
HVA-Fusion: Hierarchical Velocity-Aware 4D
Radar-LiDAR Fusion for Robust 3D Object

Detection

Jingxian Wu1,3 , Lu Wang1 ⋆, Lisheng Xu1, and Jun Cheng2

1 Northeastern University, Shenyang, China
2 Chinese Academy of Sciences, Shenzhen, China

3 Carizon, Beijing, China
wujx6@mails.neu.edu.cn, wanglu@mail.neu.edu.cn, xuls@bmie.neu.edu.cn,

jun.cheng@siat.ac.cn

Abstract. 3D object detection is a core task in autonomous driving per-
ception, with mainstream methods primarily based on LiDAR. However,
its robustness deteriorates significantly in adverse weather conditions.
While 4D radar offers all-weather robustness and unique Doppler veloc-
ity, it is hindered by its inherent sparsity and noise interference. There-
fore, fusing LiDAR and 4D radar is highly promising. However, due to the
significant differences in semantics and density between the data of these
two modalities, single feature space fusion cannot fully leverage the ad-
vantages of each modality and the complementarity between modalities.
To address this, we propose a two-stage fusion detection framework—
HVA-Fusion. Specifically, motion velocity is first estimated through a
Motion Velocity Estimation and Encoding module to enhance dynamic
perception. Then, in the pillar feature space, a Cross-Modal Progres-
sive Adaptation module is introduced for local feature alignment and
fusion (Stage-I fusion) to enrich representations and mitigate semantic
differences between modalities. After that, to alleviate the sparsity of
4D radar point cloud, a Radar Cross-Section (RCS) Guided Gaussian
Generation module is developed to densify the feature representations.
Subsequently, in the Bird’s Eye View (BEV) space, the enhanced multi-
modal features are adaptively fused through a Multi-Scale Bi-Directional
Deformable Attention Gate module (Stage-II fusion) to address feature
misalignment and sensor degradation caused by adverse weather. Exten-
sive experiments demonstrate that HVA-Fusion achieves highly compet-
itive performance across the K-Radar, VoD, and TJ4DRadSet datasets,
while exhibiting robustness in adverse weather conditions.
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1 Introduction

3D object detection is a fundamental task in perception systems for autonomous
driving [6] and robotic navigation [12]. It aims to accurately localize and recog-
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nize traffic participants and represent them with 3D bounding boxes parameter-
ized by position, size, and category [2, 11, 26, 27]. To build effective and robust
perception systems, camera, LiDAR, and 4D radar have been widely adopted for
3D object detection. Although camera provides rich semantic information [1,23],
their performance is limited by unreliable depth perception, sensitivity to light-
ing conditions, and severe occlusions [16]. In contrast, LiDAR has become the
mainstream modality [10, 43, 44], as it provides dense 3D point clouds that pre-
cisely capture geometric structures while being largely insensitive to ambient
illumination. However, due to its relatively short operating wavelength, LiDAR
suffers from limited sensing range and substantial performance degradation un-
der adverse weather conditions [15, 17]. Compared with LiDAR, 4D radar can
provide 3D coordinates, valuable Doppler velocity, and RCS at relatively low
cost [30]. Moreover, owing to its operating wavelength being much larger than
atmospheric particles, 4D radar demonstrates superior robustness under adverse
weather conditions [4, 13, 21]. Nevertheless, hardware limitations lead to coarse
angular resolution, resulting in sparse and noisy point clouds.

LiDAR provides precise geometric structures but degrades under adverse
weather. In contrast, although 4D radar produces sparse point clouds, it re-
mains robust in complex environments and additionally offers Doppler velocity
and RCS. Motivated by their complementarity, many works explore LiDAR–4D
radar fusion for 3D object detection. InterFusion [42], M2Fusion [41], and 3D-
LRF [7] demonstrate advantages over single-modality methods, while RadarPil-
lars [28] and MutualForce [31] further incorporate Doppler information to en-
hance dynamic perception. Nevertheless, limitations persist. First, existing meth-
ods [28,31] only apply rudimentary transformations (e.g., magnitude or squaring)
to raw radial velocities as auxiliary features, failing to explicitly model the true
motion state of objects. Second, the intrinsic discrepancies between LiDAR and
4D radar data pose significant challenges. While LiDAR provides dense, precise
point clouds, 4D radar outputs sparse data enriched with Doppler velocity and
RCS. Although existing methods [18, 38] attempt early-stage fusion to mitigate
these gaps, they rely on precise spatial alignment and fail to fully model the com-
plementary relationships in geometry, physics, and semantics. Third, the inherent
sparsity of 4D radar hinders cross-modal fusion. While some approaches [34,40]
aggregate temporal frames to increase density, this often introduces feature mis-
alignment in dynamic scenarios. Fourth, maintaining multi-modal consistency in
complex environments is difficult due to noise and sensor degradation. Current
methods [7, 31, 41, 42] typically rely on simple concatenation in the BEV space,
lacking robust dynamic alignment and effective complementary fusion.

