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Abstract

3D object detection is a critical component of autonomous
driving, yet its performance degrades severely in adverse
weather due to the degradation of LiDAR point clouds. While
existing LiDAR-4D radar fusion methods enhance robustness
by incorporating weather-robust 4D radar data, they often de-
pend on well geometric structures from LiDAR and so strug-
gle to effectively exploit radar data in case of degraded Li-
DAR data. To tackle this challenge, we propose REL, a novel
4D radar-guided LiDAR geometric enhancement framework.
It utilizes 4D radar features to dynamically generate virtual
LiDAR points, effectively increasing the density of degraded
LiDAR data. Moreover, a Position-Guided Cross Attention
(PGCA) module is proposed to enhance the feature repre-
sentation of virtual points, while an Adaptive Feature Fu-
sion (AFF) module is designed to integrate virtual and real
LiDAR features. Extensive experiments on the K-Radar and
Vod-Fog datasets demonstrate that REL achieves state-of-the-
art 3D object detection performance under diverse adverse
weather conditions. Notably, REL improves the overall AP3D
by 9.3% on K-Radar and boosts the cyclist class by up to
52.9% 3D mAP under the most severe foggy condition on
Vod-Fog.

Code — https://github.com/TongTianxu/REL

Introduction
3D object detection is a fundamental technology for au-
tonomous driving (Song et al. 2024; Gu et al. 2025) and
robotic navigation (Naich and Carrión 2024), playing a piv-
otal role for the safe operation of unmanned platforms in
complex environments (Gupta et al. 2024). LiDAR-based
methods (Liu et al. 2024b; Zhang et al. 2024b; Ma et al.
2023; Hoang, Bui, and Yoo 2024; Wozniak et al. 2024) have
demonstrated promising performance under ideal conditions
by leveraging precise 3D point cloud representations. How-
ever, the inherent short wavelength characteristics of LiDAR
renders it highly vulnerable to adverse weather conditions,
leading to significant degradation in data quality (Qi et al.
2024; Oh and Dong-O’Brien 2025), which in turn severely
impacts detection accuracy.

*Corresponding author. Email:bin.fan@ieee.org
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Point distribution of (a) LiDAR and (b) 4D radar
in GT boxes under different weather conditions. (a) LiDAR
shows a significant reduction in point numbers at long dis-
tances and under adverse weather conditions. (b) 4D radar
maintains a relatively stable number of points across various
weather conditions and distances.

To mitigate the data degradation of LiDAR, detection
methods that fuse LiDAR and 4D radar have gained in-
creasing attention in recent years (Wang et al. 2022b; Chae,
Kim, and Yoon 2024; Huang et al. 2025b). These approaches
enhance detection reliability across various environments
by combining LiDAR’s high-resolution geometric informa-
tion with 4D radar’s robustness to adverse weather condi-
tions (Kong et al. 2024; Fan et al. 2024). Existing meth-
ods predominantly employ hierarchical feature interaction
or early fusion strategies, such as 3D-LRF (Chae, Kim, and
Yoon 2024) which aggregates 4D radar features within Li-
DAR voxel neighborhoods, and L4DR (Huang et al. 2025b)
that concatenates features from spatially overlapping Li-
DAR and 4D radar pillars. While these fusion techniques
significantly outperform single-modal approaches in 3D ob-
ject detection, they fail to address the fundamental issue
of LiDAR geometric structure degradation. This limitation
arises because current fusion methods rely heavily on com-
plete geometric spatial structures provided by LiDAR for
the effective extraction of 4D radar information. However,
LiDAR sensor experience severe performance degradation
under adverse weather conditions (as shown in Figure 1),
leading to incomplete geometric structure information. Con-
sequently, 4D radar information cannot be effectively lever-
aged, resulting in suboptimal fusion performance.

