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Abstract – Transparent objects challenge 3D
perception in robotics, especially in navigation and
human-robot collaboration. Conventional 3D sen-
sors in the visible or near-infrared spectrum often
fail to detect transparent materials due to their
optical properties. Collecting real-world datasets
for deep learning is difficult and time-consuming
because ground truth acquisition requires complex
preparation. Multimodal 3D sensors like thermal
3D cameras can automate dataset creation but are
costly and need restrictive safety setups. Combining
standard 3D sensors or RGB cameras with zero-shot
deep learning models offers a promising alternative,
enabling recognition of unseen transparent objects
without task-specific training. However, the ac-
curacy and feasibility of such zero-shot methods
for transparent object perception remain underex-
plored. This paper presents an initial investigation
into their potential and limitations.
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1. INTRODUCTION

Accurate capture of visually uncooperative ob-
jects, especially transparent surfaces, is crucial for
safe navigation and reliable collaborative object
manipulation [1, 2, 3, 4]. Currently, only a few
measurement methods are available that can reli-
ably perceive transparent objects in 3D [5, 6, 7].
Commonly used low-cost 3D sensors operating in
the visible or near-infrared spectrum face challenges
detecting transparent objects due to their optical
uncooperativeness [3, 8, 9, 10, 4, 11, 12]. Deep
learning approaches show promise in overcoming
these limitations, though 3D perception of trans-
parent surfaces has been considered a special case,
partly due to limited datasets and the complex-

ity of acquiring non-synthetic data [10, 9]. Recent
zero-shot deep learning models demonstrate strong
generalization and qualitative results in reconstruct-
ing transparent objects [13, 14].

Foundation models like CLIP [15] enabled multi-
modal AI applications, while the Segment Anything
v2 Model [16, 17] introduced zero-shot segmenta-
tion across diverse image domains. Building on
this, specialized models such as Depth Anything
[18] offer zero-shot 3D depth estimation. These
advances open new possibilities for 3D perception
of challenging materials, especially transparent ob-
jects. We present a preliminary investigation into
a key research gap: applying foundation models to
zero-shot 3D recognition of transparent objects.

2. METHOD SELECTION AND DATA

The selection of 3D depth estimation models
was guided by stringent criteria: zero-shot capabil-
ity, open-source availability, operation on visible
(VIS) or near-infrared (NIR) images, suitability for
transparent object perception, single-shot process-
ing, and output of disparity or depth maps. Soft
criteria included low computational complexity and
hardware requirements, minimal model size, usabil-
ity without fine-tuning, and the ability to capture
fine structural details.

The following foundation models meet the strin-
gent criteria: Marigold [20], GeoWizard [21], Depth
Pro [19] (generative types) and MiDaS [22], Met-
ric3D v2 [23] and Depth Anything v2 [18] (dis-
criminative types). (While Stereo Anything [24]
shows great promise, its code has not yet been re-
leased publicly.) Initial tests have shown that Depth
Pro and Depth-Anything-v2-giant achieve the most
accurate results; consequently, both models were
selected for further analysis. Table 1 summarizes
their differences according to the soft criteria. Both
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Table 1: Comparison of soft criteria in the shortlist of monocular depth estimation methods.
Soft Criteria Depth Pro [19] Depth-Anything-v2-giant [18]
Computation speed slower faster (approx. 6 times)
Fine structures very realistic lower fidelity & smoother
Parameter model 504M 1.3B

models were evaluated without any additional fine-
tuning on selected NIR images from the dataset,
following the TranSpec3D methodology [12]. This
dataset includes varying levels of complexity for
transparent objects, featuring scenarios where these
objects appear both in front of and behind trans-
parent or opaque objects.

3. RESULTS AND DISCUSSION

Figure 1 shows results addressing the two key
challenges of glass in front of another object and
occlusion ordering.

Glass infront of another 

Occlusion  ordering
NIR

VIS

Figure 1: Input image (left), depth map based on
Depth Anything v2 (mid) and Depth Pro (right).
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Figure 2: Input image (left), depth map based on
Depth Anything v2 (mid) and Depth Pro (right).

Figure 2 demonstrates that, although both mod-
els deliver impressive qualitative results in complex
measurement scenarios, they exhibit notable arti-
facts: specular reflection artifacts on mirrored sur-
faces, texture-induced depth artifacts from opaque
labels on glass objects, and poor foreground–back-
ground separation of fine details on optically unco-
operative materials (e.g., metallic surfaces). Figure
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Figure 3: Objekt in front (top) and object behind
transparent surface (bottom).

3 shows the challenge of a transparent polymer
plate positioned behind (top) and in front of (bot-
tom) an object. In particular, when the transparent
surface lies in the foreground and object edges fall
outside the image, no boundary cues are available.
Thermal 3D sensors, such as the system developed
by Landmann et al. [7], consistently capture the
foremost surface, since this interface behaves as an
optically cooperative surface.

4. CONCLUSION

Two selected zero-shot models deliver outstand-
ing qualitative results for 3D detection of transpar-
ent surfaces, yet complex scenes remain challenging
without fine-tuning. Future work will compare both
their depth maps and resulting point clouds. Ad-
ditional insights may be gained by systematically
evaluating the models’ performance under varying
lighting and surface conditions. Future work will
evaluate risk-based metrics (ISO 31000) combining
failure probability and severity to assess suitabil-
ity for navigation and human-robot collaboration.
We suggest integrating multimodal inputs to im-
prove transparent object perception, while AI-based
depth estimation can complement physics-based
sensors and emerging stereo modules.
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