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Fig. 1. Our method, combined with Depth Anything 3 (DA3) [1], achieves superior performance on glass surface (red bounding box) depth
estimation compared to the raw depth sensor measurements, providing accurate geometry for robot navigation in indoor environments. A
3D point cloud visualization of the scene in the last column is presented. (a) points reconstructed from the sensor depth, and (b) points
from our estimated depth. In (a), the robot might misperceive the glass region as traversable, which leads to a collision.

Abstract— Indoor robot navigation is often compromised by
glass surfaces, which severely corrupt depth sensor measure-
ments. While foundation models like Depth Anything 3 provide
excellent geometric priors, they lack an absolute metric scale.
We propose a training-free framework that leverages depth
foundation models as a structural prior, employing a robust
local RANSAC-based alignment to fuse it with raw sensor
depth. This naturally avoids contamination from erroneous
glass measurements and recovers an accurate metric scale.
Furthermore, we introduce GlassRecon, a novel RGB-D dataset
with geometrically derived ground truth for glass regions. Ex-
tensive experiments demonstrate that our approach consistently
outperforms state-of-the-art baselines, especially under severe
sensor depth corruption. The dataset and related code are
available at https://github.com/JMamie/GlassRecon.

I. INTRODUCTION

Reliable geometric perception is fundamental to localiza-

tion, mapping, and safe navigation across diverse robotic
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platforms and environments [2]. Glass surfaces represent

a particularly hazardous failure case for standard RGB-D

sensors, which often produce invalid measurements or incor-

rectly capture background objects. Existing solutions, such as

specialized LiDAR, complementary sensors, or glass-specific

neural networks, are often constrained by environmental

conditions, high hardware costs, or poor generalizability to

unseen domains.

While modern monocular depth estimation models (e.g.,

Depth Anything V3 [1]) provide powerful structural priors,

they fail to deliver accurate metric scale on their own. Be-

sides the lack of absolute scale in affine-invariant networks,

state-of-the-art (SotA) metric-depth networks still struggle to

accurately estimate the geometry and scale of glass surfaces.

To bridge this gap, we propose a modular, training-free

pipeline that leverages a modern affine-invariant monocular

network to obtain a structural depth prior. We then align

this prior to the sensor’s metric scale using a novel local

RANSAC-based alignment. By calculating scale-shift pairs

after local sampling from image patches and validating them

globally, our method inherently avoids contamination from

erroneous sensor measurements on glass, preserving the

prior’s structural fidelity.

To rigorously evaluate our approach, we introduce Glass-

Recon, a dedicated dataset of ∼ 1K indoor RGB-D images

featuring glass instances. Assuming most indoor glass is

ar
X

iv
:2

60
4.

18
33

6v
3 

 [
cs

.R
O

] 
 2

3 
Ju

l 2
02

6

https://arxiv.org/abs/2604.18336v3


planar, we generate ground-truth depth using geometric con-

straints derived from reliable coplanar surfaces. The dataset

features an “easy / hard” split based on the severity of sensor

depth corruption, enabling nuanced evaluation.

Our main contributions are summarized as follows:

• Modular Pipeline: A robust, training-free depth com-

pletion method that combines monocular depth priors

with local RANSAC alignment.

• Benchmark Dataset: The GlassRecon dataset (∼ 1K
annotated images) with geometrically derived ground

truth and easy / hard splits for standardized benchmark-

ing.

• SotA Performance: Extensive experiments demonstrat-

ing that our method consistently outperforms global

alignment baselines and metric depth prediction net-

works, with particularly significant gains on hard ex-

amples.

II. RELATED WORK

A. Glass Detection for Robot Navigation

Glass surfaces present a critical challenge for robot navi-

gation, often causing conventional depth sensors to produce

erroneous or missing measurements. Various approaches

address this issue across different modalities.

