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Abstract

Moving object segmentation (MOS) and Ego velocity esti-
mation (EVE) are vital capabilities for mobile systems to
achieve full autonomy. Several approaches have attempted to
achieve MOSEVE using a LiDAR sensor. However, LiDAR
sensors are typically expensive and susceptible to adverse
weather conditions. Instead, millimeter-wave radar (MWR)
has gained popularity in robotics and autonomous driving
for real applications due to its cost-effectiveness and re-
silience to bad weather. Nonetheless, publicly available MO-
SEVE datasets and approaches using radar data are limited.
Some existing methods adopt point convolutional networks
from LiDAR-based approaches, ignoring the specific artifacts
and the valuable radial velocity information of radar mea-
surements, leading to suboptimal performance. In this paper,
we propose a novel transformer network that effectively ad-
dresses the sparsity and noise issues and leverages the ra-
dial velocity measurements of radar points using our devised
radar self- and cross-attention mechanisms. Based on that,
our method achieves accurate EVE of the robot and performs
MOS using only radar data simultaneously. To thoroughly
evaluate the MOSEVE performance of our method, we an-
notated the radar points in the public View-of-Delft (VoD)
dataset and additionally constructed a new radar dataset in
various environments. The experimental results demonstrate
the superiority of our approach over existing state-of-the-art
methods. The code is available at https://github.com/ORCA-
Uboat/RadarMOSEVE.

Introduction
Simultaneously moving object segmentation (MOS) and ego
velocity estimation (EVE) is a challenging task in computer
vision, robotics, and autonomous driving. The goal of MOS
is to accurately distinguish between moving and static ob-
jects in a scene, which is an important component in many
downstream tasks, including collision detection, path plan-
ning, and navigation. Recently, many studies have been con-
ducted on MOS using LiDAR (Chen et al. 2021; Kim, Woo,
and Im 2022; Sun et al. 2022; Mersch et al. 2022) and
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Figure 1: Our MOSEVE network takes two frames of radar
point clouds as input and outputs the current ego velocity
of the robot. The MOS module takes the velocity-calibrated
point clouds to provide the moving segmentation.

image (Cheng et al. 2017; Voigtlaender et al. 2019; Wang
et al. 2019; Patil et al. 2021) data, which have demonstrated
promising performance. However, both LiDAR and camera
sensors are susceptible to bad weather conditions, which can
cause a substantial reduction in MOS performance when uti-
lized in outdoor real-world applications.

With the advancement of integrated circuits, 77 Ghz
millimeter-wave radar (MWR) (Sun, Petropulu, and Poor
2020; Li et al. 2022) has been applied in mobile robots
and autonomous driving (Cheng et al. 2022). MWR ex-
hibits strong robustness to different environments and harsh
weather conditions (Lu et al. 2020a,b). Additionally, it pro-
vides radial velocity information of the measurement point,
making it a valuable alternative sensor for MOS tasks. How-
ever, few studies have been conducted on MOS using radar
data, and directly applying LiDAR MOS methods yields
suboptimal results due to the sparsity and noise in the radar
points. Furthermore, existing MOS approaches assume ac-
curate ego-motion estimation from odometry or SLAM sys-
tems, which is not always reliable when both the robot and
surrounding objects are in motion, making radar MOS tasks
highly challenging.

We propose a novel radar point cloud transformer net-
work to simultaneously achieve robust radar MOS and EVE,
named RadarMOSEVE. We first modify the self- and cross-
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attention mechanisms and introduce a novel radar trans-
former that exploits the velocity information, which is suited
for the sparsity characteristics of radar points. The proposed
radar transformer is then used to estimate the ego velocity of
the robot by utilizing consecutive radar point clouds as in-
put, eliminating the need for odometry estimation from other
sources. With the estimated ego velocity, we compensate for
the radial velocity of consecutive radar point clouds and in-
put them into a novel MOS module to accurately segment
the moving objects in the current observation.

As no public dataset exists for evaluating both MOS and
EVE using radar data, we create a novel dataset by utilizing
two different platforms in water scenes and ground driving
environments. We also annotate the radar point cloud on the
public View-of-Delft (VoD) (Palffy et al. 2022) dataset. We
evaluate our method and compare it to existing approaches
on both datasets and demonstrate its superiority for radar
MOSEVE through comprehensive experiments.

