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Abstract

Transparent objects are common in daily life, and under-
standing their multi-layer depth information—perceiving
both the transparent surface and the objects behind it—is
crucial for real-world applications that interact with trans-
parent materials. In this paper, we introduce LayeredDepth,
the first dataset with multi-layer depth annotations, includ-
ing a real-world benchmark and a synthetic data gener-
ator, to support the task of multi-layer depth estimation.
Our real-world benchmark consists of 1,500 images from
diverse scenes, and evaluating state-of-the-art depth esti-
mation methods on it reveals that they struggle with trans-
parent objects. The synthetic data generator is fully proce-
dural and capable of providing training data for this task
with an unlimited variety of objects and scene composi-
tions. Using this generator, we create a synthetic dataset
with 15,300 images. Baseline models training solely on
this synthetic dataset produce good cross-domain multi-
layer depth estimation. Fine-tuning state-of-the-art single-
layer depth models on it substantially improves their perfor-
mance on transparent objects, with quadruplet accuracy on
our benchmark increased from 55.14% to 75.20%. All im-
ages and validation annotations are available under CC0
at https://layereddepth.cs.princeton.edu.

1. Introduction

Transparent objects are common in daily life, and under-
standing them is crucial for many real-world applications,
such as autonomous navigation, 3D reconstruction, and
dexterous manipulation.

For many tasks, it is equally important to see both the
transparent surfaces themselves as well as the objects be-
hind them—in other words, to perceive depth across multi-
ple layers. For instance, without the ability to see through
glass, simple tasks like retrieving items from transparent
containers or recognizing a scene behind a window would
become difficult. In contrast, without the ability to perceive
the transparent surface itself, we might struggle to grasp a

plastic bag or accidentally walk into glass doors and walls.
To achieve human-level understanding of transparent ob-

jects, a perception system must be capable of capturing
multi-layer depth information. To this end, we introduce a
novel task multi-layer depth estimation, which aims to pre-
dict the depth for all visible surfaces on and behind trans-
parent objects by taking a single RGB image as input.

Existing datasets do not support this task. First, existing
datasets only have single-layer depth annotations. While
some datasets [6, 16] define depth on the objects behind the
transparent surface and others [9, 30, 34, 41] define depth on
the transparent surfaces themselves, they offer only a partial
representation of the scene and do not capture the full vi-
sual and geometric complexity of transparent surfaces. Sec-
ond, existing datasets either contain only a small number of
transparent objects [13, 16, 25, 32, 36, 37, 44, 53], or are
restricted to a narrow set of indoor environments and typi-
cally tabletop objects [9, 14, 30, 34, 41, 47]. This limited
scope makes it difficult to train or evaluate the generalizabil-
ity of depth estimation methods for a perception system’s
real-world understanding of transparent objects.

In this paper, we introduce a real and a synthetic dataset
tailored to the multi-layer depth estimation task. The real
dataset is for benchmark purposes, containing in-the-wild
images with high-quality, human-annotated relative depth
ground-truth. Complementary to the real-world benchmark,
our synthetic dataset allows us to train good-performing
models for multi-layer depth estimation.

Our real-world benchmark consists of 1,500 images of
transparent objects collected from diverse environments,
including households, retail spaces, restaurants, laborato-
ries, urban environments, and art installations, under vari-
ous lighting conditions. Since ground-truth numerical depth
cannot be accurately obtained for transparent objects, let
alone multi-layer depth, we turn to relative depth anno-
tations instead. Relative depth provides rich information
about 3D structures and serves as an effective evaluation
metric. Moreover, human annotators excel at determin-
ing relative depth, as they can reliably judge which of two
points is closer to the camera and provide accurate annota-
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Figure 1. Gallery of our real-world benchmark LayeredDepth along with sample relative depth pairs. Our benchmark comprises 1,500
images (available under CC0) from diverse scenes, including households, restaurants, laboratories, urban environments, and more. In the
images, red and blue points indicate relative depth pairs, with red indicating a smaller depth and blue a larger one. The numbers on the
points specify the annotated layer, for these examples, 1 means the frontmost surface and 3 means objects right behind transparent surfaces.

tions. In total, we generate 14.2M tuples for relative depth
annotations. A gallery of our benchmark along with sam-
ple annotations is shown in Fig. 1. All images and vali-
dation annotations are available under CC0. Our bench-
mark is highly challenging for state-of-the-art depth esti-
mation methods [3, 4, 15, 17, 19, 26, 31, 43, 49, 50], even
when evaluated on the simplified task of predicting only the
first visible layer. For example, Metric3D V2 [17] achieves
just 55.14% quadruplet accuracy, while Depth Anything V2
[50], the most accurate among them, reaches only 70.43%.

