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Abstract— Moving object segmentation (MOS) is essential
for autonomous driving, enabling robust detection, tracking,
and prediction of dynamic agents in complex traffic scenarios.
Radar sensors offer notable advantages for long-range sensing,
but their lower spatial resolution, measurement noise, and
geometric distortions—particularly for distant targets—pose
significant challenges for accurate MOS. These limitations
are amplified when detecting small objects such as scooters.
In this work, we present MotionNet-PGA, a Polar-guided
Attention Framework designed specifically for scanning radar-
based MOS. Our method builds on the multi-frame motion
encoding backbone of MotionNet [1], and introduces a polar-
guided attention module to suppress clutter, enhance motion
feature representation, and improve segmentation of small and
distant targets. For evaluation, we construct and annotate the
ITRI Radar moving object segmentation Dataset. Experimental
results demonstrate that our method surpasses state-of-the-art
baseline, MotionNet, by 2.48% in overall IoU and achieves
a 4.08% improvement in small-object segmentation. These
results highlight the effectiveness of polar-guided attention in
addressing scanning radar-specific challenges.

I. INTRODUCTION

Accurate separation of moving objects from dynamic
environments is fundamental to the safety and reliability
of autonomous driving and robotic systems. The goal of
the Moving Object Segmentation (MOS) is to distinguish
dynamic targets from static entities and background in sensor
data, providing a motion-aware scene representation for
downstream applications.

In this work, we specifically study MOS in scanning radar,
where the task is to separate the pixels of moving objects
from the static entities and background (e.g., parked vehicles
and roadside infrastructure). Knowledge of dynamic entities
further benefits a wide range of downstream tasks, such as
path planning [2], obstacle avoidance [3], localization [4],
and long-term map consistency [5], [6].

Moving object segmentation research has so far progressed
mainly in camera and LiDAR domains. Camera-based mod-
els [7], [8] rely heavily on high-resolution textures, which
radar inherently lacks. LIDAR-based methods [9], [10] have
explored projecting inputs into the polar domain to mitigate
spatial sparsity, but most still apply convolutional or attention
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Fig. 1: Challenges of radar-based moving object segmentation. (Left)
Scanning radar imagery suffers from low angular resolution, clutter, and
spatial distortion. (Right) Our method produces accurate moving object
segmentation results with fewer false positives/negatives, even for small and
distant objects. (Bottom) A camera view of the same scene for reference.

mechanisms in Cartesian space, neglecting radar-specific
distortions such as angular compression and clutter-induced
noise. Furthermore, studies on temporal feature aggregation
in video detection [11], [12] and tiny moving object detec-
tion [13], [14] demonstrate the value of motion cues, but
their designs remain tightly coupled to camera imagery and
do not transfer well to radar’s unique characteristics.

This gap motivates the exploration of radar as a primary
modality. Unlike cameras or LiDAR, scanning radar has
attracted increasing attention for its complementary sensing
capabilities, and it also introduces unique challenges: low
angular resolution, sparse returns, and multipath reflections
that induce cluttered and ghost artifacts. Notably, prior radar
perception works focus on sparse radar point clouds with ir-
regular distributions, while our studied scanning radar yields
denser, sequentially scanned returns with unique geometric
properties. This fundamental difference in data character-
istics renders existing radar methods inapplicable to our
scanning radar MOS task. Existing studies have highlighted
these challenges: Srivastav et al. identify sparsity and un-
certainty as key barriers for deep learning on radar [15];
Zhou et al. report that coarse angular resolution makes small
or distant objects indistinguishable [16]; and Kopp et al.
reveal how multipath clutter disrupts motion analysis [17].
As illustrated in Fig. 1, these sensing constraints result in
low-resolution targets, clutter-dominated regions, and spatial
distortions, underscoring the difficulty of reliable moving
object segmentation from radar data.
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Most prior work on scanning radar has focused on ob-
ject detection, particularly for vehicles [18]-[21]. Detection
methods localize targets at the object level, but they can-
not provide the pixel-level motion information required to
separate dynamic targets from static clutter. In particular,
small objects such as scooters are often missed due to weak
reflectivity and sparse radar returns.