To sum up, our main contributions are threefold:

• We propose a novel radar transformer with devised self-
and cross-attention mechanisms, which fits the MWR
data well and extracts distinctive features from sparse and
noisy radar points.

• We propose a novel radar MOSEVE framework that fully
utilizes the radar Doppler velocity so that the network
tackles the MOS and EVE simultaneously.

• Our RadarMOSEVE network achieves state-of-the-art
performance for two tasks on the VoD dataset and our
dataset.

Related Work
Moving Object Segmentation
Many works have been proposed for MOS using im-
age (Voigtlaender et al. 2019; Wang et al. 2019; Goel, Weng,
and Poupart 2018; Patil et al. 2021) and LiDAR (Chen et al.
2021; Kim, Woo, and Im 2022; Sun et al. 2022; Gu et al.
2022) data. In the vision domain, some methods detect mov-
ing objects based on optical flow (Luiten, Voigtlaender, and
Leibe 2019; Dosovitskiy et al. 2015; Gong, Holsinger, and
Yeung 2021). For example, Cheng (Cheng et al. 2017) fuse
target segmentation features with optical flow features to im-
prove MOS accuracy, while Yang (Yang et al. 2019) pro-
pose an adversarial network to check inconsistencies of op-
tical flow to detect moving objects. Other deep network-
based methods (Voigtlaender et al. 2019; Wang et al. 2019;
Goel, Weng, and Poupart 2018; Patil et al. 2021) have also
been proposed, such as Goel et al. (2018) introduce deep
reinforced learning for MOS on image data, and Patilet et
al. (2020) propose an end-to-end multi-frame multi-scale
encoding-decoding adversarial learning network for seg-
menting moving objects.

The methods for MOS using LiDAR data can be clas-
sified into two main categories: projected range images-
based (Chen et al. 2021; Kim, Woo, and Im 2022; Sun et al.
2022; Gu et al. 2022; Chen et al. 2022) and point cloud-
based (Mersch et al. 2022; He et al. 2022; Liu et al. 2015;
Mersch et al. 2023; Wang et al. 2023) methods. The former

involves subtracting the range images of consecutive frames
to obtain residuals, which are then used to extract spatio-
temporal information. Chen et al. (2021; 2022) and Sun et
al. (2022) fuse the residual image with range context to en-
hance the accuracy of LiDAR MOS. The latter category of
methods uses sparse convolution to construct a network for
segmenting moving point clouds. Some recent works such
as Mersch et al. (2022) and He et al. (2022) utilize sparse
convolution to extract dynamic temporal and spatial features
from original point clouds using AR-SI theory (He et al.
2019). These features are then employed for MOS using
sparse convolution.

Both LiDAR and camera sensors are susceptible to ad-
verse weather conditions, while MWR is a cost-effective and
robust alternative. However, there is little research focused
on MOS using radar data. One recent study by Zeller et
al. (2022) utilizes a Gaussian transformer to achieve se-
mantic movable object segmentation in radar data. Ding et
al. (2022) utilize a self-supervised scene flow for radar MOS
and in their later research (Ding et al. 2023), the perfor-
mance of MOS is improved by cross modal supervision.

Ego-velocity Estimation
Several ego velocity estimation methods based on 4D MWR
have been proposed (Monaco and Brennan 2020; Kellner
et al. 2013; Park et al. 2021; Steiner, Hammouda, and Wald-
schmidt 2018). Most of them use RANSAC (Kellner et al.
2013) to estimate the robot’s velocity. ICP (Besl and McKay
1992) can estimate a transformation between two consec-
utive point clouds for calculating velocity but cannot work
well for noisy radar data. Cen et al. (2018) detect landmarks
in MWR point clouds to estimate the relative velocity and
later (Cen and Newman 2019) perform 3-DOF ego-motion
calculation through the separation of key points and graph
matching algorithm. Haggag et al. (2022) utilized a prob-
abilistic model without point-to-point correspondence for
ego-velocity estimation. However, it relies on static objects
for ego-velocity estimation and may not perform well in the
presence of moving targets. All the above-mentioned meth-
ods only focus on ego-velocity estimation and cannot seg-
ment the moving objects in radar data. To the best of our
knowledge, our proposed Radar-MOSEVE method is the
first work achieving both MOS and EVE using radar data.

