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Abstract

Accurate 3D scene motion perception significantly enhances
the safety and reliability of an autonomous driving system.
Benefiting from its all-weather operational capability and
unique perceptual properties, 4D mmWave radar has emerged
as an essential component in advanced autonomous driving.
However, sparse and noisy radar points often lead to impre-
cise motion perception, leaving autonomous vehicles with
limited sensing capabilities when optical sensors degrade un-
der adverse weather conditions. In this paper, we propose
RadarMP, a novel method for precise 3D scene motion per-
ception using low-level radar echo signals from two consec-
utive frames. Unlike existing methods that separate radar tar-
get detection and motion estimation, RadarMP jointly models
both tasks in a unified architecture, enabling consistent radar
point cloud generation and pointwise 3D scene flow predic-
tion. Tailored to radar characteristics, we design specialized
self-supervised loss functions guided by Doppler shifts and
echo intensity, effectively supervising spatial and motion con-
sistency without explicit annotations. Extensive experiments
on the public dataset demonstrate that RadarMP achieves re-
liable motion perception across diverse weather and illumi-
nation conditions, outperforming radar-based decoupled mo-
tion perception pipelines and enhancing perception capabili-
ties for full-scenario autonomous driving systems.

Project: — https://github.com/chengrui7/RadarMP

Introduction

Millimeter-wave (mmWave) radar plays a crucial role in au-
tonomous driving perception and navigation (Wang et al.
2022; Wang, Wang, and Liang 2024; Li et al. 2025) systems
due to its unique wavelength, which can penetrate weather
obstacles. However, conventional CFAR-based radar detec-
tion methods (Pace and Taylor 1994; Blake 1988) rely on
statistical assumptions and lack the capacity to model com-
plex background clutter or dynamic scenes, resulting in de-
graded detection performance and producing sparse, noisy
radar point clouds. Recent research has proposed deep learn-
ing methods (Cheng et al. 2022; Fan et al. 2024; Roldan et al.
2024) that utilize dense point clouds from LiDAR and cam-
era to supervise radar target detection. Due to their differ-
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Figure 1: Motivation schematic. The red boxes mark a tar-
get inter-frame motion in three modalities. The image and
LiDAR are shown for visualization purposes only. In the
radar heatmap, target motion aligns with the direction of en-
ergy propagation, revealing our key motivation.

ent electromagnetic characteristics, using optical sensors to
train a radar point enhancement model forces radar to fo-
cus on some less prominent reflections in the heatmap and
echo signals, thereby hindering the complementarity of mul-
timodal sensing in autonomous systems (Venon et al. 2022).
Precise 3D scene motion perception is essential for scene
understanding in autonomous driving. Scene flow, which es-
timates the pointwise motion in the 3D world by leveraging
two consecutive frames from cameras (Yin and Shi 2018;
Bayramli, Hur, and Lu 2023) or LiDARSs (Shen et al. 2023;
Cheng and Ko 2023; Qingwen et al. 2024), has been studied
for years. With the emergence of 4D mmWave radar, the im-
proved spatial resolution has made it feasible to perform the
scene flow estimation task. But radar point clouds produced
by low signal-to-noise ratio (SNR) target detectors exhibit
significant noise and temporal inconsistency, leading to rel-
atively unreliable and inaccurate scene flow estimation. To
the best of our knowledge, Ding et al. (Ding et al. 2022,
2023) employ self-supervision and cross-modal supervision
to estimate scene flow from two frames of radar point clouds
on the VoD dataset (Palffy et al. 2022), making them the
only existing works in this context, and their performance
remains substantially inferior to LIDAR-based methods.
Our motivation stems from the assumption that the energy
flow of target points across adjacent frames of radar echo
signals should be consistent with the motion field, as shown
in Figure 1. In contrast, the energy flow of noise points tends



to be disordered and irregular. To enhance the scene motion
perception capability of mmWave radar and remove false
targets from radar echoes, we design a radar target detec-
tor that is consistent with the motion field of the adjacent
radar frame, and simultaneously outputs scene flow estima-
tion while detecting targets. Our method begins with the two
successive 4D radar tensors, derived via multi-dimensional
FFT, to perform consistent radar target detection and scene
flow estimation. The radar tensor is a low-level representa-
tion of radar signals, storing echo intensity in a 4D cube (i.e.,
a tesseract). Several works (Ding et al. 2024; Chae, Kim,
and Yoon 2024) have achieved high-accuracy object detec-
tion and occupancy prediction tasks using radar tesseract,
which demonstrates the excellent performance of this signal
format in mmWave radar applications.
Our contributions can be summarized as follows:

1. We propose RadarMP, the first architecture that jointly
addresses mmWave radar target detection and scene flow
estimation tasks, using adjacent frame radar tesseract sig-
nal inputs to generate consistent radar point clouds and
scene flow outputs.

