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Abstract

3D perception is a critical component of autonomous driving systems, where accurately de-
tecting objects and understanding the surrounding environment is essential for safety. Recent
advances in Light Detection and Ranging (LiDAR) technology and deep neural network ar-
chitectures have enabled state-of-the-art (SOTA) methods to achieve high performance in 3D
object detection and segmentation tasks. Many approaches leverage the sequential nature of Li-
DAR data by aggregating multiple consecutive scans to generate dense multi-frame point clouds.
However, the challenges and applications of multi-frame point clouds have not been fully ex-
plored. This thesis makes three key contributions to advance the understanding and application
of multi-frame point clouds in 3D perception tasks.

First, we address the limitations of multi-frame point clouds in 3D object detection. Specif-
ically, we observe that increasing the number of aggregated frames has diminishing returns and
even performance degradation, due to objects responding differently to the number of aggre-
gated frames. To overcome this performance trade-off, we propose an efficient adaptive method
termed Variable Aggregation Detection (VADet). Instead of aggregating the entire scene using
a fixed number of frames, VADet performs aggregation per object, with the number of frames
determined by an object’s observed properties, such as speed and point density. This adaptive
approach reduces the inherent trade-offs of fixed aggregation, improving detection accuracy.

Next, we tackle the challenge of applying multi-frame point cloud to 3D semantic segmenta-
tion. Point-wise prediction on dense multi-frame point clouds can be computationally expensive,
especially for SOTA transformer-based architectures. To address this issue, we propose MFSeg,
an efficient multi-frame 3D semantic segmentation framework. MFSeg aggregates point cloud
sequences at the feature level and regularizes the feature extraction and aggregation process to
reduce computational overhead without compromising accuracy. Additionally, by employing a
lightweight MLP-based point decoder, MFSeg eliminates the need to upsample redundant points
from past frames, further improving efficiency.

Finally, we explore the use of multi-frame point clouds for cross-sensor domain adaptation.
Based on the observation that multi-frame point clouds can weaken the distinct LiDAR scan pat-
terns for stationary objects, we propose Stationary Object Aggregation Pseudo-labelling (SOAP)
to generate high quality pseudo-labels for 3D object detection in a target domain. In contrast
to the current SOTA in-domain practice of aggregating few input frames, SOAP utilizes entire
sequences of point clouds to effectively reduce the sensor domain gap.



Acknowledgements

I would like to express my gratitude to everyone who has supported me throughout my PhD
journey. Amid a global pandemic, this period has been both challenging and fulfilling.

First and foremost, I would like to thank my family. My mother, Jin Xiao, and my grand-
mother, Hemei Ouyang, raised me with love and care, and their guidance has shaped who I am
today. I am also thankful to my family members, Ruoshui Wang and Qiang Wang, for their
constant support and advice over the years, and to my father, Yuming Huang, whose financial
assistance made my academic pursuits possible.

I am sincerely grateful to my professor, Krzysztof Cznarnecki, for providing me with the
freedom to explore and encouraging me to learn at my own pace. Even if certain explorations
did not turn out to be fruitful, I have learned immensely from each endeavor. I also wish to
acknowledge Sean Sedwards and Vahdat Abdelzad for their guidance and insightful discussions
throughout multiple projects. Their persistent questioning and keen attention to detail have pro-
foundly influenced my approach to research, and thanks to Sean, I will be using CDFs for the rest
of my life! My sincere thanks extend to Michal Antkiewicz, who expertly set up and maintained
the servers crucial to our experiments, and to Prarthana Bhattacharyya for her invaluable advice
and the opportunities she provided to contribute to her projects. I also appreciate the support and
camaraderie of other members of the WISE lab I have met along the way, including Rick Salay,
Mathiew Pitropov, Benjamin Therien, Luke Rowe, Christopher Gus Mannes, Adrian Chow, Mei
Qi Tang, and Mozhgan Nasr Azadani.

Finally, I would like to thank my friends for their unwavering support. I am particularly
grateful to Trevor Painter for his warm welcome when I first set foot in the United States and for
helping me improve my English, and to my long-time friends Yijie Bai, Yunshu Xu, and Mengshi
Zhang for supporting me through college and during the toughest times.

Thank you all for making this journey possible.

vi



Dedication

To my family, teachers, and friends.

vii



Table of Contents

Examining Committee
Author’s Declaration
Statement of Contributions
Abstract
Acknowledgements
Dedication

List of Figures

List of Tables

1 Introduction

2 Background and Related Work
2.1 LiDARSensor. . . . . . . . . . e
2.1.1 LiDAR Ranging Mechanisms . . . .. ... ... ... .........
2.1.2 LiDAR Imaging Architectures . . . . . . . . . ... ... ... .....
2.1.3 LiDARReturns . . . . .. .. ..

ii

il

iv

vi

vii

xii

XV



3

2.2 LiDAR Perception Datasets for Autonomous Driving . . . . . . ... ... ... 11
22.1 KITTIDataset . . . . . . . . .. ittt 11
222 nuScenes Dataset . . . . . . . .. ... 13
223 WaymoOpenDataset . . .. ... ... ... ... ... ... ..., 13
224 OtherDatasets . . . . . . . .. . i 15
2.3 Machine Learning from Point Cloud Data . . . . . . ... ... ... ...... 15
2.3.1 Projection-based . . . .. ... ... .. 16
23.2 Voxel-base . . . .. . ... 18
233 Point-based . . . . ... 20
2.4 LiDAR-based 3D Object Detection . . . . . . . . . . ... ... ... . ..... 23
2.4.1 Architectures . . . . . . ... 24
242 Model Training . . . . . . . .. . L e 26
243 BEvaluation Metrics . . . . . . . . ... Lo 27
2.5 LiDAR-based 3D Semantic Segmentation . . . . . .. ... ... ... ... .. 29
2.5.1 Architectures . . . . . ... L 29
252 Model Training . . . . . . . .. . L e 30
253 BEvaluation Metrics . . . . . . . . ... L 31
2.6 Multi-frame/sequential LiIDAR perception . . . . . . . ... .. ... ... .. 31
2.7 Domain Adaptation in LiDAR perception . . . . .. .. ... ... ... .... 33
VADet: Multi-frame LiDAR 3D Object Detection using Variable Aggregation 34
3.1 Introduction . . . . . . .. L e e e 34
32 Method . . . . .. . e 36
3.2.1 Random Aggregation Training . . . . . . . ... ... ... ....... 36
3.2.2  Variable Aggregation . . . . . .. . ... Lo 37
3.3 Experimental Setup . . . . .. . ... 39
33.1 Dataset . . . . . . .. e 40
3.3.2 Evaluation Metrics . . . . . . .. . .. L 40

X



3.3.3 Implementation Details . . . . . . ... ... ... ... ... ...... 42

34 Resultsand Analysis . . . . . .. ... e 43
34.1 Overall Performance . . .. ... ... ... ... ... ... ..., 43
3.4.2 Qualitative Results . . . . . . . . . . . .. 46
3.4.3 Breakdown Analysis . . . . . ... ... e 47
3.5 Limitations and Future Work . . . . . . .. ... ... oo oo 50
3.6 Conclusion . . . . .. . 52
MFSeg: Efficient Multi-frame 3D Semantic Segmentation 53
4.1 Introduction . . . . . . . . .. L e 53
42 Method . . . . . . .. 55
4.2.1 Local Feature Extraction . . . . . .. ... ... ... .......... 55
4.2.2 Feature Aggregation . . . . . . . . . . ... 56
423 PointDecoder. . . . . . . .. ... 59
43 Experimental Setup . . . . . . . ... 60
431 Datasets . . . . . ..o e e e e e 60
4.3.2 Implementation Details . . . . . ... ... ... .. ........... 60
44 Results. . . . .. 61
4.4.1 Overall Performance . . ... ... ... ... ... .. .. .. ..., 61
442 Inference Latency . . . . . . . . . .. ... 63
443 AblationStudy . . . ... ... 64
4.5 Limitations and Future Work . . . . . .. ... ..o oo oL 65
4.6 Conclusion . . . . .. . ... e 66

SOAP: Cross-sensor Domain Adaptation for 3D Object Detection Using Stationary

Object Aggregation Pseudo-labelling 67
5.1 Introduction . . . . . . . . . . . .. e e e 67
5.2 Method . . . . . . e e 70



5.2.1 Scene-level Full-sequence Aggregation . . . . ... ... ........ 71

5.2.2  Quasi-Stationary Training . . . . . . . . ... ... ... . ... .. 72

5.2.3 Spatial Consistency Post-processing . . . . . . . ... ... ....... 74

5.24 SOAPPseudo-labels . . . . . ... ... ... ... 74

5.3 Experimental Setup . . . . . . . . ... 75
531 Datasets . . . . . ... 75

532 PomtCloudInput. . . . . .. .. ... 76

5.3.3 Implementation Details . . . . . ... ... ... ... ... ... ... 76

534 Evaluation . . . ... .. 77

54 Results. . . . . oL e 77
5.4.1 Unsupervised Domain Adaptation . . . . . .. ... ... ........ 77

5.4.2 Semi-supervised Domain Adaptation . . ... ... ... .. ...... 80

543 Speed Analysis . . . . . ... 82

5.4.4 Qualitative Results . . . . . . . .. ... .. 82

5.4.5 AblationStudy . . . . ... 84

5.5 Limitations and Future Work . . . . . . .. .. ... oo oo 84

5.6 Conclusion . . . . .. L e 87

6 Discussions and Conclusion 88
References 91

X1



List of Figures

2.1

2.2

2.3

24

2.5

2.6

2.7

2.8

29

2.10
2.11

3.1

An overview of different LiDAR ranging mechanisms. . . . .. . ... ... .. 8
An overview of different LIDAR imaging architectures. . . . . . . ... ... .. 9

An example of a LIDAR point cloud with two returns from the Waymo dataset [218].
The blue points correspond to the first (primary) return, and the red points are
fromthe secondreturn. . . . . . .. ... Lo 11

Data collection platforms, sensor configurations, and sample camera and LiDAR

data from the KITTI (top), nuScenes (middle), and Waymo (bottom) dataset. . . . 12
Projection-based methods compared to early multi-view projection methods for

3D shape classification. Renders in (a) are adapted from [217]. . . . . . ... .. 17
Voxel-based methods using 3D (submanifold) 3D convolutions. . . . . . . .. .. 19

Standard convolution activates previously empty pixels (submanifold dilation),
while submanifold convolution preserves the sparsity of the data. Visualizations

are adapted from [71] . . . . . . ... 19
Point-based point cloud processing methods. . . . . . . . ... ... ... 21
VoxelNet/SECOND object detection pipeline. Subsequent works largely follow

this modular design with different improvements. . . . . . . ... ... ... .. 24
3D object detection evaluation. . . . . . . . ... L. 28

The U-Net architecture commonly used in 3D semantic segmentation methods.
Depending on the input representation, the encoder and decoder blocks can be
CNN-based or point-based. . . . . . . . . .. .. ... ... .. . 29

Performance trade-off between stationary (<0.2m/s), slow ([0.2,10) m/s), and

fast (10 m/s) vehicles. The relative AP in (c) illustrates the improvement/degradation
relative to using 3-frame fixed aggregation. (a) and (b) are examples of stationary

and fast-moving vehicles after 16-frame fixed aggregation. . . . . .. ... ... 35

Xii



3.2
33

34

3.5

4.1

4.2

43
4.4

4.5

4.6

4.7

5.1

5.2

An example of the 7 function computed with two factors: speed and density. . . . 38

Qualitative results comparing 3-frame and 16-frame fixed aggregation with VADet.
Red and green bounding boxes are ground truth and predictions, respectively.

Predictions are filtered with 0.5 confidence threshold for visual clarity. . . . . . . 46
AP vs. the number of frames for stationary (<0.2 m/s), slow ([0.2,10) m/s), and
fast-moving (>10m/s) vehicles. . . . . . . .. .. ... ... oL 47

AP vs. the number of frames for sparse (<2 pts/m?), medium ((2,100] pts/m?),
and dense (>100 pts/m?) dynamic vehicles. . . . .. .. ... ... .. ..... 48

Relative mIoU improvement between various levels of multi-frame point cloud
concatenation and single-frame input. Performance are evaluated using a Sparse-
UNet [72] on the Waymo dataset [218]. . . . . .. ... ... ... ....... 54

Inference time of PTv3 [267] and MFSeg under a range of point cloud sequence
length on the nuScenes dataset [20] (left) and Waymo dataset [218] (right).
PTv3-ds denotes that the point cloud is downsampled using a voxel-grid with
size 0.05 m?, while PTv3 is evaluated with minimum input downsampling. . . . . 55

An overview of the proposed MFSeg architecture. . . . . . .. ... ... .... 56

The feature association process (Section 4.2.2). Previous frame LFE features
first undergo ego-motion correction, then are jointly voxelized with the current
frame features to establish association. Features that cannot be associated are
paired with the zerovector 0. . . . . . . . .. .. ... .. 58

The proposed training scheme and auxiliary loss for the LFE and the feature
AZEIEZALOL. . . . . . L i e e e e e e e e e e e e e e 59

Segmentation results from PTv3 (left) and MFSeg (right). PTv3 misclassifies a
partially occluded bicycle along with nearby background points as motorcycle
(blue), while MFSeg accurately identifies the points belonging to the bicycle (red). 63

A breakdown of the latency of each componentin MFSeg. . . . . .. ... ... 64

Scan lines are evident in point clouds when only few input frames are used (a,b),
appearing as obvious modes in CDF plots that largely differ because of the modes
(c). Aggregating many more frames removes visible scan lines (d,e) and makes
CDFs for similar objects in different datasets more alike (f) . . . . . . ... ... 68

Overview of Stationary Object Aggregation Pseudo-labelling (SOAP) pipeline. . 70

xiil



5.3

54

5.5

5.6

Example of a point cloud generated by SFA. Dynamic objects are distorted while
stationary objects are densified. . . . . . ... ... L

Example of a quasi-stationary object. This object reached a maximum speed of
1.4 m/s with a total displacement of 3.9 m, and thus would be eliminated by naive
filtering. . . . . . . ..

Examples of pseudo-labels generated by different methods in nuScenes — Waymo
unsupervised domain adaptation setting, and the corresponding ground truth la-
bels. Green represents true positive pseudo-labels, orange represents false posi-
tive pseudo-labels, and red represents false negative pseudo-labels. . . . . . . . .

Examples of pseudo-labels generated by different methods in nuScenes — Waymo
semi-supervised domain adaptation setting. Green represents true positive pseudo-
labels, orange represents false positive pseudo-labels, and red represents false

negative pseudo-labels. . . . . .. ... Lo L

Xiv

86



List of Tables

3.1

32

33

34

3.5

3.6

3.7

3.8
3.9

4.1
4.2
4.3

Vehicle AP of a VoxelNeXt [33] detector trained with separate fixed configura-
tions and RAT, evaluated with different input aggregations. . . . . .. ... ...

Dynamic vehicle AP of a CenterPoint model on the Waymo dataset using differ-
ent subset evaluation metrics. . . . . . . . ... Lo

Overall vehicle AP on the Waymo validation split. The best performance is in
bold and the second bestisunderlined. . . . . ... ... ... 0000

Overall vehicle performance on the Waymo validation split compared with SOTA
multi-frame detectors. The best performance according to APH is highlighted in
bold and the second bestis underlined. . . . . . . .. ... ... 00 L.

Overall vehicle performance on the Waymo test split compared with other meth-
ods (without TTA or ensemble). The best performance according to APH is
highlighted in bold and the second best is underlined. . . . . . . ... ... ...

Vehicle AP breakdown by speed. The best performance is highlighted in bold
and the second best is underlined. . . . . .. ... ... ... ... ...,

Dynamic vehicle AP performance breakdown by point cloud density. The best
performance is highlighted in bold and the second best is underlined. . . . . . . .

The percentage of Waymo vehicles in each speed-density subcategory. . . . . . .

AP performance breakdown by speed and point cloud density. The best perfor-
mance is highlightedinbold. . . . . . . ... ... ... ... ... ... ... .

Results on the nuScenes validation split. . . . . . . .. ... ... ... .....
Results on the Waymo validation split. . . . . . . . ... ... ... ... ....

Ablation study on the NuScenes validation split without TTA. . . . . . ... ..

XV

36

45



5.1

5.2

5.3

54

5.5

5.6

5.7

5.8

Degradation (A) w.r.t. in-domain performance of SOTA detector VoxelNeXt [33]
in Waymo <> nuScenes cross-sensor setting. Increasing the number of aggre-
gated frames improves over single-frame input, but there is still a substantial
performance gap. . . . . . . .. ... 69

Unsupervised domain adaptation results for nuScenes — Waymo, where Waymo
datasetisunlabelled. . . . . ... ... ... oo oo o 79

Unsupervised domain adaptation results for Waymo — nuScenes, where nuScenes
dataset is unlabelled. The percentages represent the amount of the Direct—Oracle
domain gapclosed. . . . . . . ... L 79

Semi-supervised domain adaptation results for nuScenes — Waymo, where 1%
of Waymo data is labelled. The percentages represent the amount of the Direct—
Oracle domain gapclosed. . . . . . .. ... ... ... ... ... ... ... . 81

Semi-supervised domain adaptation results for Waymo — nuScenes, where 1%
of nuScenes data is labelled. The percentages represent the amount of the Direct—
Oracle domain gapclosed. . . . . . . . . .. .. ... ... .. ... ...... 81

Unsupervised domain adaptation results for nuScenes — Waymo, where Waymo
dataset is unlabelled, split based on object speed. The percentages represent the
amount of the Direct—Oracle domain gapclosed. . . . . .. ... ... .. ... 83

Semi-supervised domain adaptation results for nuScenes — Waymo, where 1%
of Waymo data is labelled, split based on object speed. The percentages represent
the amount of the Direct—Oracle domain gapclosed. . . . . . ... .. ... ... 83

Ablation study results for nuScenes — Waymo unsupervised domain adaptation.
The percentages represent the amount of domain gap closed relative to the 5-
frame baseline detector. . . . . . . .. ... 84

XVvi



Chapter 1

Introduction

Since the early days of automobiles, people have envisioned a future with autonomous vehicles
that can safely take us wherever we wish with the press of a button. From Isaac Asimov’s 1953
novel Sally, featuring an “automatobile” with sentient positronic motors [$], to the vision of a
driverless highway in General Motors’ 1956 short film Key fo the Future [171], the dream of a
fully autonomous future is driven not only by the desire for convenience but more importantly,
by the pursuit of safety. In 2022, an estimated 5.93 million motor vehicle accidents occurred in
the United States alone [243]. A recent survey suggests that 94% of the crashes can be traced
back to driver-related issues, with the majority cases caused by recognition and decision-making
errors [214, ]. It is easy to imagine that with more advanced perception and decision-making
systems, these driver-related accidents could be significantly reduced. As Sally’s editor put it,
“this leaves us but one answer: make cars more intelligent than their drivers!” [&]

While our vehicles today, or any artificial intelligence for that matter, have yet to gain sen-
tience like Asimov’s murderous automatobiles, we have come much closer to the driverless fu-
ture that previous generations envisioned. Initiatives such as the 1985 DARPA program on au-
tonomous land vehicles, along with pioneering projects like Ernest Dickmann’s VaMoRs [49]
and CMU’s Navlab [234], have driven the rapid development of autonomous driving with grow-
ing interest from both industry and academia. Thanks to the recent advances in machine learn-
ing [1 11] and in-vehicle Al hardware like NVIDIA DRIVE [41], the development and deploy-
ment of autonomous driving technologies have been accelerated to an unprecedented scale. What
began as early testbeds capable of simple road following in the 1980s [234] has evolved into rob-
otaxis driving alongside human drivers in complex real-world environment [149]. It is clear that
self-driving is no longer confined to research labs with controlled testing environments but must
now adapt to dynamic real-world settings.



To meet the growing demand and complexity of the driving conditions, the software that
powers autonomous driving has grown significantly in complexity. It has progressed from the
handcrafted classical algorithms [49] and simple neural networks with only a few layers [235], to
today’s highly intricate systems consisting of dozens of components and hundreds of thousands
lines of code [241]. A traditional autonomous driving system (ADS) can be broken down into
four components: (i) perception, (ii) prediction, (iii) planning, and (iv) control/actuation. Percep-
tion can take many forms, including object detection and semantic segmentation. Its main goal
is for the ADS to perceive the environment and identify obstacles or other road users. Prediction
involves predicting the future trajectory or occupancy states of other road users. The planning
algorithm then determines the ego vehicle’s future trajectories based on the current and future
states. Finally, the control system is responsible for executing the planned trajectory.

In recent years, as deep learning-based methods started to outperform and replace traditional
components, end-to-end ADS has started to gain traction [26]. Unlike the traditional architec-
ture, where components are designed separately and handcrafted data (such as object bounding
boxes) is used as input for downstream tasks, the end-to-end paradigm uses a differentiable ar-
chitecture that takes sensory input and directly outputs planned trajectories or control signals.
This has the potential to simplify software design, as evidenced by Tesla’s recent shift to an end-
to-end architecture, which reportedly eliminates a large portion of the codebase [241]. However,
this simplicity comes with a trade-off: ensuring the safety of an end-to-end ADS remains a chal-
lenge, as individual components can no longer be tested independently. Currently, both architec-
tural paradigms are in use across the industry. For example, Waymo employs a more traditional
architecture, while Tesla’s new FSD system has transitioned to an end-to-end design.

Regardless of the paradigm adopted, perception is a critical component for the overall per-
formance of an ADS. Current ADS systems often employ a variety of sensors to perceive and
interpret the environment, primarily camera, radar, and LiDAR. These sensors complement each
other, covering a wide range of driving conditions.

Cameras provide high-definition and often colored images of the environment. They closely
resemble human vision and are excellent at capturing object details. Because of this, compa-
nies like Tesla have favored a vision-only approach when designing their ADS, relying solely on
camera input. However, due to the 3D-to-2D image projection, depth information is inevitably
lost. While a stereoscopic setup or data-driven method can offer estimates [226, ], accurately
recovering 3D information from camera images alone remains a challenging problem. Addi-
tionally, as a passive sensor, camera performance can degrade significantly in environments with
poor visibility (e.g., fog) or low illumination.

Radar is an active sensor that provides direct measurements of range and relative speed by
analyzing the delay and frequency shift between the transmitted and received signal. It typically



has a long operating range and excels in challenging weather conditions, such as fog, rain, and
snow, because the millimeter wave is capable of penetrating these elements. However, radar data
tends to have lower resolution and is typically integrated with other sensors like cameras and
LiDAR to provide a more comprehensive understanding of the environment.

LiDAR, which stands for Light Detection And Ranging, is an active sensor that operates on
similar principles to radar, but uses optical signals (typically infrared lasers) rather than millime-
ter radio waves. Compared to camera and radar, LiDAR provides high-resolution, accurate 3D
range measurements, making it essential for safety-critical applications like autonomous driving.