For training, we introduce LayeredDepth-Syn, a fully
procedural synthetic data generator built on Infinigen In-
door [29]. It features a diverse library of procedural in-
door assets with infinite variations in material, shape, and
scene composition. To ensure the variety and frequency
of transparent objects, our generator incorporates a ran-
dom material assignment system, allowing any object to
be designated as transparent. Using this generator, we
produce a synthetic dataset containing 15,300 images with
multi-layer depth annotations. A gallery of our synthetic
dataset is shown in Fig. 2. Training solely on this synthetic
dataset, our baseline models design for multi-layer depth
demonstrate strong cross-domain generalization, achieving
promising results on real-world benchmarks. This high-
lights the quality of our dataset and marks an initial step
toward addressing the multi-layer depth problem. More-
over, fine-tuning state-of-the-art single-layer depth estima-

tion model on our synthetic dataset leads to a substantial
performance improvement on transparent objects, boost-
ing quadruplet accuracy on our benchmark from 55.14%
to 75.20%, further demonstrating the effectiveness of our
synthetic data generator.

To summarize, our contributions are as follows:
• We propose a new task, multi-layer depth estimation, and

propose a baseline method to tackle this challenge.
• We propose a real-world multi-layer depth benchmark

LayeredDepth for transparent objects, consisting of 1,500
CC0 images of diverse scenes and 14.2M relative depth
tuples. Our evaluation of state-of-the-art depth estima-
tion methods on our benchmark reveals that they struggle
significantly with transparent objects.

• We propose a procedural synthetic data generator
LayeredDepth-Syn for transparent objects and generate
15,300 images with multi-layer depth ground truth. Base-
line models training solely on this synthetic dataset pro-
duce good cross-domain multi-layer depth estimation.
Fine-tuning state-of-the-art depth models on it substan-
tially improves their performance on transparent objects.

2. Related Work
Real World Depth Datasets. Various real-world datasets
have been proposed for depth prediction [2, 6, 7, 11, 13,
16, 18, 20, 25, 35–37, 40]. These datasets typically employ
structured light or time-of-flight (LiDAR) techniques. Be-
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Figure 2. Gallery of our synthetic dataset. Our dataset is generated by LayeredDepth-Syn, a procedural data generator that produces an
unlimited diversity of shapes, materials, and spatial compositions.
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Figure 3. (a) Each transition in medium along the camera ray defines a distinct layer. (b) Depth on i-th layer is the distance along the z-axis
from the i-th layer to the camera.

cause emitted light passes directly through transparent sur-
faces without sufficient reflections, these methods cannot
generate reliable ground truth for transparent objects.

Synthetic Depth Datasets. Commonly used synthetic
depth datasets [5, 23, 32, 33, 42, 44, 51, 53] do not specifi-
cally target transparent objects. They either lack transparent
objects entirely or include only a few, some even lack accu-
rate annotations. As a result, these datasets are insufficient
for training models for transparent objects understanding.

Transparent Objects Benchmarks and Datasets exist
for various modalities [8, 22, 24, 45, 46, 48]. Real-world
depth benchmarks designed for transparent objects have
been developed as well [9, 14, 41, 47]. To obtain reli-
able depth ground-truth for transparent objects, they typi-
cally align 3D models of pre-scanned non-Lambertian ob-
jects with corresponding images. This approach restricts
datasets to small objects that can be 3D scanned. Booster

[30] applies paint to non-Lambertian surfaces and employs
structured lighting for stereo computation, which demands
intensive manual labor and confines scenarios to indoor en-
vironments. Liang et al. [21] attach opaque patches onto
glass walls and interpolate sparse measurements, limiting
applicability to planar surfaces. [28, 38] focus on predict-
ing the 3D geometry behind glass, where the glass is typ-
ically a simple planar surface. In contrast, our real-world
benchmark covers a diverse range of scenes and objects.

Similarly, existing synthetic datasets for transparent ob-
jects [34, 54, 55] are limited in scope, typically featuring
desk-bound setups with restricted scene diversity. In con-
trast, our synthetic data generator is fully procedural and
enabling unlimited object and scene compositions.