To address these challenges, we propose Hierarchical Velocity-Aware (HVA)-
Fusion, a novel two-stage multi-modal 3D object detection framework. By lever-
aging hierarchical cross-modal interactions, HVA-Fusion synergizes high-precision
LiDAR geometry with 4D radar’s motion sensing to achieve robust detection.
Specifically, the Motion Velocity Estimation and Encoding (MVEE) module first
predicts point-wise motion directions to estimate true velocities, which are then
encoded as point features. Subsequently, the Cross-Modal Progressive Adapta-
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tion (CPA) module aligns and propagates multi-modal features at the pillar level
to enrich representations and construct semantic associations via local fusion. In
the BEV stage, the RCS-Guided Gaussian Generation (RGG) module leverages
RCS and range priors to construct dense radar representations, effectively alle-
viating sparsity. Building upon this, the Multi-Scale Bi-Directional Deformable
Attention Gate (MS-BDDG) achieves dynamic alignment and robust global fea-
ture fusion. In summary, our main contributions are as follows:

– We introduce a two-stage multi-modal fusion framework that performs lo-
cal feature alignment and propagation in pillar space, followed by global
interaction in BEV space to achieve deep, robust complementary fusion.

– We design the MVEE module, which enhances dynamic perception by esti-
mating true motion velocities via motion direction prediction and suppresses
radar noise through foreground probability filtering.

– We propose the RGG module, which incorporates RCS and range priors to
construct dense radar features, effectively mitigating the negative impact of
4D radar sparsity on multi-modal fusion.

– We conduct extensive evaluations on the K-Radar [29], VoD [30], and TJ4D-
RadSet [58] datasets, demonstrating effectiveness and robustness of HVA-
Fusion across diverse and adverse weather conditions.

2 Related Work

Single-Modal 3D Object Detection. LiDAR-based 3D object detection is the
predominant approach, categorized into point-based [39, 51, 54], voxel-based [8,
20,22], and point-voxel [19,36,37] methods according to their encoding strategies.
However, LiDAR performance degrades significantly under adverse weather. In
contrast, 4D radar is nearly weather-invariant and provides additional Doppler
velocity and RCS, exhibiting superior robustness. Recent studies have exten-
sively explored 4D radar for 3D detection. RadarPillars [28] decomposes radial
velocity and introduces a sparse-adaptive PillarAttention mechanism. SMURF [25]
leverages kernel density estimation and Gaussian mixture features to mitigate
sparsity and noise. MVFAN [49] jointly models geometric and dynamic features
in BEV using RCS and Doppler, while MUFASA [32] complements local geom-
etry with global multi-view context. Furthermore, MAFF-Net [5] utilizes sparse
and velocity-clustered cross-attention for denoising. In summary, LiDAR-based
methods lack robustness in inclement weather, and while existing 4D radar re-
search improves feature representation through Doppler and RCS, these ap-
proaches remain constrained by the inherent limits of a single modality.

Multi-Modal 3D Object Detection. To overcome single-sensor limita-
tions, researchers have shifted toward LiDAR-4D radar fusion, which can be
categorized into two paradigms. Voxel-space fusion methods focus on local in-
teractions. InterFusion [42] first utilized self-attention to adaptively fuse pillar
features. To address its noise sensitivity, M2Fusion [41] introduced Gaussian pre-
processing and multi-scale fusion, while 3D-LRF [7] extended this to the image
with a weather-gating mechanism. Despite enhancing local interactions, these
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Fig. 1: Overview of the HVA-Fusion framework. First, the MVEE module estimates
and encodes the true motion velocity to capture discriminative dynamic representa-
tions. Following individual pillar-based encoding for both LiDAR and radar, the CPA
module performs local multi-modal integration at the pillar-level. Subsequently, the
RGG module is introduced to construct dense radar features, based on which MS-
BDDG performs robust and effective global complementary fusion within the BEV
space.

methods often rely on simple concatenation in the BEV space, lacking global
dynamic awareness and robust integration. BEV-space fusion methods focus
on weighted global semantic integration after generating high-quality BEV fea-
tures. LiRaFusion [38] blends multi-modal points and employs a gating network
for adaptive BEV fusion, while L4DR [18] enhances this via cross-modal en-
coding interactions. RLNet [47] introduces spatial adaptive weights and velocity
compensation. MoRAL [34] proposes motion-attention gate to focus on dynamic
targets. Furthermore, MutualForce [31] utilizes Doppler and RCS to guide geo-
metric extraction, mitigating density discrepancies via a shape-aware network.
However, current research remains constrained by two primary limitations. First,
the utilization of Doppler is predominantly restricted to radial velocities, lacking
deep modeling of the object’s true motion state. Second, these methods depend
on precise modality alignment but lack local interaction mechanisms; conse-
quently, the model cannot adaptively rectify small-scale spatial offsets, leading
to semantic ambiguity in fused features and degraded detection performance.
To address these challenges, we propose to recover true motion velocities by
predicting point-wise motion directions, thereby fully exploiting 4D radar’s in-
herent dynamic sensing potential. Furthermore, we leverage RCS to adaptively
densify radar features. Specifically, we introduce a two-stage fusion framework
that performs local feature propagation at the pillar level and dynamic global
alignment in BEV space, achieving deep and robust complementary fusion.

3 Method

3.1 Network Framework

To achieve effective and robust multi-modal integration, we propose a two-stage
fusion framework—HVA-Fusion. As shown in Fig. 1, HVA-Fusion integrates Li-
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Fig. 2: Relationship between absolute radial velocity and true motion velocity.

