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Abstract—In this paper, we tackle the novel computer vision
problem of depth estimation through a translucent barrier.
This is an important problem for robotics when manipulating
objects through plastic wrapping, or when predicting the
depth of items behind a translucent barrier for manipulation.
We propose two approaches for providing depth prediction
models the ability to see through translucent barriers: removing
translucent barriers through image inpainting before passing to
standard depth prediction models as input, and directly training
depth models with images with translucent barriers. We show
that image inpainting allows standard learned monocular and
stereo depth estimation models to achieve 3 cm MAE for
predicting depth of shelved items behind plastic, whereas
training with real images with translucent barriers allows them
to achieve centimeter or sub-centimeter MAE. We demonstrate
in real robot experiments that depth-aided space estimation
allows the robot to place 46% additional items into shelves
with translucent barriers. This paper also provides a publicly
available dataset of objects occluded by translucent barriers
in a tabletop environment and a shelf environment which will
allow others to contribute to this novel problem that’s critical
for many robotic manipulation applications including suction
gripping and item packing (available at https://sites.
google.com/view/vulcan-depth—-estimation).

I. INTRODUCTION

Depth estimation is a task of key importance in robotics
since it is a prerequisite to pose estimation, manipulation,
and navigation tasks to name a few. Decades of research
have been dedicated to this problem, and multiple approaches
have been explored, including active sensing [1], [2], [3],
hardware-enabled methods [4], [5], and deep learning meth-
ods [6], [7], [8], [9]. Notably, substantial effort [10], [11]
has been dedicated to the challenging task of estimating
depth information for transparent, translucent, and reflective
surfaces, which are prevalent in everyday environments.

In this paper, we tackle a complementary problem: rather
than estimating the depth of translucent surfaces, we predict
the depth of objects through such surfaces for robotic ma-
nipulation tasks. This problem is of particular importance to
real-world applications in warehouses and manufacture lines.
For example, robots are tasked with storing billions of objects
onto shelves that secure them by translucent barriers, shown
in Fig. 1(a). Planning action primitives can be challenging
since the depth sensor will only capture the translucent bar-
rier as illustrated in Fig. 1(b - ¢). Our approach enables depth
sensing over the barrier to estimate available volume more
accurately than solely relying on 2D segmentation masks,
as shown in Fig. 1(e) over (d). This enhancement allows
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Fig. 1: (a) A shelf with translucent barriers (e.g. elastic
bands) (b) A container in the shelf and (c) the corresponding
depth from a depth sensor; (d) available space detected
in a container through 2D occupancy and (e) available
space detected through depth-based correction. Similarly, (f)
an item on a conveyor with plastic wrapping and (g) the
corresponding depth profile with the plastic wrapping.

objects previously considered oversized to be accommodated,
which increases storage space utilization. In addition, motion
primitives for barrier opening also requires object depth
behind barriers to minimize item damage.

Another application is when the objects on factory con-
veyors are wrapped in soft plastic bags and robots are tasked
with grasping them. Object depth through the plastic bag can
provide crucial shape and dimension knowledge which aids
grasp planning, as illustrated in Fig 1(f - g). In addition, depth
through soft plastic also avoids inflate object dimension when
the robot needs to pack them tightly in the storage space. Our
study on 54076 unique real-world objects with or without
plastic packaging showed by we can save 7.17% volume by
ignoring soft transparent plastic.

To our knowledge, literature in this area is focused on
estimating depth of the translucent surface and not through
it [12]. TransProteus [13], [14] contributed relevant datasets
in simulation but is limited to pure computer vision tasks. In
this paper, we explore methods for tackling the latter problem
for robotic manipulation, including learned monocular and
stereo depth estimation through translucent barriers, aug-
menting barrier-less images with synthetic renderings of bar-
riers, and generative methods that remove translucent barriers
prior to depth estimation. We compare the performance of
different depth estimation approaches and the impact on real
robots, and demonstrated that depth-aided space estimation
allows the robot to place 46% additional items into shelves
with transluscent barriers. Our models were trained and
evaluated on datasets of both real and simulation images
with translucent barriers (Sec. III). This dataset will be made
publicly available as part of the publication of this paper.