3D object detection and semantic segmentation are two common perception tasks using Li-
DAR data. The goal of 3D object detection is to localize and classify objects in the scene using
LiDAR point clouds. 3D rotated bounding boxes are used to represent the location, size, and
orientation of objects. Most publicly available self-driving datasets [69, ] include the three
primary types of road users: vehicles, pedestrians, and cyclists. Some datasets provide more
fine-grained categories [20), 25, 26 1] as well as rare object types such as horse and buggies [181].
In semantic segmentation, each point in the point cloud is classified. In addition to the object
types shared with the 3D object detection task, semantic segmentation typically includes different
types of surfaces, vegetation, and other structures such as buildings.

In the autonomous driving setting, LiDAR data is typically collected continuously at 10—
20 Hz. While the aforementioned perception tasks can be performed on each LiDAR point cloud
independently, the sequential nature of the scans offers opportunities to improve perception per-
formance. One common approach to take advantage of this sequential data is by concatenating
consecutive LiDAR point clouds after ego-motion correction, which we refer to as point cloud
aggregation in this thesis. While many methods have adopted this simple technique, several
challenges remain, and the applications of point cloud aggregation have not been fully explored.

In response to the existing challenges and to advance multi-frame perception methods, we
consider the following three research problems and make the corresponding contributions:

(i) Addressing the performance trade-offs in multi-frame 3D object detection

In 3D object detection, the length of the point cloud sequence introduces inherent perfor-
mance trade-offs, particularly between static and dynamic objects. Specifically, aggregat-
ing longer sequences improves static object detection but degrades dynamic object perfor-
mance, results in diminishing returns or even degradation in the overall performance of the
3D object detector. This effect has been observed in several existing works [30, ] but
has not been adequately addressed to the best of our knowledge.

In the first part of the thesis (Chapter 3), we investigate this trade-off and present a novel
method, “VADet: multi-frame 3D object detection with variable aggregation.” We ana-
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(ii)

(111)

lyze three representative object detection architectures with different backbone designs and
demonstrate that this trade-off is present across all of them. Based on our findings, we
propose variable aggregation as an alternative point cloud aggregation method, where the
amount of aggregation each object receives is adaptively determined based on the object’s
properties. We conduct extensive experiments to show that VADet is architecture-agnostic,
effectively addresses the performance trade-off, and achieves state-of-the-art results.

VADet is part of the following publication:

Chengjie Huang, Vahdat Abdelzad, Sean Sedwards, Krzysztof Czarnecki. VADet: Multi-
frame LiDAR 3D Object Detection using Variable Aggregation. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision (WACV). 2025.

Addressing the computational challenges in multi-frame semantic segmentation

In 3D semantic segmentation, point-based point cloud processing with transformer back-
bone has recently demonstrated SOTA performance with the introduction of point trans-
formers [2606, , ]. However, these models have not been well-explored in the multi-
frame setting. Due to the computational cost of attention operations, they often scale poorly
when aggregating multiple frames.

In the second part of the thesis (Chapter 4), we propose a multi-frame method, MFSeg, to
enhance the SOTA point-based transformer model PTv3 [267]. To improve computational
efficiency, we introduce several modification to the original architecture. Additionally,
we propose an aggregation technique in the feature space by establishing an equivalence
between input point cloud concatenation and feature space aggregation. We develop a
novel aggregator design and a training strategy to support this equivalence. Experiments
are conducted on multiple datasets to demonstrate the effectiveness of MFSeg.

MFSeg is part of the following publication:

Chengjie Huang, Krzysztof Czarnecki. MFSeg: Efficient Multi-frame 3D Semantic Seg-
mentation. To appear in [EEE International Conference on Robotics and Automation
(ICRA). 2025.

Exploring the use of long sequences for cross-sensor domain adaptation

Pioneered by Offboard 3D [187], which established offline detection (also referred to as
pseudo-labeling or auto-labelling) as an applications of long sequence aggregation, many
subsequent works have refined and built upon this idea [01, , ]. However, these
methods typically utilize full sequence information only at the object level for prediction re-
finement. Moreover, other applications have not been explored outside of pseudo-labeling.

In the final part of the thesis (Chapter 5), we explore a novel application of long sequence
for cross-sensor domain adaptation, and propose “SOAP: Cross-sensor Domain Adapta-
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tion for 3D Object Detection Using Stationary Object Aggregation Pseudo-labeling.” We
observe that point cloud aggregation can reduce the distinct LIDAR scan patterns unique
to each sensor, mitigating the domain gap that often leads to performance degradation.
To this end, we propose the use of full sequence aggregation at the scene level. A novel
training strategy and post-processing technique are developed to address the unique chal-
lenges associated with the full sequence aggregation and further improve performance. We
perform a comprehensive evaluation to demonstrate that SOAP not only produces high-
quality pseudo-labels for the target domain, but also enhances existing unsupervised and
semi-supervised domain adaptation methods.

SOAP is part of the following publication:

Chengjie Huang, Vahdat Abdelzad, Sean Sedwards, Krzysztof Czarnecki. SOAP: Cross-
sensor Domain Adaptation for 3D Object Detection Using Stationary Object Aggregation
Pseudo-labelling. In Proceedings of the IEEE/CVF Winter Conference on Applications of
Computer Vision (WACV). 2024.

In the remainder of the thesis, we will first present background information on relevant topics
and review related works in Chapter 2. The three methods are then introduced in Chapters 3 to 5.
Finally, the discussions and conclusion follow in Chapter 6.



Chapter 2

Background and Related Work

In this chapter, we provide a comprehensive overview of the background and related work in Li-
DAR and LiDAR-based perception. We begin with an introduction to the basics of LiDAR sen-
sors in section 2.1. In section 2.2, we summarize existing LiDAR-equipped autonomous driving
perception datasets, which are essential resources for training and evaluating perception models.
Next, in section 2.3, we introduce deep learning methods for point cloud data. They serve as fun-
damental building blocks for the more complex LiDAR-based perception tasks. Specifically, we
review existing works for 3D object detection and semantic segmentation, detailed in section 2.4
and section 2.5, respectively. In section 2.6, we present related works on multi-frame / sequential
LiDAR perception, which often extend traditional single-frame methods. Finally, in section 2.7,
we introduce the challenges and existing approaches in domain adaptation for LIDAR data.

2.1 LiDAR Sensor

LiDAR is an active sensing technology that provides precise and direct range measurement us-
ing lasers. It has proven valuable in a wide range of applications including agriculture, forestry,
survey and mapping, and more recently, robotics, including autonomous driving. LiDAR sen-
sors can employ different ranging mechanisms, use various imaging architectures, and produce
different types of returns. These different aspects will be introduced in this section.



2.1.1 LiDAR Ranging Mechanisms

On a high level, a LiDAR system measures the range to a target by emitting a laser beam directed
at the target, detecting the reflected beam, then calculating the range based on the signal delay.
This process relies on various signal processing techniques, each offering different trade-offs
in range, precision, and robustness in real-world applications. Existing LiDAR systems can be
categorized into three types: Pulsed/Time-of-Flight (ToF), Amplitude-Modulated Continuous-
Wave (AMCW), and Frequency-Modulated Continuous-Wave (FMCW).

Pulsed / Time-of-Flight (ToF) LiDAR

ToF is a simple technique for LiDAR ranging. As illustrated in Figure 2.1(a), a pulsed/ToF

LiDAR uses a pulsed laser signal, where the laser emitter sends out pulses of light for the receiver

to detect. After detection, the ToF of the light pulse can be measured and the range can be

determined. Specifically, the distance to target d is a function of the ToF At and the speed of
light c: A
c- At

d= 5 2.1

A ToF LiDAR often has a long range thanks to the high energy laser pulse, making it suitable

for autonomous driving where objects often need to be identified ahead of time. However, since

the detection is entirely contained in a single pulse, interference from other LiDAR operating in

the vicinity [105] or adversarial systems such as LiDAR spoofers [22, 23, , ] remains a

challenge. Noteable developers of these LiDAR systems include Velodyne [247], Ouster [99],

and Hesai [229]. Autonomous driving companies like Waymo [148] and Aeye [94] also devel-

oped proprietary LiDAR systems based on this method.

Amplitude-Modulated Continuous-Wave (AMCW) LiDAR

AMCW LiDAR uses a continuous wave with varying intensities. When a continuous AM signal
is received, the phase shift Ay between the transmitted signal and the received signal can be
determined via signal correlation, as shown in Figure 2.1 (b). Given the known frequency of the
amplitude modulation f, the distance to target is given by:

c-Ap
d= : 2.2
rer 2.2)
AMCW LiDAR can be efficiently implemented in compact designs [103, ] as signal in-

tensity can be easily modulated with change in current. Similar to ToF systems, AMCW LiDARs
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Figure 2.1: An overview of different LIDAR ranging mechanisms.

with simple sinusoidal or sawtooth modulation are also susceptible to mutual interference [90].
Random-Modulated Continuous-Wave (RMCW) [221] is an amplitude modulation technique
that can alleviate this problem. In RMCW, the amplitude is modulated using a pseudo-random
bit sequence (PRBS), as illustrated in Figure 2.1 (b). As the PRBS code is random and can be
changed dynamically, RMCW has been shown to greatly reduce interference from other sys-
tems [90]. Baraja’s proprietary Spectrum-Scan is a noteable example that capitalizes on this
technique [183].

Frequency-Modulated Continuous-Wave (FMCW) LiDAR

FMCW is a technique commonly used in Radar ranging, where a continuous signal is frequency-
modulated. This allows the LiDAR system to not only determine the range, but also measure the
Doppler speed of the target. As illustrated in Figure 2.1 (c), the transmitted signal is chirped, and
the received signal from a distant moving object will be shifted both in frequency and in time.
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Figure 2.2: An overview of different LIDAR imaging architectures.

After mixing with the original reference signal, the beat frequencies f,, f4 can be identified to
determine the range and relative speed of the target:

_C'T fu+fd o c fu_fd
a=C T ht s V=55
AB 9 2, 2

. (2.3)

While early FMCW research focuses on short-range, high-precision applications [13], re-
cent advancements in LiDAR technology has enabled long-range FMCW LiDAR systems de-
signed for robotic applications. Several emerging LiDAR manufacturers, such as SiLC [212],
Aeva [93], and Baraja [151], as well as autonomous driving companies, like MobileEye [97] !
and Aurora [95], have all developed FMCW LiDAR systems to bring the speed measurement
capability to autonomous driving.

2.1.2 LiDAR Imaging Architectures

In addition to ranging techniques, LiDAR sensors vary significantly in how they handle imaging.
Different architectures and configurations produce distinct scan patterns, which can influence the
performance of downstream perception tasks, including those studied in this thesis. The method
introduced in Chapter 5 aims to address the domain gap caused by the point clouds collected
using different sensors.

Existing LiDAR sensors for automotive can be broadly categorized into two main types:
flash and beam-steering/scanning LiDAR. A flash LiDAR illuminates the entire environment,
as illustrated in Figure 2.2 (a), and a photodiode array is responsible for producing fine-grained
range measurements within the LiDAR’s FOV. However, since the laser power is distributed
over the entire scene, they are often limited in range and resolution compared to the beams-
steering alternative [ 13, ]. Beam-steering/scanning LiDARSs cover the FOV by procedurally
scanning the environment, using various mechanisms to steer the laser beam (and in some cases

! At the time of writing, MobileEye has ended their internal FMCW LiDAR development. [96]
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the receiver as well) (Figure 2.2 (b)). This can be achieved mechanically or through solid-state
solutions.

Mechanical LiDARs (Figure 2.2 (c)) steer the laser beam by altering the optical paths using
moving parts, such as rotating mirrors (e.g., Hesai AT series [230]) or moving the entire LiDAR
assembly (e.g., Velodyne HDL series [246]). These systems often offer a large horizontal FOV,
up to 360 degrees, making them common in autonomous driving applications. The datasets used
in this thesis are collected using mechanical LIDARs mounted on the top of the vehicle, granting
a full view of the surrounding environment.

In contrast, solid-state beam-steering LiDARs have no moving components to direct the laser
beam. In these systems, beam-steering can be achieved through micro-electromechanical sys-
tems (MEMYS) or optical phased array (OPA). MEMS-based LiDARs use electromechanical mir-
rors to direct light (Figure 2.2 (d)), while OPA-based LiDARSs rely on phase interference within
an optical phased array to steer the laser beams (Figure 2.2 (e)). Solid-state solutions are often
more responsive and less prone to mechanical failure. However, they generally have a more lim-
ited FOV compared to mechanical systems. Many emerging LiIDAR manufacturers have started
to adopt solid-state technology, such as Aeva’s Atlas [93] and Baraja’s Spectrum-Scan [183].

2.1.3 LiDAR Returns

A LiDAR sensor provides a 3D coordinate for each laser pulse, determined by the azimuth,
elevation, and corresponding range measurement. Commonly, intensity/reflectivity is recorded
for each point to represent the reflectiveness of the target. For FMCW LiDAR systems, per-point
velocity can be directly obtained in the same cycle, while ToF systems may require multiple
measurements of the same location or rely on scene flow estimation to compute velocity. For
pulsed/ToF LiDAR, certain models can also provide elongation, which measures the width of
the received laser pulse relative to the normal width of the transmitted signal. This can help
provide insights into the texture and transmittance of the target [218].

Each laser beam emitted by the LiDAR diverges over distance, creating a non-negligible
cross-section and a small FOV. For example, the Velodyne HDL-64E LiDAR’s laser can cover a
15cmx2cm region at 30 m [246]. As a result, each laser beam can be intercepted by multiple
targets, producing multiple return signals. Recent LiDAR systems are often capable of reporting
multiple returns per laser, commonly the strongest, first, or last return, which increases the num-
ber of points per scan. The Waymo dataset [2 18], which will be used extensively in this thesis,
employs multiple returns to aid in various perception tasks. An example of a point cloud with
two returns can be seen in Figure 2.3.
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Figure 2.3: An example of a LiIDAR point cloud with two returns from the Waymo dataset [218].
The blue points correspond to the first (primary) return, and the red points are from the second
return.

2.2 LiDAR Perception Datasets for Autonomous Driving

With the growing interests in autonomous driving, several public datasets have been collected
with LiDAR-equipped vehicles. In this section, we will take an in-depth look at three datasets:
KITTI [69], nuScenes [20], and Waymo [218]. The nuScenes and Waymo datasets are used
extensively in this thesis, while the KITTI dataset is included to provide context for the develop-
ment of other datasets. Other notable datasets will be briefly mentioned, as they are not directly
relevant to the work presented in this thesis.

2.2.1 KITTI Dataset

The KITTI dataset [69] is one of the first publicly available dataset for autonomous driving
applications. Initially released in 2012, the KITTI dataset is collected in Karlsruhe, Germany.
The KITTI data collection vehicle features four front-facing cameras in a stereoscopic setup
and a top-mounted mechanical spinning LiDAR (Velodyne HDL-64E) operating at 10 Hz. This
configuration provides the vehicle with a 90-degree camera field of view (FOV) and 360 degrees
of 3D vision. This allows KITTI to establish a wide range of benchmarks for general computer
vision tasks such as visual odometry, object/scene flow [ 166], and depth estimation [240], as well
as scene understanding tasks including object detection, tracking, and semantic segmentation [!].

The KITTI 3D object detection benchmark uses a subset of the dataset consisting of 7,481
training samples and 7,518 test samples with held-back ground truth. Car, pedestrian, and cyclists
are annotated with 3D rotated bounding boxes, covering three major types of road users within
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Figure 2.4: Data collection platforms, sensor configurations, and sample camera and LiDAR data
from the KITTI (top), nuScenes (middle), and Waymo (bottom) dataset.

the dataset. Since the annotations are based on the front-facing cameras, only objects within the
camera’s POV are annotated. In total, there are around 200,000 annotations in the KITTI dataset.
However, due to its relatively small size and limited FOV, recent works on 3D object detection
have increasingly favored modern, large-scale datasets, two of which are featured later in this

thesis.

SemanticKITTI [12] is proposed to extend the KITIT dataset for the 3D semantic segmen-
tation task. It provides point cloud semantic annotations for the KITTI odometry dataset and is
considerably larger than the 3D object detection subset, with 23,201 training samples and 20,351
test samples. To efficiently and consistently annotate the point clouds, SemanticKITTTI utilizes
SLAM to obtain the poses and aligns the point clouds in each sequence. Manual labelling is then
performed on the aggregated point cloud consisting of multiple scans. This process is similar to
our proposed pseudo-labelling method SOAP that will be introduced in Chapter 5.

While not used in the experiments of this thesis, the KITTI dataset is instrumental in advanc-
ing perception research for autonomous driving applications and in the development of the other
datasets introduced later.
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2.2.2 nuScenes Dataset

The nuScenes dataset [20] developed by nuTonomy 2 in 2019 is a considerably larger dataset
than the KITTI dataset. It was collected in two separate locations, Boston, USA, and Singapore,
providing greater variety, including left-hand driving scenarios.

The nuScenes data collection platform includes a surround camera setup consisting of six
cameras, five radar sensors, and a top-mounted mechanical spinning LiDAR (Velodyne HDL-
32E) operating at a higher 20 Hz. However, the Velodyne HDL-32E has a lower vertical resolu-
tion of only 32 laser beams, compared to KITTI’s 64-beam LiDAR. The resulting point cloud is
consequently much sparser, as can be seen in Figure 2.4. On average each LiDAR point cloud
in the nuScenes dataset has 34K points, significantly less than the KITTI dataset (120K) and
Waymo dataset (177K). This presents a unique challenge for the LiIDAR-based perception tasks
considered in this thesis.

The nuScenes dataset contains 1,000 sequences, with 750 sequences designated for train-
ing, 150 for validation, and the remaining 150 for testing with no ground truth available. Each
sequence lasts approximately 20 seconds and is collected at a data rate of 20 Hz, resulting in
roughly 400 samples per sequence. From each sequence, 40 key frames are selected uniformly
and annotated, totaling to around 40K annotated LiDAR point clouds for training and testing.
The nuScenes dataset provides annotations for 23 fine-grained classes with 1.4 million 3D bound-
ing boxes, making it significantly larger and more comprehensive than the KITTI dataset.

The nuScenes dataset hosts benchmarks for variety of tasks with a stronger focus on au-
tonomous driving applications than the KITTI dataset. These include 3D object detection, track-
ing, trajectory prediction, 3D semantic and panoptic segmentation. For the 3D object detection
task, 10 classes are used for evaluation: car, truck, bus, trailer, construction vehicle, pedestrian,
motorcycle, bicycle, traffic cone, and barrier. To enable more comprehensive performance evalu-
ation of 3D object detectors, nuScenes uses a range of evaluation metrics, which will be detailed
in Section 2.4.3. For the 3D semantic segmentation task, each method is evaluated on an addi-
tional 6 classes to include both objects and background features: terrain, vegetation, driveable
surface, sidewalk, manmade, and other flat surfaces.

2.2.3 Waymo Open Dataset

The Waymo Open Dataset [2 ] 8], also known as WOD or simply the Waymo dataset, is developed
by Waymo and released in 2019. It is collected in three U.S. cities: Phoenix, Mountain View,
and San Francisco, and provides a diverse set of driving conditions.

2 After a number of acquisitions and merging, nuScenes is now managed by Motional, Inc.
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The Waymo dataset is collected using the Waymo Driver, an autonomous driving platform
developed in-house by Waymo. The vehicle is equipped with five cameras that cover 230 degrees
of the front, although the rear of the vehicle is not covered by any camera. The Waymo Driver
uses multiple proprietary LiDAR sensors, including one mechanical spinning LiDAR mounted
on the top and four short-range LiDARs mounted around the vehicle to cover the blind spot.
The top-mounted LiDAR, similar to the one used in the KITTI dataset, has 64-beam vertical
resolution and operates at 10 Hz. Together with the four short-range perimeter LiDARs, this
configuration provides more comprehensive coverage than the KITTI and nuScenes datasets, as
exemplified in Figure 2.4.

Waymo’s proprietary LiDAR has two unique features compared to the KITTI and nuScenes
datasets. First, in addition to intensity, each point has an elongation channel that reflects the
width of the laser pulse in the received optical signal. It is reported that an elongated return pulse
with low intensity often indicates spurious object. Second, Waymo’s LIDAR system supports
two returns, as explained in the previous section on LiDAR returns Section 2.1.3. As a result,
the LiDAR point clouds in the Waymo dataset are denser than those in the other datasets. These
features can be favorable in various perception tasks, but at the same time pose computational
challenges for real-time systems.

The Waymo dataset is slightly larger than the nuScenes dataset but much more densely an-
notated. It contains 1,150 sequences, each lasting 20 seconds, divided into 798 sequences for
training, 202 for validation, and 150 for testing, with no ground truth available for the test set.
The point clouds and images are collected at 10 Hz. Every point clouds (=200) in each sequence
is annotated with 3D bounding boxes, but the semantic segmentation annotations are available
at only 2 Hz for every five frames. In total, the Waymo dataset has 230K annotated frames with
12 million annotated 3D bounding boxes. This is more than 5x the number of annotated frames
and 8x the number of 3D bounding boxes compared to the nuScenes dataset, making Waymo
the largest of the three datasets.

The Waymo dataset is a popular benchmark for autonomous driving perception research
thanks to its size and ongoing support. Annual challenges are hosted on various tasks, including
3D object detection and 3D semantic segmentation. For the 3D object detection task, the dataset
provides annotations for vehicles, pedestrians, and cyclists. It is worth noting that the vehicle
class in the Waymo dataset includes all types of vehicles, from small motorcycles to large trucks
and buses, making it more challenging than other datasets. Like the nuScenes dataset, the Waymo
benchmark introduces a custom metric to more comprehensively evaluate different methods by
taking into account the bounding box headings, which will be discussed later in Section 2.4.3.

In 2024, Waymo introduced a 3D semantic segmentation benchmark, which includes more
fine-grained annotations than the 3D object detection task. This benchmark evaluates 23 classes,
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including small ground features such as curbs and lane markers. However, it is less popular than
the well-established SemanticKITTI and nuScenes benchmarks.

2.2.4 Other Datasets

Alongside the release of nuScenes and Waymo, many other datasets of varying sizes have been
developed by autonomous driving and automobile companies. Notable examples include the
ApolloScape dataset [161] by Baidu, the Honda 3D (H3D) dataset [ 1 76] by Honda, the LEVELS
dataset [104] by Lyft, the A2D2 dataset [70] by Audi, and the ONCE dataset [163] by Huawei.
Additionally, several research groups have released datasets aimed at autonomous driving re-
search, including KAIST’s multi-spectral dataset [91], the A*3D dataset [179], Argoverse [25]
and Argoverse 2 [261]. However, due to the lack of post-launch support (such as scripts for
dataset processing and evaluation) or a comprehensive benchmark for 3D object detection and
semantic segmentation, they did not gain as much traction for these tasks as the three datasets
discussed earlier.

