAAI'21 Mono High-resolution features fusion ResNet-18 Cityscapes photometric re-projection; per-pixel smoothness
DIFFNet [51] | BMVC’21 Mono Internel feature fusion mechanism HRNet ImageNet photometric re-projection; per-pixel smoothness
ManyDepth [40] CVPR’21 Multi-Mono Sequential test-time information ResNet-18 ImageNet consistency; photometric re-projection; smoothness
FSRE-Depth [ 18] ICCV’21 Mono Semantics-guided triplet loss ResNet-18 ImageNet | semantic triplet; photometric re-projection; smoothness
MonoViT [50] 3DV’21 Mono Global reasoning via self-attention MPViT ImageNet photometric re-projection; per-pixel smoothness
DynaDepth [48] | ECCV’22 Mono Vision and IMU motion dynamics ResNet-18/50 | ImageNet | IMU photometric; cross-sensor photometric consistency
TriDepth [6] | WACV’23 Multi-Mono Patch-based triplet optimizing strategy ResNet-18 ImageNet patch triplet; photometric re-projection; smoothness
Lite-Mono [47] | CVPR’23 Mono Efficient mix of CNNs & attentions ResNet-18 ImageNet photometric re-projection; per-pixel smoothness
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uation of robustness changes. As a result, this robustness
probing dataset has a total number of 62, 730 RGB images
with a size of 192 x640. We also include the high-resolution
version (320 x 1024) for evaluating the robustness of models
with larger images as the input.

NYUDepth2-C. We construct a benchmark for robust in-
door MDE based on NYU Depth V2 [35]. 15 of the defined
corruptions are used, excluding ‘fog’, ‘frost’, and ‘snow’
which rarely occur in the indoor scenes. Since the indoor
environments are less variant than outdoor ones, we only
include four severity levels for each corruption. To sum
up, this dataset contains 39, 240 images of size 480 x 640,
which cover 23 different types of indoor scenes.

KITTI-S. To further investigate the root cause of robust-
ness degradation, we form another robustness set based on
KITTI [12], which is stylized via the style transfer model
Adaln [17]. This dataset has 8, 364 images from 12 styles,
including ‘cartoon’, ‘digital art’, ‘ink painting’, ‘kids’ draw-
ing’, ‘murals’, ‘oil painting’, ‘penciling’, ‘shadow play’,
‘sketch’, ‘stained glass’, ‘relief’, and ‘water color’.

3.3. Evaluation Metrics

Depth Estimation Error (DEE). We combine Abs Rel and
01, the two main measures defined in [10,27], into a unified
metric as DEE = %‘51“, which is constantly used as
the indicator of depth estimation error in our benchmark.
Corruption Error (CE). We follow [15] and use the mean
CE (mCE) as the primary metric in comparing models’ ro-
bustness. To normalize the severity effects, we choose Mon-
oDepth2 [14] and AdaBins [!] as the baseline models for
the KITTI-C and NYUDepth2-C benchmarks, respectively.
The CE and mCE scores are calculated as follows:
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Figure 4. Depth estimation robustness comparisons among differ-
ent modalities (Mono, Stereo, and Mono+Stereo).
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Figure 5. Depth estimation robustness of MonoDepth2 [14] under
different training configurations. [1st row] Different pretrain tech-
niques. [2nd row] Different input resolutions.

Resilience Rate (RR). We define mean RR (mRR) as the
relative robustness indicator for measuring how much accu-
racy can a model retain when evaluated on the corruption
sets. The RR and mRR scores are calculated as follows.

5 N
(1 — DEE; 1
> i ) ~ LY RR:, @)
=1

5 X (1 — DEEgjean)
where DEE.,, denotes the task-specific accuracy score on
the “clean” evaluation set.

RR; =

4. Experimental Analysis
4.1. Benchmark Configuration

Depth Estimation Model. We benchmark 42 depth esti-
mation models and variants, which cover most of the open-



Table 2. The Corruption Error (CE) of 32 monocular depth estimation models on KITTI-C. All scores are given in percentage (%).

Blocks from top to bottom: [1st] the baseline MonoDepth2 ris [

]; [2nd] methods w/ monocular inputs; [3rd] methods w/ stereo inputs;

[4th] methods w/ monocular + stereo inputs. Bold: Best in col. Underline: Second best in col. Blue : Best in row. Red : Worst in row.