To summarize, the main contributions of our paper are:

e We introduce a new computer vision task of depth



estimation through a translucent barrier.

+ We release a dataset for training and evaluation of this
task.

o We explore various learning-based methods, and com-
pare their performance and trade-offs.

II. RELATED WORK
A. Monocular, Stereo and Multi-view Depth Estimation

Classical depth estimation approaches typically rely on
finding corresponding pixels across multiple cameras or
views and using the stereo or multi-view geometry to lift
the pixels into 3D space using triangulation [15], [16], but
often suffer in the presence of large uniform regions and
occlusions. In recent years, classical approaches are generally
outperformed by learned ones [17], [18], [19], [20], [21], [8],
[22], especially in terms of the completeness metric, includ-
ing on featureless surfaces [23]. Monocular depth estimation
through deep learning has been particularly popular [24],
[25], [26], [27], [28], [29], with approaches ranging from
encoder-decoder architectures, to architectures that provide
inductive bias, and to foundation models pretrained on large-
scale unlabeled datasets. Neural Radiance Fields (NeRF)
have shown the ability to estimate depth in a multi-view
camera setup [30] and tackle translucent and reflective sur-
faces by baking their reflective properties into the reflectance
model [31]. While a NeRF might be utilized to see through
translucent surfaces, it generally requires a large number of
cameras and training a model per scene, with generalization
across scenes still being a major challenge [32].

Unlike the previous approaches that directly estimate the
depth of uncovered surfaces, in our paper, we explore the
new task of depth estimation through translucent barriers
and evaluate several learned monocular and stereo-based
approaches in the established literature on the new task.

B. Depth sensing

Multiple depth sensing technologies have been developed
in the past decades: structured light [33], active stereo [34],
Lidar [1] and depth from focus [35] to name a few. Each
technology has its own strengths and weaknesses, but trans-
parent and translucent surfaces have always been a major
challenge for each one of them. A transparent surface reflects
light, but the reflection pattern violates the assumptions of
the sensor algorithm, such as a Lambertian surface in the
case of active stereo or a single return in the case of lidar.
C. Reflection removal, defencing and inpainting

While estimating depth from images through obstacles is
still an understudied domain, the removal of the obstacles
themselves is a very active research area. Reflection removal
from images captured through a window pane [36], removal
of fences from imagery to render an unobstructed view of
what’s behind [37], and inpainting areas in the image that are
obstructed by an obstacle [38], have been landmark problems
in computer vision. Our paper leverages these methods for
estimating depth by first rendering an unobstructed view
of our scene and then applying standard depth estimation
methods to the result. We compare this two-stage approach to
alternatives that estimate depth through the obstacle directly.

D. Depth estimation of transparent and translucent surfaces

The limitations of depth sensors in capturing data on
transparent and translucent surfaces have led to a recent
shift towards deep learning-based approaches [39], but ac-
quiring large-scale depth datasets for transparent objects is
particularly challenging. With advances in photo-realistic
simulation, many approaches [40], [41] are trained on simu-
lated data and demonstrate impressive generalizations to real
data. Datasets [13], [14] have also provided to predict depth
through such surfaces, but they are limited to simulation
environments and are focused solely on computer vision
tasks. In contrast, this paper introduces a large-scale dataset
containing both real and simulated translucent barriers with
corresponding ground truth depth data. We evaluated several
methods on this dataset for robotic manipulation tasks and
demonstrated the effectiveness of the improved depth using a
UR10-based robotic manipulation system that operates daily
in real warehouses.

ITII. DATASET

In addition to a novel problem in the space of depth
estimation, we are also releasing a dataset containing two dif-
ferent types of scenes that are commonly found in everyday
scenarios (summary see Table I). The first scene type in our
dataset has real-world and simulation shelf images broken
down into individual containers, as shown in Fig. 2(d) and
Fig. 3(d) respectively. The second scene is a tabletop scenario
with items contained in plastic packaging, shown in Fig.4.