To facilitate the development and evaluation of robust LiDAR-based perception methods,
some datasets focus on complex driving scenarios, such as the Indian Driving Dataset (IDD-
3D) [52], and challenging weather conditions. The pioneering Seeing Through Fog (STF)
dataset [ 18] presents a large amount of multi-modal with 3D bounding box annotations in mul-
tiple weather conditions. The SemanticSTF dataset [270] builds upon STF to support point
cloud semantic segmentation. The Canadian Adverse Driving Conditions (CADC) dataset [ 181]
focuses on snowy conditions of various intensities, with a recent extension (CADC+) intro-
ducing paired clear weather data to facilitate domain adaptation research [225]. The Waymo
dataset [148] also includes a domain adaptation benchmark that consists of a large amount of
unlabelled data collected in rainy weather.

2.3 Machine Learning from Point Cloud Data

To perform various perception tasks on LiDAR point clouds, deep learning is essential to achieve
state-of-the-art (SOTA) performance [185]. Over the years, numerous deep learning approaches
have been proposed to learn from point cloud data. Unlike tabular data or images, which are
structured and ordered, a point cloud is a unstructured and unordered set of points, making it
challenging to apply traditional deep learning methods. Existing works on point cloud learning
use different strategies to overcome this challenge, many of which serve as fundamental building
blocks for more complex architectures and challenging tasks. In this section, we will detail
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different strategies for point cloud learning and introduce seminal works that lay the foundation
for point cloud processing.

2.3.1 Projection-based

To address the challenges with processing 3D data, Su et al. [217] proposes a multi-view ap-
proach to project 3D shapes onto 2D images by rendering them from different viewpoints, as
illustrated in Figure 2.5 (a). It became popular for 3D shape recognition and retrieval as it al-
lows the use of standard 2D convolutional neural networks (CNNs) to process 3D data with
competitive performance. Many subsequent works build upon this concept with various im-
provements [27, 57, 65, 77, , , , , , , ]. While not designed for more
complex tasks, these methods pioneered the processing of 3D data using 2D architectures via
projection. For outdoor LiDAR scenes, projection-based methods have also been developed to
take advantage of the well-established 2D architectures. Two common types of projections are
the Birds-Eye View (BEV) and spherical projections.

Birds-Eye View (BEV) Projection

BEV-based methods project the 3D LiDAR point cloud onto the ground plane, eliminating the
height (often z) dimension. This representation exploits the fact that in the outdoor driving
setting, objects predominantly lie on the ground with little variation in their vertical locations.
To form a H x W BEV image, the point cloud [z y 2] € R? can be discretized into a 2D grid as
follows:

r:{w.gy C:{m.wJ, 2.4)

Ymax — Ymin Tmax — Tmin

where each cell at (7, c) represents the occupancy of that region. As shown in Figure 2.5 (b),
the resulting BEV image is often sparse, especially for faraway and occluded regions, with an
unbalanced density distribution. To address this, a polar coordinate alternative is proposed by
Zhang et al. [307], which has been adopted by recent work on point cloud segmentation [ 190,

1.

To preserve the 3D information from the original point cloud, BEV image typically in-
clude additional feature channels. These features can be hand-crafted, such as height and in-
tensity [283]. Alternatively, learned feature vectors can be used to encode the points within each
cell to form a 2D feature map (also called a pseudo-image) [67, , ]. Such methods are
sometimes referred to as pillar-based, since each pixel in the BEV feature map corresponds to a
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Figure 2.5: Projection-based methods compared to early multi-view projection methods for 3D
shape classification. Renders in (a) are adapted from [217].

vertical pillar in the 3D space. In these methods, a small trainable point-based network is often
used as the feature extractor, which will be discussed further in Section 2.3.3.

BEV projection offers two main advantages [283]. First, it preserves the metric space, mean-
ing that an object’s size relative to the environment remains consistent after the projection. There-
fore, a perception model does not need to learn size invariance, allowing it to better exploit object
size priors. Second, the BEV image provides an unobstructed view to each object since objects
generally do not overlap each other in the BEV view. These properties are in contrast to image-
based perception where faraway objects will appear smaller due to the projective transformation,
and occlusion between objects is common.

Due to these benefits, the BEV image is widely used in early 3D object detection [6, 10,

, , , , , ]. Many later methods incorporate camera images for more accurate

localization [29, , ]. While recent 3D object detectors have moved away from hand-

crafted BEV features, they still collapse the height dimension in the feature space and perform
detection on the resulting BEV feature map [33, , ].

Spherical Projection (Range Image)

Spherical projection is another commonly used technique for outdoor LiDAR point clouds. As
the name suggests, this approach quantizes the point clouds’ spherical coordinates into a 2D
range image, where the column represents the azimuth and the row represents the elevation (or
beam ID), as illustrated in Figure 2.5 (c). Specifically, for a LiDAR point cloud with horizontal
and vertical angular resolution Af and A¢, a point [z y z]" € R3 is projected onto the range
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image at row 7 and column c by:

arccos(z//x% + y? + 22) arctan(y/x)

Ad

Like BEV images, range images can encode multiple channels, including coordinates, range,
intensity, and potentially other point cloud features such as elongation.

The range image resembles the depth channel of a RGB-D camera image, but is not produced
by perspective projection. Consequently, there are often visual distortions as straight lines are
not preserved after the projection. Moreover, similar to image-based perception, occlusion and

size variation can occur in the range image, making it difficult to utilize size priors [17, ].
Finally, directly applying 2D CNNs on the range image cannot capture the spatial relationship
between the points, as adjacent pixels in the range image can be far apart in the 3D space [9, 58].

Nevertheless, range image offers a few advantages over BEV projection [262]. First, as the
range image corresponds to how a top-mounted spinning LiDAR scans the environment, it is
more compact and memory-efficient with few empty pixels. The Waymo dataset, for instance,
stores its LIDAR point cloud data in the range image format [218]. Additionally, since the range
value is encoded as a feature channel rather than a pixel location as in BEV, the size of the range
image is independent of the point cloud’s maximum range, making range-image-based methods
scalable to the emerging long range LiDAR systems.

Range image remains popular in LiDAR-based perception methods thanks to its compactness
and image-like appearance. Existing image-based meta-architectures can often be extended to
range image with many works on 3D object detection [9, 17,24, 58, 125, 135, , , 168,219,

, ] and point cloud segmentation [2, 4, 35, 45, , , , , , , , ]. In
addition to CNNSs, vision transformers have also been applied to range image [5, 73, ].

2.3.2 Voxel-base

Voxel-based methods transform the unstructured and unordered point cloud into a 3D voxel grid
via voxelization (Figure 2.6 (a)). This can be achieved by quantizing the location of the points
in the point cloud. Specifically, given a point with coordinate x € R? and a desired voxel size
d € R3, the corresponding voxel grid coordinate v is given by:

v = {%J , (2.6)

where X,,,;, 1S the minimum coordinate of the point cloud. The voxel grid is a natural 3D repre-
sentation that preserves spatial information. Similar to projection-based approach, a voxelized
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Figure 2.6: Voxel-based methods using 3D (submanifold) 3D convolutions.
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Figure 2.7: Standard convolution activates previously empty pixels (submanifold dilation), while
submanifold convolution preserves the sparsity of the data. Visualizations are adapted from [71]

point cloud can be processed using meta-architectures from image processing, such as Feature
Pyramid Network (FPN) [137] and U-Net [199], but with 3D convolutions.

While typically considered as an image with an extra dimension, the voxel grid introduces
two challenges: its size and the computation complexity of 3D convolution. First, voxel grids for
outdoor scenes can be much larger than images. Consider the voxelization of a 200 m x 200 m x
10 m region with a voxel size of 0.05 m, the resulting volume will contain 3.2 billion voxels, com-
parable to over ten thousands 640 x 480 images. Fortunately, each LiDAR scan only contains
100-200 K points [2 18], resulting in a highly sparse voxel grid. Therefore, outdoor scenes are
usually represented as sparse tensors with only the occupied voxels’ grid coordinates and feature
vectors [280]. The sparse convolution involves gathering the relevant features within the recep-
tive field and applying the appropriate kernel values [71], as illustrated in Figure 2.6 (b). This
improves both the memory and the computational efficiency as the empty regions are ignored.

Second, the standard convolution can drastically reduce the sparsity of the data, which wors-
ens the computational complexity in deep models. As shown in Figure 2.7 (a), convolution may
activate previously empty neighboring locations, a phenomenon known as submanifold dila-
tion [71]. To counter this, Graham and van der Maaten [7!] introduce a submanifold convo-
lution for sparse data. Instead of updating all neighboring locations, submanifold convolution
leaves previously empty locations unchanged (Figure 2.7 (b)), sacrificing a portion of the re-
ceptive field to preserve the sparsity of the data. Subsequent works further optimize the per-
formance of the 3D sparse convolutions on the algorithmic level [31, 122, 141, 175], software
level [38, 84, 223,224,280, 285], and hardware level [139, 140, 157, 158, 173, 259, 290].
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These advancements in sparse data processing and 3D convolution are pivotal for developing
voxel-based deep neural networks. While early shape recognition methods [19, , , ]
can rely on dense representation due to the small data size and simple network designs, sparse
representation and algorithms are essential for complex outdoor applications such as 3D object
detection [48, 78, 87, , , , , , , ] and point cloud segmentation [36, 38,

, 80, , , , , , ]. Attention-based voxel processing is another emerging area
that also benefits from these advances, with numerous transformer-based backbones proposed to
replace 3D CNNs [53, 59, 60, 62, 63, 79, 80, , , , , , ].

2.3.3 Point-based

Point-based methods directly process the point cloud without any transformation to a structured
representation. This approach preserves fine-grained geometric details and avoids quantization
errors inherent in projection and voxelization. The are three main approaches for learning directly
from point clouds: PointNet (MLP-based), graph neural networks (GNNs), and attention-based
point transformers.

PointNet / MLP-based

Qi et al. [185] pioneered the direct processing of point clouds with the introduction of PointNet.
A key challenge in point cloud learning is that the method needs to be permutation invariant
while allowing interactions between points. PointNet achieves this by first processing each point
independently using a shared multi-layer perceptron (MLP) and then aggregating the resulting
features using a symmetric function, such as max pooling or average pooling. More precisely,
given a point cloud with N points P = {x; € R3 | i =1,..., N}, the network f(P) is defined

as follows:
1Py =g ({hx) L, ) @7)

where h is a MLP and g is the symmetric function (Figure 2.8 (a)).

However, since the aggregation in PointNet is performed over the entire point cloud, it pri-
marily learns global features. This can limit its performance in large complex scenes where local
structures are important. To address this, the follow-up work PointNet++ [ 188] applies PointNet
recursively on local neighborhoods and extracts point features hierarchically, as shown in Fig-
ure 2.8 (d), allowing it to capture both local and global structures. Recently, Qian et al. [189]
systematically improve PointNet++ with better model scaling and training strategies, achieving
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Figure 2.8: Point-based point cloud processing methods.

SOTA performance. Building on this paradigm, subsequent works explore different convolution-
like operations on point clouds [232, , , ], and PointMLP [160] further introduces
residual connections to achieve better performance.

While a few methods directly apply PointNet to the more complex tasks, such as the Frustum-
PointNet [ 1 86] for 3D object detection, it is more commonly used as an encoder for pillar-based
BEV methods [67, , ] and voxel-based methods [252, , ] where the PointNet is
applied to points within each voxel partition, typically referred to as the voxel feature extractor
(VFE).

Graph Neural Networks (GNNs)

GNN is another permutation-invariant approach suited for processing unstructured point cloud
data. In this paradigm, a point cloud is considered as a graph G = (V, £), where the vertices
V represent points, and edges £ are typically established based on spatial proximity, such as k-
nearest neighbors (kNN). In each GNN layer, the feature vector z; of a vertex v; € V is updated
by aggregating information from neighboring vertices:

:L‘; =g ({h (Ih xj)}(i,j)€g> ) (28)

where h is a pair-wise function modeling the interaction between vertices and ¢ is a symmetric
aggregator. h and g can take on many forms as exemplified in [258]. Both conventional CNNs
and the PointNet as described in Equation (2.7) can be considered special cases of the GNN.

Dynamic Graph CNN (DGCNN) [258] is among the first method to directly process point
clouds using GNNss. It introduces EdgeConv to more effectively capture local structures by dy-
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namically recomputing the edges after each layer (Figure 2.8 (b)). DeepGCN [126] introduces
residual connections and normalization techniques to support deeper GNN networks. More re-
cently, the quasi-dynamic GNN (qDGNN) [174] is proposed to further reduce the computational
overhead resulting from the dynamic graph updates by limiting the graph re-computation after a
certain depth.

Several works have applied GNNs to complex tasks in outdoor scenes including 3D object
detection [81, , ] and point cloud segmentation [ 118, ]. However, the adoption of
GNN-based backbones in these applications is somewhat limited, potentially due to the relatively
high computational cost as well as the complexities in the implementation.

Point Transformers

The recent popularization of attention [245] has sparked a lot of interests in transformer-based
point cloud learning. These approaches utilize the self-attention to model interactions among
points while preserving permutation invariance. In the general form, given a set of feature vectors
X = {x;}, a self-attention layer updates each feature as follows:

vp= Y s(h(zi,x;)) - y(x)) (2.9)

ZjGX

where £ is a relation function, s is a normalization function (e.g., softmax) that converts the out-
put of A into attention weights, and -y is a learnable mapping such as a linear layer. In practice,
an additional positional encoding ¢§ is often added to the features. Attention can take many
forms [310]. For example, in scaled dot-product attention [245], h(x;, z;) = ¢(z;) ¥(z;)
where ¢ and 1 are both linear layers, and s(z) = Softmax(Z5) where d is the feature di-
mension. In natural language processing (NLP), the projections ¢(x;), ¢ (z;),y(z,) are con-
ventionally referred to as the query ), key K, and value V/, giving the familiar matrix form

' _ QKT
Attention(Q, K, V') = Softmax <\/E> V.

Point Cloud Transformer (PCT) [74] pioneered the use of scaled dot-product attention and
offset attention in point cloud processing. However, similar to PointNet [185], PCT computes
attention globally across all points, limiting its scalability to large point clouds. Point Trans-
former (PT) [311] instead adopts a vector/batch-wise self-attention and restricts the attention
computation to local neighborhoods, typically defined via kNN. Furthermore, PT uses a sym-
metric encoder-decoder design (U-Net) where downscaling is performed by farthest point sam-
pling (FPS) and upscaling by interpolation, which allows it to efficiently process large indoor
scenes. The follow-up version PTv2 [266] further improves the computational efficiency with
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the grouped vector attention, where attention weights are shared within groups, and partition-
based subsampling using voxelization instead of the more expensive FPS.

Neighborhood computation via kNN remains a computational bottleneck in these local at-
tention frameworks [267]. Recent approaches have explored alternative methods based on point
cloud serialization including octree [253] and space filling curves [28], as illustrated in Fig-
ure 2.8 (c). PTv3 [267] capitalizes on this idea by alternating between different serialization
strategies in each layer. This greatly reduces the computational overhead compared to its prede-
cessor PTv2, while achieving SOTA performance across a wide range of tasks. It is worth-noting
that these serialization methods inherently violate permutation invariance. However, as demon-
strated by PTv3, such requirement might not be critical for complex tasks.

Window-based attention is another alternative that improves the computational efficiency for
large point clouds. Following SwinTransformer [144], Lai et al. [116] use the cubic window
partition (voxelization) to determine the local attention neighborhood. To facilitate long-range
context learning, the partition is performed at different scales with different sampling rate. The
subsequent work SphereFormer [117] introduces the radial window partition to better exploit
the distribution of the LiDAR point clouds. When used in conjunction with the cubic partition,
SphereFormer is able to achieve SOTA performance.

In addition to promising methods like PTv3 and SphereFormer, the popularity of transformer-
based backbones stems from several reasons. Algorithmically, transformers can capture complex
and long range dependencies without resorting to large graphs or CNN kernels [32]. This nat-
urally gives it a large receptive field [ 17], making it favorable for complex tasks. From an
engineering standpoint, transformers are straightforward to implement since they primarily con-
sist of matrix operations and simple MLPs. It is also well supported by popular deep learning
frameworks, often incorporating numerous optimization techniques that improve both computa-
tional and memory efficiency [46, 47, , ].

2.4 LiDAR-based 3D Object Detection

3D object detection involves identifying and localizing objects within a scene by classifying and
predicting a bounding box around the object. For outdoor scenes, a 3D bounding box typically
has 7 degrees of freedom parameterized by (z,y, z,l, w, h, ), where (x,y, z) represent the 3D
location, (I, w, h) are the dimensions of the bounding box, and 6 is the orientation or yaw angle.
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Figure 2.9: VoxelNet/SECOND object detection pipeline. Subsequent works largely follow this
modular design with different improvements.

2.4.1 Architectures

As mentioned in the previous sections, numerous approaches have been proposed for LiDAR-
based 3D object detection. Depending on the point cloud learning method adopted, existing
methods can be categorized into projection-based, point-based, and voxel-based. Some ap-
proaches [207, 209] use multiple representations, often referred to as hybrid methods. Similar to
image-based object detection, existing methods can be single-stage or two-stage, anchor-based
or anchor-free. In this section, we will introduce a few relevant and representative voxel-based
approaches that form the basis for the methods proposed in this thesis.

VoxelNet [317]/SECOND [280] VoxelNet is a seminal work in end-to-end 3D object detec-
tion. It establishes a number of architectural designs that serve as blueprints for subsequent
works. As illustrated in Figure 2.9, VoxelNet consists of three main components: (i) voxel fea-
ture extractor (VFE), (ii) 3D CNN backbone (also referred to as the middle layers), and (iii)
region proposal network (RPN, or “head”).

* VFE After the input point cloud is voxelized into a 3D voxel grid, a PointNet/MLP-based
VFE is applied to aggregate local point features within each voxel. The VFE outputs a 4D
tensor of dimensions (C x D x H x W), where C is the number of channels, and D, H, W
are the voxel grid dimensions.

* Backbone The 3D CNN backbone follows a similar design to the FPN [137]. It progres-
sively aggregates voxel features while reducing the spatial resolution. In VoxelNet, the
backbone is implemented using conventional dense 3D convolutions. SECOND improves
upon this design by replacing the dense convolutions with a combination of submanifold
sparse convolutions and conventional sparse convolutions.

» RPN Head In the final stage, the 4D backbone feature tensor is flattened to form a (C'D’ x
H" x W’) dense feature map by concatenating the feature vectors along the height di-
mension. This resulting feature map is effectively a low resolution BEV pseudo-image
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as previously discussed in Section 2.3.1. A 2D CNN-based RPN head is then applied
to generate object bounding box proposals. VoxelNet and SECOND both adopt anchor-
based RPN. For each pixel in the BEV feature map, a set of pre-defined anchors with
different dimensions and orientations are assigned. The RPN then performs classification
and regresses offsets to align these anchors with ground truth bounding boxes. Specif-
ically, given an anchor box (Z4, Ya, Za, la; Wa, ha, 0,) and the corresponding ground truth
box (x4, Yy, 2¢, lg, Wy, hy, 0,), the RPN predicts the following:

x _xa y _ya V4 _Za
Ar = 24 Ay=29_92 A, -2
e A
Al = log ly . Aw = log Yy . Ah=log hy : (2.10)
la Wq ha
AO =0, —0,, where d, = \/I2 + w2.

The predicted boxes are then pruned by confidence score threshold and non-maximum
suppression (NMS).

PointPillars [119] PointPillars is a pillar-based architecture that performs detection in BEV.
It follows the same VFE-Backbone-RPN design as VoxelNet and SECOND, with a two key
differences. First, the point cloud is voxelized into pillars instead of a 3D voxel grid, forming a
(C x H x W) BEV pseudo-image after VFE. Second, the backbone and RPN are both based on
2D CNNs. Consequently, PointPillars is much more efficient than previous works, allowing it to
easily achieve real-time performance (over 20 Hz).

CenterPoint [298] Inspired by the development of anchor-free 2D object detectors such as
CornerNet [121] and CenterNet [55], CenterPoint adapts the anchor-free paradigm to 3D object
detection. In contrast to previous works that rely on pre-defined anchor boxes and offset regres-
sion, CenterPoint formulates the localization task as keypoint detection on the BEV feature map.
Specifically, for object centers, a 2D CNN-based keypoint detector is used to predict a heatmap
representing the likelihood of object centers. For multi-class detection, separate heatmaps are
generated per object category. Additional box attributes including the box dimensions and orien-
tation are directly regressed to match the corresponding ground truth, similar to the regression of
anchor offsets in anchor-based methods. This design simplifies the detection head and eliminates
the complexities associated with anchor matching. It can be easily applied to both VoxelNet and
PointPillars backbones, and has since been widely adopted by subsequent works.
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VoxelNeXt [33] Motivated by the fact that the LIDAR BEV feature maps are typically sparse,
VoxelNeXt proposes a fully sparse network design, similar to FSD [60, 62, 63]. It uses sparse
convolutions in both the backbone and the detection head, and incorporates several optimizations
to further reduce computation. Similar to CenterPoint, box attributes are directly regressed.
However, since the object center may not correspond to a valid pixel in a sparse feature map,
VoxelNeXt instead predicts bounding boxes directly from voxels. In practice, the voxel nearest to
the bounding box center is responsible for regressing the objectness and bounding box attributes.
During inference, a sparse max-pooling operation is applied to efficiently select these object
voxels. VoxelNeXt represents the current SOTA voxel-based detector with both the voxel and
pillar variant. This fully sparse design allows it to scale better to large scenes than other dense
BEV methods.

DSVT [252] DSVT is a SOTA voxel-based 3D object detector with a transformer backbone. It
follows the SwinTransformer [144] design where the self-attention is applied locally to sliding
windows. To improve the parallelization of self attention, in DSVT, the voxels within each
window are further sorted along the x or y coordinate and then divided into subsets of equal size,
with the number of subsets dynamically determined by the feature sparsity. Self-attention is then
applied to each subset in parallel. To allow intra-window interaction, each DSVT block alternates
between partitioning along the z-axis and the y-axis. DSVT can be implemented in both voxel
and pillar variants, with the DSVT-pillar able to achieve better performance than CNN-based
backbones while having comparable inference times.

Thanks to the modular nature of the existing architectures, several open-source frameworks
have been developed to accelerate research in this domain. Notably, OpenPCDet [228] and
MMDetection3D [40] streamline the process of configuring, training, and evaluating 3D detec-
tors. They both support popular dataset benchmarks mentioned in Section 2.2, and implement a
variety of VFE, backbone, and RPN architectures, including the ones mentioned above.

