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Fig. 1: Data acquisition and reconstruction under reflection contamination : 2D render-
ings and 3D point clouds. Left: data capture with the target inside a glass enclosure
and reflective lights; cameras circle the object to collect input images. Middle: 2D
renderings from Vanilia 3DGS, Spotless (TOG 2025) [32] and our method; red arrows
indicate specular-flare artifacts degrading reconstruction, red boxes mark geometry
inconsistencies introduced by reflections. Right: corresponding 3D point clouds. Red
circles show the flare artifacts in 3D.

Abstract. Reconstructing 3D scenes of objects displayed in glass enclo-
sures remains a significant challenge for 3D Gaussian Splatting (3DGS),
particularly in museum and exhibition hall settings where transparent
protective cases are ubiquitous. The high specular reflections (HSR) gen-
erated by glass surfaces severely degrade reconstruction quality, yet their
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underlying properties and impact on 3DGS remain poorly understood.
Through systematic investigation, we reveal two insights into HSR be-
havior in 3DGS: (1) Geometry-inconsistency property: HSR causes 3D
points to exhibit drastically different appearances across viewpoints, fun-
damentally violating the geometric consistency assumption that under-
pins 3DGS; (2) Concept-preservation property: Despite corrupting lo-
cal appearance, HSR has remarkably limited influence when learning
high-level object concepts, as the true object structure remains intact
beneath the reflective layer. Motivated by these insights, we propose
GlassGS, a geometry and concept-aware 3DGS framework with an it-
erative two-stage optimization. First, we compute geometry-consistency
maps for each input view to evaluate the appearance variations across
viewpoints, explicitly identifying HSR-affected pixels by measuring the
appearance variations of 3D points across views. Second, we introduce
a geometry-inconsistency-guided object concept learning module that
leverages these maps to learn robust object representations while actively
suppressing reflection interference. The two stages mutually reinforce
each other through iterative refinement, improving both inconsistency
detection and concept learning. For this new task, we collect the first
dataset specifically designed for 3DGS reconstruction of glass-enclosed
objects. Extensive experiments demonstrate that GlassGS significantly
outperforms state-of-the-art methods, enabling high-fidelity digitization
of glass-enclosed scenes and opening new possibilities for virtual museum
experiences.

Keywords: 3D Gaussian Splatting - High specular reflections - Geom-
etry consistency - Concept Learning

1 Introduction

3D reconstruction is a fundamental task in augmented reality (AR), autonomous
driving, robotic perception, and cultural heritage preservation [19; 28]. Recent
advances in Neural Radiance Fields (NeRF) [23] and 3D Gaussian Splatting
(3DGS) [15] have significantly improved scene modeling and novel view synthesis.
NeRF leverages volumetric rendering to learn radiance fields with high-quality
view interpolation, while 3DGS achieves real-time rendering by optimizing 3D
Gaussian primitives. However, objects in glass enclosures remain challenging:
transparent cases produce high specular reflections (HSR) that corrupt multi-
view consistency. As shown in Figure [I} the same reflective region can appear
bright, dark, or contain virtual objects across views, violating 3DGS’s per-point
appearance consistency and causing reflections to be mistaken for geometry,
resulting in severe reconstruction artifacts.

Although reflection-aware extensions have been explored [22 [47], their limi-
tations become evident under strong or dynamic reflections. NeRFReN [10] de-
composes scenes into transmission and reflection fields, but struggles with flash-
induced artifacts. NeuS-HSR [29] incorporates physical priors with planar reflec-
tion assumptions, yet fails under complex non-planar surfaces. Editing-oriented
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approaches such as GaussianEditor [4I] enable object-level manipulation but
rely on explicit semantic masks and cannot resolve ambiguities introduced by
virtual reflections. Meanwhile, 2D reflection removal methods [12} [3T} [42} [43} [5T]
leverage diffusion models or flash cues to suppress reflections in single images,
but lack multi-view geometric reasoning and thus remain unsuitable for 3D re-
construction. As shown in Figure [l even dynamic-artifact suppression methods
such as SpotLessSplats [32] fail under strong or view-dependent reflections, leav-
ing residual artifacts that still mislead multi-view reconstruction.