2. We introduce multiple specialized self-supervised loss
functions based on the Doppler characteristics and echo
intensity of radar signals to supervise both point cloud
generation and scene flow estimation.

3. We conduct extensive experiments on the public dataset
to validate the performance and effectiveness of the pro-
posed method, which significantly enhances the motion
perception capability of mmWave radar in full-scenario
autonomous driving systems.

Preliminary
Radar Tesseract Generation Workflow

Radar transmits electromagnetic beams via its transmit
(TX) antennas, which are reflected by targets and re-
ceived by the receive (RX) antennas as echo signals. Most
4D mmWave radars use Frequency-Modulated Continuous
Wave (FMCW) signals for transmission. A single frame of
FMCW radar typically consists of multiple transmission cy-
cles (i.e., chirp) where the signal frequency increases lin-
early over a short time within a chirp. Each TX-RX antenna
pair processes the echo signals in a radar frame through a
mixer and an Analog-to-Digital converter (ADC), resulting
in digital signals referred to as raw ADC data. All raw ADC
data are organized along the signal duration, chirp index, and
antenna pair dimensions to form a 3D complex data cube,
where the three axes correspond to fast time, slow time, and
channel, respectively.

Fast Fourier Transforms (FFTs) are applied along the
corresponding dimensions of the ADC data to extract de-
tailed physical-domain information to construct a 4D radar
tensor: range FFT recovers the propagation delay as range
bins r, Doppler FFT estimates relative radial velocity d,
and two spatial FFTs across the antenna array yield az-
imuth a and elevation e angles of arrival (AoA). The de-
tailed workflow is depicted in Figure 2. In this paper, we
refer to the 4D tensor as the tesseract, where each cell cor-
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Figure 2: Tesseract generation pipeline. Radar antenna ar-
ray transmits multiple chirp signals per cycle. After receiv-
ing the echoes, the signals are mixed and sampled by ADCs
to obtain the raw radar data, which is transformed into a
radar tesseract via multi-dimensional FFT.

responds to the echo intensity at a location (d, r, a, €) in the
Doppler-range—azimuth—elevation space for a radar frame.

Radar Tesseract for Motion Perception

The radar tesseract exhibits a dense structure capable of cap-
turing motion in complex 3D environments, combining the
depth dimension of LiDAR with the dense coverage char-
acteristic of camera images. It preserves the comprehensive
measurement of raw radar signals, avoiding the sparsity,
noise, and clutter commonly introduced during traditional
radar point cloud preprocessing. For specific targets that are
often overlooked during radar signal preprocessing but are
critical in autonomous driving scenarios (such as pedestrians
wearing low-reflectivity clothing, pets with fur, or asphalt
road surfaces), the tesseract could significantly enhance mo-
tion perception and contribute to the safety and reliability of
autonomous driving systems.

Despite its advantages, using the radar tesseract for mo-
tion perception remains a challenging task. The dense struc-
ture of the radar tesseract results in substantial memory con-
sumption (each frame in the Kradar dataset occupies nearly
300 MB), necessitating carefully designed models and pro-
cessing strategies to mitigate GPU memory pressure and en-
hance computational efficiency. Moreover, the noise within
the tesseract is further amplified by the multipath effects in-
herent to mmWave signals, needing effective filtering mech-
anisms to suppress the adverse impact of such noise on mo-
tion perception performance.

Methodology
Task Defination

In this work, we address the motion perception task using
two consecutive radar tesseracts output from a 4D mmWave
radar. The input consists of a source frame S € RP XX AxE
and a target frame T € RP*XEXAXE "where D, R, A, and
E denote the Doppler, range, azimuth, and elevation dimen-
sions respectively.

