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Abstract— Despite its resilience in adverse weather,
millimeter-wave (mmWave) radar yields sparse and noisy
point clouds that limit its perception and localization
performance. Diffusion models have recently gained attention
for enhancing millimeter-wave radar in perception tasks due
to their strong denoising and generative capabilities. Yet,
the enhanced radar point cloud is still far from expected
due to a lack of texture information and errors caused by
inherent sensor–model mismatch between LiDAR and radar.
In this paper, we propose an adaptive vision-aided radar
data enhancement method based on a conditional diffusion
model for denoising and densifying radar point clouds. The
pipeline decomposes mmWave radar into depth and BEV
views, fuses the depth view with synchronized images, and uses
the fused features together with BEV tokens to condition the
diffusion model. LiDAR is used only for training supervision,
but not for inference. Extensive experiments demonstrate
that our proposed method produces dense and geometrically
consistent radar point clouds, validating the effectiveness of
the introduced vision-aid for radar enhancement. Notably, our
method even works well in scenarios under visual occlusions.
The accurate odometry and high-fidelity map reconstruction
using enhanced radar point cloud highlights the great potential
of our method for other downstream tasks in robotics and
autonomous driving.

I. INTRODUCTION

In recent years, millimeter wave radar combined with
vision has been gaining increasing attention as a promising
perception solution for autonomous driving in the automotive
industry. As an alternative to optical ranging sensors such as
LiDAR, millimeter-wave radar can perform perception [1]–
[3] and localization [4]–[8] tasks reliably even under adverse
weather conditions (rain, fog, snow). However, the inherent
noise and sparsity problems of the radar, especially the newer
type of 4D radar, impair its performance in downstream
tasks. Therefore, enhancing the raw radar data to obtain
denser and higher-quality point clouds is crucial to expand
the potential of millimeter-wave radar.

The efforts to enhance 4D millimeter-wave radar span both
the raw signal in the frequency domain and the point cloud
in the data domain. Although pure signal processing en-
hancement and convolutional networks [9]–[11] can remove
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(a) Raw radar (b) Enhanced w/o image (c) Enhanced w/ image
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Fig. 1. Radar enhancement of the proposed method in different
conditions (All projected onto the corresponding images for better
visualization). Top row (clear environments): (a) raw radar; (b) radar-
enhanced results by our method with radar-only input; (c) radar-enhanced
results by our method. Bottom row (smoke environments): (d) raw radar;
(e) camera/LiDAR degraded by smoke; (f) Our method uses reliable image
texture and reverts to radar-only in occluded regions, preserving a dense
and geometrically accurate representation in smoke.

ghost points caused by noise, they intrinsically lack the gen-
erative capacity to recover the continuous geometry. Data-
domain enhancement implemented through aggregation or
deterministic regression [12]–[18] fails to capture alternative
plausible structures and provides no principled representation
of uncertainty. By contrast, diffusion probabilistic models
learn a generative prior over explicit point cloud distributions
and perform stochastic stepwise denoising, allowing them
to naturally encode cross-modal uncertainty and reconstruct
complete geometry from a single noisy observation.

However, current diffusion-based approaches for 4D radar
enhancement [19], [20] rely on LiDAR for supervision
during training but only use sparse radar input at inference.
As shown in Fig. 1d and 1e, the differences in sensor
physics models of LiDAR and radar produce inconsistent
observations, leading to incomplete or discontinuous ge-
ometry inference, particularly under occlusions or complex
object appearances as shown in Fig. 1b. To overcome it, we
introduce synchronized visual information with an adaptive
self-attention at inference. Visual observations provide dense
texture cues that complement radar measurements, effec-
tively bridging the inconsistency and guiding the denoising
process toward high-density, geometrically consistent radar
point clouds even in adverse conditions, as shown in Fig. 1f.