Method | mCE | Bright Dark Fog Frost Smow Contr | Defoc Glass Motio Zoom Elast Quant | Gaus Impul Shot ISO Pixel JPEG
MonoDepthy g5 [14] | 100.0 | 100.0 100.0 100.0 100.0 100.0 100.0 | 100.0 100.0 100.0 100.0 100.0 100.0 | 100.0 100.0 100.0 100.0 100.0 100.0
MonoDepthy nop [14] | 119.8 | 140.8 1225 200.7 1126 781 2225 | 1041 959 921  103.0 114.7 109.8 | 1148 1162 118.2 1168 1055 87.2
MonoDepthy g [14] | 106.1 | 99.2  134.3 100.0 97.8 113.9 1144 161.1 106.2 106.5 1154 954 1114 | 849 90.5 932 887 952 1010
MonoDepthy gso [14] | 113.4 | 97.7  105.0 100.0 103.6 96.3 124.6 1750 1620 1282 103.5 100.8 102.6 | 106.5 103.6 108.2 109.5 106.9 107.7

MaskOccgig [34] | 1041 | 100.0 101.8 98.7 1022 963 107.0 1303 121.9 1056 100.0 100.0 953 | 1050 1054 107.1 107.5 98.6  90.3
DNetgig [43] | 1047 | 985 943 100.7 1144 98.6 111.8 142.6 1322 1120 1070 101.6 97.9 | 943 941 959 920 100.0 96.9
CADepth [44] | 110.1 | 93.1  107.1 91.6 117.0 103.5 103.2 1459 1434 1319 1035 938 995 | 110.2 111.3 1127 1155 99.3  99.5
HR-Depth [28] | 103.7 | 93.1  103.2 974 100.7 941 1139 1459 1240 121.8 1114 96.1 969 | 945 959 988 964 931 89.8
DIFFNet[51] | 95.0 | 854 793 845 71.8 689 861 2103 1364 1296 98.0 884 855 | 76.0 684 750 69.6 93.1 103.1

ManyDepthgs [40] | 105.4 | 103.9  97.9 109.0 1040 93.7 1214 | 1041 1153 97.7 965 1039 979 | 1120 1157 113.8 1165 1014 92,9

FSRE-Depth [18] | 99.1 | 985 932 89.7 856 769 909 | 119.3 1128 991 920 923 928 | 1042 1064 108.8 1049 101.4 114.3
MonoViT [50] | 79.3 | 81.5 8.8 748 769 538 63.6 | 73.8 843 755 89.1 915 757 | 80.7 753 797 747 1117 786

MonoViTyg [50] | 75.0 | 785 850 73.6 812 526 626 | 59.4 707 671 91.5 8.7 751 | 787 712 762 735 931 755

DynaDepthryg [48] | 110.4 | 985  103.2 100.7 1043 99.6 111.2 2053 143.4 1412 103.0 985 964 | 98.7 974 988 97.7 972 918

DynaDepthgsp [48] | 120.0 | 98.5 106.4 98.1 117.0 107.4 107.5 2180 187.6 147.2 1085 969 102.1 | 1089 1123 1124 1155 1055 110.2
RA-Depth [31] | 112.7 | 869 1121 819 863 80.8 882 2045 1521 1750 1065 946 922 | 1102 103.6 1182 117.3 120.7 98.0
TriDepthgys [6] | 109.3 | 100.8 107.1 121.3 122.0 975 1417 | 109.8 1244 982 945 97.7 103.1 | 108.9 1126 111.8 1129 979 104.6

Lite-Monominy [47] | 92.9 | 97.7 91.8 1013 812 69.3 1021 1053 1025 917 925 985 824 | 932 879 988 928 1014 82.1