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

9548



To address these challenges, we propose REL (Radar
Enhanced LiDAR), a LiDAR-4D radar fusion detection net-
work designed to leverage 4D radar information for en-
hancing the geometric structure of degraded LiDAR point
clouds, thereby improving 3D object detection under ad-
verse weather. Specifically, we propose Virtual LiDAR
Generation (VLG), which generates virtual LiDAR points
through weather-robust 4D radar to improve point cloud
density and supplement missing geometric structures when
LiDAR point clouds degrade. However, due to modality dif-
ferences between 4D radar and LiDAR, a feature distribution
shift exists between the generated virtual and real LiDAR
points, which hinders effective multimodal information fu-
sion. Therefore, we design Position-Guided Cross-Attention
(PGCA), which uses virtual LiDAR points as queries to ag-
gregate information from neighboring real LiDAR points via
cross-attention, thereby enhancing the features of virtual Li-
DAR points. Finally, Adaptive Feature Fusion (AFF) adap-
tively fuses virtual and real LiDAR features in voxel space,
enabling the model to dynamically focus on the most dis-
criminative information under varying weather conditions.
Extensive experiments conducted on the K-Radar (Paek,
Kong, and Wijaya 2022) and Vod-Fog (Huang et al. 2025b)
datasets demonstrate that REL achieves state-of-the-art per-
formance across diverse weather scenarios.

Our main contributions are as follows:

• We propose REL, a novel LiDAR-4D radar fusion detec-
tion network that generates virtual LiDAR points through
4D radar to mitigate LiDAR geometric degradation under
adverse weather conditions. The proposed framework is
highly flexible and can be easily adapted to various ex-
isting fusion methods.

• We design the Position-Guided Cross-Attention (PGCA)
module that enhances virtual LiDAR point features
through cross-attention mechanisms, effectively address-
ing the feature distribution discrepancy caused by modal-
ity differences between 4D radar and LiDAR.

• Extensive experiments on K-Radar and Vod-Fog bench-
marks validate the effectiveness of REL across vari-
ous adverse weather conditions, achieving state-of-the-
art performance on both datasets.

Related Work
LiDAR-based 3D object detection. Methods such as
PointPillars and VoxelNet (Lang et al. 2019; Zhou and
Tuzel 2018) have exhibited excellent performance under
ideal weather conditions but experienced significant perfor-
mance degradation in adverse weather. To mitigate this is-
sue, various approaches have been proposed. Some stud-
ies (Liu et al. 2022; Hahner et al. 2021; Teufel et al. 2022;
Scheuble et al. 2024) utilize physical or empirical models to
simulate rain and fog noise, aiming to improve the quality of
point clouds. Some other methods (Wang et al. 2022c; Roriz
et al. 2021; Huang et al. 2023) design filtering mechanisms
based on the statistical properties of point clouds to suppress
noise. Recently, generative models are employed by (Zhang
et al. 2023, 2024d; Matteazzi et al. 2025) to restore degraded
point clouds. Additionally, SRKD (Huang et al. 2024) and

AWARDistill (Liu et al. 2025) utilize knowledge distillation
to transfer knowledge from clear to adverse weather. How-
ever, when LiDAR severely degrades under extreme weather
conditions, these single-modal methods struggle to fully re-
cover geometric spatial structures, which limits their perfor-
mance.

Radar-based 3D object detection. Early research mainly
adopts 3D radar (Meyer, Kuschk, and Tomforde 2021;
Zhang, Nowruzi, and Laganiere 2021; Jiang et al. 2022).
Due to the absence of height information, many meth-
ods (Li et al. 2022; Yataka et al. 2024) are limited to bird’s-
eye view (BEV) detection results. Recently, with the ad-
vent of 4D radar technology, additional elevation dimen-
sion information has become available, significantly enhanc-
ing its potential for 3D object detection. RPFA-Net (Xu
et al. 2021) designs a self-attention module based on 4D
radar pillar features, and SMURF (Liu et al. 2023) proposes
multi-scale spatial fusion strategies. As the baseline for K-
Radar, RTNH (Paek, Kong, and Wijaya 2022) employs 3D
sparse convolution to encode 4D radar tensors. RTNH+ and
4DSRT (Paek, Kong, and Wijaya 2023; Kong, Paek, and
Cho 2023) use CA-CFAR (Liu et al. 2024a) and sidelobe
filtering techniques to remove noise during 4D radar point
cloud generation. Furthermore, (Zhang et al. 2024c) val-
idates radar stability in varying environments through do-
main shift analysis. Despite these advancements, radar sig-
nals inherently suffer from noise interference, achieving pre-
cise detection remains challenging when relying solely on
4D radar data.

