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Abstract— Recent advances in collaborative perception sys-
tems have led to significant improvements in 3D object detection
performance. While widely deployed LiDAR and camera sys-
tems often experience performance degradation under adverse
weather conditions, weather-robust 4D radar offers a promising
alternative to address this challenge. However, effectively fusing
4D radar measurements with degraded LiDAR data remains
a critical challenge. In this work, we decompose the weather-
induced degradation in LiDAR perception into feature attenua-
tion requiring enhancement and feature contamination requir-
ing suppression, based on the underlying physical interactions.
Building upon this decomposition, we propose a dual-branch
network to handle each degradation pattern in a specialized
manner. One branch focuses on enhancement based on spatial
and channel attention, guided by 4D radar cues. The other
branch focuses on suppression based on intra-modal structural
consistency and cross-modal consistency. To achieve adaptive
branch integration, we propose a dynamic decision network to
generate a decision weight map for each branch and capture
the complex interaction between branches. To validate the
effectiveness of our method, we conduct extensive experiments
on V2X-R, the only publicly available collaborative LiDAR-
4D radar dataset. Extensive experimental results demonstrate
that our method achieves improvements of 3.65% and 10.80%
in mAP@(.7 under fog and snow conditions, respectively,
outperforming previous state-of-the-art approaches.

I. INTRODUCTION

Perceiving complex driving environments is essential for
ensuring the safety of intelligent agents, such as autonomous
vehicles [1], [2], [3]. With advancements in localization
and perception technologies, even single-agent systems have
achieved impressive performance in 3D object detection
tasks [4], [5], [6]. However, these systems face inherent lim-
itations, such as occlusions and reduced detection accuracy
for distant objects. Collaborative perception has emerged as a
promising approach to address these challenges. By leverag-
ing vehicle-to-everything (V2X) communication, agents can
share their perception data, enabling more comprehensive
and extended environmental awareness [7], [8], [9].

Current research in collaborative perception predominantly
relies on LiDAR data [10], [11], [12] or LiDAR-camera
fusion [13], [14], [15] for downstream 3D object detection
tasks. While camera data can provide rich semantic cues to
complement LiDAR, both modalities are highly susceptible
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Fig. 1. (a) Perception feature results from a combination of degradation
patterns induced by distinct underlying physical interactions. (b) Previous
single refinement process, which may converge to a balanced compromise
under the degradation from distinct patterns. (¢) Our dual-branch refinement
process, which explicitly decomposes and handles distinct weather-induced
degradation patterns.

to environmental degradation, particularly under adverse
weather conditions. Under such conditions, sensor inputs suf-
fer from complex degradation, resulting in missing or noisy
features. Crucially, due to the shared vulnerability of both
modalities to environmental degradation, they may fail con-
currently in critical scenarios, undermining the robustness of
the collaborative perception system. Despite recent advances
in robust perception [16], [17], the inherent characteristic
limitations of these sensors constrain their adaptability under
adverse weather conditions.

In recent years, 4D radar has garnered increasing atten-
tion due to its robustness under diverse weather conditions,
emerging as a promising modality for detection tasks [18],
[19], [20]. Despite this advantage, the inherently limited
resolution of 4D radar makes it unsuitable for standalone
perception tasks [18]. Therefore, fusing LiDAR and 4D
radar data is regarded as an effective strategy to improve
perception reliability under adverse weather conditions [21],
[22]. In multi-agent collaborative settings, weather-induced
degradation in LiDAR perception may accumulate during
transmission and aggregation, resulting in more complex er-
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ror distributions that impair overall system performance. The
existing collaborative LiDAR-4D radar fusion method [22]
leverages a 4D-radar-conditioned diffusion model to implic-
itly mitigate weather-induced degradation in LiDAR features.
Such an approach is prone to converging to suboptimal
solutions during the diffusion process. On the other hand,
weather-induced degradation in LiDAR perception usually
varies significantly across different weather conditions, due
to distinct underlying physical interactions. Adverse weather
conditions degrade LiDAR perception through the interaction
of laser beams with airborne particles [23]. Depending on
their size and density, these particles may attenuate the
laser beam through absorption and scattering, resulting in
weakened or missing returns, or may generate spurious
reflections that contaminate the point cloud with noise [24],
[25]. Indeed, both effects may coexist as particles can si-
multaneously attenuate the laser beam and generate spurious
reflections. As a result, LIDAR perception is often degraded
by a combination of these effects, rather than by a single
one, as shown in Fig. 1(a). Previous LiDAR-4D radar fusion
methods [19], [20] under adverse weather conditions typi-
cally treat weather-induced degradation as a single pattern,
attempting to address it with a single network architecture,
which may fail to adapt to scenarios with varying degradation
patterns, as shown in Fig. 1(b).

