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Abstract. Recent foundational depth estimation models achieve im-
pressive accuracy on various scenes. However, due to their black box
nature, we lack knowledge about how they utilize the input for their pre-
dictions, and hence about their applicability to domains sparsely covered
by labeled datasets. This paper, therefore, applies occlusion to investi-
gate the influence of the input on different parts of the predicted depth
maps for underwater scenes. Our results show that foundational depth
estimation models combine global and local features to estimate relative
distance, and that their influence differs significantly between the back-
ground and the rest of the scene. This suggests that extending post-hoc
explanations to consider relationships between multiple input and out-
put features can enrich our understanding of monocular depth estimation
models and potentially help to gauge their applicability to new domains.

Keywords: Computer Vision, Monocular Depth Estimation, Deep Learn-
ing, Explainable AI

1 Introduction

Image-based depth estimation is utilized for various tasks, like image dehaz-
ing and novel view synthesis. Foundational deep-learning models for monocular
depth estimation have recently gained popularity due to their ability to infer
distances from a single input frame. In contrast to earlier deep-learning models,
they are trained on a mixture of images from multiple domains, aiming to gen-
eralize performance [10,12,13]. However, like other deep-learning models, their
large and complex architecture makes them non-interpretable (black-box na-
ture) [11]. The resulting lack of knowledge about how they utilize input images
to generate predictions and hence how inputs whose features differ from those in
the training and evaluation sets affect the predictions impedes their application
to safety critical tasks, like robotic control, and to domains only sparsely covered
by available labeled data sets, like underwater scenes. Explainability methods
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aim to make AI systems’ reasoning, model, or evidence for a decision understand-
able to humans [11]. Their application could, therefore, address the challenges
introduced by the black-box nature of monocular depth models by exposing how
input features influence depth estimation and allowing users to analyze to what
degree emerging patterns in this mapping apply to a target domain.

However, the only paper generating post-hoc explanations for such a founda-
tional model studies the effects of a single depth cue in a simple scene [3]. Other
work on explainable depth estimation focuses on the effects of the input on a
single target, either the prediction as a whole [4,7] or a single inserted object [6].
In contrast, we investigate how spatial input features influence multiple different
regions in the predictions of foundational monocular depth estimation models.
We study this on images of underwater scenes, which differ in both content and
appearance from terrestrial images [8], and are only sparsely covered by labeled
training data. We apply occlusion, a perturbation-based explainability method,
to quantify the influence of the input on multiple target regions for two such
transformer-based depth estimation models, Depth Anything v1 [12] and v2 [13]
(DA-V1, DA-V2). We show that the importance of input features differs between
target regions in the prediction, especially between the background and parts
that depict objects. Hence, extending post-hoc explanations to multiple targets
in the prediction can enrich our understanding of depth estimation models.

2 Related work

Work on explainable AI largely focuses on regression, classification, and segmen-
tation [11]. The outputs of these tasks are generally single scalars or discrete
labels. In contrast, dense depth estimation predicts a depth map for each input,
typically a 2D array of continuous values. This expands the space of possible
mappings between the input and output, allowing for more complex relation-
ships. We aim to generate new insights into this relationship for depth estimation
by generating explanations that capture the influence of the input features on
multiple target regions. In contrast, previous work explaining monocular depth
models analyzes how the input influences a single target, the predicted depth
map as a whole [4,7] or the predicted distance to a specific object [3,6].