Moving object segmentation (MOS) addresses these short-
comings by providing pixel-level motion separation, which
can recover fine-grained targets and motion cues that de-
tection overlooks. However, segmentation on radar itself
remains challenging: small objects are still difficult to capture
because of low angular resolution, sparse backscatter, and
high sensitivity to noise. This highlights that small-object
difficulty is not only a limitation of detection but also
a modality-inherent challenge for radar segmentation. To
date, MOS on scanning radar has rarely been explored.
While radar has been studied for detection, tracking, and
localization, no prior work has addressed segmentation on
this modality, leaving a clear and important research gap.

Motivated by these gaps, we propose a radar-native mov-
ing object segmentation framework. Our solution introduces
a polar-guided attention architecture that explicitly accounts
for radar noise, sparsity, and geometric distortion while
leveraging spatial priors inherent to the polar domain.

To realize this, we build on a spatio-temporal convolu-
tional (STC) backbone inspired by MotionNet [1], which
highlights the importance of temporal encoding for moving
object segmentation. Based on this backbone, we propose
MotionNet-PGA, which adapts MotionNet to scanning radar
and further augments it with a novel Polar-guided Attention
module. In this design, motion features are extracted in
the Cartesian domain to preserve temporal continuity, while
polar-domain appearance cues provide lightweight guidance
to enhance geometric fidelity. This formulation explicitly
aligns feature learning with radar geometry, thereby sup-
pressing clutter and improving the segmentation of small and
distant moving objects.

The key contributions of our paper are summarized as
follows:

o We propose a radar-native moving object segmentation
framework that builds on the Spatio-Temporal Convo-
lution backbone from MotionNet and extends it with a
Polar-guided Attention module. This design explicitly
aligns motion and appearance features with radar ge-
ometry, improving robustness against clutter, mitigating
long-range distortion, and enhancing the segmentation
of small moving objects.

o We introduce the first annotated moving object seg-
mentation (MOS) dataset for scanning radar, derived
from the ITRI Radar Dataset. This dataset establishes
a benchmark for radar-based motion perception and re-
producible evaluation.We plan to make the annotations
publicly available to facilitate future research. On this
dataset, our method achieves an overall IoU of 68.36%,
surpassing the strongest LiDAR-based baseline (Mo-
tionNet) by +2.48%, with class-specific improvements

of +2.34% for cars and +4.08% for scooters.

II. RELATED WORK

Recent studies have explored scanning radar for detection,
tracking, and localization [23], [24], yet challenges such
as low angular resolution and spatial distortion remain.
Importantly, no prior work has focused on moving object
segmentation with radar. We therefore review related ap-
proaches from LiDAR and cameras, discuss their limitations
when transferred to scanning radar, and highlight the insights
that motivate our method.

A. LiDAR-based moving object segmentation

Recent progress in LiDAR-based moving object segmen-
tation predominantly depends on utilizing the comprehensive
3D geometric structures afforded by point clouds. These
methodologies commonly involve projecting point clouds
into structured representations, such as Bird’s Eye View
(BEV) and Range View, or computing residual images to
effectively capture object motion.

LiDAR-based moving object segmentation (MOS) meth-
ods leverage dense 3D geometric structures from point
clouds to capture motion cues. A common strategy is to
project point clouds into structured representations such as
Bird’s Eye View (BEV) or Range View, or to compute
residual images between consecutive frames. Wu et al. [1]
proposed a spatio-temporal pyramid network in BEV, jointly
performing perception and motion prediction with tailored
loss functions to ensure spatial-temporal consistency. Sun
et al. [10] adopted a dual-branch design to extract spatial
features from range images and temporal features from
point clouds, fused via motion-guided attention. Zhou et al.
[9] computed height differences in polar BEV columns to
obtain motion cues, then integrated them with appearance
features through co-attention. Cheng et al. [25] fused BEYV,
range, and residual views via multi-view attention to improve
segmentation robustness. While effective, these approaches
assume high-resolution, low-noise 3D point clouds and dis-
tinct geometric changes between frames—conditions not met
in 2D radar data, which suffer from low angular resolution,
severe noise, and projection distortions. Moreover, while
some methods (e.g., MV-MOS [25]) use polar coordinates
during preprocessing to mitigate sparsity at long range, polar
priors are typically discarded in subsequent feature modeling,
with convolution and attention applied in Cartesian space.
Polar representation is also validated for LiDAR semantic
segmentation [26] and radar occupancy prediction [27], but
these works focus on static perception and lack temporal
motion fusion for dynamic MOS.