LiDAR-based methods. LiDAR can detect glass by ex-

ploiting specular reflections at specific incidence angles [3],

[4]. However, their reliability heavily depends on favorable

viewing conditions (e.g., near-perpendicular incidence and

close range), which limits their general applicability in

unconstrained robotic navigation.

Sensor fusion-based methods. Multi-modal approaches

combine depth cameras with complementary sensors such as

ultrasonic [5], polarization [6], or thermal [7] cameras. While

these modalities improve detection robustness regardless of

optical transparency, they introduce hardware complexity,

increase system cost, and often lack the density or speed

required for real-time navigation.

Data-driven methods. Recent SLAM systems integrate

deep learning-based glass segmentation [8], [9] to exclude

unreliable points during pose estimation, subsequently re-

constructing the glass separately. Concurrently, datasets like

RGB-D GSD [10], GW-Depth [11], and MonoGlass3D [12]

have been introduced to train glass-specific segmentation and

depth networks.

Unlike these approaches, which are inherently tied to

dedicated training data and specific glass types, our method

requires neither glass-specific training data nor specialized

hardware. By robustly aligning general-purpose monocular

priors, our approach is highly generalizable and readily

deployable.

B. Monocular Depth Estimation

Monocular depth estimation provides rich geometric priors

for surface reconstruction. We review two relevant categories

of these methods.

Affine-invariant depth estimation. Models such as Mi-

DaS [13] and the Depth Anything series [14], [15], [1]

Fig. 2. System pipeline. From RGB-D inputs, a foundation model
(e.g., DA3 [1]) predicts affine-invariant depth. Our RANSAC-based depth
alignment (Sec. IV-B) fuses this with raw sensor measurements to estimate
the metric scale, yielding accurate dense mapping for robot navigation.

predict robust relative depth (or disparity) up to an unknown

scale and shift. They capture detailed scene structures and

generalize exceptionally well to unseen domains. However,

because they lack metric information, they cannot directly

provide the absolute depth required for navigation. Our

method harnesses their structural accuracy by aligning them

to metric sensor depth using only reliable regions.

Metric depth estimation. Recent networks aim to di-

rectly recover absolute scale from single images. Methods

like Metric3Dv2 [16], UniDepthV2 [17], and MoGe-2 [18]

tackle varying camera intrinsics via canonical spaces or self-

promptable modules to output metric depth. Furthermore,

depth completion networks like PriorDA [19] refine metric

priors using RGB guidance. Despite these advances, metric

networks frequently fail on glass due to incorrect scale

estimation or missing geometry, and completion networks

remain heavily constrained by corrupted input priors.

Our approach bridges this gap by aligning highly accurate

affine-invariant structural priors to reliable sensor measure-

ments. This effectively combines the structural fidelity of

modern monocular networks with the metric accuracy of

RGB-D sensors, successfully recovering glass surfaces with-

out requiring network modifications.

III. GLASSRECON

To evaluate the proposed method and support future re-

search on glass surface reconstruction, we proposed a dataset

GlassRecon of indoor scenes that contains glass surface

structures with corresponding accurate annotated depth maps.

The datasets are curated from existing RGB-D datasets

with further detailed annotations as shown in Fig. 3. Our

proposed dataset serves as a comprehensive benchmark for

glass surface depth estimation.

A. Data Sources

We assume that most glass structures in indoor environ-

ments (e.g., windows, glass doors, and tabletops) are planar

surfaces. We source images from two publicly available



Fig. 3. Annotation pipeline. As discussed in Sec. III, the complete
annotation process takes original RGB, depth sensor measurements, and
glass mask as input, and produces a metrically aligned depth map.

datasets: Matterport3D [20], which provides RGB-D data

and camera intrinsics, and RGB-D GSD [10], which contains

images with manually labeled glass surfaces selected from

Matterport3D. Based on RGB-D and glass masks, we con-

struct a dedicated RGB-D Glass Surface Dataset through a

multi-step processing pipeline that generates complete depth

maps for glass regions. As shown in Fig. 1, the raw sensor

depth map fails to accurately measure the depth of glass

surfaces, so further annotation is required.

