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Abstract. When LiDAR scans a scene with reflective materials, it of-
ten produces erroneous virtual points, which resemble real structures
and degrade downstream 3D perception. Conventional methods rely on
multi-stage pipelines that combine 3D surface reconstruction with heuris-
tic symmetry detection, making them highly sensitive to surface noise,
reflection irregularities, and accumulated estimation errors across stages.
To address this, we propose an end-to-end framework that reformu-
lates virtual point removal as ray-aligned geometric reasoning in the 2D
equirectangular projection domain, eliminating the dependency on ex-
plicit surface modeling. Specifically, we introduce a Layer-Wise Nearest
Point Map, which organizes multi-return LiDAR points by layer corre-
spondence rather than fixed distance intervals, preserving geometric con-
tinuity between real and reflected surfaces. Building on this representa-
tion, we propose a Ray-Path-Aware Attention mechanism that constrains
feature aggregation along physically plausible reflection trajectories de-
rived from surface normals and incident ray directions. This physically
guided attention enables the network to learn reflection-induced symme-
try between real and reflected regions without stage-wise surface estima-
tion. Extensive experiments on real-world LiDAR datasets demonstrate
that our method achieves more accurate and stable virtual point removal
than prior symmetry-based approaches.
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1 Introduction

Light Detection and Ranging (LiDAR) sensors are widely used in robotics and
computer vision applications, including autonomous driving and indoor or out-
door mapping, due to their ability to capture high-resolution 3D point clouds of
the environment. In particular, multi-echo LiDAR sensors enhance the accuracy
of 3D reconstruction by recording multiple reflections from a single laser pulse,
which is beneficial in complex environments, such as forests and urban scenes.
However, when LiDAR sensors encounter reflective materials, such as glass, mar-
ble, or polished metal, they may produce inaccurate 3D points. If a reflective
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surface lies along the path of a LiDAR sensor ray, a portion of the ray may un-
dergo specular reflection and hit an object in another direction. In this situation,
since the sensor does not detect this change in path, it may capture erroneous
points that mimic real structures. These points are referred to as virtual points
in prior work [24].

Virtual points exhibit similar shapes and densities to actual points, mak-
ing them difficult to distinguish. More fundamentally, reflection-induced points
remain geometrically consistent with the surrounding structure while not cor-
responding to physically valid surfaces, introducing ambiguity in LiDAR per-
ception. Because they preserve plausible geometric structure, simple geometric
filtering or density-based criteria are often insufficient for reliable separation.
This causes problems in downstream tasks such as object detection, registra-
tion, semantic segmentation, localization, and mapping, where virtual points
may be misinterpreted as physical objects. Therefore, identifying and removing
virtual points requires reasoning beyond local geometric similarity.

Several approaches have been proposed to remove virtual points by exploiting
the geometric symmetry of specular reflections [3, 11, 19, 24, 25]. These methods
typically estimate reflective surfaces and then detect virtual points based on the
assumed symmetry across them. However, this reliance on explicitly modeled re-
flective surfaces makes them sensitive to surface noise, contamination, or slight
deviations in reflection direction caused by surface roughness or incident an-
gles. Errors in surface estimation can propagate to the symmetry detection step,
leading to accumulated inaccuracies and unstable performance across scenes.

To overcome these limitations, we propose a novel end-to-end framework that
removes virtual points directly in the 2D equirectangular projection (ERP) do-
main without relying on explicit surface reconstruction (see Fig. 1). Instead of
first estimating reflective surfaces and then performing symmetry comparison
in separate stages, our framework reasons about reflection symmetry within a
unified representation. This reformulates virtual point removal as ray-aligned
geometric reasoning in the 2D domain, rather than as surface-first symmetry
modeling in 3D. Specifically, we introduce a Layer-Wise Nearest Point Map, a
variant of the multi-layer range map that organizes points based on layer cor-
respondence rather than fixed distance intervals. This layer-centric formulation
allows both real and reflected points along the same LiDAR ray to be projected
onto different layers while preserving geometric continuity and symmetry cues
that are crucial for identifying virtual reflections.

