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Abstract

Recent multimodal fusion methods, integrating images with
LiDAR point clouds, have shown promise in scene flow esti-
mation. However, the fusion of 4D millimeter wave radar and
LiDAR remains unexplored. Unlike LiDAR, radar is cheaper,
more robust in various weather conditions and can detect
point-wise velocity, making it a valuable complement to Li-
DAR. However, radar inputs pose challenges due to noise,
low resolution, and sparsity. Moreover, there is currently no
dataset that combines LiDAR and radar data specifically for
scene flow estimation. To address this gap, we construct a
Radar-LiDAR scene flow dataset based on a public real-world
automotive dataset. We propose an effective preprocessing
strategy for radar denoising and scene flow label generation,
deriving more reliable flow ground truth for radar points out
of the object boundaries. Additionally, we introduce RaL-
iFlow, the first joint scene flow learning framework for 4D
radar and LiDAR, which achieves effective radar-LiDAR fu-
sion through a novel Dynamic-aware Bidirectional Cross-
modal Fusion (DBCF) module and a carefully designed set
of loss functions. The DBCF module integrates dynamic cues
from radar into the local cross-attention mechanism, enabling
the propagation of contextual information across modalities.
Meanwhile, the proposed loss functions mitigate the adverse
effects of unreliable radar data during training and enhance
the instance-level consistency in scene flow predictions from
both modalities, particularly for dynamic foreground areas.
Extensive experiments on the repurposed scene flow dataset
demonstrate that our method outperforms existing LiDAR-
based and radar-based single-modal methods by a significant
margin.

Introduction
Scene flow estimation extracts 3D motion fields of the dy-
namic environment from consecutive input frames, rang-
ing from monocular images (Liang et al. 2025), stereo
pairs (Jiao, Tran, and Shi 2021), LiDAR point clouds (Kim
et al. 2025) and emerging 4D radar data (Ding et al. 2022a).
It provides class-agnostic information for scene understand-
ing (Zhao, Chua, and Lee 2021; Li and Zhao 2024; Han
et al. 2024; Wang et al. 2025) and supports higher-level
tasks such as 3D detection (Sheng et al. 2022; Erçelik et al.
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2022; Sheng et al. 2025), 3D panoptic segmentation (Pan
et al. 2025), multi-object tracking (Najibi et al. 2022), au-
tonomous navigation (Chen et al. 2025) and 4D occupancy
forecasting (Guo et al. 2024). Recently, LiDAR-based scene
flow estimation (Lin et al. 2024a; Luo et al. 2025) has be-
come mainstream, with studies (Liu et al. 2022; Wan et al.
2023) integrating complementary information from 2D im-
ages or event cameras to enhance scene flow learning. How-
ever, since 2D data are not naturally aligned with 3D point
clouds, these methods rely on 3D projection-based corre-
spondences, leading to potential information loss during
cross-modal fusion. Moreover, cameras and LiDAR sensors
are susceptible to poor environmental conditions like storms
and fog. In contrast, 4D millimeter wave radar, which shares
the same point cloud format as LiDAR, is more robust to
adverse weather due to its strong penetrative capabilities.
Additionally, 4D radar is cost-effective and provides radial
velocity measurement, offering direct motion cues for scene
flow prediction. As such, 4D radar is a valuable complement
to LiDAR for scene flow learning.

Despite the complementary nature of radar and LiDAR,
their fusion remains unexplored for scene flow estimation
due to two main challenges. First, radar-based scene flow
learning is intractable due to the sparsity, inherent noise, and
low resolution of the radar data (Fig. 1). Up to now, very
few scene flow estimation methods (Ding et al. 2022a, 2023,
2024) have involved radar data, and its potential remains un-
derutilized. Second, presently there is no real-world scene
flow dataset that contains both radar and LiDAR data. Since
manual scene flow labeling is quite expensive, some previ-
ous studies (Jund et al. 2021; Ding et al. 2022a, 2023; Li
et al. 2023b; Zhang et al. 2024a) generate scene flow labels
based on synchronized odometry data and rigid transforma-
tions between tracking boxes across consecutive frames. Al-
though usable LiDAR scene flow labels can be produced
from box-to-box correspondences, this processing method is
suboptimal for radar because many dynamic radar points are
outside the box, as shown in Fig. 2. These radar points will
be incorrectly classified as static, resulting in unreliable flow
labels and further negatively impacting scene flow learning
in both training and evaluation stages.