In this context, occlusion has been applied to learn a mask that simultane-
ously minimizes the difference between predictions for the occluded and original
image, and maximizes sparseness of the non-occluding weights [7]. By visualiz-
ing the mask, the authors identified edges, areas inside some objects, and the
region around the vanishing point as especially influential for indoor and driving
scenes [7]. While this provides fine-grained information about the magnitude of
influence of input features on the overall prediction, it does not capture how
the depth map changes. Another paper studied how manipulating features of a
single object overlayed on a driving scene affects the predicted distance to this
object [6]. They found that CNN-based models rely on the size and position of
its shadow [6]. They describe how these input features influence a specific part of
the prediction, but do not consider the potential influence of the scene context.
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A more recent paper that applied style transfer, and compared the resulting
prediction errors, showed that CNN-based depth prediction models rely more on
textures and transformer-based models more on shape [4]. Since earlier work was
conducted on CNN-based models [7,6], while foundational depth estimation mod-
els like DA-V1 and DA-V2 integrate transformers in their architecture[12,13],
this indicates, the earlier results might not transfer to current models, especially
in light of the associated performance gains. Only the most recent paper included
a transformer-based foundational model in its analysis [3]. Using synthetic data
depicting cylindrical objects of different sizes, the authors conclude that this
model utilizes relative size as a depth cue [3]. However, they do not describe
how the presence of a second non-manipulated object influences the prediction.
This further highlights the need for research on how current models utilize their
input for monocular depth prediction, which we study in this paper.

3 Methods

To gain insight into how spatial features of the RGB input images influence
foundational depth estimation models, we apply occlusion. This perturbation-
based explainability method is model-agnostic and does not utilize gradients,
making it suitable for pre-trained models and easy to extend to multiple targets.

We split the input frame into m regions Rin ∈ R2 and measure the difference
between the depth map predicted for the original image P ∗ and for the image
after occluding a region Roccl in the input P (Roccl), i.e. setting the RGB values
inside Roccl to [0, 0, 0]. Following Equation 1, we calculate attribution values
Ai,j,k,l ∈ R4 for each pixel in the input Ii,j on each pixel in the output Pk,l, with
nR(i, j) as the number of input regions Rin that contain a pixel Ii,j .

Ai,j,k,l =
1

nR(i, j)

∑
Rin∈I

P ∗
i,j,k,l 9 P

(Roccl)
i,j,k,l (1)

To quantify the input’s influence on a target region Rout in the predicted
depth map, we consider three aggregation functions fa. To capture the full mag-
nitude of influence, we average the absolute attribution values, i.e. fabs(Ai,j,k,l) =

1
|Rout|

∑
Pk,l∈Rout

|Ai,j,k,l|. We compute additional, separate means of just the
positive (fpos) and just the negative (fneg) attribution values. These describe
how much the features in the manipulated region push the predicted distance to
a target region towards or away from the camera, respectively.

Inspired by distance-dependent appearance shifts in underwater images and
the varying degrees of resemblance between underwater and terrestrial objects,
we group pixels by their semantic class or predicted distance to form target
regions and input regions that are occluded together. The semantic classes are
given by preexisting annotations. The distance-based depth bins are generated
by clustering pixels according to their prediction value in P ∗ using Multi-Otsu
thresholding [9]. In order of increasing distance, we call them "front", "mf",
"mid", "mb", and "back". We generate additional attribution maps by occluding
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regions inside a sliding window of size swindow ∈ N2 moving it across the input
with stride sstride ∈ N. To balance the resolution of the attribution maps in
terms of input and output, predictions are down-sampled to size hin×win

s2stride
.

We quantify the influence of local features, i.e. features of the input region
covering the same 2D region as the target in the output, compared to global fea-
tures, i.e. parts of the input outside this region, using the Jaccard dissimilarity
between a semantic region or depth bin Mclass and the region Mtop(A) that cov-
ers the highest ntop absolute values within an attribution map A (see Equations
2 and 3). We generate Mtop(A) for two choices of ntop, 10% of the size of the
attribution map (ntop,10) and the highest amount of attribution values that can
fit within the mask Mclass (ntop,fit).