Building on this representation, we design a Ray-Path-Aware Attention mech-
anism that constrains feature aggregation along physically plausible reflection
paths derived from surface normals and ray directions. By guiding the attention
along these physically consistent trajectories, the network can implicitly learn
reflection-induced symmetry between real and virtual regions without explicitly
modeling reflective surfaces. Finally, the network outputs a 2D label map indi-
cating whether each pixel corresponds to a virtual or real point, which is then
unprojected back into 3D space through the inverse Layer-Wise Nearest Point
Mapping process to reconstruct a physically consistent point cloud. Experiments
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on real-world LiDAR datasets demonstrate that our framework achieves more ac-
curate and stable virtual point removal than prior symmetry-based approaches,
while significantly reducing computational overhead. These results indicate that
reasoning about reflection geometry in the ERP domain provides a reliable al-
ternative to conventional multi-stage pipelines. The main contributions are:

– We propose an end-to-end virtual point removal framework that operates in
the ERP domain while implicitly modeling the symmetry between virtual
and real points.

– We introduce a Layer-Wise Nearest Point Map that replaces interval-based
projection with layer-centric sampling, preserving geometric continuity be-
tween real and reflected surfaces.

– We design a Ray-Path-Aware Attention mechanism that guides feature ag-
gregation along physically plausible reflection trajectories, enabling the net-
work to learn reflection-induced symmetry.

– Our framework achieves stable and accurate removal of reflection artifacts
in real-world LiDAR scans, demonstrating significant improvement over ex-
isting 3D-2D coupled pipelines.

2 Related Work

Virtual Point Removal Methods. Existing methods for virtual point re-
moval can be categorized into multi-view methods and single-scan multi-stage
pipelines. Multi-view methods exploit cross-view geometric consistency and as-
sume that virtual points violate correspondences across different scan posi-
tions [4, 5]. Although cross-view redundancy provides additional constraints,
these methods require accurate registration and synchronized acquisitions. Since
virtual points often distort correspondences, the multi-view consistency assump-
tion may break down in practice and is not applicable in single-scan scenarios.

Single-scan methods instead rely on reflective surface estimation followed by
symmetry reasoning [3, 11, 24, 25]. These multi-stage pipelines typically involve
reflective region detection, surface estimation, and symmetry comparison. De-
spite the adoption of learning-based modules [11], the overall framework remains
fundamentally dependent on accurate reflective surface estimation. In realistic
environments, reflective surfaces may be incomplete or noisy, causing errors that
propagate across stages and destabilize virtual point classification.

In contrast, our framework eliminates explicit reflective surface estimation
and reformulates virtual point removal as ray-aligned reasoning in the ERP do-
main. By operating directly on per-ray structured representations, our method
avoids stage-wise error propagation and enables single-stage virtual point clas-
sification.

Range Map Representations for LiDAR Processing. LiDAR point clouds
are irregular and sparsely sampled in Euclidean space, making dense learning
and neighborhood reasoning difficult. A common solution is to project 3D points
into a 2D range image using ERP, where each pixel corresponds to a fixed ray
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direction and stores attributes such as range or intensity [13, 20, 26, 29]. This
ray-aligned representation enables efficient processing with 2D convolutional
networks and has been widely adopted for LiDAR perception tasks, including
segmentation, detection, and odometry [13,26,29].

While conventional range maps store only the nearest return per ray, LiDAR
sensors often capture multiple returns along a ray due to semi-transparent sur-
faces, vegetation, or multipath reflections. Prior works extend range images to
multi-layer representations by discretizing radial distance into fixed intervals and
assigning points to the corresponding depth bins [14,20]. However, interval-based
layering can fragment continuous surfaces near bin boundaries and scatter real
and reflected points across different layers, weakening geometric consistency and
making correspondence learning difficult.

To address this limitation, our Layer-Wise Nearest Point Map adopts a layer-
centric mapping strategy that preserves cross-layer geometric continuity and
structurally aligns real and reflection-induced returns in the ERP domain.

Attention Mechanisms for Geometric Reasoning. Attention architec-
tures such as ViT [2], Uformer [23], Swin Transformer [12], and Neighborhood
Attention [7] have demonstrated strong performance in various vision tasks.
However, these designs are primarily appearance-driven and do not explicitly
model geometric or physical constraints. In virtual point removal, attention can
facilitate correspondence reasoning between spatially separated yet geometrically
related regions. Prior work [16] constrains attention using fixed spatial priors for
RGB reflection removal, where symmetry is largely image-plane based. Such
assumptions do not generalize to LiDAR data, where virtual points arise from
three-dimensional ray-surface interactions. Consequently, conventional attention
mechanisms lack the physically grounded priors required to model reflection-
induced structures.