Through systematic investigation, we identify two fundamental properties of
HSR in the context of 3DGS as detailed in Sec. |3 : @ Geometry-inconsistency
property: HSR causes the same 3D point to exhibit drastically different appear-
ances across viewpoints, fundamentally violating the multi-view consistency as-
sumption that underpins 3DGS. This leads to reflections being misinterpreted as
geometry, producing spurious structures and distortions. @ Concept-preservation
property: Despite corrupting local appearance, HSR has limited influence on
high-level concept learning. Pretrained vision models tend to capture the un-
derlying object structure rather than its reflective artifacts, suggesting that
semantic priors can help disambiguate reflections from true geometry. These
findings reveal why geometry-only formulations struggle: they neither exploit
cross-view conflicts specific to reflections nor leverage concept-level priors that
can disambiguate real objects from reflective artifacts. Moreover, one-shot re-
moval without feedback fails to correct initial errors or progressively improve
reliability estimation. To address these gaps, we propose GlassGS, a geometry-
and concept-aware 3DGS framework that incorporates an iterative two-stage op-
timization, tightly coupling cross-view inconsistency analysis with object-centric
representation learning.

GlassGS is a geometry- and concept-aware framework that alternates two
stages: a geometry-consistency map detects and downweights reflection-contaminated
pixels to protect 3D geometry, and concept-guided learning uses these cues to
restore object structure and suppress reflection ambiguity. Iterating these stages
aligns 2D appearance with 3D geometry, producing geometrically consistent,
semantically faithful reconstructions. To evaluate this setting, we collect the
dataset specifically tailored to 3DGS reconstruction of glass-enclosed objects,
encompassing challenging conditions such as dynamic lighting. Extensive exper-
iments show that GlassGS substantially outperforms state-of-the-art baselines,
enabling high-fidelity digitization of glass-enclosed scenes and opening avenues
for realistic virtual museum experiences. The main contributions of this paper
are as follows:

— We present GlassGS, a geometry- and concept-aware 3DGS designed for
reflection-heavy glass-enclosed scenarios, grounded in the identified HSR
properties.

— We introduce a geometry-consistency map to measure the appearance vari-
ations that quantitatively capture reflection contamination and guide opti-
mization in 3DGS.
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— We leverage a concept-guided learning module that leverages inconsistency
signals to maintain true object structure while suppressing reflective arti-
facts.

— We design a closed cycle that couples inconsistency detection and concept
learning, progressively improving stability and fidelity.

— We establish a dataset targeting 3DGS reconstruction of glass-enclosed ob-
jects, enabling rigorous evaluation under complex reflections and dynamic
illumination.

2 Related work

3D Reconstruction and Gaussian Splatting. Multi-view 3D reconstruction
is fundamental [45]. NeRF and its extensions (e.g., Mip-NeRF, RegNeRF) ad-
vanced photorealistic neural implicit reconstruction [3} 23} 26], but volumetric
rendering is costly and prone to multi-view inconsistency—especially under high
specular reflections (HSR), which distort geometry. Explicit representations like
3D Gaussian Splatting (3DGS) enable real-time rendering and compact mod-
els by optimizing Gaussian primitives [I5], and works such as GaussianEditor
extend 3DGS to editing and texture refinement [4I]. Yet Gaussian-based meth-
ods still misinterpret specular regions as fragmented geometry; improving 3DGS
robustness to HSR motivates our work.

High Specular Reflection (HSR) Removal. Existing HSR removal meth-
ods fall into three paradigms: physically-based modeling, appearance-level de-
composition, and image-domain reflection removal. Physically-based methods
[6; 20t B7] model reflections via geometric symmetry or ray tracing but treat them
as visual effects rather than geometry, limiting 3D consistency. Appearance-
decomposition approaches [35; 46} 48} [49] integrate reflection—transmission dis-
entanglement into Gaussian-based 3D representations (deferred shading, param-
eter extension, or flash cues) and aid appearance editing but often leave residuals
due to weak geometric supervision. Image-domain methods [7; 9 29} [44] suppress
reflections in 2D using priors or learning but lack multi-view coherence, mak-
ing them unsuitable for geometry-consistent 3D reconstruction. In contrast, we
tackle specular artifacts directly in 3D Gaussian space, enabling reflection-aware
reconstruction with explicit geometric consistency.

