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Abstract
3D Object Detection is a vital task in 3D scene understanding for many real-world
applications such as autonomous driving, robotics and intelligent transport systems.
It serves as a fundamental building block for critical downstream tasks such as object
tracking and path prediction. However, the deployment of 3D detectors on different
lidar types and environments is not a straightforward process. Despite remarkable
accuracy on benchmarks, 3D detectors trained on one lidar dataset often suffer a
significant drop in performance when tested on a separate lidar or operational envi-
ronment. This performance degradation can be attributed to a domain shift between
the training and testing datasets, stemming from variations in scan pattern across li-
dars, weather conditions or scenarios. Consequently, 3D detectors tested in unfamiliar
testing environments might fail to detect densely observed objects, have misaligned
confidence scores, and show an increase in high-confidence false positives. This com-
promised operational capability renders the detector unfeasible for use. For instance,
applying a detector trained on a 32-beam lidar to a 64-beam lidar dataset results in
many false positives and missed detections even within 30m range. This is a substan-
tial barrier that hinders the widespread integration of the latest 3D detector research
on different types of lidar technologies.

This thesis proposes two approaches that effectively leverage existing large-scale la-
belled datasets for addressing the domain shift: domain-invariant representation and
auto-labelling. Firstly, we design a framework that enables a 3D detector to be lidar-
agnostic by training and testing on a domain-invariant representation. Our proposed
approach uses the camera as a complementary sensor with image instance segmen-
tation to generate region of interest proposals. Within each region of interest, the
object points are then transformed to a unified representation to enable 3D detectors
to learn scan pattern invariant representations of objects. To enable optimal fusion
of the two modalities, we propose a robust calibration pipeline and demonstrate its
effectiveness in calibrating a camera with different lidar types. Furthermore, we pro-
pose a surface completion network that enables a consistent point representation of
objects across different lidar types. Through our experiments, we demonstrate that
our approach can obtain improved 3D detection performance for different lidar types
without requiring re-training.



Abstract v

The second approach we propose is an auto-labelling framework. This involves uti-
lizing automatically generated labels to re-train a 3D detector unlabelled dataset,
commonly referred to as self-training. Our framework generates robust labels for a
range of lidar types regardless of their point cloud density. To improve detector gener-
alization for various lidar types, we utilize an ensemble of pre-trained detectors trained
on different labelled source datasets. We fuse all predictions of our ensemble using our
developed box fusion algorithm, which consistently outperforms the best individual
detector. Subsequently, we use point cloud sequences and object characteristics to
temporally refine our generated bounding box labels. Experiments demonstrate that
3D detectors trained with our generated labels achieve state-of-the-art performance,
comparable to training with human-annotated labels in Bird’s Eye View (BEV) eval-
uation. Given that we only use labels for addressing the domain shift, we highlight
that this approach is suitable for any 3D detector or data augmentation technique
without impacting runtime performance.
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Glossary

domain: A general term that refers to the characteristics of a dataset such as the
sensor setup used, location it was recorded in, weather, post-processing methods
etc.

in-domain: Training and testing a model on the same sensor setup and deployed in
a fixed testing environment.

cross-domain: Training a model on one sensor setup and environment and deploying
it on a completely different sensor setup and/or environment.

source domain: The labelled dataset that a model is trained on

target domain: An unlabelled dataset that we would like to adapt a pre-trained
model to

supervised: Training a model with human annotated labels.

unsupervised: Training a model without human annotated labels.

pre-trained: A model that has been trained on a labelled source dataset.

pseudo-labels: Labels that are generated automatically, and not from manual hu-
man labeling.



Chapter 1

Introduction

3D object detection on point clouds aims to localize and recognize 3D objects from a
set of 3D points. It is a fundamental 3D scene understanding task and is extensively
adopted in many real-world applications such as autonomous driving, robotics and
intelligent transportation systems. Light Detection And Ranging (Lidar) has grown in
popularity over the years, establishing itself as an indispensable sensor for achieving
precise 3D object detection due to their accurate range measurements. In recent
years, lidar-based 3D object detection has made remarkable progress, benefiting from
advancements in detection architectures and the availability of large-scale autonomous
vehicle datasets [Sun et al., 2020, Geiger et al., 2012, Caesar et al., 2020, Kesten et al.,
2019, Alibeigi et al., 2023]. However, despite their success, 3D detectors trained
on lidar datasets often suffer from a significant performance drop when tested on
a different lidar type or operational environment. This is largely attributed to the
unique distribution of points in a 3D scene for different lidar types which cause drastic
differences between the training and testing data. This domain shift between the
training and testing domain can be caused not only by different lidar types used
for training and testing, but also weather conditions, and geographical locations.
This domain shift has been demonstrated to result in a significant 70-90% drop in
detection performance [Tsai et al., 2023]. We illustrate the scan pattern difference
across lidars in Fig. 1.1, where cars at similar ranges can appear significantly different
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across datasets, therefore affecting the generalizability of detectors.

Figure 1.1 – Scan patterns of different lidar datasets.

In real-world applications, model degradation from the domain shift can occur when
deploying a pre-trained detector to upgraded lidar sensors, necessitating the collection
and annotation of massive datasets specific to each new sensor. Additionally, mass-
produced robots and vehicles typically use lidars with lower point density compared
to large-scale public datasets commonly used for 3D detector training, therefore also
suffering from model degradation. In both cases, collecting and manually annotating
data for re-training detectors can be costly and impractical. Therefore there is a
strong need for approaches that leverage existing labelled datasets (source domain)
to enable 3D object detection on a range of lidar types and operational environments
(target domains). We refer to this task as Unsupervised Domain Adaptation (UDA).

Currently, mechanically rotating lidars are the predominant type of lidar in large-scale
autonomous driving datasets that 3D detectors are developed and trained on. These
use a rotating array of laser emitters to form ring-like point clouds. The number
of lasers in the rotating array, often referred to as “beams" or “rings", as well as
the beam divergence caused by the horizontal and vertical spacing between lasers,
contribute significantly to the unique point distribution of the point cloud. KITTI
[Geiger et al., 2012] is a pioneering dataset for 3D object detection in autonomous
driving with a 64-beam lidar for data collection. However, KITTI only captures 22
scenes and provide 3D annotations that are in the Field Of View (FOV) of the front-
facing camera. Objects are also labelled only if they are taller than 25 pixel height,
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therefore limiting the progress of 3D detector advancements for 360° FOV, as well
as occluded and far-range objects. Recent years have seen a shift in focus towards
3D detector research and development on nuScenes [Caesar et al., 2020] and Waymo
[Sun et al., 2020] datasets, both of which are large-scale datasets with 1000 scenes
containing bounding box annotations for 360° FOV. The quality of labelling is also
improved compared to KITTI, with a significant number of labelled ground-truth
boxes for sparsely observed objects (less than 5 points). nuScenes uses a 32-beam
lidar with a large vertical angular resolution, leading to a larger beam divergence,
while Waymo uses a 64-beam lidar that densely concentrates its rings on the horizon.
To date, these two datasets remain the prominent benchmark for new State-Of-The-
Art (SOTA) 3D detectors [Wang et al., 2023, Chen et al., 2022, Liu et al., 2023].

This thesis aims to address the domain shift and facilitate the integration of cutting-
edge 3D detector research across a range of lidar technologies. One strategy to al-
leviate the performance drop involves acquiring the same sensors as those used by
large-scale datasets. However, this is not always feasible. For example, lidars used
by Waymo are not commercially available and the nuScenes lidar has only 32-beams
which has limited functionality due to its sparsity. Furthermore, this strategy inad-
vertently narrows the consideration of alternative lidar solutions that could be better
suited for specific tasks or environments. Another solution involves manually anno-
tating data for each new lidar and environment to retrain the 3D detector. However,
such an approach can be prohibitively expensive and time-consuming. Concurrent
with advancements in 3D detector research, the lidar manufacturing landscape has
continued innovating, with 128-beam lidars now being commonplace among manu-
facturers like Ouster, Velodyne and RSLidar. Some lidar manufacturers companies
[Pulikkaseril and Langdale-Smith, 2020] have also adopted software-definable scan
pattern strategies for configuring high-resolution lidar. This increasing prevalence of
different lidar types on robotic platforms further highlights the need for UDA ap-
proaches to bridge the gap between rapidly advancing 3D detector research and the
expanding array of lidar technologies.

We first establish a clear distinction between the in-domain and cross-domain settings
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(a) In-domain (b) Cross-domain

Figure 1.2 – Illustration of in-domain and cross-domain settings for model deployment.

to clarify the UDA task, as illustrated in Fig. 1.2. The in-domain setting encompasses
the majority of 3D detector research where models are trained and tested on the same
sensor setup, and deployed in the same environment. In this setting, the training
dataset is often an adequate representation of the testing domain. This leads to a
strong performance on the test set due to the model’s exposure to similar samples
in its training dataset, with exceptions arising mainly when faced with samples that
are infrequently encountered within the training dataset. This can include unfamiliar
weather artefacts, obscure road objects or rare events such as a car crash. In the
cross-domain setting, models are trained on one sensor setup and environment, but
deployed in a different sensor setup or environment. Deploying 3D detectors in such
a setting leads to significantly lower baseline performance. In this case, the training
data is often a poor representation of the testing domain, especially in the case of
training and testing on different lidar types. While differences in scan pattern across
lidar types are a large component of the domain gap, the performance degradation
could also be affected by other factors such as object size statistics across countries
[Wang et al., 2020], labelling guidelines, and unfamiliar weather conditions [Zhang
et al., 2021]. As a result, 3D detectors tested on cross-domain data exhibit various
idiosyncrasies such as missing or poorly localized detections for densely observed
objects, unreliable confidence scores and an increase in false positives. We visualize
a few of the key cross-domain challenges in Fig. 1.3.

Specific to lidar-based 3D object detection, the largest factor of the domain gap for
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Figure 1.3 – Challenges encountered by testing 3D detectors in a cross-domain setting.
(1) Missed detections despite dense observations of objects due to the scan pattern
gap. (2) Weather artefacts appear different across lidar types, causing missed
detections. (3) Box height estimation is challenging for sparse lidar. (4) Lack of
ego-motion compensation causes poor evaluation and transfer of pre-trained model
to other test domains.

cross-domain adaptation is the scan pattern discrepancy across lidar types. Unlike
images which are structured in a 2D grid representation, point cloud data is un-
structured when representing objects in 3D space. Each lidar has their own specific
vertical/horizontal angular resolution, number of beams, methods for handling of
artefacts, noise profile and range capabilities. This scan pattern difference across li-
dars leads to a representation of objects that is unique for each lidar. This can cause
3D detectors to be confused in the identification of object classes when trained on
one lidar and tested on a different type of lidar. For example, a detector trained
on a 32-beam lidar predicts many false positives for pedestrians and vehicles when
tested on a 64-beam lidar, particularly at farther ranges. This can be attributed the
fact that detectors trained on a 32-beam lidar are optimised to make highly confident
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predictions from sparse observations (e.g., a single lidar ring) for objects beyond 30m
range. In a cross-domain context, this leads to noisy predictions due to a different dis-
tribution of points between source and target domains, particularly for semi-occluded
or far-range structures.

1.1 Thesis Objectives

The continuous advancement of lidar manufacturing in robotics constantly outpaces
lidars used in existing large-scale research datasets due to the significant effort re-
quired to produce such datasets. This thesis aims to bridge this gap by introduc-
ing UDA approaches that enable companies and research groups to effectively utilize
state-of-the-art 3D detector research with various lidars technologies. As a result, our
approaches focus on being universally applicable for a range of lidar scan patterns and
to account for various factors of the domain gap. We adopt two distinct approaches
to tackle the domain gap: Domain-invariant representation and Auto-labelling.

Figure 1.4 – Scan pattern normalization of objects across various lidar types.

The domain-invariant representation approach, as illustrated in Fig. 1.4, focuses
on enabling 3D detectors to be deployed on a range of lidar types without requiring
detector re-training. In general our approach obtains a stronger baseline performance
across different lidar types, and has better object size estimation due to consistent
point cloud representations. This approach focuses on scan pattern normalization
with surface completion using camera as a complementary sensor to bridge between
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various lidar types. To effectively use the camera as a bridge between lidar types,
accurate extrinsic calibration is required between the camera and lidar. Therefore,
we first investigate the various issues present in camera-lidar calibration and propose
a calibration pipeline that obtains accurate extrinsic parameter estimation with a
simplified data collection process.

Figure 1.5 – Auto-labelling for re-training detectors on a new lidar dataset.

The second approach uses automatic labelling, i.e. auto-labelling, to generate labels
for new lidar datasets in an offline setting. The generated labels are subsequently used
to re-train 3D detectors on the new dataset by replacing human annotated labels in
a supervised training setup as shown in Fig. 1.5. In this approach, we place a heavy
emphasis on domain generalization to support the automatic labelling of any type of
lidar data, both now and in the future. To achieve this, we introduce a framework that
leverages existing pre-trained 3D detectors to automatically label new lidar datasets
through detector ensembling and temporal refinement.

Through extensive experiments, we demonstrate that our approaches achieve strong
3D detection performance across a range of lidar types. We believe that our proposed
approaches can provide a strong foundation for further development of lidar-agnostic
UDA approaches, facilitating the deployment of cutting-edge 3D detector research on
the latest lidar innovations.
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1.2 Contributions

The main contributions of this thesis are as follows. We also reference our corre-
sponding publication for each contribution. The enumerated publications follow the
list order of Section 1.3.

• Development of a calibration pipeline that automates expert-knowledge to pro-
vide a more robust estimation of calibration parameters. To fully leverage the
benefits of both camera and lidar, it is essential to have an accurate extrinsic
calibration. However, the calibration process is often complicated and requires
expertise in the selection of the optimal calibration poses. We propose a pipeline
that quantifies the calibration expert’s knowledge of pose selection in order to
make the calibration process less arduous, less time-consuming, and easily ac-
cessible. This contribution was presented in publication 1 [Tsai et al., 2021].

• Development of a lidar-agnostic 3D detection framework, presented in publica-
tion 2 [Tsai et al., 2022]. Each lidar has a representation of objects specific to
its scan pattern. We propose an unsupervised multi-target domain adaptation
framework in Chapter 3 that works on both fixed and adjustable scan pattern li-
dars without needing to train a model for each new scan pattern. Our approach
focuses on transforming objects in their lidar-specific representation to a unified
scan pattern representation with surface completion. We subsequently use this
for training and testing any SOTA detector and in so doing, we alleviate the
bias towards a specific lidar’s object representation.

• We present a surface completion network for improved scan pattern unification.
We demonstrate that the use of our network in our lidar-agnostic framework
results in improved object size estimation and overall detection performance.
In Chapter 3, we discuss how we develop a lidar-agnostic surface completion
network that does not require the pre-canonicalization of objects unlike existing
works. This contribution was presented in publication 3 [Tsai et al., 2023a].
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• In chapter 4, we present an effective box fusion method for fusing predictions
from multiple detectors using Kernel Density Estimation (KDE). Through our
experiments, we observe that our fused boxes consistently outperforms the best
individual detector’s predictions. This box fusion enables detector ensembling
in both supervised and unsupervised scenarios. This contribution was presented
in publication 4 [Tsai et al., 2023b].

• Development of an auto-labelling framework for adaptation of 3D detectors to
unfamiliar target domains in Chapter 4, and published in publication 4 [Tsai
et al., 2023b]. We utilize our box fusion method to demonstrate that fusing
pre-trained detectors from multiple source domains can improve detector per-
formance on unseen target domains. Experiments demonstrate that detectors
re-trained with our automatically generated labels achieve high performance
on new target domains, including improved far-range 3D detection capabilities.
Furthermore, our developed framework is able to generate high quality labels
for a variety of scan patterns, resulting in efficient 3D detector adaptation for
a range of lidar types.

• In Chapter 4, we present an in-depth study on the baseline performance of
pre-trained 3D detectors in a cross-domain setting and demonstrate how these
insights can be incorporated into auto-labelling. Our experiments show that
simply accumulating multiple frames in pre-training significantly boosts the
domain generalization of detectors. This contribution was presented in publi-
cation 5 [Tsai et al., 2023].

• We incorporate multi-frame pre-trained detectors into an auto-labelling frame-
work with iterative label refinement through multi-stage self-training for both
vehicles and pedestrians. This is elaborated on in Chapter 4 and presented in
publication 5 [Tsai et al., 2023]. The incorporation of multi-frame detectors
and multi-stage training brings a further improvement in performance for 3D
detectors on new target domains, achieving comparable performance to training
with human-annotated labels.
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1.3 Publications

The contributions of this thesis have been presented at relevant conferences and jour-
nals in the field of autonomous vehicles:

1. D. Tsai, S. Worrall, M. Shan, A. Lohr, and E. Nebot. "Optimising the selection
of samples for robust lidar camera calibration," In 2021 IEEE International
Intelligent Transportation Systems Conference (ITSC), pp. 2631–2638. IEEE,
2021.

2. D. Tsai, J. S. Berrio, M. Shan, S. Worrall, and E. Nebot. "See eye to eye: A lidar-
agnostic 3d detection framework for unsupervised multi-target domain adapta-
tion," IEEE Robotics and Automation Letters, vol. 7, no. 3, pp. 7904–7911,
2022.

3. D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "Viewer-Centred Sur-
face Completion for Unsupervised Domain Adaptation in 3D Object Detection,"
In 2023 IEEE International Conference on Robotics and Automation (ICRA).
pp. 9346-9353. IEEE, 2023.

4. D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "MS3D: Leveraging
Multiple Detectors for Unsupervised Domain Adaptation in 3D Object Detec-
tion" In 2023 IEEE International Intelligent Transportation Systems Conference
(ITSC). IEEE, 2023. (accepted)

5. D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "MS3D++: Ensem-
ble of Experts for Multi-Source Unsupervised Domain Adaption in 3D Object
Detection" Submitted to IEEE Transactions on Pattern Analysis and Machine
Intelligence (T-PAMI)
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1.4 Thesis Structure

This thesis is organized as follows. Chapter 2 presents a comprehensive review of the
related works for the task of unsupervised domain adaptation for lidar-based 3D object
detection, including supplementary topics such as shape completion and extrinsic
calibration which are used in our UDA approaches. Chapter 3 introduces our domain-
invariant representation approaches, using camera as the bridge between lidar types.
In this chapter, we first address the challenges in the extrinsic calibration of lidar
and camera, and subsequently introduce our scan pattern normalization approaches
to enable lidar-agnostic 3D detection. We demonstrate that our approach obtains a
higher baseline performance on various lidar types without requiring re-training for
each new lidar. Chapter 4 focuses on our auto-labelling framework which uses an
ensemble of detectors, trained on various source domains to automatically label lidar
datasets. The versatility of this approach lies in its capacity to tailor the 3D detector
ensemble to a specific target domain making it an adaptable solution for a wide
range of lidars and scenes. We show that 3D detectors trained with our generated
labels obtain strong 3D detection performance, even comparable to training with
human-annotated labels. Lastly, Chapter 5 concludes the thesis with a summary of
all contributions and an outline of avenues for future research.



Chapter 2

Literature Review

This chapter presents a review of related work on unsupervised domain adaptation
for lidar-based 3D object detection in the autonomous driving context, as well as
supplementary knowledge for our proposed domain adaptation approaches.

2.1 3D Object Detection

3D Object Detection is the task of estimating an oriented 3D bounding box for objects
in a scene. The bounding box can be parameterised with its centroid (cx, cy, cz),
dimensions (l, w, h) and heading angle θ. The approaches in 3D Detection can be
categorised as Single-frame, Multi-frame, and Multi-modality approaches.

2.1.1 Single-Frame 3D Detection

A significant portion of the current research in 3D detection is concentrated on single-
frame detection. Due to the sparse and irregular nature of point clouds, there are
various approaches that aim to efficiently and accurately encode spatial information
from raw point clouds. The representation of point clouds can be largely categorized
into three main categories: voxel-based, point-based and hybrid representations.
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Voxel-based[Yan et al., 2018, Deng et al., 2020, Zhou and Tuzel, 2018, Chen et al.,
2023] methods partition the point cloud into voxels that can be processed by mature
Convolutional Neural Network (CNN) architectures and robust 2D detection heads.
This representation offers regularity and efficient feature encoding of multi-scale fea-
tures due to its strong memory locality, which also facilitates fast neighbour querying
[Deng et al., 2020, Liu et al., 2019]. However, voxelization requires a high resolution
(i.e., small voxel sizes) in order to preserve location information which is computa-
tionally expensive. At lower resolutions, multiple points may be assigned to the same
voxel, resulting in a loss of structural details.

Point-based representations [Zhang et al., 2022, Yang et al., 2020, Shi et al., 2019] on
the other hand, process raw points with PointNet [Qi et al., 2017a, Qi et al., 2017b],
using symmetric functions for point feature extraction to tackle the unordered nature
of point cloud data. These methods use sampled points as key points and aggregate
local regions (i.e., grouping) around them, encoding precise position information.
However, constructing local region sets by finding neighboring points often involves
costly nearest neighbor searches due to irregular point distribution in 3D space.

Hybrid representations[Shi et al., 2020, Yang et al., 2019, Shi et al., 2020, Noh et al.,
2021, Chen et al., 2017, Guan et al., 2022] explore combining multiple representations
of the point cloud. For example, MV3D [Chen et al., 2017] and MVF [Zhou et al.,
2020] proposes to combine BEV and range view, whilst others explore fusing points,
voxels and BEV with a transformer [Guan et al., 2022]. A prominent state-of-the-
art approach, PV-RCNN [Shi et al., 2020], along with its successor[Shi et al., 2023],
focus on combining the strengths of both point and voxel-based methods, to achieve
efficient multi-scale feature encoding while preserving precise location information.
This approach alleviates the grouping inefficiency of the point-based methods by
sampling fewer keypoints, and aggregating neighbouring voxel features instead of
points.

