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Abstract—4D radar-based object detection has garnered
great attention for its robustness in adverse weather conditions
and capacity to deliver rich spatial information across diverse
driving scenarios. Nevertheless, the sparse and noisy nature
of 4D radar point clouds poses substantial challenges for
effective perception. To address the limitation, we present
CORENet, a novel cross-modal denoising framework that
leverages LiDAR supervision to identify noise patterns and
extract discriminative features from raw 4D radar data. De-
signed as a plug-and-play architecture, our solution enables
seamless integration into voxel-based detection frameworks
without modifying existing pipelines. Notably, the proposed
method only utilizes LIDAR data for cross-modal supervision
during training while maintaining full radar-only operation
during inference. Extensive evaluation on the challenging Dual-
Radar dataset, which is characterized by elevated noise level,
demonstrates the effectiveness of our framework in enhancing
detection robustness. Comprehensive experiments validate that
CORENet achieves superior performance compared to existing
mainstream approaches. The code is available at https:
//github.com/charlesuv/corenet.git.

I. INTRODUCTION

Environmental perception serves as the fundamental mod-
ule of autonomous driving systems, providing essential
support for downstream modules, including path planning,
decision-making, and vehicle control [1]. While cameras and
LiDAR currently serve as the primary sensor modalities in
most autonomous driving platforms, their performance is not
ideal in adverse weather conditions [2]. Meanwhile, the radar
has gained significant attention due to better environmental
adaptability and reliability attributed to their use of rela-
tively longer wavelengths [3]. In the field of autonomous
driving, mainstream radar sensors are mainly divided into
two categories: 3D radar and 4D radar [4]. Traditional 3D
radar suffers from limited resolution and the absence of
elevation measurement, which impede precise object charac-
terization and restrict the deployment in autonomous driving
scenarios. In contrast, 4D imaging radar provides enhanced
spatial perception through four-dimensional data acquisition
(range, azimuth, elevation, and Doppler velocity), delivering
comprehensive environmental awareness essential for robust
operation in complex driving conditions.
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Fig. 1. Illustration of 4D millimeter-wave radar with extensive noise and
LiDAR point clouds. The first row is a scene overview where green and
black point clouds represent raw 4D radar and LiDAR data, respectively. A
nearby car is annotated with a blue circle. The last two rows zoom into the
blue circle region. The second row shows the original radar data with green
points. The third row is the denoised results using our method, indicating
the effectiveness of noise suppression in the data processing.

However, point clouds collected by radar exhibit strong
noise, which is especially prominent in 4D radar, as shown
in Fig. 1. The strong noise increases the false detection
rate. Accurately distinguishing valid and noise points in 4D
radar point clouds poses a significant challenge for 4D radar
perception strategies. In the early stages, plenty of radar de-
noising methods are proposed for 3D radar. Some traditional
optimization-based approaches like Moving Least Squares
and low-rank learning [5]-[7] leverage geometric projections
and self-similarity but often struggle with complex, noisy,
and highly irregular radar data. Worth mentioning, neural
network-based methods [8], [9] achieve impressive results
in low-noise conditions but face challenges with denser and
more variable noise levels, as well as larger-scale point
clouds typical in radar data. In radar signal processing,
denoising is commonly performed using radius-based [10] or
statistics-based [11] methods, which can partially eliminate
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outlier noise but fail to identify extensive noise distributions.

Upon analyzing the noise characteristics of 4D radar and
reviewing the fundamental principles of radar signal imaging
[12], [13], we identify that the primary noise source arises
from energy leakage in sidelobes surrounding strong targets.
This phenomenon is predominantly caused by the inherent
limitations in the resolution of radar systems [12]. It is
known from [4] that the radar has a low resolution in the
vertical direction, which results in the distribution of noise
along the vertical tangent direction in Fig. 1. Therefore,
improving the perceptual capability of 4D radar requires
identifying the points associated with actual objects in the
point cloud. Drawing inspiration from recent advancements
in multi-modal fusion [14]-[16], we try to improve the
detection capability of 4D radar-based models by constrain-
ing the distribution of 4D radar data with LiDAR. Some
works [2], [17] focus on modal fusion and attempt to mitigate
radars limitations by integrating LiDAR information, but they
remain largely unexplored for 4D radar, where noise and
sparsity are even more pronounced, limiting their robustness
and generalizability in real-world scenarios. We propose
utilizing cross-modal learning, which leverages LiDAR point
clouds during training to make the detection model implicitly
capable of recognizing noise.