More importantly, none of existing depth benchmarks
and datasets provided multi-layer annotations, which makes
them inherently limited for transparent objects understand-
ing. Our benchmark and dataset aim to support multi-layer
depth task and provide multi-layer depth annotations.
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Figure 4. Our data annotation process for the real-world bench-
mark. The upper left image shows a monotonic depth line, along
with points in front of the line (red) and points behind it (blue).
The upper right image features a reference point (green) along
with other points in front of and behind it. The lower images dis-
play sampled relative depth tuples, where lefter elements in the
tuple indicate smaller depths. The number assigned to each point
corresponds to its respective depth layer. In this example, layer
one represent the front side of a glass lid, layer two the back side
of the lid, and layer three the interior of the pot.

3. Multi-layer Depth
When looking at transparent objects, humans naturally per-
ceive the presence of multiple surfaces at various depths,
including both points on the transparent surface itself and
points on any occluded objects behind the transparent sur-
face. To allow computer vision systems to develop this
same understanding, we introduce the concept of layers. In
an image, each pixel corresponds to a camera ray, and every
transition from one physical medium to another (e.g., from
air to water) along the ray defines a distinct layer.

In the multi-layer depth prediction task, the goal is to
predict the depth for each layer. More specifically, given an
image I of resolution H ×W and a query pixel p = (x, y),
the objective is to generate an ordered sequence of per-layer
depth predictions D̂ = {d̂1, . . . , d̂n}, where the number of
layers n may vary based on the query pixel. Here, d̂i de-
notes the distance along the z-axis from the i-th layer to the
camera. Some examples are shown in Fig. 3.

4. LayeredDepth Benchmark
For our LayeredDepth real-world benchmark, we aim to
provide multi-layer depth ground-truth with a diverse cover-
age of different objects and scenes. We crowdsource images
and manually filter them to ensure quality and diversity. For
ground-truth annotation, since numerical multi-layer depth
cannot be accurately obtained for transparent objects, we
turn to relative depth annotations instead.

4.1. Image Acquisition
We collected a dataset of 1,500 images featuring transparent
objects, with 956 sourced through Prolific [1]. Each image
was manually inspected to ensure the presence of distinct
transparent surface features. The dataset captures a diverse
range of scenes under various lighting conditions, includ-
ing households, restaurants, laboratories, outdoor and urban
environments, retail spaces, and car interiors. The transpar-
ent objects span four different materials, glass, plastic, liq-
uid, and ice, including structural elements (e.g., glass walls,
doors, staircases), household items (e.g., knives, pots, glass
bottles, tables, plates, refrigerators), laboratory equipment
(e.g., beakers, tubes), as well as food, artworks and build-
ings. A gallery of our benchmark is shown in Fig. 1.

4.2. Annotation Acquisition
Relative depth serves as an effective evaluation metric, and
human annotators can provide these annotations reliably.

The annotators manually labeled all images using a cus-
tom interface, focusing on challenging areas with transpar-
ent surfaces, including clean, highly transparent materials,
cluttered backgrounds, and strong reflections. They can an-
notate relative depth by drawing a monotonic depth line,
along which depth increases consistently. Sampling points
along the line will generate relative depth tuples such as
pairs, triplets, or quadruplets. When no clear monotonic
structure existed, the annotators used a simpler approach by
selecting a reference point instead. In both ways, additional
points could be placed in front of (smaller depth) or behind
(larger depth) the whole depth line or the reference point,
creating tuples of relative depth relationships across differ-
ent surfaces. Each line and point was also labeled with a
layer ID, to specify which layer was being annotated. An
example of this process is shown in Fig. 4. To penalize
models that generate excessive layers and false positives,
we also include 10% manually-labeled fake tuples repre-
senting nonexistent scenarios (e.g., a tuple labeled as layer
2 in a non-transparent region). During relative depth evalua-
tion, these fake tuples will be marked incorrect if the model
predicts any depth at those points.

Because multi-layer depth is not a familiar concept in
daily life, achieving precise annotations through crowd-
sourcing is impractical. Therefore, we chose to annotate
all images ourselves to ensure data quality. In total, we an-
notated 2.5M pairs, 5.9M triplets, and 5.8M quadruplets.

5. LayeredDepth-Syn Data Generator
5.1. Data Generator
For model training, we seek help from synthetic data. Our
synthetic data generator is built upon Infinigen Indoors [29],
a procedural system for generating photorealistic indoor
scenes using Blender [10]. Infinigen Indoors synthesizes
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Figure 5. Showcase of our synthetic dataset with ground-truth annotations. Left: a sample image. Right: multi-layer depth ground truth,
with layer 1 to 6 arranged from left to right, top to bottom.
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Figure 6. Our three multi-layer depth estimation baseline model design: Multi-head Output, Layer Index Concatenation and Recurrent.

a wide variety of indoor objects, including furniture, ap-
pliances, cookware, dining utensils, architectural elements,
and other common household items. Thanks to its proce-
dural design, the generator can create endless variations at
both the object and scene levels, resulting in unlimited di-
versity of shapes, materials, and spatial compositions.