A recent trend is the use of Transformers [Vaswani et al., 2017], or more specifically,
its self-attention mechanism, in 3D object detection due to their success in natural
language processing and 2D detection. The pioneering work of Vision Transformer
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(ViT) [Dosovitskiy et al., 2020] in 2D detection applies the Transformer architecture
directly on overlapping medium-sized image patches for image classification. Swin-
transformer [Liu et al., 2021] refines the transformer architecture for image detection
by using self-attention on local patches with a shifted window approach. This ef-
fectively tackles the issue of ViT’s quadratic increase in complexity with image size,
therefore maintaining accuracy and presenting a scalable transformer-based image
backbone. In 3D object detection, many approaches propose innovative uses of the
self-attention module [Fan et al., 2022, Wang et al., 2023, Sheng et al., 2021] SST
[Fan et al., 2022] applies self-attention on a set of voxels with a shifting window mech-
anism, similar to Swin-transformer. Their backbone design preserves the number of
voxels and their spatial locations, therefore having the benefit of minimal information
loss without expensive computation cost. DSVT [Wang et al., 2023] optimizes the de-
sign of SST for real-world applications through proposing a sliding window approach
that does not require custom CUDA operations. Overall, transformer-based methods
have shown improved performance over existing voxel or hybrid methods in 3D object
detection, especially in the detection of smaller object classes.

2.1.2 Multi-Frame 3D Detection

Simple concatenation of a short sequence of point cloud frames as input to a 3D
detector was popularised by the nuScenes dataset [Caesar et al., 2020]. They proposed
to accumulate multiple historical point clouds by transforming them into the current
ego-vehicle frame. This densified the 32-beam point cloud tremendously and gave a
substantial increase in performance due to increased point resolution on all objects.
This method however starts to deteriorate for dynamic objects as more frames are
accumulated due to motion trails. This was similarly observed in the Waymo dataset
where Yang et al. [Yang et al., 2021] demonstrated that concatenating 4 point cloud
frames had the optimal performance boost before it started to deteriorate with more
frames. However, they observe that for static and slow objects, accumulating more
than 4 frames continued to improve detection performance. To overcome this, [Yang
et al., 2021] proposed a learnable module to align relevant features between new frame
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proposals and historical proposals stored in a memory bank. With their approach,
they demonstrate that accumulating more than 4 frames can continue to boost model
performance even on dynamic objects.

Another set of works in multi-frame 3D detection focus on offline 3D detection. Offline
3D object detection [Qi et al., 2021, Ma et al., 2023, Fan et al., 2023a] typically
focuses on the use of pre-trained detectors to label new, unlabelled data for fine-tuning
existing detectors. This is also known as auto-labelling for the in-domain setting.
In an offline setting, 3D detectors are not constrained by runtime performance or
memory. This allows methods to use high performing 3D detectors and trackers that
may not necessarily be efficient. 3DAL [Qi et al., 2021] showed that accumulating
100+ frames of a sequence can be effectively utilized by separating static and dynamic
vehicle box refinement. They propose separate networks to encode static and dynamic
objects. For static objects, 3DAL accumulates all the observations of the object
and uses a PointNet to segment foreground points and refine a single box in world
coordinate for the object. For dynamic objects, they propose to additionally encode
the trajectory of all frames to propose a box for the current frame. CTRL [Fan
et al., 2023b] extends 3DAL with a bidirectional tracking module to address missing
detections, which are then fed into a track-centric learnable module for refinement.

2.1.3 Multi-Modal 3D Detection

A growing trend is the fusion of image and point clouds for 3D object detection. These
methods have shown that incorporating the high-resolution shape and texture infor-
mation from cameras can improve the performance of lidar-only detectors especially
on smaller object classes such as pedestrians or cyclists. MVP [Yin et al., 2021] and
PointPainting [Vora et al., 2020] demonstrate how decorating point clouds with image
information can lead to improved detection performance. These methods however,
rely on externally trained camera feature extractors which can have additional com-
putation costs and sub-optimally extracted features. To address this, DeepFusion [Li
et al., 2022] proposes to integrate camera and lidar features in an end-to-end manner
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with a cross-attention module to align deep features from the two modalities. Deep-
Fusion has also been shown to be more robust to point cloud noise such as poor lidar
reflections. BEVFusion [Liu et al., 2023] adopts a novel approach that achieves strong
performance without decorating lidar points in the input[Vora et al., 2020] or feature
space [Li et al., 2022]. Instead, BEVFusion maps all sensor modalities to a shared
BEV space, making it a generic multi-task, multi-sensor perception framework.

2.1.4 Detection Head

The final layers of a detection network are referred to as the detection head. These
are often combined with various point representations and transformer-based meth-
ods above and are responsible for processing feature maps into bounding box and
object class predictions. These can be classified into two categories: anchor-based
and anchor-free. Anchor-based detection heads such as the Region Proposal Network
(RPN) [Yan et al., 2018, He et al., 2017] place predefined anchors at uniform intervals
on the feature map. The model is thereafter trained to regress an offset from these
anchor box priors to the final bounding box. Anchors sizes are often selected based on
the mean sizes of objects in a training dataset. The benefit of anchor-based methods
are that axis-aligned boxes can be a very strong prior for regressing vehicles due to
the nature of driving scenes where vehicles are often axis-aligned. The disadvantage
however, is that objects come in various sizes and orientations, making it challenging
to robustly regress accurate object size and orientation [Yin et al., 2021]. Anchor-free
[Yin et al., 2021, Shi et al., 2019, Hu et al., 2022, Zhang et al., 2022] approaches fo-
cus on predicting foreground points [Shi et al., 2019, Zhang et al., 2022] or centroids
[Yin et al., 2021] of objects for regression of the bounding boxes. This addresses the
bias of anchor-based methods towards axis-aligned predictions, as well as removes the
burden of choosing IOU thresholds for the anchor target assignment for new classes
or datasets.
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2.2 Unsupervised Domain Adaptation

2.2.1 Overview

UDA focuses on adapting a model trained on a labelled dataset (source domain),
to a new, unlabelled dataset (target domain). UDA works can be categorised into
domain-invariant representation[Yi et al., 2021, Tsai et al., 2022, Tsai et al., 2023a],
adversarial methods[Qin et al., 2019, Saito et al., 2019], self-training [Yang et al.,
2021, Yihan et al., 2021, Tsai et al., 2023b, Saltori et al., 2020, Luo et al., 2021, Peng
et al., 2023], amongst others. Domain-invariant feature representation is a com-
mon approach where explicit distance measures such as maximum mean discrepancy
[Rozantsev et al., 2018] and correlation alignment [Rozantsev et al., 2018] are used to
learn feature representations that are invariant between the two domains. Domain-
invariant features can also be learnt with adversarial training [Ganin and Lempitsky,
2015, Saito et al., 2018, Qin et al., 2019, Sankaranarayanan et al., 2018]. Instead of
aligning the feature space, some methods align the data representation. This could be
in the form of using adversarial networks to align the appearance of the source to re-
semble the target domain [Isobe et al., 2021, Hong et al., 2018], or in transforming all
input data into a domain-invariant representation [Yi et al., 2021, Tsai et al., 2022, Li
et al., 2019]. Another category of works explore self-training [Yang et al., 2021, Zou
et al., 2018, Lian et al., 2019, Li et al., 2020] to generate pseudo-labels for training on
the target dataset. Within the UDA task, we define a few key terms: (1) single-source
refers to the use of a single source domain for adaptation; (2) multi-source is the use
of multiple source domains; (3) single-target is the adaptation to a single target do-
main; (4) multi-target (aka. Domain Generalization) is the adaptation to multiple
target domains; (5) source-free approaches do not make use of any source data or
their labels in adaptation. UDA in 3D detection encompasses a range of domain gap
factors including scan pattern differences, weather, geographical locations and object
sizes.
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2.2.2 Single-target, single-source

Most UDA approaches for 3D object detection focus on single-source to single-target
adaptation, which we also refer to as Single-Target Domain Adaptation (STDA).
ST3D [Yang et al., 2021] proposed a self-training framework with a thresholding
method that selects high-confidence detections as pseudo-labels, however this can
lead to the discarding of correct labels with low-confidence. CL3D [Peng et al., 2023]
proposed the use of domain-invariant features, such as geometry and temporal motion,
for template matching. This involved matching target domain geometry and motion
features to the learned source geometry and motion features. This was subsequently
used to reweigh the confidence score of pseudo-labels for higher quality labels. Some
works address specific components of the domain shift such as SRDAN [Zhang et al.,
2021] which focuses on time-of-day, weather and synthetic-to-real domain adaptation
through learning object geometry for a domain-invariant representation. [Wang et al.,
2020] highlighted that the main domain gap issue for adaptation of US-based datasets
[Sun et al., 2020, Caesar et al., 2020] to German-based datasets [Geiger et al., 2012]
is in the sizes of the cars.

2.2.3 Multi-target

Multi-Target Domain Adaptation (MTDA), or more generally, domain generaliza-
tion, aims to train solely on the source data and annotations, to learn a representa-
tion that enables more robust performance on a wide range of domains. For point
cloud tasks, a few works propose to transform the entire input point cloud into a
domain-invariant representation by completing its surface [Yi et al., 2021, Li et al.,
2019]. However, transforming the entire point cloud is computationally expensive.
Our work, SEE [Tsai et al., 2022, Tsai et al., 2023a], as presented in Chapter 3, is
a multi-target domain adaptation work that proposes a partial point cloud transfor-
mation by leveraging image detectors to transform objects into a domain-invariant
representation selectively. However, the proposed approach adds additional steps at
inference, therefore affecting the real-time capability of adapted 3D detectors.
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2.2.4 Multi-source

Multi-source domain adaptation (MSDA) approaches use a bag of source domains,
where each domain is correlated to the target domain by different amounts. This
task involves not only robustly fusing the knowledge of multiple models but simulta-
neously preventing the chance of negative transfer [Ahmed et al., 2021]. For example,
[He et al., 2021] uses style transfer to reduce the discrepancy of multiple source
image styles in a collaborative learning framework. [Yao et al., 2021] proposes to
align the feature space of multiple sources through an exponential moving average
parameter combination for object detection. In cross-domain 3D detection, Uni3D
[Zhang et al., 2023] proposes to train a detector on multiple source datasets with
statistics-level alignment in the feature space to learn data-agnostic features and pre-
vent negative transfer. Our proposed auto-labelling framework, MS3D [Tsai et al.,
2023b] is a source-free, MSDA approach that improves domain generalization on a
target domain with an ensemble of pre-trained detectors, and temporal refinement
for pseudo-labelling within a self-training framework. MS3D is further elaborated on
in Chapter 4.

2.2.5 Source-free

Source-free domain adaptation is another category of works [Tsai et al., 2023b, Saltori
et al., 2020, Ahmed et al., 2021] where only the pre-trained detectors and unlabelled
target data are available. In a real-world setting, source data may not be available
for a variety of reasons, such as privacy and security. It may also not be practical
to transfer or store large-scale datasets on different platforms for adaptation [Ahmed
et al., 2021]. SF-UDA [Saltori et al., 2020] is a source-free self-training approach that
uses a tracker to re-score pseudo-labels. Our MS3D framework also falls under this
category as a source-free approach that does not require source labels or data for
adaptation.
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2.3 Target-based Calibration

Combining 3D depth information with 2D colour and texture information allows au-
tonomous vehicles to overcome the implicit limitations of these sensor modalities
for more robust accurate sensing capabilities. To fully leverage the benefits of both
camera and lidar, it is essential to have accurate extrinsic calibration to obtain the
rotation and translation parameters between these two sensor frames. Target-based
methods estimate calibration parameters by simultaneously observing the same cali-
bration target from both image and pointcloud domains for feature alignment. The
types of targets can be categorised into (1) Planar, such as a chessboard [Zhang and
Pless, 2004, Zhou and Deng, 2012, Geiger et al., 2012, Verma et al., 2019], trian-
gles[Park et al., 2014], and fiducial markers [Dhall et al., 2017, Beltrán et al., 2022];
and (2) Non-planar types such as trihedrons [Pusztai and Hajder, 2017], and spheres
[Toth et al., 2020]. Of the existing targets, the chessboard is the most popular as its
pattern provides distinct edges which make it easily identifiable in the image domain.
Additionally, the chessboard is straightforward to prepare and easily accessible as it is
widely used in intrinsic camera calibration, a pre-requisite of any extrinsic calibration
process.

In existing target-based methods, common features extracted from a target are the
plane of the target [Zhou et al., 2018, Verma et al., 2019, Pandey et al., 2010, Pusztai
and Hajder, 2017, Beltrán et al., 2022], centres and vertices [Verma et al., 2019,
Alismail et al., 2012, Pusztai and Hajder, 2017], and edge lines [Zhou et al., 2018].
A popular choice for fitting a line or plane in the lidar domain is RANdom SAmple
Consensus (RANSAC) [Verma et al., 2019, Pandey et al., 2010, Alismail et al., 2012,
Park et al., 2014, Pusztai and Hajder, 2017] as it is robust in managing the outliers
from noisy lidar returns. Once the plane of the target is obtained, the normal to
the plane can be used to represent the plane, often for estimation of the rotation
parameters. The corners of the target, and the centre point, can also be obtained in
a similar fashion by finding the intersection of the lines that are fitted to the edges
of the target. When target features are extracted, the transform parameters between
the lidar and camera can be estimated by computing linear systems of equations
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and optimised with techniques such as Levenberg-Marquardt [Levenberg, 1944, Zhou
et al., 2018, Park et al., 2014], Gauss-Newton [Geiger et al., 2012], Iterative Closest
Point (ICP) [Alismail et al., 2012, Geiger et al., 2012, Dhall et al., 2017] and Genetic
Algorithm [Verma et al., 2019]. The designed cost functions are usually variants of
a least-squares error [Zhou and Deng, 2012, Pusztai and Hajder, 2017, Verma et al.,
2019] for feature alignment and the reprojection error [Pandey et al., 2010, Verma
et al., 2019, Geiger et al., 2012].

2.4 Real-world Point Cloud Completion

Point cloud completion approaches focus on recovering complete point clouds from
partial point clouds. Most approaches [Yu et al., 2021, Yang et al., 2018, Groueix
et al., 2018, Sun et al., 2021, Park et al., 2019] are proposed for synthetic 3D CAD
objects [Chang et al., 2015, Wu et al., 2015] to allow evaluation with ground-truth
object shapes. However, simulated sparse point clouds are not representative of the
noise and sparsity of the point cloud of objects as captured from a real-world sensor.
A few approaches [Yuan et al., 2018, Stutz and Geiger, 2018, Duggal et al., 2022]
tackle completion for real-world lidar data, however, they rely on using ground truth
bounding boxes to transform each object into object-centred coordinates. This access
to ground truth annotations is infeasible in real-world applications. Conversely, there
are few existing point cloud completion approaches for objects in viewer-centred co-
ordinates. Viewer-centred coordinates represent the object in the coordinate frame
aligned to the viewing perspective of the sensor. Traditional methods [Bernardini
et al., 1999, Edelsbrunner et al., 1983, Kazhdan et al., 2006] are typically able to
complete viewer-centred objects, though the meshes are often inadequate for sparse
observations, and require heavy parameter tuning for each object. Whilst deep learn-
ing models for object-centred completion have displayed great performance, adapting
these models to the viewer-centred context is non-trivial. Gu et al. [Gu et al., 2020]
estimates object pose and shape given an object in viewer-centred coordinates. Their
training setup uses multiple views of the object in a Siamese training setup, with the
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ground truth surface as the accumulation of points from multiple views of that ob-
ject. Our proposed SEE-VCN [Tsai et al., 2023a] framework, presented in Chapter 3,
uses simulated lidar data to enable viewer-centred surface completion through joint
pose and surface completion. They further demonstrate that completing the surfaces
of objects can be used in a UDA setting to bridge between lidar types, leading to
improved 3D box localization and size estimation.



Chapter 3

Domain-Invariant Representation

3.1 Introduction

Each lidar has a distinct scan pattern, leading to a representation of objects specific
to its scan pattern (Fig. 3.1). This characteristic of lidars results in performance
degradation when models trained for one lidar are tested on other types of lidars.
Existing works [Yang et al., 2021] use self-training to generate high-quality pseudo-
labels to re-train a 3D detector on a different type of lidar. This approach has shown
to be highly effective. For adjustable scan pattern lidars such as the Baraja Spectrum-
Scan however, this would require training a new detector for each scan pattern which
is impractical. The motivation for the approaches presented in this chapter is to
therefore enable a trained 3D detector to obtain strong 3D detections on any lidar
scan pattern.

In this chapter, we propose an unsupervised multi-target domain adaptation frame-
work designed to work on both fixed and adjustable scan pattern lidars without the
need to train a model for each new scan pattern. Our framework enables the perfor-
mance of SOTA models, trained on single lidar dataset, to be adapted for multiple
unlabelled lidar datasets of various, distinct scan patterns. Our approach focuses on
transforming objects in their lidar-specific representation, to a unified scan pattern
representation. We subsequently feed this into any SOTA detector and in so doing, we



3.1 Introduction 24

Figure 3.1 – Sampling discrepancy of cars at 10m distance captured by different
lidars. Top left: Baraja Spectrum-Scan, an adjustable scan pattern lidar; Top
right: Waymo Open Dataset [Sun et al., 2020] (64-beam); Bottom left: KITTI
Dataset [Geiger et al., 2012] (64-beam); Bottom right: nuScenes Dataset [Caesar
et al., 2020] (32-beam).

alleviate the bias towards a specific lidar’s object representation. Our approach uses
the camera as a complementary sensor modality, acting as a bridge between various
scan patterns by proposing image regions through instance segmentation. The idea is
to enable an image detector, trained in a supervised setting, to act as an anchor for a
lidar that has the capability to change its scan patterns in real-time. This approach
is also valuable when different lidar types are swapped out for comparison purposes.

Recently, Segment Anything Model [Kirillov et al., 2023] demonstrated strong perfor-
mance on unseen target domains and tasks without any domain adaptation, achieving
competitive or even superior results compared to a fully supervised model. This is
part of a recent trend in computer vision towards foundation models, which have
strong generalization performance to a wide variety of deployment environments.
Currently, image instance segmentation models still suffer a performance drop when
deployed on cross-domain data, however we believe that strong generalizable instance
segmentation models will also be developed in the future. This would therefore allow
our approach to be used effectively on any camera-lidar setup without requiring an
image detector to be trained in a supervised setting.
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To effectively use the camera as a bridge across various scan patterns, it is important
to ensure that the camera and lidar setup are accurately calibrated. Inaccurate
calibration between these sensors could result in the extraction of erroneous point
cloud clusters from designated image regions, consequently undermining the efficacy
of our approach.

In summary, this chapter presents a new approach to address the domain gap across
lidar scan patterns, and also addresses the challenge of accurate extrinsic calibration
between the camera and lidar setup. The main contributions are as follows:

• Camera-lidar calibration pipeline that optimises the selection of calibration
samples for the estimation of extrinsic parameters that optimally align the
sensors to the entire scene. The code for this calibration tool is available at
https://github.com/acfr/cam_lidar_calibration.

• An unsupervised multi-target domain adaptation framework that unifies the
scan pattern representation of lidars. We release the code at https://github.

com/darrenjkt/SEE-MTDA.

• A viewer-centred completion network that improves unified scan pattern rep-
resentation through lidar-agnostic surface completion. We release the code at
https://github.com/darrenjkt/SEE-VCN.

3.2 Camera-Lidar Calibration

3.2.1 Overview

The fundamental theoretical problem in calibration is the computation of the trans-
form between two frames (camera and lidar in our case), which is solved in theory
but challenging, and often underestimated in its application. The primary challenge
is attaining robust and accurate estimation of the calibration in practical applications
which is often affected by human, environmental and sensor errors.

https://github.com/acfr/cam_lidar_calibration
https://github.com/darrenjkt/SEE-MTDA
https://github.com/darrenjkt/SEE-MTDA
https://github.com/darrenjkt/SEE-VCN
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Many successful target-based methods have been proposed for the extrinsic calibra-
tion of camera and lidar, however, in practice, their calibration process is often rife
with trial and error of finding the best poses for the perfect calibration. Extrinsic
calibration parameters are very sensitive, as small errors in rotation or translation
estimation can drastically affect the usability of the calibration result [Huang and
Grizzle, 2019]. This sensitivity can most commonly be attributed to noise in the
feature extraction process due to errors in sensor measurement which leads to uncer-
tainty in plane-fitting [Park et al., 2014, Verma et al., 2019, Huang and Grizzle, 2019]
or line-fitting of edges [Park et al., 2014, Verma et al., 2019].

(a) (b) (c) (d) (e)

Figure 3.2 – Many existing methods often show the effectiveness of their approach by
presenting a well-fitted target with low reprojection error (a), but not the whole
scene (b). Both (a) and (b) have the same calibration parameters. The centre
of the red tilted crosshair is the lidar’s reprojected board centre, and green is the
camera’s board centre. The reprojection error in (a) and (b) is 1.8 pixels, which is
good, however the calibration parameters don’t fit the pillar well at the background
because the algorithm only focuses on optimising the chessboard fit. (c) has better
overall alignment of scene features than (b) despite having 2.7 pixel error vs 1.7
respectively, showing that same target pose can be fitted with multiple different
calibration parameters. (d) and (e) compare the calibration result of 3 and 9 poses
respectively, showing that an equally good calibration can be achieved on both.

It is challenging to find the perfect calibration as there is no ground truth. To assess
the quality of the calibration result, the reprojection error on the alignment of a
target is often computed. However, while these methods craft clever cost functions
to optimise the alignment of the target, it often results in an overfitted target and
an underfitted scene as shown in Fig. 3.2a and Fig. 3.2b. This is because while
the target might be fitted at closer ranges, the errors of estimated parameters grow
with distance, becoming more noticeable on objects that are farther away. Many
existing works [Zhou et al., 2018, Toth et al., 2020, Pusztai and Hajder, 2017, Kim
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and Park, 2019] may often only show Fig. 3.2a and report a low reprojection error for
it, however this is misleading for those who attempt to use such methods, thinking
that they would get a good calibration for the entire scene. Furthermore, there are a
range of possible parameters that can fit the target well, but not all of them fit well
to the scene as can be seen when comparing Fig. 3.2b and Fig. 3.2c.

Figure 3.3 – Our proposed calibration pipeline. The entire pipeline (excluding
the manual data collection phase) takes around 90s to assess the data and estimate
calibration parameters.

The target-based calibration pipeline commonly includes 3 sections: data collection,
feature extraction and the calibration algorithm. Many authors typically focus on
the feature extraction and algorithmic aspect of calibration, however, less attention
has been given to the crucial data collection aspect. The importance of good data is
commonly stressed in many machine learning algorithms, but not often so in extrin-
sic calibration methods. In this work, we demonstrate that the estimated calibration
parameter’s proper alignment of scene features and their uncertainty are highly influ-
enced by the quality of data that is fed into the calibration algorithm. We adopt an
existing target-based method [Verma et al., 2019] for calibration, as we believe that
the existing algorithms are effective, but suffer from user error due to the challenges
of collecting good quality samples.