To this end, we propose a unified radar–vision framework
that integrates synchronized 4D radar sweeps and RGB
images with a conditional latent diffusion model (LDM) for
radar data enhancement. Each radar frame is orthogonally
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projected and fused with its corresponding image into the
shared bird’s-eye-view (BEV) token grid, which serves as
the condition for the diffusion model. The LDM produces
LiDAR-aligned latent features that are subsequently decoded
by a lightweight network into a dense point cloud. LiDAR is
used only during training, via a frozen encoder that defines
the latent space and provides supervision; at inference, the
model relies solely on radar and image inputs.

The main contributions of our paper are summarized as
follows:

• We propose a conditional latent-diffusion model that
fuses synchronized radar and image features to generate
denoised, dense point clouds. The introduced visual fea-
tures guide the denoising process toward high-density,
geometrically consistent radar point clouds.

• We propose a forward depth–BEV decomposition for
radar point clouds, which facilitates fusing depth with
image tokens and hence stable and efficient sampling
by the conditional diffusion model.

• Extensive comparative experiments verify the effec-
tiveness of our method in radar point-cloud denoising
and generation. We further demonstrate its potential
through the downstream task of high-fidelity reconstruc-
tion using the enhanced radar point cloud, which was
infeasible with the raw radar data.

II. RELATED WORK

A. Radar Data Enhancement

Existing radar data enhancement methods are mainly
divided into signal domain enhancement [9], [10] and data
domain enhancement [12]–[18]. Signal domain enhancement
methods directly apply deep learning or signal processing
methods to the original or intermediate frequency data of the
radar to improve the angular resolution and virtual aperture
before forming the point cloud. [9] improves mmWave radar
point-cloud quality from a point-cloud processing perspec-
tive, but it is still limited by observation sparsity and has dif-
ficulty extrapolating surface structures that completely lack
support. [10] uses a residual encoding-decoding network to
recover details suppressed by the sampling rate limit, thereby
generating continuous angle-range texture under extremely
sparse input. [11] embeds the micro-Doppler spectrum into
U-Net and uses the dual-base virtual array of antennas to
infer dense corner points.

These methods are still limited by the inherent observation
sparsity. Therefore, data domain enhancement methods are
focused on predicting the point cloud distribution to guide
point cloud densification. [12] sends the voxelized sparse
4D point cloud to the 3D CNN network to regress the
voxel occupancy probability. [13] uses a conditional GAN
network to generate dense points supervised by synchronized
LiDAR. [14] uses an autoregressive Transformer to generate
a complete point cloud by radar point tokens. DenserRadar
[15] predicts 3D offsets through an MLP and regresses
sparse radar points to corresponding dense LiDAR points.
[16] further introduces temporal memory and recursively

fuses features of consecutive frames to reduce drift. [17]
and [18] use visual-inertial odometry and monocular depth
prior as weak supervision, respectively, and use cross-modal
consistency to repair occluded areas. Nonetheless, all the
above regressors only produce a single best guess completion
and are unable to infer surfaces that lie entirely outside the
sparse measurement support. In contrast, Diffusion models
equipped with stochastic generative priors synthesize such
missing structure faithfully, yielding denser and more com-
plete point clouds.

B. Radar Diffusion

Recent research on diffusion models for radar data en-
hancement can be roughly divided into two categories:
methods that directly transfer image-domain DDPM pri-
ors to radar representations [21]–[23], and methods that
construct explicit conditions to guide the diffusion process
[20], [24]–[26]. Early works primarily adopt 2D represen-
tations, Radar-Diffusion [20] and RadarINV [24] formulate
radar point cloud enhancement as cross-modal denoising
and super-resolution in BEV space without pair LiDAR-
radar supervision, while Diffradar [21] and Tuel et al. [22]
reconstruct high-quality 2D scene distributions or remote
sensing imagery through diffusion-based decoding. These
methods, however, largely neglect the vertical structure of
radar point clouds. More recent studies extend diffusion
models to 3D recovery. Luan et al. [19] achieve radar point
cloud super-resolution toward LiDAR-like density, Wu et
al. [23] demonstrate the advantage of range-image priors
over BEV or range-azimuth heatmaps, R2LDM [25] en-
codes LiDAR and 4D radar jointly into latent voxels for
diffusion and reconstruction, and Zhang et al. [26] propose
a diffusion-based framework that suppresses sidelobes and
generates LiDAR-like semantic point clouds through sparse
3D semantic networks.