DAR and 4D radar point clouds comprehensively through a two-stage fusion pro-
cess. In particular, the Motion Velocity Estimation and Encoding (MVEE) mod-
ule first predicts point-wise motion directions to recover true velocities, which are
then incorporated into point features to obtain more discriminative dynamic fea-
tures. Then, at the pillar level, the Cross-Modal Progressive Adaptation (CPA)
module performs multi-modal feature alignment, enhances representations via
co-located feature propagation, and utilizes a density-aware cross-modal neigh-
borhood attention mechanism for local fusion, establishing more effective multi-
modal semantic correlations. To mitigate the inherent sparsity of 4D radar data,
the RCS-Guided Gaussian Generation (RGG) module leverages RCS and range
priors to construct dense radar features. After that, in the BEV space, the Multi-
Scale Bi-Directional Deformable Attention Gate (MS-BDDG) employs a three-
layer hierarchical structure with multi-head deformable cross-attention to dy-
namically establish multi-modal correlations, alleviating the semantic ambiguity
caused by feature misalignment. Furthermore, a gating network is integrated to
achieve robust complementary fusion, upon which the detection head performs
the final category prediction and 3D bounding box regression.

3.2 Motion Velocity Estimation and Encoding (MVEE)

As shown in Fig. 2, raw 4D radar point clouds contain both the relative radial
velocity vr and the ego-compensated absolute radial velocity va, which represent
the radial component of the true motion velocity vreal along the line-of-sight β
and vary with the orientation angle between the point and the sensor. However,
va cannot reflect the actual motion state of the object because the true motion
direction α is unknown. When the deviation between α and β is significant, va
becomes much smaller than vreal. For instance, a pedestrian moving laterally
yields a negligible va component along β, making them indistinguishable from
the background. While existing methods [28, 31] utilize va as auxiliary features
via magnitude or decomposition, they remain insufficient to characterize the
authentic motion state. To address this, we propose MVEE to estimate vreal
by means of predicting α, thereby obtaining more accurate and discriminative
velocity information and fully unleashing the dynamic sensing potential of 4D
radar.
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Fig. 3: The Structure of Cross-Modal Progressive Adaptation (CPA) module.

Given a 4D radar point cloud P r ∈ RN×7, each point consists of features
[x, y, z,Ω, vr, va, T ], where Ω is the RCS, and T is the timestamp. First, we em-
ploy the PointNet++ [35] with a direction prediction head to estimate α (defined
as the angle between the true motion velocity vector and the positive x-axis).
During training, the orientation label αheading of the corresponding bounding
box serves as supervision. The direction prediction loss Ldir is defined as:

Ldir =
1

N

N∑
i=1

(1− cos(α− αheading)), (1)

where N is the total number of positive samples. The radial direction is defined
as β = arctan(y/x). Consequently, the deviation angle between the motion and
radial directions is θ = α− β. The estimated true motion velocity vpred is then
computed as follows:

vpred =

{
va

cos θ , if | cos θ| > 10−1

va, otherwise
(2)

which is integrated as an additional feature to enrich the point representation.
Experimental results (see Tab. 2) demonstrate that vpred boosts performance,
particularly for pedestrian and cyclist. This stems from the discriminative dy-
namic information provided by the true velocity. In particular, while dynamic
objects exhibit stable velocity distributions, static objects or background noise
show near-zero or stochastic patterns. Such velocity discrepancies empower the
model to distinguish small dynamic objects from complex backgrounds.

To reduce radar clutter noise, we introduce a denoising operation that em-
ploys a PointNet++ [35] with a segmentation head to predict foreground prob-
ability for each 4D radar point. Points below a pre-defined confidence threshold
are removed, yielding a refined point cloud that facilitates effective feature ex-
traction and fusion for 3D object detection.

3.3 Cross-Modal Progressive Adaptation (CPA)

LiDAR and 4D radar exhibit fundamental discrepancies in data characteristics:
LiDAR provides dense, precise geometric structures, whereas 4D radar yields
sparse point clouds with Doppler velocity and RCS. Although widely employed
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fusion strategies during encoding [18, 38] can partially narrow the representa-
tional discrepancy, they rely heavily on precise spatial alignment and fail to
fully capture the complementary relationships across geometry, physics, and se-
mantics. To address this, we propose the CPA module, as illustrated in Fig. 3.
Instead of static feature aggregation, CPA dynamically calibrates the sampling
size of cross-modal neighborhood search by perceiving the local distribution den-
sity of radar features. Within the pillar level, this localized adaptive mechanism
performs cross-modal fusion and enriches feature representations based on radar
distribution characteristics, thereby providing a high-quality foundation for sub-
sequent global BEV-level fusion.

We first construct pillar encoding features for LiDAR and 4D radar as hl =
[pl,dl,ol, λ] and hr = [pr,dr,or,V , Ω], where pl(pr) denotes the 3D coordi-
nates of LiDAR (4D radar) points, dl(dr) denotes the arithmetic mean distance
from a LiDAR (4D radar) point to all other LiDAR (4D radar) points within its
corresponding pillar, ol(or) denotes the offset of a LiDAR (4D radar) point rel-
ative to its pillar center, λ is the LiDAR intensity, and V = [vr, vax , vay , vpred],
where vax(vay ) is the x-axis(y-axis) component of va. Then Multi-Modal En-
coder (MME) [18] is employed for cross-modal feature propagation within the
same pillar coordinates, yielding enriched features ĥ

l
= [pl,dl,dl→r,ol, λ, V̄ , Ω̄]

