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Abstract

Mobile autonomous systems, such as self-driving cars, field robots, and drones, have
made significant progress in recent years, with the potential to transform domains
like transportation, logistics, inspection, and disaster response. However, achieving
reliable and generalizable mobile autonomy in complex, real-world environments
remains a major challenge. A fundamental prerequisite for realizing mobile autonomy
is robust spatial perception, namely the ability to interpret the surrounding environment
accurately and to localise the ego-agent precisely across a variety of complex scenarios.
Conventional spatial perception approaches, largely dependent on optical sensors such
as cameras and LiDARs, are compromised under adverse weather conditions or in
poor lighting. This vulnerability not only poses safety concerns but also impedes the
long-term, large-scale deployment of mobile autonomous agents. By contrast, 4D
radar, with its resilience to challenging weather, cost-effectiveness, inherent velocity
measurements, and privacy-preserving characteristics, presents a promising alternative.
Nevertheless, fully capitalising on its potential remains a significant challenge, owing to
the sensor’s unique data characteristics and the absence of a well-established research
infrastructure.

Against this backdrop, the present thesis systematically investigates 4D radar-based
spatial perception across three pivotal tasks: scene flow estimation, moving object
detection and tracking, and 3D occupancy prediction. To address sensor-specific
constraints and the intricacies inherent in each task, we propose bespoke 4D radar-based
methods. First, we introduce self-supervised and cross-modal supervised learning
frameworks for scene flow estimation, targeting issues of data sparsity, noise, and
the lack of point-wise scene flow annotations. Our self-supervised approach, RaFlow
adopts novel architectures and loss functions to facilitate label-free estimation, while our
cross-modal technique CMF low, leverages cues extracted from other sensor modalities
(e.g., LIDAR and cameras) to enhance performance further. Crucially, the estimated
scene flow underpins downstream tasks such as motion segmentation and ego-motion
estimation. Next, we present RaTrack, a novel 4D radar-centric method for moving
object detection and tracking. In contrast to traditional approaches reliant on object
classification and 3D bounding boxes, RaTrack emphasises motion segmentation and
clustering for improved robustness against noise and point sparsity. Lastly, for 3D
occupancy prediction, we advocate the use of 4D radar tensors (4DRTs) instead of point
clouds, preserving critical information ordinarily lost during point cloud generation.

Our method RadarOcc, introduces an efficient pipeline capable of handling large,



noisy 4D radar data while mitigating interpolation errors arising from direct coordinate
transformations.

Extensive experiments on multiple real-world datasets confirm that our methods
achieve competitive or superior performance compared to state-of-the-art techniques. In
the scene flow task, they surpass LiDAR-based approaches via radar-specific designs and
outperform fully supervised models when sufficient unannotated data is incorporated
during training. For moving object detection and tracking, our approach significantly
outperforms existing tracking-by-detection paradigms, offering enhanced accuracy in
tracking moving objects. As for 3D occupancy prediction, our pipeline achieves leading
results among radar-based methods and demonstrates strong competitiveness relative
to LiDAR- and camera-based alternatives. Collectively, these findings highlight the
potential of 4D radar not just as a supplement but as a primary sensing modality for
robust spatial perception. Nonetheless, this thesis acknowledges current limitations,
both task-specific and systemic, and outlines prospective directions to further advance

this emerging field.



Lay summary

Imagine a car that drives itself through a busy city, in the rain, surrounded by moving
traffic. Or a robot that searches for survivors in a smoke-filled building after a fire.
These are no longer science fiction. But to make them safe and reliable, these machines
need to understand the world around them, just like we do. Most robots and self-driving
cars use cameras and a laser-based sensor called LiDAR to “see.” These sensors work
well in clear conditions, but they can struggle in heavy rain, fog, or smoke. That is
a serious problem because it limits where and when these machines can be trusted to
operate. Would you rely on a driverless car that cannot cope with poor visibility?

My research explores a different kind of sensor, something that has been used in
planes and ships for decades: radar. But not just any radar. I work with a newer version
called 4D radar, which can measure not only where things are, but also how fast they
are moving. It works in all weather and lighting conditions. It also protects privacy, as
it does not capture detailed images of people. Radar data is harder to understand than
images. It often looks like scattered points or noisy patterns. I design algorithms that
help machines detect moving objects, understand how they and the vehicle itself are
moving, and form a clear picture of the environment around them. These algorithms
use data gathered and processed from 4D radar.

This technology could help driverless cars navigate safely in rain and fog. It could
allow search-and-rescue robots to move through smoke and locate people who need
help. It could also support drones delivering supplies in poor weather. Radar is more
affordable, more private, and more dependable than many of the sensors used today.
But until recently, we lacked the tools to make full use of it in everyday robots and
vehicles. My work helps unlock this potential. We live in an unpredictable world. To
build technology that works in real conditions, we need machines that can see in all

conditions. My research takes us closer to that goal.
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Chapter 1

Introduction

1.1 Research Background

Mobile autonomy refers to the ability of mobile systems, such as autonomous vehicles,
field robots and drones, to perceive their surroundings and make decisions to navigate
and act in complex, real-world environments without human intervention [1H3]. These
systems are poised to transform a wide range of domains, including transportation, lo-
gistics, inspection, disaster response, and domestic services, by enhancing productivity,
reducing human exposure to repetitive or hazardous tasks, and promoting sustainable
development. Over the past decade, the field of mobile autonomous systems has made
remarkable progress, driven by substantial R&D efforts and a rapidly growing industrial
ecosystem [4-6]. However, achieving reliable and generalizable mobile autonomy
remains a formidable challenge, particularly under diverse deployment scenarios, un-
structured environments, and under adverse weather or illumination conditions [7,(8]].
A key enabler for achieving reliable and generalizable mobile autonomy is robust
spatial perception, which ensures accurate understanding of the ambient environment
and precise localization of the ego-agent under diverse and complex scenarios. Such
capability is indispensable for the safe planning and navigation of autonomous agents
in the wild [9,10]. In recent years, spatial perception has seen rapid development thanks
to the advances of deep learning-based computer vision [11-135]] and the availability
of large-scale data [[16-20]. Key tasks of spatial perception, such as odometry [21,
22]], depth estimation [23,24], 3D object detection [25,26] and tracking [27,[28]], 3D
instance/semantics segmentation [29,30], scene flow estimation [31,32]], 3D occupancy
prediction [33}34], have undergone notable performance improvements. Despite this

progress, the vast majority of spatial perception approaches rely heavily on optical
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sensors, including depth or RGB cameras, and LiDAR [35,36]]. While these sensors
perform well under controlled environments, they often struggle to cope with the
complexity and diversity of real-world scenarios. In particular, they lack robustness
against adverse weather (e.g., fog, rain, snow) and bad lighting conditions (e.g., darkness,
sun glare, dimness) [37,/38]]. This vulnerability poses significant risks to the reliablity
of mobile autonomous agents, limiting their widespread, long-term deployment and
hindering the realization of reliable and generalizable mobile autonomy.

This raises a fundamental research question: how can we empower mobile au-
tonomous agents with robust spatial perception to tackle the environmental challenges
in real-world scenarios? Our research draws inspiration from biological sensing mech-
anisms in nature [39,40]. Many animals have evolved to rely on modalities beyond
vision to sense their surroundings. For instance, bats use echolocation by emitting
ultrasonic pulses and analyzing the returning echoes to navigate and hunt in complete
darkness [41]], while sharks, equipped with electroreceptive organs, can detect electric
fields to locate prey hidden beneath sand or mud [42]]. While the biological sensing is
not limited to the visible signals, our embodied intelligent systems should also embrace
a broader range of sensing modalities to enhance robustness against environmental chal-
lenges. Indeed, beyond the visible or near-infrared signals used by the aforementioned
optical sensors, the electromagnetic (EM) spectrum contains several other bands that
can be leveraged for sensing. One prominent invisible EM band is the millimeter-wave
(mmWave) spectrum, and sensors that leverage the mmWave signals for sensing are
commonly known as mmWave radars [43]].

Unlike optical sensors, mmWave radar senses the environment by actively transmit-
ting and receiving waveforms in the mmWave frequency range [44]. Due to their much
longer wavelength compared to optical signals, mmWave radar signals can penetrate
airborne particles such as raindrops and snowflakes, showing resilience against adverse
weathers where optical sensors often fail. Moreover, mmWave radar can measure
the Doppler velocity of objects, i.e., the relative radial velocity (RRV) (c.f. Fig. [L.T)),
providing an extra dimension of motion awareness for perception. This thesis focuses
on single-chip mmWave radar sensors, which feature a solid-state and compact design,
integrating all necessary components onto a single chip. Nowadays, off-the-shelf com-
mercial mmWave radars, used for automotive and industrial applications, predominantly
fall into this category. Unless otherwise specified, the term "mmWave radar" in the
remainder of this thesis refers to single-chip solid-state mmWave radar. These sensors

offer significant advantages in terms of cost-effectiveness and lightweight design, mak-
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Figure 1.1: Visualization of the measurements of a 4D radar point cloud, including the
3D positional information, RRV, RCS and Power measurements. Note that the latter
three features are also 3D yet we visualise them in bird’s-eye view and color them by

their values per point for readability.

ing them well-suited for deployment on mobile platforms with constrained payload
capacity or budget. A key advance in mmWave radar technology is the evolution from
traditional 3D mmWave radar to 4D mmWave radars [45,/46]. Traditional 3D radars typ-
ically estimate the range, azimuth angle, and RRV of objects, but lack precise elevation
information. In contrast, 4D radars introduce elevation angle estimation as the fourth
dimension, significantly improving vertical resolution and enabling accurate object de-
tection and localization in both horizontal and vertical planes. Such a LiDAR-imitating
imaging capability, jointly with the typical advantages of mmWave radar, positions
4D radar as an essential component for mobile autonomy and a robust supplement, or
even alternative, to LiDARs. Thus, we employ the emerging 4D radar as the primary
sensor modality for robust spatial perception, formulating a sensor-driven solution to

our research question.

1.2 4D Radar Signal Processing Pipeline

To help better understand the input radar modality used in this work, here we briefly
introduce the signal processing pipeline of 4D FMCW radar as a preliminary.

ADC samples. To measure the surroundings, a sequence of FMCW waveforms, aka.
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chirp signals, are emitted by the transmit (Tx) antennas within a short timeframe.
These signals are reflected off objects and captured by the receive (Rx) antennas. The
intermediate frequency (IF) signal is produced by mixing the signals from a Tx-Rx
antenna pair. This mixed signal is then sampled by an Analog-to-Digital Converter
(ADC) to generate discrete samples for each chirp [47]. By compiling ADC samples
from all chirps and Tx-Rx antenna pairs, the FMCW radar system constructs a 3D
complex data cube for each frame. This data cube is organized into three dimensions:
fast time, slow time, and channel, which correspond to range, range rate, and angle,
respectively [48]].

Radar tensor. Utilizing ADC samples, Fast Fourier Transforms (FFTs) are applied
across relevant dimensions to extract detailed information. The first FFT, known
as range-FFT, is performed across the sample (fast time) axis to separate objects
at different distances into distinct frequency responses within range bins defined by
hardware specifications. Subsequently, a Doppler-FFT along the chirp (slow time) axis
decodes phase variances—Doppler bins—to derive relative radial velocities, producing
arange-Doppler heatmap. For configurations with multiple Rx-Tx antenna pairs, termed
virtual antenna elements, additional FFTs (angle-FFT) are executed across the spatial
dimensions of the virtual antenna array to determine Angles of Arrival (AoA) for
azimuth and elevation angles. This series of transformations results in a comprehensive
4D radar tensor (4DRT), characterized by power measurements across range, Doppler
velocity, azimuth, and elevation dimensions.

Radar point cloud. Beyond analyzing radar tensors, most FMCW radar sensors further
refine their output to identify salient targets, which typically represent less than 1%
of the data. Target detection algorithms such as CA-CFAR [49] and OS-CFAR [50]
are commonly applied to the range-Doppler heatmap [48.|51] or directly on the 3D/4D
radar tensors [[52,53] to isolate peak measurements. This process generates a sparse
4D radar point cloud, with each point characterized by 3D coordinates and attributes
such as Doppler velocity (RRV), power intensity, or radar cross-section (RCS) (as seen
in Fig. [I.T)). While this step significantly reduces data volume and mitigates noise, it
also eliminates a substantial amount of potentially valuable information. The RCS of a
target is the hypothetical area that intercepts the radar’s transmitted signals and reflects
them back to the radar receiver, whose unit is usually decibels relative to a square meter
(dBsm). The Power measurement equals the signal power level received from a target,

whose unit is usually decibels relative to one milliwatt (dBm) [[54].
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1.3 Technical Challenges

To achieve reliable and generalizable mobile autonomy, spatial perception is expected to
endow a mobile agent with the ability to interpret the static structure of the environment,
perceive scene dynamics, understand the motion of surrounding objects, and localize
itself within a global map. These capabilities are essential to ensure that the agent can
make informed decisions, plan safe trajectories, and operate effectively across diverse
and unstructured real-world scenarios. These high-level requirements give rise to a set
of core perception tasks that serve as the foundation of autonomous behavior.

This thesis centers on three of these fundamental problems: (i) motion estimation,
which involves understanding both the dynamics of the surrounding environment and
the motion of the ego-agent; (ii) moving object tracking, the task of identifying and
localizing moving entities across consecutive frames; and (iii) 3D occupancy prediction,
which comprehensively reasons about occupied spaces and their semantics within
a voxelized 3D representation. However, effectively harnessing 4D radar for these
spatial perception problems is non-trivial, and research in this field remains limited,
mainly because of the lack of a mature 4D radar research ecosystems and the unique
characteristics of 4D radar sensors and their data. In the following, we detail the specific

technical challenges associated with each individual problem.

1.3.1 Motion Estimation

As a critical spatial perception aspect for mobile autonomy, motion estimation involves
accurately understanding the scene dynamics and the ego-agent’s motion, enabling safe
planning and navigation. A widely used representation of such motion is scene flow,
defined as a set of point-wise displacement vectors describing the 3D motion between
consecutive frames relative to the ego-agent [55]]. Accurate scene flow provides holistic
motion cues and serves as a cornerstone for motion perception subtasks such as motion
segmentation and odometry. Recent advances in scene flow estimation have been driven
by supervised [56-58|] and self-supervised learning methods [59-61]], predominantly on
LiDAR data. However, these methods are not readily applicable to 4D radar.
Compared to LiDAR, 4D radar point clouds are significantly sparser, noisier, and
lower in resolution. A single radar sweep typically contains only a few hundred points
(c.f. Fig. , which undermines the robustness of local feature extraction. Moreover,
radar returns are often corrupted by ghost points caused by multi-path effects and

specular reflections, further complicating point association and motion estimation. The
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limited angular and distance resolution of radar, constrained by hardware design, also
leads to reduced spatial precision. In addition to these sensing-related challenges, there
is a lack of public 4D radar datasets with point-level scene flow annotations. This
limits the applicability of supervised learning approaches, which rely on high-quality
labels to constrain model outputs. On the other hand, while self-supervised methods
avoid manual annotation, they often fail to produce sufficiently reliable results for
safety-critical scenarios. This creates a trade-off between annotation cost and model

performance that need to be addressed for better 4D radar-based scene flow learning.

1.3.2 Moving Object Tracking

Robustly detecting and associating moving objects across frames in 3D space is essential
for mobile autonomous systems, and serves as a prerequisite for higher-level autonomy
tasks such as trajectory prediction [62H64], obstacle avoidance [65-67]], and path
planning [[68-70]. Existing methods for 3D multi-object tracking (MOT) have made
significant progress using LiDAR [71-73], RGB cameras [74-76], or their fusion [[77-
79]]. However, the potential of 4D mmWave radar for this task remains under-explored.
Integrating 4D radars into moving object tracking presents non-trivial challenges.
The prevalent approaches [71H73\78,80] often follow the tracking-by-detection paradigm.
Such a paradigm involves first detecting objects in each frame independently and then
linking these detected object types and 3D bounding boxes across consecutive frames to
form continuous object trajectories. Key to the tracking-by-detection success depends
on the detection accuracy. This paradigm struggles when adapted to 4D radar data, due
to the inherent radar noise and point sparsity, undermining accurate type classification
and bounding box regression. Specifically, the non-negligible multi-path noises in
radar data complicate the correct identification of objects while the sparsity of radar
point clouds makes the object property (e.g., extension and orientation) regression
even more difficult. As exhibited in [81], the mAP performance [82] of the 4D radar
detection method is only 38.0, ~40% inferior to its LIDAR counterpart in the same
scene. Such degraded detection quality compromises the effectiveness of radar-based
tracking, highlighting the need for alternative approaches that are less dependent on

detection outputs and more robust to radar-specific measurement artifacts.
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1.3.3 3D Occupancy Prediction

As a unified voxel-based scene representation, 3D occupancy has gained increasing
attention [[83-87]] due to its comprehensive scene depiction, capturing both geometric
and semantic aspects. It offers a detailed open-set depiction of scene geometry, ef-
fectively handling out-of-vocabulary items (e.g., animals) and irregular shapes (e.g.,
cranes), addressing a broader range of corner cases. Previous research has predomi-
nantly utilized either LiDAR point clouds [84,88-95|], RGB images [86,[87,/96H106], or
a combination of both [85] for 3D occupancy prediction. However, the potential of 4D
imaging radar [45,/107] has been largely untapped in this area.

Unlike object-based perception, which focuses on the foreground entities (e.g., car,
pedestrian, and trucks), 3D occupancy prediction requires to reason all occupied spaces,
encompassing both foreground and background elements such as roads, barriers, and
buildings. The traditional reliance on sparse radar point clouds, therefore, is not optimal
for 3D occupancy prediction, as critical environmental signals are often lost during
the point cloud generation process [49,|108]]. For instance, the surface of highways,
typically made of low-reflectivity materials such as asphalt, often yields weak signals
back to the radar receiver. These limitations motivate the use of raw 4D radar tensors

(4DRTs) that can preserve richer radar signal information for 3D occupancy prediction.

1.3.4 Research Goals

Given the aforementioned technical challenges associated with the three targeted spatial

perception problems using 4D radar, this thesis sets out the following research goals:

* Scene flow. Develop learning frameworks that can learn to estimate scene flow
from 4D radar data without relying on costly human annotations. These frame-
works should be tailored to the sparse and noisy nature of radar point clouds,
and provide reliable scene flow, supporting downstream tasks such as motion

segmentation and ego-motion estimation.

* Moving object tracking. Design robust tracking methods that move beyond
the conventional tracking-by-detection paradigm. These methods should be
specifically designed for 4D radar and remain effective under point sparsity and

noise, without relying on accurate 3D bounding boxes as intermediate output.

* 3D occupancy prediction. Explore approaches for dense 3D occupancy predic-

tion using raw 4D radar tensors (4DRTs). These approaches should align with
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the characteristics of 4DRT data, address the associated challenges, and capture

both foreground and background structures for reliable spatial understanding.

By addressing these goals, this thesis aims to unlock the potential of 4D radar as a
robust sensing modality for spatial perception, and to promote its integration into the

stack of next-generation mobile autonomous systems.

1.4 Problem Definition

This thesis addresses three spatial perception problems using 4D radar data: scene
flow estimation, moving object tracking, and 3D occupancy prediction. To improve
clarity and consistency, we provide a unified and standardized problem formulation
for each task in this section. While we adopt consistent notation within each task,
the nature of the inputs and outputs varies significantly across tasks. Therefore, we
define task-specific symbols separately for each problem. The same notation is used
consistently throughout the corresponding technical chapters and appendices.

Scene Flow Estimation. This task aims to solve a motion field that describes the
non-rigid transformations induced both by the motion of the ego-agent and the dynamic
objects in the scene. In this thesis, we formulate our task as a point cloud-based scene
flow estimation problem. The inputs are two consecutive point clouds, the source
one P* = {p = {cf,x{}}, and the target one P’ = {p! = {cl,x!}}M,, where c$,
c! € R3 are the 3D coordinates of each point, and x{, x! € R” are their associated raw
point features. The outputs are point-wise 3D motion vectors F = {f; € R3} | that
align each point in P? to its corresponding position ¢, = ¢ 4 f; in the target frame.
Note that P* and P! do not necessarily have the same number of points and there is no
strict point-to-point correspondence between them under real conditions. Therefore, the
corresponding location ¢} is not required to coincide with any points in the target point
cloud P?, as seen in Fig. The dimension and content of the point-wise feature vector
x; may vary depending on the specific 4D radar sensor and experimental settings. In
Chapter the raw point features x?, x! € R? include the relative radial velocity (RRV)
and the radar cross-section (RCS) measurements [54]. RRV measurements, resolved by
analyzing Doppler shift in radar frequency data, contain partial motion information of
points. RCS can be seen as the proxy reflectivity of each point, which is mainly affected
by the reflection property of the target and the incident angle of the beams. In Chapter 3|

besides RRV and RCS measurements, the raw point features additionally includes the
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Power measurements, which also represents the reflectivity information from objects.
Moving Object Tracking. In a standard 3D MOT setup, all objects of interest, such as
cars and motorcycles, are tracked regardless of their motion status [71,[109,/110]]. This
thesis focuses solely on the moving objects. This focus stems from the premise that
dynamic entities hold greater significance for tracking than static ones. Additionally, the
inherent ability of radar sensors to measure velocity makes it a trivial task to distinguish
between moving and stationary objects. Given this context, we consider the problem of
online moving object detection and tracking with 4D automotive radar. The input is an
ordered 4D radar point cloud sequence P = {P?}]_, comprised of T frames captured by
the same radar sensor mounted on a moving vehicle. A frame P’ = [pf;...;p};...;ply]
contains N' radar points. Each radar point p! is characterised by its 3D position x! € R3
[t

in the metric space and auxiliary velocity features v; = vl ], where v ; and v

UrirVesi
are the measured relative radial velocity (RRV) and its ego-motion (assumed known)
compensated variant. Given each radar point cloud P! from the stream, our objective is
to detect multiple moving objects D = {d M el 1 in a class-agnostic manner without the
need to regress their 3D bounding boxes. These detected objects are then associated with

objects tracked in the previous frame O'~1 = {o! ! M

—1. The result of this process is
a set of updated objects O in track for the current frame.

3D Occupancy Prediction. In this thesis, we also considers the task of 3D occupancy
prediction with single-frame 4DRT output from 4D imaging radar. Given a 4DRT
captured in the current frame denoted as V € REXAXEXD " our task aims to predict
a 3D volume O = {o;};_ WL of which each voxel element o; € {cg,c1,...,cc} is
represented as either free (l.e., cp) or occupied with a certain semantics ¢; (7 > 0) out of
C classes. Here, R, A, E, and D denote the number of bins along the range, azimuth,
elevation and Doppler axis, respectively, and each scalar of the 4DRT is the power
measurement mapped to a location within the space defined by these four axes. 1, W
and L represent the volumetric size of the predefined region of interest (Rol) in the

height, width and length dimensions.

1.5 Thesis Contributions

The contributions of this thesis correspond to four peer-reviewed publications in the
domain of 4D radar-based spatial perception [|119,/124126]. Figure provides a
timeline overview of recent research developments in this area, highlighting how the

four technical chapters of this thesis, relate to the broader evolution of the field.



1.5. THESIS CONTRIBUTIONS 10

. ———————————————-—————-———---—--n-nnn—n—-n—n-——nnn - -~

Thesis RaFlow CMFlow RaTrack RadarOcc |

Contribution | (RA-L22) (CVPR’23 Highlight) (ICRA24) (NeurlPs'24)
Astyx RPFA-Net VoD K-Radar SMURF MSC-RAD4D Snail-Radar

(Meyer et al.) (Xuetal.) (Palffy etal.)  (Paeketal.) (Liu et al.) (Choi et al.) (Huai etal.)

R 0 A O
STET T5T 1 5T |

RPDNet RADIal TJ4DRadSet 4DRO-Net  4DRadarSLAM RTNH+ TranLoc4D

(Cheng et al.) (Rebutetal.) (Zhengetal.) (Luetal.) (Zhang et al.) (Kong et al.) (Peng et al.)
~reeemmmmmm—m——————m—me—e—_e—_e—_———m—m—m—m—m——— e ———_—— j
| — Dataset — Object detection/tracking —— Localization/SLAM — Scene flow — Occupancy |
e e —

Figure 1.2: Timeline of recent 4D radar spatial perception research and the contributions
of this thesis. The figure highlights key published works on datasets [52},81,111-115],
object detection/tracking [116-120], localization and SLAM [121H123], scene flow [124],
125], and 3D occupancy prediction [126] in the past few years. The contributions of this

thesis are based on four peer-reviewed publications, highlighted with boxed labels.

These contributions address three fundamental spatial perception tasks using 4D
radar as the input modality: scene flow estimation, moving object tracking, and 3D

occupancy prediction. A summary of each contribution is provided below.

* Self-supervised 4D Radar Scene Flow Estimation (c.f. Chapter [3): the first-
of-its-kind work to investigate scene flow estimation from 4D radar data. A
self-supervised learning method called RaFlow is introduced to estimate scene
flow on 4D radar point clouds. A novel architecture and three loss functions are
specifically designed to address the challenges induced by the characteristics of
radar sensors, including sparsity, noise and low resolution. Without the need of
annotated labels, we can collectively regularize the model to learn to estimate
scene flow by exploiting the underlying supervision signals embedded in the radar
measurements, such as relative radial velocity (RRV). RaFlow is evaluated on an
in-house dataset, and achieves state-of-the-art performance on 4D radar scene

flow estimation and effectively supports downstream motion segmentation.

* Cross-modal Supervision for 4D Radar Scene Flow Learning (c.f. Chapter[d): a
novel cross-modal supervised approach, CMF 1ow for 4D radar scene flow learning.
CMFlow overcomes the trade-off between annotation efforts and model perfor-
mance by using complementary supervision signals retrieved from co-located

heterogeneous sensors such as LiDAR, camera, and GPS/INS. To bootstrap the
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cross-supervised learning, CMF1low applies a multi-task model architecture and
subtly combines different types of supervision cues, formulating a multi-task
learning problem. CMF1ow outperforms all baseline methods on a public dataset,
and can even surpass fully-supervised method when sufficient unannotated sam-
ples are used in our training. CMFlow can also improve two downstream tasks,

i.e., motion segmentation and ego-motion estimation.