Semantic and Diffusion Priors in 3D Vision. Semantic priors improve
interpretability and structural coherence in 3D reconstruction [36; 40]. Semantic
NeRF and Semantic SLAM integrate category-level semantics [I7: 38 505 53],
and GSNeRF embeds semantic features into NeRFs [4]. Vision-language mod-
els like CLIP have been extended to 3D understanding [I8 27 [30; [39], and
Feature 3DGS fuses CLIP/SAM into Gaussian Splatting, though reflection rea-
soning remains unexplored [52]. Diffusion models provide strong generative pri-
ors for restoration [8], and their 3D variants (RenderDiffusion, RefFusion, 3D-
Consistent Inpainting, D3DR) enable multi-view, illumination-consistent recon-
struction [T} [2 11} 245 33; B4]. Inspired by these trends, we leverage semantic
and diffusion priors to guide reflection disentanglement and strengthen 3DGS
under specular conditions.
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3 Empirical Study and Motivation

While multi-view reconstruction methods have achieved remarkable progress in
recent years, their assumptions are fundamentally challenged in museum and ex-
hibition settings where objects are displayed behind transparent glass enclosures.
The primary difficulty stems from High specular reflections (HSR), which
introduce severe inconsistencies across viewpoints and corrupt the reconstruction
pipeline in two distinct ways.

View-dependent appearance variation. Reflections on glass surfaces ex-
hibit dramatic changes when observed from different viewpoints. As highlighted
in the red rectangle of the Figure[I] the same reflective region may appear bright
in one view due to flash, dark in another due to light-source movement, or even
contain virtual objects reflected from the surrounding environment. These vari-
ations break the geometric consistency assumption that underpins 3D Gaussian
Splatting (3DGS), where each 3D point is expected to maintain a stable appear-
ance across views. Consequently, reflection artifacts are mistakenly interpreted
as genuine geometry, leading to spurious Gaussian expansion, distorted surfaces,
and degraded reconstruction fidelity.
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Fig. 2: Concept-preserving stability under reflection contamination. Comparison of
textual-inversion results under no, partial, and heavy reflection contamination: example
training images (top-right) and corresponding generated outputs (bottom-right)

Concept-preserving stability of the target object. Despite the disrup-
tive local signals introduced by reflections, the true object structure remains
intact beneath the glass. To validate it, we conduct a textual inversion experi-
ment under three conditions: training on images without reflections, with partial
reflections, and with heavy reflection contamination. As illustrated in Figure
all three settings yield generated results that consistently preserve the core ob-
ject concept—capturing its global shape, topology, and material identity—even
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when local appearance is severely corrupted. In other words, while reflections dis-
tort pixel-level geometry alignment and introduce spurious highlights, they exert
limited influence on the learning of object-level representations. This dichotomy
suggests that reflections and genuine object features can be distinguished by
their behavior: reflections are highly inconsistent across views, whereas genuine
object surfaces maintain a stable conceptual identity.

Together, these observations highlight the need for a reconstruction frame-
work that is both geometry-aware and concept-aware. By explicitly model-
ing reflection-induced inconsistencies and simultaneously leveraging the stability
of object concepts, it becomes possible to distinguish between reflection arti-
facts and authentic geometry. This motivates our proposed framework, GlassGS,
which integrates geometry-inconsistency detection with concept-guided learning
in an iterative optimization process.
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Fig. 3: Pipeline of our GlassGS and examples. Top-left: two key modules along
with their operational workflow. Bottom-left: rendered results and corresponding
geometry-consistency maps across different optimization iterations, demonstrating the
progressive removal of reflections. Right: pipeline for reflection-free concept learning.
The definitions of Arrows are shown on the left side.