Lite-Mono sy [47] | 100.3 | 97.7  89.6 1045 90.6 842 127.3 1447 1165 1139 1015 99.2 834 | 91.2 864 938 91.8 1062 83.7
Lite-Monopae [47] | 93.2 | 915 925 929 885 752 947 | 91.8 979 1023 975 100.0 90.7 | 940 874 982 93.6 1041 842
Lite-Mono e [47] | 90.8 | 84.6 811 813 921 847  79.7 ‘ 91.0  93.0 1019 955 938 767 | 945 895 968 933 1103 93.9
MonoDepthy gig [14] | 117.7 | 102.3  124.3 103.9 1101 100.8 1251 159.8 137.2 1222 1040 1047 103.6 | 1281 1309 1362 127.1 99.3  99.0
MonoDepth nop [14] | 129.0 | 139.2  150.7 188.4 127.1 851 1829 | 109.0 959 100.5 1139 1209 1223 | 1404 1450 1532 143.3 1131 9038
MonoDepthy g [14] | 111.5 | 101.5  101.8 107.7 1285 103.5 127.3 177.1 128.9 129.2 1224 100.8 106.7 | 89.3 882 947 887 103.5 106.6

DepthHints [41] | 111.4 | 954  110.7 884 1159 100.8 87.7 | 1434 169.4 121.8 97.5 100.8 99.5 | 114.6 1149 121.2 117.3 108.3 98.0
DepthHints pope [41] | 141.6 | 133.1 170.0 194.2 1350 90.6 210.2 | 146.3 1194 111.6 1149 110.1 128.0 | 159.6 169.2 176.2 1784 1048 975
DepthHints gg [41] | 112.0 | 93.9  100.7 91.0 1144 939 963 1881 150.0 1482 1304 915 948 | 103.4 108.2 111.8 109.3 97.2 934
MonoDepthy rig [14] | 124.3 | 97.7 1443 968 1065 1049 1064 183.2 143.0 131.0 101.5 99.2 1052 | 150.3 1555 165.0 162.1 93.8 913
MonoDepth nop [14] | 136.3 | 148.5 164.3 211.6 1520 83.8 2353 | 934 913 100.0 1144 1186 118.7 | 1484 153.2 1615 156.2 111.0 903
MonoDepthy g [14] | 106.1 | 99.2 1343 100.0 97.8 1139 1144 161.1 106.2 106.5 1154 954 1114 | 849 90.5 932 887 952 101.0

CADepth [44] | 118.3 | 94.6 127.5 88.4 1123 1088 904 | 1385 170.3 1204 96.0 97.7  96.4 | 142.2 143.7 1541 150.0 100.0 98.0

MonoViT [50] | 75.4 | 80.0 875 787 769 421  70.1 ‘ 734 760 745 836 8.8 762 | 721 661 712 67.0 1014 735

Table 3. The Corruption Error (CE) of 10 monocular depth estimation models on the NYUDepth2-C dataset.

percentage (%). Bold: Best in col. Underline: Second best in col.

Blue : Best in row.

All scores are given in
Red : Worst in row.

Method | mCE | Bright Dark Contr | Defoc Glass Motio Zoom Elast Quant | Gaus Impul Shot ISO Pixel JPEG

AdaBinsgps [1] | 100.0 | 100.0  100.0  100.0 | 100.0 100.0 100.0 100.0 100.0 100.0 | 100.0 100.0 100.0 100.0 100.0 100.0
BTSgso [22] | 122.8 | 112.9 138.7 125.0 | 143.4 127.2 1255 969 1190 119.2 | 113.3 136.9 133.3 1247 1121 1136
AdaBinsgso [1] | 134.7 | 135.6 151.0 136.3 | 144.3 1359 1332 101.6 133.3 143.1 | 1174 1388 1364 126.6 150.0 137.0
DPTvirp [32] | 83.2 | 102.3 938 849 | 655 806 842 604 909 1093 | 51.3 57.0 650 524 1379 113.0
SimIPU hop [24] | 200.2 | 293.9 220.1 211.3 | 177.0 1947 2174 1128 249.0 258.9 | 119.2 1259 153.1 121.3 3024 2455
SimIPU pagenet [24] | 163.1 | 203.8  190.7 177.4 | 1604 163.6 176.1 109.9 200.0 191.4 | 114.1 1238 140.8 118.2 199.2 176.6
SimIPU gy [24] | 173.8 | 247.0 1923 1915 | 153.2 161.7 1821 100.5 206.5 220.5 | 110.8 118.2 1435 116.6 253.2 209.1
SimIPU waymoopen [24] | 159.5 | 203.8 179.4 187.7 | 161.7 158.7 170.1 1055 167.3 190.1 | 112.6 123.3 141.5 119.7 1984 172.1
DepthFormer gyinr1x [25] | 106.3 | 111.4  143.8 1109 | 93.6 126.2 103.8 78.1 1144 1272 | 754 858 983 80.3 129.8 116.2
DepthFormer gyinroox [25] | 63.5 | 75.0 77.3 580 | 54.0 835 647 617 173.2 788 | 408 41.7 503 413 815 70.1

source models so far. 32 of them are for outdoor MDE and
the remaining 10 are for indoor MDE.