2.4.2 Model Training

Existing 3D object detection methods largely employ established machine learning techniques,
including learning rate scheduling (often the one cycle [215] policy), and optimizers such as
Adam [107] and AdamW [150]. In addition to these standard techniques, several widely adopted
data augmentation methods and training losses are specific to LiDAR-based 3D object detection
and are essential for achieving SOTA performance.

Data Augmentation Similar to image-based perception, a variety of transformations are ap-
plied to the input point clouds, including random translation, rotation, scaling, and flipping. The
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scaling factor is often within the range of [0.95,1.05] [317] to preserve object size priors. To
increase the number of objects per scene and improve model convergence, ground truth sam-
pling (GT sampling) [280] is often used. In GT sampling, several ground truth objects are ran-
domly selected and inserted into the each training scene. Class-balanced grouping and sampling
(CGBS) [320] further improves GT sampling for datasets with imbalanced class distribution and
is widely used for training on the nuScenes dataset [20].

Training Losses For classification, due to the inherent imbalance between object and back-
ground in LiDAR data, focal loss [138] is typically used instead of the standard cross-entropy.
Specifically, given the prediction ¢ and ground truth y, the focal loss is given by

Lr=—-y-a(l—9)1og(y) — (1 —vy) ay’log(l—7g), 2.11)

where 7 is a parameter that down-weight easy examples while « adjusts the importance of pos-
itive and negative classes. For regression, the L1-loss is commonly used. Recently, loU-based
losses have also seen adoption in 3D object detection. Existing formulations for axis-aligned

boxes [194, ] can be directly applied to 3D by ignoring the height and orientation. For in-
stance, the DIoU loss used in VoxelNeXt [33] takes the following form:
p2 (b7 bgt)

£DIOU =1- IOU(b, bgt) + y (212)

2
where IoU is the intersection-over-union, p? is the Euclidean distance between box centers, and
c 1s the diagonal length of the smallest enclosing box. Several loU-based losses have also been
developed for 3D object detection to address the complexities inherent to the IoU calculation of
3D rotated bounding boxes [192, ].

2.4.3 Evaluation Metrics

To evaluate the performance of a 3D object detector, the predictions are first matched with the
ground truth (GT) objects. Each prediction is classified as either a True Positive (TP) if it matches
a ground truth object or a False Positive (FP) if it does not. Ground truth objects that do not
match any predictions are False Negatives (FNs). Examples of TP, FP, and FN are shown in
Figure 2.10 (a). After object matching, several evaluation metrics can then be computed based
on the TP/FP/FN statistics.

Matching Criteria To determine if a prediction matches a ground truth object, intersection-
over-union (IoU) is often used as the matching criteria. A prediction is considered a TP if it
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Figure 2.10: 3D object detection evaluation.

overlaps with a GT object with an IoU above a predetermined threshold, typically 0.7 for vehicles
and 0.5 for smaller objects such as pedestrians and cyclists [69, ]. Alternatively, the center
distance can be used [20], where a TP prediction only needs to be close in center distance to a
GT object, without considering size and orientation. More recently, difference in distance-to-
collision (ADTC) [304] is proposed as another matching criteria, where the ADTC between a
prediction and a GT object needs to be small in order to be considered a TP. This criteria can
reflect the detector’s ability to accurately determine DTC, which is relevant in the autonomous
driving setting.

Average Precision The primary metric for evaluating an object detector is the Average Preci-
sion (AP), which is defined as the area under the precision-recall (PR) curve. Given the number
of TP, FP, and FN objects, the precision and recall are defined as:

TP TP
Precision = ——— l= ———. 2.1
recision TP+ TP’ Reca TP T TN (2.13)

A PR curve is generated by plotting the precision and recall under different confidence thresholds
(Figure 2.10 (b)), which reflects the inherent trade-off between precision and recall. A detector
with high AP can achieve high precision and recall simultaneously, while a low AP performance
indicates issues including low recall, low precision, and object-background confusion in the 3D
object detection model, as illustrated in Figure 2.10 (c). For multi-class object detection, the
mean average precision (mAP) metric can be computed by averaging the per-class AP scores.

NuScenes Detection Score In addition to mAP, the nuScenes benchmark uses a more compre-
hensive metric that reflects other aspects of the object detection [20]. Specifically, for TP detec-
tions, nuscenes measures the average translation error (ATE), average scale error (ASE), average
orientation error (AOE), average velocity error (AVE), and average attribute error (AAE). These
errors are then consolidated into a single metric called the nuScenes Detection Score (NDS):

1 .
NDS = —[5- mAP + > (1 = min(1, mTP))] (2.14)

mTP

where mTP are the five mean errors mentioned above.
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Figure 2.11: The U-Net architecture commonly used in 3D semantic segmentation methods.
Depending on the input representation, the encoder and decoder blocks can be CNN-based or
point-based.

Waymo APH Similar to the AOE from the nuScenes benchmark, Waymo introduces the APH
metric [2 18], an extension to AP that incorporates heading errors. Specifically, when calculating
recall, each true positive is weighted by the heading accuracy: min (|0 — 6/, 2r — |0 —6|)/=. APH
is then similarly defined as the area under the weighted PR curve.

2.5 LiDAR-based 3D Semantic Segmentation

LiDAR-based 3D semantic segmentation involves classifying each point in the LiDAR point
cloud. Unlike object detection, which often requires inferring the size of occluded objects, se-
mantic segmentation focuses solely on the existing points within the point cloud.

2.5.1 Architectures

As detailed previously in Section 2.3, numerous methods have been proposed for 3D seman-
tic segmentation using different point cloud learning paradigms. To efficiently process outdoor
scenes, many approaches adopt the well-established U-Net [199] architecture. As depicted in
Figure 2.11, a U-Net consists of three main components: (i) an encoder that progressively ex-
tracting features while increasing the receptive field and reducing the dimensionality of the input
data, (ii) a decoder that upscales the encoded feature map back to the original resolution to pro-
duce per-point predictions, and (iii) skip connections that connect the corresponding layers in the
encoder and decoder at each stage to help preserve fine-grained information.

The U-Net architecture can be easily adapted to range-image-based methods [2, 45, ,
, ] thanks to the similarity between the range image and camera image. For 3D repre-
sentations, 3D U-Net [39] pioneered the use of U-Net for volumetric segmentation using 3D
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convolutions. Graham et al. [72] adapt this design to voxelized point clouds using submanifold
sparse convolutions. Similarly, the MinkowskiUNet [38] employs sparse convolutions with non-
conventional kernel shapes for the segmentation of point cloud sequences. PolarSeg [307] and
Cylinder3D [321] further improve the performance of sparse U-Nets by using polar coordinate
partitions and custom convolution operations.

For point-based methods, the traditional CNN backbone can be replaced with various point-
based techniques, as detailed in Section 2.3.3. However, downscaling and upscaling operations
can be nontrivial due to the unstructured nature of 3D point clouds. In Point Transformer [311],
farthest point sampling (FPS) is applied to each stage of the encoder, and kNN is used to establish
the local neighborhood for feature pooling. Decoding is done symmetrically by processing the
point features with a linear layer and then mapping the result back to the higher resolution point
cloud using the previously computed kNN. The subsequent works [116, , , ] avoid
FPS and kNN-based pooling entirely by using a simpler partition-based neighborhood, often
achieved via voxelization and sparse convolutions.

2.5.2 Model Training

Due to the complexity of the outdoor scenes, data augmentation and appropriate loss functions
are both crucial for training accurate 3D semantic segmentation models, with many techniques
proposed and adopted to achieve SOTA performance.

Data Augmentation Similar to 3D object detection, standard transformations are applied ran-
domly to the input point cloud during training, including translation, rotation, scaling, flipping,
and jittering. Additionally, inspired by mixed sample training approaches in image-based vision
tasks [248, , ], several point cloud mixing techniques have been proposed [34, , ,

] and adopted by SOTA methods [267]. For instance, Mix3D [172] concatenates a pair of
randomly transformed point clouds to form a new training sample, exposing objects to a variety
of contexts that are not present in the original data. This approach has a similar effect to GT
sampling augmentation in 3D object detection [280]. A more recent evolution of this idea, Po-
larMix [269], performs both scene-level mixing and object-level sampling while respecting the
polar nature of LiDAR point clouds.

Training Losses Most existing 3D semantic segmentation methods use the standard cross-
entropy loss as the training objective. To combat the inherent class imbalance in LiDAR data, the
loss is often weighted based on class frequencies [273], and the focal loss is used in some meth-
ods [264]. More recently, Berman et al. [15] proposed the Lovéasz-Softmax loss as a tractable
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surrogate for directly optimizing the mean intersection-over-union (mloU) objective. This loss
has been widely adopted by recent 3D semantic segmentation methods, often used in conjunction
with the standard cross-entropy loss.

2.5.3 Evaluation Metrics

The standard evaluation metric in semantic segmentation is the mean intersection-over-union
(mIoU), which measures the overlap between predictions and GT across all classes. It is calcu-
lated as: o
1 TP
mloU = — - 2.15
C;TPC+FPC+FNC 2.15)

where C'is the number of classes, and TP,., FP., FN,. are the true positive, false positive, and false
negative for a class c, respectively.

A frequency-weighted variant, known as fwloU, is introduced in nuScenes [20], where each
class’s IOU is weighted by the point frequency of that class in the dataset. However, fwloU has
not seen much usage in exsting works, as it can be biased by majority classes such as road and
terrain, and does not adequately reflect the performance on small objects.

2.6 Multi-frame/sequential LiDAR perception

LiDAR point clouds are typically collected continuously in a sequence, and this temporal nature
can be used to improve LiDAR perception performance. Many methods have extended existing
single-frame architectures to incorporate temporal information.

Input Concatenation For both point- and voxel-based methods, one common approach is to
concatenate multiple input point clouds after ego-motion correction [20]. Specifically, let P, €
RN7%3 denote a point cloud with N, points collected at timestamp 7. We also assume the ego
pose T, € SE(3) is available, representing a transformation from the ego coordinate system to
a common global coordinate system. In practice, the ego pose is typically provided by onboard
sensors like GPS and IMU or estimated using SLAM algorithms. The aggregated n-frame point
cloud P! is then given by:

n—1
Pl =P (T T )T (2.16)
=0
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where @ denotes the concatenation operation. The term 77 IT._; represents a transformation
that aligns the point cloud P,_; with P, through the global coordinate system.

Point cloud concatenation does not require any modification to the perception architecture,
making it applicable to a wide range of tasks. It is widely adopted in 3D object detection,
becoming the default approach for datasets with sparse point clouds like nuScenes [20], but
less common in 3D semantic segmentation, as the U-Net architecture does not scale well with
increasing input size. Nevertheless, MSeg3D [127] demonstrated that concatenated point clouds
can be beneficial to semantic segmentation performance.

This strategy can also be applied to the range image representation commonly used in 3D
semantic segmentation. For example, SpSequenceNet [205] proposes a cross-frame global atten-
tion and local interpolation to fuse CNN features from the previous frame. Meta-RangeSeg [254]
computes a residual range image representation to captures the temporal difference between
frames. However, in the multi-frame setting, range images can suffer from misalignment due to
€go motion.

Feature Aggregation Alternatively, the temporal information can be incorporated at the fea-
ture level, which we refer to as feature-based aggregation in this thesis. These methods typically
requires modifications to the perception architecture and introduces varying amount of computa-
tional overhead. In 3D object detection, early work by Luo et al. [ 53] concatenates feature maps
from multiple point clouds, presenting a trade-off between accuracy and efficiency depending on
the feature layer used. However, naive concatenation of feature maps inevitably introduces mis-
alignment at the feature level due to ego motion. Huang et al. [89] instead use an LSTM to
encode temporal information as hidden features, and address the alignment issue by transform-
ing the feature map using ego motion. Attention mechanisms have recently gained popularity
in feature-level aggregation and have shown promising results. Yin et al. [297] propose a GRU
module equipped with spatiotemporal attention for better feature alignment. 3D-MAN [297] and
MPPNet [30] both employ attention mechanisms to combine features generated from a single or
few-frame region proposal network to produce more refined detections. To better utilize the rich
multi-scale features, TransPillars [156] proposes attention-based feature-level aggregation at the
voxel level to preserve the instance and contextual information. In 3D semantic segmentation,
TemporalLatticeNet [202] extends LatticeNet [ 154] and fuses temporal features using recurrent
neural networks and a novel abstract flow module.

Pseudo-labelling Another line of work explores the use of long sequences to generate pseudo-
labels for 2D object detection. Unlike conventional object detection, pseudo-labelling methods
(also called offline or offboard methods) are not constrained by real-time processing require-
ments, and thus can afford more complex, multi-stage pipelines. These methods typically em-
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ploy a single- or few-frame detector to generate initial predictions, followed by offline tracking
and a second stage refinement that utilizes full-sequence point clouds aggregated at object- or
track-level [61, 159, 187,281, 284].

2.7 Domain Adaptation in LiDAR perception

It is well-known that the performance of machine learning models can degrade when there is a
domain shift between training and testing data. In LiDAR-based perception, the domain gap can
come from various factors, including: (i) different noise distributions, such as missing returns
and extraneous points often caused by adverse weather conditions, (ii) changes in LiDAR scan
patterns due to sensor properties (e.g., beam counts) or external configurations (e.g., mounting
positions), and (iii) a shift in object distributions, which may result from a new geolocation.
Domain adaptation aims to adapt a model trained on a source domain to perform well on a new
target domain.

Several methods have been proposed to address the domain adaptation problem for 3D object
detection. One line of work involves improving model robustness via regularization [255, ].
Other works attempt to close the domain gap via domain mapping [, 42] or input [238, ,

], feature [155, , ], and output [50] alignment. To take advantage of available target
domain data, SOTA methods often use pseudo-labelling. Pseudo-labels can be improved via
tracking-based refinement [66, ] or iterative self-training [286, ]. When a small amount
of target labels are available, CutMix and MixUp have also been shown to be effective techniques
to incorporate labelled target data [257].
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Chapter 3

VADet

Multi-frame LiDAR 3D Object Detection using Variable
Aggregation

3.1 Introduction

LiDAR-based methods give state-of-the-art (SOTA) 3D object detection performance in au-
tonomous driving. While object detectors can produce accurate detections from a single LiDAR
point cloud [33, ], they have been shown to benefit from aggregated input consisting of multi-
ple consecutive frames. A widely adopted method for incorporating multi-frame sequential point
clouds is what we term fixed aggregation, where a fixed number of frames are concatenated af-
ter ego motion correction, often including timestamps as an additional feature. This is a simple
and effective method to augment the input with more spatial and temporal information, without
modifying the architecture [20].

However, it has been observed that the effectiveness of fixed aggregation diminishes as more
frames are used, eventually degrading the detection performance [30, ]. Previous works
attribute this degradation to the motion of the objects. While the point clouds of stationary objects
are inherently aligned after aggregation [88], producing denser and more complete geometry
(fig. 3.1a), dynamic object point clouds become misaligned and distorted from motion (fig. 3.1b).
Yang et al. [292] notice that such misalignment makes multi-frame aggregation unhelpful, even
degrading performance for fast-moving objects. Chen et al. [30] argue that this effect poses
an additional challenge due to different dynamic objects having different distorted point cloud
patterns. This introduces a performance trade-off, as illustrated in fig. 3.1c: the detection of
objects at different speeds is optimal using different numbers of frames.
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Figure 3.1: Performance trade-off between stationary (<0.2 m/s), slow ([0.2,10) m/s), and fast
(10 m/s) vehicles. The relative AP in (c) illustrates the improvement/degradation relative to using
3-frame fixed aggregation. (a) and (b) are examples of stationary and fast-moving vehicles after
16-frame fixed aggregation.

To address this challenge, SOTA multi-frame detectors have made use of attention-based
feature-level aggregation to more effectively utilize information from past frames [30, , ].
However, our experiments reveal that there is considerably more performance to be gained from
modifying the input, before resorting to specific architectural designs, with the additional com-
plexity and computation costs they entail.

In this chapter, we therefore propose VADet (Variable Aggregation Detection): a simple and
effective alternative to fixed aggregation that sets the level of aggregation of an object according
to its properties. As VADet operates at input level, it can be integrated into existing architectures
to improve detection performance without significant modifications or computational overhead.
Moreover, VADet’s low latency supports its use in real-time applications.

The core of VADet is a function 7 that maps each detected object to an empirically-optimal
number of frames to aggregate. To construct 7, we propose random aggregation training (RAT,
section 3.2.1) to efficiently study the effects of fixed aggregation on detection performance, over
a wide range of configurations.

We use RAT to analyze three representative object detection architectures, establishing that
in addition to speed, as illustrated in fig. 3.1, object point density demonstrates another important
trade-off (see fig. 3.5). The function 7 is then constructed based on the training data to map an
object’s estimated speed and point density to a number of frames to aggregate, a process detailed
in section 3.2.2.

Thanks to the per-object aggregation based on 7, VADet can achieve good performance for
objects with different speed and density in the same scene. Our results (section 3.4) show that
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VADet consistently exceeds the performance of fixed aggregation, for a given architecture, and
can surpass the performance of much more complex SOTA approaches.

3.2 Method

VADet addresses the performance trade-off associated with fixed aggregation by adaptively ag-
gregating different types of objects with a different number of frames. To this end, we first
introduce Random Aggregation Training (RAT) to enable a single detector to handle a wide
range of input frame counts. We then describe our variable aggregation strategy.

3.2.1 Random Aggregation Training

Studying the impact of the number of input frames on different types of objects (e.g., stationary
vs. dynamic) is a crucial component of our approach. Existing works tend to demonstrate the
performance trade-offs of aggregation by evaluating multiple detectors trained separately with
different fixed frame counts [, , ]. This is computationally expensive and thus is often
done only for a few configurations. Moreover, we find that assessing performance differences be-
tween different input configurations, which can often be subtle, using multiple separately trained
models is prone to high variance.

To efficiently explore the effects of frame counts on detection performance, we introduce
random aggregation training (RAT), wherein a single detector is trained with input that has ran-
domly varying numbers of aggregated frames per scene. To compensate for the increased variety
of the input, we increase the number of training epochs accordingly. We find that even though
the model’s capacity remains unchanged, RAT allows the model to achieve equivalent or slightly
better performance than detectors trained on different fixed configurations. This is demonstrated
in Table 3.1 below.

‘3-frame 4-frame 8-frame 16-frame

Separate | 72.90 73.45 74.70 75.06
RAT | 73.38 74.13 75.45 75.74

Table 3.1: Vehicle AP of a VoxelNeXt [33] detector trained with separate fixed configurations
and RAT, evaluated with different input aggregations.

RAT thus offers several advantages. In terms of studying the effect of the input aggregation,
it significantly reduces the computational cost because training a separate detector for each input

36



configuration is no longer required. This enables us to cover a broader range of frame counts
than existing work and to more precisely determine the trade-offs for different types of object.
Additionally, as the evaluation is done with a single model and varying input configurations, we
find that RAT reduces the variance associated with training, providing us with more consistent
results.

In this work, we also use RAT as a pre-training strategy. The detector trained with RAT serves
as an ideal starting point for our proposed variable aggregation strategy, thanks to its ability to
handle multiple input configurations.

3.2.2 Variable Aggregation

To address the performance trade-off between different types of objects, we propose per-object
variable aggregation, which dynamically aggregates each detected object according to its prop-
erties, such as speed and point density.

In VADet, we first perform velocity estimation for each detected object. This serves two
purposes: first, it allows us to identify the approximate locations of previously detected objects
in the current frame using a constant velocity motion model, enabling us to aggregate each re-
gion separately using different aggregation strategies; second, it indicates the motion state of the
object and is an important factor for determining the number of frames used in the aggregation.
To estimate the velocity of the objects, we follow previous methods [20] and add channels to the
regression task representing the x and y components of the velocity vector.

Formally, at timestamp 7, we consider a previously detected bounding box b,_; in the coor-
dinate system of the current frame with position x,_, dimensions (I,_1,w,_1, h,_1), heading
0.1, estimated velocity v,_;, and n._; points from the point cloud at timestamp 7 — 1 inside
the bounding box. VADet aims to find a function 7(b,_;) that gives the empirically best number
of frames to aggregate for each object at the current timestamp 7.

The bounding box b,_; can be obtained directly from the previous frame’s detection results,
or initialized from the existing tracklets when a tracker is present. When no prior information
about the object is available, which is the case for emerging objects, VADet falls back to using a
fixed aggregation strategy for these unknown regions. Alternatively, proposals from a high recall
region proposal network (RPN) can be used in place of b,_; to initialize VADet.

Learning Function 7

To determine the number of aggregated frames that provide the best detection performance for
each object, we consider two important factors: speed and point density (number of points per
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Figure 3.2: An example of the 7 function computed with two factors: speed and density.

unit surface area). Aggregation changes the appearance of the point clouds for objects of differ-
ent speeds due to motion distortion, as illustrated in fig. 3.1a and fig. 3.1b, and thus the optimal
number of frames for aggregation varies with the object’s speed. Additionally, as more frames
are aggregated, the point density increases proportionally, affecting the number of points repre-
senting each object and consequently impacting the detection performance.

In practice, since neither of these factors can be accurately determined for a given object, we
use the velocity prediction from the object detector to estimate its speed ||v,_1]|, and approximate
its point density p,_; using the predicted bounding box dimensions:

Pr—1 = n‘rfl/ (l‘rfl " Wr—g + lel : h‘rfl + W1 - hT*l) (31)

Since the trade-offs for different types of objects can be different for each dataset and ar-
chitecture, we obtain 7 empirically by evaluating the object detector’s performance on different
types of objects over a wide range of input configurations on the training split. This is feasible
thanks to RAT allowing the use of a single model for evaluation. Specifically, we implement 7
as a piecewise function using a lookup table. The table is constructed by dividing the training
set into subcategories of objects with different speeds and densities, and determining the frame
count that leads to the highest average precision for each subcategory. An example of our 7

function is shown in Figure 3.2.

While existing works have observed the effects of aggregation on objects with different
speeds [30, 88, ], the way aggregation interacts with objects with different point densities
is not well-studied. In VADet, we establish point density as an additional factor that should be

considered and evaluated.
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Input construction

For each object, we first determine the approximate location X! of the object at the current
timestamp 7 according to the constant velocity model. This is given by

X=X+ v /f, (3.2)

where f is the frame rate of the LiDAR point clouds.