and ĥ
r
= [pr,dr→l,dr,or, λ̄,V , Ω], where dl→r (dr→l) is the arithmetic mean

distance from a LiDAR (4D radar) point to all 4D radar (LiDAR) points within
the same pillar, and the overline denotes the average of all point features from
the other modality within the same pillar. ĥ

l
and ĥ

r
are further processed

via linear layers and max-pooling to obtain pillar features f l and fr. While
MME’s early-stage bidirectional fusion enriches representation, it relies heavily
on precise spatial alignment. To mitigate performance degradation caused by
spatial misalignments and establish effective semantic connections, we propose
a cross-modal neighborhood adaptive fusion strategy within CPA. Specifically,
for each LiDAR pillar feature f l

i , we estimate the local density of radar pillar
features within a radius rl around its spatial location. The estimated density
dynamically determines the sampling size kl for adaptive k-nearest neighbor
(k-NN) search, yielding a radar neighborhood N r

i for f l
i . Cross-modal atten-

tion is then performed by taking f l
i as the query and the neighboring radar

features {fr
j | j ∈ N r

i } as keys and values. The resulting attention weights are
applied to these neighboring radar features to generate the enhanced LiDAR fea-
ture f̂ l

i . Through this attention-weighting mechanism, LiDAR features in regions
with dense radar support receive stronger responses, effectively indicating higher
foreground confidence. Conversely, features in sparse regions receive constrained
enhancement. This adaptive strategy bridges the semantic gap between LiDAR
and 4D radar and establishes more effective cross-modal semantic associations.

3.4 RCS-Guided Gaussian Generation (RGG)

The inherent density discrepancy between sparse 4D radar points and dense Li-
DAR points often leads to LiDAR features dominating the fusion, causing radar
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Fig. 4: The Structure of RGG module.

to be suppressed as noise. While temporal accumulation [34,40] mitigates spar-
sity, it introduces potential motion misalignment. To address this, we propose
the RGG module. Leveraging the positive correlation between an object’s phys-
ical size and its RCS [24], RGG generates features via an adaptive Gaussian
distribution.

For each non-empty radar feature fr, RGG constructs the Gaussian dis-
tribution Gi(x, y) = exp(−((x − xi)

2 + (y − yi)
2)/2σ2

i ), where (xi, yi) are the
coordinates of fr, σi is the scale coefficient which is conditioned on its RCS
and range attributes, as shown in Fig. 4. Positions with weights below δ = 0.1
are filtered. Specifically, we first derive a physically-constrained baseline dif-
fusion scale σbase

i = σmin + (σmax − σmin) · Sigmoid (κ(RCSi − µ)) based on
the RCS, where κ controls the slope of the Sigmoid function, and µ repre-
sents the mean offset of the RCS. The hyperparameters σmin and σmax de-
fine the lower and upper bounds of the scale control coefficients, respectively.
This mapping ensures that σi varies monotonically with the RCS, thereby main-
taining physical plausibility. To compensate for the limitations of the physical
prior in complex scenarios, we introduce a learnable refinement term σlearn

i =
σmin+(σmax−σmin)·MLP(Sigmoid(RCSi)), where the MLP takes the Sigmoid-
normalized RCS as input to adaptively refine the diffusion scale. Consider-
ing the range-dependent sparsity of 4D radar in the BEV space, we define a
linear modulation factor based on the Euclidean distance di relative to the
sensor origin, where di is normalized to [0, 1]. The final diffusion scale σi =
clip

(
di · (γσbase

i + (1− γ)σlearn
i ), σmin, σmax

)
is obtained by a weighted fusion

of σbase
i and σlearn

i , where clip(·) is the truncation operator that constrains σi

within the interval [σmin, σmax]. This mechanism ensures localized precision for
near-range objects while expanding the diffusion scale for far-range or high-RCS
targets to alleviate sparsity. The generated feature fg is obtained via Gaussian-
weighted averaging as follows:

fg =

∑
i∈P wi · fr

i∑
i∈P wi

, (3)

where P is the set of radar pillars covering the current location and wi is the
Gaussian weight. Finally, fg is refined by a lightweight MLP and projected
into the BEV space, yielding the densified 4D radar BEV feature F r. The RGG
module effectively densifies 4D radar features and mitigates the inherent sparsity
of radar point clouds. This leads to substantial performance gains, particularly
for long-range object detection.
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Fig. 5: The Structure of MS-BDDG module.

3.5 Multi-Scale Bi-Directional Deformable Attention Gate
(MS-BDDG)

Despite the natural complementarity between LiDAR and 4D radar, achieving
strict alignment in the BEV space remains challenging due to inaccurate cali-
bration and inherent azimuthal noise in radar measurements. Such misalignment
hinders effective cross-modal interaction and limits the performance ceiling of
fusion frameworks. To address this, we propose the MS-BDDG module, which
achieves dynamic alignment and robust fusion through multi-scale bidirectional
interactions with learnable spatial offsets and gated weights.