The real-world dataset has an RGB stereo image pair
of shelves covered with translucent barriers as shown in
Fig. 2(a) and (b), a depth map of the unobstructed scene
as shown in Fig. 2(e), and corresponding RGB images of
the unobstructed scene as shown in Fig. 2(f). This dataset
includes 500 shelves with different shelf structures and
1500 unique objects randomly arranged in each image. The
RGB images were collected with industrial RGB cameras,
and the ground truth depth was collected with an active
stereo sensor. The translucent barrier (i.e. elastic bands) was
carefully attached after capturing images in the unobstructed
scene to avoid moving the contents of the shelf during
the unobstructed captures. Samples where the contents were
accidentally moved during the attachment of the bands
were algorithmically pruned out of the dataset. We also
provide data with synthetically rendered translucent barriers
on RGB images without barriers using methods described in
Section IV-B.

The simulation images are generated with Isaac Sim [42],
which is an application provided in Nvidia Omniverse [43],
and includes 1987 unique 3D scanned objects. The simulated
shelf dataset also includes RGB images with and without
barriers and depth images without barriers collected with the
same camera setup as the real shelf data, as shown in Fig. 3.
The simulated tabletop dataset consists of 10k image sets
with 6.7k objects wrapped in soft plastic and 3.3k objects
wrapped in hard plastic. Using the Nvidia Omniverse Path-
Tracing Renderer in Isaac Sim with 64 samples per pixel,
RGB and depth ground truth data are generated from each



Scenario Env. Barrier # of Images | Details
Real No bands 25,832 | RGB, depth w/o bands
Real shelf Real Real bands 51,811 RGB, depth w/ bands
Real Rendered bands 24,136 | RGB, depth w/o bands
Simulated shelf S?mulated Simulated bands 322,584 | RGB, depth w/ bands
Simulated | No bands 322,584 | RGB, depth w/o bands
. Simulated | Plastic packagin 10,000 | RGB, depth w/ container
Simulated tabletop Simulated | No plasI:ic e 10,000 | RGB, degth w/o container

TABLE I: Datasets for predicting object depth/shape behind translucent barriers

Fig. 2: (a) Left stereo image of the shelf with translucent
barriers, (b) Right stereo with translucent barriers, (c) Depth
image of the shelf without barrier (d) Container level image
without translucent bands (e) Container level image with

Fig. 3: (a) RGB without translucent barriers i.e elastic bands,
(b) RGB with translucent elastic bands, (c) Visualization
of depth without translucent elastic bands (depth values are
clipped during visualization to better illustrate shelf depth).
In addition to these, this dataset also contains RGB instance,
semantic segmentation of items in the shelves. (d) container
image without bands, (e) container image with bands (f)
corresponding ground truth depth

camera with a resolution of 2448 x 2048. The soft plastic
image sets contain ground truth data without transparent
packaging, while the hard plastic image sets only contain
data with transparent packaging. This is because the robot
can’t ignore hard plastic packaging during manipulation;
hence, our depth model needs to learn not to see through
hard plastic.

IV. APPROACH: DEPTH ESTIMATION THROUGH
TRANSLUCENT BARRIERS

In this section, we present two different approaches for
providing depth models with the ability to see through

(@) (c)

Fig. 4: (a) RGB without translucent barriers, (b) Depth image
without barrier (¢) RGB with translucent barriers, (d) Depth
with the translucent barrier. In addition to these, this dataset
also contains RGB from a stereo pair, the intrinsics and the
semantic segmentation

translucent barriers: removing barriers through image in-
painting before passing them to standard depth models as
input, and directly training depth models on images with
translucent barriers. In this paper, we refer to standard off-
the-shelf depth models that are not trained to predict depth
through translucent barriers as Baseline Models.

A. Removal of the Translucent Barriers

The first approach for seeing depth through translucent
barriers is to conduct image inpainting to remove translucent
barriers from the RGB images and then use Baseline Models
to predict depth from inpainted images, as delineated in
Fig. 5 (3). A GCANet [44], which is an end-to-end gated
context aggregation network, is used to demonstrate the
performance for image inpainting in this paper. The pre-
trained GCANet lacks generalization ability towards different
datasets with different RGB distributions, light settings,
blurriness, resolution, and field of view. We augment our
data with translucent barriers with different brightnesses
(0.6-1.2x) and RGB distributions, where we multiply each
RGB channel with a random number from a uniform dis-
tribution between (0.9—1.1). Moreover, we also augment the
data for blurriness with a boxblur filter (kernel size 1 4),
which makes the model more robust to different camera
focus and resolution. Images that has been passed through the
inpainting network will be the input image through Baseline
Models to predict the depth of the items in the scene.