In section, we propose a calibration pipeline, shown in Fig. 3.3, that fits well to
the scene and can be used in an out-of-the-box fashion by any user regardless of
calibration expertise. Our method allows the user to simply record many poses with
as much variation as possible, and let our algorithm automatically select the best
poses to calibrate with. In effect, our work seeks to quantify the calibration expert’s
knowledge of pose selection in order to make the calibration process less arduous,
less time-consuming, and easily accessible. With new lidar technologies surfacing, it
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is important to have lidar-agnostic algorithms. Therefore, we demonstrate that our
method performs well on both the commonly used Velodyne VLP-16 and a novel
adjustable scan pattern lidar, Baraja Spectrum-Scan, as shown in Fig. 3.4.

Figure 3.4 – Calibration result of Baraja Spectrum-Scan (top) and Velodyne VLP-16
(bottom) with our method. Projection is shown for the whole scene, to illus-
trate that our estimated calibration parameters are fitted to the scene. Points are
coloured based on distance to the lidar, red for points closer than 3m and blue for
points around 20m away. The chessboard for the Baraja Spectrum-Scan (top) has
ground points projected on the board due to a large difference in perspective of
the Baraja Spectrum-Scan and camera.

In particular, we propose the Variability of Quality (VOQ) metric to assess the cal-
ibration data, and give an indication of the generalisation ability and uncertainty
of the estimated calibration parameters. The features used in this metric are com-
mon features used in most other target-based methods. We argue that calibration
quality is not about how well a target is fitted, but rather, how well the calibration
parameters fit the entire scene. To assess this we propose a robust evaluation of our
proposed calibration pipeline that computes the mean and standard deviation of the
reprojection error of poses that are evenly spread out in the calibration area.
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3.2.2 Method

We adopt the calibration method in [Verma et al., 2019] which extracts the centre
point and plane normal nL of a chessboard target. The rotation matrix RL

C rotates a
matrix of camera normals NC = [n0

C,n1
C,n2

C]T to align with the corresponding lidar
normals NL = [n0

L,n1
L,n2

L]T as shown in Eq. (3.1), which we can solve for, given that
we know NC and NL.

RL
CNC = NL (3.1)

Verma et al. [Verma et al., 2019] modified this equation to allow more normals to be
included in NL and NC to improve the robustness of the algorithm by overconstrain-
ing the problem, hence side-stepping the linear dependency issues. Including more
samples in the computation is a common approach in existing methods [Park et al.,
2014]. However in practice, it was found that while more poses was more robust, it
was also prone to overfitting the chessboard. In this work, instead of using more poses
for a single calibration result, we chose to take the approach of using multiple sets of
3 poses, to obtain a robust estimate of the calibration parameters with uncertainty.
Using 3 poses fully constrains Eq. (3.1), and also makes NC and NL a square matrix,
which allows for more meaningful analysis of the samples. Comparing Fig. 3.2d and
Fig. 3.2e shows that a good result can be obtained with sets of 3 and 9 on our baseline
method if the correct poses are chosen.

Linear dependence in the normal matrix

To avoid redundant poses, it is important to be able to identify linear dependence in
the normal matrix as we need to compute NC

−1 when we solve for RC
L in Eq. (3.1).

When two or more rows are close to being linearly dependent in the normal matrix,
the computation of the inverse becomes unstable and can adversely affect calibration
results. This issue is often side-stepped when an expert in calibration knows which
poses to use, however for an inexperienced user, it can be challenging to know how
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to do so.

The normal matrix N3×3 outlines a parallelepiped whose signed volume can be com-
puted by taking the determinant |N3×3| which is the volume scaling factor of the
linear transformation of |N3×3|. When the determinant is zero, there is little to no
definition of the parallelepiped, its volume can’t be well computed and hence the
computation of its inverse is unstable as illustrated in Fig. 3.5.

Figure 3.5 – Illustration of linear dependency. When the normal (blue arrows) of the
target planes have enough variation, it outlines a distinct parallelepiped (stable)
with a large determinant, which is the volume of this parallelepiped. However,
if the normals have similar or exactly the same orientations, the parallelepiped is
hard to define or non-existent, and the determinant is close to zero.

The linear dependency of the matrix can also be computed by looking at the rank,
or the condition number κ of the matrix [Zhou and Deng, 2012, Zhou et al., 2018].

κ(N) = ||N||||N−1|| (3.2)

κLC = max{κ(NL), κ(NC)} (3.3)
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The condition number of the normal matrix κ(N3×3), shown in Eq. (3.2), gives an
indication of the stability of its inverse N−1

3×3 where most stable result gives κ = 1
and the least stable result giving a value that grows towards +∞. In theory, the
condition number of NC should be exactly the same as NL as the relative orientation
of the poses in the set should be the same whether in point cloud or image domain.
However, this is not always the case and therefore we take the worst case scenario
of the two condition numbers for a more robust measure. We compute the condition
number of the normal matrices using the frobenius norm to assess linear dependency.

Error in lidar measurements

To get a good estimation of calibration parameters for target-based methods, an
accurate feature extraction of the target is expected. However in reality, lidars and
cameras both have errors in measurements that affect the accuracy of the feature
extraction process. Lidars tend to have errors in their range accuracy; Velodyne
VLP-16 for example documents a range accuracy of ±3 cm. Our baseline method first
determines the edge lines of the target with RAndom SAmple Consensus (RANSAC),
then finds the intersection of edge lines to identify the corners of the chessboard. This
estimation of chessboard corners is heavily influenced by the number of points that
lie on the board, and the range accuracy of those points as illustrated in Fig. 3.6.

It was found empirically that the errors of chessboard measurements had a greater
error at certain distances from the sensor pair (such as being too close or too far), and
also when the board faced certain directions. In our approach, the chessboard corners
are estimated using the intersection of the lidar-measured board edges. These corners
are then used to determine the centre of the board. If the board is too close or too
far, the estimated board lengths are often inconsistent, and if the board is oriented
too much away from the sensors, the board length estimation also suffers. Therefore,
to assess the accuracy of sensor measurements, the sum of dimension errors edim for
the chessboard was used as described in Eq. (3.4) where lL,i; i = 0, 1, 2, 3 are the
lidar’s measurement of the chessboard’s edge lengths, and lP,i; i = 0, 1, 2, 3 are the
physically measured chessboard edge lengths. For each set of poses, we get 3 errors
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Figure 3.6 – Lidar range error may cause it to pick up a skewed board (left), or
incorrectly fit a plane to the chessboard (right). Both of these affect the accuracy
of feature extraction from the target.

edim,j; j = 0, 1, 2, and the mean error of the 3 poses are taken as the set’s average
board error ebe in Eq. (3.5) in millimetres.

edim =
3∑

i=0
|lL,i − lP,i| (3.4)

ebe = 1
3

2∑
j=0

edim,j (3.5)

By assessing the error of the board measurements, we can have a quantitative mea-
sure of the accuracy in chessboard corner and centre estimation. As the translation
vector is computed from aligning the centre of the chessboard in the camera and lidar
domain, an error in centre estimation will lead to errors in calibration results.

Variability Of Quality (VOQ) metric

For a set of 3 poses, we can assess the quality of the rotation parameters using the
condition of the matrix, and the translation parameters using the errors in chessboard
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measurements. We combine these metrics into a single equation defined in Eq. (3.6),
called Variability of Quality (VOQ).

V OQ = κLC + ebe (3.6)

A low VOQ score for a set of poses, leads to better generalisation of the calibration
parameters to the scene as well as less variability in calibration results. On the
other hand, a high VOQ score leads to overfitting and a higher standard deviation of
estimated calibration results.

To estimate the calibration parameters, we propose to use 50 sets of 3 with the lowest
VOQ scores out of all possible combinations of the given data. For this reason,
our approach thrives when more data is provided. The calibration parameters are
calculated by taking the mean of the 50 sets after filtering results that are outside
2 standard deviations from the mean using a z-score. This standard deviation of
the resultant sets can also be used as an indication of the certainty of the estimated
calibration parameters.

3.2.3 Experiments

Chessboard and sensor setup

Experiments were conducted using a chessboard with a 7x5 internal corners, of square
length 95mm and board dimensions of 610×850 mm. The sensors used were a Nvidia
2Mega SF3322 GMSL camera, Velodyne VLP-16 and Baraja Spectrum-Scan lidar.
The VLP-16 has 16 rings with a 360°horizontal and 30°vertical FOV. The Baraja
Spectrum-Scan has a 110°horizontal and 25°vertical FOV with adjustable point cloud
resolution, allowing us to focus the points on regions of interest within the FOV.

The experimental setup is shown in Fig. 3.7, where it can be seen that the lidar-
camera placements of the Velodyne and Baraja differ vastly; VLP-16 being close to
the camera whilst Baraja sits further away. For calibration, we configured the Baraja
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Figure 3.7 – Sensor setup. Top-right shows the coordinate frames of the VLP-16
and camera, and the bottom-right shows the frames of the two Baraja Spectrum-
Scan sensorheads and camera. The Baraja Spectrum-Scan sensorheads had to be
calibrated with the camera separately.

Spectrum-Scan such that the points were always the most dense on the chessboard,
which led to lower board dimension errors. We assume that the pre-requisite step
of intrinsic camera calibration has been undertaken. We compared the brute-force
approach of computing the VOQ for every possible combination of poses, with a
clustering approach where we selected normals from clusters to minimise the condition
number κ. However as the number of combinations are not very large for sets of 3, we
adopted the brute-force approach which was faster. Our proposed calibration pipeline
takes around 90s (excluding the manual data collection process).
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Data collection

A total of 50 poses were collected for both pairs of VLP-16-camera and Baraja
Spectrum-Scan-camera, which generated

(
50
3

)
= 19600 combinations. When cap-

turing these poses, we ensured that there was variation in the pitch and yaw axes of
the target. For the roll axis, we kept the chessboard at a 45°angle to form a diamond
shape to better detect chessboard edges with a low resolution lidar. We noticed that
the sensor measurements of both the VLP-16 and Baraja Spectrum-Scan lidars were
consistently under/over estimated and therefore converted each point to its polar
form and added a distance offset to it as shown in Fig. 3.8.

Figure 3.8 – Distance offset for the Baraja Spectrum-Scan in metres squared. Before
the offset was added, the chessboard’s area was consistently underestimated on
every chessboard sample.

The VLP-16 and Baraja Spectrum-Scan lidars we used required a distance offset of
-30mm and +105mm respectively. If the internal distance bias of the lidars are not
accounted for, it is hard to obtain a perfect calibration for the sensor pair as all the
target measurements will be inaccurate. For each set of 3 generated, we computed a
calibration result with our baseline method. These 19600 sets took around 6 hours
to compute with an Intel® Core i7-9700T CPU on a Dell Optiplex 7070 desktop.
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Results

Often when assessing the quality of the calibration parameters, existing methods
would project the corners or centre of the target into the image to compute the
reprojection error for that particular pose. To assess the efficacy of our metric, we
computed the reprojection error over 46 VLP-16 poses that are evenly distributed in
the range of 1.7m to 4.5m away from the sensor pair. We did not record poses that
were farther away as the low resolution of VLP-16 posed a challenge for RANSAC
to accurately outline board edges. By computing the reprojection error over all 46
poses, we can get a more robust assessment of how well the estimated calibration
parameters fit the entire scene, along with the standard deviation of the reprojection
error.

(a) (b)

Figure 3.9 – Plots for VLP-16 data. (a) Demonstrates the effect of condition number
on the stability of calibration results. (b) Shows that a decrease in board dimension
error between the lidar-measured board dimensions and the physically measured
board dimensions leads to a lower reprojection error mean and standard deviation.

The stability of the computation of rotation matrix can be gauged using κLC which we
assess by grouping the 19600 sets and their corresponding calibration results in equal
sized bins. For each bin, the mean κLC and standard deviation of calibration results
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were computed with results shown in Fig. 3.9a. Here we observe that the condition
number of the normal matrix starts to affect the stability of calibration results at
κLC ≈ 50. Board error was assessed by first filtering out all sets with a condition
number higher than 20, then plotting board error with the respective reprojection
error as shown in Fig. 3.9b. We filtered out the condition numbers higher than 20 as
they would greatly affect the stability of estimated calibration parameters, and hence
affect the assessment of the board dimension error. The smallest average reprojection
error achieved on the test dataset was around 1cm. This reprojection error, along
with its standard deviation steadily grows as the board dimension errors increase. We
provide an easy set of guidelines to facilitate the data collection process in our code
repository.

(a) (b)

Figure 3.10 – (a) Demonstrates the effect of the VOQ score on the stability of calibra-
tion results. (b) Mean reprojection errors for VLP-16 across 46 poses showing that
a lower VOQ score leads to lower mean reprojection errors. After VOQ=200, the
reprojection errors grow exponentially past 2000 and therefore have been excluded.

VOQ was assessed in a similar manner to the condition number and board errors.
In Fig. 3.10a it can be seen that the uncertainty of calibration results grows as the
VOQ score increases. Fig. 3.10b shows that an increase in VOQ doesn’t simply result
in more variability in calibration results, but also a higher average reprojection error
of the scene, and a growing standard deviation. For VLP-16 and Baraja Spectrum-
Scan lidars, the lowest average reprojection errors achieved were both in the range of
1-1.2cm, with a standard deviation of 0.4-0.6cm.
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Figure 3.11 – Projection of point cloud onto image using estimated calibration pa-
rameters at the VOQ score indicated by the dotted lines in the top row. The left
is the VLP-camera calibration, and the right is the Baraja-camera calibration. As
the average VOQ score of the 50 sets increases, so too does the scene misalign-
ment (observable in the background white pillar), and reprojection error mean and
standard deviation. This correlation is observed in both the VLP-16 and Baraja
Spectrum-Scan lidar.
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In Fig. 3.11, the lidar point clouds for both VLP-16 and Baraja Spectrum-Scan have
been projected onto the images at specific VOQ scores for a visual comparison to
validate the effectiveness of our approach. We emphasise on using both an average
reprojection error in combination with a visualisation of the entire scene to assess
calibration quality.

It can be seen that a lower VOQ score is correlated with a calibration estimation that
fits well to the scene. When the VOQ score is slightly increased, it can be seen in the
2nd row that the reprojection error is still low, but the background is not well fitted
due to the small calibration errors becoming more noticeable at a distance. Cross-
referencing Fig. 3.11 with Fig. 3.10b shows us that when VOQ increases roughly from
20 to 60, both the mean and standard deviation of the reprojection error grows. As
the VOQ score increases, the instability of a high condition number for N starts
to affect the estimated parameters, resulting in an unreliable and highly uncertain
estimation. There is a spike in reprojection error at V OQ ≈ 100 which is caused by
the sharp increase in uncertainty of the κLC ≈ 100. The decrease that follows could
be attributed to a mix of sets with high board errors but a low condition number.
There is a correlation between VOQ and reprojection error, however it is only an
indication of background alignment as we do not have a ground truth. We therefore
conclude that it is more important to obtain a result within a low VOQ range (VOQ
< 30), than the specific VOQ value itself.

In summary, we presented a simplified calibration pipeline by quantifying expert
knowledge to optimise the data selection process. We demonstrate that our cali-
bration pipeline robustly estimates extrinsic parameters for different lidar types and
lidar-camera placements. Having an accurate calibration between lidar and camera
enables approaches to effectively use both sensor modalities in a common frame of
reference, which we demonstrate in the following sections.
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3.3 Scan Pattern Normalization Framework (SEE)

3.3.1 Overview

In this section, we introduce our unsupervised multi-target domain adaptation frame-
work, See Eye to Eye (SEE), shown in Fig. 3.12. Our approach uses image instance
segmentation on camera images as region proposals for selective scan pattern normal-
ization of object regions. Due to the use of the camera as a complementary modality,
a strong camera-lidar calibration which we demonstrated in Section 3.2, is a key
pre-requisite. We validate the efficacy of our framework with extensive experimen-
tation using two SOTA detectors, SECOND-IoU [Yan et al., 2018] and PV-RCNN
[Shi et al., 2020], on multiple public datasets as well as a manually labelled, Baraja
Spectrum-Scan dataset. We demonstrate the transferability of SECOND and PV-
RCNN from Waymo and nuScenes to the Baraja Spectrum-Scan to highlight SEE’s
ability to adapt to unseen scan patterns. We note that our framework is applicable
for single-source to both single-target and multi-target UDA settings.

Figure 3.12 – Overview of the SEE framework, our lidar-agnostic unsupervised
multi-target DA framework for 3D object detection. Our framework allows a 3D
detector trained on one source domain to be used on multiple target domains
without additional training. SEE is comprised of 3 phases: object isolation, SC,
and point sampling.

SEE is a simple and effective framework that enables easy adoption of SOTA detectors
for any kind of scan pattern. SEE has the following advantages:

• Scan Pattern Agnostic: Significant improvements achieved when transferring
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the performance of 3D detectors across lidars regardless if the lidar scan pattern
is fixed or adjustable.

• Unified Detector Comparison: Any 3D detector can now be lidar-agnostic
and easily benchmarked on multiple point cloud datasets.

• Detection Performance: SEE achieves SOTA for the Waymo → KITTI task
on all evaluated models.

• Lidar Innovation: With SEE, novel scan patterns from innovative lidars can
now be used with any detector; these previously needed expensive manual la-
belling, or significant hardware resources for fine-tuning.

3.3.2 Method

For this section, we denote the point cloud as a set of unordered points Xi = {pj|
Nj

j=1},
where pj is the j-th point in the i-th point cloud Xi with Nj number of points.
Each labelled point cloud has a set of annotations Yi = {yk|Nk

k=1} for Nk objects,
where yk is the k-th bounding box, parameterised by the center (cx, cy, cz), dimensions
(l, w, h) and rotation θz around the world frame Z-axis. The point set of all object
instances in the point cloud can be represented as Oi = {ok|Nk

k=1}, where ok refers to
the points of the k-th object. In this UDA scenario, we denote the source domain as
χS = {(XS

i ,YS
i )|NS

i=1}, where each i-th point cloud XS
i , has a corresponding annotation

YS
i for all NS frames in the source domain. For the target domain, we are given a

set of unlabelled point clouds χT = {XT
i |NT

i=1}, where XT
i is the i-th point cloud in the

target domain with NT point clouds.

SEE explicitly bridges the domain gap between distinct scan patterns by transforming
only the object instances into a normalised representation. We call this resultant
point cloud a semi-canonical domain where only the objects OS

i and OT
i reside inside

a canonical domain. This can be represented by MS
i = ψ(OS

i ) and MT
i = ψ(OT

i )
where MS

i and MT
i represent the i-th semi-canonical point cloud. We train the

3D object detector ρ(MS
i ) on this semi-canonical source domain using labels YS

i ,
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and subsequently, in testing, apply it to the semi-canonical target domain ρ(MT
i ) to

obtain bounding boxes which can then be projected back into the target domain XT
i .

Isolating the object point cloud

The first phase of SEE depicted aims to isolate the object points OS
i and OT

i in
the point cloud. Where labels are available in the source domain, this can easily be
accomplished for each k-th object by cropping the point cloud with their bounding
box yk. In the target domain, we utilize instance segmentation to isolate object
instances OT

i = σ(xT
i ).

Instance segmentation. Using image instance segmentation, we can obtain a mask
that outlines the object shape within the detected bounding box. We first project
the point cloud into the image plane using the homogenous transformation matrix
Tcamera←lidar and the camera matrix. Thereafter, in the image plane, we isolate the
points within each mask.

Figure 3.13 – Background points due to viewpoint misalignment in KITTI dataset.

Instance segmentation masks allow for tight bounds on the object, giving better
isolation of object points over bounding boxes; but this is not without its issues
[Berrio et al., 2021]. Viewpoint misalignment of camera and lidar, loosely fitted
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instance masks, as well as calibration errors, discussed in Section 3.2, can lead to
the inclusion of points within the mask that do not belong to the object, shown in
Fig. 3.13. Additionally, due to the lack of depth in images, instance segmentation
may occasionally pick up cars or people in posters and billboards [Gomez-Donoso
et al., 2020], which is not of interest to 3D object detection for autonomous driving.
If these are transformed to the canonical domain and passed to the 3D detector for
training, the model would learn the idiosyncrasies and failures specific to a particular
instance segmentation model used for generating training data. To bypass this, we
opt to use instance segmentation only in the target domain which in turn gives our
framework flexibility in our choice of instance segmentation models. By using instance
segmentation only in the target domain, we ensure that the source domain model is
trained with clean data.

Our results show that for a well-calibrated lidar and camera pair with minimal view-
point misalignment, a simple clustering strategy is sufficient to isolate object points
OT

i from the set of points in the mask ST
i = {sT

k |Nk
k=1}, where sT

k is the set of mask
points for the k-th object.

(a) (b)

Figure 3.14 – (a) Lidar ring separation with increasing distance. At 40m, the distance
between the vertical rings of the nuScenes lidar is nearly 1m; (b) Velodyne HDL-
64E (KITTI) ring separation at 10m, 20m, 30m and 40m. A KITTI car at 40m
has a maximum of 5-6 rings on the car.

VRES-based Clustering. To find the points of the k-th object oT
k from the point



3.3 Scan Pattern Normalization Framework (SEE) 44

set sT
k of the i-th point cloud, we employ a DB-Scan [Ester et al., 1996] clustering

strategy using an estimated Vertical Resolution (VRES) of the lidar. Beam divergence
is a characteristic of lidars where the separation between points widens with distance.
For ring-based lidars, such as KITTI, this widening is more prevalent in the vertical
separation between points of different rings as illustrated in Fig. 3.14. Therefore,
a good clustering distance ϵ needs to be adaptive to the widening of vertical point
distances. We can estimate a VRES ϕv with ϕv = θF

NR
, where θF is the vertical FOV

of the lidar and NR is the number of rings. For a non-ring based lidar, NR was
approximated based on the observed resolution. The clustering distance ϵ can be set
by ϵ = αdv, where α is a scaling factor for the vertical point distance dv = dotan(ϕv)
and do = ||pT

k ||2 is the centroid distance of the mask points. We select the largest
cluster of pT

k as the set of our object points oT
k .