To address the dataset gap, we derive a Radar-LiDAR
scene flow dataset from VoD dataset (Palffy et al. 2022)
with our effective preprocessing strategy. We propose a
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Figure 1: (a) Visualized comparison between 4D radar (blue)
and LiDAR (green) point clouds. The magenta boxes are the
tracked 3D bounding boxes from VoD dataset (Palffy et al.
2022) ground truth. (b) and (c) show the zoomed-in display
results of the vehicle area (circled in white) and the pedes-
trian area (circled in yellow), respectively. It can be seen that
the radar point cloud is much sparser and more noisy than
LiDAR point cloud, with many radar points on the target
object falling out of the bounding boxes (circled in red).

cross-modal hybrid radar denoising method that first iden-
tifies radar outliers by examining their absolute radial veloc-
ity (ARV). After that, the contextual information from the
aligned LiDAR point cloud is used as a soft threshold to fil-
ter out isolated and irregular radar points. In addition, we
propose a two-pronged strategy to generate more reliable
radar scene flow labels. Specifically, we first calculate the
rigid flow vectors for in-box points. Then, we identify the
misclassified dynamic radar points based on the 3D spatial
distance from each point to its nearest bounding box, the cat-
egory label of the tracking box, and the consistency between
ARV and the radial projection of the expected scene flow.

With our created dataset, it becomes possible to explore
the radar-LiDAR fusion strategy for scene flow learning.
Note that existing radar-LiDAR fusion methods are primar-
ily designed for 3D object detection (Wang et al. 2022; Li
et al. 2023a; Tai et al. 2024; Xu et al. 2024; Lin et al.
2024b) and cannot be directly applied to scene flow es-
timation. These methods focus on object-level feature ex-
traction, while scene flow estimation requires fine-grained,
class-agnostic dynamic details at the point level. Further-
more, the global attention mechanism (Liu, Shao, and Hoff-
mann 2021) commonly used in these methods tends to prior-
itize target object regions and often discard irrelevant scene
details. This information loss can lead to significant perfor-
mance degradation for scene flow prediction.

To address the method gap, we propose RaLiFlow, the
first radar-LiDAR fusion framework for scene flow estima-
tion, leveraging the strengths of both sensors. Pillar-based
2D features are extracted for 4D millimeter wave radar
and LiDAR inputs, and complementary information interac-
tion between these two modalities is enhanced with a novel
Dynamic-aware Bidirectional Cross-modal Fusion (DBCF)

module. The DBCF module performs local cross-attention
on the 2D feature maps of the two modalities under the guid-
ance of radar dynamics. In particular, the velocity measure-
ment inherent in radar data can initially indicate the dynamic
foreground areas in the scene, which is most important and
challenging for scene flow estimation. Inspired by this, the
DBCF module computes a Gaussian heatmap based on the
distance from each 2D grid center to its nearest dynamic
radar grid, which provides attentive weight in the subsequent
cross-attention operation. Moreover, we develop a set of loss
functions to discard unreliable radar points in loss calcula-
tion and enforce scene flow coherence within dynamic fore-
ground instances for both modalities.

Our main contributions are summarized as follows:
• We create a Radar-LiDAR scene flow dataset from VoD

dataset with our effective preprocessing strategy, which
provides more reliable radar scene flow labels.

• We present RaLiFlow, the first radar-LiDAR fusion net-
work for scene flow estimation, exploiting the comple-
mentary information between the two modalities.

• We specially design a novel Dynamic-aware Bidirec-
tional Cross-modal Fusion (DBCF) module which inte-
grates radar dynamics into local cross-attention mecha-
nism to enhance cross-modal information interaction.

• We develop effective loss functions to filter out unreli-
able radar supervision signals for training and encourage
instance-level flow consistency of the two modalities.

• Extensive experiments on the repurposed scene flow
dataset demonstrate that our method achieves state-of-
the-art performance, surpassing existing single-modal
methods by significant margins.

Related work
LiDAR Scene Flow Estimation. Nowadays, learning-
based methods have been dominant for LiDAR scence flow
estimation (Liu, Qi, and Guibas 2019; Wu et al. 2020; Cheng
and Ko 2022, 2023; Wang et al. 2023a; Lin et al. 2024a)
on synthetic datasets. However, these methods only support
limited size of input data and suffer from the domain gap
between synthetic and real data. To handle large-scale real-
world LiDAR point clouds, a series of pillar-based (Jund
et al. 2021; Zhang et al. 2024a,b; Khoche et al. 2025) and
voxel-based (Li et al. 2022; Kim et al. 2025; Luo et al.
2025) pipelines rasterize world space into BEV grid and
sparse volumetric grid, efficiently abstracting 2D and 3D
grid-level features for the point clouds. Leveraging runtime
optimization, another line of work (Li, Kaesemodel Pontes,
and Lucey 2021; Li et al. 2023b; Vedder et al. 2023, 2024) is
applicable to large-scale point cloud input but requires sub-
stantial computational resources. Moreover, several recent
works (Liu et al. 2022; Wan et al. 2023) explore multimodal
fusion for scene flow estimation and incorporate 2D modal-
ities like images or event cameras with 3D LiDAR point
clouds. However, how to fuse 4D millimeter wave radar and
LiDAR data for scene flow estimation remains unknown.