B. Annotation Pipeline

As shown in Fig. 3, the complete annotation contains

four steps: i) depth point annotation, ii) annotation and

glass masks matching, iii) 3D plane fitting, and iv) depth

estimation via ray-plane intersection.

1) Depth Point Annotation: For each glass instance, we

annotate depth points that lie on the same physical plane as

the glass. Three or more pixels on reliable regions coplanar

with the glass (e.g., for a window, we select points on the

window frame) are selected, which can be used to define the

true depth of the glass surface.

2) Annotations and Glass Masks Matching: For each

sample, RGB-D GSD provides a binary mask indicating

individual glass regions. Since multiple glass instances may

exist for a single image, the correspondences between each

set of annotated depth points and masks must be established.

To achieve this, we compute the convex hull of the annotated

points and measure its overlap with each mask. The mask that

yields the highest intersection-over-hull ratio is considered to

correspond to the glass instance. This ensures that the anno-

tated points are spatially consistent with the corresponding

glass region and represent the underlying glass plane.

3) 3D Plane Fitting: The sampled 2D image coordinates

are lifted into 3D space via inverse perspective projection

using the camera intrinsic matrix. This yields a set of spatial

coordinates Pi = (xi, yi, zi)
T representing the glass bound-

ary. We model this geometry by minimizing the algebraic

distance of the points to a parameterized plane:

nTPi + d = 0 (1)

where n = (a, b, c)T denotes the surface normal vector. The

optimal plane parameters are derived under the strict unit-

Fig. 4. Patch-wise sampling strategy. (a) The image and its depth map are
divided into grid patches {pij} and within each patch, the M pixels (red
points) are randomly selected to compute sij and tij . (b) 10 images are
randomly sampled from the proposed dataset and serve as representatives.
The distributions of the estimated s and t over all partitions form distinct
intra-image clusters (circles). The best selected (star) partition successfully
anchors the geometric center of each image’s distribution.

norm constraint ||n||2 = 1
4) Depth Estimation via Ray-Plane Intersection: For ev-

ery pixel {u, v} inside the glass mask, we compute its

corresponding ray direction vuv = K−1

c [u, v, 1]T given

camera intrinsics. The depth value zuv at that pixel is then

obtained by intersecting the ray with the fitted plane:

Puv = o+ λuvvuv, s. t. nTPuv + d = 0 (2)

where o denotes the camera’s optical center, which we as-

sume to be at the coordinate origin without loss of generality.

Solving the system for the λuv directly yields the metric

depth along the ray.

5) Final Depth Image Generation: The computed depths

replace the original depth values within the glass mask,

producing a corrected depth image. If a glass region lacks any

depth point annotations (e.g., due to severe sensor failure),

that area is masked and excluded from evaluation.

To ensure the reliability of the ground truth, each image’s

corrected depth is converted to a 3D point cloud and man-

ually inspected. Only images where the glass plane appears

geometrically consistent are retained. In total, our dataset

comprises 917 images with glass surfaces, each accompanied

by: a) RGB image, b) raw sensor depth map, c) binary glass

mask, d) annotated depth (ground truth used for evaluation

in Sec. V and e) camera intrinsics.)

GlassRecon provides a challenging benchmark for glass

surface depth completion and reconstruction, with down-

stream applications in robot navigation and scene under-

standing.

IV. METHODOLOGY

A. Overview

We propose a lightweight and modular pipeline for cor-

recting depth measurements for glass surfaces, as illustrated

in Fig. 2. The core idea is to leverage the dense, structure-

aware predictions of monocular depth foundation models

(DFMs) and align them to the absolute metric scale of the

depth sensor using a robust patch-wise RANSAC approach

as detailed in Sec. IV-B. Let I be an RGB image and

Draw be the corresponding raw depth map from an RGB-D

sensor (e.g., RealSense, Kinect). Our pipeline consists of the

following three stages:



1) Monocular Depth Prior: Any affine-invariant monoc-

ular depth estimation network F can be employed to predict

a relative depth map Dprior = F(I). This prior captures

detailed scene structure but lacks metric scale and shift.