To encompass all the points belonging to the object, including past points that could poten-
tially fall outside of the bounding box, we enlarge the region of aggregation based on the speed
of the object and the number of frames used in the aggregation. The final region of aggregation
for an object, denoted b, = (X, l;, Wy, ET, éf), is given by

v (n(br1) — 1)

X, = %" — 2 : (3.3)
I =0l + [Vroil - (77](057—1) - 1), (3.4)
Wy = 0 - Wy, (3.5)
he =0-hsq, (3.6)
0, =6, 3.7)

where o > 1 is the enlargement factor that adds a margin to the aggregation region. Note that
the second term in eq. (3.4) is used to enlarge the length of the object to include the misaligned
“smudges” from object motion. Accordingly, the center of the aggregation region is adjusted
in eq. (3.3).

Finally, for each region constructed from the process above, we aggregate the respective
number of past frames in that region. In practice, this operation can be efficiently implemented
by cropping the regions b, for each previous frame 7 — 4, ¢ < n(b,_1). Point clouds are cor-
rected for ego motion by transformation 7' T} _; before aggregation. This process is detailed in
algorithm 1. The aggregated objects are then combined with the remaining background points
outside of the aggregation regions.

3.3 Experimental Setup

To demonstrate our method is effective and can be easily applied to different architectures, we
evaluate VADet using CenterPoint [298], VoxelNeXt [33], and DSVT [252] on the large scale
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Algorithm 1: Variable Aggregation

point clouds P, _,, . +1,..., FP;
Input: < ego poses 17—, .. 41,---, ¢
previous detections b,
Output: aggregated object points P
Initialize P2 to be an empty point cloud
Compute b, from b._; using egs. (3.2) to (3.7)
for: < 0tony., — 1do
PO o P (T T,
b, {ET | b € by, n(b_y) > @}

PO < PO @ Crop(P°T, b.)

—1) P

return P

Waymo Open Dataset [218]. CenterPoint, VoxelNeXt, and DSVT respectively represent the
SOTA in dense voxel-based, fully sparse, and transformer-based 3D object detectors.

3.3.1 Dataset

The Waymo dataset is a large-scale autonomous driving dataset collected under a variety of traffic
conditions in San Francisco, Phoenix, and Mountain View. It consists of 798 sequences for the
training split, 202 sequences for the validation split, and 150 sequences for the held-back test
split. Each sequence is approximately 20 seconds long.

Waymo uses multiple LiDAR sensors operating at 10 Hz, resulting in approximately 200
point clouds per sequence. The main sensor is a top-mounted proprietary 64-beam rotating
LiDAR. There are also four close-range LiDARs mounted to the side of the vehicle. In addition
to the intensity channel, Waymo’s sensors also produce elongation for each point. We use points
from all five LiDARs by concatenating them in the ego vehicle coordinate system.

3.3.2 Evaluation Metrics
For overall object detection performance, we use the official Waymo evaluation suite. Unless

specified otherwise, we report the level 2 average precision (AP) for Vehicle, which includes
very sparse objects (< 5 points). The IoU threshold used for matching true positives is 0.7.
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Dynamic Subsets (m/s) Weighted

Metric

>02m/s | [0.2,1) [13) [3,5 [57) [7.9 [9,11) [11,13)[13,15)[15,17)[17,20) >20 average
Waymo| 729 | 63.0 624 629 665 689 668 641 618 640 670 629 647
Ours| 744 | 716 698 722 746 766 763 757 753 783 816 783 744

Table 3.2: Dynamic vehicle AP of a CenterPoint model on the Waymo dataset using different
subset evaluation metrics.

Evaluating a specific subset of the objects (e.g., dynamic objects) for more detailed analysis
requires more careful handling due to false positives that cannot be matched with any ground
truth. Waymo evaluation suite provides functionalities to perform such evaluation. Specifically,
the subset precision and recall are defined as follows:

TPsubset
P waymo ~— ) 3.8
ree Y TPsubset + FPsubset + FPunknown ( )
TPsu se
1%ecwaymo = beet (39)

TPsubset + FNsubset .

TPgubset and FNgypset are the number of true positives and false negatives within the subset of
objects. FPgpset 15 the number of false positives that overlap with some objects in the subset but
do not meet the IoU threshold. FPi0wn 1S the number of objects that do not overlap with any
ground truth.

However, we argue that this formulation cannot correctly reflect the detection performance
of a subset because FP ,mown 1S independent of the subset and biases the precision depending
on the size of the subset. The consequence is that subsets of different sizes are incomparable and
the weighted sum of subset precisions underestimates the precision of the union of subsets.

To address this issue, we introduce a definition of precision that weights FP ,xnown by the
proportion of objects in the subset:
TPsubset
NSH S€e
TPsubset + FPsubset + back FPunknown

Ntotal

(3.10)

Precsubset -

Ngubset and Nyopa1 are the number of objects in the subset and the total number of objects, respec-
tively. The definition of recall remains unchanged. In contrast to the standard Waymo metric, this
formulation allows the comparison and combination of subset APs, as illustrated in Table 3.2. We
note, in particular, that when using our formulation the weighted average of subset APs weighted
by subset size is closer to the AP of the union of the subsets.
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‘VADet‘ 3 4 St o 7t 8 9f 10f 11f 12f 13f 14f 15f 16f

CenterPoint | 71.5 | 68.1 689 69.5 70.0 70.3 70.5 70.7 70.8 709 71.0 71.0 71.0 71.0 70.9
VoxelNeXt | 76.5 |73.4 74.1 74.6 750 753 754 756 75.7 757 75.8 75.8 758 758 75.7
DSVT-P 74.5 |69.5 703 708 714 717 720 722 724 72.6 7277 72.8 73.0 73.0 73.2

Table 3.3: Overall vehicle AP on the Waymo validation split. The best performance is in bold
and the second best is underlined.

3.3.3 Implementation Details

Architectures

CenterPoint [298] and VoxelNeXt [33] are both single stage CNN-based 3D object detectors.
The input point cloud first undergoes voxelization and is then fed to a sparse convolutional back-
bone. Multiple detection heads are used to separately produce bounding box attributes, including
confidence score, location, and box dimensions. DSVT [252] is an emerging transformer-based
3D object detector. In DSVT, the traditional convolution backbone is replaced with multiple
transformer blocks consisting of shifted window and partition-based self-attention operations.

Following [20], we add a two-layer regression head to predict an object’s velocity vector
for all architectures. For DSVT, we use the pillar variant (which we denote DSVT-P). As the
dynamic voxelization adopted by the original work cannot be scaled beyond 4-frame aggregation
on our hardware, we use a traditional static voxelization where for each voxel, at most 40 points
are randomly selected and processed. To make the computation tractable, we further reduce the
input channels from 192 to 96, and the hidden channels from 384 to 192.

Training

The baseline models are trained on the entire Waymo training split for 20 epochs across 8
NVIDIA A6000 GPUs using the proposed RAT strategy. We use the Adam optimizer and a
one-cycle learning rate schedule, with an initial learning rate of 0.0003 and a maximum learning
rate of 0.003. We use a total batch size of 32 for CenterPoint, 32 for VoxelNeXt, and 16 for
DSVT-P.

We initialize our VADet models with the weights from the baseline models, then fine-tune
them for an additional epoch using cosine learning rate decay with an initial learning rate of
0.0001. Since our models rely on information cached from previous frames, including point
clouds and predictions, the standard frame-based shuffling cannot be applied during training.
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Instead, we divide the dataset into mini-sequences with a maximum of 32 frames and shuffle the
mini-sequences. This introduces randomness while ensuring that frames appear in their correct
sequence. Furthermore, as the performance of a model can fluctuate during training (due to
ongoing optimization), following [62], we load the offline predictions from the baseline models
using 3-frame fixed aggregation during training.

Specifying 7

We implement 7 as a lookup table: we subdivide the training dataset based on speed and point
cloud density and empirically determine the frame count that leads to the highest average preci-
sion for each subcategory (section 3.2.2). The speed and density thresholds are set to [0.00, 0.20,
1.55, 3.63, 5.90, 81.6, 11.34, 17.53] m/s and [0.00, 0.68, 1.86, 3.86, 8.02, 18.81, 71.37] pts/m?
respectively. They are chosen based on the training set object statistics to ensure a sufficient
number of objects in each speed-density combination for evaluation. For each combination, we
then evaluate the baseline model on 3—16-frame input and select the frame count with the highest
AP performance.

As certain speed-density combinations can contain very few objects, the performance vari-
ance can result in an unsmooth 7 function, as exemplified in Figure 3.2. Additionally, we observe
that a small number of combinations do not have any corresponding objects. In this work, we
do not apply any smoothing operation, and default to a fixed 3-frame aggregation for the empty
cases. However, with sufficient training data and coverage, we expect the 7 function to appear
smooth with no gaps. Alternatively, a smooth closed-form approximation can be derived from 7
to express the relationship between different factors and the optimal frame count.

3.4 Results and Analysis

We present the overall performance of VADet compared to baseline models and SOTA methods
in Section 3.4.1. To demonstrate the better trade-offs achieved by VADet, in Section 3.4.3 we
perform a detailed evaluation based on speed and point cloud density.

3.4.1 Overall Performance
Table 3.3 shows that, for all three architectures, VADet demonstrates superior performance com-

pared to baseline models using different fixed frame counts. In particular, VADet using Center-
Point achieves 71.5 AP compared to 71.0 AP using 12, 13, 14, or 15-frame aggregation. For
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Method | #frames | L1 AP/APH | L2 AP/APH

SECOND [280] 1 72.3/71.7 63.9/63.3
PointPillars [119] 1 72.1/71.5 63.6/63.1
CenterPoint-pillar [298] 1 76.1/75.5 68.0/67.5
CenterPoint-voxel [298] 1 76.6/76.0 68.9/68.4
Part-A2-Net [208] 1 77.1/76.5 68.5/68.0
PV-RCNN [207] 1 77.5/76.9 69.0/68.4
SST [59] 1 74.2/73.8 65.5/65.1
AFDetV2 [87] 1 77.6/77.1 69.7/69.2
PV-RCNN++ [209] 1 78.8/78.2 70.3/69.7
SWFormer [220] 1 77.8/77.3 69.2/68.8
FSD [60] 1 77.8/77.3 68.9/68.5
VoxelNeXt [33] 1 78.2/77.7 69.9/69.4
OcTr [315] 1 78.1/77.6 69.8/69.3
PillarNeXt-B [129] 1 78.4/77.9 70.2/69.8
DSVT-P [252] 1 79.3/78.8 70.9/70.5
DSVT-V [252] 1 79.7/79.3 71.4/71.0
PillarNeXt-B [129] 3 80.6/80.1 72.9/72.4
DSVT-pillar [252] 4 81.7/81.2 73.8/73.4
DSVT-voxel [252] 4 81.8/81.4 74.1/73.6
FSD++ [62] 7 81.4/80.9 73.3/72.9
CenterFormer [319] 8 78.8/78.3 74.3/73.8
3D-MAN [292] 16 74.5/74.0 67.6/67.1
MPPNet [30] 16 82.7/82.3 75.4/75.0
VADet-CenterPoint 3-16 79.0/78.5 71.7/71.3
VADet-DSVT-P 3-16 82.0/81.6 74.5/74.1
VADet-VoxelNeXt 3-16 83.9/83.4 76.6/76.1

Table 3.4: Overall vehicle performance on the Waymo validation split compared with SOTA
multi-frame detectors. The best performance according to APH is highlighted in bold and the
second best is underlined.
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Method | #frames | Modality | L2 AP/APH

AFDetV2 [87] 2 L 74.3/73.9
PV-RCNN++ [209] 2 L 76.3/75.9
SWFormer [220] 3 L 75.0/74.7
PillarNeXt-B [129] 3 L 76.2/75.8
FSD++ [62] 7 L 77.1/76.7
3D-MAN [292] 16 L 70.4/70.0
MPPNet [30] 16 L 77.3/76.9
CenterFormer [319] 16 L 78.7/78.3
BEVFusion [146] 3 C+L 77.9/77.5
DeepFusion [133] 5 C+L 76.1/75.7
HorizonLiDAR3D [51] 5 C+L 78.2/77.8
LoGoNet [132] 5 C+L 79.7/79.3
VADet-VoxelNeXt | 3-16 | L | 79.8/79.4

Table 3.5: Overall vehicle performance on the Waymo test split compared with other methods
(without TTA or ensemble). The best performance according to APH is highlighted in bold and
the second best is underlined.

VoxelNeXt, VADet achieves 76.5 AP compared to 75.8 AP using 12, 13, 14, or 15-frame aggre-
gation. DSVT-P with VADet achieves 74.5 AP compared to 73.2 AP using 16-frame aggregation.

When compared with SOTA object detection methods in Table 3.4 and Table 3.5, VADet-
equipped models also have competitive performance on both the validation and test splits. Most
notably, our single-stage VADet-VoxelNeXt achieves 76.1 and 79.4 level 2 APH on the validation
and test split respectively, outperforming two-stage multi-frame methods such as MPPNet [30]
by a large margin, with lower computation overhead. Specifically, we measure that the second
stage proposed by MPPNet introduces an additional 900-2500 ms latency over the base detector,
while VADet only requires an additional 50 ms overhead for input aggregation, which we believe
can be further optimized with a GPU-accelerated implementation. Furthermore, with a powerful
backbone such as VoxelNeXt, our method can match the performance of recent SOTA camera-
LiDAR fusion methods such as LoGoNet [ 132].

Our results demonstrate that VADet can effectively utilize multiple frames to achieve SOTA
detection performance, suggesting that by addressing various performance trade-offs with care-
fully constructed input, a simple single-stage object detection architecture such as VoxelNeXt
can outperform much more complex SOTA methods.
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Figure 3.3: Qualitative results comparing 3-frame and 16-frame fixed aggregation with VADet.
Red and green bounding boxes are ground truth and predictions, respectively. Predictions are
filtered with 0.5 confidence threshold for visual clarity.

3.4.2 Qualitative Results

Qualitative results comparing 3-frame and 16-frame fixed aggregation with VADet are shown
in fig. 3.3. Overall, we observe that 16-frame input appears much denser than 3-frame and
VADet. This is especially noticeable for background points, which may not be beneficial to
detecting objects and introduce unnecessary computation.

The 3-frame model is unable to detect the occluded stationary vehicles depicted in the upper
images, due to the lack of points. While these objects appear more complete with 16 frames, the
model can only partially detect them. We hypothesize this is due to the dense background points
leading to confusion. VADet, on the other hand, aggregates only object points while keeping the
background sparse, and therefore can accurately detect all vehicles.

Similarly, for the fast-moving vehicles seen in the lower images, 16-frame aggregation results
in long “smudges” around each vehicle, leading to inaccurate localization. In these situations,
VADet does not over-aggregate these objects and benefits from the more accurate detections
achieved by 3-frame input.
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‘ Speed ‘ VADet ‘ 3 4 St of 7 8 9f 10f 11f 12f 13f 14f 15f 1ef

Stationary | 70.3 | 65.8 66.8 67.6 68.1 68.5 68.8 69.1 69.3 694 69.5 69.6 69.6 69.7 69.7

CenterPoint Slow 75.0 |74.1 745 747 749 749 748 748 7477 74.6 746 745 744 742 74.0
Fast 79.5 |[789 79.0 79.1 79.0 789 789 78.8 786 783 779 778 774 77.0 76.6

Stationary | 74.3 |70.4 713 719 723 72.6 729 73.1 732 733 73.4 735 735 73.6 73.6

VoxelNeXt Slow 79.6 |785 789 79.2 793 794 794 793 793 79.2 792 79.1 789 788 78.7
Fast 84.2 |83.6 83.8 83.8 839 83.8 83.7 83.6 83.5 833 83.2 83.0 82.6 82.4 819

Stationary | 72.3 | 66.4 674 68.1 68.7 69.1 69.5 69.8 70.1 70.3 70.6 70.7 709 71.0 71.2

DSVT-P Slow 773 |750 754 755 756 757 75.6 755 755 755 755 755 754 753 753
Fast 82.6 |81.2 812 81.0 809 80.8 80.7 80.7 80.6 80.6 80.5 80.5 80.4 80.3 80.2

Table 3.6: Vehicle AP breakdown by speed. The best performance is highlighted in bold and the
second best is underlined.
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Figure 3.4: AP vs. the number of frames for stationary (<0.2 m/s), slow ([0.2,10) m/s), and fast-
moving (>10m/s) vehicles.

3.4.3 Breakdown Analysis

The overall performance degradation at 16-frame fixed aggregation, if any, appears to be mi-
nuscule for the baseline models: just 0.1% degradation for CenterPoint and VoxelNeXt. This is
due to the extreme imbalance between different types of objects in the dataset. For instance, the
overall results are skewed in favour of the approximately 80% stationary vehicles in the dataset,
which negatively affects the performance of dynamic objects. As a result, we perform a break-
down analysis to highlight the performance trade-offs and demonstrate how VADet can benefit
objects that are negatively impacted by fixed aggregation.

Speed

To illustrate the impact of input aggregation on objects with different speeds, we divide the
vehicle class into stationary (<0.2m/s), slow ([0.2,10) m/s), and fast (>10 m/s) subcategories.
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Density ‘VADet‘ 3 4 Sf eof 7 8 9f 10f 11f 12f 13f 14f 15f 1ef

Sparse | 27.6 |24.4 25.6 263 265 26.6 264 264 26.1 25.8 25.6 252 249 244 239
CenterPoint | Medium | 87.8 | 87.5 87.5 87.6 87.6 87.6 87.6 87.5 874 873 87.1 87.1 869 86.7 86.5
Dense | 98.9 |98.9 989 98.9 989 98.8 98.8 98.8 98.8 98.7 98.7 98.7 98.6 98.5 98.5

Sparse | 32.8 |29.8 30.8 31.6 320 322 320 319 31.6 31.2 31.0 30.8 30.1 29.8 29.3
VoxelNeXt | Medium | 91.5 |91.0 91.2 91.3 912 91.3 91.2 91.2 91.1 91.1 91.0 91.0 90.8 90.7 90.5
Dense | 99.3 1994 994 994 994 994 993 993 99.3 993 99.2 992 99.2 99.3 99.2

Sparse | 28.0 |24.8 25.6 26.0 262 263 263 264 264 263 264 263 262 26.1 26.0
DSVT-P | Medium | 89.9 |88.1 88.2 882 882 88.1 88.0 879 879 87.8 87.8 87.8 87.7 87.6 875
Dense | 99.0 |98.8 98.7 98.7 98.77 98.6 985 985 984 984 983 983 982 98.0 98.1

Table 3.7: Dynamic vehicle AP performance breakdown by point cloud density. The best perfor-
mance is highlighted in bold and the second best is underlined.
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Figure 3.5: AP vs. the number of frames for sparse (<2 pts/m?), medium ((2,100] pts/m?), and
dense (>100 pts/m?) dynamic vehicles.

Stationary, slow, and fast vehicles respectively amount to 79.7%, 14.2%, and 6.1% of the Waymo
validation set. The AP performance for each subcategory is reported in Table 3.6.

Our results for the baseline models are consistent with the trade-off observed in existing work
and further suggest that this effect is consistent across different architectures. Moreover, the
results show that the optimal number of frames can be different for objects with different speeds.
Specifically, the stationary vehicle performance (fig. 3.4a) increases as more frames are used for
aggregation: all baseline models achieve the best performance with 16-frame input, suggesting
more aggregation is beneficial. Slow vehicles (fig. 3.4b), on the other hand, reach maximum
performance at 7 frames, while for fast-moving vehicles (fig. 3.4c), a large degradation can be
observed when more frames are used, indicating aggregating fewer frames is more favourable.

VADet, on the other hand, does not exhibit such a performance trade-off. For all three ar-
chitectures and subcategories, VADet achieves higher AP than the best fixed aggregation con-
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Speed All Stationary Slow Fast
Density | Sparse Med. Dense | All Sparse Med. Dense | All Sparse Med. Dense | All Sparse Med. Dense

% | 335 598 67 [797 287 460 50 |142 35 94 13 |61 14 43 04

Table 3.8: The percentage of Waymo vehicles in each speed-density subcategory.

figuration in each respective subcategory (underlined in Table 3.6). This not only highlights
the effectiveness of VADet at mitigating the performance trade-off between objects at different
speeds but also demonstrates the applicability of VADet to various architectures.

Point Density

To demonstrate that input aggregation can also lead to a performance trade-off between objects
with different point cloud densities, we evaluate and report the performance of vehicles with dif-
ferent point cloud densities. Using eq. (3.1), we divide the vehicle class into sparse (<2 pts/m?),
medium ([2,100) pts/m?), and dense (>100 pts/m?) subcategories.

For stationary objects, we observe the same trend seen in fig. 3.4a, suggesting the perfor-
mance is not influenced by the point cloud density. The following analysis therefore focuses on
dynamic objects (>0.2 m/s), with the full results for stationary objects in following section. The
dynamic vehicles in the validation set contain 23.9% sparse, 67.9% medium, and 8.2% dense
vehicles according to our definition. The AP performance for each subcategory is detailed in Ta-
ble 3.7.

While we have previously observed that dynamic objects favour fewer input frame counts, we
notice in fig. 3.5a that sparse objects can still benefit from more input aggregation: up to 7-frame
aggregation for CenterPoint and VoxelNeXt, and up to 12-frame aggregation for DSVT-P. On the
other hand, for denser objects (figs. 3.5b and 3.5¢), higher frame counts become harmful to the
detection performance. All three architectures achieve the best performance for medium density
vehicles with 5-frame input, and dense vehicles with 3-frame input. Our results highlight a trade-
off that has not been studied in existing work and underscores the necessity of considering point
density in our proposed approach.

Compared to fixed aggregation, VADet is comparable to the best performance in each sub-
category, surpassing fixed aggregation in many cases. This demonstrates that VADet is also
effective at addressing the trade-off between objects with different point densities for different
architectures.
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Full Breakdown Results

For the full breakdown analysis, we consider each speed and point cloud density combination
based on the same subdivisions used in the previous sections, and perform evaluation on all
subcategories. Table 3.8 shows the composition of vehicles in the Waymo dataset. The results
are presented in Table 3.9.

As previously mentioned, while we notice a performance trade-off between dynamic objects
with different point cloud densities, we do not observe this effect for stationary objects, which is
likely due to the stationary object point clouds being inherently well-aligned and coherent after
aggregation. Using more frames therefore does not introduce distortions that could deteriorate
the detection performance.

3.5 Limitations and Future Work

VADet is a a model-agnostic alternative to fixed aggregation, and thus its performance is depen-
dent on the architecture that it is applied to. While experiments on three current SOTA object
detectors demonstrate that VADet can consistently out-perform the baseline methods, its bene-
fits may be less pronounced for architectures that either suffer less from performance trade-offs
or do not experience such trade-offs at all. For instance, an architecture capable of effectively
attending to the relevant points may mitigate the impact of points from previous frames on dy-
namic objects. Future work could investigate additional architectures, especially the more recent
point-based transformers.