In this paper, we introduce a cross-modal 4D radar super-
vision framework CORENet, which effectively distinguishes
noise and valid point clouds by using LiDAR point clouds
to align with 4D radar point clouds. Experimental results
demonstrate that point clouds supervised across modalities
can better fit target objects, thereby enhancing object detec-
tion capabilities.

In summary, the contributions can be outlined as follows:

e A hierarchical multi-scale denoising module named
HMSD-Net for 4D radar is proposed, which is simple
and flexible, allowing seamless integration into a voxel-
based object detection network to improve detection
accuracy.

e We employ a cross-modal supervision mechanism that
utilizes LIDAR data to supervise the training of 4D radar
data. Our approach requires LiDAR point clouds in the
training stage only, ensuring simplicity and efficiency
during the inference stage.

e Experimental results show that this supervised denoising
framework enables the radar point cloud to better fit
target objects and improves the mean accuracy of the
original model by 7%-18% in 3D and BEV views.

II. RELATED WORKS
A. Radar-based Object Detection

Radar-based 3D object detection models adopt back-
bone networks initially designed for LiDAR detectors, tai-
lored specifically to meet the unique requirements of radar
data. RadarPointGNN [18] employs Graph Neural Networks
(GNNs) [19] to effectively extract features from sparse
radar point clouds through graph representations. KPConv

Pillars [20] introduces a hybrid architecture that combines
grid-based and point-based approaches for radar-only 3D
object detection. Recent studies have increasingly focused
on detection techniques that fuse radar with LiDAR or
cameras [2], [21]-[25], aiming to leverage radar data to
compensate for the limitations of each sensor. RadarNet [2]
adopts a voxel-based early fusion and an attention-based
late fusion approach to integrate radar and LiDAR data.
RCM-Fusion [26] fuses radar and camera data at both
the feature and instance levels, maximizing the potential
of radar information. CRN [22] leverages radar data to
transform camera image features into a birds-eye view (BEV)
and then combines these transformed camera features with
radar BEV features using a multimodal deformable attention
mechanism.

B. Radar Denoising

Due to the high noise and excessive sparsity of millimeter-
wave radar point clouds, perception solutions based on such
data are typically underutilized. As a fundamental challenge,
point cloud denoising has garnered significant attention.
Initially, more traditional approaches such as Moving Least
Squares (MLS) [27], [28] were used to project point sets
onto effective planes. However, these classical methods were
originally designed for reconstructing noise-free surfaces
and are not well-suited for describing complex polygonal
objects. Moreover, these traditional approaches often in-
volve complex computations and iterative processes, limiting
their broader applicability. In radar signal processing, main-
stream denoising methods predominantly employ Radius
Outlier Removal (ROR) [10] and Statistical Outlier Removal
(SOR) [11]. These approaches are widely used due to their
excellent efficacy in mitigating isolated outlier noise while
exhibiting limited capability in addressing complex spatial
noise distributions.

In recent years, with the rapid advancement of neural
networks [29]-[33], deep learning techniques have been
extensively applied to point cloud denoising, yielding re-
markable results. Point-BERT [8] employs a masked learning
strategy to restore incomplete point clouds, enhancing their
noise resilience. However, this method primarily handles
lower noise levels and is suited for smaller-scale point cloud
data. DNCNet [9] uses a U-shaped denoising sub-network to
eliminate signal noise, followed by a pre-trained classifica-
tion sub-network to identify the denoised signal types, but its
application is limited to one-dimensional signals with simpler
forms and features. Furthermore, there are efforts to integrate
LiDAR and radar data, such as RadarNet [2], which fuses
LiDAR data with radar data from a birds-eye view (BEV)
and utilizes velocity information to improve object detection
accuracy. RadarDistill [16] applies a distillation technique
to constrain radar feature representations using LiDAR data.
Nevertheless, existing methods have primarily been evaluated
on 3D radar systems, while their effectiveness in 4D radar
with elevated noise levels remains unexplored.
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Fig. 2. The overview of our proposed CORENet. LiDAR point clouds are processed through the Mask Generator to produce a Supervised Mask, which
serves as supervision for radar point clouds. The radar point clouds are simultaneously passed through the voxelization operation and HMSD-Net, where
the radar data undergoes feature coding to suppress the noise features and thus achieve the denoising effect. Then, the denoised radar data is passed
through the 2D Backbone Network, followed by the Detection Head. The training process is optimized by computing the total loss with a voxel-level loss

computed.