To address this limitation, we introduce Ray-Path-Aware Attention, which
constrains feature aggregation along reflection trajectories estimated from sur-
face normals and incident ray directions. By embedding reflection geometry
directly into the attention process, our design enables stable and geometry-
consistent virtual point classification without relying on handcrafted spatial as-
sumptions.

3 Method

3.1 Overview

We propose a novel end-to-end framework for effectively removing 3D virtual
points in the ERP domain (see Fig. 1). Our framework takes as input a 3D
LiDAR point cloud containing both real and virtual points, and then embeds
it into a multi-layer range map representation in the ERP domain. Unlike the
conventional multi-layer range map that assigns each point to the nearest layer,
we introduce a Layer-Wise Nearest Point Map, a new layer-centric mapping
strategy that aligns points based on their layer correspondence (Sec. 3.2). This
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(a) (b)

Fig. 1: Overview of the conventional pipeline and proposed framework.
(a) Structure of conventional pipelines [3, 11, 24, 25]. (b) Our framework. Input 3D
point cloud is mapped into the ERP domain as a Layer-Wise Nearest Point Map, pro-
cessed by the Virtual Point Removal Network, and reconstructed into 3D via 2D-to-3D
unprojection. Each block of the network is a Symmetry Attention Block that integrates
Ray-Path-Aware Attention with the normal estimator, LeFF, and GPSA.

design allows real and virtual points along the same ray to co-exist within a
layer, facilitating the capture of reflection-induced geometric symmetry.

Based on the constructed Layer-Wise Nearest Point Map, our framework
adopts a U-Net style architecture equipped with a Symmetry Attention Block
(Sec. 3.3). This block implicitly learns reflection-induced symmetry between real
and virtual regions by constraining feature aggregation along physically valid
ray paths. Finally, the network generates a label map in the ERP domain, indi-
cating whether each pixel corresponds to a virtual point. The predicted map is
then unprojected through the inverse of the Layer-Wise Nearest Point Mapping
process to estimate the 3D point cloud with virtual points removed (Sec. 3.4).

3.2 Layer-Wise Nearest Point Map

Representing LiDAR point clouds as a 2D range map in the ERP domain pro-
vides a compact and structured form that preserves the ray-based sampling pat-
tern of the sensor. This representation converts irregular 3D points into a regular
2D grid, enabling the use of standard convolutional networks and significantly
improving computational efficiency. Thanks to these advantages, range maps
have been widely adopted in LiDAR-based perception tasks such as semantic seg-
mentation, object detection, odometry, and sensor calibration [13,15,21,26,29].

While conventional range maps store only the nearest return along each ray,
LiDAR data containing virtual points includes multiple points at different ranges
along the same ray. To represent such multi-return information within the range
map domain, the single-range structure needs to be extended to a multi-layer
range map. A multi-layer range map divides the range along each ray into uni-
formly spaced layers and assigns each 3D point to its nearest layer, effectively
capturing multiple returns along the same viewing direction. This formulation
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(b) (c)
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Fig. 2: Illustration of the Layer-Wise Nearest Point Map. (a) Overview of
the mapping process. The top shows LiDAR returns from reflective and non-reflective
rays, and the bottom shows layer assignment based on distance in the proposed map.
(b) Reference RGB image. (c–e) Results for the first, middle, and last layers. Yellow
boxes denote non-reflective regions; black boxes indicate reflective regions containing
virtual points. Real and reflected points lie on the same layer in (c).

enables ray-wise structural reasoning, which is beneficial for analyzing occlusions
and virtual points. However, due to its uniform interval partitioning, points be-
longing to the same physical surface can be separated across adjacent layers near
the interval boundaries, resulting in geometric discontinuities and inconsistent
feature extraction. Moreover, because virtual points lie behind real surfaces, they
are typically mapped to more distant range layers than their real counterparts.
This separation scatters symmetric pairs across layers, making it difficult for the
network to capture their correspondence.

To address these issues, we propose a novel Layer-Wise Nearest Point Map
that constructs a layer-centric representation for multi-layer range mapping. Un-
like a naive multi-layer range map that assigns each 3D point to its nearest layer,
the proposed representation assigns the nearest 3D point along each ray to its
corresponding layer. Our proposed representation is based on an ERP, where
each pixel (u, v) corresponds to an azimuth-elevation (θ, ϕ) pair on the unit
sphere. Each pixel (u, v) is spatially aligned with the emitted LiDAR ray map
R(u, v). Based on this ERP, we define a multi-layer map M = {Mi}Li=1, where
each layer Mi ∈ RH×W corresponds to a specific distance di along each ray
direction, with H and W representing the height and width of the ERP map,
respectively, and L denoting the total number of layers. All layers share an iden-
tical pixel grid, meaning that the same pixel location represents the same ray
direction across layers. Under this setting, we perform a layer-centric mapping
that assigns each 3D point to its corresponding layer.