Our framework simultaneously solves two complemen-
tary subtasks:

1. Segmentation Prediction: We generate a binary seg-
mentation mask M € {0, 1}7¥*4%E for the source frame



S, where M(r, a,e) = 1 identifies valid targets at spa-
tial position (7, a, e), while M(r, a, ¢) = 0 denotes noise
points.

. Scene Flow Estimation: For each detected target point
in the source frame S (where M(r, a,e) = 1), we esti-
mate a 3D scene flow field F = {f;}. Each flow vector
f; = (Ar;, Aa;, Ae;) represents the displacement of the
target along the Range, Azimuth, and Elevation axes.

Overview

The overall architecture is illustrated in Figure 3. The two
consecutive radar tesseracts are first unfolded along the three
spatial planes, and a flow estimation network processes each
plane to obtain coarse initial motion estimates and gener-
ate 3D reference points. After encoding along the Doppler
channel dimension, the tesseracts are passed through dense
3D convolutions to extract multi-scale radar features. Com-
bining the multi-scale features with the 3D reference points,
RadarMP employs a multi-scale deformable cross-attention
module to extract inter-frame correlation features. We en-
hance the correlation features with global context across dif-
ferent dimensions to distinguish motion cues, and finally de-
code to produce motion perception outputs trained in a self-
supervised manner. The following section elaborates on the
RadarMP framework and our tailored self-supervised loss
functions.

Doppler Channel Encoding

Unlike the other three spatial dimensions, prior studies
(Paek, Kong, and Wijaya 2023; Kong, Paek, and Lee 2024;
Chae, Kim, and Yoon 2024) have considered the Doppler di-
mension D at each (r, a, e) coordinate to be redundant and
often reduced to a minimal-dimensional representation by
applying average or max pooling. However, the Doppler axis
at each spatial location encodes critical motion-related at-
tributes, providing both semantic and physical cues for seg-
mentation and scene flow estimation, relatively.

To this end, it is necessary to encode the energy values
along the Doppler dimension. We treat the Doppler axis in
each voxel as feature channels and apply a multi-layer per-
ceptron (MLP) to transform them into a compact represen-
tation. The encoded output is a Doppler-aware feature vec-
tor [ 4 € RCaXEXAXE Ty processing the Doppler axis, we
not only consider the raw power, but also incorporate the
corresponding Doppler velocity associated with each index.
The energy distribution along the Doppler axis reflects the
confidence of each spatial location with respect to different
Doppler velocities. To capture this, we apply both Softmax
and Gumbel-Softmax (for one-hot) (Jang, Gu, and Poole
2017) functions to encode the Doppler velocity. For each
spatial location (r, a, e), we denote the raw Doppler bins as
P; € RP. The Doppler velocity feature f ,, is computed as
follows:

F »1 = sum(matmul(Axz4, Softmax(Py))), )
F v2 = sum(matmul(Ax 4, GumbelSoftmax(P,))),

where Az4 € RP denotes the Doppler axis. Finally, we con-
catenate F ,, with f 4 forming the final Doppler-aware repre-
sentation [ g, € R(Cat2)xRxAxE
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Note that the Doppler encoding process is applied identi-
cally to both the source frame S and target frame T. Conse-
quently, this approach enables us to reduce the first dimen-
sion of tesseract to D/8 while retaining the essential char-
acteristics of the Doppler bins.

Correlation Feature Extraction

Directly applying dense correlation over the entire 3D radar
spherical space, as in image-based cost volumes, would
lead to severe memory overhead. Deformable attention (Zhu
et al. 2021) has demonstrated strong performance in 3D ob-
ject detection and occupancy prediction tasks, while signif-
icantly reducing the computational complexity of attention
modules. Inspired by this, we treat the source frame S as
the query and the target frame T as the value, and compute
a correlation field using cross-deformable attention between
the two radar tesseracts.

As a definition, given a query feature q and its corre-
sponding reference point p, deformable attention updates
the query by aggregating features from the value feature V
according to the following equation:

DeformAttn(q, p, V) =
M K

m=1 k=1
where Ap,,x and A, are learnable sampling offsets and
learnable attention weight predicted from the query q for
its myyp, head and kyy, sampling point, V(p + Ap,,x) is the
value features at the sample location (p + Ap,,x), and W,
and W/ are the learnable transformation matrix for the 7,

m

attention head.