To address these challenges, we decompose the weather-
induced degradation in LiDAR perception into feature at-
tenuation requiring enhancement and feature contamination
requiring suppression, based on distinct underlying physical
interactions. Building upon this decomposition, we propose
a dual-branch network to handle each degradation pattern in
a specialized manner, as shown in Fig. 1(c). Specifically, one
branch enhances weakened or missing regions of the LiDAR
features using attention mechanisms guided by 4D radar
structural cues. The other focuses on suppressing unreliable
regions by leveraging intra-modal structural consistency in
4D radar and cross-modal consistency between the two
modalities. To achieve adaptive branch integration, we pro-
pose a dynamic decision network to generate a decision
weight map for each branch and capture the complex inter-
action between branches, yielding the final refined LiDAR
feature map. To validate the effectiveness of our method,
we conduct extensive experiments on V2X-R [22], the only
publicly available collaborative LIDAR-4D radar dataset. The
main contributions can be summarized as follows:

e We propose a dual-branch network architecture for
robust LiDAR perception under adverse weather condi-
tions by decomposing weather-induced degradation into
two distinct patterns.

o We introduce a dynamic decision network that generates
a decision weight map for each branch while capturing
the complex interaction between branches.

« Extensive experiments on the only publicly available
collaborative LiDAR-4D radar dataset V2X-R demon-
strate that our method outperforms previous state-of-
the-art approaches under adverse weather conditions.

II. RELATED WORK
A. Collaborative Perception

Collaborative perception enables multiple agents to share
complementary perception information, thereby achieving
a more comprehensive understanding of the environment.
Depending on the stage of information transmission and
fusion, collaborative perception modes can mainly be cate-
gorized into early fusion [26], intermediate fusion [27], and
late fusion [28]. Intermediate fusion, sharing features among
agents, has gained increasing attention for its favorable trade-
off between performance and transmission bandwidth. While
extensive research has explored aspects such as accuracy
improvement [29], [30], pose estimation error [31], [32] and
trade-off between perception performance and communica-
tion costs [9], [33], [34], performance degradation under
adverse weather remains a critical yet overlooked challenge.
Although a few works have begun to tackle this challenge,
the fundamental problem remains. For instance, DSRC [17]
attempts to learn weather-agnostic representations by focus-
ing on density-insensitivity and semantic awareness. The
majority of intermediate fusion approaches are based on
LiDAR or LiDAR-camera frameworks, in which the inherent
sensitivity of these sensors to adverse weather conditions
remains a critical challenge for collaborative perception.

B. 3D Object Detection under Adverse Weather Conditions

Widely used sensors, such as LiDAR and cameras, are
prone to degradation under adverse weather conditions.
Physics-based weather simulations [35], [36] have been
proposed to alleviate data scarcity. SPG [37] proposes a
general completion framework to bridge domain gaps across
different weather conditions. SRKD [16] introduces a general
knowledge distillation framework that transfers performance
from sunny to rainy conditions. Due to the potential degra-
dation of sensors under adverse weather conditions, recent
studies have explored 4D-radar-enhanced object detection
to improve robustness. InterFusion [19] identifies cross-
modal relationships between 4D radar and LiDAR fea-
tures, and fuses information from both modalities through
a self-attention mechanism. 3D-LDR [20] leverages the
complementary strengths of LiDAR and 4D radar in 3D
space through a learnable gating mechanism. L4DR [21]
enhances model adaptability to diverse weather conditions by
separately extracting cross-modal and intra-modal features
from LiDAR and 4D radar inputs, followed by a multi-
scale feature fusion strategy. However, these single-agent ap-
proaches may encounter challenges when they are extended
to collaborative multi-agent scenarios.

