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OpacifyDepth: Reliable Depth for Transparent Objects
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Figure 1: We propose OpacifyDepth, a two-stage appearance-normalization pipeline that converts transparent
objects into opaque surrogates, enabling stable monocular depth estimation without retraining depth models.

Abstract

Monocular depth estimation remains fundamentally unreliable for transparent
and reflective objects, where light transmission and specular reflection violate
the appearance assumptions baked into modern depth networks. State-of-the-art
monocular estimators consistently fail to produce stable or meaningful depth pre-
dictions in regions containing glass, mirrors, or glossy materials. In this work,
we present a two-stage solution that converts transparent-object depth estimation
into a standard opaque-surface inference problem. First, we perform appearance
normalization by detecting transparent and reflective regions and replacing their
textures with physically plausible opaque counterparts. Second, we apply an
off-the-shelf monocular depth estimator directly to the modified image without
requiring any model retraining or architectural changes. We implemented mul-
tiple texture–replacement strategies, including semantic-guided matte synthesis
and material-consistent inpainting, and found that they substantially restore depth
stability and boundary sharpness across diverse scenes. Experiments on a hybrid
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rendered–real dataset containing glass, plastic, and metallic objects show consis-
tent improvements over baseline depth estimators, particularly in regions where
transparency previously caused severe distortions. Qualitative evaluations further
demonstrate smoother geometry, reduced boundary artifacts, and significantly im-
proved alignment with ground-truth depth. Our results indicated that appearance
normalization is an effective and generalizable front-end for handling transparent
and reflective objects within existing monocular depth pipelines.

1 Introduction

Monocular depth estimation is a core problem underpinning applications in 3D reconstruction,
robotic manipulation, navigation, scene understanding, and visual content generation [1, 2]. In
settings involving transparent objects, accurate depth inference is particularly important for grasping,
collision avoidance, and precise placement, as well as for stable real-to-simulation pipelines and
automated hyperparameter tuning in robotic workflows [3–5]. While recent monocular depth models
such as MiDaS [6], DPT [7], ZoeDepth [8], Depth Anything V2 [9], and Marigold [10] achieve strong
performance on standard benchmarks, they continue to exhibit systematic failures when applied to
scenes containing transparent or reflective materials.

These failure modes arise from fundamental optical effects. Refraction and light transmission distort
the mapping between observed appearance and underlying geometry, causing background leakage
and spatially inconsistent depth cues [11]. Transparent regions often lack reliable texture and shading
gradients, rendering their surfaces ambiguous under photometric inference. Specular highlights,
reflections, and mixed illumination further confound boundary localization, leading to fragmented
geometry and unstable depth predictions [12–14]. Together, these effects violate the assumptions
under which most monocular depth estimators are trained, making transparent objects a persistent
and well-documented failure case.

Rather than attempting to infer depth directly through transparent media, we reframe the task as an
appearance normalization problem. Our approach decomposes depth estimation into two stages: first,
transparent or reflective regions are identified and their appearance is converted into geometrically
consistent opaque surfaces; second, any off-the-shelf monocular depth estimator is applied to the
resulting image. This decoupling bypasses the physical complexity of light transport in transparent
materials and allows existing depth models to operate under their intended photometric assumptions
without architectural modification or retraining.

To localize regions requiring normalization, we rely on vision–language-guided segmentation to
obtain object-level masks for transparent materials. The subsequent appearance-conversion stage
replaces refractive observations with plausible diffuse textures while preserving object boundaries
and shading continuity. The resulting image maintains the original scene geometry but removes
appearance artifacts that are incompatible with monocular depth inference.

A central challenge in studying transparent-object depth is the lack of suitable training and evaluation
data. Existing datasets are often limited in scale, restricted to a narrow set of object categories, or lack
reliable ground-truth depth. To address these limitations, we construct a synthetic dataset consisting
of three complementary components: paired transparent–opaque object renders with ground-truth
depth, additional multi-object Blender-rendered scenes designed to test generalization beyond the
training distribution, and real photographs of transparent objects captured under natural conditions
without depth supervision. Quantitative evaluation is conducted on a held-out synthetic test split
with ground-truth depth, while qualitative evaluation focuses on both unseen synthetic scenes and
real-world images to assess robustness and in-the-wild behavior.

Across all settings, the proposed preprocessing step consistently improves the depth predictions
produced by existing monocular estimators. On synthetic data, the method yields more coherent
geometry and cleaner object boundaries, while on real images it suppresses background interference
and produces more stable depth within transparent regions.

In summary, our contributions are as follows:

• We introduce a dedicated pipeline for transparent-object depth estimation that reframes
the problem through appearance normalization rather than direct inference on refractive
observations.
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• We propose a material-conversion module that transforms transparent regions into geometry-
preserving opaque surrogates, enabling depth models to operate under well-defined photo-
metric assumptions.

• We demonstrate that the edited images are compatible with a wide range of existing monoc-
ular depth estimators without requiring architectural changes or retraining.