* Moving Object Detection and Tracking with 4D Radar (c.f. Chapter [5)): a dedi-
cated work for moving object tracking with 4D radar. Recognizing the challenges
posed by radar noise and point sparsity in 4D radar data, we introduce RaTrack,
an innovative solution tailored for radar-based tracking. RaTrack bypasses the
typical reliance on specific object types and 3D bounding boxes, focusing on
motion segmentation and clustering, enriched by a motion estimation module.
Extensive experiments on the View-of-Delft dataset validate the superiority of
RaTrack over existing techniques in moving object detection and tracking preci-
sion. Moreover, our results underscore the merits of the cluster-based detection

method and scene flow estimation in both detection and data association phases.

* 3D Occupancy Prediction with 4D Imaging Radar (c.f. Chapter|[6): introduction
of the first method, RadarOcc, for 3D occupancy prediction with 4D imaging
radar. RadarOcc, circumvents the limitations of sparse radar point clouds by
directly processing the raw 4D radar tensor, thus preserving essential scene
details that are typically lost during post-processing. RadarOcc innovatively
addresses the challenges associated with the voluminous and noisy 4D radar data
by employing Doppler bins descriptors, sidelobe-aware spatial sparsification,
and range-wise self-attention mechanisms. To minimize the interpolation errors
associated with direct coordinate transformations, we also devise a spherical-
based feature encoding followed by spherical-to-Cartesian feature aggregation.
The results demonstrate RadarOcc’s state-of-the-art performance in radar-based
3D occupancy prediction, achieving comparable or superior accuracy to LiDAR

or camera-based methods, while offering robustness under adverse conditions.

1.6 Outline

This thesis is organized into six chapters. Chapter|l|introduce the research background,

technical challenges, problem definitions and thesis contributions. Chapter [2] provides a
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focused review of literature relevant to the core research topics addressed in this thesis.
The core technical content (Chapters[3|to [6]) is based on four peer-reviewed publications,
addressing three key spatial perception problems using 4D radar as the input modality:
scene flow estimation, moving object tracking, and 3D occupancy prediction. The

publications corresponding to each chapter are listed below:

* Chapter [3]is based on "Self-Supervised Scene Flow Estimation With 4-D Auto-
motive Radar", F. Ding, Z. Pan, Y. Deng, J. Deng, C.X. Lu, IEEE Robotics and
Automation Letters (2022).

* Chapter [ is based on "Hidden Gems: 4D Radar Scene Flow Learning Using
Cross-Modal Supervision", F. Ding, A. Palffy, D.M. Gavrila, C.X. Lu, IEEE/CVF

Conference on Computer Vision and Pattern Recognition (2023).

* Chapter [5is based on "RaTrack: Moving Object Detection and Tracking with
4D Radar Point Cloud", Z. Pan, F. Ding, H. Zhong, C.X. Lu, IEEFE International
Conference on Robotics and Automation (2024).

* Chapter [6]is based on "RadarOcc: Robust 3D Occupancy Prediction with 4D
Imaging Radar", F. Ding, X. Wen, Y. Zhu, Y. Li, C.X. Lu, The Thirty-Eighth

Annual Conference on Neural Information Processing Systems (2024).

Chapter [3| proposes a self-supervised learning pipeline for scene flow estimation
on 4D radar point clouds, enabling robust understanding of motion in dynamic envi-
ronments. Chapter [ extend the study of 4D radar scene flow learning and improve
the performance via leveraging cross-modal supervision from co-located sensors, e.g.,
LiDAR, camera, GPS/INS. Chapter [5|focuses on moving object detection and tracking
with 4D radar, and present a tailored solution that detects and tracks objects as class-
agnostic clusters of points to address radar-based challenges. Chapter [f] introduces a
novel method for dense 3D occupancy prediction from raw 4D radar tensors, circum-
vents the limitations of sparse radar point clouds by directly processing the raw 4D radar
tensor. Finally, Chapter [7|summarizes the thesis, discusses limitations of the proposed

methods, outlines potential future directions, and reflects on their broader impact.



Chapter 2
Literature Review

This chapter provides a focused review of literature relevant to the core research topics
addressed in this thesis: scene flow estimation (Section [2.T]), moving object tracking
(Section [2.2)), and 3D occupancy prediction (Section[2.3)). For each task, we first discuss
prior work within its broader context, emphasizing existing approaches and limitations.
Although our work represents the first of its kind to tackle each of these problems using
4D radar at the time of publication, we also acknowledge the emergence of several
cocurrent or subsequent studies. These recent advancements are briefly reviewed at the
end of each section to provide a complete picture of the evolving research landscape.
Beyond the three core tasks, 4D radar has also gained increasing attention for other
spatial perception problems, such as 3D object detection [52, 53,8 1,/111H113}117+120,
1274138]], odometry [[114,|121,{122,125},|139-142], and mapping [122,/141./142]. These
developments further highlight the growing potential of 4D radar in enabling robust
and cost-effective spatial perception. For broader overviews of 4D radar perception, we

refer readers to the dedicated survey articles [46,143]|144].

2.1 Scene Flow Estimation

2.1.1 Image vs. Point-based Scene Flow

Scene flow was first defined in [145]] as a 3D uplift of optical flow, describing the point-
wise 3D displacement in a dynamic scene. Early approaches resolve pixel-wise scene
flow from either RGB or RGB-D images based on prior knowledge assumptions [146-
153]] or by training deep networks in a supervised [[154-158] or unsupervised [[159H162]

way. In contrast, some other methods directly infer point-wise scene flow from 3D sparse

13
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point clouds. Among them, some methods rely on online optimization to solve scene
flow [[163-167]. Inspired by the success of point cloud feature learning [[12,168-170],
deep learning-based methods [55-59,/61},171+H178]] have been dominant for point cloud-
based scene flow estimation, establishing state-of-the-art performance by leveraging

large amount of data for training.

2.1.2 Supervised Point-based Scene Flow

Many point cloud-based scene flow estimation approach learn scene flow estimation in
a fully-supervised manner with ground truth flow [55,)56, 171,/172,|174,/177,/179,180].
Early efforts in this vein [55,/172] designed DNN architectures based on the point
cloud processing layers [[168,170] for effective scene flow estimation. Concurrently, a
multi-task pipeline [[171]] was proposed to predict scene flow and detect objects simulta-
neously with voxel-based networks. Subsequent works improved scene flow estimation
accuracy by incorporating geometric constraints [|177]], optimal transport [[174]], cost
volume [56[], Con-HCRF [179] and adversarial learning [180]. Nevertheless, supervised
DNN methods come with the demand of large-scale annotated scene flow data for
training, which are costly to acquire in practice.

As a cost-effective alternative, synthetic [154] or converted [181]] datasets are used
for offline DNN training. However, these methods are not available for 4D radar as
constructing an accurate radar synthesizer/generator itself is an unsolved topic, not to
mention the common discrepancy between any simulator and real-world data. Some
recent methods [58,|176] try to reduce annotation efforts by combining the ego-motion
and manually annotated background segmentation labels. Although pseudo ground truth
ego-motion can be accessed from onboard odometry sensors (GPS/INS), annotating
background mask labels is still expensive and need human experts to identify foreground

entities from complex scenarios.

2.1.3 Self-supervised Point-based Scene Flow

To avoid both human labour and the pitfalls of synthetic data, some methods design
self-supervised learning frameworks that train a scene flow estimator without the need of
labeled data [56,57,59H61,164.182]. These methods often exploit or mine a supervision
signal from the input itself by either designing specific losses [56159,61] or generating
pseudo scene flow labels [60] to guide the model training. Yet, all these methods only

consider dense LiDAR point clouds as input and their performance may degrade greatly
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when applied to radars for the following reasons.

Temporal matching. Most self-supervised methods [56,57,59./61,(164, 182] rely on
temporal directed or bidirectional matching between two point clouds to exploit pseudo
correspondence information for training. This temporal matching scheme works well for
LiDAR point clouds since most points have their close neighbours in the next frame to be
matched with. However, it cannot be transferred to radar point clouds directly because:
a) the sparsity and noise of radar data make temporal matching between consecutive
frames difficult; b) radar points have a much lower resolution which hampers accurate
matching between correspondences. In Chapter [3| we propose a radar-friendly soft
Chamfer loss to mitigate the negative effects of the above issues resulting from the
inherent properties of the radar sensor.

Rigid ego-motion estimation. Scene flow can be disentangled into two parts induced
by rigid ego-motion and moving objects. Separating these two components can not
only allow us to obtain sensor ego-motion but also enable holistic refinement of flow
vectors for static points. Some works [58,/171] jointly estimate ego-motion, scene
flow and object rigid motion but need various labels for supervision. The method
in [[182] regresses ego-motion at first and then estimates the non-rigid object motion
with the transformed point cloud. Another work [[61]] predicted point-level motion
classification with the network and solved the ego-motion using the differentiable
Kabsch algorithm [[183]]. However, these methods are either susceptible to the non-
negligible amounts of outliers in radar point clouds [[182], or highly rely on a large

amount of artificial labels [61] that are hard to access for sparser and noiser radar data.

2.1.4 Recent Advancements in 4D Radar Scene Flow

Our contributions [125]184] represent the initial attempts to formulate scene flow es-
timation directly from 4D radar data. Chapter [3| proposes a self-supervised learning
pipeline for scene flow estimation on 4D radar point clouds, enabling robust understand-
ing of motion in dynamic environments. Chapter ] extend the study of 4D radar scene
flow learning and improve the performance via leveraging cross-modal supervision
from co-located sensors, e.g., LIDAR, camera, GPS/INS. Following our initial efforts,
several subsequent works [[185-187] have further improved 4D radar scene flow per-
formance. DMRFlow [185] enhances matching and refinement by decoupling position
and velocity features, as well as static and dynamic motions. TARS [186] integrates

object detection into the pipeline and builds a traffic-level vector field to guide flow
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estimation with global motion context. RadarSFEMOS [187] improves robustness
through a self-supervised diffusion-based framework and Transformer-based feature

encoding, jointly learning scene flow and motion segmentation.

2.2 Moving Object Tracking

Given the absence of prior work on 4D radar-based moving object tracking, we will
touch on existing research in general 3D Multiple Object Tracking (MOT). As an uplift
of 2D MOT [[188+192] in the 3D space, 3D MOT has attracted increasing interests due
to its significant application to autonomous systems. Most online 3D MOT solutions
adopt a tracking-by-detection approach, focusing on 3D bounding box detection and
data association. The core of data association lies in extracting comprehensive tracking

cues and matching new detections with previous tracklets.

2.2.1 3D Bounding Box Detection

Tracking-by-detection approaches rely fundamentally on precise 3D object detection.
With the rapid progress in this area, a variety of well-established 3D detectors [72,
193H197] have been widely integrated as the detection backbone in modern MOT
pipelines. Depending on the sensor modality used, existing 3D multi-object tracking
systems are typically categorized into LiDAR-based [[711|73}|109, 110L|198-204], image-
based [[74,75,205,206]], and LiDAR-image fusion-based [77-80] methods.

Unlike these pipelines that rely on explicit bounding box predictions, our approach
in Chapter [5 operates solely on 4D radar point clouds and identifies object instances
through point clustering, rather than bounding box estimation. This design eliminates
the dependence on regression-based box detectors and is more suited to the sparsity and

noise characteristics of radar data.

2.2.2 Tracking Cues

Different types of cues can be exploited from the detection results or input data for
data association. To extract motion-related information for data association, one widely
adopted approach is to model object dynamics using a Kalman filter with a constant
velocity assumption, as introduced in AB3DMOT [/1]]. This approach, along with its
extensions [73]], has been adopted by many later studies [[77,78,109,201,202] to provide

motion cues for associating detections across frames. An alternative strategy involves
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directly regressing object velocities through detection networks [72,(79,203]]. Addition-
ally, some works [[80,200] extract latent temporal features using LSTM architectures to
capture object dynamics over time. In addition to motion, appearance information is
also widely used to enhance association robustness. These features are typically learned
by neural networks from various modalities, such as RGB images [198]], LiIDAR point
clouds [|80,203},204], or multi-modal fusion [73.(77,/79,[200].

Unlike prior methods, our approach in Chapter [5| estimates per-point scene flow
vectors, which serve as direct motion cues for object association. These flow vectors
help match objects exhibiting similar motion and also contribute to the initial detection
process. Beyond scene flow, we also extract point-wise geometric features from each

cluster, enabling more robust and structure-aware data association.

2.2.3 Track-detection Matching

With motion or appearance cues extracted, most MOT frameworks construct an affinity
matrix to evaluate the similarity between current detections and existing tracks. Tradi-
tional methods [[711/77,/198] compute such similarity using hand-crafted distance metrics,
such as cosine or Euclidean (L2) distance. In contrast, several approaches [80,[200]
adopt neural networks to learn adaptive matching scores, enabling more flexible affinity
modeling. Once similarity scores are obtained, assignment is typically performed via
bipartite matching algorithms, most notably the Hungarian method [207]], or through
greedy heuristics. More recent strategies [[110,[202] incorporate graph-based structures
and Neural Message Passing [208]] to capture inter-object dependencies and context for
improved association accuracy.

In our method, we follow a learnable matching framework and employ an MLP to
predict similarity between cluster pairs. Distinctively, we integrate the differentiable
Sinkhorn algorithm [209] to solve the assignment problem in a fully end-to-end manner,
facilitating gradient flow through the data association module and enabling tighter

integration with downstream tasks such as motion forecasting and trajectory planning.

2.2.4 Recent Advancements in 4D Radar Tracking

Chapter [5| presents a tailored solution for 4D radar-based moving object tracking that
detects and tracks objects as class-agnostic point clusters, addressing the challenges of
radar sparsity and noise. Concurrently or subsequently, several studies [210-213]] have

explored alternative radar-specific designs for multi-object tracking. RadarTracker [211],
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similar to ours, also avoids bounding boxes and focuses on instance-level motion
segmentation. It employs temporal offset prediction and attention-based association,
with an emphasis on appearance-guided tracking. Liu et al. [212] conduct a framework-
level comparison of point object tracking (POT) and extended object tracking (EOT),
and propose a hybrid TBD-EOT design for online 3D MOT using 4D radar.

In contrast to point cloud-based approaches, another two recent works [210,213]]
operate directly on 4D radar tensors, utilizing its rich measurement information. Center-
RadarNet [210] performs joint 3D detection and re-identification, enabling online track-
ing via embedding-based association. Bayes-4DRTrack [213]] incorporates Bayesian

uncertainty modeling and transformer-based motion prediction to improve robustness.

2.3 3D Occupancy Prediction

2.3.1 LiDAR- and Camera-based 3D Occupancy Prediction

Early research on 3D occupancy prediction, also referred to as semantic scene com-
pletion (SSC) [214], primarily focused on small-scale indoor environments [214-223|.
The release of SemanticKITTI [224] extended SSC to large-scale outdoor driving sce-
narios, enabling LIDAR-based methods [[88-92] to demonstrate promising results. In
parallel, MonoScene [96] introduced SSC from a single monocular image, marking the
beginning of vision-only solutions.

Following Tesla’s public disclosure of their occupancy network for Full Self-Driving
(FSD) [83]], research interest in 3D occupancy prediction for autonomous vehicles has
surged. While several recent approaches utilize LiDAR [84,85,93-95]], the majority of
methods adopt vision-based pipelines that lift 2D features into 3D representations 86,
87,97-H106]. Despite these advances, 4D radar remains significantly under-explored
for 3D occupancy prediction, even though it offers unique advantages under adverse

weather and low-visibility conditions.

2.3.2 Radar Tensors for Perception

Besides the post-processing radar point cloud, another data type of mmWave radar is
the radar tensor (RT), which is the product of applying FFT along the corresponding
dimensions to the raw ADC samples (c.f. Sec.[I.2). Unlike the sparse radar point cloud,
dense RTs contain rich and complete measurements of the environment, refraining from

information loss during point cloud generation (e.g., CFAR [49,/108]). Consequently,
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some works attempt to use 2D [127,225-228]], 3D [229-231]] or 4D [52,53./120] RTs
for object detection, yielding satisfactory performance. In Chapter [6) we develop a

tailored approach to 4D radar-based 3D occupancy prediction based on 4DRTs.

2.3.3 Recent Advancements in 4D Radar Occupancy

Chapter [6] introduces a novel method for dense 3D occupancy prediction from raw 4D
radar tensors. By directly operating on the full tensor, our approach overcomes the
limitations of sparse point clouds and enables rich spatial understanding under adverse
conditions. Following our work, 4D-ROLLS [232] proposes a weakly supervised frame-
work that only uses LiDAR to generate pseudo-labels for training 4D radar point-based
occupancy networks. It demonstrates strong generalization in adverse weather and
supports real-time inference. In parallel, recent methods explore multi-modal fusion of
multi-view 4D radar and cameras for improved occupancy prediction. MetaOcc [233]]
adopts a semi-supervised strategy with open-set segmentation for pseudo-label gener-
ation, and addresses radar sparsity via height-aware attention and adaptive modality
fusion. DORACAMOM [234] jointly performs 3D detection and occupancy prediction
by combining radar geometry and image semantics. It leverages voxel-based queries,

temporal encoding, and cross-modal fusion to enhance omnidirectional perception.



Chapter 3

Self-supervised Scene Flow Estimation

with 4D Automotive Radar

Chapter [I]introduced the research background of this thesis, highlighting the vulnera-
bility of optical sensors under adverse conditions and introduced 4D radar as a robust
alternative for robust spatial perception. Chapter [2| provides a focused review of liter-
ature relevant to the core research topics addressed in this thesis. In this chapter, we
tackle the problem of scene flow estimation, aiming to explore the potential of 4D radar
for this critical task in spatial perception. Scene flow enables autonomous vehicles to
reason about the arbitrary motion of multiple independent objects, which is essential
for long-term mobile autonomy. While LiDAR-based scene flow estimation has seen
significant progress, it remains largely unexplored for 4D radar. Compared to LiDAR
point clouds, radar data are sparser, noisier, and lower in resolution (c.f. Fig. [3.1).
Additionally, the lack of annotated radar scene flow datasets makes supervised learning
infeasible, further complicating the problem. This chapter addresses these challenges
by introducing a self-supervised learning framework for scene flow estimation on 4D
radar point clouds. We propose a robust model architecture along with three novel loss
functions tailored to handle the sparsity, noise, and unique characteristics of radar data.
The proposed self-supervised learning framework RaF1ow, including its model design
and loss functions, is detailed in Sec.[3.1] Experimental results are presented in Sec.[3.2]
with a conclusion and discussion of limitations in Sec.[3.31

Statement of Contribution. This chapter is based on the following publication: "Self-
Supervised Scene Flow Estimation With 4-D Automotive Radar," Fanggiang Ding,
Zhijun Pan, Yimin Deng, Jianning Deng, Chris Xianxuan Lu, IEEE Robotics and
Automation Letters, 2022. As the first author, I designed the self-supervised learning

20
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Figure 3.1: Visualized comparison between LiDAR (blue) and radar (magenta) point
clouds. Black bounding boxes come from LiDAR object detection output (highlighted
with bold lines). As seen in the figure, radar point clouds are much sparer than LiDAR
point clouds with only a small fraction of overlapping points. Moreover, there are plenty
of radar noise points, apparent clusters of which are circled in orange. Due to a much

lower resolution, many points that should be inside the bounding boxes fall outside.

framework, implemented the proposed method and most baseline models, conducted
the experiments, and wrote the initial draft of all sections of the paper. My co-author
Zhijun Pan implemented the SLIM baseline [[61]]. Yimin Deng provided the in-house
dataset, and I referred to the dataset preprocessing codes provided by Jianning Deng.
Chris Xiaoxuan Lu offered extensive feedback on the writing and helped refine the
manuscript to enhance readability and clarity, and contributed valuable insights into the

method’s development, experimental design, and presentation.

3.1 Proposed Method

3.1.1 Overview

The 4D radar scene flow estimation problem and some symbols is formally defined in
Sec[1.4] Fig.[3.3illustrates the overall architecture of RaFlow, which is composed of a
Radar-Oriented Flow Estimation (ROFE) module and a Static Flow Refinement (SFR)
module. The ROFE module takes point clouds P* and P? as the input pair and firstly
estimates a coarse scene flow F. € RV*3 = {f.; € R3} |, where each flow vector is

unconstrained. Based on the coarse scene flow, the SFR module generates a static mask
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Figure 3.2: lllustration of radar scene flow and 4D radar RRV measurement. Points from
point cloud P and Q are colored as blue and magenta, respectively. is used to
denote points warped by the truth flow vectors. In above figure, we assume that all points
keep constant velocity during At. Ap and Ao indicate two local sensor coordinates
where point cloud P and Q are captured respectively. Tg_t1 is the true ego-motion. Note
that the point clouds in these consecutive frames are non-bijective, as the point gap

shown in the Ao coordinate. (Best viewed in color)

M, using Algorithm [I]and then estimates a global rigid transformation T, € SE(3)
with the differentiable Kabsch algorithm [[183]]. The rigid scene flow estimation F, €
RN >3 = {f.; € R?’}fv:ll can be reparameterized through f, ; = (T, — I4)¢;, where ¢
denotes c; in the homogeneous coordinate. Finally, we refine the coarse flow vectors of
all static points with the rigid scene flow F',. to obtain the final scene flow F. The entire
architecture is end-to-end trainable. With this architecture, we can not only predict a
refined scene flow F but also address the motion segmentation and rigid ego-motion
estimation problems. The static mask M can be used to segment moving points, while

the rigid transformation T, describes the ego-motion of radar.

3.1.2 Radar-oriented Flow Estimation (ROFE) Module

As shown in Fig. [3.3] the ROFE module consists of three components: multi-scale
encoder, cost volume layer and flow estimator, which are explained below. The detailed
layer parameters of the ROFE module can be seen in Table 3.1}

Multi-scale Encoder. Extracting robust local features from radar points clouds is
hindered by two major factors: a) the severe sparse nature of radar, b) uneven point
density. While enlarging the receptive field can mitigate the sparse issue, it is still hard
to tackle uneven point density with single-scale feature extraction. Inspired by the
discussion in [[168], we adopt a multi-scale grouping scheme to encode features on radar

point clouds. Given input point set P*, we use multiple set conv layers [55] to group
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Figure 3.3: Overview of our radar scene flow estimation pipeline. Two point clouds P*
and P? are used as the input to RaF1ow. The output includes the aggregated final scene
flow F, the static mask M and the rigid transformation T',.. Note that the two multi-scale

encoders share the same weights. The entire architecture is end-to-end trainable.

multi-scale local features with different radius neighbourhoods specified by a radius set
R. To include global knowledge, we also use a channel-wise max-pooling operation to
aggregate global features following [[12]] and concatenate it to per-point local features.
As a result, we can obtain local-global features G* € RV X(23025 Cr) for point cloud
P5 and G € RN2X X35 Ck) for pt similarly.

Cost Volume Layer. To robustly and stably correlate features across two frames, we
adopt the Cost Volume layer proposed by [56]. This cost volume layer aggregates costs
in a patch-to-patch manner, which is particularly useful to mitigate the low-resolution
issue of radar point clouds and the resultant non-bijective mapping across frames. After
passing the point clouds and local-global features through cost volume layer, we can
attain correlated features H € RN *Ceor,

Flow Decoder. To decode the flow estimation from features, we firstly form flow
embedding by concatenating correlated, local-global and input features of point cloud
P?. With flow embedding and point cloud P?, we use another multi-scale encoder to
group embedding features to include spatial smoothness for the final output. We denote
these features as U € RV X (23325 C) from multiple set conv layers. Lastly, U is fed

into the final four-layer MLP whose output is the coarse scene flow F..

3.1.3 RRV Measurement and Scene Flow

One important property of 4D radars is that their RRV measurements from Doppler ef-
fects are intuitive self-supervision signals for scene flow estimation. RRV measurements

describe the moving speed of ambient objects relative to the observer in the radial direc-
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Component Layer type Radius Samples MLP width

set conv 2.0 4 [32, 32, 64]
) set conv 4.0 8 [32, 32, 64]
multi-scale encoder
set conv 8.0 16 [32, 32, 64]
set conv 16.0 32 [32, 32, 64]
cost volume layer - - 8 [512,512,512]
set conv 2.0 4 [512, 256, 64]
set conv 4.0 8 [512, 256, 64]
flow decoder
set conv 8.0 16 [512, 256, 64]
set conv 16.0 32 [512, 256, 64]
output layer - - [256, 128, 64, 3]

Table 3.1: Architecture specifications of our ROFE module.

tion. We denote the RRV measurements of point cloud P as V¥ € RN = {vf e R},
where v] is positive when point c; is moving away from the observation point. Gener-
ally, V¥ can be used as a component of the input features to include point-level motion
cues. However, we argue that RRV measurement has the potential to play more roles
in RaFlow. Assuming the velocity of point ¢ keeps constant during time interval A¢
between two scans, we can reach the following equation:

5

vi At = ngt,i HZZSH

(3

3.1)

where fy; ; is the true flow vector of point cj. Eq. means that the projection of
flow vector on the radial direction equals the measured RRV times At, as explained
in Fig. The constant velocity assumption is rational because the time interval
between two radar scans is usually very short (e.g., 100ms) so that the average velocity
of points can be seen as an approximation of the instantaneous velocity in most cases.
As we will see in the rest of this chapter, RRV is crucial for our self-supervised learning
framework even without the availability of the truth scene flow. We propose a static mask
generation module in Section [3.1.4]and formulate a radial replacement loss function in
Section [3.1.5] which are both inspired by Eq.[3.1]

3.1.4 Static Flow Refinement (SFR) Module

Due to the intrinsic sparsity and non-negligible noise of radar data, the scene flow
F. estimated from the ROFE module is only coarse-grained and needs to be refined

further. Since the motion of stationary scene points is caused by the radar ego-motion,
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Algorithm 1 Static Mask Generation

Input: Point cloud P#, coarse scene flow F., RRV measurements V* = {v$} Y, of P*,
time interval At between P* and P?, preset threshold ¢
Output: Static mask M = {m; € {0,1}},
1: Get the warped point cloud P’ = {c} = ¢{ +£.;} | using F. and P*
2: Form correspondences {c?,c}¥, between P* and P’
3: Feed {c{,c}} , into Kabsch algorithm and get T,
4: Compute Fp,, € RV*3 = {f..; € R3}V, with T, by £ + (Ter — I4)E;
5: fori=1to N do
6:  Obtain f,, ;s radial component £/ ; <— fCT”H%zH
7. Compute the radial residual 7; < £ ; — vi At

8:  Compute the relative residual e; < ’ T
9: ife; <( then

10: Mg < 1
11: else

12: Mg,j < 0
13:  end if

14: end for

one plausible refinement is to regularize those flow vectors of all static (background)
points via a rigid transformation matrix respective to radar ego-motion. Unfortunately,
accurate ego-motion is often in absence in the real world or costly to acquire in practice.
To circumvent this ego-motion absence, we first propose a static mask generator based
on the RRV measurements available in a radar scan and then leverage the Kabsch algo-
rithm [183]] to obtain the rigid transformation of the identified static points. Particularly,
similar to other scene flow works in this vein (e.g., [58,61]), we adopt a specialized form
of the Kabsch algorithm, where the centered point coordinates of two sets of paired
points are firstly computed by subtracting the centroid coordinates. Then, the optimal
rotation matrix is solved through a singular value decomposition. The translation vector
is finally restored by comparing two centroid coordinates after using the rotation matrix
for compensation.