B. Camera-based moving object segmentation

Camera-based MOS methods have achieved notable
progress in video object segmentation but generally assume
high-resolution, texture-rich imagery, limiting their appli-
cability to radar data. Wang et al. [28] proposed VisTR,
the first end-to-end video instance segmentation model that
formulates object tracking as a set prediction problem via
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then stacked into a 4D radar tensor. The spatio-temporal convolution (STC Block) encodes motion features in the Cartesian domain, while the polar
projection branch converts radar data into range—angle coordinates for polar-domain feature extraction (Down-sample Block). The Polar-guided
Attention Module (red blocks) fuses motion and appearance features from both domains to enhance small and distant object representation. The decoder
(Up-sample Block), together with skip connections and an ASPP (Atrous Spatial Pyramid Pooling [22]) Block, outputs the final moving object

segmentation mask.

a Transformer architecture. While effective on RGB videos,
it incurs high computational cost and struggles with densely
packed small objects. To improve spatial-temporal integra-
tion, Cheng et al. [7] introduced SeqFormer, combining
multi-scale feature aggregation with temporal context mod-
eling through a Transformer encoder—decoder. However, its
attention mechanism relies heavily on visual texture and
color contrast, making it less effective for noisy, textureless
radar signals. MED-VT [8] further enhanced motion model-
ing with a multiscale encoder—decoder Transformer to refine
object boundaries over time, but its dependence on appear-
ance cues and camera-centric priors reduces performance on
radar imagery with weak boundaries and sparse cues. Chen
et al. [29] proposed soft-PPM loss and flow difference loss to
handle occluded pixels and optical flow uncertainties within
a self-supervised motion segmentation framework. DSEC-
MOS [30] proposed a moving object segmentation frame-
work based on event camera data, offering high temporal
resolution but relying on event-based sensors and optical
flow supervision, limiting generalizability to scanning radar
systems.

Although both LiDAR- and camera-based methods have
achieved strong results in their respective domains, their
direct application to radar is hindered by radar-specific
challenges such as background clutter, low angular reso-
lution, and projection distortion. Moreover, their attention
mechanisms are not tailored to the geometric and signal
characteristics of radar data. To address these issues, we
propose a polar-guided attention framework that preserves
polar-domain representations throughout the network. Unlike
LiDAR methods that use polar coordinates only for pre-
processing, our approach computes spatial attention directly
in the polar domain, maintaining geometric consistency for
distant and small targets. A temporal encoding branch further
aggregates motion features across multiple frames, avoiding
reliance on noisy residual differencing and enhancing robust-

ness in cluttered scenes.

III. MOVING OBJECT SEGMENTATION

We propose a radar-based moving object segmentation
framework (Fig. 2) that addresses clutter, low angular
resolution, and geometric distortions inherent to scanning
radar. This framework consists of radar data preprocessing
(Sec. III-A), a dual-branch network structure with motion
encoding, polar-domain appearance encoding, and attention-
based fusion (Sec. III-B), and the implementation details of
training and loss design (Sec. III-C).

A. Radar Data Preprocessing

Sequential radar scans suffer from spatial misalignment
due to ego motion, which can obscure true dynamics and
cause slowly moving objects to appear static. To stabilize
the background and highlight motion cues, we estimate
the relative pose between consecutive scans using radar
odometry [31] and warp earlier scans into the coordinate
frame of the current scan.

Let S = {5 }j.V:_Ol denote N radar frames, where each
pixel p; = [z;,5]" is in Cartesian coordinates. To align
historical frames to the reference Sy, we apply a transfor-
mation TJ(»J from frame j to frame O:

570 = {Tjopz | pi € Sj}.
Here, T]Q denotes the mapping that transforms points from
frame j into the coordinate system of the reference frame
0. In practice, TJQ can be obtained by composing the ego-
motion transformations between consecutive frames, but for
clarity we directly use T]Q to represent the overall alignment.

Aligned frames are then converted from Cartesian coordi-
nates (x,y) to polar coordinates (r, ), where

r=a?+¢?,
polar

We denote a radar pixel in the polar domain as p; =
(r;,6;), which directly corresponds to its Cartesian position

0 = arctan(y/x).
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p: = (i, y;). Representing radar data in the polar domain
preserves the inherent sensing geometry of scanning radar,
thereby alleviating distance-dependent distortions and offer-
ing more consistent shapes for small or faraway objects. This
representation provides a stronger foundation for subsequent
feature modeling. Finally, the N ego-motion-compensated
polar-domain frames are stacked into a 4D tensor of size
N xC x HxW and fed to the encoder, where C, H, and W
denote the number of feature channels, the range dimension,
and the angle dimension, respectively.