III. METHOD
A. Collaboration Framework

Consider N agents collaboratively detecting 3D objects
within the scenario. Each agent is equipped with both LiDAR
and 4D radar sensors. Let X/ denote the observation of
modality & € {l,r} of the i-th agent, where [ and r
denote the LiDAR and 4D radar modalities, respectively. The
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Fig. 2. Overview of our proposed method. The key designs are the dual-branch network, consisting of (a) and (b), and the dynamic decision network (c).

proposed collaborative 3D object detection for the i-th agent
works as follows:

FF = ¢pne(XF), ke {I,r}, (1a)
Fi = ¢a(Ff {FL0) k€ {L,r}, (1b)
Fl = ¢r(Fy, F}) (lc)
Fi' = on(FY, Fh), (1d)
B = ¢pa(Fy), (le)

where F* is the encoded feature of the corresponding obser-
vation of XF, Ff ", is the feature of modality % transmitted
from agent j to 4, F% is the multi-agent feature of modality
k after agent fusion, F}q is a refined version of Fix after the
dual-branch network, F'}! is the fused multi-agent multi-
modal feature, and B is the detected bounding boxes.

In step (la), agent ¢ encodes its observations from two
modalities into respective BEV features. In step (1b), for
each modality, an agent-fusion network ¢4 fuses agent i’s
feature ¥ with the features from other agents to generate
a multi-agent feature F%. In step (lc), the multi-agent
LiDAR feature Fﬁl is refined by a refinement network ¢r,
which leverages the weather-robust 4D radar feature F; for
guidance to generate a refined version F,lq- In step (1d), a
modal-fusion network ¢,; fuses the refined LiDAR feature

with the radar feature to generate a multi-agent multi-modal
representation F'}/, which is processed by a detection head
to yield the final detection boxes B in step (le). In the
collaboration framework, the key lies in mitigating weather-
induced degradation in step (1c).

B. Model Formulation

Under ideal conditions, LiDAR sensors can capture accu-
rate scene information. During the collaboration process, the
ideal multi-agent LiDAR feature is denoted by F*,. However,
under adverse weather conditions, the LiDAR sensors suffer
significant degradation. This degradation process can be
modeled as a single function D, parameterized by a hidden
weather factor 6:

Fl = FY + Do(FL). )

Due to the fact that weather-induced degradation pat-
terns arise from distinct underlying physical interactions,
employing a single network module to simultaneously ap-
proximate fundamentally different inverse processes may
force the model to learn a compromised solution, thereby
impairing overall performance. Instead, we model weather-
induced degradation as the combined effect of two interacting
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degradation patterns:
Fi = Fy + Du(Fh) + De(Fi) + A(Da, Do), (3)

where D, and D, are the separate degradation functions to
model the effect of attenuation and contamination, respec-
tively, and A(D,,D.) represents the latent interaction be-
tween the two degradation patterns. Therefore, our objective
is to learn the two separate functions and capture the latent
interaction.

C. Dual-branch Network

According to the underlying physical interactions of Li-
DAR degradation, we decompose the weather-induced degra-
dation into attenuation and contamination, and address them
through a dual-branch network architecture to handle each
degradation pattern in a dedicated and efficient manner.

To mitigate LiDAR feature degradation caused by attenu-
ation, we enhance responses in weakened or missing regions
using a cascaded attention module that exploits 4D radar
feature F7) as structural priors to recover the geometric
contours and structural details of valid objects, as shown in
Fig. 2(a). Specifically, we concatenate the LiDAR feature FA
and the 4D radar feature F’;, along the channel dimension.
The concatenated feature is subsequently processed by a
cascaded spatial attention module and a channel attention
module to adaptively recalibrate feature responses. Finally,
a 1 x 1 convolution projects the attention-weighted feature
into a residual correction term, and the enhancement proposal
O, is obtained through residual learning. The enhancement
process can be formulated as:

Oc = Fjy + Conv(CA(SA([F}4, FA)))), )

where SA(-) and CA(-) denote spatial and channel at-
tention modules adapted from CBAM [38], respectively.
The residual formulation allows the enhancement branch to
specifically target the attenuation effect without impairing
the integrity of the original LiDAR feature.