4 Methodology

4.1 Overview

As illustrated in Figure [3] GlassGS operates in two mutually reinforcing stages:
® Geometry-inconsistency perception. For each input view, we explicitly
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measure the inconsistency of 3D points across viewpoints utilizing geometry-
consistency maps that identify HSR-affected pixels and provide a reliability sig-
nal that prevents reflection-dominated observations from steering 3DGS opti-
mization toward non-physical geometry. ® Concept-guided learning under
geometry-consistency maps. By leveraging geometry-consistency maps to de-
note the geometry inconsistencies, we develop robust object representations that
effectively mitigate the impact of reflective interference. This process emphasizes
concept-level cues to maintain the integrity of true structural information while
suppressing ambiguities introduced by reflections. Consequently, this approach
ensures that semantic understanding harmoniously integrates with geometric
reasoning for enhanced interpretability.

The two stages are integrated in an iterative refinement loop: improved in-
consistency detection enhances concept learning, and enhanced concept learn-
ing, in turn, refines inconsistency estimation. This loop progressively aligns 2D
appearance and 3D geometry, stabilizes optimization, and reduces artifact ac-
cumulation, yielding reconstructions that are both geometrically consistent and
semantically faithful.

4.2 Geometry-Consistency Perception

Specular reflection regions introduce geometric ambiguity in multi-view recon-
struction. Reflection artifacts produce inconsistent 3D projection signals across
viewpoints (e.g., flash, virtual objects reflected on glass), causing 3D Gaus-
sians to converge to non-existent geometric structures incorrectly. This results
in model expansion and surface distortion, compromising the accuracy of the re-
constructed scene. Moreover, reflective regions exhibit significant color variance
across viewpoints, whereas real surfaces maintain consistent color appearance.
To address this, we incorporate a geometry-consistency perception (GCP) mech-
anism in reconstruction, which effectively distinguishes reflections from actual
objects.

First of all, given multi-view images Z = {I;})¥.; and corresponding camera
poses P = {p;} ¥, we compute a pixel-wise geometry-consistency map Cons; =
{cons; }zc1, to quantify reflection contamination, ensuring precise identification
of specular regions. For a pixel x in the image I, at the viewpoint p;, we project it
into 3D world coordinates w, using depth estimation D, from the 3D Gaussian
scene. We then track its visibility across adjacent camera poses P’ C P and
compute its multi-view color variance as reflection geometry-consistency:

1
P'|

cons; =

Z Similarity (¢(wz, Pj), ¢(Wy, Pi)), (1)

p;EP’

where ¢(w, p;) is the projected color in w, observed from the view p;. A lower
cons,, value indicates strong multi-view inconsistency, suggesting the presence of
reflection artifacts. We aggregate cons, across pixels to construct the geometry-
consistency map Cons;.
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Following the 3DGS reconstruction framework, we dynamically refine 3D
Gaussian parameters to suppress reflection artifacts while preserving geomet-
ric integrity. Let G = {gk},iw:l denote 3D Gaussians with parameters g =
{1k, >k, ok, cr }, where i, represents the Gaussian center in 3D space, >, is
the covariance matrix controlling shape and orientation, ay, € [0, 1] is the opacity
parameter, and c¢; denotes the view-dependent color coefficients.

To improve robustness against reflections, we integrate reflection-aware geometry-
consistency maps into the optimization process. The objective function is as
follows:

N N
Lgeo =M1 Z ||Cons; ® (I; — L)1 4+ X2 ZD — SSIM(I;,I;, Cons;),  (2)

i=1 i=1

where I, = Render (G, p;) denotes the rendered image from the 3D Gaussian rep-
resentation G at the viewpoint p;. The weights A1, Ao balance detail preservation
(L1 loss) and structural consistency (D-SSIM loss) following vanilla 3DGS. Both
the L1 and D-SSIM losses suppress reflections by down-weighting low-geometry-
consistency regions, focusing optimization on reliable areas while allowing visual
clues from other viewpoints in uncertain zones.

4.3 Reflection-Free Concept Learing

To disentangle genuine object features from reflection artifacts, we introduce
a reflection-free concept learning (RFCL) framework. Motivated by our find-
ing that object concepts remain stable even under heavy reflection contami-
nation (i.e. Figure , we first learn a reflection-free scene embedding Sgcene
via textual inversion, capturing the semantic identity of the object indepen-
dent of local noise. We then apply a geometry-aware ControlNet suppression
module that leverages reflection-inconsistency maps to filter spurious geometric
signals. Together, these two stages—concept learning and geometry suppres-
sion—complement each other, enabling robust reflection removal of the HSR
images for glass-enclosed scenes.