B. Generating Data with Translucent Barriers

We experimented with three different approaches to gener-
ate training data for models to predict depth without barriers
using RGB images with barriers as input. The first method is
to directly render photo-realistic plastic barriers in simulation
environments to create RGB and depth image pairs with
and without translucent barriers. The second method is to
capture depth images without translucent barriers in the
real environment and then add translucent barriers before
capturing RGB images. As this method can be very time-
consuming and it is nearly impossible to add or remove



the barrier without even slightly perturbing the scene, we
also experimented with a third method that renders synthetic
barriers on real unobstructed RGB images. This allows
for more efficient data collection while still providing the
model with in-distribution data that allows it to learn to
see through translucent objects. To render synthetic barriers
on real images, we collected images of translucent bands
in front of a black background. These bands were overlaid
on the unobstructed RGB images, using alpha blending.
The location, orientation, hue, saturation, and lightness were
randomly varied as a form of data augmentation.

In the shelf environment, we use the first method to
generate simulation data with barriers as pre-training data
and then fine-tune the model on real data with barriers
generated with the second and third methods, referred to
as the Real Barrier Model and Rendered Barrier Model,
respectively. In the tabletop environment, we only use the
first method and train the models on simulation data with
barriers, referred to as Model with Barrier. These models
are trained with the same training regimen as the baseline
models.

V. APPLICATION: DEPTH-BASED PERSPECTIVE
CORRECTION

Depth estimation through translucent barriers plays a crit-
ical role in our robotic manipulation systems operating daily
in real-world warehouses, and one of the key application
is perspective correction for accurate space estimation in
shelves. We represent linear spaces in our containers as slots,
and use a depth-based perspective correction method to trans-
form 2D slots obtained from 2D object segmentation masks
into accurate 3D linear distances. Examples of additional
space discovered through perspective correction are shown
in Fig. 6.

Our space estimation algorithm for containers occluded
by translucent barriers relies on occupancy maps obtained
by segmenting items behind barriers. Raw occupancy maps
obtained from 2D RGB images are subject to perspective
errors and inflated occupancy caused by item rotation. As
our robotic manipulators are capable of consolidating spaces
by sweeping, we want to modify the raw occupancy map
to accurately represent the post-consolidation occupancy of
items in the containers. We use a combination of 2 methods
to achieve this: 1) occupancy correction through depth,
illustrated in Fig. 7; 2) linear space (slot) correction through
depth, illustrated in Fig. 8.

For easy identification of items, warehouses typically
require items to be stored closer to the front of the container.
Therefore, we can use depth maps to remove pixels on the
occupancy map that are beyond a certain percentage of the
container depth as they are usually pixels on the side of
the item. In Fig. 7, we can see that additional linear space
is identified after removing occupied pixels that are beyond
30% of the container depth.

To accurately represent the linear space (slots) in the
3D space, we utilize the geometric relationship between
camera distance to shelf and edge depth of the slots to

conduct perspective correction. As shown in Fig. 8, the
corrected slot width can be calculated as Yirye siot =

yesti'rrmted,slot/xcam,to,shelf,dist * Tslot_edge_depth -
VI. EXPERIMENT RESULTS

Our proposed approaches can be applied to any depth
prediction model architectures. Here we chose two common
low-latency models to evaluate the performance across all
different methods, including the baseline models and our
proposed approaches: 1) a customized U-Net [45]-based
monocular depth prediction model with residual connections
and ResNet [46] blocks, and 2) a stereo depth prediction
model adapted from CREStereo [47] by removing its iterative
refinement mechanism, as it contradicts with our goal of
ignoring the translucent barrier. We evaluate the performance
of the Baseline Models as well as models that learned to see
through translucent barriers described in Section IV on both
the shelf domain and the tabletop domain.