III. METHOD

The proposed method introduces a novel denoised frame-
work for radar point clouds in 3D object detection task, using
LiDAR point clouds to supervise the denoising process of 4D
radar data during training only while eliminating the need for
LiDAR data during inference, as shown in Fig. 2.

A. Hierarchical Multi-Scale Denoising Network

As illustrated in Fig. 3, Hierarchical Multi-Scale Denois-
ing Network (HMSD-Net) integrates multi-scale features
from two key components: (1) Hierarchical PointNet (HP-
Net) for topological feature learning and (2) Sparse ConvNet
(SConvNet) for spatial encoding. The multi-scale features
are later output through a network named Noise Predictor to
obtain noise predictions.

Based on the visualization in Fig. 1 and principles of
radar imaging [12], the sidelobe signals distributed around
targets contain valuable structural information, which can be
effectively enhanced through multi-scale local feature aggre-
gation. This signal reinforcement mechanism improves the
detection capability in complex environments by preserving
fine-grained spatial relationships while suppressing interfer-
ence patterns. Voxel convolution can capture local spatial
information but fails to preserve topological relationships
between points [34].

We draw inspiration from works of graph convolution [30],
[35] to design the HPNet. The HPNet applies k encoding
layers that progressively extract aggregated features from
voxels. Specifically, in downsampling layers, the farthest
point sampling (FPS) is applied, followed by k-nearest
neighbor clustering to aggregate voxels. In propagation
layers, the clustered voxels undergo non-linear transforma-
tions through cascaded multi-layer perceptrons (MLPs) with
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Fig. 3. The structure of HMSD-Net (see Sec. III-A for details)

shared weights, where the MLP layers propagate features
from sparse layers to dense layers. These adjacent connec-
tions with skip concatenation capture complex interactions
within the latent feature representations {hy,hy, ..., }.

Concurrently, the SConvNet processes voxel features
through a multi-stage architecture comprising submanifold
sparse convolution layers [36], batch normalization, and
ReLU activations at each hierarchy. Specifically, each pro-
cessing block applies submanifold sparse convolution to
maintain geometric sparsity, followed by normalization and
ReLU to stabilize feature distributions. The hierarchical
features from SConvNet undergo dimensional alignment via
upsampling operations, followed by concatenation to synthe-
size the composite feature representation feony-

Given the radar point voxels f, = {p1,p2,...,pn}, Where
each voxel p; € R? encapsulates raw radar information: 3D
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coordinates [x,y,z], signal intensity i;, and radial Doppler
velocity vp, the hierarchical processing is formalized as:

hy = HPNet(f,), iy € RV*128,

Seonv = SConvNet(fp), feonv € RNV*64, .

The hierarchical features are concatenated along the chan-

nel dimension and passed to the Noise Predictor P, an MLP

network where the output dimension is set to “1”. For each

voxel, the output is a prediction value ranging from O to 1,

which indicates the level of confidence. The higher the value,
the more likely it is to be a valid voxel, and vice versa.

Magar = P(hk @fconv)' (2)

M;adar denotes the predicted mask representing positions of
valid radar voxel clouds. The mask size is the same as the
voxel cloud size.

The feature extracted from the final layer of the SConvNet
module is projected into the BEV representation with feature
dimension reconstruction. The BEV representation fggy is
subsequently processed by the 2D backbone network and
detection head. Finally, the detection head outputs category
prediction c¢s and box prediction yrs. We use the binary
cross-entropy loss BCE(-) for classification and the mean
squared error MSE(+) for regression to supervise the network
training:

Les =BCE (Cc157 Cgt) )

3
Lyeg = MSE ()’regy)’gt) ) )

where yg; represents the ground truth bounding box, cg is
the ground truth category of the target area.

B. Cross-modal Supervision Mechanism

Inspired by prior cross-modal learning methodolo-
gies [14]-[16], our framework introduces a novel supervision
mechanism that leverages LiDAR’s superior capability in
characterizing object features to enhance radar-based target
perception. Specifically, LiDAR data is employed during
training to supervise the denoising process of 4D radar
data while eliminating dependence on LiDAR input during
inference. This design enhances radar perception robustness
while maintaining practicality without LiDAR.