Examples include DAV2 [15], DA3 [1], MoGe [21]. Through

exhaustive experiments on GlassRecon, we found that DFMs

that are trained with extremely large data learn the glass

surface depth accurately while preserving generalizability on

other material surfaces, specifically, DA3, as shown in Table I

demonstrates superior performance among SotA monocular

DFMs.

2) Affine Alignment: We estimate a global scale s and

shift t that map the relative prior Dprior to the raw sensor

depth Draw. The transformation Daligned = sDprior + t is

computed using a RANSAC-based procedure that samples

candidate parameters from local image patches and selects

the pair that minimizes the alignment error across the entire

image. This step is robust to the presence of erroneous glass

measurements, as shown in Fig. 4 (b). The majority of the

reliable patches outvote the minority of erroneous regions.

3) Downstream Reconstruction and Applications: The

aligned depth map Daligned produced by the proposed

method provides consistent metric-scale depth maps with

significantly improved accuracy on glass surfaces, while

preserving the structural details of the monocular depth prior.

As such, it can be readily integrated into existing RGB-D

mapping pipelines for downstream tasks. For example, the

corrected depth can be consumed by RGB-D SLAM and

online dense-mapping systems, such as ORB-SLAM3 [22]

and VG-Mapping [23], as well as dense reconstruction

frameworks such as FrozenRecon [24]. These improved

reconstructions can then benefit a variety of robotics ap-

plications, including semantic mapping, obstacle avoidance,

and safe navigation in settings where glass surfaces would

otherwise be misperceived. Furthermore, we provide an

example of robot navigation in Sec. VI to demonstrate the

effectiveness and importance of our proposed method for

robotic applications.

Modularity and Generality. The proposed alignment

module is entirely decoupled from the specific choice of

the depth prior, Dprior, allowing it to serve as a versatile

front-end for downstream tasks that rely on metric depth,

such as dense SLAM, 3D reconstruction, and visual nav-

igation. Furthermore, the framework is inherently agnostic

to the underlying DFMs. As more advanced affine-invariant

networks are emerging, they can be seamlessly integrated as

plug-and-play components without requiring any algorithmic

modifications.

B. Affine Depth Alignment via Local RANSAC

The alignment problem can be defined as computing the

optimal scale s and shift t that minimize the discrepancy

between the Dprior = {di} and the raw sensor depth

Draw = {d∗i } as described in [13].

(s, t) = argmin
s,t

∑

i

(sdi + t− d∗i )
2 (3)

However, in this paper, we focus on challenging scenarios

in which Draw contains outliers caused by glass surfaces.

Directly optimizing using Equation 3 causes failure as

demonstrated in Table I, where the global represents using

all the Draw for optimization. To overcome this challenge,

we adopt a RANSAC-inspired strategy that samples candi-

date transformations from local image patches and selects

the one with the smallest error over the entire image to

obtain a robust alignment estimation. The rationale is that

reliable non-glass regions dominate the total pixel count, so

the globally optimal transformation will naturally fit those

regions well, while errors on glass are suppressed by the

RANSAC process as depicted in Fig. 4.

Patch-wise Sampling. The image is divided into a N ∗
N grid of patches {pij}. For each patch, we perform K

iterations of the following steps:

1) Random Pixel Selection: Randomly select M pixel

locations within the current patch without any filtering for

potential glass pixels, since they are mitigated by the subse-

quent global validation step.

2) Parameter Estimation: Using the M selected points,

compute the least-squares solution for s and t by minimizing

Equation 3.