Surface completion

To recover the geometry of the isolated object points oS
k and oT

k , we use the Ball
Pivoting Algorithm (BPA) [Bernardini et al., 1999] to interpolate a triangle mesh.
The core idea of BPA is simple. A set of spheres are rolled around the point set.
If any ball touches three points and doesn’t fall through, it forms a triangle. We
estimate surface normals for the object point set by orienting them towards the lidar
origin. BPA uses these surface normals to ensure that triangles are only generated
on the surface of the object; this was effective in recovering an accurate geometry of
the object. The added benefit of using an SC method is that we address the issue
of partial occlusion, where objects are split into two components, most commonly
in driving datasets by poles, signs or trees. With BPA we can connect the two
disjointed components into a single object. BPA can be easily swapped out with
other SC methods such as Alpha Shapes [Edelsbrunner et al., 1983] or Poisson Surface
Reconstruction [Kazhdan et al., 2006], which do not require pose normalization [Yuan
et al., 2018, Yu et al., 2021]. We explore this further in Section 3.3.3.
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Point sampling

Objects at closer ranges typically have more confident detections due to the high
density of points; this can be observed in the Waymo leaderboard [Sun et al., 2020]
when evaluating by range. In the last phase of SEE, we choose to upsample every ob-
ject’s triangle mesh to increase the confidence of 3D detectors. We sample the triangle
meshes using Poisson disk sampling [Yuksel, 2015], where each point is approximately
equidistant to neighbouring points.

To increase the confidence of detections at a further range, we upsample the meshes
to emulate the point density of objects at a closer range (5-10m). Smaller point dis-
tances are typically correlated with a higher density of points. We define an ideal
vertical point distance dideal, as our desired density of points. The relationship be-
tween dideal and vertical point distance dv can be represented as dideal = dv

β
, since dv

increases with distance. By rearranging this equation, we can solve for our upsam-
pling factor β. Whilst more points are generally better, densely sampled points may
accentuate mistakes in the object isolation phase. We sample each i-th point cloud
object according to this strategy to obtain our semi-canonical representation MS

i and
MT

i .

Object detection in the semi-canonical domain

We train 3D object detectors on the semi-canonical domain ρ(MS
i ) using labels in

the source domain YS
i . We demonstrate the framework on two SOTA detectors

SECOND-IoU [Yang et al., 2021] and PV-RCNN, which required no architectural
modifications. Given a point cloud in the test domain XT

i we isolate the objects OT
i ;

convert to the semi-canonical domain MT
i ; apply the detection network ρ(MT

i ); and
finally, project detections back into the target domain XT

i .
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3.3.3 Experiments

In this section, we first validate SEE on public datasets and subsequently demonstrate
its efficacy on the novel Baraja Spectrum-Scan dataset.

Datasets

We evaluate our framework on the “Car" class using three public datasets: Waymo,
KITTI and nuScenes; and a manually annotated Baraja Spectrum-Scan dataset. We
demonstrate the concept across multiple scenarios: (1) Differing lidar ring numbers
(i.e., nuScenes → KITTI); (2) Multiple concatenated point clouds to a single point
cloud (i.e., Waymo → KITTI); (3) Ring-based to a uniform, interleaved scan pattern
(i.e., Waymo/nuScenes → Baraja). We evaluate all scenarios on SECOND-IoU and
PV-RCNN.

KITTI. The KITTI dataset [Geiger et al., 2012] provides 7,481 training samples and
7,518 testing samples. The entire training dataset contains 27,459 cars. The sensor
suite includes 2 colour cameras and a Velodyne HDL64E lidar with 360° horizon-
tal FOV (HFOV) and a narrow 26.8° vertical FOV (VFOV) with 64 equally spaced
angular subdivisions (approximately 0.4°). We follow the popular 50/50 training/val-
idation split [Chen et al., 2017, Yan et al., 2018], giving 3,712 training samples and
3,769 validation samples.

nuScenes. The nuScenes dataset [Caesar et al., 2020] provides 28,130 training, 6,019
validation and 6,008 testing samples. The nuScenes sensor suite includes 6 cam-
eras and a Velodyne HDL32E lidar with 360° HFOV and a wide 40° VFOV with 32
equally spaced angular subdivisions (approximately 1.25°). For fair comparison across
datasets, and due to limited hardware resources, we created a subset of nuScenes com-
prising of 4025 training samples, and 3980 validation samples. This subset contains a
similar number of cars and frames as in KITTI. To overcome the surface completion
challenges caused by point cloud sparsity, we truncated the point cloud range in the
training process to [-24, 24]m for X and Y, and [-2,4]m for Z axis.
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Waymo. The Waymo Open Dataset [Sun et al., 2020] contains 1,000 scenes, each
with 200 frames. The dataset provides a top-mounted long-range lidar and 4 short-
range lidars, with the point cloud truncated to a maximum of 75m for the top-lidar
and 20m for the short-range lidars. The 360° HFOV top-lidar has a narrow VFOV of
20° with 64 non-uniformly spaced subdivisions where points are denser at the horizon.
We concatenate all 5 lidar scans into a single point cloud. Similar to nuScenes, we
create a subset of the Waymo dataset. Selecting one frame from each scene leads
to a subset of 1,000 training samples with a similar number of cars (30,405 cars) to
the KITTI dataset. We trained the models on the “Vehicle" class with a point cloud
range of [-75.2, 75.2]m for X and Y axis, and [-2,4]m for Z axis.

Figure 3.15 – The Baraja Spectrum-Scan dataset scan pattern is configured to foveate
points at the horizon. The foveation pattern is visible on the SUV where the bottom
half has a ring-like appearance whilst the upper half we describe as a uniform,
interleaved scan pattern.

Baraja Spectrum-Scan. Our manually labelled dataset uses Baraja Spectrum-
Scan, a novel, high-resolution lidar that can dynamically increase point cloud resolu-
tion around key objects [Pulikkaseril and Langdale-Smith, 2020]. Baraja Spectrum-
Scan has 120° HFOV and 30 ° VFOV. It is able to adjust its vertical (from 0.025°-0.2°)
and horizontal (from 0.05°-0.2°) angular resolution for user-defined, non-uniformly
spaced subdivisions. This allows it to have a scan pattern that can achieve up to
1000 subdivisions per beam channel. Our collected dataset uses 128 non-uniform
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subdivisions per channel, with the points foveated to focus on the horizon as shown
in Fig. 3.15. In our particular configuration, the foveated region is what we describe
as a uniform, interleaved distribution of points, where the vertical and horizontal
angular resolution is approximately equal. The top and bottom of the vertical FOV,
however, is configured similarly to the beams of KITTI, Waymo, and nuScenes. Our
camera, Intel RealSense D435i, was mounted directly below the lidar. Using the la-
belling tool, SUSTechPOINTS [Li et al., 2020], we followed the KITTI annotation
scheme and labelled cars only if they are visible in the image FOV. In the image
extremities, we only label cars if more than 50% of the car is visible in the image.
We adopt the same dataset limitations as Waymo in truncating the point cloud to a
maximum of 75m, and we include side mirrors within the annotated bounding box.
The dataset was collected in San Francisco in dry weather and contains 100 frames,
with a total of 928 cars.

SEE results on public datasets

Comparisons. SEE was compared in the UDA scenario where no prior information
about the target domain is known. We adopt a similar convention to [Yang et al.,
2021] and compare SEE with (1) Source-only, where no DA strategies are used; (2)
ST3D [Yang et al., 2021], the SoTA UDA method on 3D object detection using self-
training. Trained ST3D models were obtained from their open-sourced codebase; (3)
SEE-Ideal, where we use the ground truth annotations to isolate the target domain
objects; (4) Oracle, the fully supervised detector trained on the target domain. For
(3), the ideal case highlights the potential of this framework with further improve-
ments to object isolation, viewpoint alignment and image instance segmentation in
the target domain.

Evaluation Metric. We evaluate SEE on the “Car" class in the KITTI validation
dataset, similar to other UDA methods [Yang et al., 2021, Wang et al., 2020]. We
follow the official KITTI evaluation metric and report the Average Precision (AP)
over 40 recall positions at the 0.7 Intersection Over Union (IoU) threshold for 3D and
Bird’s Eye View (BEV). We report the performance increase of models trained with
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SEE, over the Source-only. We evaluate all methods only on ground truth annotations
where there are 50 points or more within the 3D bounding box. This is because when
there are less than 50 points, it is often insufficient to generate a significant triangle
mesh [Stutz and Geiger, 2018].

Implementation Details. We use the Hybrid Task Cascade (HTC) instance seg-
mentation network [Chen et al., 2019a] provided by the mmdetection codebase [Chen
et al., 2019b] which was pretrained on the COCO dataset [Lin et al., 2014]. In
our SEE framework, we set dideal = 0.05, α = 5, 20 BPA spheres with upper ra-
dius 1.155, and we shrink instance segmentation masks by 2%. We use the Open3D
[Zhou et al., 2018] implementation of BPA. For cross-dataset training and evaluation,
we adopted the settings of the ST3D [Yang et al., 2021] codebase which was based
on OpenPCDet [Team, 2020]. We add an offset to the z coordinates of nuScenes
(+1.8m), KITTI (+1.6m), and Baraja Spectrum-Scan (+2.2m) to shift the origin to
the ground plane. For training, we use the widely adopted data augmentation strate-
gies: random flipping, random world scaling, random world rotation, and random
object scaling (proposed by [Yang et al., 2021]). All models were trained on an RTX
2080 Ti.

Results. From Table 3.1, we show that SEE improves the performance of both
detectors by a large margin. Due to the nature of our approach, having more points
leads to a better-interpolated geometry. This is observed in the Waymo → KITTI
task, where our approach outperforms ST3D with both SECOND-IoU and PV-RCNN
by 2.71 and 6.07 AP3D respectively. From this, we demonstrate that SEE, an MTDA
method, is able to achieve similar or higher performance than the SoTA single target
DA method, ST3D. For the 64-beam KITTI/Waymo lidars, 20-50 points on an object
often outlines 3D geometry as the points are spread across more than two rings. In
nuScenes however, due to having less beams and large vertical angular resolution, 20-
50 points are often in the form of 1-2 rings which reduces the point set’s dimension
to a line, or a plane. Whilst each ring may be dense horizontally and have around
50 points for 2 rings on a car, a line or plane does not give any 3D information. The
lack of 3D geometry in the object points poses a challenging task when nuScenes is
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Task Method SECOND-IoU PV-RCNN
APBEV / AP3D Improvement APBEV / AP3D Improvement

Waymo → KITTI

Source-only 47.67 / 11.92 - 67.42 / 41.54 -
ST3D 78.93 / 62.81 +31.26 / +50.88 89.94 / 73.32 +22.53 / +31.78
SEE 88.09 / 65.52 +40.42 / +53.60 90.82 / 79.39 +23.41 / +37.85

Ideal-SEE 88.93 / 70.48 +41.26 / +58.56 93.17 / 84.49 +25.75 / +42.95
Oracle 86.07 / 81.73 - 92.17 / 89.32 -

Waymo → nuScenes

Source-only 21.38 / 07.29 - 29.59 / 15.09 -
ST3D 38.48 / 21.48 +17.10 / +14.19 38.70 / 19.10 +09.11 / +04.01
SEE 21.28 / 10.51 -00.11 / +03.22 23.84 / 14.72 -05.75 / -00.36

Ideal-SEE 24.27 / 12.20 +02.88 / +04.91 27.36 / 18.41 -02.23 / +03.32
Oracle 26.15 / 22.37 - 26.39 / 24.83 -

nuScenes → KITTI

Source-only 48.74 / 16.39 - 68.97 / 48.03 -
ST3D 76.82 / 58.58 +29.62 / +47.71 88.89 / 83.86 +24.23 / +40.59
SEE 77.00 / 56.00 +28.26 / +39.61 85.53 / 72.51 +16.56 / +24.49

Ideal-SEE 83.80 / 66.82 +35.06 / +50.43 89.94 / 80.29 +20.98 / +32.26
Oracle 86.07 / 81.73 - 92.17 / 89.32 -

Table 3.1 – Results for the different DA scenarios. We report the AP for the car
class on KITTI dataset in bird’s-eye-view (APBEV) and 3D (AP3D) at the 0.7 IoU
threshold on the moderate case. “Improvement" denotes the AP increase from
source-only to the various approaches in the format APBEV / AP3D. The best
results are indicated in bold (with the exception of SEE-Ideal as it uses ground
truth boxes). All models are evaluated on ground truth boxes with 50 points or
more. Publicly available ST3D models are evaluated with this same criterion.

the source or target domain, causing failed or poor interpolation of object geometry.
The result of this is minor performance gain or even degradation in the Waymo →
nuScenes task. This is also apparent in nuScenes → KITTI, where SEE achieves
comparable performance to ST3D with SECOND-IoU. We additionally note that
there is a substantial gap when comparing SEE to SEE-Ideal, which indicates the
potential of our chosen SC method, BPA, with improvements to the object isolation
phase and future instance segmentation models. We believe that the gap between SEE
and SEE-Ideal can be further closed if the camera and lidar viewpoint alignment is
minimised, as this reduces background points. Whilst we do not explicitly deal with
the bounding box distribution gap [Wang et al., 2020], it is an inherent benefit of SEE
as the surface completed objects provides the detector with better prior estimates,
leading to better car size predictions. We show qualitative results in Fig. 3.16.
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Figure 3.16 – Qualitative results for our SEE framework.
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Source Method
SECOND-IoU PV-RCNN
3D BEV 3D BEV

nuScenes
Source-only 1.02 5.12 10.85 13.74

SEE 34.54 58.45 64.34 77.73
Improvement +33.52 +53.33 +53.49 +63.99

Waymo
Source-only 49.96 74.64 76.14 84.10

SEE 73.79 84.74 79.13 87.79
Improvement +23.84 +10.10 +2.98 +3.69

Table 3.2 – Results for the Baraja Spectrum-Scan dataset. “Improvement" denotes
AP increase from Source-only to SEE. Reported AP is at the 0.7 IoU threshold.
We evaluate using the same trained models in Table 3.1.

SEE for Baraja Spectrum-Scan

In Table 3.2, we highlight SEE’s adoption of novel lidar technology by evaluating on
the Baraja Spectrum-Scan dataset. We demonstrate that the same trained models
in Table 3.1 can attain high performance in an unseen dataset with a distinct scan
pattern (see Fig. 3.15). When comparing with nuScenes, due to its ring-like nature
and sparsity of beams, the scan pattern of the lidar is vastly different. Even at a
close range, a car in nuScenes bears little resemblance to any car perceived by Baraja
Spectrum-Scan. In Table 3.2, this is observed in the dramatically low performance
of models trained on nuScenes as the source domain, obtaining 1.02 and 10.85 in
AP3D for SECOND-IoU and PV-RCNN respectively. When the same models are
trained with SEE, the performance is drastically improved with an increase of 1.02
→ 34.54 and 10.85 → 64.34 in AP3D. For Waymo, lidar beams are clustered in the
middle of vertical angles, leading to high resolution at the horizon and sparse rings
in the top and bottom of the FOV, similar to Baraja Spectrum-Scan. This scan
pattern similarity leads to a higher performing “Source-only". We observe that for
the Waymo “Source-only" PV-RCNN attains a high AP3D for the Baraja dataset,
however the same “Source-only" model does not perform well on KITTI as shown
in Table 3.1. The single SEE-trained PV-RCNN model however, can obtain high
performance on both KITTI and Baraja Spectrum-Scan. In Table 3.2 we show that
SEE further pushes SECOND-IoU and PV-RCNN’s performance to 73.79 and 79.13
AP3D respectively.
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Ablation Studies

In this section, we conduct ablation studies using the SECOND-IoU model.

Minimum number of points. To interpolate the underlying geometry, we need
to have a sufficient amount of points to interpolate from. We investigate the perfor-
mance of SEE on objects containing less than 50 points and adjust the evaluation
accordingly. For example, if the minimum number of points for the SC phase is 40,
we also evaluate only on ground-truth boxes that have 40 points or more. It can be
seen in Fig. 3.17 that more points leads to higher quality meshes, and hence, better
detection performance.

(a) (b)

Figure 3.17 – Minimum number of points using SEE-Ideal, evaluated on the Waymo
→ KITTI scenario with SECOND-IoU. Reported AP is at 0.7 IoU for (a) 3D (b)
BEV.

Point Sampling Strategy. We compare our VRES-based sampling with two other
strategies: (1) Surface-area (SA) based sampling, where we sample a certain number
of points per m2 of the triangle mesh surface area; (2) Virtual lidar (VL), where
we adopt the strategy of [Yi et al., 2021] mimicking the scan pattern of the target
domain by comparing the spherical coordinates of the point clouds. In Table 3.3 we
can see that a increasing the density of point sampling in dideal = 0.03 and pts

m2 = 700
causes a decrease in performance, as it potentially over-accentuates mistakes of the
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SC method. On the flip side, fewer points lead to a weaker presence of the object,
which also decreases the performance.

Strategy Config 3D BEV

VRES (dideal)
0.07 64.13 / 58.70 85.70 / 82.36
0.05 70.96 / 65.52 89.70 / 88.09
0.03 68.62 / 57.16 89.50 / 87.94

SA (pts
m2 )

300 70.86 / 58.70 89.67 / 80.68
500 75.52 / 61.41 91.17 / 80.34
700 73.86 / 61.80 89.63 / 81.09

VL - 70.02 / 64.23 86.71 / 85.57

Table 3.3 – Point sampling strategies: VRES, Surface-Area (SA), and Virtual Lidar
(VL). The reported AP shows SEE-Ideal/SEE at 0.7 IoU using SECOND-IoU on
the Waymo → KITTI task. Methods are evaluated on ground truth boxes with 50
or more points.

Surface completion. In Table 3.4, we compare another SC method, alpha shapes
[Edelsbrunner et al., 1983] and a deep learning shape completion method, PCN [Yuan
et al., 2018]. We notice that alpha shapes tend to join the interior object points,
leading to irregularly shaped cars, which is shown in the performance degradation
in AP3D when comparing with BPA. With PCN, we demonstrate the potential of
our framework when using deep learning shape completion methods. In this table,
we only use PCN with SEE-Ideal as we require the ground truth boxes to normalise
the pose and scale of each car for completion. However, we note that PCN is not
directly applicable to our approach in the non-ideal setting which we elaborate in the
following discussion.

Method 3D BEV
Ball Pivoting 66.81/55.78 82.67/76.80
Alpha Shapes 56.31/49.07 68.57/65.17
PCN [Yuan et al., 2018] 83.89/ - 85.60/ -

Table 3.4 – Comparison of BPA with Alpha Shapes and PCN [Yuan et al., 2018].
Table shows SEE-Ideal/SEE on the nuScenes → KITTI task using SECOND-IoU
for AP3D at 0.7 IoU.
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Discussion

The SC phase of SEE runs at 0.33FPS for a single camera-lidar pair on an Intel(R)
Core(TM) i7-6700K CPU which is not in real-time. However, as the primary intent for
SEE is for offline unified detector evaluation, these processing times are acceptable.
We showed in Figure 3.17 that our method performs better with more points on the
object. This is also reflected in the high performance of SEE across lidars with at least
64 beams, and lower performance when using 32-beam lidars. However, we consider
this a minor limitation as we argue that the future direction of lidar manufacturing
is headed towards higher resolution point clouds. The results in Table 3.4 indicates
the importance of the SC phase and leads us to believe that more robust SC methods
can further improve the domain adaptation capabilities of SEE. We believe that there
is potential in our framework to adopt deep learning shape completion methods [Yu
et al., 2021, Yuan et al., 2018] in our SC phase. The difficulty in naively adopting
these methods, however, is that existing approaches require the use of ground truth
boxes to normalise the object pose and scale before surface completion. Incorrect
normalization can cause the shape completion network to generate spurious cars in
odd rotations and scales which is detrimental to the detector. In the following section
we address this issue by proposing a deep learning network that can complete the
surface of objects without requiring ground truth boxes for pose normalization.

3.4 Viewer-Centred Completion Network

3.4.1 Overview

In this section, we incorporate our lidar-agnostic, viewer-centred surface completion
network (VCN) with the SEE framework to improve the SC phase. We name our
approach SEE-VCN. Similar to the ball pivoting surface completion in SEE, VCN
extrapolates the underlying surface of each point to transform the lidar-specific to
a unified representation, shown in Fig. 3.18. However, the ball pivoting algorithm
used in the work is slow and leads to inconsistent car meshes. Instead, VCN is fast
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(0.32ms/car) and generates consistent surface representations for cars from different
lidars. Overall, SEE-VCN outperforms MTDA approach SEE, and STDA approach
ST3D [Yang et al., 2021] in multiple domain adaptation settings.

Figure 3.18 – VCN transforms objects from each lidar, into a unified surface repre-
sentation.

Deep learning point cloud completion approaches [Yuan et al., 2018, Yu et al., 2021,
Groueix et al., 2018, Yang et al., 2018] are typically applied in object-centred coordi-
nates, where ground truth orientation and dimensions are required to pre-canonicalize
objects to a unit-bounding box with a pose that is centred and aligned to the Eu-
clidean frame axes. Conversely, there are few existing point cloud completion ap-
proaches for objects in viewer-centred coordinates. Viewer-centred coordinates rep-
resent the object in the coordinate frame aligned to the viewing perspective of the
sensor. Traditional methods [Bernardini et al., 1999, Edelsbrunner et al., 1983, Kazh-
dan et al., 2006], such as BPA used in SEE, are typically able to complete viewer-
centred objects, though the meshes are often inadequate for sparse observations, and
require heavy parameter tuning for each object. While deep learning models for
object-centred completion have displayed great performance, adapting these models
to the viewer-centred context is non-trivial. Our proposed VCN is a deep learning
model that can estimate the pose and complete the surface of an object without
pre-canonicalization. We adopt a synthetic-to-real approach, which enables VCN to
accommodate viewer-centred surface completion for various lidar scan patterns.
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Figure 3.19 – SEE-VCN integrates the SEE framework with our Viewer-centred
Completion Network (VCN) to transform objects of interest to a unified point cloud
representation. For the source domain, we use ground truth labels to transform
objects into an object-centred (canonical) coordinates before completion (VCN-
CN). For the target domain, we estimate the object pose to transform the viewer-
centred object to object-centred coordinates before completing the object (VCN-
VC).