As illustrated in Fig. 5, we construct a three-layer multi-scale framework to
progressively implement cross-modal interactions: shallower layers prioritize ge-
ometric complementarity, while deeper layers enforce semantic consistency. The
bidirectional design prevents modal dominance, ensuring balanced multi-modal
representations. Within each layer, deformable cross-attention [59] is introduced
to dynamically establish correspondences. For LiDAR BEV features F l and 4D
radar BEV features F r, we first employ learnable position embeddings and de-
coupled content-position encoding to enhance representation. Transforming F l

into the query sequence f l
q with reference points plq, and F r as keys and values,

the deformable attention for layer D ∈ {1, 2, 3} is formulated as follows:

DeformAttn(f l
q, p

l
q, F

r
D) =

H∑
h=1

Wh

[
K∑

k=1

Ahqk ·W ′
hF

r
D(plq +∆phqk)

]
, (4)

where H and K is the number of heads and sampling points, and ∆phqk is the
sampling offset. Subsequently, we exchange the roles of the modalities to perform
the bidirectional cross-modal interaction:{

F l
D = DeformAttn(f l

q, p
l
q, F

r
D) + F l

D

F r
D = DeformAttn(fr

q , p
r
q, F

l
D) + F r

D.
(5)

Recognizing that LiDAR degrades in adverse weather and 4D radar suffers
from multipath reflections, multi-modal fusion may yield negative effects. In-
spired by LiRaFusion [38], we introduce a Modal Adaptive Gating mechanism.
Specifically, independent convolutional blocks extract features from F l, F r, and
the fusion feature F f in each layer before entering the gating network. Within
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the gating network, gating weights wm are obtained as follows:

wm = Sigmoid(block(F f
D)), m ∈ {l, r}, (6)

where block is the 3× 3 convolution. These weights adaptively modulate F l and
F r via element-wise multiplication:

Fm
D = Fm

D · wm, m ∈ {l, r} (7)

suppressing noise from low-quality modalities while highlighting complementary
information. Finally, the features from all scales are concatenated.

3.6 Loss Function and Training Strategy

We trained our HVA-Fusion with the following losses:

Lall = βclsLcls + βlocLloc + βmaskLmask + βdirLdir, (8)

where βcls = 1.0, βloc = 2.0, βmask = 2.0, βdir = 1.1. As with L4DR [18], we
adopt Focal Loss for object classification and foreground point classification,
Smooth L1 Loss for object location regression and Ldir in Eq. (1).

Random Modal Dropout. To enhance the model’s robustness against sen-
sor failure or data absence, we introduce a Random Modal Dropout strategy dur-
ing the training phase. Specifically, a random variable p1 ∼ U(0, 1) is sampled;
if p1 ≤ Pdrop, a second variable p2 ∼ U(0, 1) determines the dropout modality. If
p2 > Plidar_thres, the 4D radar BEV feature F r is zeroed out; otherwise, the Li-
DAR BEV feature F l is discarded. Simulating single-modality failures promotes
robust feature learning and improves generalization across diverse scenarios.

4 Experiments

4.1 Implement Details

We implement HVA-Fusion with L4DR [18] and conduct experiments on 2
NVIDIA H20 GPUs. We set κ as 0.5, µ = 0, γ = 0.9, σmin = 0.3, σmax = 1.2,
H ∈ {8, 4, 4},K ∈ {8, 4, 4}, and Pdrop = Plidar_thres = 0.2. We use Adam
optimizer with lr = 1e-3, β1 = 0.9, β2 = 0.999.

4.2 Dataset and Evaluation Metrics

K-Radar dataset. The K-Radar dataset [29] contains 35K frames from 58
sequences collected under diverse weather conditions (e.g., overcast, fog, and
heavy snow). The data is partitioned into 17,458 training and 17,536 testing
frames. We report AP3D and APBEV for the class "Sedan” at IoU = 0.5.

View-of-Delft (VoD) dataset. The VoD dataset [30] contains 8,693 frames,
with 5,139 frames for training and 1,296 for validation. Evaluation follows offi-
cial metrics across two regions: 1) Entire Area (camera FoV up to 50 meters)
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Table 1: Experimental Results on the K-Radar dataset. For each method, the sensor
modalities (L: LiDAR, R: 4D radar) and detailed performance (in %) are reported.
Best in bold, second in underline.

Methods Modality Metrics Total Normal Overcast Fog Rain Sleet Lightsnow Heavysnow

RTNH [29] R APBEV 41.1 41.0 44.6 45.4 32.9 50.6 81.5 56.3
AP3D 37.4 37.6 42.0 41.2 29.2 49.1 63.9 43.1

PointPillars [22] L APBEV 49.1 48.2 53.0 45.4 44.2 45.9 74.5 53.8
AP3D 22.4 21.8 28.0 28.2 27.2 22.6 23.2 12.9

RTNH [29] L APBEV 66.3 65.4 87.4 83.8 73.7 48.8 78.5 48.1
AP3D 37.8 39.8 46.3 59.8 28.2 31.4 50.7 24.6

InterFusion [42] L+R APBEV 52.9 50.0 59.0 80.3 50.0 22.7 72.2 53.3
AP3D 17.5 15.3 20.5 47.6 12.9 9.33 56.8 25.7

3D-LRF [7] L+R APBEV 73.6 72.3 88.4 86.6 76.6 47.5 79.6 64.1
AP3D 45.2 45.3 55.8 51.8 38.3 23.4 60.2 36.9

L4DR [18] L+R APBEV 77.5 76.8 88.6 89.7 78.2 59.3 80.9 53.8
AP3D 53.5 53.0 64.1 73.2 53.8 46.2 52.4 37.0

HVA-Fusion(Ours) L+R APBEV 78.2 76.7 89.9 90.7 80.6 64.1 87.5 60.8
AP3D 65.7 63.8 87.7 79.7 65.5 60.7 77.1 57.7

and 2) Driving Area ([−4m < x < +4m, z < +25m]). IoU are set to 0.5, 0.25,
and 0.25 for car, pedestrian, and cyclist, respectively. Additionally, we evaluate
on VoD-Fog [18], which simulates fog effects [15] on LiDAR points (fog level
L = [0, 1, 2, 3, 4], fog density D = [0.00, 0.03, 0.06, 0.10, 0.20]) while keeping 4D
radar intact. The KITTI official metrics are used to analyze the performance of
objects with different difficulties.