Despite these advances, existing diffusion-based methods
commonly rely on LiDAR-anchored training assumptions
while being deployed under radar-only conditions at infer-
ence, leading to a sensor-physics mismatch that degrades
generalization. To overcome this limitation, we introduce
a vision-aided fusion module that conditions the denoising
process with synchronized camera–radar tokens to mitigate
this mismatch and enhance generalization.

III. METHODOLOGY

A. Overview

The proposed framework enhances a single mmWave radar
sweep under visual guidance, delivering a densified, low-
noise point cloud, as shown in Fig. 2. The pipeline projects
the 4D radar data into a BEV image, and a forward view
depth image, embedding them as radar tokens TB and TD.
The depth image tokens are fused with synchronised image
tokens through the Visual-Aided Fusion (VAF) module to
produce fused tokens T . TB and T are fed to the Cross-View
Fusion (CVF) module to produce the conditional stack Ct.
A conditional LDM then operates in the latent space, which
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Fig. 2. Overall system architecture. The raw radar sweep is rasterised into two orthogonal views. The BEV branch is patch-embedded into radar tokens,
while the depth branch forms query tokens that cross-attend to image features extracted by an image encoder. The fusion tokens are connected with BEV
tokens and refined by self-attention to form the conditional token stack Ct. The LiDAR tokens are merely input as supervision during training. At inference,
the diffusion model denoises iteratively conditioned on Ct without requiring LiDAR, and a task-specific point-cloud decoder maps the recovered latent to
a dense radar point cloud.

is decoded by a point-cloud decoder into a dense LiDAR-
like point cloud. Training relies solely on accumulated multi-
frame LiDAR as supervision, while the inference process
needs only radar and image inputs.

B. Tokenization and Condition Construction

Data Processing: Raw LiDAR scans are first de-grounded
using Patchwork++ [27] which combines adaptive ground
likelihood estimation with region-wise vertical plane fit-
ting. To mitigate sparsity, five consecutive radar sweeps are
motion-compensated and stacked using ground-truth poses.
Cross-modal calibration is then applied, the 4D radar points
are reprojected into the camera frame to obtain both an
image-aligned forward-view depth map and a BEV raster.
Let pR = [xr, yr, zr]

⊤ ∈ R3 denote a single radar point
expressed in the radar frame, pC = [xc, yc, zc]

⊤ ∈ R3

denote the same point expressed in the camera frame. It
is transformed to the camera frame by the radar-to-camera
extrinsics:

pC = RC
R pR + tCR. (1)

where pR ∈ R3 and pC ∈ R3 denote a single 3D point in
the radar and camera frames, respectively; RC

R ∈ SO(3) and
tCR ∈ R3 denote the rotation and translation from the radar
frame to the camera frame. The pixel coordinate (u, v) is
then obtained by homogeneous projection with the camera
intrinsics, and the corresponding depth is zc.

Independently, both LiDAR and stacked radar point clouds
are voxelized on the ground plane to form BEV raster images
Bl ∈ RHB×WB and Br ∈ RHB×WB , respectively, where the

spatial resolution HB ,WB determined by the in-plane voxel
size.

Tokenized: Given the LiDAR and Radar BEV images, a
shared Transformer encoder ψ reduces dimensionality and
extracts features:

F l
B = ψ(Bl) ∈ RH×W×C , F r

B = ψ(Br) ∈ RH×W×C . (2)

For the synchronised depth image D ∈ RHD×WD and the
RGB image I ∈ RHI×WI×3, their latent representations are
also extracted by the depth encoder ϕ and the image encoder
π:

FD = ϕ(D) ∈ RH×W×C , FI = π(I) ∈ RH×W×C . (3)

Visual-Aided Fusion: VAF performs asymmetric, geo-
metrically anchored image and depth fusion. Although the
field of view (FOV) of the image and depth map is the
same, radar depth maps have holes in the pixel grid due
to data sparsity, and the image is prone to failure under
lighting changes, reflections, or motion blur. To retain the
depth grid as a geometric anchor while selectively injecting
visual evidence, we use depth as a query to preserve its
geometric coordinates and use the image as a key-value
memory. Specifically, we first divide each feature into N
patches, then we flatten each patch into a vector of length L.
The concatenated vectors produce the depth and image token
matrices TD, TI ∈ RN×L. Cross-attention is then calculated
between them:

Q = TDWQ, K = TIWK , V = TIWV , (4)
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Fig. 3. The process of CVF. BEV features and fused depth features from
VAF are reshaped and concatenated into a joint token set, over which global
self-attention performs symmetric, bidirectional fusion. The fused tokens Ct

combine scene-level structure with fine boundaries and are used to condition
the diffusion model.

T = softmax
(

QKT
√
dk

+B
)
V, (5)

where WQ,WK ,WV are the weight matrices, B is the bias,
dk represents the dimensionality of the feature vector K, and
the output T is dimensionally consistent with the depth token
matrix TD. This asymmetric attention mechanism design
can be understood as kernel regression of the conditional
expectation of depth geometry given known image semantics.
Specifically, the depth features provide a fundamental geo-
metric prior, which is further integrated with image semantics
to estimate the spatial structure of the unknown part. The
cross-attention design constrains weights to within the valid
depth occupancy range, effectively supporting radar with
sparse or uniform depth distribution and avoiding the intro-
duction of invalid information when the image is perturbed.

Cross-View Fusion: CVF performs global feature fusion
between the radar BEV features and fused features output
by VAF. Since multi-view fusion requires symmetric bidi-
rectional coordination to enforce scene-level consistency, we
concatenate the output T from VAF with the BEV token TB
obtained from F r

B to form a new token set T ′ = [T ;TB ] ∈
R2N×L. Then self-attention is applied to the joint set:

Q = T ′WQ, K = T ′WK , V = T ′WV , (6)

Ct = softmax
(

QKT
√
dK

+B
)
V. (7)

CVF implements a cross-view information fusion scheme
through the attention mechanism, achieving non-local regu-
larization and cross-scale alignment in one step. The BEV
view propagates global structure to the forward view, while
the forward view feeds back the fine boundary and semantic
information fused in the previous step to the BEV informa-
tion. As shown in Fig. 3, the mutual information exchange
between the two views generates Ct for the diffusion net-
work, which serves as a condition for geometric consistency
and information completeness.

C. Denoising and Generation

We adopt latent-space diffusion with zt ∈ RH×W×C as
the diffusion variable. In the training stage, zt is obtained by
adding noise to extracted features from LiDAR BEV images:

zt =
√
αt zt−1 +

√
1− αt ϵ, ϵ ∼ N (0, I) (8)

z0 = F l
B , (9)

where αt is the stepwise adjusted variance parameter and I
represents the identity matrix. While in the inference stage,
we start from zt∼N (0, I). Given the fixed condition Ct ∈
R2N×L, each reverse step is a Gaussian posterior [28]:

pθ(zt−1 | zt, Ct) = N
(
zt−1; µθ(zt, t, Ct), β̃tI

)
, (10)

β̃t =
1− ᾱt−1

1− ᾱt
βt, βt = 1− αt, ᾱt =

∏t
s=1αs. (11)

Using the ε-parameterisation, the mean is

µθ(zt, t, Ct) =
1

√
αt

(
zt −

βt√
1− ᾱt

εθ(zt, t, Ct)
)
, (12)

where εθ is a single conditional noise predictor. We inte-
grate the probability–flow ODE with DPM-Solver++ [29]
under log-SNR stepping to deterministically obtain ẑ0 ∈
RH×W×C .

Decoder Architecture. The latent geometry decoder Dϕ

is implemented using a Transformer structure symmetric to
the BEV encoder. It receives the latent space features ẑ0
generated by the diffusion network, decodes it to a high-
resolution output, and finally parses it to obtain an enhanced
point cloud Pe.