LiDAR-radar fusion-based 3D object detection. Recent
advancements in LiDAR-radar fusion have witnessed inno-
vative architectures for cross-modal feature integration. In-
terFusion (Wang et al. 2022b) and TransFusion (Zhang et al.
2024a) adopt transformer architectures to enhance cross-
modal feature representations. 3D-LRF (Chae, Kim, and
Yoon 2024) further introduces a weather-conditional radar-
flow gating network to improve robustness under adverse
weather. Other notable methods include L4DR (Huang et al.
2025b) which employs a bidirectional feature fusion strat-
egy, and LiRaFusion (Song, Zhao, and Skinner 2024) that
proposes a depth-adaptive fusion framework for better fea-
ture alignment. Additionally, (Wang et al. 2022a) designs a
joint multi-modal and multi-scale fusion strategy to enhance
detection accuracy, while RadarDistill (Bang et al. 2024)
uses knowledge distillation to transfer information from Li-
DAR to radar. V2X-R (Huang et al. 2025a) proposes a co-
operative LiDAR-4D radar fusion framework based on dif-
fusion models. However, existing methods generally ignore
the impact of LiDAR geometric structure degradation un-
der adverse weather on fusion performance. In such cases,
the amount of usable information in LiDAR is significantly
reduced, which in turn hampers the performance of these
fusion-based approaches. Unlike prior works, we propose
a 4D radar-guided geometric enhancement method for Li-
DAR, which dynamically generates virtual LiDAR points to
enhance the utilization of multimodal information.

9549



Figure 2: Overall architecture of the proposed REL 3D object detection framework. It consists of three main components: (a)
Virtual LiDAR Generation (VLG) generates virtual LiDAR points from 4D radar features, (b) Position-Guided Cross-Attention
(PGCA) enhances virtual LiDAR point features by aggregating real LiDAR features through cross-attention and (c) Adaptive
Feature Fusion (AFF) module dynamically fuses multi-modal features.

Method
Overall Architecture
Our REL uses 3D-LRF (Chae, Kim, and Yoon 2024) as the
baseline for 3D object detection, replacing its fusion mod-
ules with our proposed modules. Notably, our method is
applicable to existing other fusion methods, which will be
demonstrated in the experimental section. The overall ar-
chitecture of REL is illustrated in Figure 2. The entire net-
work consists of three stages, with our VLG, PGCA, and
AFF modules integrated into the second and third stages.
These modules are designed to enhance the geometric struc-
ture information of LiDAR data under adverse weather con-
ditions by leveraging robust 4D radar features. The ratio-
nale behind this design will be thoroughly analyzed in the
ablation study. Specifically, REL takes LiDAR point cloud
PL and 4D radar point cloud PR as inputs. After voxeliza-
tion, high-dimensional feature representations F0

L and F0
R

are obtained. In each stage, LiDAR and 4D radar are initially
processed through sparse convolution to obtain F l

L and F l
R

(l ∈ {1, 2, 3}). In the first stage, 3D-LRF performs prelimi-
nary fusion of 4D radar features with LiDAR, and the fused
features F1

F ∈ RN1×C1 serve as input to the next LiDAR
branch. In the following two stages (l ∈ {2, 3}), we em-
ploy VLG to generate virtual LiDAR point P l

V ∈ RMl×3

and corresponding features F l
V ∈ RMl×Cl from 4D radar

features F l
R, which supplement the geometric structural in-

formation of LiDAR data. Subsequently, the PGCA mod-
ule enhances the virtual point features, obtaining enhanced
features F̂ l

V ∈ RMl×Cl . The AFF module then performs
weighted fusion of F̂ l

V and F l
L in voxel space, generating

the final features F l
F ∈ RNl×Cl for the current stage, which

is passed to the next LiDAR branch. After each stage, F l
L

and F l
F are encoded into BEV features. The concatenated

BEV features from all stages are fed into the detection head,
producing the final 3D detection results.

Virtual LiDAR Generation (VLG)
To address the issue of incomplete geometric structures
in LiDAR caused by sensor degradation under adverse
weather conditions, we propose the Virtual LiDAR Genera-
tion (VLG) module to generate virtual points for enhancing
the geometric structure of LiDAR by leveraging 4D radar
data.

For each non-empty radar voxel, its original spatial coor-
dinates pRi = (xR

i , y
R
i , z

R
i ) are obtained through voxel in-

dexing and voxel grid computation, with the corresponding
features denoted as F l

R[i]. VLG takes the 4D radar features
as input to predict the offset of virtual LiDAR points by

∆oVi = Φθ(F l
R[i]), (1)

where Φθ is a three-layer MLP, with the first two layers
are followed by ReLU and BatchNorm. VLG has an input
dimension of Cl and an output dimension of 3 + Cl, i.e.,
Φ(·) : RCl → R3+Cl .