B. Network Structure

1) Motion Encoder: We adopt a U-Net-like backbone
inspired by MotionNet [1], where the core module is the
Spatio-Temporal Convolution (STC) block. Each STC block
first applies a 2D convolution to extract spatial features from
individual frames, followed by a degenerate 3D convolution
with kernel size IV x 1 x 1 along the temporal axis to capture
motion cues. This design efficiently models temporal dy-
namics while preserving spatial resolution and robustness to
radar-specific noise such as clutter and multipath reflections.
STC blocks are stacked hierarchically, with skip connections
linking the encoder and decoder.

2) Polar-domain Appearance Encoder: Radar data in
Cartesian coordinates often exhibit distance-dependent dis-
tortions, particularly for far or angular-edge targets [26], [27].
As shown in Fig. 3, objects in Cartesian space suffer from
shape compression and deformation with increasing distance
from the ego vehicle, while polar coordinates preserve an-
gular structure and mitigate such distortions.

More importantly, representing radar data in the polar
domain is not merely a coordinate transformation, but a
modality-consistent design. Since scanning radar inherently
acquires measurements in (r, 6) space, retaining this native
geometry avoids interpolation artifacts introduced during
Cartesian projection and ensures that each bin corresponds to
a uniform angular and radial resolution. This leads to a more
balanced representation of both nearby and distant objects,
preventing small or faraway targets from being excessively
compressed.

These polar-domain appearance features, extracted using a
standard 2D CNN, provide structurally consistent priors that
can reliably guide moving object segmentation. In particular,
by reducing geometric bias, the polar representation strength-
ens the effectiveness of the subsequent attention mechanism,
enabling it to highlight genuine moving objects even under
severe clutter and long-range distortion.

3) Polar-guided Attention Module: We build upon the
motion—appearance attention paradigm commonly used in
LiDAR-based MOS [32], but redesign it for the sensing
characteristics of scanning radar. In LiDAR, dense 3D ge-
ometry provides stable motion cues, making it natural to use
motion to guide appearance features. When directly applied
to radar, however, this design fails: appearance features
are easily dominated by clutter and multipath noise, while
motion cues obtained from simple residual differencing—a

(a) Cartesian

(b) Polar

Fig. 3: Comparison between Cartesian and Polar representations of radar
data. (a) In Cartesian coordinates, distortion increases with distance from
the ego vehicle. (b) Polar coordinates preserve angular structure and mitigate
such distortions.
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Fig. 4: Structure of the Polar-guided Attention module.

strategy commonly used in LiDAR-based moving object
segmentation—are too unstable to serve as reliable guidance.

To overcome these limitations, we first replace residual
differencing with a multi-frame STC encoder, which pro-
duces temporally consistent motion features. More impor-
tantly, we invert the guidance direction: rather than motion
guiding appearance as in LiDAR, our module treats motion
as the backbone and employs polar-domain appearance as
lightweight guidance. This formulation is coordinate-aware:
motion is extracted in Cartesian coordinates to preserve
temporal continuity, while appearance is encoded in the
polar domain to retain geometric fidelity for small or distant
targets. The polar appearance is then projected back into
the Cartesian grid and used to spatially and channel-wise
gate the motion backbone, yielding features that are both
motion-discriminative and geometry-consistent, as illustrated
in Fig. 4.

Formally, let F¢, denote the sequence of motion features
extracted in Cartesian coordinates. After temporal pooling,
we obtain the aggregated motion feature F™ € REXHXW
where C' is the number of motion feature channels, and H
and W are the height (range dimension) and width (angle
dimension) of the Cartesian grid, respectively. Similarly, let

F2 ., denote the appearance features encoded in polar (r, 6)
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coordinates. To enable interaction between the two domains,
F? ., is projected into the Cartesian grid via a differentiable

resampling operator IIp_,~ (bilinear interpolation):
F* = lpoo(F,,) € ROV, (1

raw

where C, is the number of appearance feature channels,
and [ and W follow the same definitions as for F". All
subsequent operations are performed in Cartesian space to
ensure pixelwise alignment between F'* and F'™.