D. Training Details

Training Protocol: We use a two-stage scheme fol-
lowed by short joint fine-tuning. First, a symmetric en-
coder–decoder is pre-trained on ground-truth point clouds
with a visibility-weighted reconstruction objective; the en-
coder is then frozen and used to compute latent codes
z0. Second, the conditional LDM is trained on these fixed
z0 while supervision in explicit space through the frozen
decoder. Finally, we unfreeze the decoder and perform a brief
joint fine-tuning with a smaller learning rate for the decoder.

Objective Function: We optimize a single objective that
couples the latent diffusion loss with explicit geometric
terms. In the diffusion domain we use the standard noise-
prediction loss [28]:

Ldiffusion = Et,z0,ε ∥ε− εθ(zt, t, Ct)∥22 . (13)

After decoding, we obtain the enhanced point cloud Pe and
use the LiDAR point cloud as ground-truth PGT. A Chamfer
Distance Loss in the explicit space is introduced:

LCD =
∑
p∈Pe

min
q∈PGT

∥p− q∥22 +
∑

q∈PGT

min
p∈Pe

∥q − p∥22. (14)

To capture higher-order geometric details, a perceptual
loss based on a frozen PointNet++ feature extractor Φ is
added:

Lp =
∥∥Φ(Pe

)
− Φ

(
PGT

)∥∥2
2
. (15)

Overall, the final objective is

Ltotal = Ldiffusion + λCD LCD + λp Lp. (16)

where λCD and λp are hyper-parameters.
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Fig. 4. Qualitative performance comparisons of radar enhancement on the VoD dataset. Compared to previous work, our method not only densifies
the point clouds but also recovers the geometric outlines of pedestrians and vehicles in the image view, thanks to the incorporation of visual aids, as
demonstrated by the magnified results in the small window.

IV. EXPERIMENT

A. Dataset

The View-of-Delft (VoD) dataset [30] contains 8600
frames of synchronized and calibrated 64-layer LiDAR,
camera, and 4D radar data collected in complex urban traffic,
and provides pose ground truth. Sequences 01, 02, 04, 08,
14, and 19 are allocated as the test set, with the remaining
sequences for training.

NTU4DRadLM [31] provides measurements from a
Livox Horizon LiDAR, a 640 × 480 monocular camera,
an Oculii G7 4D millimetre-wave radar and the ground-
truth of robot pose. Sequence Cp is allocated as the test set
and sequence Garden, and Nyl (recorded at approximately
3.6 kmh−1) for training.

B. Implementation Details

The conditional diffusion model and the joint fine-tuning
process are trained on eight Nvidia RTX A6000 GPUs, and
the visual-aid fusion network is trained on an Nvidia RTX
4090 GPU. The whole network is implemented on the Py-
torch 2.3.1 framework. The diffusion model requires 50 steps
to achieve the denoising results and is trained for 350k steps
with a learning rate of 1e-5. All input images are resized
to 640 × 320. All radar and LiDAR data superimposition
over 5 consecutive frames. During inference, the decoder
parameters ϕ remain fixed, all evaluations are performed in
the explicit point-cloud domain.

C. Evaluation Metrics

We benchmark our method against several methods on the
VoD dataset: the learning-based methods RadarHD [11] and

RPDNet [9], and recent diffusion-model-based methods by
Luan [19] and Zhang et al. [20].

For quantitative analysis, we employ the same metrics
as [20] for evaluation, specifically Chamfer distance (CD),
Hausdorff distance (HD), and F-Score [32]. Since [9], [11],
[20] can only process 2D radar, for a fair comparison, we
conduct 2D but not 3D evaluations for these methods and
our own method. In experiments, we remove the Z-axis
information from the radar point cloud.

D. Qualitative Analysis

The radar enhancement by different methods alongside
corresponding LiDAR collected from the same location are
visualized for comparison, as illustrated in Fig. 4. Compared
with the raw radar input, both variants of our method reduce
ghost returns and fill large BEV empty space, approaching
the single-frame LiDAR point cloud in contour complete-
ness. Compared with [19], our radar-only variant yields fewer
outliers and better edge continuity, while the variant with
visual fusion further improves structural fidelity and point-
cloud precision in cluttered regions. The increased structural
density leads to cleaner reconstructions and more accurate
geometry around vegetation and specular facades, and even
recovers complete geometric contours of objects that are only
partially visible in LiDAR (e.g., pedestrians and vehicles), as
highlighted in the magnified windows.