The predicted offset ∆oVi is split into two components:
the three-dimensional coordinate offset ∆pVi and the feature
offset ∆fV

i . The generated virtual LiDAR point coordinates
and their features can be computed as follows:

pVi = pRi +∆pVi , (2)

F l
V [i] = F l

R[i] + ∆fV
i . (3)

Through this process, VLG generates virtual LiDAR
points with the same quantity as 4D radar points, forming
a virtual point set P l

V ∈ RMl×3 and corresponding fea-
tures F l

V ∈ RMl×Cl . These virtual points improve the spa-
tial density and geometric completeness of the LiDAR point
cloud, which improves the model’s ability to utilize infor-
mation effectively under adverse weather conditions due to
the robustness of 4D radar.
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Position-Guided Cross-Attention (PGCA)
Although VLG dynamically generates virtual LiDAR points
to supplement missing geometric structures, significant dif-
ferences between LiDAR and 4D radar result in feature dis-
tribution discrepancy between virtual points and real Li-
DAR points. To address this issue, we propose the Position-
Guided Cross-Attention (PGCA) module, which leverages
the spatial distribution and contextual information of real Li-
DAR points to enhance the feature representation of virtual
LiDAR points.

For each virtual point F l
V [i], we first use KNN to search

for Kl (Kl =
32

2l−1 ) nearest real LiDAR points P(i)
L . Follow-

ing Point Transformer (Zhao et al. 2021), we use the Relative
Position Encoding (RPE) to model the spatial relationship
between virtual point pVi and its neighboring real points pLj
through a linear layer W l

p:

e(i,j)pos = W l
p(p

V
i − pLj ). (4)

Eq. 4 implicitly captures the spatial relative positions be-
tween virtual points and their neighbors, providing geomet-
ric constraints for the subsequent attention mechanism.

Subsequently, we construct a cross-attention mechanism
that enables virtual points to dynamically aggregate feature
information from neighboring real points. Using the vir-
tual LiDAR point features F l

V [i] as queries and the features
F (i)

L [j] of the Kl real LiDAR points within the neighbor-
hood as keys, we then incorporate the relative position en-
coding e

(i,j)
pos to compute the attention map as:

αij = softmax

(
W l

α(F l
V [i]−F (i)

L [j] + e
(i,j)
pos )√

d

)
, (5)

where the mapping function W l
α is a linear layer followed

by ReLU. PGCA dynamically suppresses the contribution of
low-quality real points through adaptive weighting, ensuring
high quality features of virtual points.

Using the attention map, PGCA enhances the feature rep-
resentation of virtual points by weighted aggregation of
neighboring real point features. The enhanced features are
computed as follows:

F̂ l
V [i] =

Kl∑
j=1

αij · (W l
vF

(i)
L [j] + e(i,j)pos ), (6)

where the features F (i)
L [j] of the Kl real LiDAR points are

multiplied by W l
v to extract value features of real LiDAR

features.
The enhanced virtual point features are then mapped to

the three-dimensional feature grid Gl through coordinate
transformation pVi → Index(pVi ), which assigns the corre-
sponding F̂ l

V [i] to the appropriate voxel positions. This en-
sures that the voxelized representations of virtual and real
LiDAR points are spatially aligned, providing a foundation
for subsequent multi-modal feature fusion.

Adaptive Feature Fusion (AFF)
To enhance the effectiveness of multi-modal feature fusion
between virtual and real LiDAR features, we design an
Adaptive Feature Fusion (AFF) module. AFF merges multi-
modal features in the aligned voxel space Gl using a dynamic
weighting mechanism.