Radar Scene Flow Estimation. Despite remarkable
progress in LiDAR-based scene flow estimation, radar-
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based scene flow estimation remains largely underexplored.
RaFlow (Ding et al. 2022a) first introduces a self-supervised
framework for scene flow prediction on radar point clouds,
but suffers from the absence of effective supervision signals.
MilliFlow (Ding et al. 2024) focuses on human motion es-
timation, relying on 3D human skeleton labels from RGB-
D images for radar scene flow prediction. CMFlow (Ding
et al. 2023) proposes a multitask architecture for radar scene
flow learning, obtaining cross-modal supervision from ego
motion, dynamic segmentation, optical flow and 3D scene
flow labels generated by existing optical flow estimation and
3D tracking networks. Therefore, CMFlow is affected by the
performance of these related models. Moreover, these exist-
ing radar-based methods can only handle a small number of
input radar points. In contrast, our RaLiFlow can dynami-
cally adapt to large scale real-world inputs and does not rely
on existing networks for label generation.

3D Scene Flow Annotation. As annotating dense scene
flow on real-world data is extremely expensive, synthetic
datasets are widely used in early scene flow estimation meth-
ods (Geiger et al. 2013; Mayer et al. 2016; Jin et al. 2022).
However, the distribution pattern of virtual point clouds dif-
fers from real data, and the commonly created point-level
one-to-one correspondence between virtual frames is unreal-
istic. To generate flow ground truth from real-world datasets,
previous methods (Jund et al. 2021; Ding et al. 2022b; Zhang
et al. 2024a,b; Khoche et al. 2025; Li et al. 2023b) compute
rigid scene flow from tracking boxes for in-box points and
assign ego-motion vectors to points outside the boxes based
on synchronized odometry. While this approach generates
usable flow labels for LiDAR data, it is problematic for radar
as many dynamic radar points may fall outside of the track-
ing boxes. As of now, though recent works (Lin and Cae-
sar 2024; Jiang et al. 2024) have developed automatic flow
annotation pipelines for LiDAR datasets, obtaining reliable
scene flow ground truth for radar remains challenging.

Radar-LiDAR Fusion for 3D Detection. Recently, radar-
LiDAR fusion (Wang et al. 2022, 2023b; Li et al. 2023a;
Tai et al. 2024; Lin et al. 2024b) has proven effective in
3D object detection. However, these detection methods fo-
cus on object-level scene representation and the commonly
used global attention may damage the point-level details in
the scene, thus these methods cannot be simply applied to
fine-grained scene flow estimation scenario. Currently, the
dynamic cues inherent in radar have not been effectively ex-
ploited in cross-modal feature fusion.

Methodology
Given two consecutive frames of 4D radar and LiDAR data,
let the radar point clouds in the source and target frames be
denoted as PR and QR, respectively, and the corresponding
LiDAR point clouds as PL and QL. The joint scene flow
learning for both modalities aims to predict the point-wise
scene flow vector vi ∈ VR for each radar point pi ∈ PR,
and vj ∈ VL for each LiDAR point pj ∈ PL in the source
frame. The scene flow vectors can be decomposed into ego

vehicle’s motion and the absolute motion of each point:

VR,L = VR,L
ego + V̂R,L. (1)

For a fair comparison with previous studies (Jund et al. 2021;
Zhang et al. 2024a; Li et al. 2023b), we assume that the ve-
hicle’s ego motion is given and the output of our network is
the relative scene flow V̂R,L, which is later integrated with
the known ego-motion flow to form the final scene flow pre-
diction V = {VR,VL}.
The goal of our task is to minimize the total End Point Error
(EPE) between V and the absolute ground truth flow Vgt:

min(
1

∥VR∥
∑

vi∈VR

∥∥vi − vgt
i

∥∥
2︸ ︷︷ ︸

Radar EPE

+

1

∥VL∥
∑

vj∈VL

∥∥vj − vgt
j

∥∥
2︸ ︷︷ ︸

LiDAR EPE

). (2)

Radar-LiDAR-based Scene Flow Dataset
This section introduces how to create a Radar-LiDAR-based
scene flow dataset from the real-world automotive VoD
dataset (Palffy et al. 2022) with our effective data prepro-
cessing strategy.