TJ4DRadSet. The TJ4DRadSet [58] provides 7,757 high-quality annotated
frames (5,717 for training, 2,040 for testing). Performance is measured by AP3D
and APBEV, with IoU of 0.5 for car and truck, 0.25 for pedestrian and cyclist.

4.3 Experimental Results

Results on K-Radar Adverse Weather Dataset. Tab. 1 summarizes the
results on the K-Radar dataset. By effectively synergizing fine-grained geomet-
ric structures from LiDAR with Doppler velocity information from 4D radar,
our multi-modal approach consistently outperforms single-modality methods,
especially in adverse weather conditions. Instead of relying on naive fusion, our
method incorporates motion-aware priors to enhance feature representations.
Furthermore, our two-stage fusion framework bridges the density and semantic
gaps at both the pillar and BEV levels. This hierarchical alignment facilitates
robust complementary fusion, achieving superior performance across diverse en-
vironmental conditions.

Results on VoD Dataset. As shown in Tab. 2, HVA-Fusion establishes
a new state-of-the-art (SOTA) on the Entire Area subset with 75.51% mAP.
Notably, it excels in pedestrian (72.46% AP) and cyclist (83.96% AP) detection.
This performance stems from: 1) the MVEE module, which provides discrimi-
native dynamic semantic features by estimating true motion states; 2) the CPA
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Table 2: Experimental Results on the VoD dataset.

Methods Modality Entire Area AP Driving Area AP

Car Ped. Cyc. mAP Car Ped. Cyc. mAP

MVFAN [49] R 38.12 30.96 66.17 45.08 71.45 40.21 86.63 66.10
SMURF [25] R 42.31 39.09 71.50 50.97 71.74 50.54 86.87 69.72
MUFASA [32] R 43.10 38.97 68.65 50.24 72.50 50.28 88.51 70.43

RadarPillars [28] R 41.10 38.60 72.60 50.70 71.10 52.30 87.90 70.50
SCKD [48] R 41.89 43.51 70.83 52.08 77.54 51.06 86.89 71.80

UniBEVFusion [55] C+R 42.22 47.11 72.94 54.09 72.10 57.71 93.29 74.37
Doracamom-S [57] C+R 53.35 48.94 76.99 59.76 - - - -
HGSFusion [14] C+R 51.67 52.64 72.58 58.96 88.28 62.61 87.49 79.46
TL-4DRCF [53] C+R 43.71 40.11 64.22 49.35 79.49 53.76 76.50 69.92

LXLv2 [46] C+R 47.81 49.30 77.15 58.09 - - - -
SGDet3D [3] C+R 53.16 49.98 76.11 59.75 81.13 60.91 90.22 77.42

PointPillars [22] L 65.55 55.71 72.96 64.74 81.10 67.92 88.96 79.33
LXL-Pointpillars [45] L 66.60 56.10 75.10 65.90 - - - -

InterFusion [42] L+R 67.50 63.21 78.79 69.83 88.11 74.80 87.50 83.47
L4DR [18] L+R 69.10 66.20 82.80 72.70 90.80 76.10 95.50 87.47

MutualForce [31] L+R 71.67 66.26 77.35 71.76 92.31 76.79 89.97 86.36
CM-FA [9] L+R 77.52 67.99 75.97 73.83 90.91 80.78 87.80 86.50

SVEFusion [50] L+R 71.83 67.85 83.97 74.55 90.91 79.37 96.31 88.86
MoRAL [34] L+R 71.23 69.67 79.01 73.30 90.91 78.90 96.25 88.68
ELMAR [33] L+R 76.41 69.34 78.91 74.89 91.74 81.35 93.01 88.70

HVA-Fusion(Ours) L+R 70.12 72.46 83.96 75.51 90.91 78.03 96.51 88.48

module, which strengthens dynamic perception via local cross-modal feature in-
teractions; and 3) the RGG module, which leverages RCS to recover semantic
integrity for distant, sparse objects. Nevertheless, two scenarios exhibit compar-
atively limited gains. The first concerns car detection in the Entire Area. VoD
cars are mostly static and distant [30], benefiting less from dynamic semantics
emphasized by our framework. The remaining gap is mainly due to backbone
representation: point-based backbones preserve finer geometry for distant, sparse
objects, whereas our pillar-based framework is more affected by spatial quantiza-
tion. The second pertains to pedestrian detection in the Driving Area, where the
isotropic Gaussian kernels in RGG are misaligned with the small and irregular
spatial footprint of nearby pedestrians, thereby blurring their precise contours.
We leave the exploration of shape-aware anisotropic distributions to future work.