Likewise, classes that do not exhibit significant performance issues related to the amount of
aggregation would not benefit as much from VADet. In this thesis, we have chosen to focused on
the Waymo vehicle class not only as a common expedient to simplify comparisons, but also due
to the speed-related trade-off being most apparent in vehicle class. Pedestrians and cyclists, on
the other hand, typically do not vary as much in speed and rarely remain stationary in the same
way vehicles do (e.g., due to deformation). Classes like these might not benefit as much from
VADet as vehicles do.

Moreover, VADet is designed to prevent “over-aggregation.” For objects that do not benefit
from more aggregation, VADet will effectively reduce to a few-frame aggregation, in which
case the model will not take full advantage of temporal information. In these situations, more
advanced methods would be required to incorporate temporal data without causing confusion or
degradation in performance.

50



Architecture Speed Density | VADet | 3f 4f 5f of 7t 8f 9f 10f 11f 12f 13f 14f 15f 16f
Sparse 355 | 253 272 286 296 304 31.0 314 31.7 31.8 32.0 32.1 32.1 32.1 32.1
All Medium | 85.0 | 834 83.8 84.1 843 845 84.6 84.7 847 847 848 848 847 84.7 84.6
Dense 98.7 | 985 985 98.5 98.6 98.6 98.6 98.6 98.6 98.6 986 98.6 98.6 98.6 985
All 703 | 658 66.8 67.6 68.1 685 68.8 69.1 693 694 695 69.6 69.6 69.7 69.7
Stationary Spa{se 368 | 255 27.6 29.1 302 312 319 324 328 33.1 333 334 335 336 337
Medium | 84.2 | 822 827 83.1 833 83.6 837 839 839 84.0 84.1 84.1 84.1 84.1 84.0
. Dense 98.6 | 984 984 984 985 985 985 985 985 986 986 98.6 98.6 98.6 98.6
CenterPoint
All 75.0 | 741 745 747 749 749 748 748 747 746 T46 745 744 742 740
Slow Sparse 259 | 222 237 245 250 250 250 251 249 246 246 242 241 237 233
Medium | 86.6 | 86.3 864 86.5 86.5 86.5 865 864 864 863 862 862 86.1 86.0 85.8
Dense 99.2 992 992 992 99.2 992 99.1 99.1 99.0 99.0 99.0 98.9 98.8 98.7 98.7
All 795 | 789 79.0 79.1 79.0 789 789 788 78.6 783 779 778 774 71.0 76.6
Fast Sparse 32.1 | 29.8 304 308 306 304 30.0 29.8 293 28.8 282 278 270 264 254
Medium | 90.3 | 90.1 90.0 90.0 89.9 89.9 899 89.7 89.7 89.3 89.0 89.0 88.6 88.3 88.0
Dense 97.8 | 978 97.8 97.7 978 977 97.8 97.8 979 978 97.8 979 978 979 978
Sparse 40.1 | 30.6 325 339 350 357 362 36.6 369 37.1 373 374 374 375 374
All Medium | 88.6 | 872 87.6 87.8 87.9 88.0 88.1 88.1 882 882 882 882 882 88.1 88.1
Dense 98.9 [99.1 99.1 99.1 99.1 99.0 99.0 99.0 99.1 99.0 99.0 99.1 99.1 99.1 99.1
All 743 | 704 713 719 723 726 729 73.1 732 733 734 735 735 73.6 73.6
Stationary Sparse 41.2 | 30.8 329 344 355 363 369 374 37.8 38.1 384 385 386 38.8 388
Medium | 87.7 | 86.1 86.5 86.7 869 87.0 87.1 872 873 873 874 874 874 874 874
Dense 98.8 [99.0 99.0 99.0 99.0 989 989 99.0 99.0 99.0 99.0 99.0 99.0 99.0 99.0
VoxelNeXt
All 79.6 | 785 789 79.2 793 794 794 793 793 792 792 79.1 789 788 78.7
Slow Sparse 30.8 | 273 285 29.6 30.1 304 303 304 302 299 297 29.5 29.1 28.8 285
Medium | 904 | 89.9 90.1 90.2 90.2 90.2 90.2 90.1 90.1 90.1 90.0 90.0 89.9 89.8 89.7
Dense 99.6 | 99.6 99.6 99.6 99.6 99.6 995 995 99.5 995 994 994 994 995 994
All 84.2 | 83.6 83.8 838 839 838 83.7 83.6 835 833 832 830 826 824 819
Fast Sparse 37.8 | 359 364 365 368 36.7 363 357 351 345 343 338 327 324 313
Medium | 93.8 | 934 935 935 935 934 934 934 933 932 93.1 930 927 925 922
Dense 983 | 98.8 98.7 98.6 98.7 98.6 98.6 98.6 98.6 987 988 98.7 98.7 988 98.6
Sparse 368 | 252 27.0 284 295 304 31.2 319 325 33.1 33.6 340 344 347 351
All Medium | 87.2 |84.1 84.6 848 85.1 852 853 854 855 856 856 856 857 857 858
Dense 98.8 | 983 984 984 984 984 984 984 984 984 984 984 984 983 983
All 723 | 664 674 68.1 687 69.1 69.5 69.8 70.1 703 70.6 70.7 70.9 71.0 712
Stationary Sparse 381 | 252 273 288 30.1 31.1 32.0 32.8 335 34.1 347 352 357 36.1 365
Medium | 86.4 | 829 835 83.8 842 843 845 847 84.8 849 850 850 851 852 852
DSVIP Dense 98.8 | 98.1 982 98.3 983 984 984 984 984 984 984 98.5 984 984 984
All 773 | 750 754 755 75.6 757 756 755 755 755 755 755 754 753 753
Slow Sparse 259 | 224 234 239 242 243 244 245 246 246 247 247 247 246 247
Medium | 88.5 | 86.5 86.7 86.7 86.7 86.7 86.6 86.5 86.5 865 864 863 863 86.3 86.2
Dense 99.5 992 992 992 99.2 992 989 989 98.8 988 98.7 98.7 98.5 984 985
All 82.6 |81.2 81.2 81.0 809 80.8 80.7 80.7 80.6 80.6 80.5 80.5 804 803 802
Fast Sparse 331 |30.7 312 312 31.1 31.1 309 309 308 30.7 30.5 304 302 299 295
Medium | 929 |91.6 91.5 914 91.3 91.1 91.0 909 909 90.8 90.8 909 90.7 90.6 90.6
Dense 975 [97.6 972 97.2 97.1 968 97.0 969 96.8 96.7 969 97.0 96.8 96.8 96.7

Table 3.9: AP performance breakdown by speed and point cloud density.

is highlighted in bold.
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Finally, the current implementation of the 7 function has two major limitations. First, we
only explored speed and point cloud density as two primary factors without considering other
potential factors related to the object, the environment, or the architecture itself. Second, since
7 1s constructed by evaluating performance for each object type across various input configura-
tions, for object types with insufficient training samples (e.g., high-speed cyclists), n may suffer
from large performance variances, leading to inaccuracies. To address these issues, future work
could explore a formulation of 7 that does not require explicitly specifying trade-off factors or
subdividing the dataset for evaluation. One promising approach could be to apply reinforcement
learning to adaptively learn an aggregation policy.

3.6 Conclusion

We have addressed the inherent performance trade-off of fixed aggregation by proposing VADet,
a variable aggregation approach that can be easily applied to different architectures with minimal
modifications. Our extensive evaluation shows that VADet can effectively combat the trade-
off and achieve SOTA performance. While VADet has its limitations in its current form, it
underscores the need for more detailed performance assessments in 3D object detection (such
as for different object classes, distances, velocities, motion patters, and scan point distributions)
and highlights the potential improvements that could be achieved with LiDAR-only methods.
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Chapter 4

MFSeg

Efficient Multi-frame 3D Semantic Segmentation

4.1 Introduction

LiDAR-based 3D semantic segmentation is an essential task for 3D scene understanding in
robotic applications such as autonomous driving. Accurate segmentation of LiDAR point clouds
allows robotic systems to identify and classify objects in their environment, ensuring safe and
reliable navigation.

LiDAR point clouds are typically captured sequentially, and utilizing this temporal nature
has been shown to significantly enhance various 3D perception tasks. In the context of 3D
semantic segmentation, recent work has explored feature-level aggregation across consecutive
frames [202, , ]. While these approaches have shown promise, they rely on structured
representations of point clouds such as range image to align intermediate features across frames
or are extensions of out-dated architectures. This limits their applicability to the current state-of-
the-art (SOTA) methods in 3D perception such as point transformers [1 17, , , ].

An alternative approach involves aggregating multi-frame point clouds at the input level via
concatenation. This is widely adopted in 3D object detection as the multi-frame point clouds
contain richer geometric information and can improve detection accuracy [20, 30, 88, ]. In
3D semantic segmentation, we also find this approach to be beneficial. As shown in Figure 4.1,
multi-frame point clouds provide a modest overall improvement (2.3%) in mean intersection-
over-union (mloU) performance, and a noticeably higher gain (up to 5.6%) in detecting vulnera-
ble road users such as pedestrians and cyclists. This highlights the benefits of multi-frame point
clouds for 3D semantic segmentation task in real-world applications.
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Figure 4.1: Relative mloU improvement between various levels of multi-frame point cloud con-
catenation and single-frame input. Performance are evaluated using a SparseUNet [72] on the
Waymo dataset [218].

Despite the benefits, multi-frame point clouds pose unique challenges for the SOTA point-
based methods. Firstly, the increase in the number of points introduces computational chal-
lenges. For instance, a 64-beam LiDAR sensor can produce an average of 177K points per
frame [2 18], and concatenating six frames can result in over one million points. Processing these
dense point clouds requires significant computation, as illustrated by the latency of a SOTA
method PTv3 [267] in Figure 4.2. Secondly, current methods follow the U-Net design and re-
quire upsampling point features in the decoder stage. This introduces unnecessary computational
overhead for multi-frame point clouds, as predictions are typically only needed for points in the
current frame.

In this chapter, we propose MFSeg, an efficient multi-frame 3D semantic segmentation
framework. MFSeg aggregates point cloud sequences at the feature level while retaining the
properties of input-level concatenation via a novel aggregation pipeline and regularization strat-
egy. Unlike prior work, our method does not assume a structured feature representation and thus
can be applied to SOTA point-based backbones such as point transformers.

To address the computational challenges, we employ a local feature extractor to reduce the
input density, allowing MFSeg to efficiently process multi-frame inputs and features. Further-
more, we introduce a simple MLP-based point decoder to replace the traditional symmetrical
decoder in the U-Net design, avoiding the unnecessary upsampling of point features.

These components enable MFSeg to achieve SOTA performance with low latency, as illus-
trated in Figure 4.2. Experiments on two large-scale datasets, nuScenes [20] and Waymo [2 18],
demonstrate that MFSeg can consistently outperform existing methods.
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Figure 4.2: Inference time of PTv3 [267] and MFSeg under a range of point cloud sequence
length on the nuScenes dataset [20] (left) and Waymo dataset [2 18] (right). PTv3-ds denotes that
the point cloud is downsampled using a voxel-grid with size 0.05 m?3, while PTv3 is evaluated
with minimum input downsampling.

4.2 Method

MFSeg consists of four key components: (i) a local feature extractor (LFE) for capturing local
point cloud features, (ii) a novel feature aggregator that fuses features from multiple frames, (iii)
an off-the-shelf backbone encoder for processing the aggregated features, and (iv) an efficient
point decoder that generates per-point predictions directly from the encoder output. An overview
of the MFSeg architecture is provided in Figure 4.3. In the following sections, we describe each
component in detail.

4.2.1 Local Feature Extraction

Directly processing dense LiDAR point clouds or aggregated features from multiple frames using
a point-based backbone encoder can require substantial computational resources. As illustrated
in Figure 4.2, the PTv3’s runtime efficiency deteriorates with increasing input size, even when
using voxel-grid downsampling.

To address this challenge and facilitate the use of additional frames, we employ a local feature
extractor (LFE) to capture point cloud features within a local neighbourhood. It reduces redun-
dancies while preserving relevant local geometric information that will be used by the feature
aggregator later.
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Figure 4.3: An overview of the proposed MFSeg architecture.

To efficiently define the local neighborhood, we first voxelize the point cloud and assign each
point to a voxel in the grid. An off-the-shelf voxel feature extractors (VFEs) commonly used in
3D object detection [280] is employed to compute feature vectors for each voxel based on the
points contained within it.

Although voxelization is applied, our method does not impose any structural assumptions on
the resulting features like voxel grids. Instead, each voxel is treated as a new point, represented
by a coordinate and an associated feature vector. Thus the resulting features form a new point
cloud corresponding to the set of voxel features.

4.2.2 Feature Aggregation

The feature aggregator in MFSeg is designed to combine the LFE features from past frames with
the current frame features. In order to retain the benefits of input concatenation as previously
demonstrated in Figure 4.1, our feature aggregator aims to mimic the behavior of point cloud
concatenation but in the feature space, allowing us to aggregate features in a way that maintains
the spatial relationships between point clouds. To achieve this, our core idea is to formulate the
feature space as a commutative monoid and treat the aggregator as a homomorphism mapping,
thereby ensuring that the aggregation operation behaves similarly to point cloud concatenation.

Formally, let P be the set of point clouds and & : P x P — P the concatenation operation.
Since & is associative and commutative, and the empty point cloud e € P is an identity element,
(P, @, e) thus forms a commutative monoid. We further denote the LFE defined in the previous
section as a function f : P — F' that maps point clouds to a feature space F'.

We first formulate (£, ®, 0), the feature space F' equipped with the binary aggregator ® and
the zero vector O, to be a commutative monoid. Given features z,y, 2 € [, the aggregator ©®
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should satisfy the following properties:

rTOYyY=y0Oux, (Commutativity) “4.1)
(x0Yy)Oz=20(yO 2), (Associativity) 4.2)
r®0=ux. (Identity) 4.3)

Since (P, @, e) and (F, ®,0) are now both commutative monoids, we can now treat the LFE f
as a homomorphism between them. Specifically, for point clouds u, v € P,

flu®v) = f(u) © f(v), (4.4)
fle)=o0. (4.5)

In practical applications, the point cloud sequences are typically aggregated in the order
that they are captured by the LiDAR sensor. While this suggests that © may not need to be
commutative or associative, we find these properties to be beneficial to the model’s performance,
as will be shown in the ablation study (Section 4.4.3).

With the algebraic structure of the feature space defined, we next focus on how features
from different frames are associated and fused during the aggregation process, and how the
aforementioned properties can be enforced through architectural design and auxiliary losses.

Feature Association

Recall from Section 4.2.1, the LFE produces a set of feature vectors for each point cloud, where
each feature vector is computed using the points in the corresponding voxel. To combine a set of
features from previous frames X, ; C F' with the current frame features X, C F', we first need
to associate the two set of feature vectors before applying © to each associated pair.

As depicted in Figure 4.4, given features X, ; and corresponding coordinates C,_; C R?
from the previous frames, we first map the feature coordinates from the previous coordinate
system 7, _; € SE(3) into the current coordinate system 7, :

L ={T7' T e ceCry ) (4.6)

Afterward, feature vectors from the current frame X, and the past frames X _; are assigned
to voxels based on the current coordinates C- and the transformed coordinates C”_, respectively.
We ensure that at most one feature vector from each set is assigned to the same voxel by using
the same voxel size as VFE. The feature vectors belonging to the same voxel are associated and
will be fused using © in the following step.
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Figure 4.4: The feature association process (Section 4.2.2). Previous frame LFE features first
undergo ego-motion correction, then are jointly voxelized with the current frame features to
establish association. Features that cannot be associated are paired with the zero vector 0.

Since the feature coordinates are generally not aligned with the voxel grid, we further append
the offset from the voxel center to each feature vector to preserve fine-grained spatial information.
For feature vectors that cannot find an association after voxelization, we set their associated
vectors to be the zero vector 0, indicating that the point cloud in that region is empty e. Note that
this trivially satisfies Equation (4.5).

Feature Aggregator

After the association step, the feature aggregator ® is applied to each pair of the associated
feature vectors. We formulate the aggregator © as follows:

I

x4+, ifr=0o0ry =0,
rOv= g <—h(z’y)+h(y’z)> otherwise “.7)
5 .

h(z,y) : F' x ' — F is a binary operator that merges the associated feature vectors x and y via
concatenation followed by an FCN; g : F' — [ is another FCN.

The first case in Equation (4.7) handles the situation where a feature vector cannot be associ-
ated, satisfying the identity property (Equation (4.3)). In the general case, we apply symmetriza-
tion to h followed by another FCN g to enforce commutativity (Equation (4.1)).

Auxiliary Loss

As the associativity (Equation (4.2)) and the homomorphism (Equation (4.4)) properties cannot
be strongly enforced via architectural design, we use an auxiliary loss to approximate them.
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Figure 4.5: The proposed training scheme and auxiliary loss for the LFE and the feature aggre-
gator.

Given point clouds py, p2, ps € P, we can rewrite Equations (4.2) and (4.4) as the following:

f(p1 ® p2 ® p3) = (f(pl) © f(p2)) ® f(ps)
- (f(pﬂ(l)) © f(pﬂ(Z))) O f(Pr3));

where 7 is an arbitrary permutation. To represent the three terms in Equation (4.8), we process
the point cloud sequences with three branches during training, as depicted in Figure 4.5: (i) the
sequence is aggregated in its original order, (ii) the sequence is aggregated under some random
permutation, and (iii) the sequence is first concatenated at the input level, then processed by
the LFE. The three sets of feature vectors are then associated with each other using the same
technique as described in Section 4.2.2. For each associated triplet, we compute a three-way
cosine similarity loss.

(4.8)

This auxiliary loss ensures that the LFE f and feature aggregator ® approximate the de-
sired algebraic properties, facilitating the network to learn a more robust and consistent feature
aggregation process.

4.2.3 Point Decoder

After applying an off-the-shelf backbone to the aggregated features, MFSeg employs an MLP-
based point decoder to generate per-point predictions. Unlike the U-Net-style decoders used in
existing methods, our approach avoids upsampling the encoder features. This design serves two
purposes: first, we aim to prevent unnecessary computation of features for points from previous
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frames. Second, since the LFE operates on a neighborhood of points and the aggregation occurs
at the feature level, symmetrical upsampling back to the original input resolution is not feasible.

Instead, we propose a simple and efficient point decoder that avoids the upsampling process
by directly using the encoder’s output. As illustrated in Figure 4.3, for each point where a pre-
diction is required, we query the encoder features at multiple scales using K-nearest neighbors
(KNN) and append the relative offsets from the feature vector’s coordinates. The multi-scale
features and offsets are then concatenated and processed by an FCN to generate the final seg-
mentation prediction.

4.3 Experimental Setup

4.3.1 Datasets

To evaluate the effectiveness and efficiency of MFSeg, we perform experiments on two large
scale semantic segmentation benchmarks: nuScenes [20] and Waymo [218].

The nuScenes dataset is collected in the Boston and Singapore areas using a 32-beam LiDAR.
It consists of 1000 sequences with 850 in the training and validation splits, and 150 reserved for
testing. Due to the relatively sparse nature of the point clouds in this dataset, with an average
of 37k points per frame, 3D perception tasks can often benefit from input concatenation across
longer sequences.

The Waymo dataset is collected in the San Francisco, Mountain View, and Phoenix regions
using a more complex 5-sensor setup, with a primary 64-beam LiDAR. Consequently, the point
clouds in Waymo are much denser, averaging 177k points per frame. This density poses a sig-
nificantly greater computational challenge compared to nuScenes, particularly with multi-frame
mputs.

4.3.2 Implementation Details

Our implementation is built on the official codebase of PTv3 !, utilizing the PTv3’s encoder
as our backbone. The LFE module consists of four linear layers with channel dimensions of
[128,128,128,128]. The feature aggregator is composed of two FCNs, h and g, as described
in Section 4.2.2. Both h and g are three-layer FCNs with a hidden channel dimension of 128.
Following a common practice in input concatenation, during feature aggregation, we append

"https://github.com/Pointcept/Pointcept
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timestamps to the feature vectors to help the model distinguish current and past frame features.
Finally, the point decoder is an FCN with hidden channel sizes [1024, 512,256, 128, 64]. For
nuScenes models, we aggregate a maximum of 10 frames, and for Waymo models, we aggregate
a maximum of 5 frames.

We employ a two-stage training strategy. In the first stage, we train the model with input
concatenation, bypassing the feature aggregator (branch (iii) in Figure 4.5). This helps initialize
the LFE and the other network components. For this stage, we adopt the same training parameters
and data augmentations used by PTv3. For both the nuScenes and Waymo datasets, the model is
trained for 50 epochs following a one-cycle learning rate schedule with a maximum learning rate
of 0.002. In the second stage, we fine-tune the model using the auxiliary loss scheme detailed in
Section 4.2.2. The model is trained for an additional 20 epochs with a maximum learning rate of
0.001.

4.4 Results

4.4.1 Overall Performance

The results on the nuScenes dataset and the Waymo dataset are presented in Table 4.1 and Ta-
ble 4.2 respectively. To provide a fair comparison with methods that utilize test-time augmen-
tation (TTA), we report results both with and without TTA, although TTA is not practical for
real-time applications.
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Bicycle
Motorcycle

Figure 4.6: Segmentation results from PTv3 (left) and MFSeg (right). PTv3 misclassifies a par-
tially occluded bicycle along with nearby background points as motorcycle (blue), while MFSeg
accurately identifies the points belonging to the bicycle (red).

MFSeg outperforms competing single-frame methods across both datasets, even without the
use of TTA. On the nuScenes dataset, MFSeg achieves a mloU of 81.3% without TTA and
82.5% with TTA, surpassing the performance of the SOTA method PTv3 with single-frame input,
while matching its performance with 10-frame concatenated point clouds. Noteably, compared
to single-frame methods, MFSeg improves the performance of vulnerable road users, including
pedestrian, bicycle and motorcycle, which are crucial in practical applications. A qualitative
example is shown in Figure 4.6.

On the Waymo dataset, MFSeg also outperforms single-frame SOTA PTv3 in terms of mloU,
achieving 72.1% without TTA and 72.7% with TTA. Similarly, we observe substantial improve-
ments in the performance of bicycle, bicyclist, and motorcycle, with a moderate improvement in
pedestrian.

Our results demonstrate that MFSeg can effectively utilize sequential point cloud data, pro-
viding benefits similar to point cloud concatenation (Figure 4.1) without the associated compu-
tational cost. Moreover, MFSeg’s ability to perform well without relying on TTA highlights its
potential for real-time deployment.

4.4.2 Inference Latency

To demonstrate that MFSeg can process multi-frame point clouds more efficiently than existing
point-based methods with concatenated point clouds, we compare its inference time with SOTA
method PTv3 across a range of input sequence lengths.