Concrete details of our proposed static mask generation algorithm can be seen in
Algorithm (I} Based on our observation that most points in the scene are stationary,
we intuitively assume that all points are stationary and then utilize the Kabsch algo-

rithm [183]] to get an intermediate transformation T, € SE(3). Obviously, T, is
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only a coarse transformation as not all points in the scene are stationary. With T, an
intermediate rigid scene flow F, can be computed accordingly. With Eq. [3.1]in place,
we judge if points are static or moving by comparing their relative residual e; with a
preset threshold (. Here, e; is defined as the difference between the radial displacement
induced by the intermediate rigid flow vector f.,; and RRV measurement v;.

After applying the static mask M on point cloud P* and the warped one P’, we
feed only static correspondences into the Kabsch algorithm again. As exhibited in
Fig.[3.3] a more reliable rigid-motion transformation T, can be thus obtained. Then,
we derive the rigid scene flow F,. from T, which can be shown as the Rigid Transform

to Flow block in Fig. [3.3] Lastly, we aggregate the final scene flow F by:

fri itmg; =1
f; = 3.2)
fc,i if ms; =10

3.1.5 Loss Function

We leverage three types of self-supervision signals for model training: radial displace-
ment loss L4, soft Chamfer loss L. and spatial smoothness loss L. The overall loss

function can be written as:
L= Erd+£sc+£ss (3.3)

These losses jointly regulate the network learning in terms of RRV, temporal, and spatial
coherence respectively.

Radial Displacement Loss. As discussed in Section [3.1.3] the product of RRV mea-
surement and time interval At can be seen as an approximation of the radial projection
of the truth flow vector. This insight is crucial to our self-supervised learning framework
because we can use the existing radar inputs to constrain the radial component of flow

vectors. Formally, we formulate a radial displacement loss based on Eq.

C

— v AL (3.4)

s
7
ill
lc;

£rd: Z |sz

ciePs

Despite some inevitable measurement errors, we empirically found that RRV renders
strong supervision signals for training scene flow estimators, as shown in Section [3.2.4]
Soft Chamfer Loss. Introduced by [56], Chamfer loss is an effective constraint for
self-supervised learning of scene flow estimation. By employing the mutual nearest
neighbours as pseudo correspondences, it enforces the scene flow to pull the warped
source point cloud P’ = {{c},x/} € R“}Y, obtained by: c; = c{ +f; as close as

possible to the target point cloud P?.
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The challenge in our context, however, is that radar point clouds are much sparser
and noisier, resulting in quite some points having no real correspondences or even close
neighbors in the opposite point cloud. As a result, mapping all points to their nearest
neighbours by the vanilla Chamfer loss will incur erroneous scene flow estimation.
We therefore propose to formulate the Chamfer matching constraints in a probabilistic
manner by taking into account the Euclidean distance between a point and its neighbor
points in the opposite point cloud. Motivated by [[169], we further use a kernel density
estimation (KDE) method to approximate per-point Gaussian density factor v(c}) as

follows:

—ZNcc1 (3.5)

c’ tcpt

Before loss computation, we precompute the density factors for P’ and P! as prior
knowledge about the chance of attaining a successful matching of each point. To
mitigate the problem caused by unsatisfying point matching, we select points whose
density factor is lower than threshold ¢ and discard these points as outliers when

computing losses. Our soft Chamfer loss can be formulated as:

Lse= Z H >5[m1n||c _C]||2_€]+
cieP’ CJE
t t 1112 (36)
+ > I(v(c;) > 6)[ min ||c; —cj|[5— e+
cﬁEPt cjeP

where II(-) is the indicator function that returns one when the condition is satisfied, and
zero otherwise. Due to the low resolution of radar sensor, a perfect match between two
consecutive clouds is nearly impossible. It is reasonable to let the Chamfer matching
tolerate small matching discrepancy. Such toleration is implemented via the [-];+ =
max(0, -) operator so that matching errors lower than € are ignored.

Spatial Smoothness Loss. It has been found that estimating unconstrained point-wise
flow vectors can easily lead to ill-posed results [58]]. For example, two points from the
same vehicle might move in different directions or magnitudes. To avoid unreasonable
results, it is non-trivial to impose spatial coherence on the estimated motion fields.
In [56,57], a regularization term is added to constrain the predictions when training
networks. They formulate a loss function by enforcing the scene flow of c; close to that
of points in its neighbour set O(c?). However, this loss is not suitable to be directly
applied to radar point clouds as it implicitly assumes that all points in the neighbour set
are close enough to the target point and thus can be considered as measurements from

the same rigid body. This assumption does not necessarily hold when it comes to the
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Sequence Seq0 Seql Seq2 Seq3 Seq4 Seq5 Seq6

Period (min) 127 10.0 10.0 10.0 10.0 10.0 10.0
Distance (km) 95 63 56 57 54 54 52
Avg. Speed (km/h) | 449 37.8 33.6 342 324 324 312

Usage Test Train Train Train Train Train Val

Table 3.2: Details of collected sequences for our experiments.

radar point clouds due to the point sparsity and low resolution as shown in Fig.

To address this challenge, we propose to weigh each neighbour point according to
its Euclidean distance to the target point. Intuitively, farther neighbour points are less
likely to correlate with the target point and less reliable when enforcing smoothness
constraints. To smoothly measure the correlation between point c; and its neighbour
c; € O(c?), we use the same RBF kernel as in [[164] to formulate the weight:

—lef —5l13

k(cf, cf) = exp(

) (3.7)
where « controls the impact of the distance on the weight. All weight values are
normalized together using softmax function. With the assigned weight for each pair of
point and neighbour, our spatial correlation loss is formulated as:

Los= > > k(e clfi—1ll3 (3.8)

c;€P? c3e0(c})

By placing local constraints weighted by the metric distance in Eq. [3.8] the spatial
coherence of predicted scene flow can be enforced more appropriately for sparser radar

point clouds.

3.2 Evaluation

3.2.1 Experiment Settings

Data Collection. An in-house multi-modal dataset was collected to facilitate our evalua-
tion. The collection vehicle was equipped with a set of sensors including a Full-HD RGB
camera, an Asensing INS570D navigation system, an RS-Ruby RoboSense (128-beam)
LiDAR system and a HASCO LRR30 4D mmWave automotive radar. In particular,
the 4D automotive radar has a maximum range of 75m with an azimuth/elevation FOV
angle of 120°/20°. The range resolution of this 4D radar is 0.2m while the angular
resolution is {1.6°,1°} for azimuth/elevation measurement, respectively. We manually

drove the vehicle for over 70 minutes on multiple roads and 7 sequences of data were
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Parameter Meaning Value
Ny The number of feature extraction scales 4
Cr,C, The number of local feature channels 64
Ccor  The number of correlated feature channels 512
R The radius set for encoding {2,22,23 24}m
¢ The threshold to classify points 0.15
1 The threshold to discard outliers 0.005
€ The threshold for error toleration 0.1m
o} The factor to control smoothness weights 0.5
Npp,  The number of neighbours for smoothness 8

Table 3.3: Values of all hyperparameters for reproduction.

collected with a total distance of 43.6km. We synchronize radar point clouds to 10Hz
LiDAR point clouds and use pose data for motion compensation. For experiments, we
select one sequence for test, another one for validation and the rest five for training.
Details about these sequences are shown in Table[3.2]

Labels. We use unlabelled samples from the training set for self-supervised learning of
DNNSs and from the validation set for model selection. As the test set is in a moderate
amount of data, we manually label the test radar frames by referencing a 3D object
detection module from the co-located RoboSense LiDAR and the accurate ego-vehicle
pose information provided by the RTK-GPS and IMU sensors. Specifically, the scene
flow labels of these samples can be annotated using converted vehicle pose for static
points and by tracking bounding boxes (after manual inspection and correction) of
dynamic objects for moving points.

Baselines. As there is no prior work studying the sparse radar scene flow, our competing
approaches are drawn from the general point-based scene flow estimation methods,
including five state-of-the-art self-supervised learning methods: Just go with the Flow
(JGWTF) [59], PointPWC-Net [56], GraphL-L (the learning version) [[164]], Flow-
Step3D [57]], SLIM [61]], and two non-learning-based methods: Iterative Closest Point
(ICP) [235]] and GraphL-N (the non-learning version) [[164].

Evaluation Metrics. Prior point-based scene flow estimation works commonly use
end point error (EPE) &; = ||f; — £y ;|2 as the major metric for evaluation. Many of
them [55,,/56,59,/164]] achieve a mean EPE lower than 0.2m with dense point clouds
(e.g., LiDARs) as input, as shown in their experiments. However, directly applying

EPE to radar point clouds lacks sensor-specific consideration and may incur short-
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sighted conclusion because most 4D radars currently have a much lower-resolution
than LiDARs. For example, our used 4D radar (i.e., HASCO LRR30 4D mmWave
automotive radar) has a range resolution of 0.2m, making a sub-resolution EPE lower
than 0.2m nearly impossible.  For this reason, we also introduce a metric called
Resolution-normalized EPE (RNE) in this chapter to make our evaluation on par with
the ones in LiDAR scene flow estimation. To compensate the resolution gap, we divide
the computed EPE by Az /A, which is the ratio between our radar resolution Axz!
and a common Velodyne LiDAR resolution Axﬁ used by previous LiDAR scene flow
works [56,/57,59,61.,/164]. As both LiDAR [82]] and radar point clouds are generated
in the spherical coordinate, each point should have a unique resolution Ax; in the
Cartesian coordinate. To implement fine-grained RNE, given the fixed sensor spherical
resolution values {Ar, A, A¢}, we first approximate per-point Cartesian resolution
values {AX;,AY;, AZ;} by

Aci = Z

he{r,0,¢}

Oc(r,0,¢)
oh

(T707¢):(T170u¢7) Ah (3'9)

where ¢ € {X,Y,Z} denotes the Cartesian coordinate values. We then obtain the

point-level resolution Axz; as:

Az; =\ (AX)2+ (AY;)? + (AZ;)? (3.10)

We first compute per-point ratio between Az and Axé and then obtain the RNE value
by dividing EPE by the ratio.

Following the accuracy score metrics in [55,57,/61]], we also define two extra metrics
based on RNE by calculating the percentage of points that satisfy certain requirements:
a) strict accuracy score (SAS): the ratio of points with RNE < 0.1m or relative error
< 10%; b) relaxed accuracy score (RAS): the ratio of points with RNE < 0.2m or the
related error < 20%. Following [61]], we also report results for static and moving points
separately and calculate their average to avoid the imbalance of these two classes. For
notation, we use 50-50 RNE as the average of between Stat. RNE and Mov. RNE, while
Avg. RNE denotes the mean RNE for all test points.

Training Details. We trained our model for 50 epochs using the Adam optimizer [236].
The initial learning rate is set as 0.001 and decays by 0.9 after each epoch. Data
augmentation is implemented by randomly rotating and translating each point cloud
from the training set. During training, we downsample all point clouds to N; = Ny =

256 for fast batch processing but do not downsample test samples in order to estimate
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Type Method Avg. EPE [m]] Avg. RNE [m]| 50-50 RNE [m]| Mov. RNE [m]] Stat. RNE [m]] SAST RAS?T
. ICP [235] 1.152 0.485 0.419 0.355 0.483 0.308 0.479
Non-learning-based

GraphL-N [[164] 1.229 0.518 0.339 0.150 0.529 0.177  0.206

JGWTF [59] 1.345 0.566 0.379 0.181 0.578 0.095 0.185

PointPWC-Net [56] 1.242 0.523 0.380 0.227 0.533 0.108 0.390

. GraphL-L [|[164] 1.275 0.537 0.352 0.154 0.549 0.153 0.216

Self-supervised

learni FlowStep3D [57) 2.111 0.889 0.670 0.439 0.900 0.081 0.242
earnin

€ SLIM [61] 1.224 0.515 0.338 0.149 0.527 0.178 0.207

RaFlow (w.o. SFR) 0.608 0.256 0.185 0.110 0.261 0.290 0.640

RaFlow 0.570 0.240 0.180 0.117 0.244 0316 0.675

Table 3.4: Performance of RaFlow, RaFlow (without SFR module), and baselines on the
test set. 1 means bigger values are better while | means smaller values are better. Best

results are shown in bold.

the flow vector of each point. The values of hyperparameters can be seen in Table [3.3]

which are fixed for all experiments.

3.2.2 Quantitative Results

Our experiments begin with the comparison among RaFlow and baselines. For a fair
comparison, we train networks of self-supervised baselines [[56. 57,5961\ 164]] under the
same setting as ours. For the evaluation of ICP [2335]], we iteratively optimize its rigid
ego-motion output and apply this transformation to all points to generate scene flow.
We also iteratively optimize the objective function of GraphL.-N [164] to obtain the final
scene flow prediction. As seen in Table [3.4] RaFlow outperforms other self-supervised
learning and non-learning-based methods on all metrics. This confirms the effectiveness
of our radar-oriented architecture design and specific loss functions to cope with sparse,
noisy and low-resolution radar point clouds.

It is also worth noting the importance of the SFR module that refines all static points
through a predicted rigid transformation. As we can see, while RaFlow without SFR
can still achieve comparable results, the Stat. RNE increases by 6.5% and the SAS
decreases by 9.0% due to the absence of static flow regularization in the process. We
also observe that the Mov. RNE decreases by 0.7cm without the SFR module. This drop
is reasonable since the SFR module cannot be perfect and it inevitably mis-classifies a
few moving points to static, whose flow vectors are further replaced by the rigid flow
derived from the estimated rigid ego-motion. In our data collection, moving points (e.g.,
vehicles and motorcycles etc.) are relatively fewer than the static points (e.g., trees and

road railings etc.), which can be seen in Fig. It is therefore a trade-off to achieve the
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fe Ny,
N

Figure 3.4: Scene flow estimation visualization. Figures on the top are the corresponding
images captured by camera. The middle row shows points from P* (blue) and P!
(magenta) respectively, while the bottom figures are the warped point cloud P’ (green)
and point cloud P?. circles denote zooming-in operation. It can be seen that, after
applying the predicted scene flow, the warped points (green) are clearly closer to the
(magenta) points in the next frame, either for the moving vehicles, motorcycles or the
static road railing. This point alignment across frames demonstrates the accurate radar

scene flow estimation.

optimal RNE on average by sacrificing a little RNE performance (-0.007m) of dynamic
points for a large improvement margin (+0.017m) of static points. If the performance
on dynamic points is favored by the user, the hyperparameter ( (the threshold to classify
points as moving) can tuned to be smaller during inference.

Despite the satisfying performance achieved on dense point clouds (e.g., LIDAR),
state-of-the-art methods all struggle in delivering the same efficacy on radar data.
Interestingly, the traditional ICP achieves better results than other baselines on
Avg. RNE because it can solve accurate static flow vectors in many simple scenarios
(e.g., ego-vehicle is stationary). Nevertheless, ICP falls behind on 50-50 RNE due to its

incompatibility to tackle moving points.

3.2.3 AQualitative Results

To intuitively show the performance of RaFlow, we follow and visualize our scene

flow estimation results by warping point cloud P’ with the scene flow in Figure
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RRV RCS Power Avg.RNE[m]| SAST RASt

v v 0.247 0.305  0.657
v v 0.246 0.302  0.658

v v 0.362 0.204 0419
v v v 0.240 0.316 0.675

Table 3.5: Ablation results of input features.

Losses Avg. RNE [m]{ SAST RASt
Lo+ Lss+ Lyg 0.450 0.165 0.421
Lo+ Ls+Lyg 0.242 0.308 0.675

Lo+ Lrq 0.255 0.296  0.652
Lss+Lyq 0.257 0.281 0.635
Lse+ Lgs 0.405 0.236  0.375
Lo+ Lss+Lrq 0.240 0.316  0.675

Table 3.6: Ablation results of loss functions.

In the scene described by the left column, our ego-vehicle is stationary while two
highlighted motorcycles are moving forward. In the right scene, one car is driving
forward at a slower speed than ours. It is clear that our method can correctly estimate
the flow vectors of both static and moving points whether the ego-vehicle is moving or

keeps still.

3.2.4 Ablation Study

Impact of Features. Besides the 3D positional information, we use the RRV, RCS and
Power measurements as auxiliary input features which are unique strengths of radar. To
understand their impacts, we ablate each component and report the performance change.
As shown in Table removing the RRV feature has the largest impact on our method.
We attribute this to the fact, that under the supervision of our radial replacement loss, our
model can implicitly learn to exploit the motion cues provided by the RRV feature (c.f.
Sec.[3.1.5). The RCS and Power features can also make non-negligible contributions to
our method because of the extra semantic information provided by them.

Impact of Losses. To validate the individual effectiveness of our three specific loss
functions, we also conduct ablation studies with different combinations of them. More-

over, we also include the previous Chamfer loss £. and smoothness term L used
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Figure 3.5: Visualization of motion segmentation results. Left column shows our predic-
tion while right column is the ground truth. Moving and stationary points are rendered as
pink and teal, respectively. Note that this is non-trivial as the ego-vehicle is also moving

in both two scenes. (Best viewed in color)

by [56,/57]] as reference for our loss functions. The results can be seen in Table [3.6]
The bottom combination is our RaFlow with full loss functions. It is clear that each
loss term improves the overall performance. Specifically, the radial displacement loss
L,q counts for more than another two losses due to its strong supervision in the radial
direction. When replacing the previous hard Chamfer loss £, with our soft Chamfer
loss L., the results are upgraded by a large margin. This confirms the effectiveness of
our proposed a) outlier discarding scheme that loosens the strong assumption imposed
by absolute bijective mapping and b) small error toleration design where only errors
originated from wrong correspondence matching are considered for network update.
Last but not least, our spatial smoothness loss L also shows advantages over the prior

smoothness term.

3.2.5 Downstream Motion Segmentation Task

As one of the outputs of our scene flow estimation pipeline, the generated static mask
(c.f. Sec.[3.1.4) can be used to segment scene points into stationary and moving points.
Following the metrics used by [61]], we evaluate our model on the test set for the motion
segmentation task. As a result, an accuracy score of 81.9% can be achieved with a
mloU score of 47.9% and a sensitivity of 82.7%. Qualitative results for two scenes can
be seen in Figure[5.1.3]
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3.3 Conclusion and Limitations

In this chapter, we present a self-supervised learning method called RaF1low to estimate
scene flow on 4D radar point clouds. A novel architecture and three loss functions
are specifically designed to address the challenges induced by the characteristics of
radar sensors. We collect a multi-modal dataset by driving a vehicle in the wild and
compare RaFlow with state-of-the-art point-based scene flow methods. We validate the
effectiveness of our designs in different aspects and show that the result of RaFlow can
enable downstream motion segmentation tasks.

As the first attempt of radar scene flow estimation, our method has room to improve.
First, our performance is still somewhat limited due to the lack of real supervision
signals. Better accuracy might be needed in practice to unlock a wider range of
downstream tasks, e.g., multi-object tracking and point cloud stitching. To this end,
cross-modal supervision signals from other co-located sensors (e.g., RGB camera or
IMU) will be exploited in conjunction with our self-supervised learning in Chapter 4 to
further improve the flow estimation accuracy. Second, as we discussed in Sec.[3.2.2]
due to the introduction of the SFR module, the performance on a few moving points is
sacrificed to trade for a larger performance gain on average. Considering the importance
of the moving points for autonomous driving, more investigation is needed to allow
adaptive thresholding of ( in response to different road situations on-the-fly. Third, the
constant velocity assumption introduced in Sec. [3.1.3| might not hold in some cases
where the vehicle platform has a large acceleration between two frames. Higher radar
sampling rates or short time intervals between frames are needed to mitigate such

extreme situations.



Chapter 4

4D Radar Scene Flow Learning using

Cross-modal Supervision

In Chapter [3] we introduced a self-supervised learning pipeline for 4D radar-based
scene flow estimation. However, as discussed in Sec. [3.3] self-supervised learning
is inherently limited by the absence of real supervision signals, which constrains its
performance. While supervised learning methods can achieve higher accuracy, they
require costly manual annotations, making large-scale deployment impractical. In this
chapter, we aim to improve scene flow estimation performance without requiring manual
labels, thereby breaking the trade-off between annotation efforts and performance. This
chapter introduces a novel approach to 4D radar-based scene flow estimation via cross-
modal learning (c.f. Fig. [4.1)), inspired by the co-located sensing redundancy in modern
autonomous vehicles. This redundancy implicitly provides supervision cues for radar-
based scene flow learning, which we exploit to develop an effective training paradigm.
Specifically, we introduce a multitask model architecture for the identified cross-modal
learning problem and propose loss functions to opportunistically engage scene flow
estimation using multiple cross-modal constraints for effective model training. The
chapter is organized as follows. The proposed multi-task model architecture and cross-
modal loss functions are detailed in Sec. 4.1} Sec. .2 presents extensive evaluations
of our method on a public dataset, followed by the conclusion in Sec. 4.3 Finally,
SecH.4]discusses the limitations and potential directions for future work on scene flow
estimation based on 4D radar.

Statement of Contribution. This chapter is based on the following publication: "Hid-
den Gems: 4D Radar Scene Flow Learning Using Cross-Modal Supervision", Fangqiang
Ding, Andras Palffy, Dariu M. Gavrila, Chris Xiaoxuan Lu, IEEE/CVF Conference on

36
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Figure 4.1: Cross-modal supervision cues are retrieved from co-located odometer, LiDAR
and camera sensors to benefit 4D radar scene flow learning. The source point cloud

(red) is warped with our estimated scene flow and gets closer to the target one (blue).

Computer Vision and Pattern Recognition (2023). As the first author, I designed the
cross-supervised learning framework, implemented the method, conducted all experi-
ments, and wrote the initial draft of all sections of the paper. My co-authors Andras
Palffy and Dariu M. Gavrila provided additional unannotated part of VoD [81]] to support
part of my experiments and gave feedback on revisions to my manuscript. Chris Xiaox-
uan Lu contributed valuable insights into the method’s development and experimental

design and helped refine the paper to improve readability and clarity.

4.1 Method

4.1.1 Overview

The scene flow estimation problem for our 4D radar context is defined in Sec. [1.4]
The overall pipeline of our proposed method is depicted in Fig. 4.2l To bootstrap
cross-modal supervised learning, we apply a multi-task model that predicts radar scene
flow in two stages. The first stage starts by extracting base features with two input point
clouds, which are then forwarded to two independent heads to infer per-point moving
probabilities and initial point-wise scene flow vectors. On top of them, the second stage
first infers a rigid transformation respective to radar ego-motion and outputs a binary
motion segmentation mask. Then, the final scene flow is obtained by refining the flow
vectors of identified static points with the derived rigid transformation. In summary,
our multi-task model’s outputs include a rigid transformation (i.e., the ego-motion),

a motion segmentation mask (i.e., which targets are static or dynamic), and the final
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Figure 4.2: Cross-modal supervised learning pipeline for 4D radar scene flow estima-
tion. The model architecture (c.f. Sec. is composed of two stages ( /

block colours for stage 1/2) and outputs the final scene flow together with the motion
segmentation and a rigid ego-motion transformation. Cross-modal supervision signals

are utilized to constrain outputs with various loss functions (c.f. Sec. .

refined scene flow.
To supervise these predictions, we extract corresponding supervision signals from
co-located modalities and train the entire model end-to-end by minimizing a loss £

composed of three terms:
L: Eego+£.;eg+‘/:’flow . (41)

Here, £

using the odometry information. Our motion segmentation error £

cgo 18 the ego-motion error that supervises the rigid transformation estimation

seg constrains the

predicted moving probabilities with a point-wise pseudo motion segmentation label,
which is obtained by fusing information from the odometer and LiDAR. We further
supervise the final scene flow with signals given by LiIDAR and RGB camera in £ Flow-
In the following section (Sec. 4.1.2)), we first briefly introduce each module of our
model. We then explain how we extract signals from co-located modalities to supervise
our outputs in the training phase (Sec.[4.1.3). More details on our method can be found

in the supplementary materials.

4.1.2 Model Architecture

Similar to [[58,61,/124,176,/182], our model is designed in a two-stage fashion, with a
rough initial flow derived in the first stage and refined in the second stage to obtain the

final estimate of scene flow, as shown in Fig. A description of all components of
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our model can be found below.

Backbone. Following [55,56,/124,|176], our backbone network directly operates on
unordered point clouds P* and P? to encode point-wise latent features. In particular,
we first apply the set conv layers [55] to robustly extract multi-scale local features for
individual point clouds and propagate features from P! to P* using the cost volume
layer [56] for feature correlation. We then concatenate multi-stage features of P*
(including the correlated features) and forward them into another multi-scale set conv
layers to generate the base backbone features E € R *Ce_ Specifically, the max-pooling
operation is used along the channel axis to restore the global scene features after each
set conv layer, which are then concatenated to per-point local features.