To mitigate LiDAR feature degradation caused by con-
tamination, we introduce a consistency check that leverages
both intra-modal structural consistency in 4D radar and
cross-modal consistency between the 4D radar feature and
the LiDAR feature to identify and suppress spurious or
unreliable responses, as shown in Fig. 2(b). Specifically,
we apply a residual block [39] to derive a correction F;
from F,, where F} provides local adjustments for potentially
contaminated areas:

F; = ResBlock(FY). (5)

Subsequently, we compute the structural consistency
Qradar leveraging the intrinsic regularity of the 4D radar
feature, and the cross-modal consistency «.,, based on the
concatenated LiDAR and 4D radar features:

Aradar = O (W7 * FZ) y Xecon = U(Wc * [F,Z; F,l4])a (6)

where o is the sigmoid function, W,. and W, are trainable
convolutional kernels, and * denotes the convolution oper-
ation. The two consistency maps are combined to form a

spatial consistency map as:
Qs = Qcon © Uradars (7)

where © is element-wise multiplication. The suppression
proposal O; is then computed as:

Os=(1—-a,)OF, +a,0F,. (8)
D. Dynamic Decision Network

After both branches generate specialized feature proposals
tailored to their respective patterns, a decision strategy is re-
quired to regulate their latent integration based on contextual
cues. Since the degradation patterns are often spatially het-
erogeneous and dynamic, a simple, global decision strategy
would fail to adapt to local degradation patterns.

Therefore, we introduce a dynamic decision network to
adaptively integrate these feature proposals, as shown in
Fig. 2(c). The dynamic decision network employs a spatial
weight generator G, implemented as a lightweight encoder-
decoder architecture with strided convolutions for down-
sampling and transposed convolutions for upsampling, to
generate a decision weight map for each branch based on
Fl and F7:

[w€>w8] :g([FA’FA])v )

where w, and wy are the weight maps for the enhancement
branch and the suppression branch, respectively. G captures
multi-scale cross-modal contextual cues to account for spa-
tially varying degradation patterns, enabling localized and
adaptive integration decisions.

Unlike simple linear combinations that assume a fixed or
additive interaction, we aim to capture the complex interac-
tion between branches. To this end, we apply a lightweight
combination network C, consisting of several convolutional
layers, which integrates the weighted branch proposals and
generates the global residual correction term. This correction
is then applied to the original LiDAR input feature F via a
global residual connection, yielding the refined output FA:

Fly = FY + C([we © O, wy ® O4]). (10)

By making dynamic decisions and capturing the complex
interaction, our method adaptively modulates enhancement
and suppression.

E. Overall Loss Function

Although the desired correction C([we ® O, ws ® Oy))
in Equation (10) is expected to align with the modeled
degradation D.(F})+D,(F})+A(D., D,) in Equation (3),
LiDAR features collected under clear weather conditions are
not perfectly ideal in practice. Hence, we adopt an end-to-
end learning strategy without supervision on latent feature
corrections, ensuring a unified behavior under all scenarios.

In the downstream detection task, we leverage the focal
loss [40] for classification (denoted as L.;5) and the smooth
L1 loss for bounding box regression (denoted as L,.4). The
total loss is:

£tolal = ﬂclsﬁcls + ﬁreg‘crega

where s, Breg are hyperparameters.

(1)
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TABLE I
3D DETECTION PERFORMANCE COMPARISON UNDER CLEAR, FOG AND SNOW CONDITIONS.

Method Clear Fog Snow
mAP@0.3 mAP@0.5 mAP@0.7 | mAP@0.3 mAP@0.5 mAP@0.7 | mAP@0.3 mAP@0.5 mAP@0.7

Attfuse 94.03 92.69 82.45 85.48 80.60 56.76 87.78 84.30 63.26
V2X-ViT 91.82 89.73 72.75 86.23 81.17 52.43 87.76 84.81 57.06
CoBEVT 87.71 87.21 74.61 82.14 79.25 55.86 81.22 80.27 61.93
CoAlign 93.84 92.75 82.64 85.94 81.33 61.62 88.10 85.22 67.54
InterFusion 83.94 80.36 48.53 73.49 69.37 40.69 79.55 75.19 40.53
L4DR 94.32 92.92 80.15 85.85 81.26 60.94 86.78 84.45 67.93
MDD 92.13 90.26 79.21 84.86 81.53 59.52 87.41 84.25 61.99
Ours 95.07 94.23 85.69 87.34 83.52 65.27 92.25 90.72 78.73