Radar Transformer
Before presenting details of our MOSEVE network, we first
introduce a novel radar transformer module. With the ad-
vent of the transformer network (Vaswani et al. 2017; De-
vlin et al. 2018; Liu et al. 2021), the performance of point
cloud segmentation has been significantly improved (Guo
et al. 2021; Engel, Belagiannis, and Dietmayer 2021; Zhang
et al. 2022; Zhao et al. 2021). However, most existing meth-
ods focus on LiDAR point cloud processing, and when ap-
plied directly to radar point clouds, the performance signif-
icantly degrades due to the sparsity of radar data. To over-
come this, we propose a novel radar transformer consisting
of radar self-attention and cross-attention mechanisms to ex-
tract distinctive features on sparse radar data.
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Figure 2: The orange point is the source point, the green
points are the points sampled by the source point and the
blue points are the other points. (a) is the sampling result if
k is small, (b) is the sampling result if k is large, (c) is the
sampling strategy of Object Attention and (d) is the sam-
pling strategy for Scenario Attention.

Radar Self-Attention
The original self-attention mechanism in the Point-
Transformer (PT) (Zhao et al. 2021) calculates the affinity
between a point and its neighbor points. Given one point
cloud Pt = {pi ∈ R3}Ni=1, pi = [xi, yi, zi] with N points
at time t. The original PT first uses multilayer perceptrons
(MLPs) to generate a D dimensional feature vector xi ∈ RD

for each point pi in Pt. K-nearest neighbors (kNN) (Keller,
Gray, and Givens 1985) is then used to find the neighbor
point set Qpi = {pj ∈ R3}Kj=1 ⊆ Pt of point pi, where K
denotes the number of neighbor points. The feature set Xpi

contains feature vectors of every neighbor point in neighbor
point set Qpi

, and the affinity can be then formulated as:

yi =
∑

xj∈Xi

θ(δ(α(xi)− β(xj) + ω))⊙ (γ(xj) + ω), (1)

where α, β and γ are shared learnable linear transforma-
tions, δ is an MLP, θ is a softmax function and ω is the posi-
tion encoding between pi and pj . The position encoding ω is
the residual coordinate between pi and pj through an MLP
with two linear layers and one ReLU nonlinear layer. More
details are referred to the original paper (Zhao et al. 2021).

The original point transformer is unsuitable for radar
points, since it does not exploit the useful velocity informa-
tion and the employed kNN can hardly work with sparse and
noisy radar point clouds. As shown in Fig. 2(a) and Fig. 2(b),
due to the sparsity of radar point clouds, it can be challeng-
ing for a single point to find sufficient neighbors belong-
ing to the same object using the original PT. This can lead
to misclassifying points from other objects and generating
unsuitable features for MOSEVE. To address this issue, we
propose a novel radar self-attention mechanism consisting
of object attention and scenario attention mechanisms. They
are designed to better capture the relevant spatial informa-
tion in radar point clouds and to extract more informative
features for MOSEVE.
Object Attention. We first augment the input with the ra-
dial velocity vi provided by the radar sensor, resulting in
a 4D radar point denoted as pi = [xi, yi, zi, vi]. We then
introduce an object-size attention operation by exploiting a
ball query for the self-attention mechanism to better iden-
tify neighbors than simply using K-nearest neighbors in a
radar point cloud. As shown in Fig. 2(c), a spherical region