To further curate the generator for transparent objects,
we introduce several modifications to Infinigen Indoor:
• We implement random material assignment system, al-

lowing parts of objects to be altered to transparent mate-
rials such as glass. This significantly increases the fre-
quency and diversity of transparent objects in our dataset.

• We relax certain scene arrangement constraints. While
Infinigen Indoors is designed to produce aesthetically
photorealistic environments, our training dataset bene-
fits from more cluttered and varied spatial layouts. For
instance, objects such as bowls and plates, which were
previously restricted to kitchen settings, can now appear
in any room. Similarly, Storage units and cabinets, for-
merly placed only against walls, may now be positioned
freely, even in the middle of a room. This adjustment
create more complex multi-layered scenes, where trans-
parent objects may overlap, stack, or be embedded within
intricate spatial configurations.

• We enhance lighting diversity by incorporating a new
disco-style lighting system and adjusting outdoor lighting
conditions. These modifications generate a broader range
of illumination effects and introduce rich visual features
on transparent surfaces. We also adjust the camera trajec-

tory to include close-up, object-focused shots.
Using the generator, we create a synthetic dataset com-

prising 15,300 images, with 14,800 for training and 500 for
validation. Fig. 2 showcases samples from our dataset.

5.2. Multi-layer Ground Truth
We provide multi-layer ground truth depth annotations
alongside the images, as shown in Fig. 5. These annotations
are aligned with the camera’s view, taking into account dis-
tortions caused by refraction rather than merely projecting
object ground truth positions onto the imaging plane.

To obtain multi-layer depth ground-truth during render-
ing, we modified Blender’s ray tracing source code. Each
ray is tracked as it moves through the scene. When it strikes
a geometry surface and refracts, the corresponding layer is
recorded, and its depth is logged. Furthermore, to prevent
reflected rays from transparent objects from contaminating
the ground truth, we adjusted all transparent materials (such
as glass and plastic) to be refraction-only and converted
all other materials into diffuse surfaces during ground-truth
rendering.

6. Baseline Design
We propose three baseline methods for the multi-layer depth
prediction task as illustrated in Fig. 6.
• Multi-head Output takes an RGB image as input and out-

puts multiple depth maps in a single forward pass.
• Layer Index Concatenation: The layer ID concatenated
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Figure 7. Visualizations of the multi-layer depth output of our Layer Index Concatenation baseline. Despite only being trained on our
synthetic dataset, it shows impressive generalization to the real-world images in the wild. It generates consistent depth for opaque object,
and can progressively perceiving deeper layers as the layer ID increases, showing a strong spatial understanding of the transparent surfaces.

Method First Layer (all) First Layer (trans) Last Layer (trans) Adapted Layer (trans)
AbsRel↓ RMS↓ δ1↑ δ2↑ AbsRel↓ RMS↓ δ1↑ δ2↑ AbsRel↓ RMS↓ δ1↑ δ2↑ AbsRel↓ RMS↓ δ1↑ δ2↑

Metric Depth

ZoeDepth 1.23 1.01 0.24 0.49 1.28 1.47 0.17 0.38 0.65 1.25 0.34 0.60 0.64 1.08 0.40 0.63
UniDepth V2 0.69 1.02 0.53 0.75 1.04 2.29 0.36 0.59 0.67 2.20 0.50 0.73 0.63 1.95 0.65 0.81
Metric3D V2§ 0.36 0.40 0.69 0.85 0.31 0.50 0.66 0.85 0.27 0.96 0.55 0.74 0.16 0.37 0.84 0.94
DepthPro 0.29 0.36 0.69 0.88 0.30 0.52 0.64 0.86 0.28 0.99 0.55 0.76 0.18 0.41 0.84 0.94