Initial flow and motion segmentation head. Given the base backbone features E that
represents the inter-frame motion and intra-frame local-global information for each
point p; € P*®, we apply two task-specific heads for decoding. The first head is to
produce an initial scene flow Fi"i = {f'z““t € R3}Y,, while another is for generating a
probability map S= {8 €10,1] Z-]\Ll that denotes the moving probabilities of points in
P? (w.r.t. the world frame). We implement both heads with a multi-layer perceptron
and map the output to probabilities with Sigmoid(-) in the motion segmentation head.
Ego-motion head. With the natural correspondences {c?,c; + f'l““t}zj\il formed by the

initial scene flow F" between two frames and the probability map we restore a

rigid transformation T € R**4

that describes the radar ego-motion using the differen-
tiable weighted Kabsch algorithm [[183]]. To mitigate the impact of the flow vectors
from moving points, we compute 1 — S as our weights and normalize the sum of them
to 1. Besides, we generate a binary motion segmentation mask by thresholding S with a
fixed value 7 to indicate the moving status of each point. We use this binary mask as
our motion segmentation output and to identify stationary points for flow refinement
below.

Refinement layer. As the flow vectors of static points are only caused by the radar’s
ego-motion, we can regularize their initial predictions with the more reliable rigid
transformation T'. The refinement operation is simply replacing the initial flow vector
ff”“ of identified stationary points with the flow vector induced by radar’s ego-motion,
which is derived as [f; 1]T = (T —1I4)[c5 1]T. The final scene flow is attained as
F={fieR}N,.

Temporal update module. Apart from the aforementioned basic modules, we also

ISpecifically, we use the pseudo label S (c.f. Sec. b instead of S in the ego-motion head during
training for stable scene flow learning.
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propose an optional module that can be embedded into the backbone to propagate
previous latent information to the current frame. More specifically, we apply a GRU
network [237] that treats the global features in the backbone as the hidden state and
update it temporally across frames. During training, we first split long training sequences
into mini-clips with a fixed length 7" and train with mini-batches of them. The hidden
state is initialized as a zero vector for the first frame of each clip. When evaluating on
test sequences, we emulate the training conditions by re-initializing the hidden state
after 7' frames.

In general, our model can deliver solutions to three different tasks, i.e., scene flow
estimation, ego-motion estimation and motion segmentation, with 4D radar point clouds.
Specifically, these outputs are compactly correlated to each other. For example, accurate
motion segmentation results will benefit ego-motion estimation, which further largely

determines the quality of the final scene flow.

4.1.3 Cross-Modal Supervision Retrieving

A key step in our proposed architecture is to retrieve the cross-modal supervision
signals from three co-located sensors on autonomous vehicles, i.e., odometer, LIDAR
and camera, to support model training without human annotation. This essentially leads
to a multi-task learning problem. Of course, the supervision signals from individual
modality-specific tasks (e.g., optical flow) are inevitably noisier than human annotation.
However, we argue that if these noisy supervision signals are well combined, then the
overall noise in supervision can be suppressed and give rise to effective training anyway.
In the following, we detail how we extract cross-modal supervision signals and subtly
combine them to formulate a multi-task learning problem.

Ego-motion loss. To supervise the rigid transformation T derived in our ego-motion
head, it is intuitive to leverage the odometry information from the odometer (GPS/INS).
As a key sensor for mobile autonomy, the odometer can output high-frequency ego-
vehicle poses, which can be used to compute the pseudo ground truth radar ego-motion
transformation O € R**4 between two frames. In our case, the odometry information is
directly provided by the View-of-Delft dataset [81]] as a filtered combination of RTK GPS,
IMU, and wheel odometry (~100 Hz), without any additional post-processing, and is
used to compute frame-to-frame transformations. The ground truth rigid transformation
T = O~! can then be derived to summarize the rigid flow component F" = {f/'} ¥,

induced by the ground truth radar ego-motion, where [/ 1]T = (T —1I4)[c$ 1]T. Our
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ego-motion loss is formulated as:

[cf 1] —Tlc (4.2)

Sl

where we supervise the estimated T by encouraging its associated rigid flow components

to be close to the ground truth ones. By supervising T, we can implicitly constrain the
initial scene flow f'}mt for static points. More importantly, the static flow vectors in the
final flow F can also be supervised as the refinement is based on T.
Motion segmentation loss. Unlike ego-motion estimation, supervising motion seg-
mentation with cross-modal data is not straightforward as no sensors provide such
information. To utilize the odometry information, we generate a pseudo motion segmen-
tation label with the rigid flow component F” given by the odometer and the radar RRV
measurements {v;}¥;. More specifically, we first approximate the RRV component
ascribed to the radar ego-motion by v ~ qu " /At. Here, u; is the unit vector with its
direction pointing from the sensor to the point c{ and At is time duration between two
frames. Then, we compensate the radar ego-motion and get the object absolute radial
Velocity Av; = abs(v; —v]'). With per-point Av;, the pseudo motion segmentation label
= {s? €{0,1}}, can be derived by thresholding, where 1 denotes moving points.
More details on our thresholding strategy can be found in the Appendix [A.4] Note that
one shortcoming is that tangentially moving targets are not distinguished.

Besides the odometry information, we also leverage the LiDAR data to generate a
pseudo foreground (movable objects) segmentation label S/9. To this end, we first feed
LiDAR point clouds into an off-the-shelf 3D multi-object tracking (MOT) pretrained
model [71]. Then we divide radar points from P? into the foreground and background
using the bounding boxes (e.g. pedestrian, car, cyclist) produced by 3D MOT to create
S79. Besides, we can also assign pseudo scene flow vector label to foreground points
by: a) retrieving the ID for each bounding box from the first frame, b) computing the
inter-frame transformation for them, c) deriving the translation vector for each inbox
point based on the assumption that all points belonging to the same object share a
universal rigid transformation. The resulting pseudo scene flow label is denoted as
F/9 = {f; /9 }Z 1» where we leave the label empty for all identified background points.

Given the two segmentation labels SU and S/9, directly fusing them is impeded
by their domain discrepancy, i.e., not all foreground points are moving. Therefore,
we propose to distill the moving points from S/9 by discarding foreground points that
either keep still or move very slowly. We implement this by removing the rigid flow

component F” from F/9 and get the non-rigid flow component of all foreground points.
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Then we obtain a new pseudo motion segmentation label S! = {st € {0,1}}, by
classifying points with apparent non-rigid flow as dynamic. A more reliable pseudo
motion segmentation S = {Si}i]\il can be consequently obtained by fusing S! and SY.
For points classified as moving in S, we have high confidence about their status and
thus label these points as moving in S. For the rest of the points, we label their s;
according to SV. Finally, as seen in Fig. 4.2] our motion segmentation loss can be
formulated by encouraging the estimated moving probabilities S to be close to the

pseudo motion segmentation label S:

N ‘ — 3 N silog(3;
£, — LI osilog(l=8) | B silog(S), (4.3)

e 2( Zz'N:1(1 —5;) > i=15i

Here, we use the average loss of static and moving losses to address the class imbalance

issue.
Scene flow loss. In the final scene flow output F", the flow vectors of static points have
been implicitly supervised by the ego-motion loss (c.f. Eq. (¢.2))). In order to further
constrain the flow vectors of moving points, we formulate two new loss functions. The
first one is £2,,;» which is based on the pseudo scene flow label F/9 derived from 3D
MOT results. In this loss, we only constrain the flow vectors of those moving points
identified in S! through:

f _ ffg

7.not l Z

“4.4)
ZN Sii=1

.
In addition to utilizing the odometer and LiDAR for cross-modal supervision, we also
propose to extract supervision signals from the RGB camera. Specifically, we formulate
aloss £, using pseudo optical flow labels W = {w; € Rz}f\il. To get this pseudo
label, we first feed synchronized RGB images into a pretrained optical flow estimation
model [238] to produce an optical flow image. Then, we project the coordinate c; of
each point onto the image plane and draw the optical flow vector at the corresponding
pixel m; of each point. Given W, it is intuitive to construct the supervision for our
scene flow prediction by projecting it on the image plane. However, minimizing the
flow divergence in pixel scale has less impact for far radar points due to the depth-
unawareness during perspective projection. Instead, we directly take the point-to-ray
distance as the training objective, which is more insensitive to points at different ranges.

The loss function can be written as:

L ZSZ +f},mi+wi;0) (45)

opt — <N __
Zz 15i j=1
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Method Sup. EPE [m]] AccST AccRT RNE[m]/ MRNE[m]] SRNE [m]|
ICP [239] None 0.344 0.019 0.106 0.138 0.148 0.137
Graph Prior* [[164]  None 0.445 0.070 0.104 0.179 0.186 0.176
JGWTF* [59] Self 0.375 0.022 0.103 0.150 0.139 0.151
PointPWC [56] Self 0.422 0.026 0.113 0.169 0.154 0.170
FlowStep3D [57] Self 0.292 0.034 0.161 0.117 0.130 0.115
SLIM* [61] Self 0.323 0.050 0.170 0.130 0.151 0.126
RaFlow [124] Self 0.226 0.190 0.390 0.090 0.114 0.087
CMFlow Cross 0.141 0.233 0.499 0.057 0.073 0.054
CMFlow (T) Cross 0.130 0.228 0.539 0.052 0.072 0.049

Table 4.1: Scene flow evaluation results on the Test set. The mean metric values across
all test frames are reported. * indicates that we reproduce these methods referring to
original papers since their source codes are not public. The best results on each metric

are shown in bold. 1T means bigger values are better, and vice versa.

where D denotes the operation that computes the distance between the warped point
ci+ f; and the ray traced from the warped pixel m; + w;. 6 denotes sensor calibration
parameters. Note that we only consider the scene flow of moving points identified in S
here. Apart from the above two loss functions used to constrain the final scene flow,
we also employ the self-supervised loss L3 s from the last chapter (c.f. Sec. to
complement our cross-modal supervision. See the Appendix [A]for more details. The

overall scene flow loss is formulated as:
‘Cflow = ‘Cr.not + )‘Opt’copt + £;elf ) (4.6)

where we set the weight A\, = 0.1 in all our experiments.

4.2 Experiments

4.2.1 Experimental Setup

Dataset. For our experiments, we use the View-of-Delft (VoD) dataset [81]], which
provides synchronized and calibrated data captured by co-located sensors, including
a 64-beam LiDAR, an RGB camera, RTK-GPS/IMU based odometer and a 4D radar
sensor. As is often the case with datasets focused on object recognition, the test set
annotations of the official VoD dataset are withheld for benchmarking. However, our
task requires custom scene flow metrics for which we need annotations to generate

ground truth labels. Therefore, we divide new splits ourselves from the official sets
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O L C EPE[m]] AccST AccRt RNE[m]|

(a) 0.228 0.184 0.392 0.091
b)) | V 0.161 0.203 0.442 0.065
© | v Vv 0.145 0.228 0.482 0.058
@ | v v 0.159 0.216 0.458 0.064
©|v v Vv 0.141 0.233 0.499 0.057

Table 4.2: Ablation experiments on combing supervision signals from diverse modalities.
Abbreviations: odometer (O), LiDAR (L), camera (C). Note that we disable the temporal

update scheme in this study to highlight the impact of modalities for training.

(i.e., Test, Val, Train) to support our evaluation. Given sequences of data frames, we
form pairs of consecutive radar point clouds as our scene flow samples for training and
inference. We only generate ground truth scene flow and motion segmentation labels
for samples from our Val, Test sets and leave the Train set unlabelled as our method has
no need for ground truth scene flow annotations for training. Please see the Appendix
on our dataset separation and labelling process.

Metrics. We use three standard metrics [55,/56,/59] to evaluate different methods on
scene flow estimation, including a) EPE [m]: average end-point-error (Lo distance)
between ground truth scene flow vectors and predictions, b) AccS/AccR: the ratio of
points that meet a strict/relaxed condition, i.e. EPE < 0.05/0.1 m or the relative error <
5%/10%. We also use the ¢c) RNE [m] metric [124] that computes resolution-normalized
EPE by dividing EPE by the ratio of 4D radar and LiDAR resolution. This can induce
sensor-specific consideration and maintain a fair comparison between different sensors.
Besides, we compute the RNVE [m] for moving points and static points respectively, and
denote them as MRNE [m] and SRNE [m].

Baselines. For overall comparison, we apply seven state-of-the-art methods as our
baselines, including five self-supervised learning-based methods [56,57, 59,61, 124]
and two non-learning-based methods [164,239], as seen in Tab. @ To keep a fair
comparison, we use their default hyperparameter settings. We retrain scene flow models
offline on our VoD Train set for learning-based methods and directly optimize scene
flow results online for non-learning-based ones.

Implementation details. We use the Adam optimizer [236] to train all models in our
experiments. The learning rate is initially set as 0.001 and exponentially decays by
0.9 per epoch. The Val set is used for both model selection during training and for

determining the values of our hyperparameters. We set our classification threshold
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Figure 4.3: lllustration of the causes of noisy supervision signals from camera and LiDAR.
The top row shows an example of the noisy optical flow estimation on RGB images. The
bottom row exhibits unreliable object recognition on LiDAR point clouds. We enlarge

regions of interest and mark them with circles.

ny, = 0.5 (c.f. Appendix [A.3)) for all experiments. When activating our temporal update
module, the length of mini-clips 7" is set as 5. Please refer to Appendix [A] for our

hyperparameter searching process.

4.2.2 Scene Flow Evaluation

Overall results. We quantitatively compare the performance of our methods to base-
lines on the 7est set, as shown in Tab.[d.T] Compared with both non-learning-based and
self-supervised counterparts, CMFlow shows remarkable improvement on all metrics
by leveraging cross-modal supervision signals for training. Our method outperforms
the second-best approach by 37.6% on EPE, implying drastically more reliabil-
ity. Our performance is further improved when adding the temporal update scheme
(c.f. Sec.[4.1.2)) in the backbone, i.e., CMFlow (T). We also observe that the performance
slightly degrades on the AccS metric when activating the temporal update. This suggests
us that introducing temporal information will somewhat disturb the original features
and thus reduce the fraction of already fine-grained (e.g. EPE<0.05 m) predictions.

Impact of modalities. A key mission of this chapter is to investigate how supervision
signals from different modalities help our radar scene flow estimation. To analyze their
impact, we conduct ablation studies and show the breakdown results in Tab.[4.2] The
results show that the odometer leads to the biggest performance gain for our method
(c.f. row (b)). This can be credited to the fact, that most measured points are static
(e.g. 90.5% for the Test set) and their flow predictions can be supervised well by the

ego-motion supervision (Eq. (4.2)). Moreover, the odometer guides the generation
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Figure 4.4: Analysis of the performance when adding more unannotated training data.
For the training of CMFlow, we retain the samples from the Train set and add different
percentages of data from the extra unannotated VoD part, which provides ~ 28.5k more

training samples.

of pseudo motion segmentation labels (Sec. 4.1.3), which is indispensable for our
two-stage model architecture.

Based on row (b), both LiDAR and camera contribute to a further improvement on
all metrics, as seen in row (c)-(e). These results validate that our method can effectively
exploit useful supervision signals from each modality to facilitate better scene flow
estimation. However, compared to that from the odometer, the gains brought by these
two sensors are smaller, especially for the camera, which only increases the AccS by
1.3%. In our opinion, the reason for this is two-fold. First, in Eq. (4.4) and Eq. (4.5), the
pseudo scene/optical flow labels only constrain the flow vectors of identified moving
points, which are significantly fewer than static ones. Thus, they have limited influence
on the overall performance. Second, the supervision signals extracted from these sensor
modalities could be noisy, as exhibited in Fig. .3] The dashboard reflections on the car
windscreen severely disturb the optical flow estimation on images, which further results
in erroneous supervision in Eq. (4.5). As for LIDAR point clouds, both inaccurate
object localization and false negative detections occur in the 3D MOT results, which not
only affect the generation of pseudo motion segmentation labels (Eq. (4.3)) but bring
incorrect constraints to scene flow in Eq. (.4).

Impact of the amount of unannotated data. Being able to use more unannotated data
for training is an inherent advantage of our cross-modal supervised method compared
to fully-supervised ones as no additional annotation efforts are required. Here, we
are interested in if the performance of CMFlow could surpass that of fully-supervised

methods when more unannotated data is available for training. To this end, we further
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Figure 4.5: Qualitative scene flow results in two scenes. From left to right: 1) radar points
from the source frame projected to the corresponding RGB image (points are coloured
by distance from the sensor), 2) two input radar point clouds, the source one (pink) and
the target one (green), 3) the source point cloud warped by our predicted scene flow
and the target radar point cloud, 4) the source point cloud warped by ground truth scene
flow and the target one. We mark dynamic objects in and apply the zooming-in

operation for them.

mix in an extra amount of unlabeled data provided by the VoD dataset [81]% in our
cross-modal training sets. As for fully-supervised methods, we select the state-of-the-art
method, PV-RAFT [175]], for comparison. As PV-RAFT needs ground truth scene flow
annotations for training, we utilize all available annotated samples from the Train set
for it. The analysis of the correlation between the percentage of added unannotated
training data and the performance is shown in Fig.[#.4] As we can see, the performance
of CMFlow improves by a large margin on both two metrics by using extra training
data. In particular, after adding only 20% of the extra unannotated training samples
(~140% more than the number of training samples used for PV-RAFT), CMFlow can
already outperform PV-RAFT trained with less annotated samples. This implies
the promise of our method for utilizing a large amount of unannotated data in the wild.
Qualitative results. In Fig.[4.5] we showcase example scene flow results of CMFlow
(trained with the extra training samples) compared to the ground truth scene flow. By
applying the estimated scene flow (i.e. moving each point in the source frame by its
estimated 3D motion vector), both the static background and multiple objects with
different motion patterns are aligned well between two frames. It can also be observed
that our method can give accurate scene flow predictions, close to the ground truth one.

Runtime efficiency. We evaluate the computational efficiency of CMFlow on a PC

2This part is currently in a beta testing phase, only available for selected research groups. Except for
having no object annotations, it provides the same modalities of input data as the official one and has
~ 28.5k frames.
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Label SU Label S8 AD. mloU (%) Gain (%)

(a) 46.9 -

(b) v 52.8 +5.9
(©) v v 54.1 +1.3
) v v v 57.1 +3.0

Table 4.3: Motion segmentation evaluation. For row (a), we report the results of the
self-supervised baseline [124]. In row (b), we replace S by SY provided by odometer.
A.D. denotes adding extra unannotated data (c.f. Fig. for training.

with a single RTX 3090 GPU. To emulate real-world processing, one sample is fed
into our model per time. Our method contains 4.23 million model parameters and
performs one inference step in 0.069 seconds on average (~14 Hz). The maximum
allocated GPU memory is 162 MB during inference. It can be seen that our method can
achieve satisfactory real-time performance while having relatively low GPU memory

consumption.

4.2.3 Subtask Evaluation

Motion segmentation evaluation. Apart from scene flow estimation, our multi-task
model can additionally predict a motion segmentation mask that represents the real
moving status of each radar point (c.f. Sec. .1.2)). Here, we evaluate this prediction
of CMFlow and analyze the impact of its performance in Tab. 4.3 Since this is a
binary classification task for each point, the mean intersection over union (mloU) is
computed by taking the IoU of moving and static classes and averaging them. As the
two ingredients to form the final pseudo motion segmentation label S used to supervise
our output in Eq. , both S¥ and S contributes to our performance improvement
on the motion segmentation task (row (a)-(c)). Moreover, our mloU further increases
with extra training data to learn motion segmentation on 4D radar point clouds. We also
visualize some qualitative motion segmentation results of row (d) in Fig. where our
method can segment moving points belonging to multiple dynamic objects accurately
in complicated scenarios.

Discussion on ground truth quality. The ground truth labels for motion segmentation
are generated by assigning radar points within annotated 3D bounding boxes of dynamic
objects as moving. However, due to radar’s low spatial resolution and multi-path effects,

these box-based labels may miss a few genuinely moving points outside the boxes,
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Figure 4.6: Visualization of motion segmentation. The left column shows the correspond-
ing image with radar points (coloured by range) projected onto it. In the middle and

right columns, moving points are shown in while static points are shown in blue.

introducing false negatives (c.f. Fig. [4.6). However, such inaccuracies represent only
a small portion of the overall motion segmentation labels, and most labels remain
consistent and informative. The substantial performance gain, e.g., a +5.9% mloU
improvement from row (a) to (b) (c.f. Tab. .3)), demonstrates the effectiveness of
incorporating cross-modal pseudo labels (e.g., from odometry and LiDAR) despite
minor label noise. To further reduce this issue, one possible remedy is to slightly
enlarge bounding boxes to capture potentially overlooked dynamic points.

Ego-motion estimation evaluation. One important feature of our method is that we
can estimate a rigid transformation that represents relative radar ego-motion transform
between two consecutive frames in dynamic scenes (c.f. Sec. 4.1.2). To demonstrate
this feature, we evaluate this output on the 7est set and show the ablation study results
in Tab. 4.4 with two metrics: the relative translation error (RTE) and the relative angular
error (RAE). With the cross-modal supervision from the odometry in row (b), we
can directly constrain our ego-motion estimation in Eq. (4.2) and thus improve the
performance by a large margin. Using LiDAR and camera supervision (c.f. row (c))
can also help as they lead to better motion segmentation and scene flow outputs, which
further benefit the compactly associated ego-motion estimation. We also activate the
temporal update module in the backbone, which also increases the overall performance.
With our high-level accuracy on ego-motion estimation between consecutive frames, we
are also interested in whether our results can be used for the more challenging long-term
odometry task. We accumulate the inter-frame transformation estimations and plot two
ego-vehicle trajectories in Fig.[4.7] Without any global optimization, our method can

provide accurate long-term trajectory estimation in dynamic scenes by only estimating
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O L+C AD. T RTE[m] RAE[°]

(a) 0.090 0.336
(b) v 0.086 0.183
(© v v 0.085 0.145
(d v v v 0.071 0.089
©) v v v v 0.066 0.090

Table 4.4: Evaluation of ego-motion estimation between two frames. T denotes we

activate the temporal update module.

Ground Truth Ours ICP
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Figure 4.7: Odometry results as a byproduct of our scene flow estimation. The ground
truth is generated using the RTK-GPS/IMU measurements. We plot the results on two

challenging test sequences.

inter-frame transformations and remarkably outperform the ICP baseline [239].

Discussion on the ego-motion evaluation limitation. Given that most of the data
collection scenarios in the VoD dataset [[81]] involve roads with minimal elevation
changes and zero inclines, the dataset assumes a fixed vehicle height and constant roll
and pitch angles. As a result, the ground truth contains no variation along the z-axis and
in roll and pitch. Consequently, our ego-motion evaluation is inherently limited to three
degrees of freedom: 2D translation (X, y) and yaw rotation. The long-term trajectory
visualization in Fig. is therefore restricted to the horizontal (XY) plane. Although
our predicted motion may contain drift along the z-axis, this cannot be assessed due
to the absence of corresponding ground truth. We acknowledge this as a limitation of
our current evaluation setup. While our method estimates full 6-DoF motion, including
vertical translation and full 3D rotation, the lack of ground truth prevents us from
validating these components. Future work leveraging datasets with complete 6-DoF

pose variations would enable a more thorough evaluation across all motion dimensions.
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4.3 Conclusion

In this chapter, we presented a novel cross-modal supervised approach, CMFlow, for
estimating 4D radar scene flows. CMFlow is unique in that it does not require manual
annotation for training. Instead, it uses complementary supervision signals retrieved
from co-located heterogeneous sensors, such as odometer, LiIDAR and camera, to
constrain the outputs from our multi-task model. Our experiments show that CMFlow
outperforms our baseline methods in all metrics and can surpass the fully-supervised
method when sufficient unannotated samples are used in our training. CMFlow can also
improve two downstream tasks, i.e., motion segmentation and ego-motion estimation.
We hope our work will inspire further investigation of cross-modal supervision for scene
flow estimation and its application to more downstream tasks, such as multi-object

tracking and point cloud accumulation.

4.4 Limitations and Future Works

Our proposed cross-supervised learning frameworks, enable effective scene flow learn-
ing on 4D radar point clouds without the need for manual annotations, providing robust
reasoning for point-level scene dynamics (including scene flow and motion segmenta-
tion) and frame-level ego-agent motion estimation (odometry). Despite this progress, the
real-world application of 4D radar-based scene flow still faces the following challenges.
Incompatibility with dense scene representation. The sparse, irregular point-level
motion representation provided by scene flow vectors is incompatible with the dense,
grid-based scene geometry/semantic representations (e.g., BEV maps [240], 3D occu-
pancy grids [33]) required by downstream planning and decision-making modules [9].
This limits the seamless integration of 4D radar scene flow outputs into high-level
autonomous driving systems. To address this problem, one possible solution is to build
a dense scene flow map from sparse motion vectors output using discrete interval-based
sampling combined with learning-based interpolation. Another direction is to densify
the input 4D radar point cloud, via multi-frame accumulation and transform it into a
dense representation via voxelization. However, the implementation of either solution
remains non-trivial, and future efforts are needed to cope with associated challenges.

Lack of future scene flow prediction. An essential component of autonomous driving
systems is the prediction module, which forecasts the future behavior of dynamic agents

to anticipate potential risk and plan optimal trajectories. Scene flow prediction offers
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fine-grained and point-level motion forecasts, complementing traditional trajectory
prediction [241]] by capturing subtle dynamics and including untracked entities to
enhance the navigation safety in complex environments. While the work presented here
estimates scene flow between the past and current 4D radar point clouds, the prediction
of scene flow for the future frames has not been explored. Future research will focus on
developing spatio-temporal models to predict future scene flow for 4D radar. Combined
with the dense scene flow representations discussed earlier, this approach can further
support downstream tasks like BEV map prediction and 3D occupancy forecasting.

Constrained scene dynamics representation. The depiction of scene dynamics is con-
strained by the sparse nature of 4D radar point clouds, which results from non-negligible
signal loss during point cloud generation [48]]. This incomplete scene representation
can cause critical dynamic information to be overlooked, even when scene flow esti-
mation is accurate. Inspired by the success of using raw radar data for 3D occupancy
prediction (c.f. Chapter [6), future research will explore predicting scene flow directly
from raw radar data, such as radar tensors, by estimating the displacement of each
tensor element. While this approach can provide a more comprehensive representation
of scene dynamics, it also introduces significant challenges, including the difficulty of
extracting meaningful motion information from noisy radar tensor elements and the

high computational complexity associated with processing large-scale tensor data.