Q′
pi

with radius r is centered at pi, and K points are ran-
domly sampled within this region to ensure that each point
has the same number of neighbors during network training.
If the number of points is less than K, some points will be
repeatedly sampled. By this, pi can attend to all points in
the region Q′

pi
after several sampling, providing a relatively

stable receptive field that facilitates the understanding of the
object that the pi belongs to.
Scenario Attention. The spatial distribution of static objects
remains stable in consecutive frames, while that of mov-
ing objects can vary largely. Consequently, the relationships
between points in the scenario can help reason about mo-
tion. However, the original self-attention in PT and object
attention have limited receptive fields, thus unable to capture
inter-object information. Therefore, we propose scenario-
level self-attention for a radar point cloud Pt. We perform
interval sampling on Pt based on the distance to pi to cre-
ate the point set Q′′

pi
, which expands the receptive field of pi

as depicted in Fig. 2(d). This process allows the embedding
of pi to incorporate features from many other objects. After
multiple downsampling Pt using the farthest point sampling
(FPS) (Moenning and Dodgson 2003), the scenario atten-
tion generates a feature that encapsulates the relationships
between the object of pi and other objects in the scene.

By leveraging both object and scenario attention, our pro-
posed radar self-attention mechanism effectively extracts
valuable features from sparse and noisy radar points. The
former enhances feature sharing within individual object
points, improving object motion feature extraction from
sparse radar points. The latter captures scene-level features
for each point by analyzing the scene’s point characteristics.

Radar Cross-Attention
To fully exploit the spatio-temporal information of 4D radar
point clouds, it is natural to utilize sequential data from con-
secutive frames for ego velocity and MOS estimation. Un-
like existing work using sparse convolutions (Mersch et al.
2022), in this work, we propose a novel radar cross-attention
mechanism to effectively capture the spatio-temporal depen-
dencies among two radar point clouds. We take the previ-
ous frame Pt−a = {pk ∈ R4}Mk=1 together with the current
frame Pt as the input of the proposed radar cross-attention,
where a denotes the time interval between Pt−a and Pt. We
use the proposed ball sampling to sample K points from
Pt−a to form the neighbor point set Spi = {pj}Kj=1 ⊆ Pt−a

of pi ∈ Pt. Then, pi and pj are transformed into the embed-
ding features yi and yj by our radar self-attention module.
Ypi

= {yj}Kj=1 is the feature embedding set of all points in
Spi

. We conduct cross-attention on yi and yj as:

zi =
∑

yj∈Y(i)

θ(δ(α(yi)− β(yj) + ϵ))⊙ (γ(yj) + ϵ), (2)

where α, β, γ, δ, and θ are as same linear function as those
in Eq. (1), but with different parameters. ϵ is the position
encoding between pi and pj , which is the residual coordinate
between pi and pj through an MLP. The MLP structure of
EVE differs from MOS. EVE has two linear layers and one
ReLU, while MOS has three linear layers and three ReLU
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Figure 3: MOS-EVE network for ego-velocity estimation(EVE) and moving object segmentation(MOS module)

nonlinear layers since MOS is more challenging and needs
large models to learn.

Radar MOSEVE Network
Overview
We aim to achieve reliable and accurate MOSEVE simulta-
neously using MWR point clouds. To this end, we propose a
novel multi-level attention-based network based on our pro-
posed radar transformer modules, as depicted in Fig. 3. The
network comprises two main modules, the EVE module and
the MOS module, designed to accomplish both tasks. The
EVE module employs two frames of 4D radar point clouds
Pt and Pt−a to estimate the robot’s ego velocity v, as de-
tailed in ?? . To improve the accuracy of the ego-velocity es-
timation, we propose a novel Doppler loss during training. In
the MOS module outlined in ?? , we first compensate the ra-
dial velocity of radar point clouds using the EVE results, en-
suring that the radial velocity of points on surrounding static
objects is close to zero. We refer to the velocity-calibrated
point clouds as P ′

t and their previous frame as P ′
t−a. Our

MOS module takes these calibrated point clouds as input
and segments the moving objects in the current frame. The
training process is detailed in ?? .