Affine-invariant Depth

Marigold 0.20 0.29 0.80 0.92 0.33 0.48 0.65 0.83 0.27 0.94 0.55 0.74 0.17 0.36 0.83 0.92
GeoWizard 0.20 0.30 0.80 0.91 0.36 0.52 0.62 0.80 0.24 0.85 0.61 0.80 0.16 0.34 0.85 0.93
MoGe† 0.16 0.30 0.87 0.94 0.43 0.66 0.69 0.84 0.35 1.05 0.64 0.78 0.25 0.47 0.88 0.95
MiDaS‡ 0.58 2.17 0.74 0.86 2.13 5.46 0.39 0.56 1.67 5.42 0.45 0.63 1.61 5.17 0.61 0.73
DA‡ 0.73 2.23 0.79 0.89 2.32 5.33 0.39 0.59 1.80 5.30 0.49 0.66 1.75 5.06 0.65 0.75
DA V2‡ 0.40 1.51 0.83 0.92 1.24 3.19 0.55 0.74 1.06 3.42 0.45 0.66 0.96 3.01 0.73 0.83
Depth4ToM‡ 0.41 1.08 0.67 0.86 0.70 1.42 0.45 0.69 0.53 1.77 0.41 0.64 0.44 1.29 0.66 0.81
Tosi et al. 0.34 1.03 0.77 0.90 0.65 1.50 0.54 0.74 0.48 1.79 0.50 0.70 0.39 1.32 0.74 0.86
ZoeDepth¶ 0.28 0.43 0.74 0.86 0.58 0.84 0.46 0.67 0.32 0.94 0.57 0.77 0.26 0.59 0.73 0.85
UniDepth¶ 0.21 0.67 0.85 0.92 0.68 1.81 0.58 0.74 0.53 1.99 0.59 0.74 0.45 1.60 0.80 0.87
Metric3D V2¶ 0.16 0.23 0.84 0.93 0.25 0.42 0.70 0.86 0.25 0.93 0.57 0.74 0.14 0.29 0.86 0.94
DepthPro¶ 0.14 0.22 0.87 0.95 0.25 0.42 0.73 0.89 0.26 0.95 0.58 0.76 0.14 0.33 0.88 0.95

Table 3. Representative depth methods evaluated on synthetic validation set. Best scores are in bold. Second best underlined. §: Metric3D
V2 predictions are scaled using ground-truth camera intrinsics. †: MoGe is inherently a scale-invariant method, but we estimate an
additional global shift for easier comparison with other affine-invariant methods. ‡: The predictions from MiDas, Depth Anything, Depth
Anything V2, and Depth4ToM are aligned in disparity space. ¶: ZoeDepth, UniDepth, Metric3D V2, and Depth Pro are metric depth
methods but are evaluated in affine-invariant setting for a fair comparison.

To further provide numerical evaluation, we conduct
zero-shot evaluation of the state-of-the-art methods on our
synthetic validation set. We use the relative point error (Ab-
sRel), root mean square error (RMS) and the percentage of
inliners δi, i ∈ {1, 2} with threshold 1.25i as metrics. We

report performance across all pixels (all) and specifically
on pixels corresponding to transparent objects (trans). For
transparent objects, as we do not know which layer a single-
layer method is actually predicting, we compare their pre-
dictions against multi-layer ground truth using three strate-
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Image UniDepth Marigold DA V2 DepthPro Metric3D Metric3D ft.ZoeDepth

Figure 8. Qualitative comparison of state-of-the-art single layer depth methods on our benchmark. The original Metric3D produces blurry
results, mixing the depth of multiple layers. While DepthPro and DA V2 generate finer results, they still face challenges in some cases
(e.g., the glasses in the third row). Comparably, our fine-tuned Metric3D consistently generates high-quality depth maps.

gies: a) First Layer: Following real-world benchmark eval-
uations, predictions are compared against the ground truth
of Layer 1. b) Last Layer: Predictions are compared to the
last visible surfaces, requiring the model to see through all
transparent objects. c) Adapted Layer: This approach al-
lows the model to “cheat” by matching each predicted depth
value to the closest depth layer in the ground truth.

Results are shown in Tab. 3. For metric depth, Metric3D
and DepthPro achieve the best results, while for affine-
invariant depth, DepthPro performs the best. Overall, all
methods show significantly higher errors on our dataset
compared to widely used depth benchmarks, particularly on
transparent regions, highlighting the challenges of handling
transparency in depth estimation. Notably, the Adapted
Layer strategy exhibits errors on transparent objects than

the First or Last Layer strategies. This aligns with our ob-
servation that existing methods often struggle to disentangle
depth information from multiple layers. Rather than accu-
rately predicting each layer, they tend to produce depth esti-
mates that fluctuate between different depth layers at trans-
parent regions. This observation further highlights the im-
portance of multi-layer depth estimation, as the task inher-
ently encourages models to disentangle conflicting multi-
layer visual features more effectively.

8. Conclusion
We introduce LayeredDepth, a real-world depth bench-
mark and a procedural synthetic data generator designed for
multi-layer depth estimation of transparent objects. We be-
lieve our dataset will drive progress in this field.
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