2

Correlation Reference Point For optimal correlation fea-
ture capture through deformable attention, we should align
the reference points as closely as possible to their actual
warped locations in the target frame. Inspired by the pro-
jection of 3D cubes onto 2D planes in DPFT (Fent, Palffy,
and Caesar 2024), we project both S and T onto range-
azimuth (RA), range-elevation (RE), and elevation-azimuth
(AE) planes. Subsequently, we employ a pretrained PWC-
Net (Sun et al. 2018) architecture to predict the energy flow
directions on these 2D projections. We slightly modify the
original PWC-Net to regress 2D motion fields at three dif-
ferent scales (i.e., 1, 1/2, and 1/4) for providing multi-scale
reference point. The output motion fields consist of three 2D
flow components: F,,, F,.., and F,.. Taking the RA-plane
flow as an example, it is defined as F,, = {f!,}, where
each f!, € R¥*1 3 with [ = 0,1, 2.

The reference point coordinates P = {p;} at each feature
level [ are computed by averaging the 2D flow predictions
across three spatial planes (RA, RE, and AE). Specifically,
the estimated motion in each plane is extended along the
missing spatial dimension to construct full 3D flow volumes.
The reference coordinates p; € R3% 51 X Xt are obtained
by applying the averaged flow displacements to the original
query grid positions along the range, azimuth, and elevation
axes.
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Figure 3: Pipeline Overview. RadarMP processes two consecutive radar tesseracts through Doppler encoding and correlation
feature extraction, followed by global motion pattern perception to derive motion cues, and finally decodes them into segmen-

tation masks and flow predictions.

Multi-Scale Deformable Cross Attention To capture
motion information at multiple scales, we employ multi-
scale deformable attention (Zhu et al. 2021; Li et al. 2023)
to update the correlation features between S and T. First,
we extract two three-level feature pyramids, f % and F E
from the Doppler-encoded features £ 5, and F T using a
ResNet3D backbone (Hara, Kataoka, and Satoh 2018). Tak-
ing the source frame as an example, the pyramid is defined
as F§ = {FP}, where each F¥ € RCM%X%XFE& with
l =0,1,2. We apply the MLP to unify the channel dimen-
sions across multiple scales and flatten them, producing the
query Qs and the value V. In our method, the correlation
feature f . between the two radar tesseracts is computed via
the following multi-scale deformable attention equation:

MSDeformAttn(q, p, {vi}) =
M L K
Wi (D3 At - Wi, v (P + APmur) | »
1 1=1 k=1

where Vo = {vl.} is the multi-scale feature maps of the
target frame, Ap,,;r and A,,;; are the learnable sampling
offsets and learnable attention weight predicted from the
query q for its k;, sampling point at the [, feature level
and the myy, head.

Both the key and query elements are from the flatten
multi-scale feature maps. The reference pointp € P = {p;}
for each query feature q € Qs = {qk} is computed at the
corresponding scale via the pseudo warping operation. By
applying Eq. (3) to perform multi-scale feature interaction

on /%5, and f T, the resulting multi-scale correlation fea-
ture map F € = {F €} is derived as follows:

3)

m=

“

By applying a Feature Pyramid Network (FPN) (Lin et al.
2017) to aggregate the multi-scale correlation features, we
obtain the correlation representation f . € ROXRXAXE

Fe= MSDeformAttn(q7 p, {vfr}), q € q.
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which captures the correspondence between the two radar
frames across multiple resolutions.

Global Motion Pattern-Aware Module

Decoding target segmentation requires awareness of global
motion patterns to distinguish the spatial distribution of
tesseract motion. The motion characteristics of noise, static
targets, and dynamic targets are disordered, globally corre-
lated, and locally correlated, respectively. To provide suffi-
cient cues for accurate segmentation, we introduce two self-
attention modules to capture global context and enhance ef-
fective target detection.

Global Patch Self-Attention [ . is derived from the sum-
mation of multi-scale correlation feature map £ € and the
query feature Qg during output. Consequently, /. con-
tains both context feature and correlation feature. To min-
imize memory consumption, we employ the token reduction
strategy in conjunction with ViT (Dosovitskiy et al. 2021).
Specifically, [ . is partitioned into 4 x 4 x 4 patches, with
each patch treated as one token in the Transformer encoder.
Since the pointwise motion vectors are correlated with the
spatial coordinates of the corresponding targets, we simi-
larly convert the polar coordinates of all spatial elements in
the radar tesseract into 4 X 4 x 4 patches as the positional
encoding for the corresponding feature tokens.

