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Fig. 1: SeeClear is a novel framework that converts transparent objects into diffusion-
generated opaque images, predicting stable and accurate depth for transparent objects.

Abstract. Monocular depth estimation remains challenging for trans-
parent objects, where refraction and transmission are difficult to model
and break the appearance assumptions used by depth networks. As a re-
sult, state-of-the-art estimators often produce unstable or incorrect depth
predictions for transparent materials. We propose SeeClear, a novel
framework that converts transparent objects into diffusion-generated opaque
images, enabling stable monocular depth estimation for transparent ob-
jects. Given an input image, we first localize transparent regions and
transform their refractive appearance into geometrically consistent opaque
appearances using a diffusion-based generative opacification module. The
processed image is then fed into an off-the-shelf monocular depth esti-
mator without retraining or architectural changes. To train the opaci-
fication model, we construct SeeClear-396k, a synthetic dataset con-
taining 396k rendered images across 66k paired transparent-opaque con-
figurations. Experiments on both synthetic and real-world datasets show
that SeeClear significantly improves depth estimation for transparent
objects.
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1 Introduction

Monocular depth estimation underpins 3D reconstruction [15,31], navigation
|17], and robotic manipulation [23]42}/44], and is a key enabler for grasping |30,
33|, collision avoidance [12,[13|, and real-to-simulation pipelines [34,/43]. Though
recent monocular depth models achieve strong performance [46,47|, they often
fail in real-world scenes containing objects with complex appearance properties.
In particular, transparent objects pose a severe challenge due to refractive and
transmissive effects that violate common photometric assumptions [2§|, leading
to erroneous depth predictions that can propagate to downstream simulation
and manipulation tasks. This discrepancy is particularly problematic in physical
scene understanding. For example, inaccurate depth estimation of transparent
cabinets can lead to incorrect reconstruction of collision regions.

Prior work addresses transparent depth estimation by fine-tuning depth mod-
els specifically for transparent objects [9,49,/55], achieving strong performance on
transparent scenes. However, these approaches rely on large-scale paired trans-
parent RGB—depth data and introduce distribution shifts. Moreover, as state-
of-the-art depth models continue to evolve rapidly [58], every updated backbone
requires additional fine-tuning. Although modern foundation depth models re-
main challenged by transparent depth estimation, they demonstrate strong gen-
eralization and high accuracy for opaque objects. This naturally raises the ques-
tion: can we leverage transparent-object data without modifying or retraining
the depth model, while remaining compatible with foundation depth models, to
enable accurate depth estimation for transparent objects?

As illustrated in Fig. [I, we propose SeeClear, a plug-and-play front-end
framework for accurate and stable monocular transparent-object depth estima-
tion. The method first localizes transparent regions and converts them into ge-
ometrically consistent opaque appearances. Specifically, a segmentation model
provides object masks as structural guidance, while a diffusion model gener-
ates diffuse textures to replace refractive appearances while preserving object
boundaries and shading. The opacified image is then composited with the orig-
inal background using a mask refinement module to form the final input for
the depth estimator. To train the generative opacification module, we construct
SeeClear-396k, a large-scale synthetic dataset containing 396k rendered im-
ages across 66k paired transparent—opaque configurations with aligned depth,
normals, and object masks. Extensive experiments on synthetic and real-world
datasets demonstrate the effectiveness of the proposed method.

In summary, our contributions are as follows: (a). We propose a novel frame-
work SeeClear that first transforms transparent regions into geometry-consistent
opaque images, enabling further depth prediction for transparent objects using
monocular depth models. (b). We introduce a plug-and-play front-end adapter
with a Mask Refinement Module to transform transparent regions into geometry-
consistent opaque representations. To support training, we construct a large-
scale high-quality paired transparent—opaque synthetic dataset, SeeClear-396k.
(¢c). We conduct extensive experiments on both synthetic and real-world datasets,
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demonstrating consistent improvements over baselines and validating the effec-
tiveness and generality of the proposed method.