3.4.2 Method

SEE-VCN addresses the lidar scan pattern discrepancy through training and testing
any 3D detector on a unified point cloud representation of objects. This is achieved
through our viewer-centred surface completion network (VCN). For each object Pvc,
VCN transforms the object to a canonical frame Pcn before completing the surface. To
adapt it for the UDA setting, we adopt the MTDA framework, SEE [Tsai et al., 2022]
and integrate it with VCN as shown in Fig. 3.19. In this thesis, the object’s canonical
frame (aka. object-centred coordinates) is defined as the coordinate frame where the
object is centred at the origin, and aligned to the positive x-axis. Unlike ShapeNet
[Chang et al., 2015] models, our canonical frame does not involve normalizing the
objects to a unit-bounding box.

Figure 3.20 – Architecture of our Viewer-centered surface Completion Network (VCN).
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Viewer-centered Surface Completion Network (VCN)

Pose Estimation. To estimate the object pose, we follow [Qi et al., 2018] by first
transforming the object points Pvc to the frustum frame coordinates Pf to constrain
the search space and improve rotation-invariance. The frustum angle is computed
with θf = tan−1( P̄y

P̄x
) where P̄x and P̄y are the mean x and y-axis coordinates of the

object. Thereafter, we transform the input point cloud to the frustum frame Pf by
applying rotation matrix Ry with angle −θf along the y-axis Pf = PvcRy(−θf ).

We centre Pf on the mean of the points in the frustum frame with Pf,m = Pf − P̄f

to get the frustum-mean frame coordinates Pf,m as illustrated in Fig. 3.20.

We feed the Pf,m into our pose estimation component of VCN to get Rf→cn,∆tf,m→cn =
ψpose(Pf,m). VCN’s pose estimation, ψpose, is comprised of 2 Multi-Layer Percep-
tron (MLP) blocks with Leaky ReLU activation, and an adaptive max pooling in be-
tween. ψpose outputs a 9D vector which we split into a 3D translation delta ∆tf→cn,
and a 6D rotation representation that we convert to a 3 × 3 matrix, Rf→cn, fol-
lowing [Zhou et al., 2019] to ensure orthogonalization and rotation continuity. The
point cloud in frustum frame Pf can now be transformed to a canonical frame with
Pcn = (Pf→cn − tf→cn)Rf→cn where tf→cn = P̄f + ∆tf,m→cn and Rf→cn is the
translation and rotation from frustum frame Pf to the canonical frame Pcn respec-
tively. The pose from viewer-centred frame to canonical frame can be recovered by
Rvc→cn = Rf→cnRy(θf ) and tvc→cn = tf→cnRy(θf ).

We use Geodesic loss for Rvc→cn, shown in Eqs. (3.7) and (3.8) with estimated rota-
tion, Rpred, and ground truth rotation, Rgt. We use Smooth-l1 (huber) loss for tvc→cn.
Combined, pose loss is Lpose = αLt + LR with weight α.

R′′ = RpredRgt (3.7)

LR = cos−1((R′′00 + R′′11 + R′′22 − 1)/2) (3.8)

Surface Completion For surface completion, we adopt PCN’s encoder [Yuan et al.,
2018], which is a variant of PointNet [Qi et al., 2017a]. Each PointNet module consists
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of an MLP module, followed by Max Pooling. PointNet uses an MLP for each point,
pi ∈ Pcn, to transform pi into a feature vector fi. These feature vectors are fed
into a point-wise max pooling to obtain a global feature vector g that can intuitively
be perceived as a summary of the information in Pcn. For the output of the first
PointNet, we concatenate the global vector g1 to each point feature vector fi and feed
it to a second PointNet module. The output of the second PointNet is our final global
vector g2, which we feed into another MLP to reshape the global vector into the final
object points Scn of shape N × 3.

The output of the encoder network is commonly identified as “coarse" or “key" points
in shape completion literature [Yuan et al., 2018, Yu et al., 2021, Qi et al., 2017a]. g2

is commonly fed into a decoder network to generate a more fine-grained object shape.
For our use case, the coarse form is sufficient as we aim to generate a general shape
outline of cars with a unified representation across scan patterns.

To obtain our completed car in viewer-centred coordinates, we first transform the
object back to the frustum coordinates, then undo the frustum rotation as shown in
Eq. (3.9).

Svc = (ScnRcn→f + tcn→f )Ry(θf ) (3.9)

In synthetic point cloud completion approaches, objects are typically pre-canonicalized
into a unit-bounding box [Sun et al., 2021]. However, in our scenario, we do not have
the knowledge of object dimensions beforehand for pre-canonicalization. Therefore,
to generate cars with more accurate sizes, we add a smooth-l1 loss for the object
dimension error Ldim between the ground truth and predicted bounding box. When
an object is in the canonical frame, it is trivial to estimate a 3D bounding box by
taking the maximum and minimum bounds of the object points in each axis.

To generate car-like surfaces, we follow existing works [Yuan et al., 2018, Yu et al.,
2021] to calculate the distance between each generated surface point s ∈ Svc, and
the ground-truth surface point g ∈ Gvc using Chamfer Distance (CD) as our loss
Lcomplete, shown in Eq. (3.10).
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CD (Svc,Gvc) = 1
|Svc|

∑
s∈Svc

min
g∈Gvc

||s− g||2+

1
|Gvc|

∑
g∈Gvc

min
s∈Svc

||g − s||2
(3.10)

Post-Processing Viewer-centred coordinates encodes the pose of the object. For
certain partially observed objects, the generated 3D surface by VCN is good, but
the pose is misaligned. This causes confusion for the 3D detector. For example, a
common distribution of points on a car in KITTI [Geiger et al., 2012] is where there
are points on the rear, but none on the side, top or front. Given this set of points, it
is difficult to determine a ground truth orientation; there could be multiple possible
orientations. Dimensions are also challenging to estimate, since the rear of a sedan
can appear similar to the rear of a limousine. We observe, however, that the surfaces
generated by VCN are most accurate near the object’s points Pvc. Therefore, for
each car, we retain the nearest N generated surface points si ∈ Svc,knn to each input
object point pi ∈ Pvc. To improve the quality of Svc,knn, we add another CD loss Lknn

to minimise the distance between Svc,knn and Gvc,knn. Lastly, we jointly optimise our
network over the overall loss function shown in Eq. (3.11).

L = Lcomplete + Lknn + Ldims + Lpose (3.11)

Training Data

VCN was trained in a supervised manner, where partial Pvc and complete Gvc syn-
thetic cars were prepared with ShapeNet [Chang et al., 2015] car models. To obtain
the complete ground truth surface points Gvc for each car model, we applied raycast-
ing from multiple views. The surface points from each viewpoint were concatenated
together. 16384 points were thereafter sampled using farthest point sampling. To
generate realistically positioned and occluded partial cars Pvc, we used “Vehicle" la-
bels from the Waymo dataset to position and size our car models in a raycasting
scene. Using the location of “signs" from the Waymo labels, we placed poles of vari-
ous heights. Once the scene was set up, we raycasted from the location of the lidar,



3.4 Viewer-Centred Completion Network 61

to obtain partial cars in viewer-centred coordinates.

To ensure that VCN is not biased to a particular scan pattern, we simulate various
sampling patterns for training. In the dataset generation, we densely raycast each
partial car. This enables us to selectively downsample the partial cars to simulate
different sampling patterns. We first convert each point into spherical coordinates
(r, θ, ϕ), and discretize vertical angle ϕ into N bins, each representing a lidar ring.
For training, we randomly select every Nth ring, and every kth point within the ring
for each car as the input partial car. In Fig. 3.21 we show some examples from our
simulated dataset.

Figure 3.21 – Simulated training dataset.

Augmented Point Clouds for 3D Object Detection

For training and testing, we use two configurations of VCN: (1) VCN-CN is our object-
centred configuration where we use ground truth labels to first canonicalize the car,
before completing the surface. Pose estimation is not necessary for this setting. (2)
VCN-VC is our viewer-centred configuration where the pose and surface of the car
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are both estimated. For training, we isolate the cars with the provided ground truth
bounding boxes, and use VCN-CN to complete cars in the source domain. This
augmented point cloud dataset is used for training the 3D detector. For testing,
we follow [Tsai et al., 2022] in isolating point cloud car instances Pvc by keeping
the points within an image instance segmentation mask. These points are further
clustered with DB-Scan [Ester et al., 1996] before passing to VCN-VC for surface
completion of each car. Each car instance Pvc is replaced with the completed, and
post-processed car Svc,knn to form our final augmented point cloud for inference.

3.4.3 Experiments

We evaluate SEE-VCN on the “Car"/“Vehicle" category across multiple datasets,
summarised in Table 3.5. We assess the following scenarios: (1) Same number of
beams (Waymo → KITTI). Despite having the same number of beams, there still
remains a performance degradation. This is in part due to object size [Wang et al.,
2020], but also from scan pattern variations [Tsai et al., 2022]; (2) Low → high beam
(nuScenes → KITTI). We show that we can attain good performance by upsampling
objects of interest instead of the entire point cloud [Li et al., 2019, Yifan et al.,
2019, Yi et al., 2021]. (3) High → low beam. (4) Lidar with adjustable scan pattern
(Waymo/nuScenes → Baraja Spectrum-Scan™).

Datasets VFOV HFOV Beams Sensors Vertical Resolution (°)
KITTI 26.8 360 64 1x Velodyne HDL64E, 2x cameras 0.40
nuScenes 40 360 32 1x Velodyne HDL32E, 6x cameras ∼1.25
Waymo 20 360 64 1x long-range lidar, 4x short-range lidar, 6x cameras ∼0.31
Baraja 30 120 Up to 1000 1x Baraja Spectrum-Scan™, 1x camera 0.025 - 0.2

Table 3.5 – Overview of the sensor setup across datasets used in this section.

Viewer-Centred Surface Completion

We first evaluate the completion ability of VCN for cars from both synthetic and real
datasets in this section.
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VC-ShapeNet. Our generated viewer-centred data for VCN consists of 3394 car
models, split into 3054 for training and 340 for testing. For the training set, we have
20 different partial views per car model, giving 61,080 total training samples. For the
testing set, we have a total of 5100 samples (15 partial views per car), sampled with
our simulated lidar.

Lidar Data. We form a nuScenes, KITTI and Waymo test dataset, each consisting
of 5000 cars with at least 30 points.

Evaluation. To evaluate the completed car, we use two metrics. (1) 3D and BEV
IoU of the completed car with the ground truth car bounding box for both synthetic
and real datasets; (2) CD with the ground truth car surfaces of the synthetic dataset.
For comparison, we pick two methods, SCiW and Atlas-VC. SCiW [Gu et al., 2020]
performs single-frame surface completion for viewer-centred objects using a Siamese
training setup. As they did not release their code, we therefore compare with our
implemented adaptation of it. We adapted SCiW to train on VC-ShapeNet instead
of real data for fair comparison. Atlas-VC is based on AtlasNet [Groueix et al., 2018].
We use VCN’s pose estimation to estimate pose, followed by AtlasNet’s patch-based
approach to complete the surface.

VC-ShapeNet KITTI Waymo nuScenes
Model Config CD BEV / 3D R (°) t (m) BEV / 3D R (°) t (m) BEV / 3D R (°) t (m) BEV / 3D R (°) t (m)
PCN - 7296.31 0.02 / 0.01 - - 0.02 / 0.01 - - 0.02 / 0.01 - - 0.02 / 0.01 - -
VCN - 7575.57 0.04 / 0.03 - - 0.04 / 0.03 - - 0.05 / 0.01 - - 0.06 / 0.05 - -
VCN c 49.45 86.9 / 79.8 - 0.083 81.6 / 72.5 - 0.101 80.1 / 68.1 - 0.146 80.5 / 68.9 - 0.107
VCN c,r 47.24 87.3 / 80.1 1.73 0.091 81.1 / 72.9 2.96 0.108 80.4 / 68.9 3.36 0.155 80.5 / 69.5 1.85 0.113
VCN c,r,l 39.12 88.1 / 81.5 1.77 0.080 80.6 / 74.3 3.30 0.099 80.9 / 71.2 3.57 0.149 80.3 / 72.0 2.06 0.102

Atlas-VC c,r,l 56.17 83.4 / 76.1 2.48 0.094 78.4 / 69.8 2.57 0.106 76.6 / 65.3 4.60 0.164 77.5 / 68.1 2.82 0.111
SCiW c,r,l 65.03 81.2 / 73.1 1.95 0.113 74.8 / 66.1 2.31 0.125 75.3 / 63.2 3.37 0.177 75.8 / 63.9 2.44 0.134

Table 3.6 – Evaluation of viewer-centred surface completion of cars with at least 30
points. c: centre estimation, r: rotation estimation, l: lidar simulation used. R is
median rotation error (°) and t is mean translation error (m). BEV/3D refers to
the IoU of the completed car’s box compared with the ground truth box size. CD
is evaluated with the L2 norm and scaled by 1000 (following [Yu et al., 2021]).

Results. Table 3.6 shows that a direct implementation of object-centred networks
such as PCN [Yuan et al., 2018] fails to generate meaningful complete shapes. We
show that VCN without pose estimation also suffers similarly. Simply estimating the
centre (c) allows VCN to begin generating meaningful surfaces and more accurate
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car dimensions. By adding a rotation estimation (c,r), we can further decrease the
CD and increase IoU. When we simulate the lidar scan patterns (c,r,l), we further
boost each real lidar by 2-3% in 3D IoU box estimation, as well as decrease CD. VCN
outperforms Atlas-VC and SCiW in both CD and IoU metrics. We also evaluate the
median rotation and mean translation error and show that for object pose estimation,
VCN can obtain a median rotation error of 2-3° and a translation error of 0.10-0.14m.
Fig. 3.22 illustrates the completion and post-processing for each object in the scene.

Figure 3.22 – Illustration of VCN’s completion and post-processing for a single object

Unsupervised Domain Adaptation

In this section, we evaluate SEE-VCN for UDA on two 3D detectors, SECOND-IoU
[Yan et al., 2018] and PV-RCNN [Shi et al., 2020]. For training of Waymo and
nuScenes, we subsample the data to use 5267 frames for Waymo and 4025 frames for
nuScenes.

Baraja Spectrum-Scan. We build upon the dataset collected by [Tsai et al., 2022]
to increase the number of frames and scan pattern variations. The dataset has 408
frames, with 3 different types of scan configurations: (1) 64-beam, dense at the centre
of the vertical FOV and sparse at the extremities; (2) 128-beam uniformly distributed
across the vertical FOV; (3) Horizon-tracking (96-beam), where the scan pattern is
adjusted whilst driving to have higher density at the horizon.
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Evaluation. We evaluate results on Average Precision (AP) at the 0.7 threshold for
3D and BEV IoU. For KITTI, we report the moderate AP. We compare SEE-VCN
with (1) Source only, where no DA is used; (2) ST3D [Yang et al., 2021], the SOTA
DA method for single-frame UDA; (3) SEE [Tsai et al., 2022], the only existing MTDA
method; (4) Oracle, the model trained on the target domain. We additionally include
the ideal isolation scenario (“Ideal iso") where we use ground truth boxes to isolate
the car points for input to VCN-VC. This shows the upper bound of SEE-VCN if we
improve on the isolation of points for inference.

Task Method SECOND-IoU PV-RCNN
APBEV / AP3D Improvement APBEV / AP3D Improvement

Waymo → KITTI

Source-only 71.82 / 38.33 - 69.06 / 39.97 -
ST3D 78.93 / 62.81 +07.11 / +24.48 89.94 / 73.32 +20.88 / +33.35
SEE 88.09 / 65.52 +16.27 / +27.19 90.82 / 79.39 +21.76 / +39.42

SEE-VCN 87.19 / 69.27 +15.37 / +30.94 89.00 / 74.68 +19.94 / +34.71
SEE (Ideal iso) 88.93 / 70.48 +17.11 / +32.15 93.17 / 84.49 +24.11 / +44.52

SEE-VCN (Ideal iso) 93.25 / 79.02 +21.43 / +40.69 94.08 / 85.84 +25.02 / +45.87
Oracle 86.07 / 81.73 - 92.17 / 89.32 -

Waymo → nuScenes

Source-only 81.54 / 57.99 - 80.23 / 65.26 -
ST3D 85.85 / 66.71 +04.31 / +08.72 85.59 / 71.93 +05.36 / +06.67
SEE 74.37 / 44.93 -07.17 / -13.06 75.63 / 55.05 -04.60 / -10.21

SEE-VCN 69.03 / 39.28 -12.51 / -18.71 76.51 / 50.98 -03.72 / -14.28
SEE (Ideal iso) 82.47 / 53.80 00.93 / -04.19 85.60 / 67.38 05.37 / 02.12

SEE-VCN (Ideal iso) 82.57 / 56.30 +01.03 / -01.69 87.33 / 52.45 +07.10 / -12.81
Oracle 86.05 / 71.92 - 85.03 / 70.94 -

nuScenes → KITTI

Source-only 47.20 / 10.87 - 64.66 / 43.27 -
ST3D 76.82 / 58.58 +29.62 / +47.71 88.89 / 83.86 +24.23 / +40.59
SEE 77.00 / 56.00 +29.80 / +45.13 85.53 / 72.51 +20.87 / +29.24

SEE-VCN 85.23 / 71.02 +38.03 / +60.15 86.88 / 76.01 +22.22 / +32.74
SEE (Ideal iso) 83.80 / 66.82 +36.60 / +55.95 89.94 / 80.29 +25.28 / +37.02

SEE-VCN (Ideal iso) 94.74 / 83.54 +47.54 / +72.67 92.78 / 85.92 +28.12 / +42.65
Oracle 86.07 / 81.73 - 92.17 / 89.32 -

Table 3.7 – Results for the different DA scenarios, reported with an IoU threshold
of 0.7. “Improvement" denotes the AP increase from source-only to the various
approaches in the format APBEV / AP3D. "Ideal iso" refers to the scenario where
car points are ideally isolated in testing. All models are evaluated on ground truth
boxes with 50 points or more.

Results. Table 3.7 shows that SEE-VCN outperforms ST3D and SEE in Waymo
→ KITTI and nuScenes → KITTI for SECOND-IoU. For PV-RCNN in nuScenes
→ KITTI, SEE-VCN outperforms SEE, but underperforms in Waymo → KITTI.
However, when assessing the ideal isolation scenario, we observe that when VCN is
fed with the correctly isolated points, SEE-VCN is able to achieve a significant 10-17%
increase over SEE in AP3D. This improvement highlights the potential of SEE-VCN
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when the isolation of points is improved. In the Waymo → nuscenes scenario, SEE-
VCN suffers due to the low resolution in nuScenes dataset. Due to the low resolution,
any noise would exacerbate the errors of VCN. In the future, we expect this to be less
of an issue as lidar manufacturing is headed towards higher point cloud resolution.
Overall, SEE-VCN performs comparatively to ST3D, with the advantage of being an
MTDA approach. We demonstrate this on the Baraja dataset without re-training in
Table 3.8, where SEE-VCN obtains higher performance than source-only and SEE in
multiple DA settings. If we can obtain perfect isolation of points (ideal iso), SEE-
VCN can further increase the performance by around 12-25% AP, which is 18-33%
better than SEE (ideal iso). In Fig. 3.23 we show qualitative results for our SEE-VCN
framework.

Source Method SECOND-IoU PV-RCNN
APBEV / AP3D APBEV / AP3D

Waymo

Source-only 83.52 / 71.98 83.27 / 76.76
SEE 87.39 / 77.10 82.77 / 74.60

SEE-VCN 86.10 / 75.12 88.34 / 80.50
SEE (Ideal iso) 87.09 / 70.99 85.52 / 79.75

SEE-VCN (Ideal iso) 94.27 / 88.93 93.66 / 90.53

nuScenes

Source-only 16.88 / 12.00 18.31 / 15.30
SEE 52.23 / 34.63 71.19 / 62.15

SEE-VCN 66.63 / 47.45 78.04 / 63.75
SEE (Ideal iso) 52.97 / 36.73 72.36 / 65.54

SEE-VCN (Ideal iso) 85.59 / 70.86 90.16 / 82.14

Table 3.8 – We demonstrate that SEE-VCN on the Baraja Spectrum-Scan™ dataset
with an IoU threshold of 0.7.

Ablation

VCN at varying number of points. Table 3.9 shows that when there is above
200 points, VCN’s completion performs well across datasets. When there is less than
30 points however, the performances degrades significantly.

Post-processing. In Table 3.10, we show that directly using VCN causes more
sensitivity to the errors in surface completion, leading to lower detector performance.
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Figure 3.23 – SEE-VCN qualitative results

IoUBEV / IoU3D
> 201 81 - 200 31 - 80 5 - 30

KITTI 84.0 / 78.5 79.8 / 73.9 76.1 / 67.9 62.8 / 49.7
nuScenes 81.3 / 75.6 81.2 / 73.9 78.7 / 67.8 65.2 / 50.3
Waymo 85.5 / 77.8 80.6 / 70.4 75.9 / 64.0 58.8 / 46.1

Table 3.9 – IoU of VCN for cars with varying number of points on lidar datasets.

When we retain the points nearest to the input points (KNN), we are able to increase
the performance by 6.34% in 3D IoU. In certain scenarios, car points can be far
apart, due to occlusion or noise. Therefore, to reduce the influence of noise, we
further cluster Svc,knn to retain only the generated surface points that are close to
each other (KNN+DB).

Minimum number of points. We provide results for SEE-VCN for evaluation at
various number of minimum points in Table 3.11 for comparison with existing and
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APBEV / AP3D
KNN + DB-Scan 87.19 / 69.27
KNN 85.54 / 68.81
No post-processing 81.16 / 62.47

Table 3.10 – IoU results for our post-processing step using SECOND-IoU on the
Waymo → KITTI setting.

future methods.

Waymo → KITTI nuScenes → KITTI
Min pts. SECOND-IoU PVRCNN SECOND-IoU PV-RCNN

0 73.35 / 56.31 75.22 / 61.38 72.79 / 58.47 76.98 / 64.01
30 82.96 / 63.40 84.77 / 69.13 81.92 / 65.90 84.33 / 71.61
50 87.19 / 69.27 89.00 / 74.68 85.23 / 71.02 86.88 / 76.01

Table 3.11 – Evaluation of SEE-VCN on ground truth boxes with 0, 30 and 50 points
or more.