Direction Slice Self-Attention The final target flow field
is also correlated with the directional vector of each point
target, which remains constant across all range bins within
the same (a, e) slice. To preserve fine-grained segmentation
features that may be degraded by volumetric patching, we
propose a slicing strategy along the AE plane. We treat all
range bins at the (a,e) of [ . as a token to the Transformer
encoder and input the directional vector as the positional en-
coding for the corresponding (a, e) token, thereby enhanc-
ing the fine-grained representation of global motion pattern-
aware.



Segmentation and Flow Decoding

The features with segmentation cues obtained from the
global patch self-attention and direction slice self-attention
do not match the spatial dimensions of the original tesseract,
and thus need to be rescaled to the original resolution. Ob-
tained from global patch self-attention, f, € R“»> Exgxg
is restored by rearranging the patches along the channel di-

mension, resulting in f/ € Ror XBxAXE [ c REXAXE

is the output of the direction slice self-attention, whose spa-
tial dimensions are compressed along the range axis, leav-
ing only azimuth and elevation. We set its channel dimen-
sion equal to the number of range bins, so that each chan-
nel corresponds to the feature of one range bin. We expand
the channel dimension of f 4 to 1 and concatenate it with
F ;, to obtain the complete global motion pattern feature
Fg c RCsxRXAXE

The global motion pattern feature /4 and the correlation
feature F ., which contains the source frame’s contextual in-
formation, are respectively passed through MLPs and then
concatenated to form a unified feature F ,,. This unified fea-
ture is then fed into the segmentation head and the flow head
to produce the final outputs: the binary segmentation con-
fidence M, € RYEXAXE and the scene flow prediction
F, € R3*XEXAXE wwhere each value in M, € [0, 1].

Loss Function

To supervise motion perception, we introduce three self-
supervised loss terms: segmentation energy loss L., energy
flow loss L.y, and radial flow segmentation loss L, ¢,. The
overall loss function is formulated as:

&)

This loss function jointly optimizes the network from three
aspects: energy distribution, energy flow direction, and the
interaction between energy flow and energy distribution on
the Doppler channel, respectively.

L=Ls + /:ef + Erfs-

Segmentation Energy Loss We apply the Gumbel-
Softmax and mean operations across the Doppler dimension
of the tesseract to obtain the maximum and summation en-
ergy features, respectively. These are concatenated to form
Ey, which represents the maximum energy characteristics
at each (r, a, e) coordinate. Then, the noise energy level 7¢
is estimated from the local and channel energy statistics.
The greater the difference between Ky and ¢, the higher
the relative energy of the point, indicating a higher likeli-
hood of being a target candidate. Moreover, segmentation
masks should exhibit consistency between the source and
target frames. The segmentation energy loss is as follows:

Lse =M, — sigmoid(E? — T?)

(6)
+ M, x (warp(Mg, Fy) — Singid(EfT - TJ?))

Energy Flow loss The flow field of a target point must
align with its energy flow direction. Based on this assump-
tion, we introduce the Energy Flow Loss. Unlike optical flow
in images, the energy flow field also includes disordered
noise flows. To mitigate the impact of such noise on the loss
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function, we use energy intensity as the weighting factor, en-
couraging the model to focus more on the flow directions of
target points. The energy flow loss is as follows:

Ly = EF x (Ef — warp(ET, Fy)). (7)

Radial Flow Segmentation Loss The Doppler value (i.e.,
radial relative velocity) multiplied by the inter-frame time
At should approximate the radial projection of the truth flow
at the target point, which is the core insight behind the self-
supervision of the radial flow segmentation loss. We define
the Doppler candidate values f, (obtained from Doppler
channel encoding, as shown in Eq. (1)). For convenience,
we convert the polar coordinates volume (obtained from the
global patch self-attention) into Cartesian coordinates C.
The directional vector volume O (obtained from the direc-
tion slice self-attention) represents the direction vectors of
grid centers relative to the radar. The radial flow segmenta-
tion loss is as follows:

T S

L, ts = Mg — sigmoid(a(8 — 62)),

®)

where « and 3 represent the tolerance for &,,.