Firstly, we determine which locations require fusion
based on the uniqueness of voxel indices. For each non-
empty voxel i ∈ I l, if it contains features from only a sin-
gle source (with unique indices, either virtual LiDAR or real
LiDAR), we directly retain the original feature vector. If a
voxel i contains both real LiDAR point features F l

L(i) and
virtual LiDAR point features F̂ l

V (i) (with repeated indices),
we concatenate the corresponding feature vectors and calcu-
late dynamic weights α through a MLP, which is used for
fusing cross-modal features as follows:

F l
M (i) = α · F l

L(i) + (1− α) · F̂ l
V (i). (7)

To further enhance feature representation capability, we
employ a global attention mechanism to adjust the fused
voxel features. First, global average pooling is performed
on all voxel features to extract global contextual informa-
tion. Then, a two-layer MLP (with ReLU in the first layer
and Sigmoid in the second layer) is used to learn global
attention weights. Finally, the learned weights are applied
element-wise to each voxel feature, achieving adaptive fea-
ture enhancement based on the global context. The process
is formulated as follows:

F l
F = F l

M ⊙
(

MLP
(

1

N

∑
F l

M

))
. (8)

After processing through AFF, we obtain the fused fea-
tures F l

F as the output feature representation for the l-th
stage, which then serves as the input to the LiDAR branch
for the subsequent (l + 1)-th stage.

BEV Encoder and Detection Head
In the BEV encoder, the LiDAR voxel feature F l

L and fusion
feature F l

F from each stage are encoded to extract BEV fea-
tures Bl

L ∈ RH×W×C and Bl
F ∈ RH×W×C , respectively.

The BEV features from all stages are concatenated to form
B ∈ RH×W×6C as input to the detection head.

The detection head consists of a classification head and
a regression head. They uses convolutional layers to pre-
dict the object class and the 3D bounding box, respectively.
The classification head employs focal loss, and the regres-
sion head utilizes smooth L1 loss.

Experiments
Dataset and Evaluation Metrics
K-Radar dataset. K-Radar (Paek, Kong, and Wijaya
2022) is a large-scale autonomous driving perception dataset
that covers various weather conditions. It provides multi-
modal sensor data, including LiDAR, 4D radar, cameras,
and GPS. In this paper, we use only the 64-line LiDAR
and 4D radar for training and testing. Following the official
split, the training set consists of 17,458 frames, and the test

9551



Methods Modality Metric Total Normal Overcast Fog Rain Sleet Lightsnow Heavysnow
RTNH 4DR APBEV 43.2 42.8 58.3 63.7 45.1 28.5 46.5 41.6

(NeurIPS 2022) AP3D 15.6 18.0 29.1 18.5 16.6 4.4 25.1 10.2
Pointpillars L APBEV 49.1 48.2 53.0 45.4 44.2 45.9 74.5 53.8

(CVPR 2019) AP3D 22.4 21.8 28.0 28.2 27.2 22.6 23.2 12.9
RTNH* L APBEV 66.3 65.4 87.4 83.8 73.7 48.8 78.5 48.1

(NeurIPS 2022) AP3D 37.8 39.8 46.3 59.8 28.2 31.4 50.7 24.6
InterFusion L+4DR APBEV 52.9 50.0 59.0 80.3 50.0 22.7 72.2 53.3

(IROS 2022) AP3D 17.5 15.3 20.5 47.6 12.9 9.3 56.8 25.7
3D-LRF L+4DR APBEV 73.6 72.3 88.4 86.6 76.6 47.5 79.6 64.1

(CVPR 2024) AP3D 45.2 45.3 55.8 51.8 38.3 23.4 60.2 36.9
REL L+4DR APBEV 75.6 74.0 88.4 90.1 84.5 52.6 84.3 59.8

(Ours) AP3D 54.5 53.0 71.5 70.3 55.4 36.6 67.4 45.7

Table 1: Quantitative results of LiDAR (L) and 4D radar (4DR)-based 3D object detection methods on K-Radar dataset V1.0.
All comparison results are taken from 3D-LRF (Chae, Kim, and Yoon 2024), Best in bold, second in underline.

Methods Metric Sedan Bus or Truck
Total Normal Adverse Total Normal Adverse

InterFusion

APBEV

68.3 67.5 69.1 50.4 46.5 59.8
3D-LRF 68.4 67.5 69.3 53.2 41.1 67.5

REL 76.6 (+8.2) 75.3 (+7.8) 77.8 (+8.5) 53.6 (+0.4) 41.6 (+0.5) 68.7 (+1.2)
L4DR 68.9 67.7 70.2 51.8 48.2 60.9

REL(with L4DR) 69.1 (+0.2) 67.7 (+0) 70.5 (+0.3) 58.2 (+6.4) 51.7 (+3.5) 67.4 (+6.5)
InterFusion

