Atlantis: Enabling Underwater Depth Estimation with Stable Diffusion

Supplementary Material

In this supplementary material, we first showcase more
underwater images generated in Atlantis. Then, we provide
more visual results on unseen real underwater scenes from
UIEB [5] and SQUID [2] datasets, as well as more under-
water image enhancement results using improved depth.

1. More Examples in Atlantis

Here, we present more examples from our underwater depth
dataset, Atlantis, along with the terrestrial depth maps used
for image generation in Figure 1. These images highlight
the effectiveness of our dataset in maintaining the structure
of the original depth maps while introducing a diverse range
of underwater textures, lighting conditions, and color casts
in the generated images. The realistic and varied under-
water scenes, coupled with corresponding accurate depth
maps, are instrumental in training depth estimation models
specifically for underwater applications and improve their
performance on unseen real underwater images.

2. More Qualitative Results

We provide more qualitative results of UIEB [5] dataset in
Figures 2 to 8. These results show a significant domain
gap in the depth estimates produced by pretrained terres-
trial models across all four methods. This gap is evident in
unclear scene layouts, ambiguous depth assignments, and
inaccurate distance estimation for water bodies, often ac-
companied by severe artifacts. For clear underwater images
(e.g., Seahorse images in Figure 2 and Tank image in Fig-
ure 3), some pretrained models struggle to distinguish fore-
ground objects from the background. The challenge is more
evident in dimly lit scenes (e.g., the 4th image in Figure 3),
where models frequently fail to produce plausible depths. In
contrast, models trained on Atlantis show evident improve-
ment when compared to their competitors. They accurately
estimate depths, preserve scene layouts, and create distinct
edges in depth maps. Water bodies are correctly identi-
fied as distant, and foreground objects are more prominently
featured, which is crucial for applications like Autonomous
Underwater Vehicle (AUV) navigation.

Further, we provide more visual results from the SQUID
dataset [2] in Figures 9 to 11. Images in it pose greater
challenges due to increased turbidity and color cast. Pre-
trained models generally fail to estimate depths accurately
in many scenes (e.g., the 1st image in Figure 9, the 2nd
image in Figure 10 and most images in Figure 11). How-
ever, models trained on Atlantis significantly outperform
their pretrained counterparts, yielding plausible depth maps
with better scene layout preservation and object discrimi-

nation. Notably, in complex cases like those in Figure 11,
depths estimated by models trained on Atlantis occasion-
ally appear more reliable than the dataset’s reference depth
maps, which are derived from stereo pairs.

These results collectively underscore the effectiveness
and generalization of Atlantis in enhancing the performance
of terrestrial depth models for underwater depth estima-
tion, offering a straightforward and effective solution for
this challenging task.

3. More Enhancement Results

We provide more visual results of Sea-thru [1] enhancement
utilizing the improved depth outputs by models trained on
Atlantis in Figure 12. The appealing visual results of en-
chanced images confirm the effectiveness of the improved
depth and the practical utility of our dataset in assisting un-
derwater image enhancement.

4. Discussions

While Atlantis has brought promising improvements in un-
derwater depth estimation, it’s worth noting that this is
just the initial version, featuring a relatively smaller sam-
ple size compared to KITTI [3] and NYU Depthv2 [9].
Currently, Atlantis comprises only 3,200 data pairs, gener-
ated using a limited set of 700 underwater images for the
Depth2Underwater ControlNet training and 400 outdoor
depth maps for underwater image generation. Despite its ef-
ficacy, there are substantial opportunities for enhancing the
dataset’s quality and diversity, e.g., incorporating a broader
range of underwater images for ControlNet pretraining and
generating more varied data. Although we currently employ
relative depth for its convenience and compatibility with
state-of-the-art depth models, exploring the integration of
absolute metric depth in the whole data generation pipeline
is a promising avenue, which remains as our future work.
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Figure 2. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 3. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 4. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 5. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 6. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.



e

Input iDisc (K) iDisc (N) iDisc (A) NeWCREFs (K) NeWCRFs (N) NeWCRFs (A)

> "“;\\ - --
t’ {

IEBins (K) IEBins (N) IEBins (A)  VA-DepthNet (K) VA-DepthNet (N) VA-DepthNet (A)

<

iDisc (N) iDisc (A) NeWCREFs (K) NeWCRFs (N) NeWCRFs (A)

- .
)

IEBins (K) IEBins (N) IEBins (A)  VA-DepthNet (K) VA-DepthNet (N) VA-DepthNet (A)

Sel el TRR

Input iDisc (K) iDisc (N) iDisc (A) NeWCREFs (K) NeWCRFs (N) NeWCRFs (A)

Reant] L Rt

IEBins (K) IEBins (N) IEBins (A)  VA-DepthNet (K) VA-DepthNet (N) VA-DepthNet (A)

e .

" Input iDisc (K) iDisc (N) iDisc (A) NeWCRFs (K) NeWCRFs (N)  NeWCRFs (A)

T g

IEBins (K) IEBins (N) IEBins (A)  VA-DepthNet (K) VA-DepthNet (N) VA-DepthNet (A)

';t‘ s

iDisc (K) iDisc (N) iDisc (A) NeWCRFs (K) NeWCRFs (N) NeWCRFs (A)

IEBins (K) IEBins (N) IEBins (A) VA-DepthNet (K) VA-DepthNet (N) VA-DepthNet (A)
Figure 7. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 8. Qualitative results on test set of UIEB dataset [5]. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and
A represents the models trained on Atlantis. Depth results are evidently improved after training on Atlantis.
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Figure 9. Qualitative results on SQUID [2] dataset. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and A
represents the models trained on Arlantis. Depth results are evidently improved after training on Atlantis.
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Figure 10. Qualitative results on SQUID [2] dataset. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and A
represents the models trained on Arlantis. Depth results are evidently improved after training on Atlantis.
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Figure 11. Qualitative results on SQUID [2] dataset. K, N denote pretrained models of KITTI [3], NYU Depthv2 [9] datasets and A
represents the models trained on Arlantis. Depth results are evidently improved after training on Atlantis.
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Figure 12. More underwater image enhancement results using the improved depth on images from UIEB dataset [5]. Enhancement outputs
well show the practical utility of Atlantis on training depth models for reliable underwater depth estimation.
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