Scene Conceptual Learning. Given a small set of reflection-contaminated
patches Z, we optimize a reflection-free text embedding Sgcene to encode the
concept of the scene. The optimization objective is formulated as:

Sscene = arg Hslll’l ]EL' €Z,z=¢(I),ee N (0,1),t U |C0nsi © (6 - EGSD (Zta t, T(¢7 S*))) | ‘%] y

(3)
where eg D is a frozen Stable Diffusion denoiser, which predicts the noise € added
to the latent representation z; at timestep ¢ in the forward diffusion process. The
function ¢(I) maps the input image I into latent space, typically via a variational
autoencoder (VAE), and produces the corresponding latent variable z. z; repre-
sents the noisy latent representation at step t. To integrate the reflection-free em-
bedding into the text-conditioning process, 7(¢, s*) replaces a placeholder token
with the learned embedding s*, ensuring that the model incorporates reflection-
free features in the denoising process under the guidance of Cons;.
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Geometry-aware ControlNet. After obtaining Sg.ene, We integrate it into

a ControlNet-based suppression network. To enable precise geometry reflection

control, we design a 4-channel conditional input consisting of: Rendered Im-

age ipi7 which is contaminated by reflections. And a geometry-consistency map

Cons;, which quantifies the reflection intensity. The conditional input is repre-
sented as:

C = Concat(I?, Cons;) € RF*Wx4, (4)

where Concat(ipi, Cons;) preserves geometry structures of the viewpoint while
providing probabilistic suppression signals through Cons;.

To utilize the consistency map as a geometric guide for reflection removal,
we trained a ControlNet model on a large-scale synthetic dataset to regulate the
diffusion process. The input to our ControlNet consists of a four-channel image:
three channels representing the contaminated image and one corresponding to
the geometry-consistency map.

However, effectively training a model with limited 3D data presents a signifi-
cant challenge. In our work, we leverage each clean image and its corresponding
synthetically reflection-contaminated image to simulate the computation process
of cons;. We employ the pixel from an artificially perturbed and Gaussian-blurred
image of the clean image to get the approximation of cons,:

cons), = Similarity(c(w, p;), ¢(Ws, Pi))
1
d

~
~

Z Similarity (¢(wz, P;), ¢(Wz, Pi)) (5)
p;E€P’

= cons,.

Gaussian blur can be viewed as a weighted average over neighboring sample
points, i.e., ¢(W5, p;). In essence, Equation performs a similar operation—
averaging over a point’s neighborhood and comparing it to the point itself via a
similarity measure. This analogy allows us to use a 2D Gaussian blur at a pixel to
approximate 3D neighborhood sampling. In both cases, the geometry-consistency
estimation provides a coarse assessment of visibility in the surrounding region
of a pixel, making the two approaches partially equivalent and thereby helping
to bridge the gap between 2D and 3D data.

We adopt a geometry-consistency-aware training strategy for Control-
Net. Given a clean image I € RF*WX3 'itg latent zq is obtained via a variational
autoencoder ¢. A random sample timestep ¢t ~ U{0,T — 1} is sampled from the
T timesteps, and Gaussian noise € ~ N(0,I) is added to zp according to the

parameter Qy:
Z: = V2o + V1 — are,zg ~ ¢(I). (6)

The text encoder produces the text-guidance feature hyext. The control image C
contains 4 channels: three RGB channels and one geometry-consistency channel
C@. The predicted noise é from the ControlNet-augmented diffusion U-Net is
given by:

¢ = UNetg(z¢, t, htext, C)- (7)
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The predicted latent x( is computed to align with zg:

&0: (Zt—\/l—o_été).
Jar

Finally, the overall training loss is:

(8)

L= ‘Cnoise(éa 6) + ‘Cxo (5(07 Z0)~ (9>

For inference, the ControlNet-denoised latent representation at diffusion step
t is computed as:

z;_1 = ControlNet, (zt, t, Sscene C ) (10)

concept geometry_condition

Here, sgcene provides high-level scene cues to the generation model, and C sup-
plies local geometry context along with geometry-consistency-guided suppres-
sion of undesired reflections. ControlNet. denotes the ControlNet-augmented
denoiser, which jointly conditions on semantic scene embedding and geometry
consistency information.