Ground Point Removal. Due to the aperture problem, es-
timating the local motion of points on flat ground surfaces
is challenging. Therefore, ground removal is crucial for ac-
curate scene flow estimation (Najibi et al. 2022; Lin and
Caesar 2024; Zhang et al. 2024a,b; Khoche et al. 2025). In
our approach, we first project the radar point clouds into
the LiDAR coordinate system using the given sensor ex-
trinsics. Then, we apply the method from (Himmelsbach,
Hundelshausen, and Wuensche 2010) to remove the ground
points from the combined radar and LiDAR scans.

Cross-Modal Hybrid Radar Denoising. After ground re-
moval, we filter out radar outliers using a combination of a
hard threshold based on the radar’s inherent motion infor-
mation and spatial context (soft threshold) provided by the
LiDAR data. The VoD dataset (Palffy et al. 2022) provides
both relative and absolute radial velocity (ARV) measure-
ments for each radar point. We establish a hard ARV thresh-
old µ based on the average ARV of the dynamic radar points
in each frame to filter out 1-10 abnormal radar points:

µ = ARVavg + ϑthre. (3)

where ϑthre is set to 10 m/s for computation efficiency and
radar points with ARV > 0.5 m/s are identified as dy-
namic.

Additionally, we leverage contextual information from the
aligned LiDAR data to remove isolated radar points, since
radar point clouds are much sparser (500+ vs. 9000+ in
our case) and noisier than LiDAR under normal conditions.
Specifically, we project the combined point clouds onto a
bird’s-eye view (BEV) grid with a grid size of 0.8 m. If no
LiDAR points are found in a neighboring 3 × 3 grid area
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Figure 2: Comparison between the radar scene flow labels
(red arrow) generated by our method (c and d) and previ-
ous methods (a and b). The illustration shows a moving car
(white bounding box) from both bird’s-eye (a and c) and side
views (b and d), with blue radar points and green LiDAR
points correspond to it. The magenta arrows represent the ra-
dial projection of the generated radar scene flow labels, and
cyan arrows represent point-wise ARV captured by the radar
sensor. The highlighted yellow radar points indicate signif-
icant differences between the radial projection of abosolute
scene flow and ARV.

around a given radar point, that radar point is discarded. This
loose search range ensures that only a few irregular radar
points are removed and valid radar points are reserved even
when the radar penetrates obstacles.

Scene Flow Label Generation. We generate in-box scene
flow labels for both LiDAR and radar point clouds based on
the rigid transformation between the corresponding tracking
boxes in the frame sequence. In this process, points outside
the labeled boxes are assigned flow values of 0 m/s. To ad-
dress the noisy nature of radar points that may fall outside
the boxes, we apply a two-pronged strategy to re-estimate
the flow for those radar points outside the labeled boxes but
with ARV>0.5 m/s. First, we calculate the distance of each
candidate radar point to the center of its nearest bounding
box. Given that tracking boxes have different sizes across
categories, we use the class labels in the VoD dataset to
set category-specific distance thresholds based on statisti-
cal results from the training set. This allows us to determine
whether a radar point is a valid dynamic point by consid-
ering its distance to the nearest bounding box and the class
of the box. Additionally, we check the consistency between
the ARV and the candidate radial flow for these radar points,
with a conservative threshold of γthre = 1 m/s:

|radial(vi)−ARVi| < γthre. (4)

Candidate radar points that do not satisfy this condition
are classified as static background points. As illustrated in
Fig. 2, our two-pronged approach generates more reliable
scene flow ground truth for radar inputs, mitigating the neg-
ative effects of poor radar label quality in both the training
and evaluation phases.

RaLiFlow Network
Framework Architecture. Fig. 3 illustrates the overall
framework of our proposed RaLiFlow. Given two consec-
utive point cloud frames of radar (PR, QR) and LiDAR
data (PL, QL), we first extract a pseudo 2D feature map for
each point cloud using pillar-based encoder (Desai, Schu-
mann, and Alsheakhali 2020), denoted as ϕ(·). A Gaussian
heatmap generated from radar dynamics and a pair of pseudo
2D features from different modalities in each frame are then
fed into our Dynamic-aware Bidirectional Cross-modal Fu-
sion (DBCF) module. The DBCF module integrates radar
dynamics into bidirectional local cross-attention between
radar and LiDAR features to generate fused feature maps
for each modality, denoted as φ(·). Here, φ(·) represents the
combined operator of ϕ(·) and the DBCF module. Subse-
quently, these fused features are then concatenated and fed
into a U-Net backbone to produce a 2D flow embedding
map. Finally, the flow embeddings, raw source point clouds,
and concatenated fused feature maps from two frames are
fed into two GRU-based flow heads (Cho et al. 2014; Zhang
et al. 2024a), which iteratively generate the final scene flow
predictions for each modality separately. Our RaLiFlow is
trained using three loss functions: the LiDAR flow loss Lli,
the masked radar flow loss Lra, and the instance-level flow
consistency loss Lins, as detailed in Sec. .