Mtop,i,j(fa(A)) =

{
1 if ai,j >= asorted[ntop]

0 otherwise
(2)

dJaccard(Mclass,Mtop) = 1 9
|Mclass ∩Mattr|
|Mclass ∪Mtop|

(3)

Datasets and Models All experiments are conducted on the TEST split of
SUIM dataset [8]. It provides 110 pairs of images of underwater scenes and asso-
ciated masks with human annotations assigning one of eight classes to each pixel:
background water body (water), human diver (diver), aquatic plants and sea-
grass (plant), wrecks or ruins (ruin), robots including AUVs/ROVs/instruments
(robot), reefs and invertebrates (reef), fish and vertebrates (fish), or seafloor and
rocks (rock). We study two recent transformer-based models, DA-V1 [12] and
DA-V2[13]. They mainly differ in the training data for their teacher models, real
and synthetic images for DA-V1, and only synthetic images for DA-V2 [12,13].
Neither selects SUIM as part of their training datasets [12,13]. Since most of
the included labeled data sets target scenarios that exclude underwater images
[12,13], images from this domain make up a small fraction of the training data.

Implementation details All experiments were implemented with PyTorch
and Captum. We utilize pre-trained models from Hugging Face [2,1].For the
sliding window approach, we use swindow = (16, 16) and sstride = 8. Images with
more than 800000 pixels were reduced to that size using bilinear interpolation.

4 Results

An initial analysis of the cosine similarity of attribution maps generated with
the sliding window shows that DA-V1 and DA-V2 use different input regions
to predict distances for different target regions (see Table 1). The mean cosine
similarities ranging from 0.80 to 0.93 between fabs(A) maps indicate a high but
not complete overlap between the most influential input regions on predictions
for the whole image and the distance/semantic class based target regions. There
is a higher variation in this overlap for fpos(A) or fneg(A). A one-way ANOVA
test on these cosine similarities shows that the differences in attribution maps
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Table 1: Summary and ANOVA test statistics describing cosine similarities be-
tween attribution maps fa(A) targeting full predictions and regions of interest,
with H0: "The mean similarities are the same for each ROI of the same type".

DA-V1 DA-V2

mean std p η2 mean std p η2

semantic
regions

fabs 0.84 0.11 1·1097 0.11 0.80 0.12 2·10912 0.17
fneg 0.64 0.19 8·1097 0.11 0.49 0.24 5·10913 0.17
fpos 0.81 0.12 7·10913 0.051 0.81 0.44 0.19 0.026

depth
bins

fabs 0.91 0.093 1·1097 0.11 0.93 0.072 7·10944 0.32
fneg 0.69 0.23 8·1097 0.11 0.47 0.31 2·1097 0.11
fpos 0.80 0.20 7·10913 0.051 0.89 0.14 1·10919 0.15
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Fig. 1: Jaccard distances between the ntop highest attributions Mtop(fabs(A))
and the semantic regions Mclass for DA-V1 (left) and DA-V2 (right).

between different semantic regions and depth bins are statistically significant (p
< 0.05) in all but one case. The moderate to large effect sizes η indicate that
differences between these classes explain parts of the variance in the influence
different regions in the input have on different regions in the models’ output.

Semantic Classes A one-way ANOVA test comparing the Jaccard distances
between semantic target regions and the associated most influential input regions
shows significant differences in the importance of local compared to global fea-
tures between the semantic classes for both models and for all three aggregation
functions. According to post-hoc t-tests on fabs(A), for DA-V2, these differences
are statistically significant when comparing "water" to any other semantic class
(see Table 2b). Except for the pair ("water", "plant"), this applies independent
of the choice of ntop. For DA-V1 differences in these Jaccard distances are again
significant for all pairs that include "water" (see Table 2a) ntop,fit. However,
the pair ("water", "fish") is the only one for which we find a statistically signifi-
cant difference for both choices of ntop. Overall, the distributions of the Jaccard
distances indicate that a large proportion of the ntop,10 most influential input
pixels lie outside each semantic target region (see Figure 1). The distances are
considerably lower for ntop,fit. Notably, for this threshold, both models utilize
more local features for "water" than for any other semantic class as indicated
by the especially low Jaccard distances.
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Table 2: p-values of a t-test testing H0: "The mean Jaccard distances be-
tween class regions Mclass and the associated most influential input regions
Mtop(fabs(A)) are the same for each semantic class".