3) Error Computation: Candidate parameters {sij , tij}
are applied to the prior depth D̂ij = sijDprior + tij . Total

absolute error is computed over the entire image.

eij =
∑

|D̂ij −Draw| (4)

4) Keep Best: Retain the parameter pair s∗, t∗ that yields

the minimal eij across all iterations and all patches. After

processing all patches, the globally best transformation is

applied to obtain metric-aligned depth:

D̂∗ = s∗Dprior + t∗ (5)

Our patch-based sampling strategy aims to circumvent the

detrimental influence of erroneous depth measurements on

glass surfaces. In conventional global alignment, all pix-

els—including those on glass where the sensor depth is either

invalid or corresponds to background objects—contribute to

the parameter estimation, leading to biased scale and shift.

Our approach mitigates this issue by performing random

sampling within local patches. Since glass regions typically

occupy a small fraction of the image, the randomly selected

pixels within a patch are likely to come from non-glass areas,

where the sensor depth is reliable. The candidate parameters

computed from such samples naturally fit the metric depth

in reliable regions. By evaluating each candidate’s error over

the entire image and selecting the one that minimizes this

global error, we effectively identify the transformation that

best aligns the prior with the correct metric scale, while

the contributions from erroneous glass pixels are implicitly

discarded.

V. EXPERIMENTAL RESULTS

We conduct two sets of experiments to evaluate the

effectiveness of our proposed alignment method.



Fig. 5. Visualization of error maps for depth alignment results. Selective samples from hard subset of GlassRecon.

• Sec. V-B: Comparison of different alignment strategies,

global alignment, and the proposed patch-wise approach

with different affine-invariant depth prediction models.

• Sec. V-C: Comparison of the proposed method with

SotA metric depth prediction networks.

In this section, we first introduce the dataset and evaluation

metrics, followed by a detailed experimental analysis.

A. Dataset and Metrics

We evaluate depth accuracy using two metrics computed

over the entire image: Absolute Relative Error (AbsRel) and

the accuracy at δ < 1.25 as in [15]. To evaluate performance

across varying difficulties, we partition the 917 images in

GlassRecon into easy (601 samples, AbsRel ≤ 0.03) and

hard (316 samples, AbsRel > 0.03) subsets based on the

Absolute Relative Error (AbsRel) between Draw and DGT .

The hard subset consists of samples featuring larger glass

regions that exhibit significant errors.

TABLE I. Depth Alignment Results with Relative Depth Estimators.

Method
All Easy Hard

AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑

DAV2 [15]
Global 0.167 0.876 0.112 0.937 0.272 0.762
Ours (Local) 0.158 0.906 0.100 0.936 0.269 0.849

MoGe [21]
Global 0.166 0.874 0.059 0.963 0.369 0.703
Ours (Local) 0.142 0.904 0.055 0.964 0.309 0.790

DA3 [1]
Global 0.152 0.855 0.061 0.962 0.323 0.651
Ours (Local) 0.095 0.937 0.055 0.966 0.172 0.883

B. Comparison with Affine-Invariant Depth Methods

We first evaluate the effectiveness of our alignment strat-

egy on three SotA affine-invariant depth prediction networks:

DAV2 [15], DA3 [1], and MoGe [21]. As shown in Table I,

our proposed local RANSAC-alignment method consistently

outperforms the global alignment baseline across almost

all networks and subsets, with the most substantial gains

observed on the hard subset where glass causes severe

depth corruption. Among three networks, DA3 achieves the

best overall performance when combined with our method,

reducing AbsRel on the hard subset by over 46%. The

qualitative results in Fig. 5 illustrate the depth difference

between our method and global alignment against ground

truth for representative samples from the hard subset. In

these examples, the raw sensor depth incorrectly assigns

background values to the glass surface, leading to a heavily

biased global alignment and large errors throughout the glass

region. On the other hand, our local RANSAC alignment

successfully recovers the correct planar structure, producing

an error map that is substantially lower than that of the global

alignment, consistent with the quantitative gains reported in

Table I for hard subset.