Chapter 5

Moving Object Detection and Tracking
with 4D Radar Point Cloud

In Chapter [3|and Chapter ] we introduced self-supervised and cross-modal supervised
learning approaches for 4D radar scene flow estimation, yielding robust reasoning of
point-level scene dynamics and frame-level ego-vehicle motion. Beyond these, another
critical aspect of dynamic environment perception is the ability to track moving objects
at the object level. Robustly tracking moving objects in 3D space plays a pivotal
role in subsequent autonomy tasks. While most existing methods rely on LiDARs or
cameras for Multiple Object Tracking (MOT), the capabilities of 4D imaging radars
remain largely unexplored. Traditional tracking-by-detection paradigm struggles when
adapted to 4D radar data, due to the inherent radar noise and point sparsity, undermining
accurate type classification and bounding box regression. In this chapter, we unveiled
the untapped potential of 4D mmWave radars for multiple moving object tracking and
tackle the inherent challenges posed by radar noise and point sparsity. We introduces an
innovative solution tailored for radar-based tracking, called RaTrack, which bypasses
the typical reliance on specific object types and 3D bounding boxes, focusing instead
on motion segmentation and clustering. It also leverages the experience on scene flow
from the past experience, to benefit the object detection and association. In this chapter,
Sec.[5.T]presents the proposed RaTrack method, illustrating its components in sequence.
Sec.[5.2] provides experimental results and analysis, followed by Sec. [5.3]that concludes
the chapter and discussion the limitations and potential future works.

Statement of Contribution. This chapter is based on the following publication: "Ra-
Track: Moving Object Detection and Tracking with 4D Radar Point Cloud", Zhijun Pan,
Fanggiang Ding, Haotao Zhong, Chris Xiaoxuan Lu, IEEE International Conference on
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Figure 5.1: Overall network pipeline of RaTrack. Note that radar 3D points are shown in

the bird’s eye view for visualization.

Robotics and Automation (2024), where Zhijun Pan, Fangqiang Ding and Haotao Zhong
are marked as equal contributions. As one of the leading authors, I proposed the key
ideas of this work, developed the overall framework, implemented part of the model,
designed the experimental process, and wrote the published paper. Another leading
author, Zhijun Pan, significantly contributed to the implementation of our method and
baselines, conducted the experiments, and evaluated the results. Haotao Zhong made
non-trivial contributions by implementing some baseline methods, running experiments,
and analyzing results. Chris Xiaoxuan Lu provided key insights into the development
of our method, guided us during experiment evaluation and paper writing, and edited

the manuscript to improve clarity, presentation, and technical accuracy.

5.1 Proposed Method

5.1.1 Overview

In this chapter, we conside the problem of online moving object detection and tracking
with 4D automotive radar and the problem has been definied in Sec.[[.4] We introduce
RaTrack, a generic learning-based framework bespoken for 4D radar-based moving
object detection and tracking. As seen in Fig.[5.1] in our network pipeline, we first
apply a backbone (c.f. Sec.[5.1.2) to encode intra- and inter-frame radar point cloud
features. With the extracted features, our point-wise motion estimation module (c.f.
Sec.[5.1.3) infers point-level scene flow as an explicit complement to augment the latent
features of radar point clouds. Our advocated idea of class-agnostic detection without
bounding boxes is introduced in the object detection module (c.f. Sec.[5.1.4)), in which
moving points are first identified and then used to detect moving objects via clustering.
Finally, our data association module (c.f. Sec.[5.1.5) computes the affinity matrix with a

learnable distance metric and then optimises the bipartite matching problem. The entire



5.1. PROPOSED METHOD 55

network is end-to-end trainable with a multi-task loss that incorporates three supervised

subtasks: motion segmentation, scene flow estimation, and affinity matrix computation.

5.1.2 Backbone Network

On receiving a new 4D radar point cloud P*, our backbone neural network is used to
extract representative latent features for each radar point to facilitate subsequent tasks,
e.g., motion segmentation and scene flow estimation. To this end, we first extract point-
level local-global features G' using a point feature encoder (PFE), which comprises a)
three set abstraction layers [242] to extract local features at different scales in parallel,
b) three MLP-based feature propagation layer to map local features into high-level
representations, and ¢) the max-pooling operation to aggregate the global feature vector
that is attached to per-point features. To further encode inter-frame point motion for the
current frame, we recall the features G'~! from the last frame and correlate features
across two frames by the cost volume layer [56]], as seen in Fig.[5.1] The output is the

cost volume H' that represents the motion information for each point in P*.

5.1.3 Motion Estimation Module

Radar sensors’ inherent sparsity and noise result in latent features from radar point
clouds that are deficient in informative geometric cues, complicating object detection
and tracking. To address this, we introduce a point-wise motion estimation module that
explicitly determines per-point motion vectors. Contrary to the conventional scene flow
approach, which estimates per-point motion vectors in a forward direction (from frame
t to t+ 1), we opt for a backward estimation (from frame ¢ to ¢ — 1). This not only
negates tracking latency but also ensures that the estimated flow vectors correspond to
the points in the current frame ¢.

Before decoding scene flow, we first aggregate mixed features by integrating diverse
backbone outputs: input point features P?, local-global features G* and cost volume
H!. Subsequently, another PFE is employed, aiming to facilitate information exchange
among these diverse features and enhance their spatial coherence, producing the flow
embedding E’ as shown in Fig. Notably, within this PFE, a GRU network [237]
is utilized to introduce temporal information into the global feature vector prior to its
association with per-point features. The scene flow S = [s};...;sl;...;s ;] € RY X3 jg
finally decoded with an MLP-based flow predictor. This module plays a crucial role

in our framework and is leveraged to augment per-point features before clustering (c.f.
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Sec.[5.1.4) and to lead up data association as an extra motion clue (c.f. Sec.[5.1.5).

5.1.4 Object Detection Module

In the classical tracking-by-detection paradigm, objects are first detected as class-
specific 3D bounding boxes based on which tracklets are built up across frames. How-
ever, the performance of such approaches inevitably relies on accurate type classification
and bounding box regression, which are hard to accomplish from the sparse and noisy
4D radar data.

Rather than relying on the error-prone 3D bounding box detection tailored for
specific object types, we emphasize the fundamental necessity to simply group scattered
points into clusters for effective tracking. Consequently, we champion a class-agnostic
object detection approach that eschews bounding boxes in our solution. By adopting
this methodology, the fallible bounding box detector is replaced by a more dependable
combination of motion segmentation and clustering, which proves to be particularly
suited for radar point clouds. In other words, we detect objects in a bottom-up fashion,
where points are first classified into moving and static (i.e., motion segmentation) and
those close in the latent feature space are aggregated into object clusters. For motion
segmentation, we leverage the cost volume H' provided by the backbone and compute
the moving possibility score ¢! for each point p! through an MLP-based motion classifier.
The classification results are reliable enough as both the crucial RRV measurements
and the inter-frame motion information are encoded by our backbone, yielding a
robust motion representation. A fixed threshold (,,, 1s further used to separate the
moving targets from the static background, resulting in a motion segmentation mask
M = {m! € {0,1}}, as exhibited in Fig. To delineate the boundaries of moving
objects from the pinpointed moving points, we employ the classic clustering algorithm,
DBSCAN [243]]. This groups analogous points into object clusters, represented as
D! = {d};}fztl and we term D? as the detected (moving) objects hereafter. For robust
clustering, we utilize the point cloud Py, their estimated scene flow S? and the flow
embedding E! as the salient features and identify neighbour points. In this way, each
detected object d?, is represented as a cluster containing a subset of points {p}tg j }; with
their corresponding scene flow and flow embedding vectors {[s}tC i e’,;? ;115 Itis worth
noting that we forego estimating explicit object categories (e.g., car, pedestrian). For the
purposes of object tracking, such categorization is not imperative. Instead, we identify

them simply as class-agnostic entities.
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5.1.5 Data Association Module

Given the objects D! detected in the current frame, our data association module en-
deavors to align them with the previously tracked objects O'~! from frame ¢ — 1. For
end-to-end learning and inspired by [73,,80,200], we opt for the MLP over traditional
hand-crafted metrics to derive the affinity matrix A* € R¥ XM o bipartite matching.

Such a learnable distance metric can automatically adjust the weights of different fea-

tures when calculating the similarity scores. For each pair of clusters {d}@, ol 11, its
corresponding similarity score a, . can be computed as follows:
afyy = MLP(Ij, 11 (5.1)

where 1¢, 1! -1 are the aggregated features of two clusters respectively. Taking the object
d}, as the example, to generate its aggregated features 1¢, we concatenate a) the average
and variance of its associated point subset {p}; j }, b) the max-pooling of the point-level
scene flow and embedding vectors {[5}27 ;i e}; ;115 This process can effectively aggregate
the information for each cluster and ensure the dimension consistency given clusters
with various numbers of points.

Once the affinity matrix A’ is computed, we identify the optimal matching pairs
based on their similarity scores. To address this optimization challenge, we employ
the Sinkhorn algorithm [209], as shown in Fig.[5.1] This method involves iterative
normalization of exp(A?) across both rows and columns, ensuring the entire data
association process remains differentiable. Post optimization, we reassign object IDs to
the successfully matched pairs, allocate new IDs for newly detected objects, and remove
IDs associated with previously tracked objects absent in the current frame. Notably, we
adopt the finalized scores of matched pairs as confidence scores for currently detected
objects, given the inability of our detection module to provide such scores. Such
confidence scores are used for certain metrics, such as AMOTA and AMOTP, which

integrate results over all recall values.

5.1.6 End-to-End Training

We leverage labelled samples to end-to-end train our network with a multi-task loss of

scene flow estimation, motion segmentation and affinity matrix computation:
L=a1L o+ a2Lseg+a3Llysy (5.2)

where a7, a9, a3 are hyperparameters to weigh different loss functions. For scene flow

loss, we compute the Lo distance between the estimated scene flow S and the ground
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truth one S* = {§/}:

1 _
L fiow = ﬁZHSf—SﬁH% (5.3)
1

t Nt

Given the ground truth motion segmentation mask M? = {mk}:1,, we separately

supervise the classification scores of real moving and static points using the cross-

entropy to address the low ratio (< 10%) of moving points in point clouds. The motion

segmentation loss can be written as:

3i(1 —mj)log(1 —cf) > 1ijlog (cf)
il - T

where [ is used to balance the influence of moving and static points. To supervise the

Lseg=P +(1-=p5) (5.4)

computation of the affinity matrix A’, we formulate the prediction of the similarity
score as a binary classification (matched or unmatched) problem and compute the binary

cross-entropy loss as:
1 N N
Loff= KiMT Zza};,mbg(a};,m) +(1- allfs,m)l()g(l - allfc,m) (5.5)
k m

where df“m € {0,1} is the ground truth affinity score for object pair {d%, ol 1}. To see
our ground truth label generation process, please refer to Sec.[5.2.2]

Note that the above tasks are inherently intertwined and simultaneously optimized
via end-to-end training. Supervising both scene flow estimation and motion segmen-
tation directly aids the computation of the affinity matrix, which utilizes scene flow
and clusters of moving points as input. Conversely, the gradients originating from the
affinity matrix loss instruct the backbone to encode potent features from point clouds.
This indirect guidance subsequently enhances both motion segmentation and scene flow

estimation.

5.2 Experiments

5.2.1 Evaluation Settings

Dataset. In our experiments, we demonstrate the effectiveness of RaTrack using
the View-of-Delft (VoD) dataset [[81]], which includes essential components (i.e., 4D
radar point clouds, odometry information, object bounding boxes and tracking IDs
annotations) for our problem. As an official benchmark specific for 3D object detection,
the annotations of its test split are not publicly available, thereby we evaluate our trained

models with its validation split, which is unseen during our training process.
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Evaluation metrics. To quantify our performance, we use the classical MOTA, MODA,
MT, ML metrics [244]245]] and the popular sSAMOTA, AMOTA, AMOTP metrics [/1]]
for evaluation. To make these metrics adapt to our cluster-based object detections, we
compute the IoU by counting the number of intersected and united radar points between
the ground truth object and the predicted one. The threshold for our point-based IoU is
set as 0.25 across all experiments.

Baselines. As there are no prior works for 4D radar-based moving object tracking, we
select two state-of-the-art LiIDAR-oriented 3D MOT methods, i.e., AB3DMOT [71]]
and CenterPoint [72]] as our baselines. To ensure the comparison is fair, we keep their
original settings and also train their models on the VoD training split. Note that baseline
methods, though designed for LiDAR, also take 4D radar point clouds as input in
this chapter. Specifically, we develop two augmented baselines AB3DMOT-PP and
CenterPoint-PP by replacing the detector with PointPillars [246] for AB3ADMOT and
the backbone with that of PointPillars for CenterPoint.

5.2.2 Implementation Details

Label generation. We follow [61,|125,/184,247]] to generate pseudo scene flow labels
using the ego-motion and object annotations. The ground truth motion segmentation
mask can then be obtained by thresholding after compensating the ego-motion from the
scene flow. To get the ground truth affinity matrix, we first match ground truth objects
with our detected objects. A detected object that has a point-based IoU higher than 0.25
with any ground truth object will be assigned the same ID as the ground truth. Then,
the ground truth affinity matrix can be constructed by assigning &Z}m = 1 if the object

t—1

m } has the same ID, and verse vice.

pair {d},o
Hyperparameters. Our hyperparameters are determined both empirically and accord-
ing to the testing results. The threshold (., (c.f. Sec. is simply set as 0.5. For
the DBSCAN algorithm, the neighbourhood radius is 1.5m while the minimum number
of points in a cluster is set as 2. For loss weights, we set a;j, ag, a3 in the overall loss
(c.f. Eq. to be 0.5, 0.5 and 1.0 respectively, and set 3 in the motion segmentation
loss (c.f. Eq.[5.4) to be 0.4.

Network training. Training our network is non-trivial due to the dependencies of
intermediate outputs across modules and frames. For example, the efficacy of our data
association module depends on whether moving objects are correctly detected in the

object detection module. To more effectively train our network, we separate the training
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Method SAMOTA [%] 1 AMOTA [%] 1 AMOTP [%] + MOTA [%] + MODA [%] 1 MT [%] + ML [%] |
CenterPoint [72] (A) 37.72 8.77 38.92 33.34 35.17 11.73 5741
CenterPoint-PP [72/[246] (A) 42.64 10.87 43.64 36.20 37.29 1543 50.62
AB3DMOT [71] (A) 33.56 6.66 33.34 31.00 31.20 1481 6420
AB3DMOT-PP [[71/246] (A) 35.82 7.67 36.70 38.44 41.96 19.12 3824
CenterPoint [72] 4321 14.40 54.55 38.44 41.96 19.12 3824
CenterPoint-PP [72/[246] 44.54 1633 58.80 43.96 4491 19.12 5441
AB3DMOT [71] 51.23 15.00 53.21 46.72 47.38 2059 39.71
AB3DMOT-PP [71|246] 60.71 21.51 62.75 4938 49.86 2647  33.82
RaTrack 74.16 31.50 60.17 67.27 77.83 4265 1471

Table 5.1: Performance of RaTrack and baselines on VoD. Baselines with (A) represent
methods trained and evaluated on all objects, while others are trained and evaluated
only on moving objects, which serve as the main comparison for RaTrack.

Figure 5.2: Qualitative results of RaTrack. We show on RGB images the ground truth 3D
bounding boxes of moving objects (colors indicate different object classes) and projected
radar point clouds (colors indicate the distances of points). On corresponding bird’s
eyes view figures, we show the detected moving objects and their predicted trajectories,

where different colors are used to distinguish multiple object clusters.

into two stages: 1) We first train the backbone and the class predictor used for motion
segmentation with Eq.[5.4]and keep other components frozen. The training keeps for 16
epochs with an initial learning rate of 0.001. This allows for fast learning of accurate
moving object detection before data association. 2) We then train the whole network
end-to-end for an additional 8 epochs with an initial learning rate of 0.0008. The Adam
optimizer [248]] is used for network parameter updates and the learning rate decays by

0.97 per epoch in both stages.

5.2.3 Overall Performance

We evaluate RaTrack and our baseline methods and compare their results on different
metrics, as shown in Table @ RaTrack exhibits a remarkable gain over baselines,
increasing the SAMOTA, AMOTA and MOTA by 13.4%, 10.0%, 17.9% compared

to the second-best scores. Such results demonstrate its superiority in 4D radar-based
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Method SAMOTA [%] 1 AMOTA [%] 1 AMOTP [%] 1+ MOTA [%] 1 MODA [%] + MT [%] 1 ML [%] |
Replace ODM with PP [246] 53.12 17.47 53.65 41.66 4232 2421 3895
Remove MEM 68.45 26.08 51.23 62.32 71.27 3824 1618
Remove the velocity 31.50 5.63 16.83 24.17 3245 11.76 3088
RaTrack 74.16 31.50 60.17 67.27 77.83 4265 1471

Table 5.2: Ablation study results for RaTrack. For the first row, the bounding box detection
results from PointPillars [246] are employed to generate object clusters as input to data

association.

moving object detection and tracking. Notably, RaTrack achieves an improvement
of 28.0% on the MODA metric that is used to measure the object detection accuracy.
This supports that our class-agnostic object detection without bounding boxes is a
better option than current 3D bounding box detectors [72,/195,246] for recognizing
and localizing moving objects in 4D radar point clouds. With more reliable object
detection and data association module, RaTrack also surpasses all baselines on the MT
and ML metric, which demonstrates its ability to maintain long-term tracking of moving
objects. It can be also observed that RaTrack has a slightly lower AMOTP than the
AB3DMOT-PP baseline [[71,246]. As a precision metric, AMOTP only calculates the
IoU between successfully matched object pairs, thus it becomes less important when the
MOTA and MODA, which assess the tracking and detection accuracy, are considerably
lower. We also show some qualitative results of RaTrack in Fig.[5.2]

As seen in Table we also train and evaluate baseline models with all annotated
objects rather than only the moving ones to compare their performance in two settings.
A consistent performance gap can be observed between the two settings of our baselines,
which demonstrates that detecting and tracking moving objects is easier than that
of general objects. Moreover, we find that our two augmented baselines (i.e., with
-PP) outperform the original ones. We credit this to PointPillars [246] which is the
state-of-the-art for 4D radar-based 3D object detection as exhibited in [81].

Runtime efficiency. To assess the practical deployment potential of our RaTrack
framework, we evaluate its runtime performance on a single NVIDIA RTX 3090 GPU.
The full inference pipeline runs at ~11 Hz (91ms per frame) while maintaining a
low GPU memory consumption. This demonstrates that RaTrack achieves real-time
performance, making it suitable for deployment in mobile autonomous systems that

typically operate at low sensor frame rates (e.g., 10 Hz for 4D automotive radars).
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5.2.4 Ablation Study

To validate the effectiveness of the object detection module (ODM) (c.f. Sec. and
motion estimation module (MEM) (c.f. Sec.[5.1.3)), here we conduct an ablation study
to see their impact. We also analyze the impact of the auxiliary velocity features. The
results are shown in Table

Object detection module. By replacing our ODM with PointPillars detector [246]],
the performance on SAMOTA, MOTA and MODA degrades by 21.0%, 25.6% and
35.5% respectively. This supports again that our cluster-based object detection is more
effective than previous detectors for moving object detection and can thus yield more
accurate tracking results. However, the outcome of this ablated version is less optimal
than anticipated. We credit this to the incompatibility of the bounding box detector with
our framework. Specifically, the object clusters derived from bounding boxes might
have more noisy points, which further interferes with our data association that utilizes
point-level features.

Motion estimation module. The removal of our MEM yields the decrease of 5.7%,
5.4%, 6.6% on sSAMOTA, AMOTA and MODA. Such a change in performance demon-
strates that our estimated scene flow from MEM can facilitate robust object detection
and benefit object temporal matching. Specifically, without MEM, our AMOTP drops
by 8.9% which is a non-trivial change in the detection precision. This highlights the
importance of our scene flow estimation as an additional motion cue in clustering.
Points with similar scene flow vectors are prone to be grouped together.

Auxiliary velocity feature. By incorporating the velocity information into the input, a
substantial gain is witnessed in all metrics, which demonstrates that the input velocity
features are indispensable for RaTrack. Indeed, the velocity features are the key enabler
to scene flow estimation and motion segmentation tasks in our network by providing
point-level motion information to be encoded in the backbone features. On the other
hand, RaTrack can sufficiently utilize such features with its bespoken network designed

for 4D radar.

5.2.5 Sensitivity Analysis

Impact of valid object threshold. During the evaluation, we ignore invalid objects
(< 5 points) from both predictions and ground truth as we are more interested in the
objects that are sufficiently measured. Here we investigate the impact of this valid object

threshold (i.e., the minimum number of points to identify an object as valid) on our
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Figure 5.3: Result comparison between RaTrack and baselines on varying valid object
thresholds (both predicted and ground truth objects are filtered) and point-based loU
thresholds.

evaluation results. As exhibited in Fig. [5.3|(left), RaTrack consistently outperforms all
baseline methods, regardless of the valid object threshold enlarges, and continuously
increase its scores as the threshold. We credited this to our cluster-based object detection
that can group any number of neighbour points into objects for tracking, where objects
with more points are more easily being recognized and tracked. In contrast, it is hard
for our baseline methods to produce comparable results with 3D bounding box-based
detection strategy.

Impact of point-based IoU threshold. We also analyze the impact of the point-based
IoU threshold (i.e., the minimum IoU to be identified as a true positive sample) for our
evaluation results. As seen in Fig.[5.3| (right), RaTrack achieves the best results on all
IoU thresholds with a consistent improvement of ~ 10% over baselines, which further

confirms the superiority of our pipeline.

5.3 Conclusion

In this chapter, we unveiled the untapped potential of 4D mmWave radars for multiple
moving object tracking. Addressing the challenges of noise and point sparsity in radar
data, our approach, RaF low, offers a fresh perspective on the tracking of moving objects,
emphasizing the utility of motion segmentation and clustering over the conventional
dependence on specific object types and bounding boxes. This restructured approach
not only simplifies the process but also boosts the accuracy of multi-object tracking in
complex dynamic scenarios. Extensive evaluations on a public dataset highlight the

method’s competitive performance.
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5.4 Limitation and Future Works

RaTrack enables reliable 4D radar-based detection and tracking of moving agents in
dynamic environments, offering a fresh perspective on this problem. However, some
limitations remain in the current method, and future work is expected to address them.
Limited Training Data. First, its performance is limited by the small scale of available
training data provided by [81]]. To improve performance, future work could incorporate
larger annotated 4D radar data from newly released sources [136,249] or leverage
self-supervised learning [250] to utilize unannotated 4D radar data.

Sensitivity to Sparse Objects. Besides, RaTrack primarily focuses on objects with
sufficient radar reflections, which are represented by a larger number of points. Conse-
quently, the method exhibits performance degradation when applied to small or distant
objects with fewer radar reflections. This focus also guides our evaluation protocol,
where we consider objects with at least five points to align with the method’s strengths.
Future research could address this limitation by adopting learning-based clustering
methods for adaptive point aggregation, replacing traditional methods like DBSCAN,
which rely on fixed hyperparameters. Unlike DBSCAN, which struggles to adapt to
varying point densities, learning-based approaches can dynamically adjust clustering be-
havior based on the spatial and semantic features of the data. This enables more effective
grouping of points, even for sparse, isolated objects with weak radar reflections.

Lack of Compatible Output for Planning. Moreover, RaTrack outputs class-agnostic
objects represented as clusters of points, which, while sufficient for moving object
tracking, are incompatible with the downstream planning modules [9]] that require
bounding box representations as input. Although planning modules can be made more
flexible in their input representations, an alternative approach from the perception side
is to transform point clusters into bounding boxes. One potential method involves
aggregating points from clusters corresponding to the same object across multiple
frames to capture more complete spatial information. This aggregated data can then be
used to learn probabilistic bounding box regression models, which predict bounding
box properties with greater accuracy and robustness.

Birth and Death Memory. Lastly, RaTrack does not explicitly handle cases where ob-
jects are temporarily occluded or disappear from the scene, nor does it filter out transient
false positives from newly detected objects. In contrast, methods like AB3DMOT [/1]
buffer unmatched detections and tracks for several frames to reduce false positives and

avoid premature deletion. Incorporating a similar memory-based birth/death strategy
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could improve robustness under occlusion and enhance tracking stability in future

work.



Chapter 6

Robust 3D Occupancy Prediction with
4D Imaging Radar

In Chapter 5} we introduced a 4D radar-based tracking method for object-level percep-
tion, enabling reliable detection and tracking of moving agents. While object tracking
captures motion dynamics, 3D occupancy perception has gained traction due to its com-
prehensive scene representation. Unlike object detection, which focuses on foreground
entities, 3D occupancy maps the entire environment, including irregular and open-set
objects, making it particularly effective for handling corner cases. Despite these ad-
vantages, 4D radar has not been explored for 3D occupancy prediction. To address
this gap, this chapter presents RadarOcc, a novel framework that directly processes 4D
radar tensors (4DRT) instead of relying on sparse radar point clouds. By preserving
the full radar signal, RadarOcc retains crucial environmental details often lost during
point cloud generation. To tackle the challenges of data sparsity, noise, and large-scale
processing, RadarOcc incorporates Doppler bin descriptors, sidelobe-aware spatial
sparsification, and range-wise self-attention mechanisms. Additionally, we introduce
a spherical-based feature encoding and a spherical-to-Cartesian feature aggregation
strategy to minimize interpolation errors during coordinate transformations.