(a) DA-V1

ntop,10 ntop,fit
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diver 0.37 1·10912

fish 0.023 1.0 2·10915 1.0
floor 1.0 0.55 0.098 2·1096 1.0 1.0
plant 1.0 1.0 1.0 1.0 3·1094 1.0 1.0 1.0
reef 1.0 0.46 0.072 1.0 1.0 6·1095 0.19 0.34 1.0 1.0
robot 1.0 1.0 0.86 1.0 1.0 1.0 2·1095 1.0 1.0 1.0 1.0 0.35
ruin 1.0 0.12 0.015 1.0 1.0 1.0 1.0 5·1094 1.0 1.0 1.0 1.0 1.0 1.0

(b) DA-V2

ntop,10 ntop,fit
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diver 7·1095 7·10922

fish 0.026 1.0 2·10936 1.0
floor 2·1094 1.0 1.0 3·10918 0.18 0.32
plant 1.0 1.0 1.0 1.0 4·1095 1.0 1.0 1.0
reef 0.014 1.0 1.0 1.0 1.0 1·10911 2·1095 8·1096 0.39 1.0
robot 3·1095 1.0 0.018 0.37 1.0 0.16 1·1096 1.0 1.0 0.10 1.0 2·1093

ruin 6·1098 1.0 2·1093 0.11 1.0 0.05 1.0 3·1099 1.0 1.0 1.0 1.0 0.38 0.51

We also analyze the influence of occluding all input pixels associated with
each semantic class at once. According to the resulting mean relative attribution
values normalized by the number of occluded pixels, the prediction for any region
is influenced most by occluding the region itself (see Figure 2). While the mean-
ingfulness of analyzing inhomogeneous pairs is generally limited by the number
of images showing both classes, most images depict the water column. For both
models, the influence relationship between "water" and "fish" or "diver" regions
is noticeably asymmetric. The influence of occluding the background water col-
umn on the predictions for "fish" or "diver" regions is higher than the influence
of occluding those regions on "water".

Predicted Distance According to a one-way ANOVA test, the Jaccard dis-
tances between depth bins and the associated top attribution regions differ sig-
nificantly between the depth bins. The test indicates statistical significance for all
models and aggregation functions independent of the choice for ntop, except when
selecting the ntop,10 top values in fpos(A) for DA-V1. Because the depth bins are
ordered by distance, we conduct post-hoc t-tests on the direction-sensitive at-
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Fig. 2: Means of relative attributions using fabs(A) when occluding full semantic
regions for DA-V1 (left) & DA-V2 (right), normalized by the occluded area.
Values in the heatmap were scaled by factor 105.
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Fig. 3: Jaccard distance between the depth bins Mclass and the top associated
attribution values Mtop(fa(A)) for DA-V1 (top) and DA-V2 (bottom).

tribution maps fpos(A) and fneg(A) (see Table 3), skipping the combination for
which the ANOVA test showed no significance. Save for one exception for DA-
V2, there are significant differences in these Jaccard distances between "back"
and all other depth bins for fneg(A). Furthermore, all pairs showing significant
differences in these distances include "back" or "mb". Generally, the distribution
of the Jaccard distances indicates that a large proportion of the most relevant
features for each depth bin are located outside it (see Figure 3). For the ntop,fit

top attribution values, the median distances for "back" and "mb" decrease, in-
dicating a higher influence of local features for these depth bins.

When occluding whole depth bins, occluding the target bin itself is associ-
ated with the highest absolute mean relative values in fneg(A) (see Figures 4a
and 4c). This indicates that the features that most strongly indicating a larger
distance to any target bin to either model are located within the same depth
bin. The absolute values calculated using fneg are lower for pairs that are farther
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Table 3: p-values of a t-test testing H0: "The mean Jaccard distances between
depth bins Mclass and the associated most influential input regions Mtop(fa(A))
are the same for each depth bin".