Discussion

The run time of the surface completion of SEE-VCN is 0.32ms (3125 cars/s) for
VCN on a 2080Ti, and 20.1ms (50 cars/s) for post-processing on an Intel Core™ i7-
6700K CPU. We observe that there is around 10% difference in 3D IoU between SEE-
VCN and SEE-VCN (Ideal iso), indicating that incorrectly isolated object points can
negatively affect the completions of VCN. This could be due to misaligned calibration
[Tsai et al., 2021], occlusions or incorrect/missed image detections. For instance, the
image detector would occasionally include a trailer as part of a car, leading to ill-
formed completed cars. In other cases, bushes, or poles may be very close to the car,
causing it to be clustered as one object. Regardless, overcoming these challenges in
object isolation for SEE-VCN can lead to better performance as shown in the ideal
isolation upper bound.
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3.5 Conclusion

This chapter proposed a domain-invariant approach to addressing the lidar scan pat-
tern domain gap. We demonstrate that the scan pattern discrepancy is a large com-
ponent of the domain gap and that unifying the representation of objects allows for
more accurate detections. Additionally, we address key challenges in the fusion of
camera-lidar information to enable optimal use of the camera as a bridge between
various lidar scan patterns.

In this chapter, we first presented a novel and robust approach to the calibration task
that is heavily focused optimising the data selection process. We provide transparency
in our results by projecting the entire point cloud and evaluating our estimated cali-
bration parameters on their ability to fit the entire scene instead of their ability to fit a
single pose well. Our method achieves an average reprojection error of 1-1.2cm, with a
standard deviation of 0.4-0.5cm, and takes 90s for the whole pipeline. This approach
carries with it the added benefit of simplifying the calibration process for practitioners
of any calibration expertise, who only needs to focus on providing lots of varied data
to the algorithm. Our process has been demonstrated to robustly estimate calibra-
tion parameters for different lidar technologies and lidar-camera placements, which
further demonstrates that the method is not reliant on a specific lidar or lidar-camera
placement.

We present a framework for lidar-agnostic 3D object detection, SEE, to enable any
3D detector to be lidar-agnostic without manual labelling or fine-tuning of the model.
Our approach interpolates the underlying geometry and normalises the scan pattern
of objects from different lidars before passing them to the detection network. We
demonstrated the effectiveness of SEE on public datasets, achieving state-of-the-art
results, and additionally provide quantitative results on the Baraja lidar to demon-
strate the use of novel lidars our framework.

To improve the surface completion of SEE, we proposed a synthetic-to-real and lidar-
agnostic, viewer-centred surface completion network, VCN, to estimate pose and gen-
erate object surfaces. We incoporate VCN into the SEE framework to complete the
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surfaces of objects of interest. With SEE-VCN, we obtain a more robust, unified
representation of objects across datasets, allowing the network to focus on learning
geometry, rather than overfitting on scan patterns. Through extensive experiments
we show that SEE-VCN outperforms SEE in most DA settings. We also outperform
SOTA single-target domain adaptation work on multiple settings without needing to
tune for a specific target domain.

The proposed approaches for domain adaptation in this chapter resulted in improved
performance across multiple lidar types, however, the common limitation across all
methods is the surface completion, and subsequently, accurate localization of objects
with few lidar points. In autonomous driving datasets, there are often numerous
objects in a point cloud frame with sparse observations due to objects being at far-
range or occluded. For sparse lidar, this issue is more pronounced, as evident in the
suboptimal domain transfer of the SEE approaches when tested with nuScenes (32-
beam) point clouds in Table 3.1 and Table 3.7. In the following chapter, we address
this by presenting an auto-labelling approach that significantly improves 3D object
detection on various lidar types, including the detection of objects with few lidar
points.

The contributions in this chapter have been presented in the following publications:

• D. Tsai, S. Worrall, M. Shan, A. Lohr, and E. Nebot. "Optimising the selection
of samples for robust lidar camera calibration," In 2021 IEEE International
Intelligent Transportation Systems Conference (ITSC), pp. 2631–2638. IEEE,
2021.

• D. Tsai, J. S. Berrio, M. Shan, S. Worrall, and E. Nebot. "See eye to eye: A lidar-
agnostic 3d detection framework for unsupervised multi-target domain adapta-
tion," IEEE Robotics and Automation Letters, vol. 7, no. 3, pp. 7904–7911,
2022.

• D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "Viewer-Centred Sur-
face Completion for Unsupervised Domain Adaptation in 3D Object Detection,"
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In 2023 IEEE International Conference on Robotics and Automation (ICRA).
pp. 9346-9353. IEEE, 2023.



Chapter 4

Auto-labelling

4.1 Introduction

The field of 3D object detection has benefited greatly from the availability of large-
scale autonomous vehicle datasets [Geiger et al., 2012, Sun et al., 2020, Caesar et al.,
2020, Kesten et al., 2019], which have fueled research in the development of 3D detec-
tors. Unfortunately, directly applying these 3D detectors to new datasets results in
suboptimal performance due to domain shift caused by variations in lidars, geographic
regions, scenarios, and sensor setups. Traditionally, the approach to improving detec-
tors for new datasets is to manually annotate the data in the new domain to re-train
the 3D detector. However, this approach is both costly and labour-intensive.

Self-training, shown in Fig. 4.1, is a promising UDA approach that follows the tra-
ditional approach of re-training the detector to a new domain, except with the use
of automatically generated labels (aka. pseudo-labels). The key concept is to use
the predictions of a pre-trained detector on a new target domain as pseudo-labels
for re-training. Therefore, we also refer to self-training in this chapter as automatic
labelling, or auto-labelling.

Many works have demonstrated the effectiveness of self-training for domain adapta-
tion [Yang et al., 2021, Yihan et al., 2021, Tsai et al., 2023b, Saltori et al., 2020, Luo
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Figure 4.1 – Illustration of the self-training approach.

et al., 2021, Peng et al., 2023]. However, existing self-training approaches typically
focus on adapting a single detector from one source domain to a new target domain
[Yang et al., 2021, Luo et al., 2021, You et al., 2022]. With this approach, the source
dataset and detector choice can significantly impact the domain adaptation perfor-
mance. For example, adapting a Waymo-trained detector to KITTI achieves a far
higher performance than adapting a nuScenes-trained detector to KITTI [Hu et al.,
2023, Yang et al., 2021] due to Waymo and KITTI both having similar lidar resolu-
tion. In practice, with the ongoing development of novel lidar types, evaluating and
identifying the optimal source dataset or detector for a particular scan pattern may
be challenging due to the lack of labelled data on target domains.

In this chapter, we propose a multi-source self-training framework, Multi-Source 3D
(MS3D), as a general framework to enable the 3D detectors to be deployed on a range
of lidar types. Through multi-source detector ensembling and temporal refinement,
we demonstrate that 3D detectors trained with MS3D achieve state-of-the-art perfor-
mance on both low and high density lidars, even comparable to the BEV detection
results from detectors trained with human-annotated labels. In contrast to the single-
source, multi-target SEE framework presented in Chapter 3, MS3D is a multi-source,
single-target framework. The focus on a single-target domain allows MS3D to tailor
solutions to achieve optimal 3D detection performance on any given target domain.
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As a result, MS3D obtains a much farther detection range than the SEE framework,
and higher performance for a given target domain.

A key component of our MS3D framework is our proposed KDE Box Fusion (KBF)
method. Our KBF algorithm allows the effective fusion of multiple 3D bound-
ing boxes by estimating a density function for each box parameter. We demon-
strate through various experiments that this outperforms existing box fusion methods
such as Weighted Box Fusion [Solovyev et al., 2021] or Non-Maximum Suppression
[Neubeck and Van Gool, 2006]. By effectively fusing boxes with KBF, we can improve
box localization and increase the recall rate of our pseudo-labels. This enables MS3D
to have a strong initial set of pseudo-labels and accurate localization refinement of
static vehicles.

In real-world scenarios, Multi-Source Domain Adaptation (MSDA) is a highly fea-
sible approach for adaptation to a new target domain. The availability of multiple
large-scale datasets and detector architectures effectively forms a vast database of
detector and source domain pairings that can be used for domain adaptation. MS3D
demonstrates that ensembling detectors from various source domains with different
architectures can lead to improved domain generalization for a given target domain
as shown in Fig. 4.2.

The versatility of MS3D lies in its capacity to tailor the 3D detector ensemble to
include detectors with different architectures, source domains, hyperparameters, or
class-specific detectors to a specific target domain making it an adaptable solution
for a wide range of lidars and scenes. Moreover, MS3D presents a simple approach to
domain adaptation by using the generated set of labels as a replacement for human-
annotated labels in a supervised setting. This enables easy integration with any 3D
detector architecture and data augmentation technique, making MS3D highly prac-
tical for adapting existing and future 3D detectors while preserving their inference
runtime. This sets MS3D apart from other UDA works that require detector archi-
tecture modifications [Zhang et al., 2021], are limited to detectors with Bird’s Eye
View (BEV) feature extraction [Yihan et al., 2021, Zhang et al., 2023], or involve
additional inference steps [Tsai et al., 2022, Tsai et al., 2023a].
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Figure 4.2 – Domain generalization for unseen target domains can be improved by en-
sembling multiple pre-trained detectors from various source domains. Figure shows
detector predictions on a point cloud from the Waymo dataset [Sun et al., 2020]
in rainy weather. Top: PV-RCNN++ [Shi et al., 2023] trained on Lyft[Kesten
et al., 2019], Middle: Ensemble of PV-RCNN++ and VoxelRCNN[Deng et al.,
2020] trained on both Lyft and nuScenes[Caesar et al., 2020], Bottom: Fused de-
tections with our Kernel-density estimation Box Fusion (KBF).

In this chapter, we first present the MS3D framework for multi-source domain adap-
tation. MS3D focuses on vehicle auto-labelling through multi-source ensembling,
tracking and temporally consistent box refinement of static vehicles. To improve
this framework, we conducted a comprehensive analysis of the performance of pre-
trained detectors in a cross-domain context. This study provided valuable insights
that were used to improve the MS3D framework. In particular, our improved frame-
work, MS3D++, proposes a strategy for the effective use of multi-frame pre-trained
detectors in the ensemble. Additionally, MS3D++ introduces an approach for auto-
labelling pedestrians; this was not supported by the initial MS3D framework due to
the non-rigid nature of pedestrians. Through our experiments, we demonstrate that
MS3D++ outperforms MS3D with strong vehicle and pedestrian detection. At the
time of publication, both MS3D and MS3D++ achieved SOTA performance, outper-
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forming all existing works on multiple lidar types.

We summarise the main contributions of this chapter as follows:

• Multi-Source 3D (MS3D) Framework to combine multiple pre-trained detectors
for auto-labelling a given target domain

• Quantitative analysis of pre-trained detector performance in a cross-domain
context for better ensembling.

• An improved MS3D framework, MS3D++, leveraging insights from the quanti-
tative cross-domain analysis to better auto-label both vehicles and pedestrians

All code and experiments for this chapter are released at https://github.com/

darrenjkt/ms3d.

4.2 Multi-source Self-training Framework (MS3D)

4.2.1 Overview

In this section, we introduce MS3D, a multi-source domain adaptation approach
for 3D object detection that leverages multiple source domain experts and temporal
information to generate high quality pseudo-labels for self-training. The benefits of
our approach are:

• Robust: By combining the expertise of different detectors trained on various
source domains, MS3D is more robust against domain shift.

• Versatile and Scalable: MS3D is easily combined with multiple and various
types of pre-trained 3D detectors to further boost pseudo-label quality.

• Improved Pseudo-labels: MS3D self-trained models can obtain state-of-the-
art UDA performance regardless of the source pre-trained model chosen for
fine-tuning. This is because our fused pseudo-labels consistently outperform
the best individual source domain detector.

https://github.com/darrenjkt/ms3d
https://github.com/darrenjkt/ms3d
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• Speed: MS3D does not add any processing latency during inference, ensuring
it can be used in real-time applications.

• Detection Performance: MS3D achieves state-of-the-art on all UDA settings
presented.

MS3D is built upon two fundamental observations. Firstly, we recognize that dif-
ferent detectors trained on various datasets possess distinct expertise. For instance,
a detector trained on the Waymo dataset may be better suited for a specific novel
dataset compared to a detector trained on nuScenes, and vice versa. Secondly, we
observe that by utilizing temporal point clouds (i.e., multi-frame accumulation), we
can aggregate various perspectives to gain a more comprehensive understanding of
static objects’ complete geometry, leading to more accurate bounding boxes [Yang
et al., 2021, Qi et al., 2021, Caesar et al., 2020, Chen et al., 2022].

A naive approach to combining multiple source-trained detectors on a new domain is
to select the detection box produced by the most confident detector. However, this
method neglects potentially valuable information provided by the other detectors, and
it is possible that the most confident detector is not necessarily the most accurate.
Instead, we propose KDE Box Fusion (KBF), a robust box-fusion strategy that utilizes
KDE to consider each detector’s proposal and enhance pseudo-label quality. We note
that KBF can also be applied for detector ensembling in a supervised setting.

Point cloud accumulation has gained popularity as a promising direction for improv-
ing single-frame detection through densification. Yang et al. [Yang et al., 2021]
demonstrated that concatenating 4 point cloud frames had the optimal performance
boost before it started to deteriorate with more frames for the Waymo dataset. How-
ever, they observe that for static and slow objects, accumulating more than 4 frames
continued to improve detection performance. Qi et al. [Qi et al., 2021] showed that
accumulating 100+ frames of a sequence can be effectively utilized by separating
static and dynamic vehicle box refinement. To capitalize on these findings, MS3D
uses multi-frame detection to refine the box localization of static objects. Further-
more, by extending the static boxes of parked vehicles in both directions temporally,
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we obtain precise pseudo-labels for objects located beyond 50m from the ego-vehicle.

4.2.2 Method

In MSDA, we have multiple M labelled source domains S1, S2, ..., SM and a single
unlabelled target domain T . In our context, each i-th source Si = {(pS,i, LS,i)}N

i is
a detector that has been trained on a point cloud dataset pS,i with annotations LS,i.
This source-trained detector’s box predictions on the k-th frame of the unlabelled
target dataset is denoted as {Bk

T,i}N
k . Our goal is combine box predictions from

each source-trained detector and utilize temporal information to robustly localize
and classify objects in 3D for each frame. We assume that the vehicle ego-pose is
known in world coordinates for ego-motion compensation. Fig. 4.3 illustrates our
proposed framework, which we will introduce in the following sections.

Figure 4.3 – The MS3D self-training framework. Given a set of N pre-trained 3D
detectors from multiple source domains DS-i where i = 1, 2, ..., N, we generate de-
tections for both 1-frame and multi-frame accumulated point clouds, and combine
them with our KBF. Thereafter, we feed the sequence frames into a 3D tracker for
generating trajectories of both 1-frame and multi-frame boxes. Finally, we refine
static object boxes to get our final pseudo-labels for fine-tuning any pre-trained
detector DS-i. Visualized in this figure is our MS3D framework for Waymo/Lyft
→ nuScenes.
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Fusing Multiple Sources

Initial Pseudo-labels. In order to enhance the resilience of our model against
domain shifts in the unlabelled target domain, we use different types of detectors
and source datasets for a greater range of knowledge. For example, with Waymo
as our target domain, we employ both nuScenes and Lyft source domains, with two
types of detectors, namely SECOND [Yan et al., 2018] and CenterPoint [Yin et al.,
2021]. We notice that Lyft’s lidar scan pattern is similar to that of Waymo, which
could give Lyft-trained detectors an edge over nuScenes-trained detectors in certain
scenarios. Additionally, different detectors possess varying areas of expertise. For
instance, SECOND is adept at estimating object dimensions for axis-aligned objects
due to its anchor boxes, whereas CenterPoint performs better with objects that are
not axis-aligned [Yin et al., 2021].

We take advantage of a detector’s full expertise by using two augmentations for Test-
Time Augmentation (TTA) - random world flip (RWF) across x and y axes, and
random world rotation (RWR) in the range [−π, π]. For each source detector we run
four permutations: no TTA, RWF, RWR, RWF+RWR, which gives bounding boxes
{Bk

T,i}4
i for the i-th source detector on the k-th frame which we then fuse with KBF

as follows.

Kernel density estimation Box Fusion (KBF). The backbone of our KBF
method, κ(·), is Kernel Density Estimation (KDE) [Parzen, 1962], which is capa-
ble of estimating a probability density function (PDF) using a kernel function shown
in Eq. (4.1). KDE places a kernel K at each data point xi which sums to give the
final PDF estimate f̂(x) as shown in Fig. 4.4b. A weight wi for each data point and
a kernel bandwidth h can be adjusted for fine-tuning the PDF estimate.

f̂(x) = 1
h

N∑
i=1

wiK(x− xi

h
) (4.1)

In 3D object detection, a predicted box is parameterised by its centre (cx, cy, cz),
dimensions (l, w, h), heading θ and a confidence score s. Regardless of the localiza-
tion accuracy, each box carries potentially valuable information. For example, we
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observe that a box with poor heading estimation may have accurate object dimen-
sions. Therefore to combine the information of every box proposal, we opt to fuse
the centre, length, width, height and heading separately.

(a) (b)

Figure 4.4 – (a) Fused TTA predictions of 4 source detectors (multi-coloured boxes)
with KDE Box Fusion (KBF); (b) Example of how we select the best rotation of
multiple boxes with KDE.

To merge boxes, we first create a KD-Tree with the box centroids. We identify
matching boxes by querying for sets of boxes that are within a certain radius of each
other. We compute KDE separately for the centroid, dimensions and score, then select
the peak value of each of their PDF. We take the sine of the heading, sin(θ), to ensure
rotational continuity before applying KDE. We found empirically that selecting rather
than combining box headings produces the best result. Therefore, we choose the box
heading with the highest density based on the PDF. For each box parameter we use
a Gaussian kernel and use the predicted box confidence score as weights. Given the
set of 1-frame detections from i source detectors, we fuse them with KBF to obtain
boxes B1f = κ({Bi,1f}) for each frame k.
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Utilizing Temporal Information for Static Vehicles

In urban city environments, parked vehicles are common and often are completely
static for long periods. Car parks in particular are often present in datasets and
provides an abundance of viewpoints for various types of vehicles. Furthermore,
due to the rigid-body property of vehicles, accurate static vehicle labelling would
enable our detector to generalize to dynamic vehicles as well. To improve static
vehicle localization, we use multi-frame detection to leverage the additional viewpoints
provided by accumulated point clouds. For multi-frame detection, the input point
cloud pk

t for frame k is the stacking of N historical point clouds with the point cloud
at time t where each historical point cloud has been transformed to the ego-frame
at time t. With a 10Hz lidar, each point cloud is 0.1s apart, and the accumulated
point cloud can be represented as pk

t = {p0, p0.1, p0.2, ..., pN(0.1)}. By feeding the source
detector with pk

t , it can utilize the increased point density to improve the accuracy
of box localization, particularly for static objects that may be occluded or located at
a distance as shown in Fig. 4.5. In particular, we follow [Chen et al., 2022] to use
N = 16 frames for detection for a trade-off between TTA inference time and point
cloud density. We use the same TTA permutations and combine box predictions with
KBF, B16f = κ({Bi,16f}), as in Section 4.2.2.

Motion State Classification

To assign temporally consistent boxes for static vehicles, we associate detection boxes
across frames to classify the motion state of the object. To accomplish this, we
transform all boxes to world coordinates with known sensor poses. Thereafter, we
utilize a tracking-by-detection, Kalman Filter-based tracker [Pang et al., 2021] which
is an implementation variant of [Weng et al., 2020] to generate box trajectories for
both 1-frame (T1f) and 16-frame (T16f) predictions. Following [Qi et al., 2021], we
classify the tracklets as either static or dynamic based on pre-defined thresholds of
begin-to-end distance and box centre variance.

Nonetheless, this is not sufficient in classifying T16f due to predictions on the motion
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Figure 4.5 – 1-frame KBF boxes compared to 16-frame KBF boxes on the nuScenes
dataset with detectors trained on Waymo/Lyft as the source domain. Visualized
is a 1-frame point cloud.

trails of dynamic objects in 16-frame detection. We observe that when two dynamic
vehicles are driving in the same lane at a similar speed, their motion tails often
overlap, leading to a false ’static’ classification. A simple approach to replacing static
boxes would be to rely solely on the motion classification of T1f and replace static
objects with their corresponding T16f boxes. However, this approach is suboptimal
since 1-frame detection often detects less static objects at a distance than 16-frame
detection for certain target datasets as shown in Fig. 4.5, causing us to overlook
valuable 16-frame boxes as a result.

To improve the accuracy of T16f motion classification, we make a key observation: in
3D space, dynamic objects cannot occupy the same space as an object that is static
throughout the sequence. This means that the trajectory of a dynamic object will
never overlap with that of a parked vehicle. To take advantage of this, we use T1f to
identify all dynamic objects in frame k, and project their entire trajectory T1f into
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frame k. This effectively identifies drivable areas and enables us to filter out wrongly
classified static boxes through comparing IoU-matched T1f and T k

16f boxes. If either
T1f or T k

16f is labelled as dynamic, we classify the object as dynamic. While this might
lead to more objects falsely classified as dynamic, it prevents harmful extrapolation
of vehicles that are only temporarily stationary.

Multi-frame Static Object Refinement

We anticipate that a parked car’s position in the real world should remain constant.
However, we have observed that attempts to assign a single bounding box to a parked
car for an entire sequence often leads to the exclusion of some car points in certain
frames. To investigate this, we accumulated points and ground truth boxes from
all frames in a sequence and noticed many parked cars had poor registration across
frames. Moreover, the bounding box positions were inconsistent because of the appar-
ent motion of static vehicle points over time. Fig. 4.6 shows that human annotators
assign multiple boxes to a parked car over 197 frames due to poor registration. This
finding is supported by the nuScenes labelling guidelines where human annotators are
explicitly told to annotate a separate cuboid for stationary objects in each frame due
to localization errors. Therefore, selecting any ground truth box for the car may lead
to the partial or complete exclusion of object points. This highlights the fact that
relying on a single bounding box to label a parked vehicle throughout a sequence can
be unsatisfactory.

This poor registration of parked vehicles was observed in multiple datasets such as
nuScenes, Waymo, Lyft and KITTI with some datasets worse than others. To address
this, we propose to use KBF on H historical observation frames, κ({T16f}k

k−H), to
obtain a static box for the k-th frame instead of using all frames. This gives us a
static box {Bk

static}N
k for each k-th frame with a score determined by max(α, sk

static))
where α is a minimum score threshold and sk

static is the fused score of {Bk
static}N

k .