A. Real Shelf Experiment

We evaluated each of our methodologies on an evaluation
set with bands and on the same evaluation set without bands.
Table II compares the MAE (m) of different models on the
test set of real shelf images with and without translucent
barriers. The baseline monocular and stereo models are also
evaluated on inpainted images generated with the methods
described in Section IV-A. Example images of predicted
depth from different models are shown in Fig. 10. Fig. 9a
provides error curves for the different models, where we
show the percentage of pixels in the dataset that have an
MAE above a given threshold. In these cases, lower curves
are better.

Results in Table II show that both the baseline monocular
and baseline stereo models have sub-centimeter accuracy
when predicting depth on images without bands. However,
when the bands are added to the scene, the MAE increases
to above 5 cm for the monocular model and above 4 cm
for the stereo model. This is expected for models that have
never seen scenes with translucent barriers, and are therefore
predicting the depth of these barriers instead of the depth
of items behind the barriers. When evaluated on images
where the translucent barriers were removed through image
inpainting, the baseline monocular model’s MAE decreased
by 45%, and the baseline stereo model’s MAE decreased by
6%. This shows that removing barriers through inpainting
can improve the baseline monocular model’s ability to see
through barriers, but is not very effective for the baseline
stereo model. Both models are not able to achieve sub-
centimeter accuracy with inpainted images, showing that our
inpainting method is not yet sufficient to recreate the no band
conditions.

In contrast, the monocular and stereo models trained on the
dataset with real translucent barriers have centimeter or sub-
centimeter accuracy on images both with bands and without
bands. Table II shows that the Real Barrier Monocular Model
can predict depth through barrier with a 1 cm MAE, and
the Real Barrier Stereo Model can achieve a 0.8 cm MAE.
Despite being trained on RGB images with barriers, these
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Fig. 5: Depth estimation over the translucent barrier pipelines of each approach. Learned stereo, monocular, and inpainting

methods are shown in (1), (2), and (3), respectively.

Fig. 6: Illustration of additional free space discovered with
perspective correction. Green shade represents the difference
between the raw (2D) and the perspective-corrected free
space, blue and magenta box represents the raw (2D) and
perspective-corrected free space, respectively.
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Fig. 7: Occupancy correction through depth. From left to
right: RGB image, raw 2D occupancy map, depth-corrected
occupancy map. In occupancy maps, white pixels represents
occupied space and black pixels represent unoccupied space.
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Fig. 8: Linear space (slot) correction through depth.

Model Images Images w/ | Images w/
w/o bands bands bands
inpainted
Baseline Monocular 0.00914 0.05838 0.03246
Baseline Stereo 0.00876 0.0426 0.0327
Real Barrier Monocular 0.00917 0.01001 n/a
Real Barrier Stereo 0.0112 0.00893 n/a
Rendered Barrier Monocular 0.01006 0.03113 n/a
Rendered Barrier Stereo 0.00864 0.0201 n/a

TABLE II: MAE (m) for real shelf dataset

models don’t lose performance even when the barriers are
not present, meaning that we do not need separate models
for cases with and without translucent barriers.

Models trained on images with rendered translucent barri-
ers perform better than baseline models for predicting depth
through barriers, but perform worse than the models trained
on data with real barriers. The Rendered Barrier Monocular
Model has a 3 cm MAE and the Rendered Barrier Stereo
Model has a 2 cm MAE. It’s possible that this performance
could be further improved by additional augmentations to the
rendered barriers during data generation.

We conclude that the best way to see through the translu-
cent barriers for this scene is using a stereo model which
is trained with images that contain the barrier in the train-
ing data. The model is able to learn how to see through
the bands and achieves performance that is approximately
equivalent (sub-centimeter), to the performance on images
without bands. All models in this section were pre-trained
on corresponding simulation shelf data.