Evaluation Protocol. To avoid any unfairness in robustness
comparisons, we unify the common configurations among
candidate models, such as backbones and data augmenta-
tions. We use public checkpoints whenever possible and re-
produce the reported results based on official settings. More
details on this aspect are included in the Appendix.

4.2. Benchmark Analysis

Observation 1: MDE Robustness - existing outdoor and
indoor MDE models are at the risk of being vulnerable to
real-world corruptions. We show the robustness of differ-
ent models in terms of mCE, mRR, and corruption sensitiv-
ity in Fig. 3. As can be seen from the first two rows, ex-

isting MDE models, either from indoor or outdoor scenes,
are showing clear relationships between the DEE scores and
robustness metrics. Specifically, higher DEE scores corre-
late to higher mCE scores and are less robust compared to
the baseline models. From Tab. 2 and Tab. 3, we observe
that the Transformers-based MDE models are significantly
more robust compared to conventional CNNs models. This
is also observed for the mRR metrics, which are shown in
Tab. 4 and Tab. 5. The qualitative results shown in Fig. 6
and Fig. 7 further validate that models with long-range re-
ceptive fields, such as MonoViT [50] and Lite-Mono [47],
can better maintain accurate depth predictions under edge
distortion, texture shift, and noise contamination.

Observation 2: Modality - the learning paradigm plays a
vital role in depth estimation robustness. We analyze the ro-



Table 4. The Resilience Rate (RR) of 32 monocular depth estimation models on KITTI-C. All scores are given in percentage (%). Blocks

from top to bottom: [1st] the baseline MonoDepth2 rig [

]; [2nd] methods w/ monocular inputs; [3rd] methods w/ stereo inputs; [4th]
methods w/ monocular + stereo inputs. Bold: Best in col. Underline:

Second best in col. Blue : Best in row. Red : Worst in row.

Method ‘ mRR ‘ Bright Dark Fog Frost Snow Contr ‘ Defoc Glass Motio Zoom Elast Quant ‘ Gaus Impul Shot ISO Pixel JPEG
MonoDepth, gis [14] | 84.5 | 98.8  8L7 959 821 555 923 | 8.8 86.0 89.0 90.7 989 916 | 69.9 69.4 749 695 971 913
MonoDepths wop [14] | 82.5 | 954 768 805 804 702 68.2 | 872 89.7 93.6 92.6 995 921 | 653 640 69.9 639 99.0 96.9
MonoDepthy g [14] | 82.4 983 704 954 823 472 887 | 685 839  86.9 86.7  99.0  88.6 76.1 731 771 740 973  90.5
MonoDepthy rso [14] | 80.6 989 80.0 957 808 57.5  86.9 649 689 819 89.7 985 908 | 669 676 71.6 651 957 89.4