From F“, we compute a spatial attention mask (gray
block) using a 1 x 1 convolution followed by a sigmoid
activation, and apply it to gate the motion features:

F!, = F, ® o(Conviy(F)), 2

where ® denotes element-wise multiplication. This spatial
gating suppresses clutter-dominated activations in regions
where appearance provides weak evidence, while preserving
responses where motion and appearance are consistent.

To further refine the motion representation, we apply
channel attention. Specifically, a Global Average Pooling
(GAP) operation is applied to F'*, followed by a 1 x 1
convolution and a softmax activation to produce channel-
wise weights (gray block). These weights are then applied
to rescale the motion features:

Fl = (F;n ® (Softmax(ConvlXl(GAP(Fa))) 0)) + e

3)
where @ represents element-wise addition for the residual
connection.

The residual pathway stabilizes training and injects
geometry-preserving cues, producing features that are simul-
taneously motion-discriminative and geometry-consistent.

The proposed polar-guided attention is lightweight and
radar-native. By combining Cartesian motion for temporal
continuity with polar appearance for geometric fidelity, it
yields features that are both robust to clutter and effective
for segmenting small and distant objects.

C. Implementation Details

The proposed network is trained using the Adam opti-
mizer [33] with an initial learning rate of 1.6 x 1073. A
cosine annealing learning rate scheduler with a warm-up
stage is applied to improve convergence stability. Training
is conducted on an NVIDIA RTX 4090 GPU with a batch
size of 16 for 140 epochs.

Since the dataset exhibits a strong imbalance between fore-
ground (moving) and background (static) pixels, we adopt
a weighted cross-entropy loss to address this issue. Let M
denote the total number of pixels, C' the number of classes,
y; the ground truth, ¢; the prediction, and w,. the weight
assigned to each class. The moving object segmentation loss
is defined as:

M C
Lmotion(yia gl) = - Z Z We Ys IOg(gl) (4)
i=1 c=1
This weighted formulation reduces the bias toward the dom-
inant background class and improves segmentation perfor-
mance on small moving objects.

A

Fig. 5: Sensor setup for the data collection car in the ITRI dataset. The green
circle highlights the scanning radar (Navtech CIR504-X), and the orange
circles indicate LiDARS, from top to bottom: Ouster OS1-128, Velodyne
VLS-128, and Baraja Spectrum-Scan. Red circles indicate four cameras.

IV. EXPERIMENTS

In this section, we present the experimental validation
of our proposed radar-based moving object segmentation
framework. We first describe the dataset and evaluation
metrics in Experiment Setups (Sec. IV-A). To ensure fair
benchmarking, we then detail the adaptation of several repre-
sentative LiDAR- and camera-based methods for radar input
in Implementation of Competing Methods (Sec. IV-B). Quan-
titative and qualitative results are reported in Evaluation and
Comparisons (Sec. IV-C), where our approach is compared
against these baselines. Finally, Ablation Study (Sec. IV-
D) investigates the contributions of polar representation,
polar-guided attention, and temporal context to the overall
performance.

A. Experiment Setups

ITRI Dataset. We conduct experiments on a customized
subset of the ITRI radar dataset, collected in dynamic urban
environments such as Guangfu Road and the ITRI campus
in Hsinchu City. These scenarios feature dense traffic and
frequent moving agents, including scooters and vehicles. The
sensor suite consists of a Navtech CIR504-X scanning radar
operating at 4 Hz, complemented by three LiDAR sensors
(Ouster OS1-128, Velodyne VLS-128, and Baraja Spectrum-
Scan) and four RGB cameras.

The radar provides a maximum range of 500 m, a hori-
zontal resolution of 1.8°, and a range resolution of 0.175 m.
Each radar frame is projected into a 256 x 256 Cartesian grid,
corresponding to an effective area of 44.8 x 44.8 m. Fig. 5
illustrates typical urban scenes captured in this dataset.