Ego-velocity Estimation
EVE Backbone. It is composed of four stages. The first
three stages extract intra-frame features from two radar point
clouds, Pt−a and Pt using our radar self-attention module.
It first applies the object attention module at two different
resolutions to extract object features for each point in two
point clouds. Then, the scenario attention module aggregates
the features of different objects in each radar observation.
At the final stage, the radar cross-attention module is ap-
plied to fuse point features in two point clouds and generate
the inter-frame feature by incorporating spatio-temporal in-
formation from the two radar point clouds. As the network
deepens, the point clouds are gradually downsampled with

sampling rates of [1, 4, 4, 1]. Thus, the point set for each
stage is [Np, Np/4, Np/16, Np/16], where Np is the num-
ber of input points. We utilize the FPS method to obtain a
well-spread downsampled subset of the point cloud.
EVE Head. In the EVE head, we apply global average pool-
ing to obtain a 128-dimensional global feature vector. This
vector is then passed through an MLP consisting of three
linear layers and two ReLU non-linear layers to predict the
robot’s velocity. The output sizes of the MLP layers are
[256, 64, 1]. The final one-dimensional output represents the
robot’s velocity in that frame.

The velocity of static objects in the environment should
be zero. However, as the robot moves, the raw velocity mea-
surements of radar points are relative to the robot. Suppose
the robot moves forward at a velocity of v. We project it in
the direction of pi, obtaining the radial velocity as:

v̂i = −v · yi√
x2
i + y2i + z2i

. (3)

When pi belongs to a static object, its radial velocity vi
measured by radar should be equal in magnitude to the pro-
jection velocity v̂i of the robot’s ego velocity v. Therefore,
enforcing the radial projection of the EVE network output to
be equal in magnitude to the radial velocity of the static point
allows the network to learn the ego velocity of the robot. We
present more training details in ?? .

Moving Object Segmentation
Velocity Compensation. Assuming the robot moves for-
ward in a short time interval a, it is necessary to convert the
velocity measurement of a 4D radar point to the global co-
ordinate system before conducting radar MOS. Because the
raw velocity measurement is relative to the robot motion, it
may confuse the network in determining the motion state of
a point. To tackle this, we use our EVE network output v̂
to compensate for the radial velocity vi of the point cloud,
bringing the absolute velocity of static points close to zero.
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The calibrated velocity v′i of pi is calculated as

v′i = v̂ · yi√
x2
i + y2i

− vi ·
√
x2
i + y2i + z2i√
x2
i + y2i

. (4)

Since pitch, roll, and z-axis changes are typically small for
ground and water vehicles in a short time, we calculate the
radial velocity of the point cloud in the XOY plane.

After velocity calibration, the radial velocity of static
points is approximately zero, while some moving points may
also have velocities close to zero due to measurement noise
and movement direction. Therefore, determining the motion
state of a radar point cloud based solely on radial veloci-
ties is challenging. Thus, we use the calibrated point clouds
P ′
t = {[xi, yi, zi, v

′
i]}Ni=1 and P ′

t−a as input data for our
MOS network to reason about the motion of objects.
MOS Backbone. We use a U-net design for the MOS net-
work using the same encoder structure as that of our EVE
module. For decoding, we use trilinear interpolation to up-
sample the features to high-resolution point clouds. These
features are concatenated with the corresponding resolu-
tion encoding features via a skip connection. We use object
attention and scenario attention in different resolutions to
fuse the different features, while different modules are con-
nected during the decoding stage via the transition-up mod-
ule (Zhao et al. 2021). The output of the module is a moving
segmentation feature of size (N,32).
MOS Head. Given the moving segmentation feature for
each point in the point cloud P ′

t, we use an MLP consist-
ing of three linear layers and two ReLU nonlinear layers to
convert these features into the final logits for MOS.

Network Training
We first train our EVE module, then use the EVE estimates
to compensate for the radar point velocities, and finally train
the MOS module. The EVE training loss LEV E consists of
an MSE loss Lmse and proposed new Doppler loss Ldop as

LEV E = Ldop + Lmse. (5)

Given the points pi of all static objects form the point
set Ps = {pi ∈ R4}Ns

i=1 ⊆ Pt using our MOS labels, the
Doppler loss is defined as

Ldop =
1

Ns

Ns∑
i=1

∣∣∣∣∣v̂ · yi√
x2
i + y2i + z2i

− vi

∣∣∣∣∣ , (6)

which makes the output v̂ of EVE network equal to the robot
ego velocity v. MSE loss Lmse =

1
Nb

∑Nb(v− v̂)2 is used
to provide additional supervision to the EVE estimates by
comparing them to the ground truth velocity.