To this end, given an input 3D point cloud P = {pj}Nj=1, where each point
pj = [px, py, pz]

⊤ ∈ R3, we first transform the input point cloud into the ERP
domain by quantizing each point according to its azimuth θ and elevation ϕ:

(u, v) = ΠERP(p) =

(
⌊W
2π

(θ + π)⌋, ⌊H
π

(π
2
− ϕ

)
⌋
)
, (1)

where ⌊·⌋ denotes the floor function, θ = arctan(py/px), ϕ = arcsin(pz/∥p∥),
and ∥ · ∥ represents the L2 norm. We group all points that fall along the same
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pixel (i.e., along the same ray R(u, v)) into a multi-return set S(u, v) = {pj ∈
P | ΠERP(pj)=(u, v)} for ray-wise aggregation.

For each layer Mi, we then find the point whose range is closest to di and
encode its range value into the corresponding pixel of the layer map:

Mi(u, v)=∥p̂j∥, where p̂j= argmin
pj∈S(u,v)

| ∥pj∥ − di |. (2)

The proposed representation inherently possesses structural properties that
make it effective in distinguishing virtual points. First, for rays without reflec-
tion, only a single physical surface exists along the ray path; thus, all layers
sample the same real 3D point. Second, for rays with reflection, both real and
virtual points are present, allowing each layer to sample a different 3D point
along the ray (see Fig. 2). As a result of these two characteristics, some layers
contain both real points and their corresponding virtual points simultaneously,
as illustrated in Fig. 2(d).

In other words, real and virtual points that exist at different ranges can
be sampled within the same pixel when the reference depth di lies between
their actual distances, which facilitates symmetry learning in the subsequent
attention mechanism. Furthermore, since each layer directly samples the nearest
point along the ray, the proposed map naturally preserves dense and continuous
surface information.

3.3 Ray Path-Aware Attention

Attention mechanisms are widely used in 2D domains, yet most existing variants
rely on local geometry for spatial reasoning. Although several studies have pro-
posed geometry-aware local attention (e.g., [1,7–10,12,18,22,27]), they primarily
encode low-level geometric cues such as distances or relative coordinates.

To address this, we propose a Ray Path-Aware Attention module that lever-
ages a high-level geometric prior based on the physical symmetry between virtual
and real points. Benefiting from the previously constructed Layer-Wise Nearest
Point Map, we can easily identify the first point where a ray hits a surface,
which corresponds to a potential reflection region and is associated with the
first layer M1 in our representation. Given the surface normal at this point and
the incident ray direction derived from the ERP domain, we can then estimate
the reflected ray direction according to the laws of geometric reflection. Further-
more, by utilizing the multi-return set S(u, v) captured along the same ray, we
approximate the 3D trajectory of potential virtual points by uniformly sampling
along the reflected ray within the observed return interval. Projecting this tra-
jectory back onto the ERP domain yields physically plausible reflection paths
in the 2D domain, which explicitly encode the geometric relationships between
real and virtual regions. By guiding the attention region to follow these phys-
ically valid reflection paths, the network can implicitly learn reflection-aware
correspondences between real and virtual structures without requiring explicit
estimation of reflective surfaces. This transforms generic spatial attention into
physics-constrained correspondence reasoning.
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(a) (b) (c)

Fig. 3: Illustration of the proposed Ray-Path-Aware Attention. (a) Diagram
showing how the paths of incident LiDAR rays change upon reflection from a surface.
(b) Reflected ray trajectories. (c) Attention regions along the reflected ray paths.