Experiment
Experimental Setup

Dataset We conduct experiments on the K-Radar dataset
(Paek, Kong, and Wijaya 2022), which is currently the only
autonomous driving dataset that provides radar signals in
the tesseract format. Moreover, the K-Radar dataset also in-
cludes time-synchronized multi-view images, LiDAR point
clouds, odometry information, and annotations for 3D object
detection and tracking. The front-view images and LiDAR
point clouds enable comparison of the performance of differ-
ent modalities in motion perception. We utilize the odometry
data, along with the 3D detection and tracking annotations,
to generate scene flow labels.

Implementation In our experiments, we train the model
using the Adam optimizer (Kingma and Ba 2015). The
learning rate is initially set to 0.001 and decays exponen-
tially by a factor of 0.9 every 2 epochs. The multi-scale
deformable cross-attention module in our method is con-
figured with three attention heads and 50 sampling points.
For the self-attention modules, we adopt the native Py-
Torch implementation with two heads and two layers. We
train RadarMP using three NVIDIA RTX 3090 GPUs. And
RadarMP achieves 7.6 fps inference on a 3090 using 7.5 GB
GPU memory.

Segmentation Evaluation

Metrics To evaluate the segmentation performance be-
tween target and noise in the radar tesseract, we need to
compare the occupancy consistency of the output against
the LiDAR point cloud. When the output target point has
at least 3 LiDAR points within its local neighborhood, we
consider it a true positive. Based on this criterion, we com-
pute probability of detection (F;) and probability of False
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Figure 4: Qualitative results. The left side shows the motion perception output of RadarMP alongside LiDAR point clouds
filtered by Rol with ground-truth scene flow. Columns 1—4 on the right side display radar target detection results from three

segmentation baseline methods and our RadarMP (RadarMP-P),

while rows 1-3 correspond to flow prediction results from

different scene flow baselines. A dynamic object in the scene is zoomed in at the bottom right to highlight the accuracy of
non-rigid motion estimation. Colors indicate motion vectors in the XY plane only and RGB image is used for visualization

only.

Alarm (Py,) as segmentation metrics. We also calculate the
Chamfer Distance (CD) between the predicted points and
the voxel-filtered LiDAR point set to evaluate the spatial
distribution of the target points. Moreover, we calculate the
average target energy and average noise energy based on
the segmentation results to compute the signal-to-noise ra-
tio (SNR) metric.

Baselines For a comprehensive comparison, we select the
traditional OS-CFAR method and two learning-based meth-
ods (Cheng et al. 2022; Roldan et al. 2024) that enhance 3D
radar point clouds using LiDAR supervision as baselines. In
the OS-CFAR method, the number of background cells is
set to 4, the guard cells to 1, and the false alarm rate to le-
6. Moreover, we adopt the default hyperparameters for the
learning-based methods to ensure fairness.
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Results We quantitatively compare with baseline methods
on the test sets, as presented in Table 1. Compared to rely-
ing on energy thresholds or LiDAR supervision for segmen-
tation, our method integrates energy constraints and scene
motion consistency, resulting in a significantly mean higher
detection probability of target points. Benefiting from the
combination of multiple loss functions, RadarMP avoids in-
troducing excessive pseudo targets, maintaining a low false
alarm rate while achieving a clear perception of the sur-
rounding scene, as illustrated in Figure 4.

Flow Evaluation

Metrics We adopt four commonly used scene flow met-
rics (Gu et al. 2019) to evaluate the performance of flow
field estimation: 1) EPE3D (m): the average end-point-error
between the predicted and ground-truth scene flow of target



Method Py(%)t  Pra(%)l CD@m)] SNR(dB)?T
OS-CFAR 1.643 0.311 10.030 5.477
RPDNet 9.311 1.821 7.590 5.175
Radelft 44.121 6.200 6.553 4.329
RadarMP | 69.458 1.335 3.378 5.232

Table 1: Radar target detection results. The bold number in-
dicates the best result, and the underlined number represents
the second-best result. T means bigger values are better, and
vice versa.

points, 2) AccS3D (%): the percentage of target points with
endpoint error satisfying the strict condition (EPE3D < 0.05
m or relative error < 5%), 3) AccR3D (%): the percentage
of target points meeting the relaxed condition (EPE3D < 0.1
m or relative error < 10%), 4) Outlier3D (Out3D) (%): the
percentage of target points whose endpoint error exceeds the
threshold (EPE3D > 0.3 m or relative error > 10%).