Although PTv3 is a point-based method, in practice, its input point cloud is downsampled
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Figure 4.7: A breakdown of the latency of each component in MFSeg.

using a voxel-grid. To highlight the effect of input complexity on the latency of point-based
methods without downsampling, we evaluate PTv3 using a small voxel size of 0.01 m? to min-
imize the downsampling effects. This setup demonstrates the computational requirements of
processing dense point clouds without simplification. For comparison, we refer to the version of
PTv3 that employs voxel-grid downsampling as PTv3-ds.

We measure the latency on the validation split using a single NVIDIA A6000 GPU with min-
imum additional system load. Data loading time is excluded from the measurement. The results
are shown in Figure 4.2. In both datasets, we observe that PTv3, when processing concatenated
point clouds with minimal downsampling, scales poorly as the number of frames increases, mak-
ing it unsuitable for online settings. While PTv3-ds has a much lower latency thanks to input
downsampling, it is unable to produce predictions for every point in the point cloud without label
interpolation or multiple forward passes. In contrast, MFSeg achieves consistently lower latency
and scales more efficiently as the number of frames increases, indicated by the gentler slope,
while delivering better performance compared to input concatenation.

Figure 4.7 shows a breakdown of the latency of each component of MFSeg. In both datasets,
we observe that the proposed LFE layer and point decoder introduce minimum computational
overhead. However, as the input density increases, particularly in the Waymo dataset, the cost
of the KNN operation rises significantly. Efficiently extracting multi-scale features from the
unstructured features of a point-based backbone remains a computational challenge, and we
believe future work should focus on addressing this issue.

4.4.3 Ablation Study

We conduct an ablation study on the nuScenes dataset to illustrate the impact of each proposed
component. The results are presented in Table 4.3.

First, in row A and B, we investigate the effects of LFE and the point decoder in the single-
frame setting. Note that row A represents a baseline PTv3 without our proposed modifications,
and the feature aggregator is bypassed in this setup. The results show that both models achieve
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Point Input Feature Associativity Homomorphism
Decoder Concatenation Aggregation Loss Loss

- - - - 78.6
- - - - 79.2
- - - 81.7
v - - 79.8
- v v - 80.6
v v v 81.3

LFE mloU
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Table 4.3: Ablation study on the NuScenes validation split without TTA.

comparable performance, indicating that the LFE and point decoder maintain the SOTA perfor-
mance of PTv3, despite being simpler in design.

Next, we explore the impact of input concatenation and feature-level aggregation in multi-
frame settings. Comparing row C with rows A and B, we observe that multi-frame point clouds
can enhance segmentation performance when using a point-based backbone. However, in row
D, where feature aggregation is applied without regularization, the model can no longer achieve
the full benefits of input concatenation.

By introducing auxiliary losses to enforce the desired algebraic properties in the feature
space—-specifically associativity (row E) and homomorphism (row F)—-we observe that our
method matches the performance of input concatenation (row C). In row E, we disable the third
branch depicted in Figure 4.5, and the feature association and cosine similarity is only computed
between the original sequence and permuted sequence, thus only enforcing Equation (4.2). Row
F represents our full approach with all the proposed components. These results validate the
effectiveness of our proposed method.

4.5 Limitations and Future Work

The core idea of MFSeg is to enforce the feature space to mimic the behavior of input-level
aggregation. While the motivating example in Figure 4.1 demonstrated the benefits of point
cloud aggregation for 3D semantic segmentation, it remains unclear whether this is the optimal
approach. In other words, our method might be attempting to replicate the behavior of a sub-
optimal strategy for incorporating temporal information, which could fundamentally limit the
model’s performance. To better understand this, it is necessary to perform a more in-depth anal-
ysis of the performance characteristics of 3D semantic segmentation models using different input
configurations.
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Additionally, this chapter presents experiments with feature aggregation only at the input
layer level. It is therefore not clear whether applying feature aggregation to deeper layers, or
multiple layers, would be more or less effective. On the one hand, introducing supervision at
multiple scales may help the model converge more quickly to the objective defined in Equa-
tion (4.8). On the other hand, higher-level features—often residing in much higher-dimensional
spaces and encoding contextual information—might not be as easily aggregated in analogy to
point cloud concatenation as the early layer features. Further experiments are needed to address
these questions.

Related to the previous point, since the aggregator is applied at the lower levels, the aggre-
gated features may lack the contextual information present in the deeper layers of the network.
To fully take advantage of the global context from later stages, modifications to the current ar-
chitecture may be necessary to integrate both local and global features more effectively.

In terms of computational efficiency, MFSeg still has significant room for improvement. Dur-
ing training, one of the proposed branches requires processing dense concatenated point cloud
sequences to guide the feature aggregator. While no decoding or prediction occurs in this branch,
the initial LFE can still consume a substantial amount of memory due to the large number of
points. As a result, while MFSeg scales better at test time, training under this configuration
remains challenging. Further optimizations or surrogate losses that approximate Equation (4.8)
could eliminate the need for dense processing during training, improving training efficiency.

At test time, although the design of the point decoder is simple and incurs minimal computa-
tional cost (Figure 4.7), the KNN operation used to gather multi-scale features from the backbone
encoder is computationally expensive and can become a bottleneck in real-time applications. To
further improve efficiency, replacing kNN with a voxel-based association technique, such as the
one discussed in Section 4.2.2, could improve the scalability of MFSeg.

4.6 Conclusion

In this chapter, we introduced MFSeg, an efficient framework for multi-frame 3D semantic seg-
mentation. By aggregating point cloud sequences at the feature level and regularizing the feature
extraction and aggregation process using a novel formulation, MFSeg is able to reduce compu-
tational overhead while maintaining high accuracy. Experiments on the nuScenes and Waymo
datasets demonstrate that MFSeg outperforms existing methods while achieving lower inference
latency than the comparable point-based method in the multi-frame setting.
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Chapter 5

SOAP

Cross-sensor Domain Adaptation for 3D Object Detection Using
Stationary Object Aggregation Pseudo-labelling

5.1 Introduction

LiDAR sensors are commonly used in autonomous driving and other safety-critical robotic ap-
plications to provide accurate 3D localization of objects. State-of-the-art (SOTA) LiDAR-based
object detectors currently use deep neural networks trained via supervised learning, requiring a
large amount of realistic data labelled by human annotators. Annotation is expensive, motivating
the re-use of existing labelled datasets, but these typically have a limited domain, e.g., a specific
sensor configuration and relatively few geographic locations and weather conditions. It is well
known that detectors trained with a dataset from one domain experience a significant degradation
of performance when fed data from a different domain.

In this chapter, we tackle the cross-sensor domain adaptation problem that arises whenever
a detector is required to interpret data from a sensor different to that on which it was trained.
Specifically, given a detector trained on labelled point clouds collected using one sensor (the
source domain), we aim to improve the detector’s performance on point clouds collected using
a different sensor (the target domain), either with no labels (unsupervised) or with only a small
number of labels from the target domain (semi-supervised). This situation arises commonly
when a LiDAR sensor is updated or a fleet of autonomous vehicles uses multiple sensors.

Cross-sensor domain adaptation can present a formidable challenge because similar objects
scanned by different LIDAR sensors may have very different scan patterns, even after the widely-

67



-
L

K-S statistic = 0.24

//— nuScenes (10)

1/ Waymo (5)

fraction of points =z

o

T T
0 normalized z-value 1

(a) nuScenes sparse  (b) Waymo sparse (c) CDFs for sparse

1 B
K-S statistic = 0.11 /7

— nuScenes (400)
Waymo (200)

fraction of points =z

o
L

v v
0 normalized z-value 1

(d) nuScenes dense  (e) Waymo dense (f) CDFs for dense

Figure 5.1: Scan lines are evident in point clouds when only few input frames are used (a,b),
appearing as obvious modes in CDF plots that largely differ because of the modes (c). Aggre-
gating many more frames removes visible scan lines (d,e) and makes CDFs for similar objects in
different datasets more alike (f)

adopted few-frame input aggregation. Figures 5.1a and 5.1b show point clouds of vehicles at sim-
ilar distances from their respective sensors, created by aggregating 10 frames from nuScenes [20]
and 5 frames from Waymo [2 18] datasets, respectively. There are evident scan lines and obvi-
ous visual dissimilarities between the point clouds. There are also significant differences in the
corresponding cumulative density function (CDF) plots of the z-component of point positions
(Figure 5.1c).

Although SOTA 3D object detectors perform well within a given domain, their performance
significantly drops when applied to cross-sensor point clouds. This is demonstrated in Table 5.1,
where we compare the performance of a VoxelNeXt [33] model trained and evaluated on the
nuScenes [20] and Waymo [2 | 8] datasets.

We attribute much of this performance degradation to the different scan patterns mentioned
above. This view is supported by a recent study based on simulation [64] that suggests the
difference in scan patterns alone can have a substantial impact on the performance of existing
object detectors. At the same time, we observe that aggregating many more frames tends to
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#frames AP A

1 7.0 705
nuScenes — Waymo 5 20.4

-57.1

Waymo in-domain 5 77.5
1 427 408
Waymo — nuScenes 10 490 345

nuScenes in-domain 10 83.5

Table 5.1: Degradation (A) w.r.t. in-domain performance of SOTA detector VoxelNeXt [33] in
Waymo < nuScenes cross-sensor setting. Increasing the number of aggregated frames improves
over single-frame input, but there is still a substantial performance gap.

reduce the scan patterns. This is illustrated in Figures 5.1d and 5.1e, which show dense point
clouds created by aggregating 400 nuScenes and 200 Waymo frames, respectively. There are no
visible scan lines and the multi-modality evident with few frames has disappeared from the CDF
plots in Figure 5.1f.

SOTA methods in cross-sensor domain adaptation often employ pseudo-labelling, where a
model trained on labelled data is used to generate labels for unlabelled data. As detailed in Sec-
tion 2.7, various approaches have been proposed to improve pseudo-label quality and regularize
training with pseudo-labels [257, , ], but these approaches do not appear to explicitly
address the important difference in scan-patterns between different domains.

To tackle this gap, we propose Stationary Object Aggregation Pseudo-labelling (SOAP) to
improve cross-sensor pseudo-label accuracy by exploiting scene-level full-sequence aggregation
of input point clouds to close the domain gap caused by scan patterns. SOAP is motivated by
the facts that (i) aggregation improves the representation of sparsely-scanned objects [255], (ii)
sensor-specific scan patterns are reduced by full-sequence aggregation (Figure 5.1), and (iii) sta-
tionary objects respond well to full-sequence aggregation and are a statistically important com-
ponent of object detection: at least two thirds of cars are stationary at some point in sequences in
major realistic driving datasets [20), , , ].

Unlike previous pseudo-labeling methods, which aggregate point clouds at the object or
track level, SOAP directly uses scene-level aggregated point clouds as input. This approach
improves pseudo-label quality for stationary objects while preserving dynamic object labels.
SOAP pseudo-labels can be employed to update detectors or bootstrapping annotations, making
it compatible with many existing domain adaptation methods.

Extensive experiments using nuScenes and Waymo datasets show SOAP pseudo-labels can
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Figure 5.2: Overview of Stationary Object Aggregation Pseudo-labelling (SOAP) pipeline.

close a minimum of 30.3% overall domain gap compared to few-frame detectors without access
to any target domain labels. SOAP also complements other SOTA domain adaptation meth-
ods, including ST3D [286] and SSDA3D [257], improving their already impressive results in
both unsupervised and semi-supervised settings. In nuScenes — Waymo setting using Center-
Point [298], for example, using SOAP closes 42.6% domain gap compared to the 9.5% closed
by ST3D. With only 1% target domain labels, SOAP closes 86.8% domain gap compared to the
81.4% closed by SSDA3D.

5.2 Method

The main components of SOAP are: (i) Scene-level Full-sequence Aggregation (SFA), which
produces aggregated point clouds from the entire input sequence; (i1) Quasi-Stationary Training
(QST) that is used to train a pseudo-labelling model to detect stationary objects; and (iii) Spatial
Consistency Post-processing (SCP) that enhances pseudo-labels by exploiting the stationarity of
the predictions. SOAP is used in combination with a pre-trained model to generate high quality
pseudo-labels for stationary objects while retaining dynamic object pseudo-labels. An overview
of the SOAP pipeline is shown in Figure 5.2.
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Figure 5.3: Example of a point cloud generated by SFA. Dynamic objects are distorted while
stationary objects are densified.

5.2.1 Scene-level Full-sequence Aggregation

Scene-level full-sequence aggregation (SFA) involves projecting a sequence of point clouds to
a global coordinate system, where the point clouds are concatenated into a single dense point

cloud, as illustrated in Figure 5.2a. Formally, given a sequence of point clouds Py, P, ..., Py,
where P, = {p},p?,...,pM} C R, and corresponding sequence of SE(3) pose transformations
11,15, ..., TN, which transform the point clouds from the local LiDAR or vehicle coordinate

system to a common global coordinate system, the point cloud aggregation process in the global
coordinate system is defined by

Pt = U {Tipz}jzl,Q,.,.,Mi' (5.1)

i=1,2,....N
During training, for a given frame 7, the aggregated point cloud P* is transformed back to the
local coordinate system using the inverse pose transform 7, .

Scene-level aggregation of a few frames in a short time window has been shown to be effec-
tive at producing denser input point clouds and consequently better detection performance [20].

On the other hand, due to the diminishing returns [20] and performance degradation [30, ]
observed for scene-level aggregation with large temporal windows, full-sequence aggregation
has only been attempted at object- and track-level [61, , , ].

Compared to few-frame aggregation, SFA increases point density and provides richer geo-
metric information for stationary objects. In addition, unlike object- and track-level aggregation
used by prior work, SFA does not rely on object annotations or initial predictions produced by
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(a) Aggregated point cloud (b) Object trajectory (BEV)

Figure 5.4: Example of a quasi-stationary object. This object reached a maximum speed of
1.4 m/s with a total displacement of 3.9 m, and thus would be eliminated by naive filtering.

single- or few-frame detectors, which we show are unreliable in the cross-sensor setting Ta-
ble 5.1. SFA is therefore very suitable for its proposed application, since P* can be obtained for
both the source and (unlabelled) target domains.

SFA tends to distort dynamic object point clouds, due to the motion of the objects not being
corrected during aggregation. This is depicted in Figure 5.3. By contrast, stationary objects are
densified with a more complete and accurate geometry compared to single- or few-frame point
clouds. As noted above and in Figure 5.1, the aggregation process also weakens the LiDAR-
specific scan patterns.

5.2.2 Quasi-Stationary Training

Although annotations are available for the source domain, training a model to detect stationary
objects from aggregated point clouds is not straightforward. A naive approach is by filtering the
ground truth annotations during training based on speed estimates or the overall displacement of
the object. However, since the speed of an object can change over time, especially for sequences
that span a large time window, the object can be near stationary during part of the sequence and
moving in other parts. If the majority of the observed points come from the part of the sequence
where the object is near stationary, the object’s aggregated point cloud will have little distortion,
as if the object were stationary for the entirety of the sequence.

We refer to such objects as quasi-stationary objects. Figure 5.4 depicts an example of such
an object, which would be excluded based on a naive speed or displacement criterion. Doing
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so would result in undistorted objects remaining in the aggregated point clouds, but without a
positive label, causing confusion and reducing model performance.

To avoid excluding these quasi-stationary objects, we formally define the notion of quasi-
stationarity using a quasi-stationary score (QSS) that takes into account both the movement of
the objects and how much each observation contributes to the final aggregated point clouds.

Definition 1 (QSS) Let {by, b, ...,bx} be a set of N bounding boxes of an object annotated in
a sequence within a common coordinate system and C(b;) be the number of points observed in
the bounding box b;. For a given bounding box observation b;, QSS is defined as the average
IoU between b; and other bounding boxes b;, weighted by the fractions of points contributed by
bj.'

N

C(b))

SS(b;) = ——————1IoU(b;, b; 5.2
QSS(b;) ;22210(1%) (bi, b)) (5.2)
Intuitively, the QSS can be interpreted as how likely it is that the point cloud for a given
object is undistorted at the location of b;. For example, if another observation b; has little overlap
with b; (indicating object movement) but contains only a few points, then the final aggregated
point cloud is not likely to be distorted by b;. Alternatively, if b; has a large overlap with b; and

also contains a large fraction of points, then the object is likely to undistorted at location b;.

Finally, the most likely location b* of the object in the aggregated point clouds and the degree
s* of the point cloud being free from distortion can be estimated as follows:

b* = arg max; QSS(b;) (5.3)
s* = max; QSS(b;) 5.4)

We refer to b* as the quasi-stationary bounding box and s* as the corresponding QSS. Objects
with a large QSS s* > € for some € can be considered quasi-stationary. For instance, the object
in Figure 5.4 has QSS s* = 0.91.

Out-of-sight quasi-stationary objects: In the labelled source domain dataset, we notice ob-
jects not visible from the current frame are sometimes not labelled. Since SFA utilizes the entire
sequence to create a dense representation of the scene, out-of-sight quasi-stationary objects will
also be densified in the corresponding aggregated point cloud. This creates inconsistent labels
where in a given frame, some dense objects have annotations while others do not. To address
this problem, we construct spatially consistent training labels by projecting the quasi-stationary
bounding boxes b* to all frames in the sequence, even if the object is not observed in some
frames.
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5.2.3 Spatial Consistency Post-processing

Since the SOAP model is tasked to detect only quasi-stationary objects from aggregated point
clouds, a detected object should have consistent predictions in the global coordinate system
across multiple frames. To utilize this stationarity property of the pseudo-labels, we propose
Spatial Consistency Post-processing (SCP) to eliminate false positive predictions and recover
false negative objects, improving pseudo-label quality.

As illustrated in Figure 5.2¢, SCP is performed by obtaining per-frame predicted bounding
boxes (denoted by Bk, for frame 7) using the SOAP model and then gathering all predictions in
the global coordinate system. Gathering all predictions requires transforming per-frame predic-
tions (bounding boxes) using the corresponding ego pose transformation 7;:

Bspa = | Ti B (5.5)

The bounding boxes Bgpy are clustered based on an IoU threshold . To ensure the pseudo-
labels are consistent across multiple frames, we eliminate the clusters with a number of detections
fewer than threshold 7 that depends on the frame rate of the dataset.

For the remaining clusters, the boxes in each cluster are combined into a single bounding box
per cluster, similar to Weighted Boxes Fusion (WBF) [216]. Specifically, we use the heading 0
of the most confident prediction in each cluster and average other attributes, including position
(z,y, 2), size (w, [, h) and velocity (v,, v,), weighted by the confidence of each box. Finally, non-
maximum suppression is applied to remove any overlapping predictions in the global coordinate
system. The final bounding boxes in the global coordinate system are denoted by Bgcp.

To obtain the pseudo-labels B, for each frame i in the sequence, we transform Bgcp back
to each frame’s local coordinate system using the inverse pose transformation 7} *, defined as

follows: '
Bicp = T; 'Bscp (5.6)

Since an object may be occluded in a frame and have very few or no points in the sparse
point cloud, we remove any bounding boxes that contain no points, so that the pseudo-labels are
reasonable with respect to the frame’s sparse point cloud.

5.2.4 SOAP Pseudo-labels

In order to recover a complete set of pseudo-labels for both stationary and dynamic objects,
SOAP utilizes the predictions from a pre-trained single- or few-frame detector capable of de-
tecting dynamic objects. The SOAP and pre-trained models are calibrated separately with Beta
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Calibration [114] using source domain data. Let BY be the bounding boxes predicted by the
pre-trained detector for frame ¢, then the SOAP pseudo-labels, denoted by Bfgo 4 p» are obtained
by combining B and B using WBF [216].

Our results show that this simple approach can improve existing sparse pseudo-labels by a
large margin. We leave it as future work to study more optimal ways of combining pseudo-labels
or obtaining dynamic pseudo-labels directly from aggregated point clouds.

5.3 Experimental Setup

SOAP is evaluated in both unsupervised and semi-supervised domain adaptation settings. This
section presents the experimental setup of our experiments.

5.3.1 Datasets

We evaluate SOAP using two large-scale autonomous driving datasets for 3D object detection:
nuScenes [20] and Waymo [218]. In what follows, we use the syntax source domain dataset —
target domain dataset to denote the training and testing setting, respectively.

The NuScenes dataset [20] contains 1,000 sequences of 20 seconds each, collected in Boston
and Singapore. The vehicle is equipped with a single Velodyne HDL-32E 32-beam top-mounted
rotating LiDAR operating at 20 Hz, yielding ~400 point cloud scans per sequence, from which 40
keyframes are selected uniformly and annotated. Unless specified otherwise, all models trained
on the nuScenes dataset use 10 sweeps (—0.5 s) as input.

The Waymo dataset [218] contains 1,150 sequences of 20 seconds each, collected in San
Francisco, Mountain View, and Phoenix. The Waymo dataset uses a 5-sensor setup with a single
proprietary 64-beam top-mounted rotating LiDAR operating at 10 Hz, and four side-mounted
close-range LiDARs. All point clouds (=200) in each sequence are annotated with bounding
boxes. Due to much higher annotation frequency compared to nuScenes, we use 20% uniformly
sampled frames for training. Consistent with the nuScenes models, all models trained on the
Waymo dataset use 5 sweeps (—0.5 s) as input.

In addition to the difference in the point cloud and annotation frequency, the nuScenes dataset
annotates 23 classes with 8 attributes, 10 of which are used in the object detection task, whereas
Waymo contains annotations for only Vehicle, Cyclist, and Pedestrian. Following previous
work [155, , , , , , , ], we select the common vehicle/car class for
training and evaluation for all experiments.
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5.3.2 Point Cloud Input

Single- and few-frame input: The nuScenes [20] and Waymo [2 18] datasets have different
sensor ranges and point cloud features. In our experiments, we match the input point cloud
format. Specifically, the input point cloud range is [—75, 75] m for both x and y dimensions, and
[—2, 4] m for the z dimension. For few-frame models, we use five features (z, vy, 2,1, e, t) for
each point, where (z,y, z) are the point location, i is the intensity normalized to [0, 1], e is the
elongation, and ¢ is the timestamp offset in seconds. For the single-frame model, we exclude
timestamp offset ¢. Since the nuScenes dataset does not provide elongation information, we set
e = 0 for all nuScenes point clouds. Moreover, following previous work [257, ], we apply
a +1.8 m offset to the z dimension to approximately transform the nuScenes point clouds from
sensor frame to ego vehicle frame.

Full-sequence input: For full-sequence models, we only use the (z,y, z) channels. To reduce
training time and memory consumption, we pre-compute the aggregated point cloud for each
sequence and perform a voxel-downsampling step with 3.25 cm?® voxels. During training, the
pre-computed aggregated point clouds are transformed using pose transformations and further
uniformly downsampled to at most 1,000,000 points. Similar to single and few-frame input, a
+1.8 m offset is applied to nuScenes aggregated point clouds.