Specifically, following the conventional procedure [28], we first compute the
surface normal map N (u, v) from M1. Here, each pixel value in N (u, v) encodes
the surface normal vector at the corresponding surface point. Next, we utilize
both the ray map R(u, v) and the surface normal map N (u, v) to compute
the reflection ray map. Let r = R(u, v) and n = N (u, v) be the incident ray
direction and the surface normal at pixel (u, v), the reflected ray direction r̄ can
be computed by the reflection law: r̄ = r− 2(r · n)n. Then, to restrict the valid
range traversed by the ray, we compute the reflection interval [tmin, tmax] using
the multi-return set S(u, v) as follows:

tmin = min
pj∈S(u,v)

∥pj∥, tmax = max
pj∈S(u,v)

∥pj∥. (3)

Within the valid interval [tmin, tmax], the reflected ray corresponding to pixel
(u, v) is represented by a set of sampled points Q(u, v) = {q(t) | t ∈ [tmin, tmax]},
where each point q(t) on the ray is computed as

q(t) = o+ tr̄, (4)

with o denoting the LiDAR origin and r̄ the reflected ray direction. When the
reflected-ray point set Q(u, v), obtained by tracing the LiDAR ray corresponding
to pixel (u, v) along the reflected direction r̄, is projected onto the ERP domain
via ΠERP, it forms a curved path connecting the real and virtual regions, as il-
lustrated in Fig. 3. For each projected point along ΠERP(Q(u, v)), the attention
region is computed only within its K nearest neighboring pixels along the pro-
jected reflection path, ensuring that feature aggregation is confined to physically
valid reflection trajectories.

This physically guided attention improves virtual point removal by reduc-
ing false correspondences in non-reflective regions and reinforcing the geometric
relationship between real and reflected surfaces.

Symmetry Attention Block. The Symmetry Attention Block integrates the
proposed Ray-Path-Aware Attention with complementary modules to exploit the
inherent reflection symmetry between real and virtual regions, enabling reason-
ing over mirrored geometric structures along physically valid ray paths. The Sym-
metry Attention Block consists of three core components: the Local Enhance-
ment Feed-Forward (LeFF) [23], Global Position Self-Attention (GPSA) [23],
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and Ray-Path-Aware Attention modules. LeFF enhances local geometric fea-
tures within each layer, facilitating the recognition of surface-level symmetry,
while GPSA enables coherent interaction of features across layers. Finally, the
Ray-Path-Aware Attention constrains feature aggregation along physically plau-
sible reflection trajectories derived from surface normals. Together, these mod-
ules form a unified feature space where reflection symmetry can be effectively
compared and learned, allowing the network to associate real and virtual regions
in a geometrically consistent manner without explicit surface reconstruction or
heuristic reflection modeling.

3.4 2D to 3D Unprojection

The network outputs a label map Y = {Ŷi}Li=1, indicating whether each mapped
3D point on the Layer-Wise Nearest Point Map corresponds to a virtual or real
surface point. Given the predicted virtual point label Ŷi, the reconstruction
process operates inversely to the Layer-Wise Nearest Point Mapping. For each
3D point p, we first identify the nearest layer whose reference distance di is
closest to the range of p:

î = argmin
i

| ∥p∥ − di |. (5)

This ensures consistency with the layer assignment strategy defined in Eq. (2).
Since the unprojection follows the same layer-centric assignment principle, no
additional geometric post-processing is required.

Using Eq. (1), we identify the corresponding pixel (u, v) to which point p is
quantized in the ERP domain. The predicted label Ŷî(u, v) from the associated
layer is then used to determine whether the point p is classified as a virtual
reflection or a real surface point. Points classified as virtual are removed to
obtain the final cleaned 3D point cloud.

3.5 Loss Function

The loss is computed in the ERP domain rather than in 3D space. This formu-
lation provides a one-to-one correspondence between each pixel and a LiDAR
ray, enabling dense and stable supervision while avoiding the irregular sampling
and non-uniform density problems of raw 3D point clouds.

The virtual point removal network is trained using a Binary Cross-Entropy
(BCE) loss computed from the predicted label Ŷi(u, v) and the ground-truth
label Yi(u, v). Since not every pixel in the ERP domain corresponds to a valid
LiDAR return, a validity mask V ∈ {0, 1}H×W×L is applied to exclude pixels
with no mapped point:

L = − 1

|V|
∑

(u,v,i)∈V

[
y log ŷ + (1− y) log(1− ŷ)

]
, (6)

where ŷ and y denote the scalar values of Ŷi(u, v) and Yi(u, v) at the same
pixel (u, v) and layer position i, respectively.
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4 Experiments

4.1 Datasets and Evaluation Protocol

Synthetic Dataset for Scalable Supervision. Given the limited scale of
real-world reflection datasets and the difficulty of reliably annotating reflection-
induced virtual points, we construct a synthetic reflection dataset based on the
Semantic3D benchmark [6]. From 30 outdoor scenes (terrestrial LiDAR scans),
we generate 100 augmented variants per scene by inserting planar reflective sur-
faces with randomly sampled orientations. We then perform physically based
ray tracing that models the LiDAR sensor geometry to simulate specular reflec-
tion paths. This procedure produces 3,000 synthetic point clouds with point-wise
ground-truth annotations distinguishing real and virtual points. The resulting
dataset provides controlled and diverse supervision for modeling reflection arti-
facts that are difficult to capture and annotate at scale in real-world acquisitions.