In the training stage, the data of LiDAR and radar are
jointly provided as inputs. The LiDAR data is processed
through the Mask Generator, which accomplishes cross-
modal matching through a KDTree structure. Specifically,
given the radar data P = {p,-eﬂ@}il and the LiDAR

data Q = {qj € R3}1]\.4:1, the KDTree is constructed on Q
with axis-aligned spatial partitioning. At each tree level, the
splitting axis alternates cyclically (e.g., x — y — z) to balance
spatial discrimination. For each query point p;, the nearest-
neighbor search with a fixed distance is performed on Q to
identify valid correspondences:

N(p)={q;€Q||pi—qjl, <7}, @)

where 7 is a distance threshold. The binary mask Mg, is then

generated as:
1
My (i) =
0=

This ensures that only points in P with at least one correspon-
dence in Q within 7 are retained, effectively aligning cross-
modal features through efficient spatial indexing. The low
computation complexity of KDTree enables fast processing
for large-scale LiDAR data.

Meanwhile, the radar voxels are passed through the
HMSD-Net, where it generates a predicted mask M;agar. The
two masks are then compared through the loss function:

if [N(pi)|>1
otherwise '

®)

Linsk = SLL (MradM7Mgt) ) (6)

where SSL denotes the Smooth L; Loss [40].

During the inference stage, due to the effective denoising
capability of the trained denoising network, LiDAR data is
no longer required. By removing the need for LiDAR data
during inference, this cross-modal framework maintains the
efficiency and practicality of radar-based perception while
benefiting from the superior precision of LiDAR supervision
during training.

C. Total Loss Function

For the network training of the 3D object detection model,
we propose a loss function defined as Equation (7):

Liotar = 0 - Lejs + ﬁ : Lreg +7: Linsk- (7N

Liota1 consists of three parts: the classification loss (L),
the regression loss (L), and the effective voxel loss com-
puted based on the predicted mask and supervised mask
(Lmsk)- The L utilizes focal loss. The Lyeg and Lyg employ
the Smooth L1 function. The coefficients, a, 3, and v are set
as hyperparameters. We utilize the gradient descent algorithm
to optimize the weights for minimizing the loss.

IV. EXPERIMENT
A. Datasets and Metrics

We conducted experiments on the Arbe Phoenix radar
data and LiDAR data from the Dual-Radar dataset [4]. After
effective selection, the experimental dataset comprises 9966
frames of point cloud data, with 5100, 2400, and 2466 scenes
allocated for training, testing, and validation, respectively.
The evaluation is based on the official evaluation metric of
the KITTI dataset, specifically the average precision (AP)
with three predefined difficulty levels: Easy, Moderate, and
Hard. To simplify the table, the results under three difficulty
levels are averaged to serve as the evaluation metric. The
evaluation encompasses metrics from the perspectives of
BEV and 3D. In the computation of AP, we employ the
Intersection over Union (IoU) thresholds to evaluate the
accuracy of detection results. Specifically, an IoU threshold
of 50% is adopted for the Car category, while a threshold of
25% is applied to the Pedestrian and Cyclist categories.
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TABLE I
QUANTITATIVE COMPARISONS ON THE DUAL-RADAR TEST SET.

Car Cyclist

Pedestrian Mean

Baselines 3D AP (%) BEV AP (%) 3D AP (%)

BEV AP (%)

3D AP (%) BEV AP (%) 3D AP (%) BEV AP (%)

PointPillars [37] 31.78 38.30 0.14 0.29 0.00 0.00 10.64 12.87
VoxelR-CNN [34] 35.15 39.32 0.09 0.17 0.02 0.02 11.76 13.17
RDIoU [38] 32.02 36.18 0.41 0.72 0.00 0.01 10.81 12.30
CasA-T [39] 8.27 15.05 0.07 0.11 0.00 0.00 2.78 5.05
CasA-V [39] 14.81 16.87 0.04 0.08 0.01 0.02 4.96 5.66
CasA-V + ROR [10] 41.18 45.27 3.03 3.52 0.76 0.76 14.99 16.51
CasA-V + SOR [11] 46.81 51.18 2.15 2.47 0.91 1.14 16.62 18.26
Voxel R-CNN + CORENet 46.48 51.09 10.02 10.12 1.82 9.09 19.44 23.43
CasA-V + CORENet 49.46 54.38 10.11 10.49 4.55 4.55 21.37 23.14

Bold is the best, and underline is the second best. The rightmost two columns report the mean AP scores aggregated across Car, Cyclist, and Pedestrian

categories.