The remainder of this chapter is organized as follows. Secl6.1|explains the rationale
of using 4DRT for 3D occupancy prediction, details the proposed RadarOcc framework
and its core components. Secl6.2] presents experimental evaluations, followed by
conclusions in Secl6.3] Sec.[6.4]discusses the limitations and potential future works.
Statement of Contribution. This chapter is based on the following publication:
"RadarOcc: Robust 3D Occupancy Prediction with 4D Imaging Radar," Fangqgiang
Ding, Xiangyu Wen, Yunzhou Zhu, Yiming Li, Chris Xiaoxuan Lu, The Thirty-Eighth
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Annual Conference on Neural Information Processing Systems (NeurIPS), 2024. As one
of the leading authors, I proposed the core idea of this work, designed the framework,
helped implement the labeling and visualization, conducted part of the experiments,
and wrote the paper. I was also responsible for obtaining the dataset from the host
organization. Another leading author, Xiangyu Wen, significantly contributed to idea
development and framework design. He also implemented our proposed method and
baselines and conducted most of the experiments. Yunzhou Zhu contributed to the
evaluation of some baseline methods, performed visualization, and created video demos.
Chris Xiaoxuan Lu helped polish the manuscript and provided valuable feedback in

revising the paper.

6.1 Method

6.1.1 4DRT for 3D Occupancy Prediction

As a reminder, we refer readers to Section [[.2]for an overview of the 4D radar signal
processing, which explains how to obtain different 4D radar data representations.
Rationale of using 4DRT. 4D radar tensors (4DRTs) serve as raw sensor data that amal-
gamate the strengths of LiDAR/radar point clouds and RGB images, providing direct
3D measurements in a continuous data format. These tensors comprehensively capture
information from raw radar measurements, effectively addressing the shortcomings as-
sociated with the sparseness of radar point clouds caused by the signal post-processing.
For instance, low-reflectivity surfaces like asphalt, common on highways, typically
do not reflect enough radar signals for detection. By using 4DRTs, these minimal
signal returns can be detected, significantly bolstering occupancy prediction capabilities.
Furthermore, the volumetric structure of 4DRTs aligns well with 3D occupancy grids,
making them ideally suited for advancing 3D occupancy prediction techniques.
Challenges. Despite their significant advantages, using 4D radar tensors (4DRTs) for 3D
occupancy prediction presents substantial challenges. First, the large data size of 4DRTs
(e.g., S00MB per frame in the K-Radar dataset [52]]) hinders computational efficiency,
necessitating data volume reduction before processing. Second, the inherent noise in
radar data, exacerbated by the multi-path effect of mmWave, requires careful filtering
to preserve essential signals while eliminating noise. Third, the discrepancy between
the spherical coordinates of 4DRT data and the Cartesian coordinates required for 3D

occupancy outputs calls for a tailored network design. This design must effectively
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translate spatial interactions from spherical to Cartesian dimensions to ensure accurate

occupancy predictions.

6.1.2 Overview

In this chapter, we consider the task of 3D occupancy prediction with single-frame
4DRT output from 4D imaging radar. The problem definition can be seen in Sec. [[.4]
RadarOcc consists of four components in tandem (c.f. Fig.[6.1)). Before loading heavy
4DRTs to the neural network, we reduce their data volume as the preprocessing steps via
encoding the Doppler bins descriptor and performing sidelobe-aware spatial sparsifying
to improve the efficiency without losing the key information (c.f. Sec.[6.1.3). To refrain
from the interpolation error, we encode spatial features directly on the spherical RTs
without transforming them into Cartesian volumes (c.f. Sec.[6.1.4)) and aggregate the
spherical features with 3D volume queries defined in the Cartesian coordinates (c.f.
Sec.[6.1.5). Specifically, range-wise self-attention is used to alleviate the sidelobes, and
sparse convolution and deformable attention are leveraged for fast feature encoding and
aggregation. The occupancy probabilities are predicted in the 3D occupancy decoding

step, which is supervised via our training loss (c.f. Sec.[6.1.6).

6.1.3 Data Volume Reduction

Direct processing of raw 4DRTs with neural networks is impractical due to its sub-
stantial data size (e.g., 500MB per frame) which leads to heavy computation cost and
memory usage. Moreover, the slow data transfer between the sensor, storage device and
processing unit (CPU/GPU) of large-volume raw 4DRTs not only hinders the onboard
runtime efficiency but also increases the training duration which demands repetitive
data loading. For efficiency, we propose to reduce the data volume of 4DRT's through
encoding the Doppler bins descriptor and sidelobe-aware spatial sparsifying as the pre-
processing steps (see Fig.[6.1]). Post reduction, the loading of 4DRTs into the processing
unit for runtime inference can be more feasible and the network training can be more
efficient.

Doppler bins descriptor. Unlike the three spatial axes, which are intuitively critical
for spatial perception, the Doppler axis in 4DRTs has often been considered redundant
in 3D object detection. Previous studies [52,53],120] have employed average-pooling
to minimize this axis, aiming to reduce computational overhead. However, we argue

that this ostensibly ‘redundant’ axis contains vital cues for geometric and semantic
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Figure 6.1: Overall pipeline of RadarOcc. The data volume reduction pre-processes the
4DRT into a lightweight sparse RT via Doppler bins encoding and sidelobe-aware spatial
sparifying. We apply spherical-based feature encoding on the sparse RT and aggregate
the spherical features using Cartesian voxel queries. The 3D occupancy volume is finally

output via 3D occupancy decoding.

analysis in 3D occupancy prediction. Specifically, the Doppler axis provides essential
information on object speed via peak locations, aiding in differentiating dynamic objects
from static backgrounds. Moreover, the power distribution within the Doppler bins
offers insights into the confidence levels of true targets—essentially, indicating their
likelihood of occupancy. To preserve and utilize this crucial information, we have
developed a method to encode the Doppler bins into a descriptor that captures specific
statistics for each spatial location within the 4DRTs. This descriptor incorporates the
top-three power values along with their indices, the mean power value, and the standard
deviation, as depicted in Fig [6.I] Note that the number of preserved top values is
determined empirically. Consequently, this approach enables us to reduce the data
volume of raw 4DRTs by a factor of D while retaining key information from the
Doppler axis.

Sidelobe-aware spatial sparsifying. By encoding the Doppler bins into light-weight
descriptors, we transform the raw 4DRT into 3D spatial data volume with the original
Doppler axis as the 8-channel feature dimension. Nevertheless, it remains costly for
neural networks to encode features from 3D dense data volume with operations like
3D convolution [251,252]]. To accelerate the computation, prior arts [52,/53] transfer
the dense RT into a sparse format by retraining only the top-percentile elements based
on power measurements. However, this approach tends to be biased towards specific
ranges that exhibit exceptionally high measurements. It can be observed in Fig. [6.2]
that after percentile-based sparsifying, a significant number of the reserved elements

are concentrated within the same ranges spread across the azimuth and elevation axes.
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Figure 6.2: Comparison between the sparse RTs resulted by our sidelobe-aware and
percentile-based sparsifying [52,/53]. We transform the spherical RT elements to the
Cartesian coordinates and show them in two views. The arches on the heatmap indicate
the same ranges. Percentile-based method retains many elements caused by sidelobe
noise, which are concentrated at certain ranges. In contrast, our method can reduce the

sidelobe level and reserve critical measurement from different ranges.

These elements manifest as artifacts of sidelobes, which can an be viewed as the
diffraction pattern of the antenna [253,254]. Consequently, this results in the loss
of important measurements from other ranges and introduces lots of noise into the
sparse tensor. To mitigate this issue, we propose to select the top-/V, elements for each
individual range instead of on the whole dense RT for spatial sparsifying (see Fig. [6.1).
In this way, the dominance of certain ranges can be avoided while the sidelobe level is
reduced, as exhibited in Fig.[6.2] Note that our spatial element selection is based on
the mean power value across the Doppler axis. The final sparse tensor is denoted as
T={t; e RV TX(SH)}fZ:l with the extra two feature channels storing the azimuth and

elevation indices of reserved N, elements for each range.

6.1.4 Spherical-based Feature Encoding

Given the sparse RT, we aim to encode representative features for accurate 3D occupancy
prediction. As the sparse RTs are inherently in the spherical coordinates, previous
works [52,|53]] transfer them into the Cartesian coordinates before feature encoding.
However, such a transfer would undermine their uniform density distribution and often
incur interpolation errors. Inspired by the polar representation of point clouds [255-
257], we propose to take the elements in RT as voxels rasterized in the spherical
coordinates and apply the spherical-based feature encoding directly. The spherical
voxel representation naturally matches the spherical-uniform distribution of RTs and
can refrain from inducing interpolation errors. In practice, the 3D convolutions can be
used to extract grid-based representations by only replacing the X-Y-Z axis with the

range-azimuth-elevation axis. In what follows, we illustrate our spherical-based feature
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encoding process.

Range-wise self-attention. In Section |6.1.3] we address the issue of sidelobes by
selecting elements based on range-wise percentiles during the preprocessing phase.
To further mitigate sidelobe interference, we introduce a range-wise self-attention
mechanism [258]] (see Fig. [6.1)) as the initial step in our feature encoding process.
Specifically, within each range component ¢; € T, which includes N, RT tokens,
we utilize the Doppler bin descriptors as token features. Additionally, two index
channels are employed for positional embeddings to enhance the specificity of our
spatial encoding.

Sequential sparse convolution. For efficiency, we apply a series of 3D sparse convolu-
tions [259] onto the sparse RT for spatial feature encoding in the spherical voxel space.
This produces a 3D dense feature volume F € RS *§x5xCy (Ny = % X % X %) with a
reduce spatial dimension characterized by the stride .S, where C'y denotes the feature
dimension. Note that F inherently aligns with the spherical space with each feature
element’s indices corresponding to a spherical coordinate.

Deformable self-attention. Following the consecutive 3D sparse convolution, we use
the 3D deformable attention [260] to further refine and augment our feature volume F
by enforcing spatial interaction. As a definition, for a query feature z corresponding
to a reference point p in the input feature X, its feature can be updated by deformable

attention in the following equation:

M K
DeformAttn(z,p, X) = Z W, Z Ak WX (p+ Apr) 6.1)

m=1 k=1
where W,,, and W/, are the learnable weights for the m-th attention head, while A,
and Ap,, is the attention weight and sampling offset calculated with z for its k-th
sampling point and the m-th head. X(p+ Ap,,i) is the key features at the sample

Ny

g=1> the refined feature

location (p+ Ap,,i). By applying self-attention to F = { f¢}

volume F, = { fﬂ}é\gl can be derived by:

¥ = DeformAttn(f?,p?, F) (6.2)

6.1.5 Spherical-to-Cartesian Feature Aggregation

Decoding 3D Cartesian occupancy from a spherical feature volume is inherently chal-
lenging due to misalignments in spatial axes and discrepancies in the regions they

represent. An intuitive approach would be to transform the spherical feature volume
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into a Cartesian one and then decode the 3D Cartesian occupancy. However, this method
can introduce feature-level interpolation errors, which we aim to avoid as discussed in
Section

To avoid conducting interpolation, we propose to aggregate the spherical features in
a learnable way, with 3D volume queries defined in the Cartesian coordinates attending
to the feature samples in F,, as shown in Fig. [6.1] First, we build learnable grid-
based voxel queries H = {h? € R®’ }f:XlWXL which has the same volumetric size as
our desired output O and the same feature dimension as the spherical feature volume
F,. Each voxel query h? corresponds to a 3D point p? in the Cartesian coordinate.
Second, the 3D point p? of each query is transformed from the Cartesian to the spherical
coordinate, which is then mapped to a index position in F, denoted as ®(p?). We
take ®(p?) as a 3D reference point in the spherical space and sample key elements
in its vicinity from the feature volume F,. Lastly, we leverage deformable cross-
attention [260]] to aggregate the key samples for each reference point and the output
G ={¢g? cRYs }f:ﬁWXL can be calculated by:

g% = DeformAttn(h?, ®(p?),F,) (6.3)

6.1.6 3D Occupancy Decoding and Supervision

With the aggregated voxel features GG, we leverage consecutive 3D convolutions [251,
252] with skip connection [14]] to decode hierarchical feature volumes at N, scales
with a scaling step of 2. Multi-scale feature volumes are then merged in a top-down
way [261]] via upsampling features by a factor 2 and concatenated along the feature
dimension, resulting in G4 € RE>*WxLxNsCy Finpally, the occupancy head equipped
with the softmax function is employed to output the normalized occupancy probabilities
O € {0, 1MW Lx(C+1) for all voxels on C' semantic classes and one free class.

Our network is trained in a supervised way with the ground truth occupancy. Fol-
lowing [|85]], we use the cross-entropy loss as the primary loss to optimize the training
and incorporate the lovasz-softmax loss [262] to handle the class imbalances. More-
over, we utilize the scene- and class-wise affinity loss proposed in [96] to enhance the

optimization of geometry and semantic IoU metrics.
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6.2 Experiment

6.2.1 Experimental Setup

Dataset preparation. Our experiments are conducted on the K-Radar dataset [52]],
which is, to the best of our knowledge, the only autonomous driving dataset providing
available 4DRT data. Besides, K-Radar also contains multi-modal data from LiDAR,
camera, GPS-RTK and annotated 3D bounding boxes and tracking IDs, enabling us to
compare between different modalities and generate 3D occupancy labels. Following [_85,
98.1263]], we generate occupancy ground truth by superimposing consecutive LiDAR
sweeps and construct the dense 3D occupancy grids via voxelization. To handle scene
dynamics, we register objects with the same tracking IDs across the sequence. Please
refer to the Appendix [B.I|for more details. As K-Radar does not annotate fine-grained
point-level semantics, we segment the scene into the foreground (e.g., sedan, truck,
pedestrian) and background using bounding boxes and label the voxel grids into three
classes, including foreground, background and free. Many sequences in K-Radar were
collected under adverse weather (i.e., sleet, rain, and snow), which results in non-
negligible noise to the generated occupancy labels based on LiDAR sweeps. Therefore,
we reserve this adverse-weather test split for qualitative comparison and only generate
the occupancy labels for the well-condition sequences, which are separated into the
training, validation and test splits.

Evaluation protocol. As the pioneering study of 3D occupancy prediction using the
K-Radar dataset, we have tailored the evaluation protocol to align with our experimental
needs. We define the Region of Interest (Rol) with specific dimensions: a front range of
[0, 51.2m], a side range of [-25.6m, 25.6m], and a height range of [-2.6m, 3m]. The
voxel resolution is set at 0.4m, resulting in a target occupancy volume of 128 x 128 x 14
voxels. Consistent with established methods in the field [85,224,263]], we employ
the Intersection over Union (IoU) metric to evaluate the geometric accuracy of our
occupancy predictions, focusing solely on the occupied or free status without integrating
semantics. Additionally, to gauge the effectiveness of our foreground-background
segmentation, we calculate the mean IoU (mlIoU) across these two classes. In line with
previous studies [|87,263]], we present our findings across multiple ranges, specifically
at 51.2m, 25.6m, and 12.8m.

Competing methods. We benchmark RadarOcc against state-of-the-art methods em-
ploying different modalities. Given that recent studies do not use radar data for 3D occu-

pancy prediction, we adapt the OpenOccupancy LiDAR-based baseline and CONet [85]]
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| ToU (%) | mlU@®%) | =BGIU%) | ®FGIoU(%)
Method Input |12.8m 25.6m 51.2m|12.8m 25.6m 51.2m|12.8m 25.6m 51.2m|12.8m 25.6m 51.2m
L-baseline [85] RPC 428 349 279|235 186 146|435 346 273| 35 26 19
L-CONet [85] RPC 46.1 360 250 | 246 203 144 | 433 354 256 | 58 52 3.1

L-baseline [85] 4DRT-XYZ| 474 38.1 285|299 243 175|464 375 279 | 134 11.1 72

RadarOcc (Ours) 4DRT \48.8 39.1 304 \ 343 285 226 \ 479 382 294 \ 207 187 158

Table 6.1: Quantitative comparison between RadarOcc and state-of-the-art radar-based
baseline methods. Results are reported on K-Radar well-condition test split. Best result

is shown in bold.

\ \ ToU (%) \ mloU (%) \ BG IoU (%) \ B FG ToU (%)
| Method [12.8m 25.6m 512m|12.8m 25.6m 512m|12.8m 25.6m 51.2m|12.8m 25.6m 51.2m
(a) | Ours 488 39.1 304 | 343 285 226 | 479 382 294 | 207 187 158

(b) | Ours w/oDBD | 48.1 394 30.0 | 33.6 289 226 | 472 387 292 | 200 191 16.0
(c) | Ours w/o SSS | 442 36.8 28.7 | 241 202 15.6 | 423 356 27.6 | 59 4.7 3.5
(d) | Ours w/o SFE | 46.2 384 294 | 304 265 21.1 | 455 375 285 | 154 155 139

Table 6.2: Ablation studies on key designs of RadarOcc. DBD, SSS, SFE refer to the
Doppler bins descriptor, sidelobe-aware spatial sparfiying, and spherical-based feature

encoding, respectively.

to accommodate radar point cloud (RPC) inputs for our comparative analysis. Fur-
thermore, we convert 4DRTs to Cartesian coordinates [52]] with a voxel size of 0.4m,
referred to as 4DRT-XYZ, and integrate them into the LiDAR-based OpenOccupancy
framework [85]]. Following best practices from [52,[53]], we process 4DRT-XYZ into a
sparser format. For a comprehensive inter-modality evaluation, we also replicate the
OpenOccupancy LiDAR-based baseline [|85] and both monocular and stereo camera-
based SurroundOcc [98]] configurations to fit our experimental setup. Notably, we enrich
our comparisons by generating 16-beam and 32-beam LiDAR point clouds from the
standard 64-beam configurations through elevation-wise downsampling. The evaluation
focuses on the overlap area between the horizontal field of view (FoV) of all sensors
and our defined Rol to minimize potential data discrepancies beyond the FoV. For
implementation, we train all evaluated models on our K-Radar well-condition training

set.
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6.2.2 Comparison against Radar-based Methods

We first compare RadarOcc with state-of-the-art baseline methods using radar data
for 3D occupancy prediction in Tab. As can be seen, RadarOcc outperforms
other approaches in every metric, demonstrating its state-of-the-art performance in
radar-based 3D occupancy prediction. Specifically, our 4DRT-based RadarOcc largely
improves the performance over RPC-based methods: the mloU of L-CONet [85] is
relatively improved by 39.4%, 40.4% and 56.9% for different volumes (12.8m, 25.6m,
51.2m). Such a significant improvement mainly stems from the dense data format
of 4DRT, which retains critical information from low-reflectivity objects, enabling
effective occupancy prediction for the whole scene. 4DRT-XYZ based L-baseline [85]]
also outperforms RPC-based methods but inferior to RadarOcc, especially in long-range
FG IoU. We credit this to the interpolation errors led to small and far foreground objects

when we converting 4DRT to Cartesian coordinates.

6.2.3 Ablation Study

To validate the effectiveness of our key designs, we ablate them alone from our 4DRT-
based pipeline RadarOcc and show the evaluation results on K-Radar well-condition
test split in Tab.[6.2]

Doppler bins descriptor. By replacing the Doppler bins descriptor with the average-
pooling result, the performance of RadarOcc is degraded in most metrics (row (a) vs.
(b) in Tab. [6.2), demonstrating the usefulness of preserving the information encoded by
the Doppler axis (c.f. Sec.[6.1.3). However, the improvement is somehow marginal due
to the limited Doppler measurement range of the radar used in K-Radar [52], which
wraps around the overflow values, causing ambiguity in Doppler velocity.
Sidelobe-aware spatial sparsifying. We conduct this experiment (row (c) in Tab. [6.2))
by changing our sidelobe-aware spatial sparsifying (c.f. Sec. to the percentile-
based spatial sparsifying used in [52,53]]. Our sidelobe-aware approach leads to a
remarkable advancement in performance, especially in mIoU metrics. This is attributed
to its ability to preserve more valid elements from diverse ranges and suppress sidelobes
for sparse RTs, allowing for more accurate prediciton.

Spherical-based feature encoding. For row (d) in Tab. we transform sparse RT to
Cartesian coordinates before feature encoding (c.f. Sec. and omit the spherical-
to-Cartesian feature aggregation (c.f. Sec.[6.1.5). We can see that our spherical-based

feature encoding gains the performance for each metric as our strategy preserves the
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Method ‘range—wisc attn.‘seq. sparse Conv.‘deform. self—attn.‘deform. cross—attn.‘occ. decoding‘ total runtime ‘ fps

RadarOcc
RadarOcc (w. optim.)

2.5
2.5

475
20.7 (-56.4%)

88.8
32.8 (-63.1%)

72.0
29.7 (-58.7%)

92.1
48.3 (-47.6%)

302.9
133.9 (-55.8%)

3.30
7.46 (+126.1%)

Table 6.3: Comparison between RadarOcc and its lightweight version after computation
optimization in terms of each component’s and total runtime (ms) and fps. Relative

change is shown in (-).

| ToU (%) | mloU (%) | BGIoU(%) |  mEGIoU (%)
Method ‘12.8m 25.6m 51.2m‘ 12.8m  25.6m 51.2m‘12.8m 25.6m 51.2m‘12.8m 25.6m 51.2m
RadarOcc 488 391 304 | 343 285 226 | 479 382 294 | 207 187 158

RadarOcc (w. optim.) | 46.5 38.0 293 | 355 276 209 | 460 376 288 | 25.0 17.5 13.1

Table 6.4: Comparison between RadarOcc and its lightweight version after computation
optimization in terms of performance across metrics at different ranges. Better result is

shown in bold.

original data distribution, avoiding incurring interpolation errors. This also validates

the effectiveness of our learnable spherical-to-Cartesian feature aggregation.

6.2.4 Model Efficiency

To assess the runtime efficiency of RadarOcc, we conducted our model inference on
a single Nvidia GTX 3090 GPU. The results shows an average inference speed of
approximately 3.3fps. Although there is still a gap between the real-time application
(i.e., 10fps), our inference speed has surpassed that of many camera-based methods as
reported in [98]. Further improvements in inference speed can be achieved by reducing
network complexity and applying precision reduction techniques, such as converting
model precision from Float32 (FP32) to Float16 (FP16).

To validate this, we simplified the feature encoding (c.f. Sec.[6.1.4) and aggregation
(c.f: Sec.[6.1.5) modules by reducing some redundancy layer (e.g., number of layers in
deformable attention) for efficiency, and converted the computationally intensive 3D
occupancy decoding module (c.f. Sec.[6.1.6) from FP32 to FP16 via the quantization
in PyTorch. These optimizations resulted in a 126% increase in inference speed,
reaching approximately 7.46 fps, with only a minimal impact on performance. Please
refer to Tab. [6.3] and Tab. [6.4] for detailed changes in runtime for each module and
performance. Given the increasing computational power of modern embedded GPUs,

such as the Nvidia Jetson Orin, which can almost rival desktop GPUs like the Nvidia
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| ToU (%) | mloU (%) | BGIoU (%) | ®FGIoU (%)
Method Input ‘12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m
L(6)| 49.1 433 343 282 | 482 425 261 221
L-baseline [85] L (32) 34.9 34.2

L@64)| 569 525 438 | 53.7 452 36.6 | 56.1 518 433 | 51.2 365 299

443 331 24.1
46.2 344 254

36.1 239 147
40.8 254 162

441 329 237
455 341 251

282 150 57

C
SurroundOcc 98] 361 167 73

C(S)

RadarOcc (Ours) 4DRT\ \ 343 \ \ 20.7

Table 6.5: Quantitative comparison between RadarOcc and state-of-the-art methods
based on LiDAR and camera. Results are reported on K-Radar well-condition test split.
(+) is the number of LIDAR beams and (S) denotes stereo. The top four methods are
colored as red, , blue, and

GTX 2090, we believe this enhanced inference speed demonstrates the potential for
real-time application of our method in future vehicle systems, especially if further

model quantization is applied.

6.2.5 Comparison between Different Modalities

To enrich our benchmark results and provide insights into the performance comparison
between different modalities, we also evaluate state-of-the-art baseline methods [8598]]
on LiDAR and camera input. Quantitative results on K-Radar well-condition test split
are reported in Tab. [6.5] while examples of qualitative results on K-Radar adverse-
weather testing splits are exhibited in Fig.

Quantitative results under normal weathers. As seen in Tab.[6.5] not surprisingly,
LiDAR-based L-baselines [85] rank the top three in most metrics thanks to LiDAR’s
low-noise and high-resolution measurements (vs. radar) and direct depth measure-
ment (vs. camera). Due to the inherently lower resolution and considerable noise of
radar data, radar-based methods exhibit inferior to LIDAR-based methods in normal
weather. However, RadarOcc still shows comparable performance to 16-beam LiDAR,
and surpasses monocular and stereo camera-based method in most metrics. Notably,
RadarOcc outperforms state-of-the-art SurroundOcc [98] relatively by 39.5%/19.7%
and 53.7%/26.1% in mloU/IoU@51.2m for stereo and monocular input, respectively.
Stereo camera-based SurroundOcc [98]] ranks third on FG IoU and mloU@12.8m
because of stereo vision’s ability to infer accurate depth at short ranges, where the

disparity between the two images is more pronounced.
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Figure 6.3: Qualitative comparison between RadarOcc, LiDAR-based L-baseline [85]
and camera-based SurroundOcc [98] in adverse weathers. Ground truth bounding boxes

are shown in RGB images.

Qualitative results under adverse weathers. While we have demonstrated the com-
petitive performance of RadarOcc under normal weather, the key reason behind using
radar for perception comes from its unique robustness against adverse weather where
LiDAR and cameras fall short. To showcase such an inherent advantage, we provide
some examples of qualitative results from different modalities in Fig.[6.3] As can be
seen, RadarOcc provide robust 3D occupancy prediction under heavy rain and snow. In
contrast, the camera lens are covered by the rain/snow and LiDAR measurements of
some objects ahead are missing as water droplets or snowflakes can scatter and absorb
the laser beams, leading to worse results. Please see Appendix [B]for more qualitative

results.

6.3 Conclusion

In this chapter, we propose RadarOcc, a novel 3D occupancy prediction approach based
on 4DRTs output from 4D imaging radar, enabling robust all-weather perception for
autonomous vehicles. We analyse the rationale and challenges of using 4DRTs for 3D
occupancy prediction and present tailored solutions to cope with the large, noisy and
spherical 4DRTs. Experiments on the K-Radar dataset show RadarOcc’s state-of-the-art
performance in radar-based 3D occupancy prediction and comparable results to other
modalities in normal weathers. Through qualitative analysis, we also exhibit its unique
robustness against various adverse weathers. We believe our work could endorse the
potential of 4D imaging radar to be an alternative to LiDAR and setup an effective

baseline for further research and development of 4D radar-based occupancy perception.
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6.4 Limitation and Future Work

As an initial investigation, RadarOcc demonstrate the capability of 4D radar for 3D oc-
cupancy prediction and setup an effective baseline for future research and development.
However, this work has several limitations as outlined below.