Dynamic-aware Bidirectional Cross-modal Fusion. To
promote the interaction of complementary information
across modalities, cross-attention provides a straightfor-
ward approach for fusing radar and LiDAR data. However,
to better leverage the inherent motion information in 4D
millimeter-wave radar and mitigate detail loss caused by the
large receptive fields in global attention-based operations,
we propose a novel Dynamic-aware Bidirectional Cross-
modal Fusion (DBCF) module. This module integrates
radar dynamics into a localized cross-attention mechanism.
Specifically, radar dynamics-aware local cross-attention is
applied bidirectionally: radar serves as the query to fuse lo-
cal neighbors in the LiDAR domain, and vice versa, LiDAR
serves as the query to fuse local neighbors in the radar do-
main.

Fig. 4 illustrates the detailed process of how to conduct
the one-directional radar-to-LiDAR fusion. In this case, each
non-sparse feature in the LiDAR feature map will be se-
lected as query Q, and the non-sparse features in the 3 × 3
neighboring area of the radar feature map will be collected
as keys K. After that, a relative 2D position encoding will
be added to these neighboring features, yileding values V
for the following cross-attention operation.

The absolute radial velocity (ARV) measurement from 4D
radar naturally facilitates dynamic perception of the scene,
allowing us to focus on challenging areas that are more
likely to be dynamic when performing cross-attention opera-
tions. As shown in Fig. 4, the dynamic radar map represents
pillars containing radar points with ARV>0.1 m/s. We cal-
culate the 2D distance D from each grid center to its nearest
dynamic radar grid center, and the Gaussian heatmap G is
then generated as follows:

G = exp(−D2/σ2), (5)
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Figure 4: The process of one-directional dynamic-aware
cross-modal fusion, with LiDAR feature serving as the
query.

where σ determines the bandwidth of the Gaussian distribu-
tion. The generated G assigns higher weight to 2D features
locate near the radar dynamic area when integrating modal-
ity § into modality †:

A§→†(Q
†,K§, V §|G) = Softmax(

Q†(K§)T√
c

⊙G)V §,

(6)
where c is the channel dimension and ⊙ is the element-wise
multiplication. Then the fused 2D feature maps φ(·) in each
frame can be calculated from the previous pseudo 2D fea-

ture maps ϕ(·). For the source frame, φ(PR) and φ(PL) are
constructed as follows:

φ(PR) = AL→R(Q
R,KL, V L|G) + ϕ(PR), (7)

φ(PL) = AR→L(Q
L,KR, V R|G) + ϕ(PL). (8)

Loss Function
LiDAR Flow Loss. As most of the LiDAR points in real
scenarios are static, we adopt the loss in (Zhang et al. 2024a)
to balance the contribution of the input points. Since point-
wise speed s(pj) can be directly obtained from current flow
prediction, the points in PL are divided into three point sets
with different ranges of motion speeds:

pj ∈


SL
1 if s(pj) > 1.0 m/s

SL
2 if s(pj) < 0.4 m/s

SL
3 o.w.

. (9)

where SL
1 ∪ SL

2 ∪ SL
3 = PL. The LiDAR flow loss is calcu-

lated as:

Lli =
3∑

k=1

1

|SL
k |

∑
pj∈SL

k

∥∥VL(pj)−VL
gt(pj)

∥∥
2
. (10)

Masked Radar Flow Loss. Since radar point clouds are
much sparser and noisier, we filter out unreliable radar
points with mismatched flow labels and ARV during loss
calculation to reduce its negative impact on network train-
ing. Using Eq. (4), a point-wise confidence mask is gener-
ated for all radar points: mr

i = 1(|radial(vgt,i)−ARVi| <
γthre). 1(·) returns one when the condition in (·) is satis-
fied. Similarly, the filtered radar points are divided into three
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point sets: SR
1 ∪SR

2 ∪SR
3 = {pi|mr

i = 1,pi ∈ PR}. Similar
to Eq. (10), our masked radar flow loss is formulated as:

Lra =
3∑

k=1

1

|SR
k |

∑
pi∈SR

k

∥∥VR(pi)−VR
gt(pi)

∥∥
2
. (11)

Instance-level Dynamic Flow Consistency Loss. Scene
flow estimation on featureless surfaces is challenging be-
cause the network tends to match the points in the source
frame to nearby areas with similar features in the target
frame, which may lead to underestimated flow predictions.
To address this issue, we suggest that the flow estimation re-
sults within each foreground instance should be consistent
with the maximum flow among them. Specifically, we first
identity H foreground instances {Insh}Hh=1 in the source
frame based on the tracking boxes provided by the dataset.
For each instance Insh, we collect the corresponding radar
points PR

h and LiDAR points PL
h located within it. Note

that the valid dynamic radar points, as verified in Sec. , are
also assigned to their nearest foreground instance. We then
select and merge the dynamic points from both modalities
to form a dynamic point set: PD

h = {pc | ∥Vgt(pc)∥2 ≥
0.5 m/s, pc ∈ (PR

h ∪ PL
h )}. Next, we find the index of the

point in PD
h with the largest estimated scene flow:

κ = argmax
c

{
∥V(pc)∥2

∣∣∣ pc ∈ PD
h

}
. (12)

Based on this, we define the instance-level dynamic flow
consistency loss as:

Lins =
H∑

h=1

1

|PD
h |

∑
pc∈PD

h

∥V(pc)−V(pκ)∥2 . (13)

Finally, the total loss for RaLiFlow incorporates all three
losses introduced above:

Ltotal = Lli + Lra + Lins. (14)

Experiments
Experimental Setup
Datasets. With the data prepocessing procedure proposed in
Sec. , we derive a Radar-LiDAR-based scene flow dataset
from the View-of-Delft (VoD) dataset (Palffy et al. 2022).
Currently, the VoD dataset is the only public automotive
dataset that contains synchronized and calibrated real-world
data of LiDAR and 4D radar point clouds, ego vehicle’s
odometry, images, and 3D tracking box annotations frame
by frame (total 8,600 frames). We follow the official split of
the VoD dataset and generate scene flow labels for the train-
ing and validation set. The unlabeled test set is unused in our
case. Following previous works (Ding et al. 2022a, 2023) on
VoD dataset, only points within the viewing frustum are re-
served, because the tracking annotation and radar data are
not available in other regions.
Implementation Details. For a fair comparison with the
previous works, we follow (Zhang et al. 2024a) and use
four GRU iterations for flow prediction. We set 1/σ2 = 10

for computation efficiency. With a resolution of 0.1 m for
each pillar encoder, we train our RaLiFlow and other pillar-
based methods (Jund et al. 2021; Zhang et al. 2024a) for
150 epochs. To compare with voxel-based Flow4D (Kim
et al. 2025), we implement both the official 2-frame version
and a corresponding Flow4D* version, which sets the edge
length of the voxel cube to 0.2 m and 0.1 m during voxeliza-
tion, respectively. These voxel-based models are trained for
400 epochs. During training, we use Adam optimizer with
an initial learning rate of 2 × 10−6. In addition, we fol-
low (Ding et al. 2023) to generate the extra required optical
flow labels and train CMFlow on our proposed dataset un-
der fully-supervised settings. Following official settings on
VoD dataset, RaFlow (Ding et al. 2022a) and CMFlow are
trained for 50 and 75 epochs, respectively. All the methods
are trained on the VoD training dataset.
Evaluation Metrics. The End Point Error (EPE) measures
the L2 norm of the discrepancy between the scene flow
predictions and the ground truth flow vectors. Following
previous works (Jund et al. 2021; Zhang et al. 2024a,b;
Khoche et al. 2025; Kim et al. 2025), we adopt the three-
way Endpoint Error (3-way EPE) for evaluation, which com-
putes the unweighted average EPE of points located in Fore-
ground Dynamic (‘FD’), Background Static (‘BS’) and
Foreground Static (‘FS’) regions. For a convenient com-
parison with other existing methods which do not support
3-way EPE evalution, we also present the commonly used
3D end-point-error (3D EPE) results, which is the averaged
EPE result over all input points in the source frame.