E. Quantitative Comparison and Enhanced Results

a) Analysis in 2D Metirc: As shown in Tab. I, the
proposed radar–camera method achieves the best perfor-
mance on Chamfer Distance (CD), Hausdorff Distance (HD),
and F-Score across all VoD sequences. Compared with the
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TABLE I
2D QUANTITATIVE COMPARISONS ON THE VOD DATASET.

01 02 04 08 14 19

CD ↓ HD ↓ F-Score ↑ CD ↓ HD ↓ F-Score ↑ CD ↓ HD ↓ F-Score ↑ CD ↓ HD ↓ F-Score ↑ CD ↓ HD ↓ F-Score ↑ CD ↓ HD ↓ F-Score ↑

Original 1.623 8.903 0.273 1.654 9.198 0.262 1.568 8.804 0.279 1.603 9.097 0.272 1.592 8.703 0.293 1.632 9.004 0.268

RPDNet [9] 1.983 10.804 0.169 2.012 10.903 0.158 1.922 10.402 0.189 1.957 10.703 0.179 1.902 10.103 0.201 1.993 10.597 0.178

Zhang [20] 1.283 7.603 0.332 1.227 7.402 0.352 1.213 7.198 0.361 1.257 7.597 0.341 1.242 7.298 0.358 1.272 7.502 0.351

RadarHD [11] 1.692 9.402 0.251 1.714 9.503 0.241 1.642 9.102 0.258 1.682 9.297 0.252 1.662 8.903 0.268 1.703 9.398 0.249

Luan et al. [19] 1.021 6.103 0.412 1.063 6.002 0.398 1.002 6.297 0.423 0.983 5.997 0.438 1.029 6.198 0.432 1.038 6.102 0.419

Ours (Radar-only) 1.041 5.903 0.421 1.028 5.802 0.409 1.013 6.098 0.432 1.002 5.698 0.448 1.043 5.998 0.441 1.048 5.902 0.438

Ours (Radar-camera) 0.861 5.102 0.502 0.852 5.003 0.509 0.843 5.198 0.522 0.832 4.902 0.548 0.853 5.098 0.531 0.858 5.001 0.539

TABLE II
3D QUANTITATIVE COMPARISONS ON THE CP SEQUENCE.

Methods CD ↓ HD ↓ F-Score ↑

Original 1.744 7.260 0.267
Luan et al. [19] 1.334 5.585 0.314
Ours (Radar-only) 1.179 4.717 0.399
Ours 0.329 2.027 0.598

second-best baseline, it improves CD↓ by at least 15.4%,
HD↓ by at least 13.6%, and F-Score↑ by at least 19.2%.
Incorporating visual information into radar enhancement
further yields at least 16.8% CD↓, 13.6% HD↓, and 19.2% F-
Score↑, demonstrating that cross-modal fusion is critical for
suppressing clutter and reconstructing occluded structures.
These results confirm the necessity of the two-stage design,
where denoising provides a clean prior and vision-guided
densification enforces structural consistency.

b) Analysis in 3D Metirc: As shown in Tab II, our
method outperforms the second-best baseline by at least
24.4% in CD↓, 24.2% in HD↓, and 90.5% in F-Score↑ in the
CP sequence of NTU4DRadLM. Unlike the 2D case where
the improvements are dominated by distance-based metrics,
the most significant gain in 3D lies in F-Score, reflecting
a +90.5% increase compared with only +19.2% in 2D.
This highlights that volumetric completion along the z axis,
enabled by orthogonal-view feature extraction and attention
alignment, contributes substantially more than the planar
BEV-based methods to establishing correct correspondences.