2 Related Work

2.1 Monocular Depth Estimation

Monocular depth estimation infers per-pixel scene depth from an image. Early
CNN-based methods [10,22] demonstrated direct depth regression, and later
transformer architectures such as DPT [37] and DINO-derived backbones [32}/48|
improved long-range aggregation and depth coherence. Recent depth estima-
tion models [2}/20L|38], including ZoeDepth |1], Marigold [19], and Depth Any-
thing [24L/57,[58|, further combine relative-depth pretraining with metric-depth
supervision, exploit diffusion priors, and scale training with large-scale pseudo-
labeling. These advances improve zero-shot transfer across domains, strengthen
metric depth prediction when absolute scale is required, and produce finer and
more robust depth maps, making monocular depth practical for many real-
world applications. Despite these advances, depth estimation for transparent
objects remains challenging, as optical effects such as refraction and reflection
violate the standard appearance—geometry correspondence and often lead to un-
reliable depth predictions |28]. To address this, prior work trains depth mod-
els specifically for transparent objects [9,/49,55]. However, these approaches re-
quire large-scale paired transparent RGB—depth data for supervision, which is
difficult to obtain in reality [8/11,/41]. Moreover, these training strategies are
model-dependent, requiring retraining for each new depth backbone. Instead,
we propose a plug-and-play approach that converts transparent appearances
into geometry-consistent opaque images, followed by a monocular depth esti-
mator. This reframes transparent depth estimation as an opacification problem,
enabling compatibility with existing depth models without retraining.

2.2 Transparent Object Segmentation

Image segmentation [211/27,39,[59] provides object-level structural priors that
are critical for geometry reasoning, as accurate boundaries help constrain depth
inference and prevent cross-region ambiguity. For transparent objects in par-
ticular, segmentation has attracted increasing attention due to the prevalence
of glass and specular materials in real-world environments [41]. However, seg-
menting transparent objects remains challenging due to complex optical effects
such as refraction, reflection, and background distortion [18|. Trans2Seg |53| pro-
poses a transformer model to distinguish transparent materials and introduces
the Trans10K dataset as a large-scale benchmark that also supports supervised
model training. Trans4Trans [60] extends this direction with a dual-head trans-
former for transparent object segmentation to support real-world navigation.
However, such methods are designed as task-specific segmentation models, re-
lying on dedicated annotations and optimizing mask quality rather than depth
adaptation. Instead, our framework uses general-purpose vision-language seg-
mentation to obtain coarse object-level masks that localize regions requiring
appearance opacification before depth estimation.
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2.3 Material Editing

Broad image editing methods provide useful context but are not designed for
material-aware appearance conversion. InstructPix2Pix [4] performs instruction-
guided image editing, while AnyDoor |7] focuses on object-level image customiza-
tion. Although these methods can alter object appearance, they do not explic-
itly model material properties or target transparent-to-opaque conversion. In
contrast, we focus on material-level editing to convert transparent objects into
opaque appearances. To address image-based material editing, early works such
as [25] adopt physically based inverse rendering to estimate intrinsic properties
(e.g., albedo, roughness, metallic) and enable edits through PBR re-rendering,
offering interpretability and physical consistency. Careaga et al. |5] use diffu-
sion models to decompose images into albedo and shading, reducing illumina-
tion ambiguity without explicit physical modeling. Recent work Materialist [50]
combines learned material prediction with differentiable rendering for physically
consistent editing, including transparency manipulation. Alchemist [45] instead
uses diffusion models for parametric control over reflectance attributes, but lacks
explicit physical constraints. Despite their success, these methods mainly target
photorealistic editing or controllable material manipulation rather than edits for
downstream depth estimation. In contrast, our method uses paired transpar-
ent—opaque guidance to learn appearance transformation that preserves surface
geometry and boundaries, producing more reliable inputs for depth prediction.

3 Method

Given an input image 1" 2 RH*Wx3 containing a transparent object, our goal is
to estimate its depth map 14 2 R”*W_ To achieve this, we introduce SeeClear
(Fig.[2)), a two-stage framework that integrates diffusion-based generative opaci-
fication, mask-aware compositing, and off-the-shelf monocular depth estimation.
Starting from the input image 1*", we first apply a segmentation model to obtain
the object mask M*¢9 2 0; 1g”*W . Conditioned on both 1" and M*¢9 a latent
diffusion model transforms refractive appearances into a geometry-consistent
opaque image 177¢?. To integrate the generated opaque region with the original
background, we introduce a mask refinement module that predicts a blending
mask I\ﬂref 2 10; 1g7*W . The composited image 17°"? is obtained by binary
compositing using the refined mask M, ¢. The blended image is then fed into
an off-the-shelf foundation depth model to produce the final depth map 1.

3.1 Generative Opacification

Given the input image 1" and transparent object mask M *¢9, this stage gener-
ates the opaque object image using a diffusion model.