4.4 Self-Cycling Refinement

To ensure reflection-free 3D reconstruction while preserving tight geometry—texture
consistency, we propose Self-Cycling Refinement—an iterative feedback mecha-
nism that progressively suppresses residual reflections. The procedure alternates
between 3D Gaussian refinement and reflection-free image synthesis, repeating
until convergence. The pipeline comprises four steps:

1. Initialization with reflection-aware 3D reconstruction. Given the reflection-
contaminated images Z° = {19} | | we estimate the initial geometry-consistency
maps C° = {Consg}f\il and optimize the 3DGS parameters by reflection-
aware loss Lgeo, i.€.

gk :argmginﬁgeo(gyzoaco)- (11)

We then render the corresponding multi-view images Z°.
2. Reflection-free image generation. From the rendered inputs Z+=1 | we gener-
ate de-reflected images Z% = {I¥}& | using ControlNet-augmented Diffusion.
3. Reoptimize 3D Gaussain Reconstruction. To emphasize newly reliable view-
points, we assign CkF = {1 — Consf*1 N | as the geometry-consistency to
Z*. We then refine the 3DGS by minimizing the reflection-aware loss over
the concatenation of the original and de-reflected observations:

G" = argmin Lyeo(G, (1% 1°, [Ck; 7)), (12)

where [-; -] denotes image concatenation over views.
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4. Rendering and geometry-consistency update. We render multi-view images
Z* from G* and recompute the geometry-consistency maps C*.

We iterate steps 2-4 until either the maximum number of iterations is reached
or the geometry-consistency exceeds a threshold, i.e., Mean(Ck) > 7. Upon
convergence, we output the final reflection-free 3D Gaussians and images.

5 Experiment

To evaluate the effectiveness of our GlassGS in 3D Gaussian reconstruction under
strong specular reflections, we conduct comprehensive experiments on the Glass-
Flash3D Dataset we collected and the Real-World Dataset from [29]. Besides,
we synthesized the GlassFlash2D dataset to train the geometry-aware-guided
ControlNet.

5.1 Datasets

High specular reflections (HSR) pose severe challenges in 3D reconstruction,
resulting in inaccurate geometry, distorted textures, and incorrect depth esti-
mations. Despite the rapid progress in neural reconstruction methods, exist-
ing datasets lack dedicated benchmarks that systematically evaluate reflection-
aware 3D reconstruction. To bridge this gap, we collect GlassFlash2D and Glass-
Flash3D, two datasets specifically designed for reflection handling in single-view
and multi-view restoration.

Synthetic Training Data in GlassFlash2D. Background: 20K indoor
scenes randomly sampled from NYU Depth V2 [25], covering 464 distinct room
layouts with depth maps. Foreground: 20K reflective objects (glassware, screens,
metallic items) from Flickr24K [16]. Specular Flares: 1,924 flare patterns from
Flare7TK++ [5], including diffuse glows and sharp caustics.

Each synthetic contaminated image is generated by compositing a back-
ground, a reflective foreground object, and a flare pattern. This process yields
a total of 100,000 paired samples, consisting of clean background images and
their corresponding contaminated counterparts. These pairs are used to train a
robust ControlNet model capable of precisely editing low geometry-consistency
regions while preserving high geometry-consistency areas.

Real-World Reflection Data in GlassFlash3D. GlassFlash3D consists
of 23 sets of real-world objects, each captured in two reflection conditions:

— With Glass Obstruction (HSR Scenario): The object is placed behind a glass
barrier, introducing real-world reflection artifacts such as specular highlights,
virtual objects, and transparency distortions. Each scene contains 80 HSR
images for training.

— Without Glass (Reflection-Free Scenario): The object is imaged under the
same conditions, free of glass-induced reflections, serving as a clean reference.
Each scene contains 20 clean images and corresponding masks indicating the
target objects for testing.
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Real-World Dataset from NeuS-HSR. We also used the NeuS-HSR
Real-World dataset, but because it contains no true reflection-free images, we
performed qualitative analysis on it.