B. Simulated Tabletop Experiment

In the tabletop domain, we also trained and evaluated
monocular and stereo models on simulated images with
and without translucent barriers. In this dataset, there is a
distinction between soft plastic and hard plastic: we want to
ignore the soft plastic but not the hard plastic because hard
plastic affects grasp actions and dimension estimation. The
MAE and error curves for the different models are shown
in Table IIT and Figure 9b respectively, and example images
are shown in Fig. 11. In this domain, the baseline models do



Model Images w/o bands | Images w/ bands
Baseline Monocular Model 0.00589 0.00799
Baseline Stereo Model 0.0133 0.0279
Monocular Model with Barrier 0.00461 0.00464
Stereo Model with Barrier 0.03321 0.03652

TABLE III: MAE (m) for simulated tabletop dataset

Free space | Space of All Detected Items

detected Containers free Space | Filled into

(px) (px) (%) the Shelf
Raw 2D 25018 86828 28.81% 37

space
Perspective- 26928 86828 31.01% 54
corrected

Improvement 1910 N/A 2.20% 17

TABLE IV: Comparison of Raw 2D Slots and Perspective-
Corrected Slots

not have as significant a drop in performance between images
with and without plastic. This is likely because some images
in the dataset have hard plastic occluding the item, and the
models are only trained to ignore soft plastic packaging.

The monocular model trained on data with barriers out-
performs the baseline model by 42%. However, training
on the barriers actually makes performance worse for the
stereo models. In these experiments, monocular models (both
baseline and our models) outperform stereo models, which
was not true for the shelf environment. We hypothesize that
the monocular model is able to differentiate between soft and
hard plastic, but feature matching-based models, such as the
learned stereo, struggle with whether to ignore a matched
pair because 1/3 of the data contains hard plastic, which the
model must learn, and the other 2/3 of the data contains soft
plastic, which the model must ignore.

We do not evaluate the performance on inpainted images
in this domain as generating corresponding data without
barriers is trivial in simulation. We also don’t train rendered
barrier models for this dataset as the rendered and real
barriers are equivalent in simulation.

C. Real-world Robotic Manipulation Experiment

We tested the perspective correction performance of the
Real Barrier Monocular Model on 5 shelves total, each
with a unique distribution of containers and are 39% full in
terms of volume. We conducted A/B testing to compare the
linear space detected by 2D object segmentation and by 3D
depth-based perspective correction. Between the A/B tests
on each shelf, items inside the containers are maintained in
the same pose, and items to be filled into the pod are queued
in exactly the same order. As shown in Table IV, the robot
was only able to store 37 items into the shelves with the 2D
segmentation-based space detection method, but was able to
store 54 items (a 46% increase) with the 3D depth-corrected
space detection method.

VII. CONCLUSION

We present a novel problem of estimating depth through
translucent surfaces, which helps robots manipulate items
behind or wrapped in materials like plastic packaging. In
addition to a public dataset that will allow others to de-
velop new methods to solve this problem, we also propose

percentage of pixes with error above thresnold (%)

(a) Real shelf depth prediction perfor- (b) Synthetic tabletop depth per-
mance formance

Fig. 9: Percentage of pixels with error above the threshold
(%) vs threshold

Fig. 10: Monocular depth prediction for each of the methods
(a) 1. Container image without bands, 2. Ground truth depth
(b) Container image without bands and the corresponding
predicted depth (c) Container image with bands and the
predicted depth (d) Container image with fake bands and the
predicted depth (e) Container image with bands inpainted to
remove bands and the predicted depth

Fig. 11: (a) Item with plastic and the corresponding ground
truth depth (b) Item without plastic, and its predicted depth
(c) Item image with plastic and its predicted depth

several methods to solve the problem, including removing
translucent barriers through inpainting and training learned
monocular and stereo models on images with these depth
occlusions. We show that both methods outperform baseline
models trained on images without translucent barriers in a
simulated tabletop domain and a real shelf domain. Directly
training depth models on real images with barriers is the
most effective way and is able to achieve sub-centimeter
performance, but removing barriers through inpainting and
rendering synthetic bands provides more efficient alternatives
for data collection. We conclude that it is possible to predict
depth through translucent barriers, and, through real robot
experiments, we demonstrated that this capability allows us
to better estimate item shape and dimension for manipulation
in downstream tasks.
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