Manual annotations were created by labeling foreground
motion masks in radar frames from sequences containing
high dynamic activity, such as busy intersections and campus
roads with diverse traffic participants. To ensure sufficient
motion diversity, static-dominant scenes were excluded. A
total of 1,968 frames were selected, with 1,303 for training,
145 for validation, and 520 for testing. The test set is further
divided into three subsets: (1) 257 frames with complex
scenes containing multiple object types and occlusions, (2)
142 frames containing only cars, and (3) 121 frames focus-
ing on scooters. All annotated objects are confined to the
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TABLE I: Comparison of moving object segmentation IoU (%) across all
methods. Our radar-based model achieves the highest accuracy on overall
IoU, as well as car and scooter categories.

Method IoU (%) IoUcy IoUseooter
Lidar ~ MotionNet (2020) 65.88 70.78 65.19
based  MotionBEV (2023)  57.44 52.26 48.32
‘ CS-Unet (2022) 63.53 68.15 64.23
Izl';‘:;“ MedVT (2023) 54.36 50.67 49.41

DSEC-MOS (2024)  52.80 55.90 46.30
Radar—— ¢y 1 6836 7312 69.27
based

effective range of 44.8 m. This choice is due to the reliance
on LiDAR returns for manual labeling: beyond this distance,
the LiDAR point density drops sharply, making it difficult to
reliably infer object shapes. Similar observations have also
been reported in prior work on LiDAR-based moving object
segmentation, e.g., SemanticKITTI-MOS [34].

This dataset provides a challenging benchmark for radar-
based moving object segmentation in real-world conditions.
The dataset will be released to facilitate further research.

Evaluation Metrics. We evaluate moving object segmen-
tation performance using the Intersection over Union (IoU),

defined as
TP

U= TP FP L FN ©)
where TP, FFP, and FN denote the numbers of true
positives, false positives, and false negatives, respectively.

Following the objective of foreground moving object
segmentation, IoU is computed exclusively for the moving
object category. Static background pixels, which dominate
radar scans and are trivially predicted, are excluded from
evaluation. This ensures that the metric reflects the model’s
ability to detect and localize dynamic entities such as vehi-
cles and scooters.

B. Implementation of the Competing Methods

We benchmark our approach against 5 representative
methods originally developed for LiDAR, camera, each
adapted for radar input. MotionNet [1], originally designed
for LiDAR BEV inputs, jointly performs detection and
motion prediction on a per-cell basis; in our adaptation, the
BEV input is replaced with raw radar images, and only the
state-estimation head is retained to classify moving and static
cells. We adapted MotionBEV [9] to radar input by replacing
its LiDAR residual images with residual radar maps in
the motion branch, and by feeding raw radar frames into
the appearance branch. CS-UNet [35], a U-Net with cross-
frame transformers, is adapted by stacking three consecutive
radar frames as three input channels while preserving the
original architecture. MEDVT [8], a video transformer with
multi-scale attention, does not rely on optical flow and thus
can directly accept radar frames as input to its transformer
encoder.

Finally, DSEC-MOS [30], originally designed for event
cameras with event-driven priors, is adapted to radar by

substituting radar masks for event masks and by omitting
event-specific prior inputs. The main encoder—decoder and
fusion design are kept intact, enabling a fair evaluation of
its visual transformation pipeline on radar data.

For all competing methods, we only adapted the input
modality to radar while preserving their original network
designs.

C. Evaluation and Comparisons

We compare our approach with state-of-the-art LiDAR-
and camera-based MOS methods, as summarized in Table 1.
Among LiDAR baselines, MotionNet [1] achieves 65.88%
IoU, while MotionBEV [9] reaches 57.44%. For camera-
based methods, CS-UNet [35] records 63.53%, whereas
transformer-based MedVT [8] and DSEC-MOS [30] achieve
54.36% and 52.80%, respectively. Our model attains the
best overall performance with 68.36% IoU, surpassing the
strongest baseline by +2.48%. The model also achieves the
highest IoU for both cars (73.12%, +2.34%) and scooters
(69.27%, +4.08%), confirming its robustness across object
types.

Qualitative comparisons are shown in Fig. 6. In dense
traffic (first row), our method captures small scooters more
completely, reducing the fragmented detections observed in
MedVT and MotionNet. In close-range scenes (second row),
clutter around static vehicles is largely suppressed compared
to MotionBEV. In long-range settings (third row), our ap-
proach preserves object integrity despite angular distortions,
while other baselines tend to break targets into disjoint
parts. These results highlight the effectiveness of polar-
domain appearance guidance in enhancing motion feature
representation for radar-based segmentation.