(a) DA-V1

ntop,10 ntop,fit

fneg(A) fneg(A) fpos(A)

back mb mid mf back mb mid mf back mb mid mf

mb 0.39 1·10925 2·10915

mid 0.44 1.7·1094 1·10941 9·1095 9·10921 0.57
mf 0.041 6.7·1095 1.0 3·10934 4·1096 1.0 9·10922 0.41 1.0
front 1.0 0.78 0.58 0.083 5·10935 0.019 1.0 0.62 5·10917 1.0 1.0 1.0

(b) DA-V2

fneg(A) fpos(A)

back mb mid mf back mb mid mf

ntop,10

mb 1.0 4·1094

mid 0.023 2·1093 8·1098 0.69
mf 6·1094 6·1094 1.0 4·1096 1.0 1.0
front 4·1094 4·1095 1.0 1.0 2·1093 1.0 0.85 1.0

ntop,fit

mb 2·10930 6·10924

mid 1·10947 3·1096 3·10937 7·1094

mf 4·10948 9·1098 1.0 1·10934 4·1093 1.0
front 3·10950 3·10911 0.085 0.81 5·10929 0.31 1.0 1.0

away from each other, indicating a closer link between regions at more similar
depths. Furthermore, we find that the influence between inhomogeneous pairs
is asymmetric for both aggregation functions (see Figure 4). With only two ex-
ceptions, the absolute values of attributions associated with occluding a closer
region and the prediction for any farther away region as the target are higher
than those associated with the opposing occluded and target regions.

5 Discussion & Conclusions

Overall, our results show that DA-V1 and DA-V2 utilize a combination of fea-
tures within and outside each target region to produce predictions for that region.
The high Jaccard distances between target regions and the input regions with
the highest influence on them indicate that DA-V1’s and DA-V2’s predictions
strongly depend on the overall context of the scene. At the same time, we would
expect the influence of occluding a full region relative to its size to be evenly
distributed among present target classes if it reflected only the information it
provides about the overall scene. Hence, the high influence of occluding a region
on its own prediction indicates that the models also utilize local features, likely
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Fig. 4: Means of relative attribution values when occluding full depth bins, nor-
malized by the occluded area. Values in the heatmaps were scaled by factor 105.

the region’s texture or color, since the shape and position of the black silhouette
resulting from its occlusion match those of the target region. The high similarity
in patterns found for DA-V1 and DA-V2 indicates that the generated attribu-
tion maps are consistent between functionally similar models, which is one of the
characteristics of good explanations [11]. Combining context and local features
also aligns well with depth cues used by humans such as relative texture, and
changes in color and saturation related to aerial perspective [5]. This alignment
further supports the potential of the attribution maps as post-hoc explanations.
While more research is needed to verify whether the mechanisms of foundational
depth estimation models align with human cognition, this also suggests that such
models can identify and combine relevant depth cues in underwater scenes.

Furthermore, we show that the influence of input regions differs significantly
between different regions in the predicted depth maps. This is illustrated by the
asymmetric influence relationships between the depth bins that indicates that
closer regions have a stronger effect on the predictions. Both the results for se-
mantic regions and the depth bins show that the relative importance of local and
global features particularly differs between the background ("water", "back",
"mb") and the rest of the scene. Although the background contains fewer edges,
contrast, and objects whose presence is linked to influential features identified
by earlier work [3,4,6,7], a higher proportion of influential features are located
within the background. However, the smoothness of the background might be a
relevant cue in itself. At some distance from the camera, any details blur and be-
come hazy making the background appear flat. Although this happens at closer
distances underwater, a similar effect can be observed in terrestrial scenes.

In conclusion, although our work is limited by the pre-selection of target
regions and potential biases due to the introduction of additional edges dur-
ing occlusion, we show that extending post-hoc explanations to multiple target
regions can enrich our understanding of the influence of the input on 2D predic-
tions. Promising directions for future work include investigating which features of
predicted regions lead to differences in the importance of input regions or higher-
level input features, and adapting gradient-based explainability methods to this
task. In addition, extending the experiments to additional models or datasets,
especially ones that depict other domains or include ground truth, could help
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to distinguish to what degree the identified patterns generalize between models
and domains, or are related to a domain gap between underwater images and
training data.
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a European Union’s Horizon 2020 research and innovation program under the Marie
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