The calibrated 4D radar point clouds and the correspond-
ing MOS labels are then used to train the MOS module with
a typical weighted cross-entropy loss

Lmos = −
C∑

c=1

wc lc log
(
l̂c
)
, (7)

where C contains moving and static two classes, wc is the
weight factor for class c, l̂c and lc are the predicted and
ground truth labels.

Experimental Results
In this section, We present our experiments to illustrate that
our approach is able to achieve both MOS and EVE us-
ing only radar data and outperforms existing state-of-the-art
methods on our dataset and the VoD dataset. In addition, we
provide multiple ablation studies to experimentally validate
the effectiveness of all our network designs and architecture.

Experimental Setup
Dataset. We evaluate our methods on our dataset, including
13,654 frames of point clouds. We perform moving object
segmentation using LiDAR data and then label the corre-
sponding radar points as moving. To ensure accuracy, we
manually verify and correct the labels. In addition, we also
validate the advancement of our method on the open-sourced
VoD dataset. The MOS label created by (Ding et al. 2023)
exists lots of errors, so we annotate the dataset again. We
choose the suitable data and re-split them to trainval and
test datasets. The final dataset contains about 3,000 frames.
More details of datasets are provided in the supplementary.
Metrics. For MOS, intersection-of-union(IoU) is calculated
as a MOS metric to compare with other baselines. Since
MOS is a binary classification task for each point, We also
use F1-Score and accuracy to comprehensively evaluate the
MOS performance. For EVE, the mean absolute error(MAE)
and mean square error(MSE) of velocity metric the accuracy
and robustness of EVE well. On some scenarios, high preci-
sion is more effective for path planning and robotic odom-
etry. Therefore, we compare all methods with several preci-
sion results at different ego velocity thresholds, i.e. the ratio
of estimates with errors smaller than a threshold.
Implementations Details. In all experiments, we set the
time interval a = 10, the number of neighbors k = 16 in
our radar transformer, and the sampling interval g = 2 in
scenario attention. We randomly sample 512 points of ev-
ery frame to test the model performance. We implement our
Radar-MOSEVE network in PyTorch. We use the Adam op-
timizer with a weight decay of 0.001 to train our network
of two tasks. The batch size is set to 4. For EVE, we train
for 60 epochs. For MOS, we train for 50 epochs. The initial
learning rate is 0.001. The learning rate decay ratio is set at
0.5, and it occurs every 10 epochs for MOS and 20 epochs
for EVE. We train our model on a GTX3060 GPU, taking 12
hours in total. For all experiments, we use the same seed and
take the average results of our trained models three times.

Evaluation on MOS
In the MOS task, we compare our method against both tra-
ditional and deep learning-based approaches using the IoU,
F1 and Accuracy. These metrics are calculated separately
for the static and moving classes, as well as for the aver-
age scores. For traditional methods, we utilize the point-
to-point ICP algorithm (Besl and McKay 1992) to com-
pute the transformation between two radar point clouds.
We then use position residuals with a threshold to iden-
tify moving and static points. Once we obtain the EVE of
the robot, we can check the difference between the EVE
results and radial velocities of the point raw measurement
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Image Raw Radar Points 4DMOSPoint Transformer Ours

Figure 4: Qualitative results of PT, 4DMOS and ours. Red points are the true moving points, gray points are the true static
points, green points are the false moving points, and blue points are the false static points. Better view with colors.

Method IoU↑ F1↑ Acc↑
Static Moving Avg Static Moving Avg Static Moving Avg

ICP (1992) 23.6 26.7 25.2 33.8 38.3 36.1 48.9 39.3 44.1
RANSAC (2013) 36.2 29.1 32.6 49.0 40.7 44.9 55.4 44.8 50.1
PT (2021) 62.7 46.9 54.8 72.5 54.2 63.4 74.2 70.3 72.2
Stratified-Transformer (2022) 58.9 54.5 56.7 74.1 70.6 72.3 74.3 71.0 72.6
Point-BERT (2022) 59.9 45.1 52.5 70.1 51.5 60.8 77.5 62.8 70.1
4DMOS (2022) 67.1 54.6 60.8 76.5 62.3 69.4 78.3 73.2 75.8
PT+V 66.3 56.7 61.5 74.1 63.9 69.0 81.7 72.5 76.2
4DMOS+V 67.9 55.4 61.7 76.6 62.5 69.6 85.0 66.7 76.0
Ours 73.3 67.2 70.2 79.8 73.2 76.5 81.4 82.5 81.9

Bold numbers indicate the best performance while the underlined ones are the second best. +V represents using additional radial velocity.