The synthetic dataset is used only for training supervision, while all reported
evaluation results are obtained on real-world LiDAR scans. Detailed dataset
generation procedures are provided in the supplementary material.

Real-World Datasets. We evaluate the proposed method on two real-world
terrestrial LiDAR datasets containing naturally occurring reflection artifacts: the
UNIST LS3DPC dataset [25] (11 scenes) and the 3DRN dataset [3] (12 scenes).
Both datasets provide manually annotated point-wise labels for real and vir-
tual points. The UNIST LS3DPC dataset was captured using a RIEGL VZ-400
terrestrial LiDAR scanner and provides raw point clouds with 3D coordinates,
RGB color, intensity values, and ground-truth labels. The 3DRN dataset was
acquired using a RIEGL VZ-200i LiDAR sensor. Unlike UNIST LS3DPC, the
released data are density-sampled point clouds rather than raw scans. Each point
therefore contains only its 3D coordinates and the corresponding ground-truth
label, without RGB color or intensity attributes.

Synthetic-to-Real Training and Cross-Dataset Evaluation. Because the
real-world datasets are relatively small, training high-capacity models solely on
them can easily lead to overfitting. To mitigate this issue and improve gen-
eralization, we adopt a synthetic-to-real training strategy, where the model is
first pre-trained on a large-scale synthetic dataset and then fine-tuned on real-
world datasets. In the pre-training phase, we train the model on the synthetic
dataset to learn generic reflection-aware geometric representations. Specifically,
the 3,000 synthetic point clouds are split into 2,500 training samples and 500
validation samples, with the validation set used to monitor generalization dur-
ing pre-training. The pre-trained model is then fine-tuned separately on each
real-world dataset to adapt from synthetic data to real-world sensor character-
istics. Since the real-world datasets are limited in size, we do not reserve an
additional validation set during fine-tuning. Instead, each model is trained for
a fixed number of epochs and evaluated on the held-out test split. Finally, to
assess cross-dataset generalization, we evaluate the model fine-tuned on UNIST
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Table 1: Quantitative comparison on two datasets.

Method UNIST dataset 3DRN dataset
FT data Prec. Rec. F1 Avg. Time FT data Prec. Rec. F1

Yun and Sim - 0.7206 0.7475 0.7151 2h 5m - 0.5361 0.7192 0.6143
Lee et al. - 0.6089 0.7906 0.6848 2h 2m - - - -
Fang et al. - 0.7627 0.7534 0.7580 37m 43s - 0.7436 0.8291 0.7840
Proposed, synthetic only - 0.7959 0.7238 0.7541 8.2s - 0.8043 0.7711 0.7874
Proposed, cross fine-tuning 3DRN 0.8194 0.7618 0.7895 8.2s UNIST 0.8239 0.7894 0.8062

LS3DPC on 3DRN, and conversely evaluate the model fine-tuned on 3DRN on
UNIST LS3DPC.

Metrics. For quantitative evaluation, we follow the evaluation protocol used
in prior virtual point removal works such as Yun and Sim [25] and Lee et al. [11],
reporting Precision, Recall, and F1 score.

4.2 Implementation Details

The input LiDAR point cloud is first projected into a Layer-Wise Nearest Point
Map with a resolution of 256 × 512 and L = 32 layers. The layer reference
distances are defined with 5-meter intervals starting from 5 meters.

The virtual point removal network follows a U-Net-style encoder-decoder ar-
chitecture composed of nine symmetry attention blocks with channel dimensions
[32, 64, 128, 256, 512, 256, 128, 64, 32]. Strided convolutions are used for down-
sampling in the encoder, while transposed convolutions are used for up-sampling
in the decoder. The network is trained for 100 epochs on the synthetic dataset
and fine-tuned for 20 epochs on the real-world datasets using the AdamW opti-
mizer with an initial learning rate of 1× 10−4, β1 = 0.9, β2 = 0.999, and weight
decay of 0.2. Training uses a mini-batch size of 4 across four NVIDIA TITAN
RTX GPUs. Random horizontal flipping is applied for data augmentation. The
final output is passed through a logistic function to produce a probability map,
and a threshold of 0.5 is used to classify virtual and real points.