TABLE II. Metric Depth Estimation Result. Best , Second Best , and

Third Best are highlighted.

Method
All Easy Hard

AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑

Metric3Dv2 [16]
w/o intrin. 0.245 0.834 0.168 0.897 0.390 0.713

w/ intrin. 0.258 0.819 0.167 0.887 0.432 0.690

UniDepthV2 [17]
w/o intrin. 0.305 0.804 0.204 0.865 0.496 0.687

w/ intrin. 0.309 0.808 0.204 0.872 0.509 0.686

MoGe-2 [18] 0.240 0.540 0.229 0.548 0.262 0.524

PriorDA [19]
w/o geom. 0.158 0.886 0.037 0.970 0.387 0.726

w/ geom. 0.155 0.887 0.037 0.972 0.381 0.724

Ours (+DA3 [1]) 0.095 0.937 0.055 0.966 0.172 0.883

C. Comparison with Metric Depth Methods

Based on the benchmark results and analysis in Sec. V-B,

we choose DA3 as the depth prior in combination with our

method to compare with metric depth prediction models. As

summarized in Table II, our method achieves the best overall

performance, with significant improvement on the hard split

where glass-induced errors are severe. On the easy subset,

our method achieves competitive performance with PriorDA,

which is designed to refine raw sensor depth without account-

ing for potential measurement corruption, as shown in Fig. 6.

Furthermore, from the visualization of selective samples in



Fig. 6. Comparison with metric depth prediction models. As shown in Table II, Metric3Dv2 and UniDepthV2 are demonstrated without intrinsic inputs,
whereas PriorDA with the geometry prior.

hard subset, we find that PriorDA remains anchored to the

input sensor depth, failing to recover the true glass geometry.

While Metric3Dv2 and UniDepthV2 similarly struggle to

estimate correct structures on glass, MoGe-2 achieves more

plausible geometry but suffers from frequent depth scale

misalignment. In contrast, our method successfully recovers

a clean, planar glass surface with an accurate metric scale

that closely matches the ground truth. This visual accuracy

is entirely consistent with our quantitative advantage on the

hard subset, as demonstrated in Table II.

Fig. 7. Visualization of representative failure cases. (a) Limitations of
the monocular depth prior. (b) Corruption from erroneous sensor depth.

D. Limitations and Failure Cases

Despite the effectiveness of our method on the majority

of glass surfaces, two primary scenarios still pose challenges

as illustrated in Fig. 7.

Limitations of the depth prior. Our approach scales

the output of the depth prediction network to improve the

reconstruction of glass surfaces. If the depth prior is limited

to predict the geometry of glass regions, our proposed

method fails as shown in Fig. 7(a), where the prior incor-

rectly estimates depth corresponding to background objects

behind the glass rather than the glass surface. Though this

highlights the dependence of our method on the quality of

the underlying depth prior, the emerging developments in

DFMs would seamlessly benefit our proposed framework.

Corruption from erroneous sensor depth. The robust-

ness of our local RANSAC alignment stems from the as-

sumption that randomly sampled pixels are mainly from

regions where the sensor depth is reliable. This assumption

holds when glass regions either occupy a small area or return

mostly invalid measurements (e.g., zeros or missing values).

However, when depth sensor measurements return erroneous

but valid depth values over a glass surface that occupies most

of the image, these corrupted pixels can dominate the global

error minimization process. The resulting scale and shift

are then biased toward fitting the incorrect measurements,

causing the aligned depth to conform to the erroneous values

rather than the true glass geometry. Fig. 7 (b) illustrates a

typical case, where large glass areas with incorrect depth

values bias the alignment. One potential improvement could

be to modify the global error minimization to better handle

dominant erroneous depths. For example, by introducing per-

pixel weighting or modifying the validation strategy. We

leave this direction for future work.