Table 1: The MOS experimental results on our dataset.

against a threshold to determine moving and static points.
Therefore, we use RANSAC (Kellner et al. 2013) as an-
other baseline by employing it to calculate the radial veloc-
ity of the robot. As for deep learning methods, We adopt
Point Transformer (PT) (Zhao et al. 2021) as our base-
line, as it has demonstrated good performance in other
point cloud semantic segmentation tasks. We also compare
our method with other high-performing transformer-based
methods, Stratified-Transformer (Lai et al. 2022) and Point-
BERT (Yu et al. 2022). Additionally, we adopt the state-
of-the-art LiDAR method 4DMOS (Mersch et al. 2022) as
our baseline, and also evaluate the performance of PT and
4DMOS with additional radial velocity information.

As shown in Tab. 1, our method significantly outperforms
all baseline methods across all evaluated metrics on average
over all classes. Particularly in terms of mIoU, our method
achieves 70.2% and surpasses the state-of-the-art 4DMOS
by 9.4%. Additional radial velocity information can improve
the performance, while our method still outperforms the im-
proved baselines, especially in moving objects with more
than 10 % improvement. Fig. 4 shows the qualitative results
on the test set of different methods. Compared to other meth-

Method MAE↓ MSE↓ Precision↑
<0.1m/s <0.3m/s <0.5m/s

ICP (1992) 0.842 0.870 1.1 6.9 25.2
RANSAC (2013) 0.601 0.531 10.2 25.9 49.6
PT (2021) 0.330 0.175 21.5 52.8 76.5
Ours 0.182 0.065 43.3 79.7 94.3

Table 2: The EVE experimental results on our dataset.

ods, our approach demonstrates superior capabilities in ac-
curately segmenting the edges of objects and multiple ob-
jects in the entire scene into moving and static.

Evaluation on EVE
For the EVE tasks, we compare our method against both tra-
ditional and deep learning-based approaches using MAE and
MSE of velocity estimates. We additionally provide the pre-
cision results at different ego velocity thresholds. As men-
tioned, we take RANSAC (Kellner et al. 2013) as a baseline
in estimating the radial velocity measured by radar points.
The transformation generated by ICP (Besl and McKay
1992) can be used to calculate the velocity. We also train a
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Modules MOS EVE
Ra-OA Ra-SA Ra-CA mIoU↑ F1↑ mAcc↑ MAE↓ MSE↓

✗ ✗ ✗ 65.7 72.9 77.7 0.251 0.101
✗ ✗ ✓ 66.9 73.8 80.3 0.227 0.093
✓ ✗ ✓ 69.0 75.5 80.2 0.197 0.071
✗ ✓ ✓ 67.5 74.1 80.1 0.199 0.075
✓ ✓ ✗ 66.6 73.8 79.1 0.198 0.072
✓ ✓ ✓ 70.2 76.5 81.9 0.182 0.065

Table 3: Ablation study on MOS and EVE with each module

Velocity MOS EVE
uncalib-EVE calib-EVE mIoU↑ F1↑ mAcc↑ MAE↓ MSE↓

✗ ✗ 61.1 69.3 76.6 0.301 0.161
✓ ✗ 65.6 73.3 78.8 0.182 0.065
✗ ✓ 70.2 76.5 81.9 - -

Table 4: Ablation study on MOS and EVE with velocity

PT (Zhao et al. 2021) for EVE as a learning-based baseline.
The EVE results are presented in Tab. 2. As shown, our

method attains the smallest MAE and MSE in EVE, which
outperforms all the baseline methods. Especially for preci-
sion with a threshold of 0.5 m/s, our method achieves 94.3%
surpasses PT by more than 17%. Our method consistently
performs stable EVE even when the vehicle moves fast.