4.3 Comparison

We compare the proposed method with three representative virtual point re-
moval approaches that follow conventional multi-stage pipelines: Yun and Sim [25],
Lee et al. [11], and Fang et al. [3]. These methods detect reflection-induced vir-
tual points through a sequence of geometric processing stages, including reflective
region detection, reflective surface estimation, and symmetry verification.

Quantitative Results. Tab. 1 reports the quantitative comparison on both
real-world datasets. Our method achieves the highest Precision and F1 score
across all evaluated settings, indicating more reliable identification of reflection-
induced virtual points while preserving physically valid scene geometry.
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(a) (b) (c) (d) (e)

Fig. 4: Qualitative results on the UNIST dataset [25]. (a) Yun and Sim [25].
(b) Lee et al. [11]. (c) Fang et al. [3]. (d) Proposed method. (e) Ground truth.

The 3DRN dataset does not provide several sensor attributes required by
existing methods, such as intensity measurements. Because the released data
consist of density-sampled point clouds rather than raw LiDAR scans, some
geometric processing steps used in prior pipelines cannot be reproduced under
identical input conditions. Therefore, we report the results from Fang et al.,
which also include the results of Yun and Sim. The results of Lee et al. are not
included because the evaluation metrics reported in their work are not directly
comparable under this evaluation setting.

Qualitative Results. Fig. 4 shows qualitative comparisons between the pro-
posed method and existing symmetry-based approaches, where virtual points
are highlighted in red. Conventional symmetry-based methods identify virtual
points by enforcing local symmetric consistency around the estimated reflective
surface, implicitly assuming that symmetric correspondences arise from mirror
reflections. However, real-world scenes often contain naturally symmetric struc-
tures that are not caused by reflections. In such cases, reliance on local symmetry
leads to ambiguous decisions and may result in erroneous removal of legitimate
geometry. In contrast, the proposed method leverages broader scene-level contex-
tual information beyond local symmetric correspondences. By modeling struc-
tural relationships at a wider scene scale, it more effectively distinguishes true
geometric symmetry from reflection-induced artifacts, enabling stable preserva-
tion of valid structures while suppressing virtual reflections.

Runtime. Tab. 1 reports the runtime comparison between the proposed method
and existing multi-stage virtual point removal pipelines. Conventional approaches
rely on sequential geometric processing stages, leading to substantial computa-
tional overhead as the number of input points increases. In contrast, the proposed
method performs end-to-end inference on a compact ERP representation, avoid-
ing repeated 3D operations and significantly reducing runtime. The proposed
method achieves over two orders of magnitude faster inference compared with
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Fig. 5: PR curves. Methods are color-
coded: Yun and Sim (Gray), Lee et al.
(Orange), Fang et al. (Magenta), and the
proposed method (Blue).

(a) (b)

Fig. 6: Attention mechanism com-
parison. The green box contains virtual
points, and the blue box contains the cor-
responding real points. (a) H-win+V-win.
(b) Proposed Ray-Path Aware Attention.

(a) (b)

Fig. 7: Comparison of projection strategies. (a) Proposed Layer-Wise Nearest
Point Map. (b) Naive interval-based projection.

existing pipelines. Importantly, this improvement in computational efficiency is
achieved while maintaining superior detection performance.

Precision-Recall Curve. Fig. 5 shows the precision-recall (PR) curves on
the UNIST dataset. In virtual point removal, false positives correspond to re-
moving physically valid geometry, which can negatively affect downstream tasks
such as mapping and registration. Therefore, maintaining high precision while
preserving recall is particularly important. The proposed method achieves the
best precision-recall trade-off, indicating more reliable discrimination between
real and reflection-induced virtual points.

4.4 Ablation Study

3D to 2D Projection Strategy. To evaluate the impact of the proposed
Layer-Wise Nearest Point Map, we replace it with a naive interval-based projec-
tion while keeping all other components unchanged. As shown in Tab. 2a, the
naive projection yields the lowest performance, demonstrating that the projec-
tion strategy significantly affects the learned representations.
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Fig. 8: Visualization of attention regions for virtual point removal. Green
markers denote query pixels, blue overlays highlight the constrained attention regions,
and brighter purple shades indicate higher attention weights.