Consistency Map Sythetic Images

Clean Images

Fig. 4: Examples of the synthetic dataset.

5.2 Baselines and Evaluation Metrics

Baselines. We compare our approach against several representative baselines.
Vanilla 3DGS[I5] directly applies the original 3D Gaussian Splatting frame-
work for scene reconstruction without any reflection-specific processing, serving
as a fundamental reference. DSRNet+3DGS|[14] leverages the single-image
reflection removal model DSRNet to preprocess input views, aiming to sup-
press reflection artifacts at the 2D level before performing 3DGS reconstruction.
Similarly, YTMT+3DGS employs YITMT[I3] as a 2D reflection separation
method, followed by 3DGS reconstruction, thereby testing the effectiveness of
advanced 2D reflection removal in supporting 3D scene recovery. Finally, Spot-
LessSplats[32] represents a recent dynamic interference removal strategy within
3DGS, originally designed to ignore transient distractors such as moving objects.
Since reflections can be interpreted as semi-transparent dynamic artifacts, we
adapt SpotLessSplats to this setting to evaluate its ability to mitigate reflection-
induced inconsistencies during reconstruction. It is worth noting that, due to the
absence of per-pixel masks for each input image, conventional inpainting-based
approaches such as Infusion[2I] and RefFusion|24] do not apply to our task.
Evaluation Metrics. On GlassFlash3D, we evaluate reconstruction with
PSNR (pixel accuracy), SSIM (structural consistency), and MAE (pixel-wise er-
ror). To isolate object fidelity from background reflections, we also report Mask
PSNR, Mask SSIM, and Mask MAE computed only within object regions. These
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masked metrics ensure improvements reflect object recovery rather than back-
ground artifacts. Combined, the global and masked metrics provide a balanced,
rigorous evaluation protocol for glass-enclosed scene reconstruction.

5.3 Quantitative and Qualitative Results

Table 1: Quantitative results of different methods on GlassFlash3D Dataset.

Method [PSNR 1 SSIM 1 MAE| Mask PSNR 1 Mask SSIM 1 Mask MAE|
Vanilla 3DGS | 1538  0.62 36.05 17.17 0.65 32.59
DSRNet+3DGS| 15.90  0.65 33.30 16.91 0.68 32.67
YTMT+3DGS | 15.89  0.64 33.32 17.10 0.66 33.21
SpotLessSplats | 15.90  0.66  33.92 17.75 0.69 30.82
Ours | 15.00 0.68 31.99  18.94 0.71 24.68

Quantitative results on GlassFlash3D Dataset. As shown in Table
our method achieves the best results on all metrics, with particularly large gains
in Mask MAE and Mask PSNR. These object-centric improvements demon-
strate that our geometry- and concept-aware design faithfully reconstructs tar-
get objects while suppressing reflection artifacts. 2D removal baselines (DSR-
Net+3DGS, YITMT-+3DGS) reduce some interference and outperform vanilla
3DGS, but remain well below pipelines tailored for 3D reconstruction, high-
lighting the need for reflection-aware strategies integrated into the 3DGS opti-
mization. SpotLessSplats performs relatively strongly by treating reflections as
dynamic distractors, yet reflective highlights differ from moving objects—being
partially transparent and altering texture and illumination—so it cannot fully
remove reflection artifacts, resulting in inferior reconstructions compared to

GlassGS.

Table 2: Ablation study of several key designs in our method.

Method |PSNR 1 SSIM  MAE| Mask PSNR 1 Mask SSIM 1 Mask MAE]
Vanilla 3DGS | 1538 0.62  36.05 17.17 0.65 32.59
Ours wo/ GCP | 15.90 0.62 33.44 17.86 0.65 28.22
Ours wo/ RFCL| 15.89  0.64 33.88 17.62 0.68 30.31
Ours wo/ Gons | 1509 (65 3673 17.44 0.65 30.15
in Equation