IV. EXPERIMENTS
A. Dataset and Metric

We evaluate our method on V2X-R [22], the only publicly
available collaborative LiDAR-4D radar dataset. V2X-R is
a simulated V2X collaborative perception dataset, jointly
developed using the CARLA [41] autonomous driving simu-
lator and the OpenCDA [42] collaborative driving automation
framework. It contains LiDAR and 4D radar point clouds
under simulated adverse weather conditions, including fog
and snow, with a total of 37,727 data frames and 170,859
annotated 3D vehicle bounding boxes. We evaluate the
performance of our method based on the final 3D object
detection accuracy, which is measured using mean Average
Precision (mAP) at Intersection-over-Union (IoU) thresholds
of 0.3, 0.5, and 0.7.

B. Baseline Methods

The implementation of the aforementioned collaboration
framework relies on the agent fusion and modal fusion net-
works. Due to the lack of dedicated methods for collaborative
LiDAR-4D radar fusion, we build upon the implementations
of MDD [22] to develop our collaborative perception frame-
work. For state-of-the-art multi-agent single-modal methods
such as AttFuse [14], V2X-ViT [29], CoBEVT [30] and
CoAlign [31], we generalize these methods to support multi-
modal fusion by processing 4D radar data in a manner
similar to LiDAR and concatenating the features from both
modalities. For state-of-the-art multi-modal methods such as
InterFusion [19], L4DR [21], we derive their multi-agent
versions by incorporating a self-attention-based agent-fusion
module to aggregate features.

C. Implementation Details

Following the experimental setup in OPV2V [14], we
designate a vehicle as the ego agent for evaluation. Detection
performance is evaluated in the vicinity of the ego agent,
within a spatial range of = € [0,140] and y € [—40,40].
We assume a uniform communication range of 70m for all
agents. All the agents outside this broadcasting radius of the
ego agent will not participate in collaborative perception.
Furthermore, since the 4D radar sensor only provides front-
view data, all evaluation results are in the camera field of
view of the ego agent. To ensure a fair comparison, all
methods employ PointPillar [43] as the backbone to extract
features from the point cloud. It converts the point cloud

data into voxels with a resolution of 0.4m for both height
and width. We implement the proposed and baseline methods
using the PyTorch framework [44] and train them on eight
RTX 3090 24G GPUs using the Adam optimizer [45] with
Ir = le — 3,81 = 09,82 = 0.999. Following prior
work [22], we set the hyperparameters as fcis = 1, Breg = 2.

D. Quantitative Evaluation

Table I presents a comprehensive comparison of 3D object
detection performance between our method and several state-
of-the-art methods under clear, fog and snow conditions.
Under fog conditions, fog droplets cause strong scattering
and signal attenuation, resulting in blurred distant objects
and false points at close range. Under snow conditions,
snowflakes induce spurious reflections that lead to data con-
tamination, reducing valid surface points and increasing false
returns. In these adverse weather conditions, our method
achieves improvements of 3.65% and 11.19% in mAP@0.7
over existing multi-agent collaboration methods under fog
and snow conditions, respectively. Compared with the well-
designed LiDAR-4D radar fusion methods, our method
achieves performance improvements of 4.33% and 10.80%
in mAP@0.7 under fog and snow conditions, respectively.
Notably, our method also outperforms all baseline methods
under clear weather conditions. This consistent performance
improvement across both adverse and clear weather condi-
tions demonstrates that our method is not only robust to
weather-induced degradation but also effective at mitigating
potential feature degradation caused by other factors in clear
environments.

E. Qualitative Evaluation

As shown in Fig. 3, we present the collaborative detection
results of CoAlign, L4DR, and our method under fog and
snow conditions. Both baseline methods exhibit noticeable
artifacts in certain scenarios, such as missed detections and
false positives highlighted by the blue bounding boxes.
These cases indicate limitations of these methods in han-
dling weather-induced degradation, particularly in preserving
reliable feature representations under adverse conditions. In
contrast, our method produces more accurate predictions
across these scenarios, demonstrating superior robustness to
weather-induced degradation.
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Fig. 3.
respectively. We highlight the obvious errors in blue bounding boxes.