5.3.3 Implementation Details

We use CenterPoint [298] and VoxelNeXt [33] implemented in the open-source framework
OpenPCDet [228] with minor modifications to make the models compatible to both nuScenes
and Waymo datasets. All models are trained with a total batch size of 32, over multiple GPUs.
We use the Adam optimizer with a one cycle learning rate schedule.

Baseline: All single-frame and few-frame models are trained for 36 epochs. The learning rate
is set to 0.001 for nuScenes models and 0.003 for Waymo models.

ST3D [286] For the nuScenes — Waymo direction, the models are fine-tuned for 12 epochs
with a learning rate of 0.0001. The positive and negative confidence thresholds for pseudo-
labelling are set to (0.5,0.3) for Direct pseudo-labels and (0.1,0.05) for SOAP pseudo-labels.
For the Waymo — nuScenes direction, the models are fine-tuned for 6 epochs with a learning
rate of 0.0003. The positive and negative confidence thresholds are set to (0.6, 0.2) for Direct
pseudo-labels and (0.3, 0.2) for SOAP pseudo-labels. In all experiments, Direct pseudo-labels
are updated every 2 epochs using the memory ensemble proposed in ST3D.
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SSDA3D [257] Both stages in SSDA3D experiments follow the baseline training configura-
tions. The CutMix and MixUp augmentation probabilities are set to 0.5. Predictions from the
first stage models are filtered by a confidence threshold of 0.3 to construct the corresponding
pseudo-labels for second stage training. When SOAP predictions are used, confidence thresh-
olds of 0.15 and 0.25 are used to construct Waymo and nuScenes pseudo-labels, respectively.

SOAP The SOAP model is initialized with the weights from a corresponding few-frame model
and trained for an additional 12 epochs with a learning rate of 0.001 for nuScenes and 0.003
for Waymo. As described in the main text, the annotations are constructed using QST. We set
the QSS threshold € to 0.7 and 0.85 for nuScenes and Waymo datasets, respectively. The post-
processing for each dataset follows the implementation in OpenPCDet. For the proposed SCP
step, which clusters and filters predictions in the global coordinate system, the cluster size thresh-
old 7 depends on the frame rate of the dataset. We use 7 = 10 for Waymo (10 Hz) and n = 2 for
nuScenes (2 Hz). The cluster threshold j for both SCP and WBF are set to 0.5.

5.3.4 Evaluation

For nuScenes evaluation, we consider two primary metrics: mean Average Precision (mAP) and
NuScenes Detection Score (NDS). Following the official evaluation, mAP is calculated based
on four distance thresholds (0.5, 1.0, 2.0, 4.0) and averaged. As distance-based mAP does not
penalize other types of bounding box errors, NDS is used in combination to reflect the average
translation, scale, orientation, velocity, and attribute errors for the true positive predictions. All
evaluations are performed on the validation split consisting of 150 sequences.

For Waymo evaluation, we use the official evaluation suite and report the Level 1 and Level
2 AP scores. Different from nuScenes mAP, Waymo AP is calculated based on 3D IoU with a
threshold of 0.7. Level 1 evaluation includes only objects with more than 5 points within the
bounding box, while Level 2 evaluation considers all objects. All evaluations are performed on
the validation split consisting of 202 sequences.

5.4 Results

5.4.1 Unsupervised Domain Adaptation

We first evaluate SOAP pseudo-labels in the unsupervised domain adaptation setting, where
annotations from the target domain are unavailable. We compare SOAP with two baseline ap-
proaches: “Direct” and ST3D [286]. Direct is where a few-frame detector is trained on the source
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domain and directly evaluated on the target domain data. ST3D is a SOTA unsupervised domain
adaptation method based on pseudo-labelling and self-training.

In the baseline comparison, ST3D utilizes the Direct model to generate pseudo-labels for
self-training. To demonstrate the quality of the SOAP pseudo-labels and the complementary
nature of SOAP with other approaches, we further consider ST3D + SOAP, where ST3D uses
SOAP pseudo-labels. Both ST3D experiments use the official code release.

SOAP is validated using two object detection architectures: CenterPoint[298] and Voxel-
NeXt [33]. CenterPoint is a widely-adopted voxel-based dense 3D object detector. VoxelNeXt
is a SOTA architecture representing recent advances in fully-sparse 3D object detectors. Both
architectures are based on the implementation in the open-source library OpenPCDet. We use
the Direct model predictions as few-frame predictions to construct final SOAP pseudo-labels.
The main results are shown in Tables 5.2 and 5.3.

Pseudo-label performance: Overall, SOAP pseudo-labels improve over the Direct pseudo-
labelling baseline by a significant margin. In the nuScenes — Waymo setting (Table 5.2), both
architectures receive a 25-30 point improvement in mAP, with over 50% domain gap closed.
SOAP is as effective in the Waymo — nuScenes setting (Table 5.3), with both architectures
showing a 10-point improvement in mAP and over 30% domain gap closed.

More importantly, SOAP consistently improves object pseudo-labels at different ranges, with
the largest improvements observed for objects at the 30-50 m range in all settings, closing 40—
60% of the domain gap. We suppose this is because objects farther away from the sensor have
sparse point clouds and are sometimes occluded. The results highlight the benefits of full-
sequence aggregation, as far objects are densified, and occlusion can be alleviated by aggregating
multiple viewpoints.
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Adaptation performance: SOAP complements the SOTA domain adaptation method ST3D.
We observe that when equipped with SOAP pseudo-labels, ST3D + SOAP provides better over-
all performance than ST3D. In the nuScenes — Waymo setting (Table 5.2), ST3D + SOAP
closes 20-30% more domain gap than ST3D. While the difference is smaller in the Waymo
— nuScenes setting (Table 5.3), there is still a noticeable improvement, with around 5% more
domain gap closed for mAP and over 10% more domain gap closed for NDS. Moreover, the
aforementioned improvement over far objects can also be seen after self-training with ST3D.
Using SOAP pseudo-labels achieves significantly higher performance compared to ST3D.

5.4.2 Semi-supervised Domain Adaptation

In the semi-supervised domain adaptation setting, where a small amount of target domain an-
notations are available for training, SOAP can also be used to improve pseudo-label quality.
To demonstrate this, we compare SOAP with three methods: Direct, Co-training[257], and
SSDA3D [257]. As in the unsupervised case, Direct is where the model is trained only on
source domain data. Co-training is where the model is trained with a combination of labelled
source and labelled target domain data. SSDA3D is a recent SOTA semi-supervised domain
adaptation technique. SSDA3D consists of a pseudo-labelling stage with inter-domain CutMix
augmentation to improve pseudo-label quality (which we denote CutMix), followed by a target
domain training stage with intra-domain MixUp augmentation as regularization. Additionally,
we explore the SSDA3D + SOAP configuration, where we replace the SSDA3D pseudo-labels
with SOAP pseudo-labels for second-stage target domain training.

Following SSDA3D [257], we use CenterPoint for experiments in this section and consider
1% sequences labelled in the target domain. Note that, unlike experiments in SSDA3D, we
uniformly sample entire sequences instead of individual frames. Following how SSDA3D’s
pseudo-labelling model is trained, the SOAP model is trained on both labelled source and la-
belled target sequences with CutMix, among other standard augmentation, applied to aggregated
point clouds. We use the SSDA3D CutMix predictions as sparse predictions to construct final
SOAP pseudo-labels.

The main results are shown in Tables 5.4 and 5.5.
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Pseudo-label performance: Compared to the pseudo-labels generated by Co-training and Cut-
Mix proposed in SSDA3D, SOAP pseudo-labels are much more accurate, closing 85.5% and
69.7% domain gap for nuScenes — Waymo (Table 5.4) and Waymo — nuScenes (Table 5.5),
respectively. Similar to the results in the unsupervised settings, the improvement is particularly
noticeable for objects at 30—50 m, further illustrating the benefits of full-sequence aggregation.

Adaptation performance: SOAP improves the already impressive domain adaptation perfor-
mance achieved by SSDA3D, closing 5-10% more overall performance gap in both settings.
Moreover, we observe the improvements in pseudo-labels for objects at 30—50 m translate to
the model after adaptation. In the Waymo — nuScenes setting (Table 5.5), training with SOAP
pseudo-labels achieves 10.1% higher mAP and 5.5% higher NDS for 30-50 m objects.

5.4.3 Speed Analysis

As mentioned earlier, we observe that stationary objects are a statistically important component
of object detection. To demonstrate our previous improvements are not biased by the stationary
objects, we perform additional evaluation based on speed for nuScenes — Waymo CenterPoint
models in Tables 5.6 and 5.7. First, we notice that in all cases, the stationary performance of
SOAP pseudo-labels and models fine-tuned with SOAP pseudo-labels exceeds SOTA by a sig-
nificant margin, highlighting the effectiveness of our proposed method. Second, interestingly,
while the pseudo-label performance for dynamic objects is on par or worse than the few-frame
baseline (Direct and Co-training), after fine-tuning with the SOAP pseudo-labels using ST3D
or SSDA3D, the dynamic performance is consistently better than SOTA methods. We hypothe-
size that this is because in the sparse point clouds, there is little distinction between stationary
and dynamic objects, improving pseudo-labels for stationary objects thus leads to better overall
performance after fine-tuning.

5.4.4 Qualitative Results

We present qualitative results of SOAP pseudo-labels for nuScenes — Waymo in figs. 5.5 and 5.6.
In both unsupervised and semi-supervised settings, we observe that SOAP pseudo-labels are
more accurate compared to Direct, Co-training, and CutMix [257], especially for far objects.

82



"pasod
deS urewop 9[ovIO—102IL( AY) JO Junowe Ay} Judsardar safejuadrad oy, ‘paads 109[qo uo paseq ds ‘po[reqe|
SI BJEp OWABA\ JO 9] 9IUMm ‘OWABA\ <— SQuUadSNU J10J s)nsal uoneidepe urewop pasiaradns-Tueg :/°G 9[qe],

urewop 1a31e) paf[oqe[-opnasd :dy ¢ / Jo j9sqns [[BWS 2/ ‘Urewop 1o5Ie) PO[[2qe] :_/, ‘UTBWOP 22INO0S PI[[qe] :Q

YyL 0'8L 9°L9 9CL 89 L€EL 8°L9 LOL {L} 9[oRIO

BT €9  %SIL Q°CQ %ECSH [(OS BV QHS %Y CHS Lt [°QS  %SL8t Q°[Q %0t (0L ,_P‘&K\hu\bnmuw (smo) gvOSs + Asvdass

BT 69+ .V@m WL 69+ @N@ BT S+ OOW BT 8SH W.MW BT+ ONW B Yo+ mom WL OB Nwm %918+ W.OO _H H Qm<amm
BT 8V o.@._u PS8+ Mw. ﬁ W BS YTt w. Wm BVt @.wm B8 0E+ .V.OM B9 0+ .V.@M %9'€6+ @o?@ BbET6H @.Mh Aw.::uv ﬁﬁ<om
BLSSH THS BTEST TLS BTSKH Sy wysvr ()Qp BIvSt ['Lp  %erst T[S %V Q'gh %It /G {L‘s} [£67] xuaImD
%S Ly+ N\w._u %6 LY+ W —m B9LEF m ~.—u DL LEF W.—u.—u b1TS+ N@.V bETSH 1 OW DY ¥+ OOW BT+ —wm W—\:Cmﬁ.\—ulou
¥°¢C I'LT (N4 SLT £CC eve 081 S'1C {s} 1211
T PAY] T [9A97] T PAY] T [9A97] T PAY] T [9A97] T PAY] T I°A9] ejeq
. . POYRIN
(s/u OT-€) 358 (S/u g-1) wnIpa (S/w T-7°0) MOS (squ gr0>) Areuoyeys  Supuredy,

‘paso1d de3 urewrop 2[oBIO—10II(] AY) JO Junowe ) yuasaidar sadeiuadrad oy, ‘paads 109[qo uo paseq ds
‘P[[2ge[uUN SI JASBIBD OWARA AIAYM ‘OWABA\ <— SQUAISNU J0J synsax uoneydepe urewop pasiaradnsun) :9°G d[qe],
urewrop Ja31e) pa[aqer-opnasd :d/ ¢ / JO Jasqns [[eWs : -2/, ‘Urewop Ja5Ie) PI[[2qe] :_/, ‘UTBWOP INO0S PI[[Aqe] :S
el LOL 679 969 €S9 9°0L 9°'L9 eor  {L} 9[orIO
DSV m.Nm %bLYI+ V.Vﬂ BTIT+ @.@N BT+ N.Nﬂ b6’ LT+ c.cm % 6'LT+ @.Nm B LY+ B.MV »S 6v+ W.w.—u AANIN\ s%w A@HSOV n~<om + Qm,ﬁm

wrer (LT Bver 88T W% [TTC WIS 6EC WOV QpC w6t 9T BLet 8T WL [°LT [osz]l aels
BLT [y W8T [T WYL QTT WYL pHT L0 (YT %60 §CT %S Geh BED+ T°9S (s} (s1mo) JvOS
vsc T'LT §'ST S°LT €T 1% ¢4 081 S'1C 10211
9A9 JAD 9A9 JAI 9A9I 9AI 9A9 JAI eje
CPAY] T [PAY] CPAY] T [PAY] CPAY] T [PAY] CPAY] T [PAd] 1ed POYRIN

(S/w 01-€) 158 (S/ g-]) WInIpay (SAuT-7°0) MO[S  (S/m 7°0>) Areuone)s  Sururesy,

83



Overall Stationary
I-frame S-frame SFA QST SCP |, 4 Level 2 Level 1 Level 2

(a) v 7.0 -235% 6.0 -220% 59 -219% 49 -205%

(b) v 20.4 17.5 18.6 15.6
(c) v v 35.7 +36.6% 31.2 +356% 38.0 +50.1% 32.6 +48.3%
(d) v v 46.7 +46.1% 41.6 +462% 52.1 +577% 45.8 +57.9%
(e) Ve v 50.9 +53.4% 45.6 +538% 57.2 +664% 50.6 +67.0%

Oracle | | 77.5 69.7 76.7 67.8

Table 5.8: Ablation study results for nuScenes — Waymo unsupervised domain adaptation. The
percentages represent the amount of domain gap closed relative to the 5-frame baseline detector.

5.4.5 Ablation Study

In this section, we investigate the benefits of QST and SCP in the nuScenes — Waymo unsuper-

vised domain adaptation setting, using the VoxelNeXt architecture. The results are presented in
Table 5.8.

We use the 1-frame and 5-frame detectors as baselines in lines (a) and (b), respectively, and
progressively introduce each component of SOAP. In line (c), SFA augments the 5-frame detector
with stationary object predictions using aggregated point clouds. The model is trained by naively
filtering object speed based on a threshold of 0.2m/s. Line (d) enables QST, replacing naive
filtering. While the SFA pseudo-labels improve over both the 1-frame and 5-frame baselines,
especially for stationary objects, it is still significantly outperformed by QST. This highlights
both the effectiveness of full-sequence aggregation in cross-sensor settings and the importance
of constructing robust training labels for stationary objects using QST. Moreover, incorporating
SCP in line (e) further improves the AP by over 4%, demonstrating the benefit of exploiting the
stationarity of the detected objects.

5.5 Limitations and Future Work

SOAP is designed to address the domain gap caused by distinct LIDAR scan patterns. However,
its effectiveness may be limited in cases where these scan patterns cannot be mitigated. This can
happen when an object does not have enough observations due to distance or occlusion, or when
the ego-vehicle does not have sufficient movement relative to the object, failing to provide scans
from multiple view points. In these scenarios, alternative domain adaptation methods, such as
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(a) Direct (b) SOAP (¢) Ground Truth

Figure 5.5: Examples of pseudo-labels generated by different methods in nuScenes — Waymo
unsupervised domain adaptation setting, and the corresponding ground truth labels. Green rep-
resents true positive pseudo-labels, orange represents false positive pseudo-labels, and red repre-
sents false negative pseudo-labels.
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self-training [286, 288], domain mapping [ | I ], or data augmentation approaches like MixUp [34]
and CutMix [303], might be more effective. Future works could further investigate the synergy
between SOAP and these complementary domain adaptation methods.

Additionally, since SOAP is specifically designed to enhance performance on stationary ob-
jects, its benefits diminish for objects that are rarely stationary, such as pedestrians and cyclists,
or in scenes dominated by dynamic objects. For instance, unstructured traffic scenes with many
moving objects, such as the ones in the Indian Driving Dataset (IDD-3D) [52], can pose a sig-
nificant challenge to SOAP, and further studies are needed to evaluate its performance in such
dynamic environments. To fundamentally address this limitation, future research could explore
scene flow estimation and point cloud registration to better align dynamic object point clouds
and improve dynamic pseudo-label quality.

Algorithmically, SOAP consists of a combination of deep neural networks and classical al-
gorithms, resulting in a disjointed pipeline that is both challenging to use and prone to errors. In
general, classical algorithms have been consistently outperformed by machine learning methods,
making them the potential bottleneck in the current design. A promising direction is to develop
an end-to-end approach for pseudo-labelling and label refinement, streamlining the entire train-
ing and deployment process.

In terms of computational efficiency, the base detector in SOAP must process extremely
dense point clouds resulting from full-sequence aggregation. While the voxel-based architec-
tures used in this thesis can handle such data, SOTA point-based or transformer-based object
detectors might struggle with this increased density. Therefore, it is crucial to refine the aggre-
gation process and adopt point cloud pruning strategies, such as ground removal, to improve the
computational efficiency of large SOTA models.

5.6 Conclusion

We have presented Stationary Object Aggregation Pseudo-labelling (SOAP), a novel method
that utilizes full-sequence scene-level aggregation to generate high-quality pseudo-labels for the
cross-sensor domain adaptation setting. We have provided extensive evaluation that demon-
strates SOAP can provide high-quality pseudo-labels and improves the already impressive results
achieved by SOTA methods such as ST3D and SSDA3D.
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Chapter 6

Discussions and Conclusion

In this thesis, we have presented three methods to advance LiDAR-based perception from multi-
frame point clouds. To summarize, we have made the following three contributions to address
the challenges and limitations of existing works:

- In Chapter 3, we proposed VADet that uses variable aggregation as a simple yet effective
alternative to the widely adopted fix aggregation. By adapting the number of aggregated
frames on a per-object basis, VADet effectively mitigates the trade-offs inherent in multi-
frame 3D object detection, achieving state-of-the-art performance across various architec-
tures.

- In Chapter 4, we proposed MFSeg, an efficient multi-frame 3D semantic segmentation
framework built upon the SOTA point-based transformer PTv3 [267]. We introduced sev-
eral architectural modifications to allow more efficient point cloud processing, and pro-
posed a novel training pipeline to retain the benefit of multi-frame point cloud aggregation.

- In Chapter 5, we proposed SOAP, a novel application of long sequence aggregation to
cross-sensor domain adaptation. By aggregating entire point cloud sequences at the scene
level and employing a post-processing pipeline to preserve spatial consistency, SOAP gen-
erates high-quality pseudo-labels that enhance the performance of existing domain adap-
tation methods such as ST3D and SSDA3D.

88



The three proposed methods have potentially wide applicability in autonomous driving, es-
pecially those using LiDAR based object detectors and segmenters as dedicated modules. Both
VADet and MFSeg can be seamlessly integrated into the traditional autonomous driving system
(ADS) to improve perception performance: VADet can replace the fixed-aggregation prepro-
cessing in any LiDAR detector, and MFSeg can be added on to any point-based segmentation
backbone. Likewise, SOAP can generate reliable pseudo-labels for unlabelled/partially labelled
target-domain data when the perception system needs to adapt. Because all three methods ex-
tend existing backbone architectures, they can be adopted in future architectures to maintain
state-of-the-art performance as the backbones evolve.

However, there are two practical considerations when applying our methods:

1. The need for accurately aligned multi-frame point clouds: All three approaches assume
proper alignment of LiDAR point clouds via ego motion. In practice, ego motion esti-
mated from onboard sensors—such as GPS/IMU or SLAM-based localization—often in-
troduces drift and bias. In this thesis, we demonstrate strong results on carefully curated
datasets with minimal localization error. However, a suboptimal setup could result in mis-
aligned and distorted multi-frame point clouds. VADet and MFSeg are designed for online
operation using only a handful of frames, and thus they are likely to tolerate moderate
localization errors. SOAP, by contrast, requires full-sequence aggregation and a reliable
global coordinate frame to optimize stationary pseudo-labels, making it potentially more
sensitive to localization errors. To fully understand the effect on each method, future work
should therefore quantify each method’s sensitivity to varying levels of localization error.

2. The disconnect between perception metrics and real-world driving performance: While
we report improvements in average precision (AP) for object detection and intersection-
over-union (IoU) for semantic segmentation, they do not necessarily translate into safer
or smoother driving. As we demonstrate in VADet, higher metric values can conceal sys-
tematic failures in potentially critical scenarios, such as the detection of dynamic objects.
Conversely, improvements in certain aspects of perception, such as better detection of dis-
tant objects, may offer minimal benefit for short-term planning. A more comprehensive
evaluation in the context of a target ADS and its operational design domain is therefore
essential to measure how these perception improvements translate into reduced crash rates
and more reliable autonomous driving.

Recent research has shifted toward end-to-end autonomous driving, where the system is op-
timized and evaluated as a whole, to avoid the aforementioned issue. Most current end-to-end
frameworks still rely on traditional sensory backbones for feature extraction, varying in how they
process those features into planning outputs [26]. We believe that multi-frame point clouds can
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benefit such systems and that the proposed methods can be adapted with minor modifications.
However, using multi-frame point clouds in end-to-end ADS is underexplored and may pose
unique challenges that warrant future investigation.

Building on the end-to-end paradigm, another emerging line of work applies foundation mod-
els such as vision-language models (VLMs) to autonomous driving [316]. Compared to mod-
els trained solely on driving data, a VLM-powered ADS takes advantage of large-scale diverse
datasets to cover rare and edge cases that can be absent from driving datasets. However, our
methods may not be compatible with these methods due to the large architectural differences be-
tween VLMs and conventional backbones. Moreover, because VLM-based ADS are inherently
multi-modal and temporal, it remains unclear whether multi-frame point clouds would have ad-
ditional benefit. Investigating these questions presents another promising direction for future
research.

In conclusion, this thesis addresses the challenges and limitations of applying multi-frame
point clouds to the perception component in a traditional ADS. We introduce VADet and MF-
Seg to improve online detection and segmentation performance, and develop SOAP to generate
robust pseudo-labels for domain adaptation. While these methods are designed for existing tra-
ditional modular ADS and may require modification to be applied to the evolving end-to-end
paradigm, we believe they provide a solid foundation for future research. We hope this thesis
will inspire investigation into the efficient use of multi-frame point clouds in emerging architec-
tures, ultimately advancing the safety of future ADS.
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