AP3D

50.9 48.1 52.7 35.5 30.5 44.3
3D-LRF 51.4 50.3 53.0 36.8 29.1 44.7

REL 53.0 (+1.6) 51.2 (+0.9) 55.0 (+2.0) 40.0 (+3.2) 29.8 (+0.7) 52.5 (+7.8)
L4DR 51.2 48.8 54.0 37.6 35.7 43.9

REL(with L4DR) 52.5 (+1.3) 50.5 (+1.7) 54.5 (+0.5) 41.5 (+3.9) 38.3 (+2.6) 48.7 (+4.8)

Table 2: Quantitative results of LiDAR-4D radar fusion-based 3D object detection methods on K-Radar dataset V2.0. All
adverse weather conditions are merged into “Adverse”. Results include Total, Normal, and Adverse. ( + ) indicates performance
improvement.

set contains 17,536 frames. To assess model performance,
we adopt the two standard evaluation versions officially re-
leased: V1.0 and V2.0. In version 1.0 (released in 2022), the
region of interest (ROI) is defined as [0m, 72m] for the X
axis, [-6.4m, 6.4m] for the Y axis, and [-2m, 6m] for the
Z axis, with the target category being “Sedan”. Version 2.0
(updated in 2023) expands the ROI to [0m, 72m] for the X
axis, [-16m, 16m] for the Y axis, and [-2m, 7.6m] for the Z
axis, and introduces an additional category, “Bus or Truck”.
For both versions, performance is evaluated using APBEV

and AP3D metrics with the IoU threshold set at 0.5.

Vod-Fog Dataset. We performed fog simulations on the
LiDAR data of VoD dataset (Palffy et al. 2022), introducing
five levels of fog density with fog levels L ranging from 0 to
4 and fog density α = [0.00, 0.03, 0.06, 0.10, 0.20], while
keeping the 4D radar data unchanged to simulate various
weather conditions, which follows the same data process-
ing approach as L4DR (Huang et al. 2025b). Following the
official split, the training and validation sets contain 5,139
and 1,296 frames, respectively. For evaluation, we adopt the
official KITTI metrics, testing 3D mAP across three cate-
gories: “Car”, “Pedestrian”, and “Cyclist”, under different
fog intensities. The results are stratified by detection diffi-

culty levels (easy, moderate, hard) to comprehensively eval-
uate model performance in foggy scenarios.

Implementation Details
In the PGCA module, the number of neighbors is set hier-
archically (with K = 16 for the second stage and K = 8
for the third stage). For the K-Radar dataset, we train for 11
epochs using batch size 4 and the Adam optimizer, with a
learning rate of lr= 1e-3, β1 = 0.9, and β2 = 0.999. All
other parameters are set to the default configurations of 3D-
LRF (Chae, Kim, and Yoon 2024). For the Vod-Fog dataset,
we train for 100 epochs with batch size 8, and the training
strategy follows the original settings of L4DR (Huang et al.
2025b) to ensure a fair comparison. All experiments are con-
ducted on a single RTX 3090 GPU.

Results on K-Radar Dataset
We compare REL with several 3D object detection meth-
ods, including PointPillars (Lang et al. 2019), RTNH (Paek,
Kong, and Wijaya 2022), InterFusion (Wang et al. 2022b),
and 3D-LRF (Chae, Kim, and Yoon 2024), among which
InterFusion and 3D-LRF represent state-of-the-art fusion-
based approaches. The results in Table 1 highlight the su-
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(a)

(b)

Normal Sleet Heavy Snow

Figure 3: Visualization results of 3D object detection in range view and bird-eye view. The results in the range view show the
image and projected LiDAR with red GT boxes and yellow predicted boxes (enlarged results in the upper right corner). The
results in bird-eye view show top-view LiDAR and 4D radar heatmap with red GT boxes and black predicted boxes. Each row
represents different 3D object detection methods: (a) 3D-LRF, (b) ours. Each column represents different weather conditions:
normal, sleet, and heavy snow. It is recommended to enlarge the image for better visualization of the details.