To extend the range of pseudo-labels, we assume that static vehicles with sufficiently
long tracks will remain static throughout the sequence. Many pre-trained detectors
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Figure 4.6 – Accumulated frames of a parked car and its assigned ground-truth boxes
from all frames of a Waymo sequence (197 frames/boxes total). Light green,
dark green, pink, red and orange represent accumulated points in intervals of
40 frames in order where light green and orange represents frames 0-40 and 160-197
respectively. The bottom left annotation illustrates the registration misalignment,
especially between light green (1) and red (4) outlines on the car’s rear, potentially
caused by ego-pose drift. Best viewed in colour.

can only reliably identify vehicles within a closer range for a new target domain.
Therefore, we propagate the first and last KBF boxes of static vehicles through his-
torical and future frames, respectively, under the assumption that they remain static.
To reduce the increase in false positives resulting from this propagation, we decay the
confidence score of the propagated boxes by β for each frame that it is propagated.
For certain datasets, we found that updating the pseudo-labels in the self-training
process to refine these propagated boxes can give a bump in performance.

Pseudo-Label Refinement

In the UDA setting, higher point density with 16-frame accumulation does not neces-
sarily lead to improved detection at close ranges compared to 1-frame detections. This
is partly because densified point clouds may accentuate differences in scan patterns,
and also because static boxes can be susceptible to ego-pose drift, which negatively
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affects localization accuracy. To address this issue and combine all box proposals, we
employ Non-Maximum Suppression (NMS) to allow confident single frame detections
to replace 16-frame static boxes. We project the following into the scene and apply
NMS for filtering: (1) 1-Frame KBF boxes; (2) T1f tracked boxes; and (3) Static object
boxes, {Bk

static}N
k . Finally, we remove any pseudo-labels with less than 1 point inside

their box. By including T1f tracked boxes, we can interpolate missing detections and
extrapolate for farther ranges in a similar manner to [You et al., 2022].

4.2.3 Experiments

Setup

Datasets. Many works have addressed the object size domain gap and improved
adaptation to the KITTI dataset [Yang et al., 2021, Wang et al., 2020, Tsai et al.,
2023a, Luo et al., 2021, You et al., 2022]. However, other factors such as scan pattern,
weather and geographical differences have a significant impact on the domain gap. To
focus on this, we select datasets with similar object sizes: Waymo [Sun et al., 2020],
Lyft[Kesten et al., 2019] and nuScenes[Caesar et al., 2020], summarised in Table 4.1,
for our experiments.

Dataset Lidar Beams Size Rain Night Country
nuScenes 1×32 34,149 Yes Yes USA, Singapore
Waymo 1×64 + 4×200 198,068 Yes Yes USA

Lyft 1×40 or 64 + 2×40 22,680 No No USA

Table 4.1 – Overview of each dataset. Country refers to the country in which the
dataset was collected.

Methods. We compare MS3D with the following methods: (1) Source-only, which
is the direct evaluation of a source-trained detector on the target dataset; (2) SN as
a baseline to observe how much of the domain gap is caused by size differences; (3)
ST3D, the state-of-the-art self-training approach for 3D object detection; (4) Lidar
Distillation, an approach that builds on ST3D for the Waymo to nuScenes setting;
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(5) GT-Trained, the best performance we can achieve when we fine-tune the source-
trained detector on the target ground-truth labels. We compare methods (1)-(4) with
GT-Trained as it is a more realistic scenario of what is achievable in the presence of
perfect pseudo-labels, as opposed to careful selection of the voxel sizes and anchor box
dimensions for an “Oracle" supervised benchmark [Yang et al., 2021]. We fine-tune
all models with no frame accumulation. We only compare Lidar Distillation for the
target-nuscenes setting as it is designed specifically for the high beam to low beam
UDA setting. Though we use SECOND-IoU and CenterPoint for generating pseudo-
labels, we only focus on the validation results of SECOND-IoU from different source
domains to highlight domain discrepancies.

Evaluation Metric. We follow [Yang et al., 2021, Wang et al., 2020, Wei et al.,
2022] and adopt the KITTI evaluation metric of Average Precision (AP) over 40 recall
positions, in Bird’s Eye View (BEV) and 3D, denoted as APBEV/AP3D. We assess
all models on the “Vehicle" category. For Lyft and nuScenes, we map “truck" and
“bus" to the “car" category. We report the AP at IoU thresholds of 0.7 and 0.5 i.e. a
vehicle is considered a true positive detection if the IoU of the predicted and ground
truth box is over 0.7 or 0.5. We present results at IoU=0.5 as well to highlight that
our method greatly improves the number of correctly detected vehicles.

Implementation Details. We train SECOND-IoU [Yan et al., 2018] and Center-
Point [Yin et al., 2021] on all datasets and select the best pre-trained model based
on evaluating with the source dataset labels. We re-use the same source pre-trained
detectors for adapting to all settings. We argue that this is more realistic to real-
world applications as we may not have sufficient labels to evaluate and tune the best
model for adaptation to a new target dataset. All our models were trained with the
OpenPCDet [Team, 2020] codebase with tweaked settings for voxel size of (0.1m,
0.1m, 0.15m), detection range of [−75, 75]m for x,y axes and [−2, 4] for z-axis, and
we shift the point cloud frame to the ground plane. Lyft and nuScenes pre-trained
models were trained with 5 and 10 frame accumulation respectively, following popular
practice [Kesten et al., 2019, Caesar et al., 2020].

For MS3D, we adopt the settings of ST3D [Yang et al., 2021] and fine-tune all pre-
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Target: nuScenes
Method Source Detector IoU=0.7 IoU=0.5

Source-Only
Waymo SECOND 32.91 / 17.24 43.32 / 37.58

CenterPoint 32.10 / 17.77 40.83 / 35.77

Lyft SECOND 24.15 / 13.47 30.52 / 26.79
CenterPoint 23.71 / 11.31 30.45 / 26.17

SN Waymo SECOND 33.23 / 18.57 43.19 / 37.74
Lyft SECOND 27.51 / 17.00 33.32 / 29.92

ST3D Waymo SECOND 35.92 / 20.19 43.03 / 38.99
Lyft SECOND 29.88 / 18.37 33.18 / 30.67

L.D Waymo SECOND 42.04 / 24.50 - / -

MS3D Waymo SECOND 42.23 / 24.76 52.33 / 46.65
Lyft SECOND 41.64 / 23.46 51.47 / 45.74

GT-Trained Waymo SECOND 44.39 / 29.46 55.61 / 50.83

Table 4.2 – UDA from Waymo/Lyft to nuScenes. We report APBEV/AP3D. Best
results for each source-target pair are highlighted in bold. GT-Trained uses GT
labels to fine-tune the pre-trained detectors with no frame accumulation. MS3D
is compared with SN [Wang et al., 2020], ST3D [Yang et al., 2021] and L.D [Wei
et al., 2022]

trained detectors with no frame accumulation, for 30 epochs at a learning rate of
1.5 × 10−3 with the Adam one-cycle scheduler. We use pseudo-labels with score
threshold of s > 0.6 as the ground-truth labels for fine-tuning. For fusing proposals
with KBF, we consider a vehicle as present if there are more than 4 box proposals with
their centroids within 2m of each other. We use H = 16 historical frames for static
object refinement and propagate them with a decay of β = 0.95 with a minimum score
α = 0.7 if they have more than 7 tracked detections. To focus on static vehicles, we
sort Waymo and nuScenes scenes by number of cars and select the top 150 and 190
scenes from nuScenes and Waymo respectively for training; scenes with many cars
tend to be carparks. For an unlabelled target domain, this can similarly be done
by counting the number of fused 1-frame detections per scene, or by intentionally
collecting data from scenes with many parked vehicles. Additionally, this suggests
that our model can be further improved with a second round of self-training with the
remaining scenes which we leave for future work.
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Target: Waymo
Method Source Detector IoU=0.7 IoU=0.5

Source-Only
Lyft SECOND 52.14 / 34.40 61.66 / 58.71

CenterPoint 50.56 / 31.02 62.32 / 58.97

nuScenes SECOND 50.30 / 24.70 61.40 / 53.73
CenterPoint 49.39 / 24.33 59.52 / 52.64

SN Lyft SECOND 53.39 / 39.22 62.42 / 59.55
nuScenes SECOND 50.69 / 28.86 61.38 / 53.90

ST3D Lyft SECOND 56.06 / 39.17 65.16 / 62.39
nuScenes SECOND 55.67 / 28.83 67.19 / 61.63

MS3D Lyft SECOND 61.25 / 42.88 72.34 / 69.30
nuScenes SECOND 61.39 / 42.76 72.47 / 69.45

GT-Trained nuScenes SECOND 66.76 / 52.50 75.16 / 72.40

Table 4.3 – UDA from nuScenes/Lyft to Waymo. We report APBEV/AP3D. MS3D
is compared with SN [Wang et al., 2020] and ST3D [Yang et al., 2021].

Target: Lyft
Method Source Detector IoU=0.7 IoU=0.5

Source-Only
Waymo SECOND 49.68 / 38.94 56.22 / 54.63

CenterPoint 43.83 / 32.98 49.94 / 48.42

nuScenes SECOND 42.22 / 23.62 48.45 / 45.51
CenterPoint 45.98 / 26.36 52.41 / 49.43

SN Waymo SECOND 71.61 / 56.13 80.65 / 78.52
nuScenes SECOND 63.11 / 39.60 72.27 / 68.25

ST3D Waymo SECOND 73.86 / 56.33 82.90 / 80.81
nuScenes SECOND 67.33 / 41.82 77.17 / 72.99

MS3D Waymo SECOND 76.48 / 61.23 83.36 / 81.49
nuScenes SECOND 75.02 / 59.01 83.46 / 81.52

GT-Trained Waymo SECOND 81.10 / 66.76 91.12 / 88.69

Table 4.4 – UDA from nuScenes/Waymo to Lyft. We report APBEV/AP3D. GT-
Trained uses Lyft labels to fine-tune the pre-trained detector with no frame accu-
mulation. MS3D is compared with SN [Wang et al., 2020] and ST3D [Yang et al.,
2021].

Results

As shown in Tables 4.2 to 4.4, MS3D outperforms all the other methods regardless of
which source domain is used. With nuscenes as target domain, Table 4.2, MS3D not
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only improves detections with accurate box localizations (IoU=0.7) and outperforms
existing approaches but also greatly increases the number of correct object proposals
(IoU=0.5) by a large margin. It can be seen that whilst SN and ST3D improved
box localization with IoU=0.7, they did not greatly increase the number of true
positive detections as APBEV at IoU=0.7 remains relatively unchanged. In contrast,
MS3D obtains both a high performance for both AP3D and APBEV. In particular, we
highlight that for APBEV, MS3D is only ∼ 2AP less than the GT-Trained approach,
indicating that we can nearly detect all vehicles in the scene. This is also apparent
with Waymo as target in Table 4.3, where MS3D obtains a high 42.88 AP3D and
61.25 APBEV for IoU=0.7 which is ∼ 5APBEV less than GT-Trained. With Lyft as
the target domain, Table 4.4, MS3D also outperforms other methods in 3D and BEV
for both IoU criterions. From the above results, we have demonstrated that MS3D
is able to adapt detectors from low (e.g. nuScenes) to high (e.g. Waymo) beam lidar
datasets and vice-versa, unlike ST3D [Yang et al., 2021] and Lidar Distillation [Wei
et al., 2022]. In Fig. 4.8 we show qualitative results of MS3D for all target domains.

For each target domain, we show the detection performance from two different source
domains. We demonstrate that with MS3D, regardless of the pre-trained detector’s
source dataset, the detector can be fine-tuned to a similar state-of-the-art perfor-
mance. In contrast, ST3D’s choice of pre-trained detector’s source dataset can have a
significant impact on performance, with a 10.34 AP3D difference at IoU=0.7 between
selecting nuScenes or Lyft. MS3D’s robustness is especially valuable in real-world
scenarios where acquiring sufficient labelled data for evaluation can be costly.

Ablation

Pseudo-label Quality. In Fig. 4.7, we show that our pseudo-labels consistently
improve the detections of every source-trained detector on the target domain. When
we combine all 4 sources with KBF, we can already surpass the best source pre-trained
detector’s AP3D. By adding 16-frame detections for refining of static vehicles, we can
further boost the detection by an impressive amount for all target domains. For
example with nuScenes as the target domain, MS3D overcomes the detection range



4.2 Multi-source Self-training Framework (MS3D) 90

Figure 4.7 – Evaluation of MS3D’s pseudo-labels on different target domains. 1F
MS3D refers to using only KBF on 1-frame detections from the 4 source domains.
1+16F MS3D refers to our final pseudo-labels after refining static vehicles.

limitations of a sparse-beam lidar with our multi-frame static refinement, leading to
+8.84AP3D increase from 1F MS3D to 1F+16F MS3D.

KDE Box Fusion. We compare KBF with NMS [Neubeck and Van Gool, 2006]
and two variants of Weighted Box Fusion [Solovyev et al., 2021] in Table 4.5. WBF-
C is the official 3D implementation using opposite 3D box corners, and WBF-P is
weighted average of box params (cxyz, l, w, h, θ, s). We show that KBF outperforms
other methods at all ranges, with the 50-80m range having the most improvement
over existing methods. With KDE, setting a high bandwidth is similar to taking the
average of the data points. Being able to tune the bandwidth for different parameters
allows us to better capture the nuances of the box fusion process. For example, a
common error in box prediction is the heading orientation being incorrect by an error
of π. Setting a high bandwidth for rotation estimation would therefore be detrimental
as we may select an in-between orientation instead of one that corrects the orientation
by π.

Static Object Refinement. In Table 4.6, we show that using 16-frame detections
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IoU=0.7 RANGE (L2/APH)
Method APBEV/AP3D [0,30) [30,50) [50,+inf)

N / CenterPoint 49.49 / 23.33 58.80 17.56 1.89
N / SECOND 50.74 / 23.64 60.07 15.56 1.61

L / CenterPoint 49.26 / 31.35 61.53 30.97 9.88
L / SECOND 50.83 / 35.09 46.98 19.11 6.93

NMS 57.93 / 34.88 57.13 24.01 7.59
WBF-C 53.27 / 36.55 67.17 32.74 8.33
WBF-P 54.44 / 36.75 67.43 33.32 8.92

KBF (Ours) 57.22 / 38.67 68.89 33.93 10.40

Table 4.5 – Ablation study of box fusion methods for multiple detector predictions on
Waymo as target domain. KBF is compared with NMS [Neubeck and Van Gool,
2006], WBF-C and WBF-P [Solovyev et al., 2021].

for static objects (H = 0) gives a slight improvement over 1F MS3D (i.e., using KBF
for 1-frame detections). Applying KBF on H > 0 historical boxes of a static object
can further improve the localization of the box. As explained in Section 4.2.2, using
KBF on all historical boxes is inadequate. This is shown in the lower performance
of “Single Box" compared to using H = 16 boxes. Quantifying the extent of this
difference is challenging because comparing H = 16 and “Single box" to a GT label
may only differ by a few cm, which can still meet the IoU=0.7 threshold. Errors
in point cloud alignment over long sequences becomes problematic when there are
sparse number of points on the car because localization errors can result in the car’s
points being outside the box entirely. Therefore, based on qualitative and quantitative
assessment, we chose to use H = 16 boxes for estimating the bounding box of a parked
vehicle.

Discussion

In our experimentation with various source to target domain pairs, we observed that
while 16-frame accumulation increased point density, it did not necessarily help detec-
tors localize well even when the entire car shape is visible. For example, when testing
nuScenes/Waymo detectors on KITTI, we found that for a fully visible, 16-frame
accumulated car at 5m away from the ego vehicle, detectors consistently predicted a
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Figure 4.8 – Qualitative results for MS3D. Red circles highlight the areas where MS3D
detected true positive vehicles that were missed by the “Source-only" models.
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IoU=0.7 RANGE (L2/APH)
Method APBEV/AP3D [0,30) [30,50) [50,+inf)

nuScenes / CenterPoint 49.49 / 23.33 58.80 17.56 1.89
nuScenes / SECOND 50.74 / 23.64 60.07 15.56 1.61
Lyft / CenterPoint 49.26 / 31.35 61.53 30.97 9.88
Lyft / SECOND 50.83 / 35.09 46.98 19.11 6.93

1F MS3D 57.22 / 38.67 68.89 33.93 10.4
H = 0 59.19 / 38.73 69.49 34.47 10.63
H = 4 62.06 / 40.89 71.74 38.83 14.11
H = 16 62.32 / 43.33 72.23 41.72 17.63

Single box 62.32 / 43.12 72.02 41.30 17.88

Table 4.6 – Ablation study of our static box labelling using a rolling window of H
frames for KBF on Waymo as target domain. For H = 0 we replace static boxes
with their 16-frame detections. For “Single box", we use KBF of all observed
frames.

box that was 0.5-1m longer. This was also observed when using a KITTI detector on
nuScenes/Waymo where it would predict a smaller box that did not encapsulate the
entire object. This is likely due to the scan pattern domain gap as 16-frame accumu-
lated point clouds appear quite distinct depending on the lidar used. To address this
gap when the target dataset statistics deviate significantly from the source dataset,
we recommend incorporating Random Object Scaling [Yang et al., 2021] or SN [Wang
et al., 2020] in the self-training process.

MS3D obtains a high performance across various types of lidars. However, given
the versatility of the ensembling step, we believe that the initial set of pseudo-labels
can be further improved through a proper understanding of the performance of pre-
trained detectors in a cross-domain setting. In the following section, we design a
comprehensive study to quantify the performance of different 3D detector architec-
tures on various lidar datasets in order to better tailor our ensemble for any given
target domain.
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4.3 Quantifying Cross-domain 3D Object Detec-

tion

4.3.1 Overview

Cross-domain 3D object detection is the task of applying a 3D detector, trained on a
labelled source dataset, to a separate target dataset where factors such as sensor setup
and geographical location may vary significantly. In this section, we aim to provide a
deep understanding of the nature of pre-trained detectors in a cross-domain context
in order to improve our ensembling of pre-trained detectors to achieve optimal 3D
detection on a wide variety of lidar types.

Many existing works propose methods to address cross-domain adaptation, however
the study of cross-domain performance without adaptation (aka. “Source-Only" or
“Direct Transfer") of 3D detectors is often overlooked. We believe that a compre-
hensive understanding of the baseline cross-domain performance and domain gap
idiosyncrasies will enhance the community’s ability to obtain higher domain adapta-
tion performance, and overall, better generalization to any given target domain. For
example, most UDA approaches adapt a 32-beam (nuScenes) to 64-beam with a de-
tector trained on 1-frame of nuScenes as the pre-trained model [Yang et al., 2021, Hu
et al., 2023, Chen et al., 2023]. However, we demonstrate in Section 4.3.3 that sim-
ply pre-training with 10 accumulated frames can increase the vehicle detection rate
of nuScenes on Waymo point clouds by +21AP3D compared to just pre-training on
1-frame. We show in Table 4.9 that a multi-frame pre-trained Waymo detector can
even outperform a prominent self-training UDA work, ST3D [Yang et al., 2021, Yang
et al., 2022], when testing on nuScenes. Overall, we demonstrate that multi-frame
pre-training presents a stronger baseline performance on various target domains with-
out requiring complicated source-target alignment approaches. The findings from this
section are subsequently used to improve our MS3D framework which we explain in
more detail in Section 4.4.
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4.3.2 Experiment Setup

3D Detector Selection

To investigate the performance of various point cloud representations in the cross-
domain setting, we select five detectors that are representative of the various point
cloud representations and detection heads. For point cloud representation we select
VoxelRCNN[Deng et al., 2020] (voxel-based), IA-SSD [Zhang et al., 2022] (point-
based) and PV-RCNN++[Shi et al., 2023] (hybrid). For detection heads, we select
Anchorhead [Yan et al., 2018] (aka. RPN, anchor-based) and Centerhead [Yin et al.,
2021] (anchor-free) as our representative methods. Except for IA-SSD, we select two-
stage 3D detectors, PV-RCNN and VoxelRCNN, due to their superior performance
over single-stage detectors. For PV-RCNN and VoxelRCNN, we conduct experiments
with both anchor and centerhead. In summary, we conduct this study on five de-
tectors: (1) PV-RCNN with Anchorhead (PV-A), (2) PV-RCNN with Centerhead
(PV-C), (3) VoxelRCNN with Anchorhead (VX-A), (4) VoxelRCNN with Center-
head (VX-C), and (5) IA-SSD. Following existing cross-domain adaptation works
[Yang et al., 2021, Tsai et al., 2023b], each voxel-based detector for every dataset
is trained with a voxel size of [0.1,0.1,0.15]m, detection range of [−75, 75]m for x,y
and [−2, 4]m for z-axis, and we shift the lidar frame to the ground plane. We train
detectors with point clouds {Pi ∈ Rni×C}, i = 1, 2, ..., N with the i-th frame point
cloud Pi consisting of ni points with C channels for each point, for N total frames.
For single frame 3D detection, each point in Pi has channels C = 3 consisting of
the XY Z point coordinates. For multi-frame 3D detection, each point has C = 4
channels corresponding to XY ZT where T is the timestamp which we elaborate on
in Section 4.3.3. We follow default settings from [Team, 2020] for other hyperparam-
eters.

Dataset Selection and Evaluation

We focus on three popular datasets for this study: (1) Waymo Open Dataset [Sun
et al., 2020] with a 64-beam lidar, (2) nuScenes [Caesar et al., 2020] with a 32-beam
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Table 4.7 – Overview of datasets used for this study.

Dataset Lidar Beams Size Rain Night Country
nuScenes 1×32 34,149 Yes Yes USA, Singapore
Waymo 1×64 + 4×200 198,068 Yes Yes USA

Lyft 1×40 or 64 + 2×40 22,680 No No USA

lidar, and (3) Lyft [Kesten et al., 2019] with a 40-beam and 64-beam lidar. These
are large-scale datasets, summarised in Table 4.7, with over 20,000 frames of labelled
data and containing variations in scan pattern, geography, and weather. We note
that the frame rate of each of these datasets are different: Waymo is given at 10Hz,
nuScenes has 2hz key frames with 20Hz sweeps, and Lyft is at 5Hz. As a result, the
historical accumulation of 10 frames in nuScenes (0.45s) is not an equivalent time
period to 10 frames in Waymo (0.9s). We report the 3D Average Precision (AP3D)
for IoU at 0.7 using Waymo’s range evaluation of L2/AP for each table on “Vehicle"
and “Pedestrian" classes. “Vehicle" evaluation in Lyft and nuScenes includes the car,
truck and bus subcategories.