Conditional Latent Diludion Formulation. We adopt a conditional la-
tent diffusion model to learn the mapping from transparent observations to their
opaque counterparts. The ground-truth opaque image 1°? is first encoded into
the latent space of a pre-trained Variational Autoencoder (VAE) [40], yielding
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Fig. 2: Pipeline Overview. Starting from an image, we first apply a segmentation
model to obtain the transparent object mask. Guided by the mask and the image, a
latent diffusion model generates an opacified image of the transparent object. A mask
refinement module then predicts a blending mask, binarized at inference, to hard-
composite the generated opaque region with the original background, producing the
composited image, which is fed into a depth model to estimate depth.

o = E(1°P), where E denotes the VAE encoder. During the forward diffusion
process, Gaussian noise is progressively added to zy to obtain a noisy latent z;.
To condition generation on the transparent observation, the denoising network

¢ takes as input a concatenated latent tensor

Zinput = Concat z;; E(ltT); DOWI’I(M seg) : (1>

where 1" is the input image containing transparent objects and M ®¢9 denotes
the transparent object mask. This results in a concatenated feature consisting of
the noisy latent z;, the encoded transparent image E(1?"), and a downsampled
mask Down(M*¢9). The mask provides explicit spatial guidance, encouraging
the model to preserve object geometry while removing refractive distortions.

CLIP-based Semantic Conditioning. To guide the generation toward an
opaque result that preserves the original object shape, an image-level condition
encoding object identity is required. Explicit geometric conditions, such as depth
or normal maps, would be desirable, but they are unreliable for transparent ob-
jects. We therefore use the original transparent-object image 1*" as the condition
source. Since a transparent object and its diffuse counterpart typically belong to
the same semantic category even when their appearances differ significantly, we
adopt a CLIP |35] image encoder, whose image-text contrastive training yields
semantically oriented representations. We retain only the class token as the con-
dition c, since patch tokens may encode local appearance details contaminated
by background leakage. The class token is then fed into a lightweight Trans-
former Mapper to project it into the cross-attention conditioning space of the
denoising network g, yielding the final semantic condition c.
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Training Objectives. Following the standard DDPM objective [16], we
train the denoising network  to predict the injected noise at timestep t:

LLDM = Et:Zo; k (Zinput G t)k§3 (2)

While L  py supervises the denoising process in the compressed latent space,
it does not directly constrain the perceptual quality of the decoded output: the
VAE's lossy compression discards high-frequency details, and element-wise °
supervision is insensitive to perceptually signi cant structures such as sharp
edges and ne-grained textures|[61]. We therefore introduce a complementary
perceptual loss computed directly in pixel space using multi-level VGG features:

Lipips = LPIPS(D(Z pred) M *%9; 1P M =%9); 3)

where Zyeq = (¢ P 1 ¢ (Zinput ;C;t))=p "t is the denoised latent, D(Zed )
is the decoded prediction in pixel space, D() denotes the VAE decoder, denotes
element-wise multiplication, and M 3¢9 con nes the perceptual supervision to
the transparent object region, focusing texture delity on the opaci ed content.
Following [29], L.pips is applied only at low-noise timesteps, since at high-noise
timesteps the decoded prediction deviates signi cantly from the clean image,
and perceptual supervision risks reducing sample diversity. The overall training
objectiveisL=L \py + L Lpps, Where is a weighting coe cient.

Mask augmentation. Since the segmentation mask M $¢¢ at inference may
contain boundary inaccuracies, the training mask is randomly perturbed by
adding or subtracting small geometric shapes (e.g., circles and rectangles) near
object boundaries. This augmentation improves robustness to imperfect masks
from the automatic segmentation stage.

3.2 Mask Re nement Module

Directly using the decoded image D(greq ) for depth estimation is suboptimal,
since VAE encoding-decoding introduces blurring and color drift in non-object
regions. To preserve the original scene context, the generated object region
should be composited back into the transparent-object image 1. However,
latent-space inpainting can introduce boundary halos and color shifts due to VAE
nonlinearity [3], while hard pasting in pixel space with M €9 often produces seam
artifacts due to boundary inaccuracies in the segmentation mask. We therefore
introduce a lightweight Mask Re nement Module (MRM) that outputs a soft
blending mask M,es 2 [0; 1]"W | which is further binarized at inference to ob-
tain M,e 210;1gHW  for pixel-level compositing of the generated region with
the original image. The MRM is implemented as a fully convolutional network
consisting of three 3 3 convolutional layers followed by a 1 1 projection layer,
with GroupNorm and SiLU activations. During training, the module takes as
input the concatenation of the opaque-object image PP, the transparent-object
image I , and an augmented version of the ground-truth object mask using the
same mask augmentation scheme described in S¢c.]3.1. The module is supervised
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Fig. 3: Rendering Pipeline. We build the SeeClear-396k dataset for transparent-
object depth estimation. For each object scene con guration, Blender renders paired
transparent (I ') and opaque (1°P) images with identical geometry, camera pose, and
illumination. Viewpoint, lighting, and anisotropic shape variations are systematically
sampled to produce diverse training data with aligned depth, normals, and masks.

with a binary cross-entropy loss together with an additional mid-value penalty:

X
Lrefine =L Bce + Mret (1 M ref ) 4)

where is a weighting coe cient and the second term penalizes mid-range mask
values, encouraging con dent separation between object and background regions.
At inference, the opaque-object image and augmented training mask are replaced
by the di usion-generated image IP®? and the segmentation mask M*9, respec-
tively. The nal composited image is then obtained by binary compositing:

|blend - Mref | pred 1 Mref I tr: (5)

3.3 Data Curation

Our training dataset is designed to improve generalization to in-the-wild trans-
parent objects. Following recent transparent-depth benchmarks, we adopt a
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failure-mode-driven construction strategy inspired by Booster [36], which or-
ganizes dataset coverage around settings where depth prediction breaks down.
We curate objects and scenes to capture three key challenges: non-Lambertian
cue distortion (e.g., refraction and textureless glass), depth-de nition ambigu-
ity (e.g., object surfaces versus background visible through glass), and complex
scene structure (e.g., thin boundaries, multi-layer layouts, and occlusions be-
tween transparent and opaque objects). To provide explicit supervision for gen-
erative opaci cation, we render paired transparent and opaque images for each
sampled con guration that share identical geometry, camera pose, and illumina-
tion (Fig. 3). The transparent image |1 " uses a glass-like material model, while
the corresponding opaque image 9° replaces the transparent shader with a dif-
fuse Lambertian material of xed color (e.g., #E7A034FF), isolating appearance
changes caused by transparency while keeping all geometric factors xed.

To ensure realistic diversity, we curate 11 everyday transparent objects and
furniture placed in 10 indoor scenes, forming 110 object scene units. Each unit is
expanded through deterministic sampling of viewpoint, illumination, and shape
variation. We sample 10 camera viewpoints within a prede ned angular range,
use two lighting setups (canonical overhead and randomized placement), and
apply anisotropic scaling under six deformation modes fx;y; z; xy; yz; xzg with
ve magnitudes to diversify object shapes. All parameters are sampled with a
xed random seed for reproducibility. In total, the dataset contains 110 units
with 600 image sets each, including transparent images'l, opaque images P,
absolute depth (OpenEXR), relative depth (PNG), surface normals (PNG), and
object masks (PNG), yielding 396;000 rendered images.

4 Experimental Evaluation

Implementation Details The opaci cation network is implemented as a latent

di usion model [40] initialized from Paint-by-Example [56] and ne-tuned on the
SeeClear-396k dataset described in Sec. 3.3. For transparent object localization,
we adopt a coarse-to- ne segmentation strategy. Trans4Trans [60] rst provides
an initial localization prior, which serves as a spatial prompt for SAM 3 [6] to
produce a re ned transparent-object mask M3¢9. Training uses a base learning
rate of 1 10 5 with a linear warm-up schedule and a batch size of 4, and
runs for 328,339 iterations on four NVIDIA H100 NVL GPUs. At inference, the
model is applied per instance: for each transparent object, a local patch centered
on its bounding box is cropped from the input image, resized to 512 512,
processed by the di usion model, and composited back into the original image
using the Mask Re nement Module. By mapping to this canonical space, the
model can ignore global spatial layout and focus on object-level opaci cation
regardless of where or how large the object appears in the scene. When multiple
transparent objects are present, their patches are processed together as a single
batch, minimizing computational overhead. The di usion process is solved using
the UniPC sampler [62] with 10 steps. For depth estimation, we explore two o -
the-shelf monocular depth models, Depth Anything V3 [24] and MoGe-2 [51].
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Fig. 4: Qualitative Comparison. We evaluate transparent-object depth estimation

on ClearGrasp [41] (Columns 1 3) and TransPhy3D [55] datasets (Columns 4-6). Com-
pared with baselines, SeeClear produces accurate transparent-object depth. Depth
maps in the circle are normalized in grayscale.

Neither backbone is ne-tuned, and all evaluations are conducted in a zero-shot
setting. On a single H100 GPU, processing one image takes approximately 7:65s.
Baselines We compare SeeClear with several state-of-the-art methods for
transparent-object depth estimation, including Depth4ToM [9], Di usion4RobustDepth

(D4RD) [49], MODEST [26], and DKT [55]. In addition, we compare with
general-purpose monocular depth estimators. These include di usion-based depth
models such as Marigold [19], GenPercept [54], and GeoWizard [14], which lever-
age pre-trained generative di usion priors. We also evaluate discriminative depth
models, including Depth Anything V3 (DA3) [24] and MoGe-2 [51], which are
feed-forward ViT-based estimators trained on large-scale depth datasets. Note
that DKT is ne-tuned on both evaluation datasets and therefore does not op-
erate in a zero-shot setting. Other methods, including the proposed method, are
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