Fog level Methods Modality Car (IOU=0.5) Pedestrian (IOU=0.25) Cyclist (IOU=0.25)
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0
(W/o Fog)

RTNH 4DR 35.8 41.7 35.9 42.0 38.6 34.4 75.3 69.8 63.2
PointPillars L 84.9 73.5 67.5 62.7 58.4 53.4 85.5 79.0 72.7
InterFusion L+4DR 67.6 65.8 58.8 73.7 70.1 64.7 90.3 87.0 81.2

L4DR L+4DR 85.0 76.6 69.4 74.4 72.3 65.7 93.4 90.4 83.0
3D-LRF L+4DR 85.4 74.9 69.2 69.0 67.9 62.7 92.0 87.2 81.7

REL L+4DR 86.9 77.2 69.7 74.2 70.4 65.1 92.8 90.1 84.5

2

PointPillars L 67.0 51.4 44.4 53.1 47.2 42.7 69.6 62.7 57.2
InterFusion L+4DR 56.0 48.5 41.5 63.2 57.8 52.9 77.3 71.1 66.2

L4DR L+4DR 68.5 56.4 49.3 63.1 59.9 55.1 82.7 70.8 70.7
3D-LRF L+4DR 68.2 56.0 50.6 53.9 53.4 47.5 76.9 72.1 67.1

REL L+4DR 68.5 64.4 56.9 65.5 62.1 57.1 86.6 81.6 76.1

4

PointPillars L 13.0 8.77 7.19 10.6 12.9 11.3 6.15 4.89 4.57
InterFusion L+4DR 15.2 10.8 8.40 25.7 25.1 22.6 6.68 7.95 6.99

L4DR L+4DR 26.9 26.2 21.6 33.1 30.7 27.9 30.3 29.7 26.3
3D-LRF L+4DR 25.0 20.6 16.4 25.2 28.1 24.2 21.1 20.2 18.4

REL L+4DR 43.8 49.7 42.4 48.1 46.6 40.7 83.2 76.4 69.3

Table 3: Quantitative results of different methods on Vod-Fog dataset under various fog levels. Best in bold, second in underline.

perior performance of REL on the K-Radar dataset V1.0.
Specifically, our method surpasses 3D-LRF by 9.3% in to-
tal AP3D, with consistent improvements under various ad-
verse weather conditions. The superior performance of REL
validates the rationality of generating virtual LiDAR points
from weather-robust 4D radar data, demonstrating that 4D
radar can effectively enhance the geometric structural in-
formation of LiDAR under adverse weather conditions. As
shown in Figure 3, REL accurately predicts 3D bounding
boxes under various weather conditions. In contrast, 3D-
LRF, which relies heavily on LiDAR geometric structure,
frequently produces false positives and missed detections in
adverse weather scenarios.

On the K-Radar V2.0 dataset, we further validate the ro-
bustness of our method in complex scenarios and multi-
category detection. As shown in Table 2, we compare meth-

ods based on LiDAR and 4D radar fusion, and all results
under adverse weather conditions are aggregated for clar-
ity. Compared with 3D-LRF, REL demonstrates significant
performance gains in adverse weather, with AP3D gains of
2% and 7.8% for the “Sedan” and “Bus or Truck” classes,
respectively. These results highlight the effectiveness of vir-
tual LiDAR points generated by 4D radar in mitigating the
degradation of LiDAR point clouds in adverse conditions,
particularly enhancing detection for larger objects where
point degradation is more severe. Additionally, we integrate
REL into the L4DR framework to test the generalization of
our method. Compared with the original L4DR, consistent
improvements are observed across object categories, with
AP3D gains of 1.3% for the “Sedan” and 3.9% gain for the
“Bus or Truck” class, underscoring its adaptability across
different LiDAR-4D radar fusion frameworks.
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Results on Vod-Fog Dataset
On the Vod-Fog dataset, we compare the performance of
REL with other LiDAR-4D radar methods under varying
levels of fog density, as detailed in Table 3. Under clear con-
ditions (fog level = 0), all methods exhibit good detection
performance. However, as fog density increases, the qual-
ity of LiDAR point clouds degrades. Methods such as In-
terFusion (Wang et al. 2022b), 3D-LRF (Chae, Kim, and
Yoon 2024), and L4DR (Huang et al. 2025b) show sub-
stantial performance drops due to their heavy reliance on
geometric structures provided by the contaminated LiDAR
data. In contrast, our method addresses this issue by dynam-
ically generating virtual LiDAR points guided by 4D radar
data, which effectively enhances the geometric structures of
degraded point clouds, enabling REL to maintain relatively
stable detection performance even in foggy conditions.