MaskOcc gis [34] | 83.0 985 81.0 959 812 575  90.6 772 798 874 90.5 986 924 | 676 668 720 660 97.1  93.2
DNetpgjg [43] | 83.3 989 835 957 774 562  89.7 739 771 85.9 89.0 985 920 723 719 764 729 969 918
CADepth [44] | 80.1 985 785 962 758 528  90.5 722 732 802 888 985 906 | 647 636 692 619 96.0 90.3
HR-Depth [28] | 82.9 99.0 80.1 956 812 585  88.6 72.5 788  83.0 87.4 987 916 717 706 748 70.5 974 928
DIFFNet [51] | 85.4 99.0 86.6 968 89.2 722 934 542 746 802 89.4 987  93.0 788 81.7 83.0 81.3 963 889
ManyDepth [40] | 83.1 986 828 948 812 594 881 85.1 822  90.0 91.9 988 925 | 65.0 627 699 625 97.3 933
FSREDepth [18] | 83.9 979 829 966 856 681 932 79.6  81.6  88.2 91.5 989 921 67.3 658 70.7 66.6 957 87.1
MonoViT [50] | 89.2 | 99.2 840 981 874 805 97.8 | 91.0 884 929 91.1 979 948 76.6 785 809 788 93.0 93.9
MonoViT g [50] | 89.7 | 99.1 841 978 855 80.7 975 | 944 915 944 90.1 985 944 770 798 818 789 955  94.0
DynaDepth gg [48] | 81.5 988 80.5 956 80.5 556 89.7 | 56.5 74.0 787 89.8 989 922 70.3 703 752 703 97.3 929
DynaDepth gso [48] | 78.0 983 79.1 956 762 509  90.1 528 61.6 769 882 987 905 | 65.6 635 69.7 622 955 88.4
RA-Depth [31] | 78.8 98.1 759  96.6 842 649 924 554  69.9 688 87.0 971 909 | 638 660 662 60.3 91.3 89.4
TriDepth s [6] | 81.6 98.4 79.3 920 750 569 832 829 79.2 892 91.7 99.0 90.7 | 659 637 702 63.7 97.2  90.0
Lite-Mono riny [47] | 86.7 986 840 953 87.6 730 914 | 8.0 8.0 90.6 920 986  95.0 725 744 750 723 964 948
Lite-Mono sman [47] | 84.7 98.6 846 947 846 644  86.1 73.1 811  85.2 899 985 948 | 735 750 77.0 728 956 94.5
Lite-Mono gaee [47] | 86.0 99.0 833 962 848 692 925 872 857 875 90.3 979 927 | 718 742 748 716 954 9338
Lite-Mono Large [47] | 85.5 | 99.1  86.1 97.3 83.0 63.1  94.8 86.6 86.3  86.9 90.0 979 949 | 709 726 747 711 935 90.9
MonoDepthy gis [14] | 79.1 989 743 957 793 553 873 69.6 762 839 902 986 912 579  56.0 61.2 57.8 97.6 919
MonoDepthy popt [14] | 79.2 964 680 833 762 665 77.4 86.4 904 921 90.7 993 899 54.2 513 564 522 984  96.7
MonoDepthy yr [14] | 81.6 983 81.0 943 729 533 863 643 779 817 85.4 985  89.9 744 744 768 743 963  89.6
DepthHints [41] | 80.1 98.8 77.8 973 766 547  94.3 733 66.5  83.1 90.6 981 911 63.1 623 66.3 614 950 911
DepthHints pope [41] | 79.5 98.0 801 959 762 580 915 60.4  T71.1 75.9 824 984 912 | 673 646 692 643 959 91.2
DepthHints yg [41] | 73.2 955  60.5 80.7 723 620 701 743 821 876 888 99.1  87.0 | 447 395 463 356 979 934
MonoDepthy gig [14] | 75.4 988 674 962 798 525  90.6 626 740 811 90.1 986  90.2 | 479 447 497 420 97.7 929
MonoDepthg yop [14] | 76.7 945 632 787 678 67.0 656 904  91.2 918 90.2 992 903 50.4 473 528 46.1 982 964
MonoDepthy g [14] | 82.4 983 704 954 823 472 887 | 685 839  86.9 86.7 99.0 886 76.1 731 771 740 973  90.5
CADepth [44] | 76.7 98.5 723 970 774 499 934 | 744 661  83.2 90.7 982 915 51.0  49.6 53.5 47.0 96.1  90.8
MonoViT [50] | 90.4 | 99.2 836 972 872 869 96.2 909 904 929 921 983 945 80.1 823 839 820 945 948

Table 5. The Resilience Rate (RR) of 10 monocular depth estimation
percentage (%). Bold: Best in col. Underline: Second best in col. Blue :

models on the NYUDepth2-C dataset.
Best in row. Red : Worst in row.