B. Experimental Setup

We adopted the CPU of Intel(R) Xeon(R) E5-2650 and
built the OpenPCDet framework based on PyTorch 1.8.1.
We trained the model on a single RTX 6000 GPU with a
46GB memory capacity using PyTorch. We trained for 80
epochs with a learning rate of 0.003 and presented the best
results obtained. The mask generator and match module use
a KD tree structure to search for nearest-neighbor matches
within 0.5 meters of the input two types of point clouds.
Loss hyperparameters o, 3, and 7y are set with values of 1,
2, and 50, respectively.

C. Baseline Models

In Table I, baseline models are categorized into two groups
for comprehensive comparison. The first group contains
advanced detection architectures for point clouds: PointPil-
lars [37] utilizing pillar encoding, Voxel R-CNN [34], and
RDIoU [38], along with CasA-T [39] and CasA-V [39]. The
second group evaluates denoising methodologies integrated
with the CasA-V [39], including ROR [10] and SOR [11]
filters for outlier removal. Our proposed CORENet is vali-
dated through integration with Voxel R-CNN [34] and CasA-
V [39].

D. Quantitative Comparison on Dual-Radar

The quantitative results on the Dual-Radar test set are
presented in Table I. Compared with state-of-the-art models
and radar-based denoising methods, the improved models
perform better in 3D and BEV views. When integrated with
CasA-V, CORENet achieves 49.46% 3D AP and 54.38%
BEV AP for car detection, representing absolute improve-
ments of +34.64% and +37.51% over the baseline, respec-
tively. Such a performance gain stems from CORENet’s
ability to leverage LiDAR-supervised noise patterns to pre-
serve the structural integrity of vehicles in sparse radar data.
Similarly, the Voxel R-CNN variant with CORENet attains
46.48% 3D AP (+11.33%) and 51.09% BEV AP (+11.78%),
demonstrating its generalizability across different detection

architectures. The superior mean AP results (23.14% BEV
and 21.37% 3D for CasA-V with CORENet) confirm that
explicit cross-modal supervision enables the discriminative
separation of valid features from noise clusters.

ROR [10] and SOR [11] are commonly employed in
radar signal processing to enhance point cloud quality in
highly noisy point clouds. The proposed CORENet exhibits
considerable improvement over the two denoising baselines.
For mean AP, CasA-V with CORENet achieves 21.37%
3D mean AP and 23.14% BEV mean AP, significantly
surpassing ROR (+4.75% and +4.88%) and SOR (+6.38 %
and +6.63%).

The quantitative results verify that CORENet enhances de-
tection robustness more effectively than conventional denois-
ing strategies, particularly in preserving geometric fidelity
for small objects (cyclists and pedestrians) while maintaining
superior car detection accuracy.

TABLE 11
ABLATION EXPERIMENTS OF HMSD-NET

HPNet  SConvNet 3D AP (%) BEV AP (%)
Car Mean Car Mean

v 67.07 26.64 70.51 28.08
v 65.94 2492 6943 27.64

v v 67.34 2747 7123 29.01

E. Ablation Experiments

To validate the efficacy of the HMSD-Net and the ratio-
nality of hyperparameter sets, we conducted ablation exper-
iments on the Dual Radar dataset.

As shown in Table II, we evaluated the contributions of
the HPNet and SConvNet components in the HMSD-Net.
Compared with the complete model structure, the model with
only HPNet resulted in -0.72% and -0.93% decline in 3D
and BEV mean AP. Using SConvNet alone yielded lower
performance, indicating the necessity of combining both
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Fig. 4. Qualitative results on Dual-Radar dataset. The green and black point clouds correspond to radar and LiDAR measurements, respectively. The red
points are obtained through denoising with CORENet, with red 3D boxes denoting ground truth annotations. A region of interest is highlighted with a red
rectangular bounding box. (a) provides a real-world scenario with vehicles on the road. (b) provides an overall visualization of the LiDAR, original 4D
radar, and CORENet-denoised radar point clouds. (c-f) offer a zoomed-in view of the area highlighted in the red box from (b).

components. The HMSD-Net with HPNet and SConvNet
achieves the best performance, demonstrating their effective-
ness.

