
1. Supplementary Material

1.1. Ablation

To understand the effects of the augmentations chosen,
we carry out another ablation study, first breaking down the
augmentations into three categories; weather, image degra-
dation and positional augmentation, where weather also
contains time-related augmentations. We use Robust-Depth
to train individual models, selecting just the augmentations
from each category. The results of each of these models,
when tested on both the sunny and bad weather data, are
shown in Table 1. Robust-Depth uses a CNN-based archi-
tecture throughout the experiments in Tables 1 and 2. An
interesting finding of this study is that positional augmen-
tations seem to significantly improve the capability of the
depth network on unaugmented images. This signifies that
the positional augmentations are helping the network de-
velop a wider variety of cues to estimate depth.

Method Tests Abs Rel Sq Rel RMSE δ < 1.25 δ < 1.252 δ < 1.253

Robust-Depth Sunny 0.115 0.937 4.840 0.873 0.959 0.981
Bad w. 0.133 1.115 5.259 0.842 0.948 0.977

Weather Sunny 0.120 0.889 4.845 0.864 0.958 0.981
Bad w. 0.145 1.089 5.512 0.808 0.935 0.974

Img. degradation Sunny 0.123 1.000 5.049 0.860 0.954 0.979
Bad w. 0.181 1.654 6.512 0.741 0.900 0.953

Positional aug. Sunny 0.111 0.897 4.740 0.884 0.961 0.982
Bad w. 0.301 3.002 9.268 0.510 0.760 0.878

Table 1. Ablation 2: We split the augmentations into three cate-
gories; weather, corruption and positional augmentations. Each
uses pretrained ImageNet [3] weights and a data resolution of
640×192.

As would be expected, positional augmentations does
not help the network with other domains or lead to greater
overall robustness. Furthermore, the bad weather test,
which contains weather and image degradation augmenta-
tions, sees the greatest benefit when training with all aug-
mentations. Indicating that no single augmentation is most
beneficial for multiple domains.

Method Tests Abs Rel Sq Rel RMSE δ < 1.25 δ < 1.252 δ < 1.253

Vertical Sunny 0.120 0.995 4.949 0.868 0.957 0.980
Bad w. 0.288 3.194 8.597 0.555 0.790 0.901

Tile Sunny 0.117 0.901 4.819 0.871 0.958 0.981
Bad w. 0.313 3.184 9.475 0.497 0.748 0.875

Rand. Erase Sunny 0.119 0.985 4.953 0.871 0.957 0.980
Bad w. 0.256 2.368 7.967 0.589 0.819 0.921

Scale Sunny 0.119 1.040 4.937 0.869 0.958 0.981
Bad w. 0.300 3.022 8.927 0.525 0.769 0.884

Table 2. Ablation 3: We further break down positional augmen-
tations into vertical cropping, tiling cropping, random erase and
scaling. Each uses pretrained ImageNet [3] weights and a data
resolution of 640×192.

We now further explore each subcategory. We break po-
sitional augmentations into its components; vertical crop-
ping, tiling, random erase and scaling. Table 2 demon-
strates that each individual positional augmentation does
not lead to an improved performance for depth estimation
when compared to the baseline of Monodepth2 [5]. We
believe these positional augmentations largely benefit from
each other, and an over-reliance on each individual augmen-

tation leads to the worsening of the depth network’s stan-
dard cues.

Another interesting finding shown in Table 2, is that tile
cropping augmentation gives rise to the lowest sunny er-
ror, suggesting that a greater local region understanding is
the most beneficial feature of positional augmentation, at
least for a CNN-based backbone. On top of that, random
erase leads to the best robust performance for bad weather
testing. This is because random erase aims to improve the
model’s capabilities with occlusion, and many weather and
corruption-related augmentations would benefit from this.

1.2. Eigen Benchmark

We provide the test results from the KITTI dataset with
the improved ground truth data. The improved ground truth
results, shown in Table 3, look very similar to Table 2 from
the main paper. Robust-Depth can maintain sunny depth
quality while improving the quality on the bad weather test
set. In other words, it is more robust to weather changes and
image degradation while maintaining capabilities in sunny
scenes. Furthermore, Robust-Depth∗, uses MonoViT [16]
as a backbone and shows greater overall performance for
bad weather testing yet competitive performance for the
sunny test.

Method Tests Abs Rel Sq Rel RMSE δ < 1.25 δ < 1.252 δ < 1.253

Monodepth2 [5] Sunny 0.090 0.545 3.942 0.914 0.983 0.995
Bad w. 0.223 2.136 7.464 0.654 0.850 0.931

HR-Depth [7] Sunny 0.085 0.471 3.769 0.919 0.985 0.996
Bad w. 0.251 2.331 8.093 0.590 0.814 0.912

CADepth [14] Sunny 0.080 0.450 3.649 0.927 0.986 0.996
Bad w. 0.243 2.252 7.761 0.611 0.824 0.919

DIFFNet† [17]
Sunny 0.076 0.412 3.494 0.935 0.988 0.996
Bad w. 0.183 1.542 6.842 0.717 0.888 0.949

MonoViT [16] Sunny 0.075 0.389 3.419 0.938 0.989 0.997
Bad w. 0.148 1.133 5.931 0.785 0.930 0.972

Robust-Depth Sunny 0.091 0.579 3.975 0.912 0.981 0.994
Bad w. 0.110 0.777 4.511 0.879 0.969 0.990

Robust-Depth∗ Sunny 0.077 0.417 3.548 0.932 0.988 0.997
Bad w. 0.093 0.583 4.130 0.904 0.979 0.994

Table 3. Eigen improved ground truth test: All tests are per-
formed at a resolution of 640×192 and pretrained with ImageNet
[3] weights.

1.3. Qualitative results

To show how our model can handle changes in do-
mains, we also present qualitative results from some out-
of-distribution data. Specifically, we will be looking at
DrivingStereo [15], Foggy CityScape [11, 2] and Nuscenes-
Night [1].

Figure 1 clearly demonstrates the visual improvements
in our method compared with Monodepth2 and MonoViT.
Our method learns to ignore fog in scenes and predict realis-
tic depth. Methods like Monodepth2 display poor depth es-
timations in foggy scenes, and even current SotA models are
unable to reconstruct sharp edges around objects when in
the foggy domain. Robust-Depth generalises to this dataset
and solves both issues without seeing this dataset.

In Figure 2, we evaluate our method in the nighttime do-
main. We see this is a much more challenging domain due



Figure 1. Demonstrating the qualitative results on the Foggy CityScape test dataset.

Figure 2. Demonstrating the qualitative results on the NuScenes Night test dataset.

to illuminations and lack of texture changes. Nevertheless,
results indicate that our model can more clearly see objects
and infer smoother surfaces.

Furthermore, we look at the DrivingStereo dataset with
all four domains; sunny, rainy, foggy and cloudy in Figure
3. Clear and significant improvements can be seen when

comparing Robust-Depth to Monodepth2. Also, the differ-
ence between MonoViT and our Robust-Depth∗ shows finer
advancements in all presented qualitative results. Most im-
provements with this backbone involve finer details in edge
definition and smoother depth maps.

Further qualitative results on the KITTI Eigen test are