All scores are given in

Method ‘ mRR ‘ Bright Dark Contr \ Defoc Glass Motio Zoom Elast Quant \ Gaus Impul Shot ISO Pixel JPEG
AdaBinsgps [1] | 85.8 | 97.8 908 887 | 862 894 919 694 954 956 | 687 705 795 698 987 953
BTSgso[22] | 80.6 | 969 833 837 | 755 841 87.6 715 932 934 | 63.6 556 69.3 59.9 98.1 940
AdaBinsgso [1] | 81.6 | 97.5 840 844 | 785 855 897 725 945 931 | 644 571 711 616 967 937
DPTvyirp [32] | 95.3 | 100.0 947 949 | 97.9 965 97.8 8.9 997 966 | 926 911 936 927 960 956
SImIPU o [24] | 925 | 975 912 87.9 | 93.0 954 955 90.3 986 97.0 | 852 842 876 858 995 99.0
SIMIPU pmagenec [24] | 85.0 | 967  83.3 825 | 824 877 894 765 918 941 | 734 TL0 775 729 996 963
SimIPUrr [24] | 916 | 98.0 911 863 | 93.0 97.0 967 892 994 970 | 826 8.1 840 810 99.7 986
SimIPU wagmoopen [24] | 85.7 | 96.6 861 795 | 81.9 889 908 786 983 942 | 741 712 772 720 996 97.1
DepthFormer syinrix [25] | 87.3 | 975 824 874 | 801 846 925 80.0 943 923 | 80.7 776 8.3 794 959 938
DepthFormer syinroo [25] | 94.2 | 98.6  93.0 96.0 | 955 90.6 964 835 97.2 964 | 920 923 932 922 984 976
bustness of different variants of MonoDepth2 [ 14] and show bustness. The first row in Fig. 5 highlights that MDE mod-

their DEE scores in Fig. 4. We observe that the pure monoc-
ular input is helping the model retain resilience again most
of the corruptions. Using stereo inputs, however, lead to ro-
bustness degradation compared to the monocular and mix
versions. We conjecture that this is mainly because MDE
models trained with stereo pairs rely more on the scene
structural consistency between left and right images, where
such requirements could be destroyed by feeding in cor-
rupted data. Such constraints could be relaxed if the model
is trained on monocular sequences.

Observation 3: Pretraining Strategy - rransferring
knowledge from other tasks, such as ImageNet classifica-
tion, brings strengths and weaknesses in the model’s ro-

els pretrained on object-centric datasets, e.g., ImageNet, are
more robust against corruptions by weather/lighting condi-
tions (except for ‘snow’) and data processing noises, which
are mostly texture-shifted corruptions. Motion and sensor
corruptions, however, contain more edge and object dis-
tortions and could be eased by models without ImageNet
pretraining. This implies that the CNN-based MDE mod-
els like MonoDepth?2 [14] could become more shape-biased
when pretrained on object-centric datasets. More evidence
from the results on the KITTI-S dataset in the Appendix fur-
ther verifies this finding, where the stylized data are causing
less degradation for these MDE models.

Observation 4: Input Resolution - training and testing
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Figure 6. Qualitative results of different MDE models under defined corruption types (from severity level 3) in the KITTI-C dataset.

on images with higher resolutions tend to yield more robust
MDE models. From the results shown in the second row
of Fig. 5, we can observe that MDE models trained with
high resolutions will likely yield more robust feature learn-
ing on noise-contaminated corruptions, including Gaussian,
impulse, shot, and ISO noises. Since these noises affect
the global pixel distribution instead of the local one, the
CNN-based MDE models trained with high-resolution im-
ages will be able to capture more fine-grained information
to suppress the degradation caused by noises.

Observation 5: Learning Paradigm - the supervised and
self-supervised learning result in different sensitivities in

model’s robustness. From the third row of Fig. 3 we can
observe that the self-supervised MDE models are less sen-
sitive to lighting changes and motion blurs, compared to the
supervised models. Both models suffer from the noises and
behave robustly against lossy image compressions.

5. Conclusion

In this work, we establish the RoboDepth benchmark
for probing the out-of-distribution robustness of monocu-
lar depth estimation models under corruptions. We intro-
duce three new datasets and two metrics for evaluating the
robustness of both indoor and outdoor MDE models. Our
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Figure 7. Qualitative results of five monocular depth estimation models on the KITTI-S dataset, including MonoDepth2 [14], DIFFNet [51],
RA-Depth [31], Lite-Mono [47], and MonoViT [50]. The lighter regions correspond to near distances and vice versa. Best viewed in color.
Zoomed-in for more details.

results reveal the importance of robustness probing among
modern MDE algorithms and summarize the design consid-
erations in terms of architecture, modality, pertaining, reso-
lution, efc. We hope this work could lay a solid foundation
for the development of robust MDE techniques.
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