TABLE III
ABLATION EXPERIMENTS OF KDTREE DISTANCE

KDTree 3D AP (%) BEV AP (%)

Distance/(m) Car Mean Car Mean

0.3 6694 2686 70.26 28.00

0.5 67.34 2747 7123 29.01

0.7 66.71 25.81 69.70 27.11
TABLE IV

ABLATION EXPERIMENTS OF MLP LAYER IN NOISE PREDICTOR

MLP layer in 3D AP (%) BEV AP (%)
Noise Predictor Car Mean Car Mean
1 67.34 2747 7123 29.01
2 66.23 26.10 69.61 27.26
3 67.07 2637 68.74 26.96

Based on the description in Sec.IlI-B, KDTree structure
searches for neighbor voxels in a fixed range of distance.
Table III delineates the models trained with different KDTree
distances. A distance of 0.5 yielded the best results, while
reducing to 0.3 or increasing to 0.7 caused slight drops.
Table IV shows the impact of varying MLP layer numbers in
the Noise Predictor. The single-layer MLP achieved optimal
performance with 67.34% Car AP and 27.47% mean AP in

3D detection, along with 71.23% Car AP and 29.01% mean
AP in BEV detection. This indicates that a single nonlinear
transformation suffices to capture noise patterns effectively.
However, increasing the depth of layers reduced perfor-
mance to 66.23% Car AP (3D) and 69.61% Car AP (BEV),
accompanied by mean AP declines of 1.37% and 1.75%,
respectively. Notably, a three-layer configuration yielded
less decrease in the car category, reaching 67.07% Car AP
and 26.37% mean AP in 3D, with further degrading BEV
performance to 68.74% Car AP and 26.96% mean AP (3D),
while the results remain inferior compared to the single-
layer baseline. The performance degradation with increased
depth implies that deeper MLP layers induce overfitting
through redundant parameterization, thereby compromising
generalization capability.

F. Visualization and Analysis

As illustrated in Fig. 4, we conducted comparisons be-
tween scenes before and after denoising, with (d), (e),
and (f) presenting pairwise comparisons between different
modalities of point clouds. (d) contrasts LiDAR (black)
and raw radar (green) point clouds, revealing significant
interference induced by radar data noise. High-level noise
could greatly impact the detection of objects like vehicles.
(e) compares LiDAR (black) and denoised radar data after
CORENet (red), indicating that the addition of CORENet
provides a point cloud representation closer to the LiDAR
ground truth compared to (d), substantially reducing noise
in the point cloud. (f) further compares raw radar with
CORENet-denoised radar, demonstrating that CORENet ef-
fectively reduces radar noise. The denoised point clouds are
densely clustered around the vehicle targets and enhance
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Fig. 5.

Denoising performance of CORENet in multiple scenes. The green and black point clouds correspond to radar and LiDAR measurements,

respectively. The red points are obtained through denoising with CORENet, with red 3D boxes denoting ground truth annotations. Regions of interest are
highlighted with red rectangular boxes and enlarged. (a) daytime; (b) dark tunnel; (c) rainy day; (d) nighttime.

object detection accuracy.

Fig. 5 demonstrates the multi-scenario denoising per-
formance of CORENet across four distinct environmental
conditions: (a) daytime, (b) dark tunnel navigation, (c) rainy
day, and (d) nighttime. Each subfigure reveals consistent
preservation of structural integrity in detected objects. These
qualitative results collectively validate CORENet’s cross-
environment robustness in preserving spatial information
while suppressing noise artifacts, confirming its operational
viability for real-world perception systems.

V. CONCLUSION

The paper introduced the CORENet as a novel denois-
ing method for 4D radar, which learns to extract valuable
point cloud information. Our denoising architecture is simple
and effective, allowing seamless integration into mainstream
voxel-based detection networks. Additionally, we proposed a
cross-modal supervision mechanism that exclusively utilizes
LiDAR data during the training phase to enhance perfor-
mance. Our approach aids the training process, enabling the
network to effectively reduce noise in radar point clouds.
However, there exist some limitations in the current work.
High-precision LiDAR point clouds remain indispensable
during the training phase. In future work, we plan to enhance
4D radar detection performance for smaller objects, such as
pedestrians and cyclists.
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