• We construct paired transparent–opaque synthetic data and evaluate the method using
quantitative results on a held-out synthetic test set together with qualitative case studies on
unseen synthetic scenes and real photographs.

2 Related Work

2.1 Monocular Depth Estimation

Monocular depth estimation has seen rapid progress with the adoption of large-scale pretraining and
global reasoning mechanisms. Early CNN-based approaches [15] first demonstrated direct depth
regression from a single image, followed by transformer architectures such as DPT [16] and DINOv2-
derived backbones [17], which improved long-range feature aggregation and depth consistency. More
recent models including ZoeDepth [18], Marigold [19], and Depth Anything V2 [20] have further
incorporated metric-relative fusion, diffusion priors, and large-scale pseudo-labeling to obtain strong
performance across diverse benchmarks.

Despite these advancements, existing monocular depth models consistently fail on transparent objects.
Multiple recent evaluations [21] provide explicit evidence that state-of-the-art foundation models
such as DPT, ZoeDepth, and Depth Anything V2. These models produce highly unstable, distorted,
or background-leaking depth in transparent regions due to refraction-induced appearance–geometry
mismatch. This study demonstrates that transparent surfaces violate the photometric assumptions
under which these models are trained, leading to depth collapse, discontinuities, and incorrect
foreground–background separation.

These findings align with earlier observations in transparent-object geometry literature (e.g., Clear-
Grasp [11]), where refraction and texture scarcity are shown to remove the shading cues necessary
for monocular inference. Together, these results establish transparent materials as a reproducible and
well-documented failure mode for modern monocular depth estimation, motivating approaches that
explicitly modify or normalize appearance before applying depth prediction.‘

2.2 Segmentation

Segmentation plays a central role across a wide range of computer vision tasks, enabling models to
reason about scene structure, object boundaries, and region-specific appearance. As modern systems
increasingly require object-level understanding, access to reliable segmentation masks has become
fundamental. Advances in both semantic segmentation and instance segmentation have made it
possible to obtain accurate masks even for objects with complex geometry or visual ambiguity.

Within the domain of transparent objects, segmentation has received increasing attention. Trans2Seg
[22] proposes a Transformer-based architecture specifically designed to distinguish transparent
materials and introduces the Trans10K dataset for benchmarking. Trans4Trans [23] extends this
direction with a dual-head Transformer tailored for real-world navigation and robotic manipulation.
Beyond segmentation alone, several works incorporate geometric cues: RFTrans [24] estimates
refractive flow to recover surface normals, whereas sensor-based techniques [25] combine refraction
modeling with photometric constraints for transparent-surface reconstruction.

These studies highlight the critical role of segmentation and material-aware processing in perceiving
transparent objects. However, existing approaches often require specialized training, dataset-specific
supervision, or strong geometric priors. Our framework takes a different direction by leveraging
general-purpose vision–language segmentation models. Because our method does not depend on
transparent-object datasets for training, we use them solely for evaluation to assess cross-dataset
generalization.
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Figure 2: Overview of the OpacifyDepth framework. The image editing network converts transparent regions
into opaque surfaces, enabling monocular depth estimators to produce accurate depth in transparent-object
scenes.

2.3 Image Inpainting and Material Editing

Image inpainting, intrinsic decomposition, and material editing are closely related to our goal
of transforming transparent regions into opaque, geometrically consistent surfaces. Prior work
in material manipulation seeks to disentangle or adjust surface appearance so that images better
re�ect physically plausible properties. Careaga et al. [26] decompose images into intrinsic albedo and
shading, reducing ambiguity introduced by complex illumination. Materialist [27] investigates learned
transformations between transparent and opaque materials, enabling controllable edits under different
lighting and viewpoint conditions. More recent diffusion-based approaches such as Alchemist [28]
allow parametric modi�cation of re�ectance, roughness, and translucency while maintaining visual
coherence.

Although these studies do not speci�cally address ambiguity introduced by transparent materials,
they nevertheless motivate the idea that modifying surface appearance can help reduce certain forms
of visual uncertainty. Inspired by this broader perspective, our method applies a geometry-preserving
opaque substitution targeted to transparent regions, producing edited images that better conform to
the visual assumptions underlying standard monocular depth estimators.

3 Method

3.1 Overview

Our method, OpacifyDepth, reformulates the challenge of depth estimation for transparent objects as
an image editing problem. Formally, denote the transparent input image asI tr 2 RH�W �3 , whereH
andW are the height and width. The edit region is represented by a binary maskM tr 2 f0; 1g H�W

where value 1 speci�es the transparent object pixels. Our goal is to synthesize an edited image
I 0op from fI tr ; M tr g, so that the masked region exhibits opaque appearance while the background
remains unchanged. The edited image is then processed by a frozen monocular depth estimator to
obtain depth predictions.

3.2 Data Construction

Training Dataset Generation. We render paired transparent and opaque images that share identical
geometry, camera pose, and illumination, as illustrated in Fig. 3. Rendering is performed in Blender
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