Main Results
Quantitative Results. Since there is currently no other
method that supports joint scene flow estimation on both
radar and LiDAR point clouds, we compare our proposed
method with other state-of-the-art single-modal methods in
this section. Extensive comparisons are made with the pillar-
based FastFlow3D (Jund et al. 2021) and DeFlow (Zhang
et al. 2024a), the voxel-based Flow4D (Kim et al. 2025) as
well as the point-based RaFlow (Ding et al. 2022a) and CM-
Flow (Ding et al. 2023). The experimental results in Table 1
demonstrate that our RaLiFlow achieves the leading position
on VoD dataset with its novel and powerful radar-LiDAR fu-
sion strategy and loss design. Compared with the radar-only
baseline CMFlow (Ding et al. 2023), our RaLiFlow presents
a significant performance improvement of 70.5% on the 3D
EPE metric and a large error reduction of 50.2% on the 3-
way EPE metric. Compared with LiDAR-only baselines, our
RaLiFlow outperforms the best DeFlow (Zhang et al. 2024a)
by a remarkable margin of 21.5% on the 3D EPE metric and
19.5% on the 3-way EPE metric. Note that our RaLiFlow
can dynamically adapt to large scale real-world data inputs;
RaFlow (Ding et al. 2022a) and CMFlow (Ding et al. 2023),
on the other hand, only supports a fixed input size of 256
points. The quantitative results in Table 1 demonstrate the
effectiveness of our RaLiFlow architecture and loss design.

Qualitative Results. In Fig. 5, we compare the qualita-
tive outcomes of our RaLiFlow with scene flow groundtruth
(GT) and the state-of-the-art single-modal methods. While
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Method Sup. Input
Lidar Radar

Endpoint Error (↓) Endpoint Error (↓)
3-way 3D FD BS FS 3-way 3D FD BS FS

FastFlow3D (Jund et al. 2021) Full L 0.0789 0.0491 0.1625 0.0348 0.0395 - - - - -
Flow4D (Kim et al. 2025) Full L 0.0771 0.0414 0.1708 0.0248 0.0359 - - - - -
Flow4D* (Kim et al. 2025) Full L 0.0732 0.0380 0.1650 0.0219 0.0326 - - - - -
DeFlow (Zhang et al. 2024a) Full L 0.0691 0.0321 0.1562 0.0152 0.0359 - - - - -
RaFlow (Ding et al. 2022a) Self R - - - - - 0.1823 0.1678 0.2982 0.1458 0.1030
CMFlow (Ding et al. 2023) Cross R - - - - - 0.1180 0.1242 0.1652 0.1187 0.0699
RaLiFlow (Ours) Full L+R 0.0556 0.0252 0.1282 0.0116 0.0269 0.0588 0.0366 0.1298 0.0206 0.0261

Table 1: Quantitative comparison on VoD validation set. RaFlow is self-supervised, and CMFlow requires cross-modal super-
vision from ego motion, dynamic segmentation, 2D optical flow and 3D scene flow labels; all the other methods are supervised
by their input modalities. L denotes LiDAR input, and R denotes radar input.

Radar GT CMFlow RaLiFlow

LiDAR GT DeFlow RaLiFlowRGB image

Radar in image

Speed

Motion 
Angle (2D)

Figure 5: Qualitative Results on VoD validation dataset. The top row and the bottom row display the LiDAR-based and radar-
based scene flow estimation results. The direction and magnitude of each flow vector are employed as hue and saturation,
respectively. We enlarge the point size for better illustration, and the size of the radar point projected in the image reflects its
depth in the 3D space.

DeFlow (Zhang et al. 2024a) fails to estimate the dynamic
flows on pedestrians circled in yellow, our method generates
more sensible scene flow prediction results. It can also be
observed that CMFlow (Ding et al. 2023) is limited by the
fixed size of the input radar point cloud and produces less re-
liable and sparser flows. Specifically, CMFlow (Ding et al.
2023) wrongly estimates the flows in the background and
produces inaccurate flows for the pedestrian circled in yel-
low. Compared with other methods, our RaLiflow generates
scene flow predictions that best match the ground truth.

Ablation Studies
DBCF Module. We examine the design of DBCF module
by replacing it with different radar-LiDAR fusion methods.
As shown in Table 2, our DBCF module with bidirectional
cross-attention operation outperforms the simple concatena-
tion of radar and LiDAR 2D feature maps. Compared to
simple concatenation, DBCF integrated with attentive Gaus-
sian weights from radar dynamics achieves an overall perfor-
mance improvement of 7.8% on the LiDAR 3-way EPE met-

ric and 7.3% on the radar 3-way EPE metric. Furthermore,
the addition of radar dynamics improves the prediction accu-
racy of the DBCF in the most challenging FD region as well
as the BS area, which illustrates that our novel DBCF better
utilizes input radar data to promote a more comprehensive
understanding of dynamic environments and achieve effec-
tive cross-modal fusion.