No temporal modelling and forecasting. First, our method maps single-frame 4D
radar data to single-frame 3D occupancy prediction without exploiting the temporal
information and performing occupancy forecasting. To address this, future research can
explore temporal modeling by designing a temporal transformer module that attends to
features from previous frames, effectively capturing temporal dynamics. This approach
could enhance prediction performance by mitigating frame-level noise and providing
more robust, temporally consistent 3D occupancy predictions. To enable 3D occupancy
forecasting, future work could focus on developing a world model capable of learning
the temporal evolution of the environment [264]. Such a model would predict how the
occupancy state changes over time, enabling the system to forecast future occupancy
states. This capability is crucial for downstream planning and decision-making modules,
as it supports proactive risk assessment and facilitates safer, more informed trajectory
planning in dynamic environments.

Lack of fine-grained semantics. Second, due to the lack of point-wise semantic an-
notations in [52f], our task is currently limited to coarse semantics, distinguishing only
between foreground and background, which overlooks fine-grained background cate-
gories such as road, vegetation, and sidewalks. This limitation reduces the completeness
of scene representation, which is critical for high-level decision-making in autonomous
driving. To address this, we plan to generate pseudo-semantic labels for fine-grained
background categories using foundation models like Grounded SAM [265], leveraging
their strong generalization capabilities to create large-scale pseudo-labeled datasets
without manual annotations. To mitigate potential noise and inconsistencies introduced
by pseudo labels, we will adopt confidence-based filtering methods to selectively use
high-fidelity pseudo labels and enhance temporal consistency through smoothing across

consecutive frames.



Chapter 7
Conclusion

Robust spatial perception in diverse and complex scenarios is essential for realizing
reliable and generalizable mobile autonomy in the wild. However, existing perception
approaches relying solely on optical sensors often fail under adverse weather or poor
illumination, raising significant risks to the reliabilty. Inspired by biological sensing,
this thesis leverages 4D radar as a complementary modality to achieve robust perception.
To explore 4D radar’s potential for various spatial perception tasks, we propose bespoke
methods that address both sensor- and task-specific challenges. We begin by tackling
scene flow estimation, introducing self- and cross-modal supervised pipelines that
eliminate manual annotations. These methods incorporate novel architectures and loss
functions designed to handle radar’s inherent sparsity and noise, yielding state-of-the-art
results and supporting subtasks such as motion segmentation and odometry. Building
upon the success of scene flow estimation, we extend to object-level perception with a
radar-based solution for moving object detection and tracking. By focusing on motion
segmentation and cluster-based detection, we circumvent the need for explicit 3D
bounding boxes and object-type classification—an approach that demonstrates clear
advantages when applied to sparse and noisy radar data. Finally, this thesis presents a
pioneering method for 3D occupancy prediction using 4D radar tensors (4DRTs) instead
of radar point clouds. This design choice preserves weak, yet critical, environmental
signals typically lost during point cloud generation. Through techniques like Doppler
bin descriptors, sidelobe-aware sparsification, and spherical-based encoding, we achieve
competitive performance on challenging datasets, rivaling even LiDAR- and camera-
based approaches in various weather conditions. Overall, our research demonstrates that
4D radar can be a robust, cost-effective, and all-weather perception modality, offering

multi-level perception insights to bolster mobile autonomous systems.
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Despite the progress achieved in this thesis, some limitations remain, both at the
task-specific level, which have been at the end of Chapter [3}{6] and in the broader
context. The full potential of 4D radar has yet to be explored for developing a more
robust and cost-effective ultimate perception solution for mobile autonomy. In the
following, Section outlines the general limitations of this work, while Section
presents potential future research directions to further advance 4D radar-based spatial
perception. Lastly, Section [/.3|discusses the broader impact of the methods and ideas

proposed in this thesis.

7.1 Limitations

Limited Dataset and Generalization Challenge. All methods proposed in this the-
sis—covering scene flow estimation, moving object tracking, and 3D occupancy predic-
tion—are evaluated on relatively small-scale in-house or public datasets [52,81]]. This
limitation poses two key challenges. First, the amount of training data is insufficient for
learning models with strong generalization capabilities, especially when dealing with
the inherent sparsity and noise of radar data. Second, the testing scenarios provided
in these datasets are relatively constrained in terms of scene diversity, object types,
and environmental conditions. As a result, the generalization ability of the proposed
methods to complex, dynamic, and previously unseen environments remains unverified.
A potential direction to address this limitation is discussed in Section where we
explore cross-modal conditioned generation to scale up 4D radar training datasets using
richer sensor modalities such as cameras and LiDARs.

Lack of Onboard Testing in Real Autonomous Systems. While the methods proposed
in this thesis demonstrate strong performance on curated and annotated datasets, they
have not been deployed or tested on real mobile autonomous systems, such as self-
driving vehicles or ground robots. As a result, the practical reliability of these methods
under real-world conditions—such as sensor synchronization drift, platform vibrations,
latency, or closed-loop interaction with planning modules—remains invalidated. Real-
world deployment introduces challenges beyond offline evaluation, including system
integration, real-time inference constraints, and perception-planning coupling, which
are critical for safety and robustness in autonomous driving. Verifying these methods on
actual platforms would not only provide deeper insights into their real-world reliability
but also serve as a compelling demonstration of the potential of 4D radar as a standalone

perception modality. Such deployment could accelerate the adoption of radar-centric
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perception systems and promote further research and development in this field.

7.2 Future Works

7.2.1 Surrounding 4D Radar Perception

Currently, almost all 4D radar-based perception methods [46], including those presented
in this thesis, employ a single front-facing radar sensor. This setup restricts the effective
perception area to a limited field of view (FoV) (e.g., horizontal FoV: £32°, vertical
FoV: £ 22° [81]) and constraints the overall performance due the non-negligible sparsity
and noise present in single 4D radar. Consequently, 4D radar is mostly treated as a
supplement modality to LiDAR and camera providing resilience under adverse weather
conditions [52,266]] and offering redundancy for multi-modal fusion [[133,267], rather
than functioning as a standalone sensor for comprehensive spatial perception.

While the capability of a single 4D radar is bounded, it would be interesting to
explore the integration of multiple 4D radar sensors on a vehicle to overcome these
shortcomings. By strategically placing radars at different corners of an autonomous
vehicle, we can achieve an omnidirectional spatial coverage of 360°, enabling com-
prehensive surrounding perception [249]. Moreover, fusing data from multiple radars
would allow us to develop a more competitive alternative to LIDAR-based spatial per-
ception methods. Specifically, merging point clouds from multiple radars significantly
increases point density and helps provide more complete measurements of ambient
objects. Cross-sensor validation of data from co-located radars can mitigate the impact
of noisy points; for instance, targets detected by only one radar but not corroborated
by others can be identified as noise. As a result, the performance of 4D radar-based
perception, e.g., 3D object detection, could be significantly enhanced given the im-
proved quantity and quality of radar data. Furthermore, despite the additional hardware,
a multi-radar configuration remains more cost-effective compared to deploying a single
LiDAR. I believe such research efforts could underscore the potential of 4D radar,
significantly promoting its adoption as a primary perception sensor in autonomous

vehicles.

7.2.2 4D Radar Data Generation

Cross-modal conditioned generation. Many autonomous driving datasets that contain

4D radar data have been released in recent years to support the development of 4D radar-
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based spatial perception algorithms [268]]. However, the scale of these datasets remains
relatively small, with annotated frames (around 10K) significantly fewer than those
of popular autonomous driving datasets without radar, such as WOD (390K) [[18] and
Argoverse 2 (150K) [19]. This shortage in data scale and diversity hinders the training
of robust and generalizable models. To address this issue, we draw inspiration from
recent advances in vision foundation models, such as Cotracker [269] and LRM [270],
which have demonstrated that large-scale synthetic data training, when followed by
limited real-data finetuning, can lead to highly performant models. This training
paradigm significantly reduces the demand for extensive manual annotation while
maintaining strong generalization to real-world scenarios. Following this paradigm, one
straightforward approach is to directly use synthetic 4D radar datasets generated through
simulation platforms to pre-train radar perception models. However, the availability
of high-fidelity 4D radar simulators and large-scale annotated radar datasets remains
limited. Motivated by this, we propose to explore cross-modal generative frameworks
for synthesizing 4D radar data conditioned on other modalities (e.g., camera or LiDAR),
enabling the expansion of existing datasets that lack radar input. Rather than replacing
real-world data collection, our goal is to augment training corpora with synthetic radar
representations, thereby enhancing the scale and diversity of training samples in a
cost-effective and controllable way. We envision that the generated data can support
pre-training of 4D radar perception models, which can then be finetuned on smaller
real-world datasets to achieve strong generalization.

Novel view synthesis. Unlike academic research, which typically relies on public
autonomous vehicles dataset [[17,/18},52,249] with limited scales (up to thousands of
video clips), industrial models require training on at least millions of video sequences to
ensure generalization and safety. For instance, Tesla’s Full Self-Driving (FSD) models
are trained on an extensive dataset comprising petabytes of data size and millions
of driving miles, collected from its global fleet of vehicles [271]. This massive data
collection introduces new challenges for stable and consistent 4D radar-based model
training. One major challenge is the variability in sensor mounting positions across
different vehicle models (e.g., Tesla Model X vs. Y), leading to discrepancies in sensors
viewpoints that necessitate alignment for standardized training samples. Moreover,
when deploying trained models across vehicles with different sensor setups, performance
can degrade if models are not adapted to new viewpoints. Many studies have exploited
novel view synthesis for camera and LiDAR sensors, generating images [272] or LIDAR

point clouds [273]] from new perspectives based on existing data. Building on this,
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our future research aims to explore novel view synthesis for 4D radar data, enabling
the generation of consistent radar representations across different vehicle platforms.
Beyond addressing viewpoint discrepancies, this technique can also be applied for data
augmentation, enhancing dataset diversity without the need for additional real-world
data collection. Ultimately, this approach has the potential to improve the robustness

and scalability of 4D radar-based perception systems in real-world applications.

7.3 Broader Impact

The advances presented in this thesis for 4D radar-based spatial perception have the
potential to significantly impact the broader field of mobile autonomy, including au-
tonomous vehicles, drones, and field robots. By addressing the limitations of traditional
optical sensors—particularly under adverse weather and poor illumination—our meth-
ods contribute to more reliable and robust autonomous systems, improving operational
safety, reducing failure risks, and enabling consistent perception in scenarios where
cameras and LiDARs often underperform.

These approaches enable all-weather perception, allowing autonomous platforms to
function reliably in challenging conditions such as rain, fog, and darkness. This capa-
bility is essential for the long-term and large-scale deployment of mobile autonomous
systems, reducing their dependency on ideal conditions and minimizing human inter-
vention for maintenance. Such resilience supports continuous operations in logistics,
agriculture, search and rescue, and urban mobility—domains where robustness and
adaptability are critical.

While autonomous driving remains a key application area, the methods developed
in this thesis are well suited to other mobile autonomy scenarios that demand reliable
perception in complex or degraded environments. In fact, given the generally lower
complexity of many such environments (e.g., structured indoor or semi-structured
outdoor settings), our approaches are likely to be even more effective and efficient in
these domains. Moreover, this thesis demonstrates that 4D radar is not only a strong
complement to LiDAR and cameras, but also a promising candidate to become the
primary 3D sensing modality in certain autonomous systems. Its advantages in cost,
form factor, and environmental robustness make it especially attractive for lightweight
and energy-efficient platforms.

Building on these advances, my long-term vision is to create a comprehensive

4D radar-based spatial perception ecosystem for mobile autonomy. This includes
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developing solutions across the entire stack—from raw radar signal processing to high-
level semantic reasoning—and promoting their integration into real-world platforms.
By stimulating further research, encouraging interdisciplinary collaboration, and driving
adoption in both industry and academia, I hope to establish 4D radar as a key enabler of
safe, reliable, and scalable autonomous systems, transforming industries and improving

lives across a range of application domains.



Appendix A

4D Radar Scene Flow Learning using

Cross-modal Supervision

This appendix provide supplementary details and experimental results for Chapter {4]

which is organized as follows:

* Appendix[A.T]illustrates more details about the dataset and the splits we used in
our experiments.

* Appendix [A.2]lists all symbols used in our approach together with their meanings
and dimensions.

* Appendix [A.3]introduces more details about our multi-task model architecture.

* Appendix [A.4] presents more implementation details on retrieving cross-modal
supervision and losses.

* Appendix [A.5]| provides more detailed experimental results and analysis of our
approach.

» Appendix shows more qualitative scene flow, motion segmentation and

ego-motion estimation results.

Besides, we also provide demo videos at https://youtu.be/PjKgznDizhl.

A.1 Dataset Details

Dataset separation. As discussed in the main text, the test set annotations of the
official View-of-Delft (VoD) dataset [[81] are withheld for benchmarking. Our task,
however, needs to compute custom scene flow metrics with ground truth labels, which

demands manually annotated 3D bounding boxes. Thus, for our experiments, we
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Val Test Train
Number of frames 1,296 2,724 4,662
Number of sequences 4 7 13
Is it annotated? True True False

Table A.1: Details of our new splits for the VoD dataset [81].

split the VoD dataset [[81]] ourselves. In these new splits, we kept the original Val set
unchanged and divided a part of the original training set into a new 7est set so that
we can generate ground truth scene flow using object annotations for evaluation. The
remaining sequences from the original training set are used for our training. To avoid
wasting the data from the original testing set, we add its frames to our training data and
form a new Train set. Note that we remove all annotations from the frames in this 7Train
set and use it for self-supervised or cross-modal supervised learning methods. Concrete
details of our splits can be found in Tab.[A.T]

Data preprocessing. Given sequences of radar point clouds, we first filter out the radar
points outside the Field-of-View (FoV) of the camera as only objects partially or fully
within the camera FoV were annotated in the dataset originally. Then, we set a z-axis
(up-down direction) range [-3m, 3m] and filter points outside of this range as these very
low or high points are often ghost targets. During training, we randomly sample 256
radar points for each point cloud to facilitate fast mini-batch learning. During inference,
however, we keep the original number of points because our task is to estimate the flow
vector of every radar point in the source frame. Finally, for each sequence, we form
Lgeq — 1 scene flow input samples by combining pairs of consecutive radar point clouds,
where L., is the length (i.e. number of frames) of the sequence.

Ground truth labelling. As mentioned in the main text, we only annotate ground
truth scene flow and motion segmentation labels for the samples from Val and 7est sets.
Following [61}247], we annotate ground truth scene flow by using object annotations
(i.e., bounding boxes and track IDs) and ground truth radar ego-motion (calculated from
the RTK-GPS/IMU based odometer). For points belonging to the static background,
we label their flow vectors with the ground truth radar ego-motion. For foreground
objects, we track the ID of each annotated bounding box across consecutive point
clouds and compute their rigid transformation w.rt the radar coordinate frame. Each
foreground point is assigned a ground truth flow vector, which is summarized by this

corresponding rigid transformation. Then, for each foreground point belonging to an
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Symbol Meaning Dimension Symbol Meaning Dimension

P Input source point cloud RN*(+C) pt Input target point cloud RMx(3+C)

pi,p! i-thpoint of P*, P R3+C cf,ct 3D coordinate of point p, pt R?

x¢,xt Associated raw features of point p§, p! RC N Number of points in the source point cloud R

M Number of points in the target point cloud R C Number of channels of the associated raw features R

F Scene flow between two input point clouds RV>3 f; Scene flow vector of the point pf R3

cl 3D coordinate of point pj after warped by f; R3 L Total loss value R

Lego  Ego-motion loss value R Lseqg  Motion segmentation loss value R

Lscene Scene flow loss value R E Base backbone features RNxCe
o Number of channels of the backbone features R Finit  Tnitial scene flow estimation RN*3

Aii’”'t Initial scene flow vector estimation of point p} R3 S Estimated moving probabilities RN

8 Estimated moving probability of point p; R T Estimated rigid transformation R4

in Identity matrix R4x4 F Final scene flow estimation RN*3

f; Final scene flow vector estimation of point p; R? T The length of mini-clips used for temporal update R

o Ground truth ego-motion transformation R4 T Ground truth rigid transformation RAx4

Fr Ground truth rigid flow components RVx3 7 Ground truth rigid flow component of point p; R3

Vi Radar RRV measurement of point pf R vy RRYV component ascribed to the radar ego-motion R

u; The unit radial vector of the point p{ R3 At Time duration between two frames R

Awv;  Absolute radial velocity of the point p} R SY Pseudo motion segmentation labels from RRV RN

sy Pseudo motion segmentation label for p§ from RRV R sfs Pseudo foreground segmentation labels from LiDAR RN

F/9 Pseudo scene flow labels from LiDAR RV*3 £/ Pseudo scene flow label for p from LIDAR R?

s! Pseudo motion segmentation labels from LiDAR RV sk Pseudo motion segmentation label for p; from LiDAR R

S Final pseudo motion segmentation labels RY Si Final motion segmentation label for p{ R

Lot MOT-based scene flow loss value R Loyt Optical flow-based scene flow loss value R

Lsery  Self-supervised scene flow loss value R W Pseudo optical flow labels RN*2

Wi Pseudo optical flow vector label for point p} R? m; Corresponding image pixel of point p] R?

Aopt Weighting parameter for Lo R (4 Sensor calibration parameters -

D(:,-,-) Point-to-ray distance computing function - |||l Lo-norm, also known as Euclidean Distance -

Table A.2: A list of all used symbols with their meanings and dimension in our approach.

object, we assign a ground truth flow vector derived from the rigid transformation of the
object. To obtain the ground truth motion segmentation, we first compute the non-rigid
flow vector f/"" for each point by compensating the ground truth rigid ego-motion
as [f7" 1)7 = [f?" 1]T — (T —1Iy)[c; 1]7. Then, points with |f| > (;nop = 5cm are

labelled as moving, while the rest are labelled as static.

A.2 Notation

For the convenience of reference, we summarize all symbols used in our approach

together with their meanings and dimensions in Tab.[A.2]

A.3 Model Architecture Details

Here, we introduce more details about our module design and layer hyperparameters of

our model architecture.
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Backbone. The input to our backbone is two consecutive 4D radar point clouds,
Ps € RVXB+C) and Pt € RM*X(B+C) Ag the foremost step, we use the set conv
layer [55]] to extract local features at different scales. Detailed layer parameters of this

multi-scale set conv layer are as follows:
syntax: SC([radii], [nsamples],[dimension))

where [radii] denotes the grouping radii for multiple scales, [nsamples| denotes the

number of local sampled points, and [dimension] are the latent feature sizes.

SC(]2.0,4.0,8.0,16.0], [4,8,16,32],[[32,32,64], [32, 32,
64],[32,32,64], [32,32,64]]) — MLP(256 — 256 —
256 — 256)

Note that we do not downsample our radar point clouds because they are already very
sparse. After concatenating the global feature vector to point-wise features, we obtain
the local-global features for each individual input point cloud: go(P?) € RV*?12 and
go(Pt) € RMx512,

To propagate the features from the target point cloud to the source, we adopt the
cost volume layer in [[56] for feature correlation. The costs are aggregated in a robust

patch-to-patch manner and a MLP was used to learn point-to-point cost dynamically:
MLP(512x2+3 — 512 — 512 — 512)

In patch-to-patch cost aggregation, the number of neighbour points is set to 8. As a
results, we can obtain the correlated features hy(gg(P?), gg(P?)) € RV*12,

The flow embedding F'E € RN * (5124512+C) cap be generated by concatenating the
correlated features, the local-global features and the raw input features of P°. We further

feed this flow embedding into another multi-scale set conv layer to get L € RV*256.

SC([2.0,4.0,8.0,16.0],[4,8,16,32], [[512,256, 64,
[512,256,64],[512, 256, 64], [512, 256, 64]])
— MLP(256 — 256 — 256 — 256)

Another max-pooling operation follows to restore the global feature vector and concate-
nates it to each point. Finally, we obtain our base backbone features E € RY*512,
Initial flow and motion segmentation head. As the base backbone feature E includes

complementary features extracted from two input point clouds, we simply use the MLP
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to implement our initial flow and motion segmentation heads for decoding. The output

of the initial flow are 3D flow vectors F"it ¢ RV*3.
MLP(512 — 256 — 128 — 64 — 3)

The motion segmentation head estimates per-point moving probabilities SeRN:
MLP(512 — 256 — 128 — 64 — 1).

Ego-motion head. The purpose of our ego-motion head is to derive a rigid transforma-
tion T that can summarize the scene flow rigid component induced by the radar ego-
motion. To that end, we leverage the differentiable weighted Kabsch algorithm [[183]]
that solves the ego-motion estimation problem in a close form through:
N
T = argmin Y wi[|(Ref +t) —cf’| |5, (A.1)
TeR4¥4 j=1
where ¢’ = c¢i + f'l””t is the point coordinate warped by the initial scene flow. The sum
of all weights is normalized as 1Y ; w; = 1, and
5 [ﬁ t

=0 1 e R4, (A.2)

where R € R3*3 is the rotation matrix and t € R? is the translation vector. In our
method, we compute the weights from the estimated moving probabilities S via:
1—3;
W= (A.3)
Y= (1—5i)
To solve Eq. (A.1)), the first step is to compute the centred point coordinates for C* =
{cs}¥, and C¥ = {c?}¥,. To do that, the weighted centroid of C* and C" can be

derived through:
N N
c’ = Zwicf, c¥ = Zwic%‘) (A4)
i=1 i=1

We subtract the centroid coordinates from C® and C* and obtain the centered point
coordinates C* € RV>*3 and C* € RV*3. A weighted covariance matrix H,, € R3*3

can then be formulated as:

H, = CSTdiag(wl,wz, wy)CY. (A.5)
The optimal rotation matrix R* is solved by:

100
R*=V |0 1 0|U, (A.6)
00 d
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Figure A.1: Temporal update module. We concatenate the updated hidden state H to
each point feature when activating this module, while we use the global feature vector G
directly when the updating module is disabled. Note that the superscript (e.g., [) denotes

the temporal order index and we discard it in other places.

where the singular value decomposition (SVD) is used in H, = U} V and d =
sign(det(VUT")) is the correction value to avoid special reflection cases. As the

final step, we compute the optimal translation vector as:
t* =c¥ —R*c’. (A.7)

Temporal update module. This module is embedded in our backbone module and its
use in our method is optional. If enabled, it can propagate information from previous
frames to the current frame. As a reminder, before we generate our base backbone
feature E, we get the local features L € RY *256 with another multi-scale set conv layer.
The global feature vector is obtained by G € R?* = M AX (L), where M AX is the
max-pooling operation along the channel axis. Our temporal update module operates

on G and applies a GRU network [237] to update it as a hidden state temporally, as
seen in Fig.[A.1]

A.4 Cross-Modal Supervision Details

In this section, we provide some implementation details on cross-modal supervision

retrieving and loss formulation.
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Figure A.2: The impact of threshold n,, when applying direct and bias-aware thresholding
to generate pseudo motion segmentation labels SY with the ego-motion and RRV
measurements. Here, mloU is computed between the ground truth motion segmentation

labels and the generated pseudo one on the Val set.

Strategy for generate pseudo label S”. As introduced in the main text, we propose to
generate a pseudo motion segmentation label S” with the odometry information and
radar RRV measurements. As a reminder, the pseudo label S” is created by thresholding
the ego-motion compensated RRV Auvy, i.e., the absolute radial velocity. Next, we will
discuss our specific thresholding strategy.

Given per-point Av;, it is intuitive to generate a motion segmentation mask by
labelling points with larger values than a fixed threshold as moving points. However,
this straightforward strategy suffers from the temporal offset between the well-curated
keyframes and original radar point clouds. Even though the coordinates of radar
points are transformed to the timestamp of keyframes using high-frequency odometry
information, their RRV measurements still correspond to the original timestamps. As a
result, there is often a non-trivial global bias in Awv;, which disturbs the identification
of real moving points given a fixed threshold. For example, almost all points could
be classified as moving when a large bias exists. To mitigate this issue, we propose
to normalize all Av; by subtracting their mean value ; and then classify points by
thresholding. The pseudo motion segmentation label S? = {s¥ € {0,1}}Y, can then be
created with a fixed threshold 7,,, where 0O represents stationary points. We determine
the value of 7, via grid searching on the Val set, as seen in Fig.[A.2]

To validate if our bias-aware strategy helps to improve the quality of pseudo motion
segmentation labels SV, we compare this advanced strategy to the direct (i.e. not bias-
aware) one. As the pseudo motion segmentation label generation is affected by the
threshold 7,,, we iteratively change its value and observe how the mIoU between the
ground truth and pseudo motion segmentation labels varies with the threshold. Fig.
shows the comparison between direct thresholding and bias-aware thresholding on the
Val set. Without considering the global bias of residuals, direct thresholding can only

give a maximum mloU of 48.4%, while our proposed bias-aware thresholding produces
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a mloU of SZ%IH The results demonstrate the effectiveness of our advanced strategy to
tackle the temporal misalignment of ego-motion and RRV measurements. Moreover, as
shown in the top of Fig.[A.2] the mIoU increases to near 50% only when the threshold
is large enough (> 1.0m/s), which further proves the presence of a global bias in Awv;.
For the best quality of pseudo label SV, we set 1, = 0.3 in all our experiments according
to the results on the Val set exhibited in Fig.[A.2]

LiDAR multi-object tracking. As another active ranging sensor, LiDAR can detect
targets and measure their 3D positions by emitting pulsed lasers [274]. Compared
with 4D radar, it can restore the geometric structure well with denser point data under
satisfactory weather conditions. Some recent works [71}72,200] perform 3D multi-
object tracking (MOT) on LiDAR point clouds in a tracking-by-detection paradigm and
show prominent results. Inspired by the progress, we propose to extract supervision
signals from LiDAR by running 3D MOT algorithms on LiDAR point clouds. The
method we employ is called AB3DMOT [71]], which first detects 3D bounding boxes
with a pretrained PointRCNN [195]] model and tracks objects based on a 3D Kalman
filter. To implement this method, we first use the OpenPCDetE| library and adopt the
pretrained PointRCNN model to perform the object detection stage. The X, y, z range is
set to [(0, 70.4), (-40, 40), (-3, 1)] meters respectively and the number of points is set as
4096 following the original paper [195]. Similar to the authors of the VoD dataset [81],
we only detect three classes of object, i.e. pedestrian, cyclist and car, as foreground
objects. For the tracking part, we use the official codeE] and take the detection results as
input. Specifically, we set the minimal birth length Bi7,,,;,, as 4 and the maximum death
length Agep,q. as 8. The centre distance threshold for object association is 2 meters.
As a result, the 3D MOT algorithm can give us a set of estimated bounding boxes and
their track IDs for each frame.