VI. APPLICATION IN ROBOT NAVIGATION

To demonstrate the practical effectiveness of our method

for downstream robotic applications, we evaluate its impact

on mapping and navigation through two complementary



Fig. 8. Visualization of Reconstruction. (Top) ScanNet++, (Middle) Scene01, (bottom) Scene02. The top row is selected from ScanNet++ [25], and the
Scene01 and Scene02 are from self-collected data sequences with an iPhone.

experiments: one utilizing the public ScanNet++ [25] dataset,

and the other using real-world data collected in campus

environments.

Evaluation on ScanNet++. We first assess 3D recon-

struction quality on a challenging indoor scene from Scan-

Net++ [25] featuring a glass balcony door, a common failure

point for standard depth sensors. Using the nvblox [26]

reconstruction framework, we compare the map generated

from raw sensor depth against the map produced with our

corrected depth. As shown in the top row of Fig. 8, the

reconstruction relying on raw sensor depth exhibits severe

holes around the glass door, rendering the area unsafe for

navigation. In contrast, our corrected depth successfully

recovers the planar structure of the glass surface, yielding

a complete and geometrically consistent map.

Real-World Validation. To validate our approach in the

wild, we conducted field experiments in the lobbies of two

campus buildings. Using an iPhone 17 Pro, we recorded

two RGB-D sequences (with associated camera poses) in

areas featuring multiple glass doors. After applying our depth

correction to each downsampled frame, we reconstructed 3D

maps of both environments. The middle and bottom rows

of Fig. 8 illustrate the reconstruction results for Scene01

and Scene02, respectively. Consistent with our ScanNet++

findings, raw sensor depth treats glass regions as empty

voids, whereas our corrected depth reconstructs these areas

Fig. 9. Visualization of the planning result on Scene02. Left: Motion
planning result on our reconstructed map. Right: Motion planning result on
the sensor depth reconstructed map.

with complete, accurate geometry.

Map fidelity is especially important for planning meth-

ods whose candidate edges are validated through collision

checking [27]. To further demonstrate the impact on robot

navigation, we converted the reconstructed point cloud of

Scene02 (Fig. 8, bottom row) into a 2D occupancy grid

for path planning. Fig. 9 displays the planned trajectories

overlaid on this map. When using the map generated from

raw sensor depth, the planner misinterprets the glass doors

as traversable open space, resulting in a collision-prone

path. Conversely, our corrected depth accurately registers the

glass surfaces as physical obstacles, enabling the planner to

compute a safe, collision-free route.

In summary, these experiments confirm that our depth cor-



rection not only improves quantitative depth metrics but also

provides tangible benefits for real-world robotics, enabling

robust scene reconstruction and safe path planning in glass-

rich environments.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we present a simple yet effective method

to achieve glass surface depth completion that fuses affine-

invariant depth priors with raw sensor measurement. By

applying a RANSAC-based sampling strategy, our approach

naturally avoids contamination from erroneous glass depths

while preserving accurate geometry without training. To

support evaluation, we build GlassRecon, which consists

of 917 indoor images with ground-truth depth annotations,

including the glass regions. Through extensive experiments,

we find that leveraging DA3 as prior in the proposed frame-

work outperforms SotA metric depth prediction models,

with particularly pronounced gains on hard examples where

sensor depth is severely corrupted.

For future work, we plan to expand the proposed dataset

to encompass a wider variety of glass types and scenes. This

will not only establish it as a comprehensive benchmark for

glass surface depth estimation but also enable the fine-tuning

of depth priors for enhanced performance. Furthermore, in-

corporating uncertainty estimation into the alignment process

could improve robustness by adaptively weighting pixels

based on their reliability. Finally, inspired by trajectory priors

that have proven effective in rejecting inconsistent SLAM

constraints [28], we plan to exploit temporal consistency

across sequential RGB-D frames to identify unreliable per-

frame depth alignments and resolve geometric ambiguities

when single-frame priors are insufficient.
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