TABLE II
ABLATION STUDY RESULTS ON PROPOSED COMPONENTS, INCLUDING
ENHANCEMENT BRANCH (EB), SUPPRESSION BRANCH (SB) AND
DYNAMIC DECISION NETWORK (DDN).

L4DR

Visualization of CoAlign, LADR and our method under fog and snow conditions. Green and red boxes denote ground truth and predictions,

TABLE III
ABLATION STUDY RESULTS ON DIFFERENT DECISION METHODS,
INCLUDING CONDITIONAL DEPLOYMENT (CD), GLOBAL WEIGHTED
GATING (GWG), SPATIAL WEIGHTED GATING (SWG) AND DDN.

Modules Fog Snow
SB  EB DDN | mAP@0.3/0.5/0.7 | mAP@0.3/0.5/0.7
85.48/80.60/56.76 | 87.78/84.30/63.26
v 81.25/76.21/57.88 | 90.25/87.70/69.83
v 86.29/82.48/64.55 | 87.49/84.62/64.53
v v v 87.34/83.52/65.27 | 92.25/90.72/78.73

. Fog Snow
Decision method 5063/ 5707 T mAP@0.3/0.5/0.7
CD 86.29/82.48/64.55 | 90.25/37.70/69.83
GWG 83.41/80.38/62.74 | 90.13/88.11/71.99
SWG 85.13/81.77/63.62 | 90.74/89.09/78.16
DDN $7.34/83.52/65.27 | 92.25/90.72/78.73

FE. Ablation Studies

Table II presents the ablation study results on proposed
components, aiming to evaluate the individual and combined
contributions of the designed branches. When only the
suppression branch is added, the model shows a noticeable
improvement under snow conditions, while it even drops
below the baseline method under fog conditions. This is
likely because the gate-based suppression branch effectively
mitigates degradation caused by contamination, but is unable
to handle the induced attenuation problem. However, the
enhancement branch is effective in compensating for weak-
ened or missing regions, but limited in handling degradation
caused by contamination. When integrating the dynamic
decision network, performance improves under both weather
conditions, particularly under snow conditions. The success
of combining both branches demonstrates that weather-
induced degradation patterns are not uniform, but stem from
the interaction of multiple factors. This further validates the
effectiveness and robustness of our method under complex
conditions.

Table III presents the ablation study results on different
decision methods, aiming to evaluate the ability of our de-
signed dynamic decision network. A simple way to integrate
the two branches is conditional deployment according to
specific weather conditions. However, it is less desirable in
practice. To effectively integrate the branches, we explore
several strategies. The global weighted gating integrates
branches using a single weight for the entire feature, ignoring

spatial variations and leading to unsatisfactory results. By
incorporating spatial context, the spatial weighted gating
generates a spatial weight map, enabling spatially adaptive
integration of branches. Compared to the global weighted
gating strategy, the spatial weighted gating strategy achieves
a notable improvement, although it is still suboptimal.
Specifically, the weighted gating strategies may enforce a
compromise between branches even in regions where both
could contribute positively. Instead, we use a spatial weight
map for each branch to allow both branches to be activated
simultaneously, thereby promoting more effective comple-
mentarity. The experiments demonstrate that our proposed
method achieves the best overall performance.

V. CONCLUSIONS

In this paper, we decompose the weather-induced degrada-
tion into two distinct patterns based on the underlying phys-
ical interactions, and develop a dual-branch network tailored
to each pattern. To integrate both branches, we introduce
a dynamic decision network to generate a weight map for
each branch and capture the complex interaction between
branches. Extensive experimental results demonstrate that
our method not only effectively addresses degradation caused
by adverse weather conditions, but also handles potential
degradation caused by other factors under clear conditions,
consistently outperforming previous state-of-the-art methods.
Future work will explore the trade-off between communica-
tion efficiency and perceptual robustness in more extreme
weather conditions and real-world deployment settings.
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