Ours wo/ Coms | 15 g5 067 32.03 18.78 0.70 24.95
in Equation

Ours wo/ Ly 1575 062 3433 17.70 0.65 28.81
in Equation l

Ours | 15.90 0.68 31.99  18.94 0.71 24.68

Ablation study of GCP and RFCL module. As shown in Table [2] re-
moving the geometry-consistency perception module reduces our framework to
a 2D reflection-removal strategy and causes a marked performance drop because
cross-view geometric consistency is lost. Nonetheless, the iterative refinement
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still yields results better than vanilla 3DGS, highlighting the value of iteration
even without geometry perception. Removing the reflection-free concept learning
module produces only a moderate decline: the system can extract partial seman-
tic cues from rendered images, but without explicit concept guidance, restoration
becomes less controllable and more ambiguous, resembling a generic 3D pipeline.
Overall, the ablations confirm both components are essential-—geometry-aware
inconsistency analysis suppresses reflection artifacts, while concept-aware learn-
ing provides semantic stability; their synergy is crucial for high-fidelity recon-
structions in glass-enclosed scenes.

SSIM * SSIM = Mask SSIM = MAE = Mask MAE \op
0.754 426

The effect of iteration. Fig-

ure [5] illustrates the progression of our
primary evaluation metrics — MAE,
SSIM, Mask MAE, and Mask SSIM —
across iterations for a representative
scene. Significant changes are observed
during the initial three iterations, as
the Reflection-Free Concept Learning
module actively refines the images, a
process also depicted in the bottom-
left corner of Figure [3] In subsequent

0.74
0.73
0.72
0.71

0.7
0.69

|
0.68{

0.67+
0 1 2 3

Tterations

24

22

}{

~18

Fig.5: [Iteration convergence curves:
MAE, SSIM, Mask MAE, and Mask SSIM

across four iterations.

iterations, as cross-view consistency is progressively enhanced, the reflection-
removal module ceases to modify regions that already exhibit high consistency,
resulting in stabilization of the metrics. At this stage, the mean value of Cons;
stabilizes at 0.92, signifying that both geometric and conceptual consistency have
been achieved, thereby ensuring the reliability of the reconstruction.

More visualization results. We
also evaluated our method on the
Real-World scenes from NeuS-HSR;
because ground-truth images are un-
available, the comparison is qualita-
tive only. As shown in Figure [6] our
approach achieves the best suppres-
sion of the blue specular spots. Al-
though SpotLessSplats removes some
reflective regions, it does not explicitly
enforce cross-view image consistency,
which fails to eliminate all reflections
and introduces additional noise. Over-
all, our method outperforms the base-
lines on these scenes, but some areas
remain only partially restored due to a
substantial domain gap between these
reflections and the data used during
our diffusion training.

Input NeuS-HSR SpotLess

3DGS

Fig. 6: Results on the Real-world Dataset
from NeuS-HSR
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Limitations and future work. Our method achieves promising results in remov-
ing reflections that interfere with object reconstruction, yet it also has certain
limitations. First, as discussed in the Figure[6] the diversity of real-world reflec-
tions cannot be fully covered by artificially synthesized data. When encountering
reflections beyond the scope of our design, our approach—though superior to ex-
isting solutions—still exhibits imperfections. In addition, consistency evaluation
in 3DGS remains an open research direction. Although our current strategy
can effectively identify reflective regions, some false detections persist, leading
to diffusion to repair areas that should not be altered and thereby introducing
uncertainty into the reconstruction. In future work, we will further refine the
GlassFlash2D Dataset to ensure greater diversity. Moreover, integrating image
semantics—by combining geometric consistency with conventional 2D reflection
removal techniques—to improve the accuracy of the consistency map represents
another promising avenue for exploration.

6 Conclusion

This work addresses the challenge of reconstructing glass-enclosed objects with
high specular reflection by introducing GlassGS, a geometry- and concept-aware
framework for 3D Gaussian Splatting. By analyzing the properties of high spec-
ular reflections, we demonstrate that concept-guided learning incorporated with
geometry information provides a principled solution. Our iterative two-stage op-
timization method effectively mitigates reflection artifacts while maintaining se-
mantic integrity, resulting in geometrically consistent and perceptually accurate
reconstructions. Coupled with the dataset specifically designed for glass-enclosed
scenes, GlassGS establishes a new standard for reflection-aware 3D reconstruc-
tion, paving the way for realistic digitization applications in cultural heritage
preservation, augmented reality (AR), virtual reality (VR), and other domains.
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