Results on VoD-Fog Simulated Dataset. Tab. 3 summarizes the re-
sults on VoD-Fog under simulated adverse weather. Multi-modal methods in-
corporating 4D radar consistently outperform LiDAR-only baselines across all
difficulty levels, with the performance gap widening as fog density increases.
Notably, HVA-Fusion demonstrates robust performance across fog levels 0–2 by
effectively exploiting Doppler velocity, RCS, and robust complementary fusion.
However, under extreme fog conditions, our method is surpassed by L4DR [18]
in the cyclist category. This discrepancy suggests that while the CPA module
enhances semantic consistency for cars and pedestrians via local cross-modal
interactions, the complex Doppler patterns of cyclists—stemming from rotating
wheels and metallic frames—pose a challenge. This effect is further exacerbated
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Table 3: Quantitative comparison of various 3D object detection methods on the
VoD-Fog dataset using KITTI evaluation metrics under different fog intensities.

Fog Level Methods ModalitymAP Car Pedestrian Cyclist

EasyMod.HardEasyMod.HardEasyMod.Hard

0

PointPillars [22] L 70.8 84.9 73.5 67.5 62.7 58.4 53.4 85.5 79.0 72.7
InterFusion [42] L+R 73.2 67.6 65.8 58.8 73.7 70.1 64.7 90.3 87.0 81.2

L4DR [18] L+R 78.9 85.0 76.6 69.4 74.4 72.3 65.7 93.4 90.4 83.0
HVA-Fusion(Ours) L+R 81.2 86.3 77.3 69.8 78.8 77.3 71.7 94.3 91.4 84.6

1

PointPillars [22] L 69.0 79.9 72.7 67.0 59.9 55.6 50.5 85.5 78.2 72.0
InterFusion [42] L+R 73.0 66.1 64.0 56.9 74.0 70.6 64.5 91.6 87.4 82.0

L4DR [18] L+R 77.9 77.9 73.2 67.8 75.4 72.1 66.7 93.8 91.0 83.2
HVA-Fusion(Ours) L+R 79.6 81.6 74.8 69.1 75.6 74.6 69.5 95.3 90.6 85.3

2

PointPillars [22] L 55.0 67.0 51.4 44.4 53.1 47.2 42.7 69.6 62.7 57.2
InterFusion [42] L+R 59.3 56.0 48.5 41.5 63.2 57.8 52.9 77.3 71.1 66.2

L4DR [18] L+R 64.0 68.5 56.4 49.3 63.1 59.9 55.1 82.7 70.8 70.7
HVA-Fusion(Ours) L+R 65.8 72.2 59.8 52.4 64.1 61.1 56.2 81.1 76.4 69.4

3

PointPillars [22] L 39.6 44.5 31.9 27.0 40.2 37.7 34.0 53.2 46.7 41.8
InterFusion [42] L+R 46.5 41.2 33.1 27.0 52.9 49.2 44.8 59.9 57.7 53.1

L4DR [18] L+R 52.5 46.2 41.4 34.6 53.5 50.6 46.2 72.2 67.7 60.9
HVA-Fusion(Ours) L+R 52.4 53.3 44.7 37.7 52.4 51.1 46.6 66.8 62.4 57.3

4

PointPillars [22] L 8.8 13.0 8.77 7.19 10.6 12.9 11.3 6.15 4.89 4.57
InterFusion [42] L+R 14.3 15.2 10.8 8.40 25.7 25.1 22.6 6.68 7.95 6.99

L4DR [18] L+R 28.0 26.9 26.2 21.6 33.1 30.7 27.9 30.3 29.7 26.3
HVA-Fusion(Ours) L+R 25.8 37.5 32.7 26.2 30.7 31.6 26.3 15.7 16.0 15.9

Table 4: Experimental Results on the TJ4DRadSet dataset. † denotes results repro-
duced by us using the official code under the same experimental settings.

Methods Modality AP3D APBEV

Car Ped. Cyc. Tru. mAP Car Ped. Cyc. Tru. mAP

CenterPoint [52] R 22.03 25.02 53.32 15.92 29.07 33.03 27.87 58.74 25.09 36.18
SMURF [25] R 28.47 26.22 54.61 22.64 32.99 43.13 29.19 58.81 32.80 40.98

RCFusion [56] C+R 29.72 27.17 54.93 23.56 33.85 40.89 30.95 58.30 28.92 39.76
UniBEVFusion [55] C+R 44.26 27.92 51.11 27.75 37.76 50.43 29.57 56.48 35.22 42.92

HGSFusion [14] C+R - - - - 37.21 - - - - 43.23
SGDet3D [3] C+R 59.43 26.57 51.30 30.00 41.82 66.38 29.18 53.72 39.36 47.16

Doracamom-S [57] C+R 52.18 33.61 56.38 34.79 44.24 - - - - -

CM-FA† [9] L+R 86.94 47.34 89.03 42.26 66.39 89.41 47.91 89.05 54.39 70.19
L4DR† [18] L+R 83.54 58.86 85.59 35.00 65.74 89.13 59.98 85.69 48.82 70.90

HVA-Fusion(Ours) L+R 83.62 67.54 89.41 39.79 70.09 87.94 68.80 89.98 51.87 74.64

under extreme fog, which degrades local cross-modal correspondence and makes
the associations in CPA unreliable. In contrast, L4DR avoids such unreliable
associations by bypassing local fusion. To probe this, we conducted prelimi-
nary inference-time experiments on Fog Level 4 by varying the CPA interaction
strength (0/0.5/1.0). Disabling CPA drops Entire Area mAP by 1.76%, while
tuning down the interaction strength gains 0.31%. These results provide prelim-
inary support for the feasibility of Signal-to-Noise Ratio (SNR)-aware adaptive
interaction to improve perception upper bounds in extreme environments.
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Table 5: Ablation study of different components on the VoD dataset.