To further investigate the source of the performance gain,
we include a 4D radar only baseline in Table 3. Under the
most severe foggy conditions (fog level = 4), the 4D radar
only method outperforms L4DR by 6.5–45.0 mAP but still
underperforms our REL approach by 6.1–8.0 mAP. This
indicates that previous methods struggle with negative fu-
sion due to low-quality LiDAR in adverse weather, while
our method effectively handles fusion in these conditions.

Ablation Study
Effect of Each Component. We assess the detection
accuracy, inference speed (FPS), and computational cost
(GFLOPs) of each REL module on K-Radar V1.0, as shown
in Table 4. The first row represents the baseline model that
uses the original LiDAR point clouds and 4D radar for 3D
fusion. The second row introduces VLG to generate vir-
tual LiDAR points. Both APBEV and AP3D show improve-
ments, validating the effectiveness of leveraging robust 4D
radar data to supplement LiDAR geometric structure. The
third row incorporates PGCA to enhance the features of vir-
tual points, further boosting detection performance. The re-
sults show that PGCA effectively resolves the feature mis-
alignment between virtual and real points. The fourth row
integrates AFF, which effectively fuses the features of virtual
LiDAR points and real LiDAR points through an adaptive
weighting strategy, delivering the most optimal performance
(i.e., our final model). Although REL introduces modest in-
creases in runtime and computational cost than the baseline,
it achieves significantly higher detection accuracy.

Module IOU=0.5
VLG PGCA AFF APBEV AP3D FPS GFLOPs

72.2 46.0 24.1 125.3
✓ 74.1 50.4 23.7 127.7
✓ ✓ 75.1 52.5 22.4 130.2
✓ ✓ ✓ 75.6 54.5 20.7 130.6

Table 4: Ablation of REL components on K-Radar V1.0.

Impact of Module Deployment at Different Stages. We
evaluate the effects of deploying the proposed VLG-PGCA-
AFF modules at different stages of the baseline on K-Radar

V1.0, as shown in Table 5. The baseline has a three-level
downsampling structure to extract multi-scale features from
LiDAR points and 4D radar data, with an AP3D of 46.0%.
Notably, integrating our modules at any stage improves per-
formance, though the magnitude varies across stages.

Since the generation of virtual points depends on 4D radar
features, integrating these modules in Stage I suffers from a
shallow network architecture that leads to insufficient noise
suppression in the extracted 4D radar features. This results
in relatively poor-quality virtual points. Stage II strikes a
balance between LiDAR sparsity and radar feature repre-
sentation, thus producing more accurate virtual points that
enhance the geometric structure. However, in Stage III, re-
peated downsampling causes high sparsity in LiDAR points
and a reduction in the number of 4D radar points, yielding
inferior performance compared to Stage II.

Based on this analysis, we choose to deploy the pro-
posed modules in both Stage-II and Stage-III. In this way,
Stage-II generates virtual points to supplement the geomet-
ric structure of LiDAR and provides fused features as in-
put to the deep LiDAR branch. Subsequently, Stage-III fur-
ther refines the geometric structure of LiDAR. This dual-
stage deployment effectively avoids interference from shal-
low noise while addressing the loss of deep structural infor-
mation. Its optimal performance is validated through exper-
iments testing all possible combinations.

Stage IOU=0.5
APBEV (↑) AP3D(↑)

I 74.1 49.5
II 75.5 51.6
III 74.9 48.8

I + II + III 75.5 51.3
I + III 75.2 49.7
I + II 74.7 50.9

II + III 75.6 54.5

Table 5: Performance comparison of proposed modules de-
ployment at different stages, tested on K-Radar V1.0.

Conclusion
In this paper, we address the problem of reduced 3D ob-
ject detection accuracy caused by the degradation of Li-
DAR point geometric structure in adverse weather condi-
tions. We propose REL, a 4D radar-guided LiDAR geomet-
ric enhancement method. By innovatively generating vir-
tual LiDAR points from 4D radar data, REL effectively im-
proves the spatial density and geometric structure of de-
graded LiDAR point clouds. Moreover, the proposed PGCA
enhances the virtual LiDAR point features, while AFF per-
forms weighted fusion of virtual and real LiDAR features
in voxel space. Extensive experiments on K-Radar and
Vod-Fog datasets demonstrate the significant improvements
achieved by REL under various adverse weather conditions.
Additionally, our method seamlessly integrates with exist-
ing LiDAR-4D radar fusion frameworks, offering an effec-
tive geometric enhancement solution for 3D object detection
in challenging weather conditions.
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