Evaluation on VoD dataset
To verify the generalization of our method, we evaluate our
method on the VoD dataset. Apart from the methods men-
tioned earlier, we also compare our methods with radar-
based deeping learning methods, RaFlow (Ding et al. 2022)
and CMFlow (Ding et al. 2023). We only compare them on
the VoD dataset, because the label of scene flow is necessary
for the training stage of their networks.

Due to page limitation, we provide more experiments and
qualitative results on VoD dataset in the supplementary. The
experimental results indicate our method obtains competi-
tive results both on MOS and EVE tasks in the VoD dataset.

Ablation Study
Study on Radar Transformer. The first ablation study vali-
dates the effectiveness of our proposed radar cross-attention
(CA) and self-attention including object-attention (OA) and
scenario-attention (SA) modules. We evaluate our method
under different setups, including the one without all atten-
tion modules, while utilizing the original point self-attention
module, the one only with CA, the one without CA but both
self-attention modules, the one with one kind self-attention
module and CA, as well as ours, using all attention modules.
All setups use our velocity compensation. Ablation results
for both MOS and EVE are shown in Tab. 3. As shown, the
setup with all attention modules (Ours) performs the best,
while the performance significantly degraded if any module
was missing. The biggest decline in performance was ob-
served when all modules were disabled, indicating the im-
portance of our proposed modules.
Study on Velocity Compensation. To validate the bene-
fits of using velocity measurements and compensation for

MOS and EVE, we conducted an ablation study to compare
the performance with and without uncompensated radial ve-
locity and velocity compensation. The results are presented
in Tab. 4. It shows that the performance gap between MOS
models with and without using raw velocity measurements is
large, with a 4.5% improvement in mIoU. Compensation for
radial velocity results in an additional 4.6% improvement,
leading to a total significant improvement of 9.1% in mIoU.
Furthermore, using raw velocity data from radar points im-
proves the EVE results, reducing errors by approximately
half for both MAE and MSE. Overall, our results demon-
strate that our design of using radial velocity measurements
and compensation significantly improves the performance of
our method for both MOS and EVE.

Additionally, We investigated the impact of the Doppler
loss for EVE, the influence of the ball radius in OA, and
the effects of the k value in the kNN of SA for MOS, re-
spectively. We also explored different training strategies of
multi-task multi-head networks for radar MOSEVE tasks.
Due to page limitations, the details of these ablations stud-
ies are presented in the supplementary materials.

Conclusion

In this paper, we introduced a novel radar transformer net-
work to address both MOS and EVE tasks using sparse radar
point clouds. Our approach is based on our proposed radar
self- and cross-attention mechanisms, which can effectively
extract distinctive features from sparse radar points. Addi-
tionally, our method estimates the radial velocity of radar
point clouds and utilizes it to compensate for the raw radar
velocity measurements. Finally, it takes two compensated
radar point clouds as input to generate the MOS results.
We evaluate the performance of different methods on radar
MOS and EVE tasks in our dataset and the VoD dataset. The
experimental results demonstrate that our proposed method
outperforms existing state-of-the-art methods in both tasks,
obtaining improvements of more than 17 % in EVE preci-
sion and 9.4 % in MOS mIoU. We release the implemen-
tations of our method and dataset with the annotations to
facilitate future research on Radar MOSEVE tasks.

Limitation. Although our method achieves good perfor-
mance, there are still complex scenarios where it strug-
gles to perform well. For instance, when the scene contains
only moving objects, and the sparse radar measurements are
solely on these objects, it creates an ill-defined MOSEVE
problem, particularly when the object’s motion is similar to
that of the robot. One potential solution is to incorporate
additional sensor modalities, such as images and LiDAR,
to provide more environmental measurements and improve
MOSEVE performance in such challenging situations.

Societal Impacts. Our approach is capable of accurately es-
timating the ego velocity and detecting potentially moving
objects, such as pedestrians, in driving environments. This
is particularly important for safety-critical real-world appli-
cations, such as autonomous cars and mobile robots.
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