The performance degradation mainly arises from surface fragmentation in-
troduced by rigid range intervals. Points belonging to the same physical surface
are often split across adjacent layers (Fig. 7), creating artificial discontinuities
that do not reflect the true scene geometry. Such irregular sampling patterns are
known to produce unstable responses in convolutional networks [14,20]. In con-
trast, the proposed per-ray layer-wise sampling preserves cross-layer geometric
coherence by selecting points relative to each layer’s reference depth, resulting
in more stable and discriminative features.

Attention Mechanisms. We compare the proposed Ray-Path Aware Atten-
tion with several alternative attention designs, including window-based meth-
ods (H-win and H-win+V-win) [17], and general-purpose vision transformers
(ViT [2], UFormer [23]).

As reported in Tab. 2a, the proposed attention achieves the best F1 score.
Window-based methods obtain relatively high recall but suffer from low precision
due to excessive removal of real points. Although H-win+V-win slightly alleviates
this issue, both rely on heuristic spatial matching and cannot reliably distinguish
between symmetrically aligned real and virtual points (Fig. 6). ViT and UFormer
exhibit the lowest performance. While they employ global self-attention, they do
not explicitly encode the geometric structure of reflection symmetry. In contrast,
our Ray-Path Aware Attention models geometric relationships along each ray
path, enabling structured discrimination between real and virtual points and
achieving superior precision–recall balance.

Visualization of Ray Path-Aware Attention. We visualize the atten-
tion regions and weights of the proposed attention mechanism (Fig. 8). The
constrained attention region (blue) derived from the estimated ray path is over-
laid with the network attention weights, where brighter colors indicate stronger
responses. The attention consistently focuses on the symmetric counterparts of
virtual points, indicating that the model effectively exploits reflection-aware cor-
respondences when identifying virtual points.

Robustness to Normal Estimation. The proposed framework relies on sur-
face normals to estimate reflection-aware ray paths. To evaluate its sensitivity
to normal quality, we replace the default 3D PCA-based estimator with a 2D
range-map gradient–based estimator and introduce synthetic uniform noise and
random outlier perturbations to the normals. As shown in Tab. 2b, the per-
formance degrades gradually as the noise level increases, while the F1 score
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Table 2: Ablation and efficiency analysis of the proposed method. (a) Atten-
tion mechanisms ablation. (b) Robustness to normal estimation.

(a) Attention mechanisms
Prec. Rec. F1

Naive projection 0.1715 0.2768 0.2043
ViT 0.6456 0.6613 0.6533
UFormer 0.5456 0.7427 0.6290
H-win 0.5331 0.8654 0.6597
H-win+V-win 0.6360 0.7293 0.6794
Proposed 0.8194 0.7618 0.7895

(b) Robustness to normals
Setting Prec. Rec. F1
2D Depth 0.7997 0.7435 0.7705
3D PCA 0.8194 0.7618 0.7895
Uniform noise [0,3] 0.8013 0.7597 0.7799
Uniform noise [0,6] 0.8009 0.7417 0.7701
Uniform noise [0,9] 0.7800 0.7252 0.7516
Outliers [30–50] (10%) 0.7926 0.7334 0.7618
Outliers [30–50] (20%) 0.7561 0.7068 0.7306

remains relatively stable under moderate perturbations. Even under substantial
perturbations, the performance degradation remains limited. These results indi-
cate that the framework is robust to imperfect normal estimation and remains
effective even when the normal inputs are moderately corrupted.

5 Conclusion

In this work, we have proposed an end-to-end framework for removing virtual
points directly in the ERP domain. Central to our method is the Layer-Wise
Nearest Point Map, which provides a continuous, layer-centric representation
of multi-return LiDAR data and preserves geometric relationships between real
and reflected surfaces in the 2D domain. Built on this, the proposed Ray-Path-
Aware Attention constrains feature aggregation along physically plausible re-
flection trajectories derived from surface normals and incident ray directions,
enabling stable comparison between real and virtual regions without explicit
surface reconstruction. Experiments on real-world LiDAR scans demonstrate
that our method achieves accurate and reliable virtual point removal, outper-
forming conventional 3D-2D coupled pipelines. These results highlight that rea-
soning along ray-aligned geometric constraints is crucial for resolving ambiguity
between real and reflection-induced structures.
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