Module Entire Area Driving Area
MVEE CPA RGG MS-BDDG mAP mAP

70.99 83.95
✓ 73.36 85.35
✓ ✓ 73.71 88.14
✓ ✓ ✓ 74.11 88.24
✓ ✓ 74.02 88.01
✓ ✓ ✓ 74.20 87.92
✓ ✓ ✓ 74.77 88.43
✓ ✓ ✓ ✓ 75.51 88.48

Results on TJ4DRadSet Dataset. To evaluate the generalization capa-
bility of HVA-Fusion, we conducted additional experiments on the TJ4DRadSet
dataset. As demonstrated in Tab. 4, our method consistently outperforms exist-
ing LiDAR-4D radar fusion approaches in both AP3D and APBEV. Furthermore,
it surpasses models based on other types of modality combinations by a notable
margin, establishing a new SOTA performance.

Inference Time. On VoD with an NVIDIA H20 GPU, HVA-Fusion has a
total inference time of 148 ms: 85 ms for the L4DR baseline, plus 26, 5, 4, and
28 ms for MVEE, CPA, RGG, and MS-BDDG, respectively.

4.4 Ablation study

We conduct ablation study on the VoD dataset and the results are shown in
Tab. 5. The 1st row represents the performance of L4DR [18], where LiDAR and
4D radar BEV features are fused via direct concatenation.

Effects of MVEE. Building upon the baseline (Row 1), the MVEE module
recovers true point velocities via motion direction prediction, which serves as an
auxiliary encoding to provide discriminative dynamic features. This yields mAP
gains of 2.37% and 1.40% in the Entire and Driving Areas, respectively.

Effects of CPA. Adding CPA on top of MVEE, the module performs fea-
ture propagation at the pillar level to enrich multi-modal representations, further
narrowing semantic discrepancies through cross-modal neighborhood adaptive
fusion. This early-stage local integration yields additional mAP gains of 0.35%
and 2.79% in the Entire and Driving Areas, respectively. Notably, the more pro-
nounced improvement in the feature-rich Driving Area demonstrates that CPA
establishes effective semantic correlations between LiDAR’s precise geometric
features and 4D radar’s dynamic attributes through adaptive local interaction.
Removing CPA from the complete HVA-Fusion degrades the Entire Area mAP
by 1.31%, as the absence of pillar-level cross-modal propagation forces subse-
quent modules to fuse insufficiently aligned features, thereby hindering effective
multi-modal complementarity.

Effects of RGG. Further incorporating RGG upon the MVEE+CPA con-
figuration, the module adaptively densifies 4D radar features based on RCS and
range-aware priors. This mechanism yields mAP gains of 0.40% and 0.10% in the
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Entire and Driving Areas, respectively, demonstrating its capacity to adaptively
expand the diffusion scale for long-range or high-RCS pillars, thereby effectively
mitigating the sparsity problem. In contrast, removing RGG from the complete
HVA-Fusion decreases the Entire Area mAP by 0.74%, since without the RCS
and range-aware densification the 4D radar features remain overly sparse and
fail to provide a sufficiently informative basis for the subsequent fusion.

Effects of MS-BDDG. Finally, integrating MS-BDDG to form the com-
plete HVA-Fusion, the module synergizes deformable cross-attention with a gat-
ing network to achieve dynamic alignment and robust complementary fusion
of high-level multi-modal semantics. By dynamically aligning features and sup-
pressing environmental noise, MS-BDDG effectively mitigates the negative im-
pact of occlusions and adverse weather, particularly in non-driving areas. This
mechanism yields mAP gains of 1.40% and 0.24% in the Entire and Driving Ar-
eas, respectively. Removing MS-BDDG from the complete HVA-Fusion degrades
the Entire Area mAP by 1.40%, confirming that its gated deformable alignment
plays an effective and robust role in high-level multi-modal semantic fusion.

5 Conclusion

In this paper, we introduce a novel two-stage fusion framework—HVA-Fusion.
Within the HVA-Fusion framework, we first introduce the MVEE module, which
bolsters dynamic object perception by estimating true motion states to obtain
discriminative dynamic representations. Subsequently, the CPA module facili-
tates feature propagation and neighborhood cross-modal attention in the pillar
space, enriching feature representations while establishing robust semantic as-
sociations. The RGG module then leverages RCS and range priors modulation
to achieve effective 4D radar feature densification. Finally, the MS-BDDG mod-
ule implements dynamic feature alignment and robust complementary fusion
within the BEV space. Extensive experimental results demonstrate that HVA-
Fusion achieves highly competitive performance across the K-Radar, VoD, and
TJ4DRadSet datasets. Future work will explore shape-aware anisotropic fea-
ture generation and SNR-based adaptive fusion strategies to further push the
perception boundaries in extreme all-weather environments. Code & Weights:
https://github.com/wujingxian1/HVA-Fusion.
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