Optical flow loss £,,;. Different from LiDAR or radar point clouds, RGB images
contain explicit object appearance and texture information, which provide rich semantics
cues for inferring pixel-level 2D motions between frames, i.e., optical flow estimation.
As a 2D perspective projection of 3D scene flow, optical flow describes the motion of
points on the image plane. Thus it can also be used to partially supervise the scene flow
estimation of points, whose perspective projection is within the camera field-of-view

(FoV). Thanks to the advance in data-driven optical flow estimation [238,275]], we

Note that tangentially moving targets are not distinguished in the pseudo label SV because radar only
measures the relative radial velocity.

Zhttps://github.com/open-mmlab/OpenPCDet

3https://github.com/xinshuoweng/AB3DMOT



A.4. CROSS-MODAL SUPERVISION DETAILS 94

W
cl e’ b g
7 @ °
\\‘ Y
Y
c? li R
TR S fi o
w cy’
¥
i
W Nw '\< ¥
g 7
T—em, ﬁ\a

Figure A.3: Left figure: Blue denotes two points (i.e., ¢j, cj) from the source point cloud
P? and their perspective projection m;, m; on the corresponding image I°. Red arrows
denote pseudo optical flow labels w;, w; and their possible 3D projections (dashing
line). Right figure: denotes the predicted scene flow vectors f}-,f’j and their
corresponding optical flow after perspective projection. Magenta denotes warped points
c;’,c; and their perspective projection on image Is. /; and /; denote the corresponding

rays of pixels warped by pseudo optical flow labels.

can use a pretrained model to infer pseudo optical flow labels efficiently. For one pair
of P* and P’, we can input their synchronized monocular images I*¥ and I’ into the
network and obtain an optical flow map. We adopt the RAFT-S [238]] pretrained mode]ﬂ
to estimate our optical flow. The number of iterations is set as 12 in practice. After
drawing per-point optical flow vector W = {w; € Rz}f\il, we formulate our optical
flow loss to constrain our scene flow prediction in the perspective view. In the main text,
due to the depth-unawareness during perspective projection, we propose to minimize
the point-to-ray distance instead of the flow divergence in pixel scale. Our motivation is
further illustrated in Fig. where a larger distance between the warped point c;’ and
the expected ray [; results in a smaller pixel-scale loss after perspective projection for a
farther point c’. In practice, we discard point-to-ray distances lower than 0.25m when
computing the loss to mitigate the impact of optical flow estimation errors.

Self-supervised loss. Motivated by self-supervised scene flow works [56,59-61}124]],
we also utilize self-supervised loss functions to complement our cross-modal supervised
learning. Specifically, we leverage three self-supervised loss functions from [124] and

keep their default hyperparameter settings. The first one is called soft Chamfer loss,

“https://github.com/princeton-vI/RAFT
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Figure A.4: Impact of the classification threshold 7 on the Val set. The value is changed

from 0.1 to 0.9 by a step of 0.1.

which constrains scene flow by pulling mutual pseudo correspondences between the
target point cloud P? and the warped source point cloud P close to each other. In
practice, the noise from outliers is mitigated and small errors led by low-resolution are
discarded, to make the loss soff to intractable radar point clouds. The second loss is
spatial smoothness loss, which is used for local consistency in scene flow estimation. In
particular, a distance-based weight is computed at first and then the spatial smoothness
of the predicted scene flow is enforced accordingly. The third loss is called radial
displacement loss, where the radial projections of estimated scene flow are constrained

by the RRV measurements.

A.5 More Experimental Analysis

Impact of the classification threshold 7,. As an important hyperparameter, 7 is
used to threshold the estimated moving probabilities S to generate the binary motion
segmentation mask during inference, which further determines the flow vectors of
which points are refined with the ego-motion estimation. To select its optimal value,
we run a series of evaluations on the Val set with the trained CMFlow model and show
the results in Fig. As we increase the threshold value, the performance on Stat.
RNE gets improved continuously, however the optimal threshold for Mov. RNE is 0.5.
Considering that the scene flow accuracy on both moving and static points is crucial,
we aim to seek a trade-off between Stat. RNE and Mov. RNE. We thus set the 7, = 0.5
as the optimal value for our experiments.

Impact of the mini-clip length 7. When activating our temporal update module in the
backbone, we can update the global feature vector temporally to propagate information
from previous frames. However, training with long sequences in a brute-force way
will lead to non-negligible over-fitting. To mitigate the issue, we split long training
sequences into many mini-clips with a length of 7" and train mini-batches of them.
During inference, the hidden state is re-initialized after 7" frames to emulate the training

conditions. Here, we exhibit how to select the optimal 7" value in our experiments,
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T EPE [m]{ AccST AccR?T RNE [m]}

1 0.132 0.263 0.552 0.053
3 0.128 0.280 0.560 0.051
5 0.122 0.295 0.579 0.049
7 0.131 0.264 0.560 0.053
10 0.129 0.260 0.551 0.052
15 0.142 0.203 0.488 0.057

Table A.3: Impact of the mini-clip length for temporal feature update. The results shown
above are obtained by evaluating our CMFlow (T) method on the Val set. The best T’

(bold) are used for experiments on the Test set.

as seen in Tab. As we increase the value of 7', the performance on the Val set
improves because temporal information from more previous frames can be used for
the current frame. However, when the value of 7" exceeds 5, the performance starts to
degrade and becomes even worse than the one without temporal update when 7" = 15.
We attribute this to two reasons. First, as we discuss above, longer clips can exacerbate
the over-fitting issue. Second, using long-term information from earlier frames will
introduce more noise and disturb the current feature extraction.

Performance of fully-supervised methods. In our main experiments, we are interested
in if our performance could catch up or surpass that of fully-supervised methods when
more unannotated data is available for training. As a reminder, we select the state-of-the-
art fully-supervised method, PV-RAFT [[175]], for comparison. Here for completeness,
we also evaluate another five fully-supervised methods and compare them together with
PV-RAFT [175]] in Tab.[A.4] Note that we use all available annotated samples in Train
set and label their ground truth scene flow with object annotations (c.f. Appendix [A.1)
for fully-supervised training. Under the same training setting, PV-RAFT [175] achieves
the best results among fully-supervised methods. This further proves its state-of-the-art
performance and supports our choice of PV-RAFT as the compared fully-supervised
method when more unannotated training data is available.

Impact of self-supervised loss. As a complement to our cross-modal supervision, the
self-supervised loss can exploit the inherent spatio-temporal relationship and constraints
in the input data to bootstrap scene flow learning. Here, we analyse its impact by ablating
it from our method. The results are shown in Tab. With the self-supervised loss,
the performance of CMFlow improves in all metrics. This demonstrates that combining

self-supervised and cross-modal supervision provides complementary learning cues and
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Method EPE [m]] AccST AccRT RNE [m])
FlowNet3D [55] 0.201 0.169  0.379 0.081
PointPWC-Net [56] 0.196 0.177  0.391 0.079
FlowStep3D [57] 0.286 0.061  0.185 0.115
PV-RAFT [175] 0.126 0.258  0.587 0.051
3DFlow [276] 0.277 0.104 0.294 0.111

Bi-PointFlowNet [277]  0.242 0.164  0.350 0.097

Table A.4: Comparison between fully-supervised radar scene flow methods on the Test
set. All methods are trained using the same annotated training samples with ground

truth scene flow.

Method  EPE [m]] AccST AccRt RNE [m]]

w.0. Loy 0.152 0.221  0.494 0.061
W. Lgeif 0.141 0.233 0.499 0.057
Gain -0.011 +0.012  +0.005 -0.004

Table A.5: Analysis of the impact of self-supervise loss. For the top row, we ablate the

self-supervised loss during training.

leads to more accurate scene flow estimation.

Impact of LiDAR modality. In our cross-modal supervised learning pipeline, LIDAR
supervision is used in two ways to support our model training. One is to generate a
pseudo motion segmentation label S¢, which is further used to obtain a more reliable
label S after fusing with SY. Another is to provide the pseudo scene flow label F/9
used to formulate the loss £, that supervises the final scene flow. Here, we analyze
the impact of LiDAR modality in these two ways. As seen in Tab. [A.6] the LiDAR
modality contributes to our improvement gain in both aspects. First (c.f. row (b)),
using the pseudo label S can effectively complement the label SV where tangentially
moving targets are not distinguished. Second (c.f. row (c)), the scene flow loss L0+
can constrain the scene flow vectors of identified moving points in S!. When using
the LIDAR modality in both ways, an even larger improvement can be achieved. This
demonstrates that each supervision component in our framework is significant and

correlates to each other compactly.
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|L(seg) L (flow) EPE [m]] AccST AccRT RNE [m]]

(a) 0.159 0216 0458  0.064
®| v 0.156 0221 0467  0.063
(©) v 0.152 0217 0477  0.061
@| v v 0.141 0223 0499  0.057

Table A.6: Ablation study for LIDAR modality. L (seg) denotes that the LiDAR supervision
is used for generating pseudo motion segmentation labels, while L (flow) denotes that

the LiDAR supervision is used to formulate the scene flow loss.

A.6 More Qualitative Results

Scene flow estimation. More qualitative scene flow results are shown in Fig.
It can be seen that CMFlow can accurately estimate scene flow vectors in diverse
driving scenarios. After warping the source point cloud with the estimated scene flow,
both static background and multiple dynamic objects can be aligned well between two
frames.

Motion segmentation. Additional qualitative results for the motion segmentation task
can be seen in Fig.[A.6] Without any ground truth labels used for training, our method
results in accurate motion segmentation in dynamic environments. Different moving
objects (e.g., car, cyclist, pedestrian) can be segmented from the static background well.
Ego-motion estimation. We show more qualitative odometry results in Fig.
As a byproduct of our method, the estimated rigid ego-motion transformation can
effectively support the odometry task in complex urban driving scenarios. Compared to
the baseline ICP [239]] that directly solves the transformation with all points, CMFlow
can distinguish and mitigate the impact of moving points, and thus has better odometry

performance in dynamic environments.
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Input Ours Ground Truth

Figure A.5: Qualitative scene flow results in seven Test scenes. From left to right: 1)
radar points from the source frame projected to the corresponding RGB image (points
are coloured by distance from the sensor), 2) two input radar point clouds, the source
one (pink) and the target one (green), 3) the source point cloud warped by our predicted
scene flow and the target radar point cloud, 4) the source point cloud warped by ground
truth scene flow and the target one. We mark regions of interest in and apply the

zooming-in operation for them.



A.6. MORE QUALITATIVE RESULTS 100

RGB Image Prediction Ground Truth

Figure A.6: Visualization of motion segmentation. The left column shows the correspond-
ing image with radar points (coloured by range) projected onto it. In the middle and

right columns, moving points are shown in orange while static points are shown in blue.
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Figure A.7: Qualitative odometry results in five Test sequences. To plot the ego-vehicle
trajectory, inter-frame ego-motion transformations are accumulated temporally. Please

see the supplementary video for dynamic trajectory results.



Appendix B

Robust 3D Occupancy Prediction with
4D Imaging Radar

This appendix include the supplementary details and experimental results for Chapter[6]

which is organized as follows:

e Section illustrates more details on our experiment setup, including ground
truth generation, dataset statistics, evaluation area and computation resources we
used for our experiments.

e Section[B.2]introduces implementation details of different components in RadarOcc.

e Section gives more experimental results, visualization and failure case of

RadarOcc.

Besides, please refer to our demo video for more qualitative results: https://www.

youtube.com/watch?v=sadge jcWMvK.

B.1 Experiment Setup Details

Ground truth generation. Our pipeline of 3D occupancy annotation is similar to
those in [85,98,99,263]]. First, we split each LiDAR point cloud from a sequence into
the background and foreground part with the help of 3D bounding box annotations.
For the background, we superimpose all LIDAR points by transforming them into a
united world coordinate using their extrinsic. For the foreground part, we track the
same instances (indicated by the same tracking IDs) across the sequence and transform
LiDAR points association to them into the coordinates of their bounding boxes. In this

way, sparse LiDAR point clouds can be significantly densified and the occupancy labels
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can be more realistic. Note that K-Radar [52] only annotates the objects in the front
of the car. To avoid the interference of moving objects in the back, we only use the
front part of each LiDAR sweep for ground truth generation. Second, we transform the
background and objects point sets into the current frame coordinate system with respect
to the ego-pose of the current frame and the objects’ pose. Lastly, we concatenate the
background and objects points at the current frame and voxelized the merged point
cloud to generate the occupancy labels. In cases where voxels are overlaid or boundaries
are not clear, we use the majority voting to decide voxel-wise semantics (foreground vs.
background).

Dataset statistics. In adverse weather conditions (e.g., fog, rain and snow), water
droplets or snowflakes can scatter or absorb LiDAR beams, reducing the effective range
of LiDAR and inducing noise in the data. To ensure the high fidelity of our occupancy
labels, we select 24 sequences collected in decent weather conditions from K-Radar [52]]
for annotation and leave the rest sequences collected in poor weathers unannotated,
which can only be used for qualitative analysis. We split the annotated 24 sequences
into the training, validation and test sets with a ratio of 17:2:5, resulting in 11,333, 1,059
and 2,878 frames, respective. Over 0.5 billion voxels are obtained from all annotated
frames, among which free, background and foreground class accounts for 92.3%, 7.4%
and 0.3% individually.

Evaluation area. As claimed in the main chapter, we only report the evaluation results
within the area where the horizontal FoV (hFov) of all sensors overlap. This scheme
can lead to a more fair comparison as it avoids assessing the hallucinated voxels beyond
hFoV for modalities like radar and camera, whose hFoVs cannot fully cover our defined
Rol volume ahead of the car. Specifically, the overleap hFoV of K-Radar [52] sensor
suite is 107°, symmetrically distributed around the front axis. The ratio between the
final evaluation area and our Rol is calculated as: 1 — cot (107°/2) /4 ~ 0.812.
Computation resources. All of our experiments are conducted on a Ubuntu server
equipped with 2 Nvidia RTX 3090 - 24GB GPUs, an Intel i9-10980XE CPU @ 3.00GHz
and a 64GB RAM. The training of our method RadarOcc uses 17.98GB VRAM, and
takes approximately 16.7 hours.

License for K-Radar. The K-Radar dataset [52] is published under the CC BY-NC-ND
License, and all K-Radar codes m are published under the Apache License 2.0.

Thttps://github.com/kaist-avelab/K-Radar
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B.2 Implementation Details of RadarOcc

Data volume reduction. The volume size of input raw 4DRT V is 256 x 107 x 37 X
64 (R x Ax E x D). By encoding the Doppler bins for each spatial location into
8-channel descriptors, we reduce the size of 4DRTs by x 2, leading to a 3D spatial
data volume with a size of (256 x 107 x 37) x 8 with the Doppler axis as the feature
dimension. For sidelobe-aware spatial sparsifying, we select the top-/V, (/V,, = 250)
elements per range. The resulting lightweight sparse RT T per frame is ~5MB. Please
refer to Sec. for how we select the optimal NN,

Range-wise self-attention. In our spherical-based feature encoding, the range-wise self-
attention is performed on the non-empty elements per range, i.e., t; € RV (8+2) (1=
1,2,...,R), where N, = 250. The 8-channel Doppler descriptors are considered as
the input features while the azimuth and elevation indices are converted to positional
embeddings with lookup tables [258]]. Specifically, we use two layers of multi-head
attention with the embedding dimension set as 32, number of heads as 4 and dropout
probability to be 0.1 The output is re-organized to a sparse tensor with a dimension
of RN, x (32+ 3), where the range, azimuth and elevation index is stored for each
non-empty element.

3D sparse convolution. We utilize the spconv library [278] to implement the sparse
convolution layers for our spherical-based feature encoding. This encoding process has
two types of operation: 3D Submanifold Convolution and 3D Sparse Convolution. 3D
submanifold convolution only convolves the active spatial locations without altering
the sparsity pattern and spatial resolution, while 3D sparse convolution performs con-
volution on all active locations, expanding the sparsify pattern and allows for spatial
resolution change. We leverage the submanifold convolution as the first and last layer
and apply three sparse convolution layers in-between. We set the stride as 2 for the last
two of 3D sparse convolution to reduce the spatial dimension. As a result, we obtain a
3D dense feature volume F € R04*27x10xCs (0 = 192), where the spatial dimension
is decreased by x4.

Deformable self-attention. Given feature volume F, we use 3D deformable self-
attention [260] to augment its spatial features. Two attention layers are used and the
number of sampling points of each query is set to 8. Each attention layer has 8 heads
and apply a dropout of a rate of 0.1 to the output features. The refined feature volume
F'; has the same dimension as F, i.e., 64 x 27 x 10 x CY.

Spherical-to-Cartesian feature aggregation. To aggregate features extracted in the
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spherical coordinates, we build learnable voxel queries H = {h?}, with a dimension
of 14 x 128 x 128 x 'y defined in the LiDAR Cartesian coordinates system. By trans-
forming the 3D points p? corresponding to our voxel queries h? into the radar spherical
coordinates, we construct a list of 3D reference points ®(p?). Then, the deformable
cross attention is used to aggregate the spherical features to Cartesian by considering
the spherical volume F, as the key and value of attention and the voxel queries H as
the query of the attention. Just as the self-attention module, we use the 3D version of
the deformable attention [260], with the same network settings. The dimension of the
output Cartesian feature G have the same size as the learnable queries H, which is
14 x 128 x 128 x C.

3D occupancy decoding. Given the Cartesian voxel features G, we firstly apply
the 3D version of ResNet-18 [14]] for decoding, resulting in 4 level of feature maps,
with %, %, %, 1—16 of the voxel spatial shape and 80, 160,320,640 for feature dimension
respectively. These multi-level features are then upsampled back to the target spatial
space H x W x L using 3D FPN [261], leading to the final features G, with a dimension
of 14 x 128 x 128 x 4C'y. Lastly, we use an MLP with the hidden dimension of [64,64] to
reduce the feature channel and predict the occupancy probabilities which are normalized
by a softmax layer. The output is denoted as O € {0, 1}/ *WxLx(C+1),

Training loss. The overall loss function £ used to train our network can be written as:

L=Lcop+Lrs+ LI+ L (B.1)

sca

Given the ground truth denoted as O = {6; € {co,c1,...,cc}} o (Ny = H x W x L)

and the output O, the cross-entropy loss £ can be calculated as:

No cc

Lop=—=>_ > webjlog(d;c) (B.2)

i=1c=co
where N, is the number of voxels, c and ¢ indexes classes and voxels, 0; .. is the predicted
logit for i-th voxel on the class c. 0; . = 1 if 0; = c; else, 0; . = 0. To balance different
classes, we use w, for each class calculated as the inverse of the class frequency in
K-Radar [52]. Please refer to [[262] and [96]] for more details on the lovasz-softmax loss
L5 and scene-class affinity loss £°7, and £ we used in Eq.
Training details. We train RadarOcc with 10 epochs using Adam optimizer with a
learning rate of 3e-4. The batch size is 1 for each GPU. We follow [85]] to use loss
normalization to balance the weight of the 4 different losses, and cosine annealing [279]

with % warm-up ratio is used at the start of the training.
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\ ToU (%) \ mloU (%) \ BG ToU (%) \ B EFG IoU (%) ;

pS
N, |12.8m 25.6m 51.2m‘12.8m 25.6m 51.2m‘12.8m 25.6m 51.2m‘12.8m 25.6m 51.2m
850 | - ) ) ; ) - ) ; ) . ) - | cupa oom
650 | 52.5 439 306 | 344 272 197 | 521 437 304 | 167 107 89 29
450 | 539 443 309 | 368 269 199 | 537 440 306 | 199 97 92 3.1
250 | 541 451 319 | 340 257 191 | 537 448 316 | 142 67 66 33
50 | 527 445 319 | 326 258 194 | 526 443 315 | 125 73 713 36

Table B.1: Impact of the number of selected top elements per range (i.e., IN,) in our
sidelobe-aware spatial sparsifying. The results are reported on the validation set. Best

result is shown in bold.
B.3 Additional Experiment Results

B.3.1 Impact of the Number of Reserved Top Elements /N,

In Sec. [6.1.3] we propose a sidelobe-aware spatial sparsification technique that selects
the top-/V, elements for each individual range rather than the entire dense radar tensor
(RT). There is indeed a trade-off between preserving critical measurements and filtering
noise/compressing the radar tensor in this process. Excessive compression/filtering may
result in the loss of weak reflections, while insufficient compression/filtering increases
computational costs and retains some level of noise.

To identify the optimal balance, we conducted a series of experiments varying the
number of selected top elements for each range, i.e., N,, and assessed performance
and inference speed on the validation set. The results, presented in Table [B.1} indicate
that RadarOcc achieves the best results in half of all metrics on our validation set when
N, = 250. Both higher and lower values of lead to suboptimal results, suggesting
that /V,, = 250 strikes the best balance between retaining critical signals and filtering
noise. Additionally, the inference speed at N, = 250 is relatively higher compared
to configurations with larger values. Therefore, we select /V,, = 250 for RadarOcc’s

evaluation on our testing set.

B.3.2 Impact of the Number of Reserved Doppler Bins V;

To investigate the effect of the number of preserved top values (i.e., N;) among Doppler
bins for each spatial location, we conducted a series of experiments by varying Ng;. As
shown in Table the change in N4 does not significantly impact our results. For both

efficiency and performance, we chose Ny = 3 for our method based on the validation



B.3. ADDITIONAL EXPERIMENT RESULTS 107

Ng | IoU @ 51.2m (%) | mloU @ 51.2m (%)

1 30.9 18.7
2 28.8 194
3 31.9 19.1
4 31.1 18.9
5 30.1 18.8

Table B.2: Impact of the number of reserved Doppler bins for each spatial location (i.e.,
Ng). The results are reported on the validation set. Best result is shown in bold.

ToU (%) mloU (%) BG ToU (%) B EG IoU (%)

‘Method ‘12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m‘ 12.8m 25.6m 51.2m
() | Ours 488 391 304 | 343 285 226 | 479 382 204 | 207 187 158
(b) | Ours wioRWA | 486 390 307 | 328 277 220 | 474 380 29.6 | 181 163 142

Table B.3: Ablation studies on range-wise self-attention designs of RadarOcc.

set performance.

This can be explained by the fact that K-Radar [52] wraps around overflow values
in Doppler measurements due to the limited Doppler measurement range. For example,
Doppler speeds of 3.0 m/s and 6.0 m/s are measured within the range of -1.92 to 1.92
m/s as 3.0 - 3.84 =-0.84m/s and 6.0 - 3.84 x2 = -1.68m/s, respectively. This ambiguity
means the information from the Doppler axis only marginally improves our model.
Consequently, changing hardly affects our performance. Table.[6.2]in ?? also shows
that our baseline without Doppler bin descriptor (w/o DBD), which only uses mean
power, reflects this minimal impact. However, we believe our Doppler bin encoding
method could bring more improvement with other radar sensors that have a larger

measurement range.

B.3.3 Impact of Range-wise Self-attention

To verify the effectiveness of the range-wise self-attention used in our sphercial-based
feature encoding (c.f. Sec.[6.1.4)), we experiment by removing it from the network and
show the results in Tab. [B.3] It can be seen that RadarOcc improves the performance
on most metrics by adding the range-wise self-attention. In particular on FG IoU, the
relative gain is 14.4%, 14.7% and 11.3% for the 3D volume of 12.8m, 25.6m and 51.2m,
respectively. We credit this to the ability of range-wise self-attention to further suppress

the sidelobe noises appearing around the foreground objects.
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(a) Camera View (b) Ground truth (c) RadarOcc prediction

Figure B.1: Example of failure case due to insufficient resolution and decreased Signal-
to-Noise Ratio (SNR) at far distances. The white cars parked at the far right are not well

predicted.

sl '}M )

(a) Camera View (b) 32 line LiDAR prediction (c) RadarOcc prediction

Figure B.2: Example of RadarOcc outperforming 32-line LiDAR on objects with low radar

cross-section: the pedestrain is recognized.

B.3.4 AQualitative Results under Adverse Weather

To better show the qualitative results of RadarOcc and baseline methods based on other
modalities, we make some video demos under different weather conditions and integrate
them into a demo video: https://www.youtube.com/watch?v=sadgejcWMvk. We

recommend our audience to watch the video for a better understanding of our work.

B.3.5 Example of Failure Cases

We observed some failure cases of RadarOcc due to some reasons, such as insufficient
resolution and decreased Signal-to-Noise Ratio (SNR) at far distances. An example of
such failure cases is exhibited in Fig. We hope this could shed the light on future

research in this field.

B.3.6 Object with Low Radar Cross-section

In our method, we address objects with low radar cross-section (RCS) from two key
perspectives:

Input perspective. We utilize 4D radar tensor (4DRT) data instead of radar point clouds


https://www.youtube.com/watch?v=sa4gejcWMvk
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for 3D occupancy prediction. This approach avoids the loss of weak signal returns
that can occur during the point cloud generation process, e.g., those filtered out by the
CFAR detection, preserving more measurements from low RCS objects compared to
radar point clouds.
Method perspective. Our sidelobe-aware spatial sparsifying technique selects the top-
elements for each individual range rather than the entire dense RT. As shown in Fig.[6.2]
this method retains critical measurements scattered across different ranges, including
both low and high RCS objects. This contrasts with percentile-based methods, which
often concentrate on elements corresponding to high RCS objects, thereby missing
important data from low RCS objects.

As a result, our method is effective in recognizing objects with low RCS, such
as pedestrians, when predicting 3D occupancy. Figure shows an example where

RadarOcc successfully handles low-RCS objects while 32-line LiDAR not.
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