F. Evaluation of Visual Occlusion

To verify the robustness of our method in extreme environ-
ments, we evaluate it on the NTU4DRadLM-CP-Smoke se-
quence [31] with smoke interference and the same trajectory
NTU4DRadLM-CP sequence without smoke interference. As
shown in Fig. 1e, in a smoky environment, the LiDAR
can only detect minimal noise, and the camera is also
obscured by smoke, whereas our method remains effective
even during the sudden appearance and dissipation of smoke
in normal environments, as shown in Fig. 1f. In smoky
areas where visual input is highly unreliable, our point cloud
enhancement methods degenerate to reasoning based solely
on the mmWave radar point cloud. The robust enhancement
performance highlights the adaptive fusion capability of our

Fig. 5. The effects of the restricted visual inputs on the proposed method
are shown in CDF curves. Proximity to the vertical axis indicates more
favorable enhancement results.

VAF module based on the quality of the visual images.
To quantify the effectiveness of cross-modal densification

under restricted visual input, we divide the image of the
NTU4DRadLM-CP sequence into 32 even blocks and ran-
domly mask some blocks before conducting the tests. Fig.
5 shows that the densification effect remains stable when
not all image blocks are obscured. The radar-only variant,
corresponding to masking all 32 blocks, records CD 1.179 (as
shown in Tab. II). When one quarter of the image is masked
(8 of 32 blocks), CD reaches 0.856, reducing CD by 27.4%
relative to the radar-only variant, showing the robustness of
radar enhancement under restricted visual evidence.

G. Qualitative Analysis on Downstream Tasks

Intuitively, geometrically reliable radar point clouds can
open new paradigms for downstream tasks. To validate it, we
integrate the proposed method into the latest publicly avail-
able LiDAR-vision SLAM baseline LiV-GS [33] that adopts
a 3D Gaussian Splatting (3DGS) map representation. To
the best of the authors’ knowledge, no scene–reconstruction
system currently couples radar measurements with 3DGS
because raw 4D mmWave radar measurements have angular
resolution orders of magnitude coarser and stronger noises
than LiDAR, preventing the generation of stable Gaussian
ellipsoids. This is why LiV-GS with raw radar (and vision)
input fails to complete the entire trajectory, as shown in
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Fig. 6. Downstream validation of our radar enhancement method. Top
and bottom: rendering results at the positions indicated by the red squares
along the trajectory. Middle: odometries of LiV-GS with raw radar and with
enhanced radar. The LiV-GS input with radar point clouds enhanced by our
methods yields comparable localization accuracy and novel view synthesis
fidelity to that using LiDAR and vision.

(a) Enhanced radar data depth (b) LiDAR data depth

Fig. 7. Failure-case analysis. (a) The enhanced radar point cloud projected
onto the image plane. (b) The corresponding depth projection of LiDAR
data.

Fig. 6. On the contrary, LiV-GS with enhanced radar by our
method (and vision) not only completes accurate odometry
along the entire trajectory, but also supplies the missing
geometric prior required for renderable mapping.

H. Limitation

In experiments, we encountered a failure case happening
in the CP sequence in the NTU4DRadLM dataset [31].
This is because millimetre-wave radar echoes can penetrate
transparent surfaces such as glass curtain walls and return
points from objects behind the glass. By contrast, LiDAR,
which serves as the supervisory signal for data enhancement,
lacks this capability. As shown in Fig. 7, this mismatch in
the sensing model results in an erroneous dense point cloud
distribution.

V. CONCLUSION

In this work, we propose a conditional diffusion model that
leverages synchronized 4D radar sweeps and RGB images
for radar data enhancement. The method projects radar point

clouds into orthogonal views, fusing the depth view with
synchronized images while encoding the BEV representation
independently. The diffusion model is then conditioned on
the fused visual–depth features and the BEV tokens to gener-
ate dense, geometrically continuous point clouds. Extensive
experiments confirm that our method not only densifies the
radar point clouds but also recover the vertical structure with
distinct visual features, even in areas only partially visible
in LiDAR. Furthermore, the augmented point clouds enable
successful renderable reconstruction, which is infeasible with
raw radar data, highlighting the advantage introduced by
multimodal data fusion in our method. In future work, we
plan to integrate physical models of heterogeneous sensors
into the framework, aiming to build unified cross-modal
enhancement representations that mitigate the sensing-model
mismatch observed in challenging cases.
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