Method/Metric EPE3D| AccS3D?T AccR3D?T Out3DJ
OS-CFAR | 0.49 5.55 9.39 93.34

PPN RPDNet 0.35 11.38 16.73 79.72
Radelft 0.50 6.34 18.67 89.06
RadarMP-P| 0.22 20.01 39.74 59.62
OS-CFAR | 0.33 11.64 20.89 82.40

RaFlow RPDNet 0.31 12.90 25.65 78.12
Radelft 0.46 10.28 25.33 81.97
RadarMP-P| 0.18 18.88 40.64 53.40
OS-CFAR | 0.28 15.73 32.81 72.96

RPDNet 0.25 17.15 36.16 68.99

CMFlow Radelft 0.19 20.15 46.58 65.26
RadarMP-P| 0.17 20.40 4799  50.84
RadarMP (Ours) 0.15 21.37 46.87  44.73

Table 2: Scene flow evaluation results. Baselines include
combinations of a flow prediction model with different seg-
mentation methods.

Baselines We selected two self-supervised scene flow es-
timation methods as flow evaluation baselines: PointPWC-
Net (PPN), the first self-supervised method for point cloud
scene flow estimation, and RaFlow(Ding et al. 2022) and
CMFlow(Ding et al. 2023), the only two scene flow predic-
tion models designed for mmWave radar point clouds super-
vised by self and cross-modal, respectively. For a fair com-
parison, we apply these three methods to the radar points
generated from the segmentation baseline, as well as the
target point obtained from RadarMP (RadarMP-P), to pre-
dict scene flow. The scene flow estimated above is subse-
quently evaluated against the flow predictions generated by
RadarMP.

Results We show the evaluation metric results for flow
prediction in Table 2. Taking the complementary self-
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supervised losses from segmentation and flow estimation,
RadarMP predicts scene motion more accurately than base-
line methods using only two consecutive radar tensors. Fig-
ure 4 presents qualitative comparisons with all baselines
across two sample sequences. Compared to low-resolution
and noisy point clouds, the motion of strong reflectors, such
as vehicles, is more precisely captured within the tesser-
act. At the same time, global energy flow cues could infer
rigid body motion. It can be observed that our predicted flow
fields closely match the ground-truth motion.

Ablation Study

To validate the effectiveness of the three self-supervised loss
functions we designed, we conduct ablation studies on dif-
ferent combinations of these losses. The results are shown
in Table 3, where the bottom row reports the performance
of RadarMP with the complete loss configuration. Each
loss term contributes to improving the overall performance
in both object detection and motion perception. To exam-

Li Lef Logs | Pa(%)T  Pra(%)l EPE3D (m)l
v v 62.033 2258 0.209
v Vv | 56224 3847 0.788
vV | 19846  17.136 0.621
v v v | 69458 1335 0.157

Table 3: Ablation experiments on loss terms. The +/ indi-
cates that the loss function is enabled in the model.

ine the dependence on PWCNet, which provides reference
points for 2D flow predictions across three planes, the ab-
lation study shows that turning off this module and using
each cube’s own location as its reference point worsens the
EPE3D metric by 0.31. When replacing PWCNet with a
weak version, the EPE3D metric worsens by 0.07.

Conclusion

In summary, we propose RadarMP, a novel framework that
leverages inter-frame energy propagation to enable motion
perception for millimeter-wave radar in autonomous driv-
ing systems. RadarMP addresses two key tasks in an end-to-
end manner: 1) target detection from low-level radar tesser-
act signals by performing motion-consistent segmentation
of targets and noise in dense radar tensors, and 2) scene
flow prediction for each segmented target point by extract-
ing consecutive frame correlation features. To retain radar
sensing independence and complementarity, we design self-
supervised loss functions tailored to radar characteristics.
Extensive experiments on the K-Radar dataset demonstrate
both qualitative and quantitative superiority of RadarMP for
radar-based motion perception. We believe our work could
inspire and advance future research on 4D imaging radar in
motion perception for autonomous driving.
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