Loss Terms. The exprimental results in Table 3 demon-
strate that our masked Lra is able to reduce the adverse im-
pact of unreliable radar points during training, enhancing the
network performance in the difficult FD region for radar.
Moreover, incorporating the Lins constraint effectively re-
duces the scene flow estimation error on geometrically fea-
tureless moving surfaces, resulting in a significant perfor-
mance improvement of 7.4% on the LiDAR 3D EPE metric
and 8.7% on the radar 3D EPE metric.

Combination of Input Modalities. To further validate the
effectiveness of our radar-LiDAR fusion method, we evalu-
ate the radar-only and LiDAR-only performance under our
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Fusion Method
Lidar Radar

Endpoint Error (↓) Endpoint Error (↓)
3-way 3D FD BS FS 3-way 3D FD BS FS

Concat 0.0603 0.0294 0.1358 0.0153 0.0297 0.0634 0.0408 0.1371 0.0242 0.0289
DBCF w/o Gaussian 0.0562 0.0261 0.1292 0.0127 0.0269 0.0596 0.0374 0.1312 0.0214 0.0262
DBCF with Gaussian 0.0556 0.0252 0.1282 0.0116 0.0269 0.0588 0.0366 0.1298 0.0206 0.0261

Table 2: Ablation study of Fusion methods on VoD validation set.

Lra Lins

Lidar Radar
Endpoint Error (↓) Endpoint Error (↓)

3-way 3D FD BS FS 3-way 3D FD BS FS
masked 0.0577 0.0272 0.1314 0.0132 0.0286 0.0610 0.0401 0.1300 0.0243 0.0287
w/o mask ✓ 0.0559 0.0254 0.1289 0.0118 0.0270 0.0596 0.0368 0.1320 0.0206 0.0263
masked ✓ 0.0556 0.0252 0.1282 0.0116 0.0269 0.0588 0.0366 0.1298 0.0206 0.0261

Table 3: Ablation study of Loss functions on VoD validation set. Lra w/o mask simply sets mr
i = 1 for all radar points pi ∈ PR.

Input
Lidar Radar

Endpoint Error (↓) Endpoint Error (↓)
3-way 3D FD BS FS 3-way 3D FD BS FS

L+L 0.0673 0.0292 0.1555 0.0130 0.0333 - - - - -
R+R - - - - - 0.0861 0.0561 0.1926 0.0325 0.0330
L+R 0.0562 0.0261 0.1292 0.0127 0.0269 0.0596 0.0374 0.1312 0.0214 0.0262

Table 4: Ablation study on different combination of input modalities on VoD validation set. ‘FD’ represents Foreground Dy-
namic, ‘BS’ represents Background Static, and ‘FS’ represents Foreground Static. L denotes LiDAR input, and R denotes radar
input. RaLiFlow† is trained for 150 epochs with a batch size of 8 for this ablation.

proposed framework by duplicating one modality to pre-
serve network structure. Since the generation of Gaussian
heatmap requires radar information which is unavailable un-
der LiDAR-only settings, we conduct this ablation study on
RaLiFlow†, which is another version of original RaLiflow
without Gaussian heatmap integrated in the DBCF module.
For LiDAR-only input ablation, Lli and Lins are employed
for supervion; and for radar-only ablation, Lra and Lins are
adopted for network training.

As shown in Table 4, the performance of our RaLiFlow†

with LiDAR and radar input outperforms that of single-
modal input on all evaluation metircs. Compared with
LiDAR-only and radar-only cases, our radar-LiDAR fusion
strategy improves the overall scene flow estimation perfor-
mance on the 3-way EPE metric by 16.5% and 30.8%, re-
spectively. This analysis verifies the complementary role of
each sensor and the effectiveness of our cross-modal fusion
design. Moreover, it can also be observed that the single-
modal scene flow estimation results on our RaLiFlow† still
outperform the corresponding prior state-of-the-art methods,
demonstrating the advanced performance of our framework.

Conclusion
In this paper, we propose the first joint scene flow learning
framework for 4D radar and LiDAR point clouds, namely
RaLiFlow. We explore the complementary information in-
teraction between these two modalities and achieve effective
radar-LiDAR fusion via our novel DBCF module. We also

delve deeper into the inherent characteristics of 4D radar
data and propose a novel data preprocessing strategy to gen-
erate more reliable radar scene flow labels based on the VoD
dataset. The significant performance improvement of RaL-
iFlow over existing single-modal methods on the repurposed
scene flow dataset demonstrates that our joint scene flow
learning architecture effectively promotes the synergistic in-
tegration of 4D radar and LiDAR information. We hope our
work highlights the promising potential of radar-LiDAR fu-
sion for scene flow learning in the future.
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