D. Ablation Study

In this section, we conduct ablation studies to evaluate
the contributions of coordinate representation, polar-guided
attention, and temporal context length to the overall per-
formance of our model. We first disentangle the effects
of attention and coordinate representation. As shown in
Table II, using Cartesian motion features without attention
achieves 65.88% IoU. Adding attention already provides
the major improvement, raising performance to 67.95%
(+2.07%), which confirms that attention-guided refinement is
the dominant factor. When we further change the appearance
branch from Cartesian to Polar, IoU increases to 68.36%
(+0.41%). Although the additional gain is smaller, this shows
that Polar representation contributes complementary benefits
by better preserving the radar’s native geometry. Notably,
on distant objects, Polar-guided attention provides +0.87%
improvement compared to Cartesian-guided, indicating that
the geometric fidelity of Polar coordinates is particularly
advantageous for long-range segmentation.

To assess the generalizability of the proposed Polar-guided
Attention, we integrate it into MotionBEV and CS-UNet. For
MotionBEYV, which already contains motion and appearance
branches with a co-attention module, we retain the original
design and insert our Polar-guided Attention module after
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Fig. 6: Qualitative results of different methods on ITRI test set. The results are cropped and zoomed in for better visualization.

TABLE II: Ablation study of attention design. The motion branch is fixed
in Cartesian coordinates, while the appearance branch is varied between
Cartesian and Polar. Distant-object IoU is evaluated in the far-range region
(17.5-44.8 m).

Attention Design IoU (%) Distant Objects IoU (%)
No Attention 65.88 65.02
Cartesian-guided 67.95 66.55
Polar-guided (ours) 68.36 67.42

its attention stage. For CS-UNet, which originally models
temporal motion features with a transformer-U-Net, we add
an additional appearance branch and apply Polar-guided
Attention to fuse it with the motion branch. Table III
shows consistent improvements across both backbones. For
MotionBEYV, IoU increases from 57.44% to 58.23%, with
gains in both car and scooter categories. For CS-UNet, IoU
improves from 63.53% to 64.59%, including a 1.41% boost
for scooters. This confirms that the advantages of Polar-
guided Attention extend beyond a specific architecture.

Finally, we study the effect of temporal context length
by varying the number of input scans from two to six. As
illustrated in Fig. 7, performance improves as more history
is included, peaking at five scans with an IoU of 68.36%.
Using six scans, however, causes a drop to 66.52%, likely
due to accumulated noise and redundancy. This suggests that
incorporating sufficient but not excessive temporal context is
critical for robust moving object segmentation.

TABLE III: Performance comparison with and without Polar-guided Atten-
tion

Method ToU (%) ToUcy ToUscooter
MotionBEV + w/o Polar-guided Attention 57.44 52.26 48.32
MotionBEV + w/ Polar-guided Attention 58.23 55.96 51.61
CS-UNet + w/o Polar-guided Attention 63.53 68.15 64.23
CS-UNet + w/ Polar-guided Attention 64.59 68.21 65.64

68.36

67.49
67.38

66.69

~
w

4 5
Input Frames

o

Fig. 7: The moving object segmentation performance vs. the number of
input scans N. Tested in ITRI dataset.

V. CONCLUSION

We propose MotionNet-PGA, a radar-native moving object
segmentation framework that builds on a Spatio-Temporal
Convolution (STC) backbone from MotionNet, and augments
it with a Polar-guided Attention module. This design explic-
itly aligns motion and appearance features with radar geom-
etry, improving robustness against clutter, mitigating long-
range distortion, and enhancing the segmentation of small
moving objects. We further introduced the first annotated
MOS dataset for scanning radar, derived from the ITRI Radar
Dataset, providing a benchmark for reproducible research in
this domain. Extensive experiments demonstrate that our ap-
proach not only achieves an overall IoU of 68.36%—exceed-
ing the strongest LiDAR-based baseline by +2.48%—but
also yields consistent improvements across object categories,
including +2.34% for cars and +4.08% for scooters, where
the latter highlights the benefit for small moving objects.
These results highlight the effectiveness of polar-guided
attention and underscore the necessity of exploiting radar-
native priors to advance robust motion perception. Looking
ahead, we believe this work lays the foundation for future
exploration of radar-centric perception, including multimodal
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fusion, long-term temporal reasoning, and deployment in
real-world autonomous systems.
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