4.3.3 Results and Discussion

Training with Accumulated Point Clouds

First we explore the popular trend of point cloud accumulation in the cross-domain
context, specifically for short sequence accumulation (i.e., less than 0.5s of historical
frames). Accumulation is implemented by transforming past point clouds to the co-
ordinate system of the current frame and appending a scalar timestamp T indicating
the time delta in seconds from the current frame. We denote the maximum time delta
as T∆MAX. For instance, for a 10Hz lidar where each point cloud is 0.1s apart, the ac-
cumulated point cloud at time t can be represented as Pt = {P0, P0.1, P0.2, ..., PN(0.1)}
for N historical frames with each point represented as XY ZT with T∆MAX = N(0.1).
Directly concatenating the points from multiple historical frames has been demon-
strated to improve performance for multiple 3D detectors [Yin et al., 2021, Shi et al.,
2020, Liu et al., 2023, Chen et al., 2022, Yang et al., 2021] across various datasets
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[Caesar et al., 2020, Sun et al., 2020] due to increased point density of objects.

Currently, most domain adaptation works for 3D object detection focus on single-
frame detector adaptation [Yang et al., 2021, You et al., 2022, Tsai et al., 2022, Zhang
et al., 2023, Hu et al., 2023]. However, in Table 4.8 we demonstrate that simply train-
ing a detector on short sequence, accumulated point clouds can significantly improve
domain generalization across multiple target domains for both vehicles and pedestri-
ans. Furthermore, Table 4.9 shows that multi-frame pre-training of SECOND-IoU on
the Waymo dataset can even outperform ST3D [Yang et al., 2021] on the nuScenes
dataset without any domain adaptation. For training Dmulti, we use T∆MAX = 0.45
for nuScenes, T∆MAX = 0.3 for Waymo and T∆MAX = 0.4 for Lyft. For testing on
different target domains, we match the same T∆MAX as used in training. Empirically,
the sweet spot for frame accumulation across the datasets is around 0.4s which strikes
a balance between dynamic and static objects, minimal motion tail overlap, and point
cloud processing time.

Table 4.8 indicates that training the same detector on accumulated point clouds
performs significantly better on most cross-domain pairs compared to single-frame
pre-training. In particular, multi-frame pre-training is highly beneficial for nuScenes-
trained detectors, achieving up to 30.5AP3D improvement when tested on Lyft/Waymo
compared to single-frame pre-training. This is predominantly because accumulating
sparse 32-beam point clouds can give variation in scan pattern representations of
objects in the training dataset, especially with different ego-vehicle motion (straight
roads/turning corners). This can include particular vehicle point representations that
are common at different ranges in the Waymo or Lyft dataset, leading to an increased
AP3D overall. Similarly, we show that multi-frame pre-training can also improve per-
formance of Waymo detectors on Lyft point clouds. Notably, this improvement is not
solely attributed to the non-rigid nature of vehicles, as pedestrians likewise achieve a
notable boost in AP3D across most source-target pairs.

Dmulti however does not always improve cross-domain performance. The ability to
leverage multi-frame point cloud training is detector-specific. Point-based IA-SSD
shows mixed results when comparing Dmulti and Dsingle. This might be attributed
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Table 4.8 – Multi-frame vs single-frame detectors on cross-domain data. We show
AP3D gain (APmulti − APsingle) on official validation datasets.

AP3D Gain AP3D Gain (%)Detector Source Target Veh. Ped. Veh. Ped.
nuScenes +3.1 +2.8 20.6% 57.1%Waymo Lyft +0.6 +2.9 1.3% 8.6%

Lyft +12.8 +8.2 58.4% 92.2%nuScenes Waymo +21.0 +3.3 141.9% 154.9%
nuScenes +1.3 +2.8 8.8% 70.7%

PV-A

Lyft Waymo -0.7 -3.8 -1.4% -13.6%
nuScenes +3.3 +3.1 21.8% 60.4%Waymo Lyft +1.4 +1.0 2.8% 2.8%

Lyft +15.8 +11.5 85.0% 137.1%nuScenes Waymo +23.0 +5.2 172.0% 332.5%
nuScenes +0.9 +2.2 6.4% 94.6%

PV-C

Lyft Waymo -0.7 -6.2 -1.5% -23.4%
nuScenes +2.4 +1.9 17.2% 53.0%Waymo Lyft +1.9 +3.5 4.0% 11.4%

Lyft +15.5 +11.0 111.3% 183.3%nuScenes Waymo +25.0 +7.3 348.4% >500%
nuScenes +1.3 +2.1 9.6% 63.8%

VX-A

Lyft Waymo +1.2 +5.9 2.5% 20.1%
nuScenes +2.2 +1.8 14.4% 36.5%Waymo Lyft +0.0 +2.9 0.1% 8.4%

Lyft +20.4 +13.8 185.5% 236.5%nuScenes Waymo +30.5 +11.5 >500% >500%
nuScenes +1.0 +2.2 7.9% 90.0%

VX-C

Lyft Waymo +1.7 +7.0 3.7% 22.3%
nuScenes +1.1 -0.2 10.0% -4.6%Waymo Lyft +0.3 -7.5 0.6% -24.0%

Lyft -2.9 -1.3 -10.6% -13.3%nuScenes Waymo +5.0 +0.2 23.0% 6.3%
nuScenes -0.7 +0.9 -8.3% 41.7%

IA-SSD

Lyft Waymo -1.9 -9.3 -5.5% -52.7%

Table 4.9 – Pre-training SECOND-IoU with 4 frames on the Waymo dataset generally
outperforms ST3D when testing on nuScenes data. Source and Target are given as
Dataset / T∆MAX.

Method Source Target Vehicle Pedestrian
APBEV AP3D APBEV AP3D

Source-Only W / 0.0 N / 0.0 32.10 17.77 7.32 5.01
ST3D [Yang et al., 2021] W / 0.0 N / 0.0 35.90 20.20 5.75 5.11

ST3D++ [Yang et al., 2022] W / 0.0 N / 0.0 35.73 20.90 12.19 8.91
Source-Only W / 0.3 N / 0.3 40.36 18.81 15.90 9.05

N: nuScenes, W: Waymo
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to the learnable center-aware sampling being overfitted to the scan pattern of the
training dataset, including how the accumulated points are distributed. There are
also mixed results when feeding a Lyft-trained PV-RCNNmulti with Waymo data,
potentially due to the ball-query sampling of accumulated historical points causing
a discrepancy in object representations across domains. Due to the overwhelmingly
positive improvement of Dmulti compared to Dsingle, we adopt multi-frame pre-training
of all detectors for ensembling in MS3D++. Point cloud accumulation has the added
benefit of greater point density at farther ranges, therefore increasing the box proposal
recall at farther ranges as well.

Varying Multi-frame Inference

When using multi-frame detectors for cross-domain data however, a pertinent ques-
tion arises: Should we prioritize matching T∆MAX or point density for achieving opti-
mal performance? For instance, accumulating 0.45 seconds of nuScenes data results
in around 350k points, while for Waymo, 0.4s corresponds to 850k points, thereby
further amplifying the scan pattern domain gap. In Table 4.10, we show that varying
T∆MAX at inference can lead to different results across ranges and classes. When test-
ing a nuScenes-trained PV-C on Lyft, the optimal performance for vehicles at 30-80m
is without point cloud accumulation, whereas pedestrians gain up to +10AP3D from
T∆MAX = 0.4 compared to no accumulation. Overall, it is challenging to select the
optimal T∆MAX as it is difficult to predict how a detector trained on one scan pattern
will generalize to another scan pattern.

Cross-Domain Results for Each Target Domain

Tables 4.11 to 4.13 presents a comprehensive assessment of the overall performance
of each detector in a cross-domain setting, evaluated on Waymo, Lyft and nuScenes
datasets. We observe that 3D detectors perform reasonably well on close range (0-
30m) detection across various target domains, irrespective of their source domain.
This can be attributed to the fact that beam divergence across different lidars is less
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Table 4.10 – Varying the number of inference frames for multi-frame PV-C on cross-
domain data. The source and target columns are written as dataset / T∆MAX.
Results reported with AP3D at IoU=0.7 and 0.5 for “Vehicle" and “Pedestrian"
respectively.

Source Target Vehicle Pedestrian
0-30 30-50 50-80 0-30 30-50 50-80

N / 0.45

L / 0.0 71.6 27.5 3.9 35.9 4.4 0.2
L / 0.2 71.9 25.7 3.4 43.3 10.3 1.6
L / 0.4 72.6 24.9 3.1 45.8 12.3 1.8
W / 0.0 74.6 29.5 5.1 14.0 4.4 0.4
W / 0.1 74.6 28.5 4.7 13.4 4.5 0.6
W / 0.2 74.3 28.1 4.6 14.2 4.2 0.6
W / 0.4 73.7 27.3 4.4 14.9 4.6 0.7

W / 0.3

L / 0.0 80.3 55.0 15.4 51.7 23.3 7.1
L / 0.2 79.5 56.2 17.6 55.7 33.2 20.7
L / 0.4 79.3 55.1 17.1 51.5 27.7 18.4
N / 0.1 49.6 1.9 0.0 20.7 0.2 0.0
N / 0.2 51.3 2.7 0.1 23.3 0.4 0.0
N / 0.3 52.0 3.4 0.1 24.1 0.8 0.1
N / 0.4 51.7 3.7 0.2 22.4 1.1 0.1

N: nuScenes, W: Waymo, L: Lyft

prominent at closer ranges, therefore having less of a domain shift. However, as the
range increases, the scan pattern domain gap is exacerbated due to differences in
beam divergence, leading to drastic performance degradation in detectors.

Interestingly, no single detector or detection head stands out as the highest performer,
indicating that existing state-of-the-art 3D detectors are far from domain generaliza-
tion on point cloud data. However, we observe that voxel-based backbone networks
(PV-RCNN++ and VoxelRCNN) perform better than IA-SSD on all target domains,
potentially due to the limitations of IA-SSD’s learnable sampling module in domain
generalization.

In Table 4.14, we breakdown the degradation of each detector when adapting from
different source domains to a given target domain, compared to training from scratch
on that target domain. From this table, we find that the drop in detector performance
is more impacted by the source-target domain pairing rather than the detector ar-
chitecture itself. In general, source-target pairs that are more similar to each other
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Table 4.11 – Evaluation of 3D detectors from different sources on Waymo as the
target domain. Results reported with AP3D at IoU=0.7 and 0.5 for “Vehicle" and
“Pedestrian" respectively.

Detector Source Vehicle Pedestrian
0-30 30-50 50-80 0-30 30-50 50-80

PV-A Waymo 90.4 68.2 40.7 67.7 56.7 37.0
PV-C Waymo 91.1 70.1 42.3 75.9 68.1 53.0
VX-A Waymo 90.8 69.8 43.6 68.9 61.0 46.6
VX-C Waymo 91.1 71.7 45.5 78.5 71.7 60.3
IA-SSD Waymo 86.7 59.7 31.3 60.9 55.4 42.6

PV-A nuScenes 73.7 28.9 4.7 12.2 3.5 0.5
Lyft 75.7 46.9 23.1 40.3 29.3 14.9

PV-C nuScenes 74.6 29.5 5.1 14.9 4.6 0.7
Lyft 73.9 43.7 21.4 35.2 27.7 16.6

VX-A nuScenes 71.2 21.5 3.9 21.5 2.7 0.5
Lyft 75.7 48.1 24.8 46.1 37.0 22.0

VX-C nuScenes 71.5 21.8 4.2 27.5 6.1 1.4
Lyft 74.0 46.8 24.5 46.8 40.8 28.3

IA-SSD nuScenes 52.1 22.5 4.9 5.8 4.2 1.3
Lyft 59.9 31.9 12.5 23.1 19.0 10.9

such as Lyft and Waymo, which both contain 64-beam point cloud data have less of
a performance drop compared to Waymo/Lyft to nuScenes.

To delve deeper into the potential reasons for the significant performance decrease,
we visualize the predictions and present a summary of several key findings in Fig. 4.9.
Despite dense observations of objects, pre-trained detectors may struggle to obtain
detections, indicating that higher point density alone is insufficient for effective cross-
domain detection. We observe that a nuScenes and lyft detector misses many densely
observed vehicles in Fig. 4.9 (1,2) potentially due to weather artefacts exhibiting
different point distributions across lidar types. For Fig. 4.9 (2), it could also be
attributed to the peculiar labelling guidelines of Lyft where labels do not often include
non-traffic participants, therefore causing a Lyft-trained detector to have many missed
detections of parked cars on other datasets.

In Fig. 4.9 (3), we illustrate a prominent issue when adapting from dense to sparse
lidars. In the nuScenes dataset, the 32-beam lidar’s large vertical angular resolution
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Table 4.12 – Evaluation of 3D detectors from different sources on Lyft as the target
domain. Results reported with AP3D at IoU=0.7 and 0.5 for “Vehicle" and “Pedes-
trian" respectively.

Detector Source Vehicle Pedestrian
0-30 30-50 50-80 0-30 30-50 50-80

PV-A Lyft 90.3 73.3 29.0 57.0 33.4 19.2
PV-C Lyft 88.2 71.1 27.8 53.9 33.1 17.5
VX-A Lyft 88.0 70.7 26.2 57.8 36.6 18.9
VX-C Lyft 88.0 70.4 26.3 59.5 34.4 18.9
IA-SSD Lyft 82.6 58.7 17.6 28.9 18.9 12.2

PV-A nuScenes 73.1 27.7 3.8 39.1 11.0 1.4
Waymo 78.8 55.8 17.2 57.1 34.0 18.2

PV-C nuScenes 71.6 27.5 3.9 45.8 12.3 1.8
Waymo 79.5 56.2 17.6 55.7 33.2 20.7

VX-A nuScenes 68.0 18.3 2.2 39.6 9.9 1.6
Waymo 78.0 53.9 16.5 55.4 30.9 16.2

VX-C nuScenes 69.9 22.1 2.4 45.5 11.9 1.6
Waymo 75.9 54.1 16.0 57.8 33.6 18.6

IA-SSD nuScenes 52.0 19.4 3.1 17.3 6.2 2.0
Waymo 74.8 48.9 12.0 54.3 28.7 11.1

results in sparse information for vehicles beyond 30m, making accurate height local-
ization challenging. While many existing works focus on the number of beams, we
argue that the scan pattern domain gap is more related to the angular resolution.
A 32-beam lidar with small vertical angular resolution can also result in dense vehi-
cle appearances that are similar the 64-beam lidar in Waymo, albeit with a smaller
vertical field of view. Additionally, the Lyft dataset does not appear to perform ego-
motion compensation, resulting in misaligned lidar points during a single revolution
due to vehicle ego-motion[Berrio et al., 2022]. This introduces challenges for accurate
detection and labelling consistency as depicted in Fig. 4.9 (4). In general, these vari-
ous domain idiosyncrasies substantially affects predicted confidence scores. Much of
the previous works in 3D detectors place a large importance on IoU-aware refinement
to enable the confidence score to reflect the accuracy of box localization [Hu et al.,
2022, Yang et al., 2021, Shi et al., 2020, Yin et al., 2021, Jiang et al., 2018] because
this scoring itself has a large impact on the AP metric. However, in the cross-domain
setting, this relationship between confidence score and object localization becomes
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Table 4.13 – Evaluation of 3D detectors from different sources on nuScenes as the
target domain. Results reported with AP3D at IoU=0.7 and 0.5 for “Vehicle" and
“Pedestrian" respectively.

Detector Source Vehicle Pedestrian
0-30 30-50 50-80 0-30 30-50 50-80

PV-A nuScenes 72.6 20.8 2.6 44.0 13.8 1.4
PV-C nuScenes 68.9 18.9 2.2 42.2 14.8 1.4
VX-A nuScenes 69.8 17.2 2.1 42.7 12.3 0.9
VX-C nuScenes 66.6 17.5 1.9 43.2 14.8 1.7
IA-SSD nuScenes 57.0 10.2 0.8 31.5 8.9 0.7

PV-A Waymo 51.0 3.2 0.1 22.2 0.8 0.0
Lyft 44.9 2.5 0.1 19.1 0.8 0.0

PV-C Waymo 52.0 3.4 0.1 24.1 0.8 0.1
Lyft 40.8 2.0 0.0 13.4 0.3 0.1

VX-A Waymo 46.1 2.6 0.0 16.4 0.3 0.0
Lyft 42.6 1.8 0.1 16.0 0.3 0.0

VX-C Waymo 48.6 2.8 0.1 19.0 0.8 0.0
Lyft 41.3 1.7 0.1 14.0 0.2 0.0

IA-SSD Waymo 35.0 0.7 0.0 12.2 0.1 0.0
Lyft 23.0 0.8 0.0 8.5 0.5 0.0

misaligned and unreliable, therefore further affecting AP3D.

Figure 4.9 – 3D Detectors tested on cross-domain data encounter various issues. From
left to right: (1) Scan pattern discrepancy causes densely observed vehicles and
pedestrians to be missed, (2) Weather artefacts such as reflections on the ground
due to rain, appear different across various scan patterns, causing missed detections
or false positives, (3) Sparse lidar is challenging for box height estimation, (4) Poor
(or lack of) motion compensation for the ego-vehicle causes artefacts, inaccurate
labels, and therefore, prediction “errors". In the image, the upper predicted box
may not meet the IoU=0.7 threshold for a true positive detection. Predictions for
image (1-4) were made with PV-RCNN++ (centerhead) and trained on nuScenes
(1), Lyft (2) and Waymo (3-4). We elaborate on these in Section 4.3.3.

Another aspect of the domain gap is due to labelling discrepancies. For example,
Waymo labelling guidelines specify that side mirrors of vehicles are to be included
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Table 4.14 – Performance reduction when comparing pre-trained detectors on different
source domains APCD to training from scratch on target domain data APoracle
where AP% Reduction = APCD−APoracle

APoracle
× 100.

% AP3D ReductionSource Target Detector Veh. Ped.
PV-A -69.9% -80.8%
PV-C -66.8% -78.0%
VX-A -72.4% -86.2%
VX-C -69.2% -82.9%

Waymo nuScenes

IA-SSD -77.3% -86.6%
PV-A -74.3% -83.1%
PV-C -76.1% -87.5%
VX-A -74.5% -86.4%
VX-C -75.3% -88.8%

Lyft nuScenes

IA-SSD -83.1% -88.9%
PV-A -30.3% -49.5%
PV-C -35.3% -60.6%
VX-A -30.3% -41.7%
VX-C -33.3% -45.5%

Lyft Waymo

IA-SSD -45.8% -67.4%
PV-A -54.9% -91.5%
PV-C -54.6% -90.8%
VX-A -60.6% -87.8%
VX-C -60.7% -84.7%

nuScenes Waymo

IA-SSD -62.1% -93.3%
PV-A -56.1% -63.6%
PV-C -55.4% -55.9%
VX-A -62.8% -65.4%
VX-C -60.1% -60.2%

nuScenes Lyft

IA-SSD -62.1% -63.6%
PV-A -25.7% -1.0%
PV-C -22.5% 7.2%
VX-A -24.1% -11.4%
VX-C -25.3% -2.2%

Waymo Lyft

IA-SSD -19.3% 43.4%

in the label whereas nuScenes, Lyft and KITTI do not include side mirrors. This
discrepancy can considerably affect the IoU calculation when comparing predictions
with ground-truth boxes for detector evaluation. Additionally, there are inconsistent
category definitions. The “Vehicle" class of the Waymo dataset includes cars, trucks,
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buses, construction vehicles, and even motorcycles whereas nuScenes and Lyft classify
them separately. This is an issue when adapting Waymo detectors to KITTI for
example, as KITTI lacks specific categories for motorcycles and construction vehicles,
leading to numerous “false positive" detections when using a detector trained on the
“Vehicle" category from Waymo. Furthermore, there are labelling inconsistencies
within the “Cyclist" category across datasets. Waymo labels “Cyclists" only if there
is a rider, whereas Lyft and nuScenes have no “Cyclist" category but rather an object-
based, “bicycle" category that includes parked bicycles without a rider.

4.3.4 Conclusion

In this section we demonstrated that the scan pattern discrepancy is a large compo-
nent of the domain gap between different point cloud datasets. Simply accumulating
more frames in training allows a 3D detector to see more variation in object scan
pattern representations, resulting in a significant increase in generalization to various
target domains. From our analysis, we find that the effectiveness of 3D detection on
a given target domain is primarily influenced by the level of correlation between the
source and target dataset. Differences in scan patterns can cause 3D detectors trained
on low density lidar data to overlook densely observed objects within a high density
lidar point cloud. This oversight occurs because objects with such point density were
absent from the training dataset. Moreover, accurate evaluation is challenging due
to differences in labelling guidelines such as the inclusion of side mirrors or class def-
initions. To complicate matters further, data is processed differently across datasets.
For instance, the Lyft dataset does not do motion compensation, therefore leading to
instances where valid positive predictions are mistakenly treated as false positives.

We use the insights from this section as a starting point for improving the MS3D
framework. Firstly, we use multi-frame pre-trained 3D detectors for our ensemble
instead of single-frame, due to their significant improvement over single-frame pre-
training shown in Section 4.3.3. To properly utilize multi-frame pre-trained detectors,
we generate multiple bounding box sets by varying T∆MAX at inference to consider
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all possible scan patterns which we use in our ensemble. Additionally, we employ a
weighing strategy that assigns higher weight to detectors that were pre-trained on the
lidar density most similar to the target domain. We avoid weighing individual detec-
tors above another based on our observation in Table 4.14, where the performance of
detectors on a new target domain is primarily influenced by its source dataset rather
than its specific architecture.

4.4 MS3D++

4.4.1 Overview

In this section we incorporate insights from Section 4.3 to build upon MS3D. Our
improved framework, MS3D++, introduces auto-labelling for the pedestrian class,
multi-frame pre-trained detector ensembling and iterative label refinement.

MS3D++ is built upon three fundamental observations. Firstly, similar to MS3D, we
recognize that different detector architectures trained on different point cloud datasets
possess distinct expertise [Tsai et al., 2023b]. For instance, a Waymo-trained detector
with smaller voxel sizes may be better suited for a newly released high density lidar
compared to a nuScenes-trained detector. Using an ensemble of experts allows us
to obtain a more robust set of initial pseudo-labels on an unfamiliar target domain.
Secondly, many works have demonstrated the benefits of short-sequence point cloud
accumulation when trained and tested on the same lidar setup [Caesar et al., 2020,
Yang et al., 2021]. Our study reveals that multi-frame pre-trained detectors can
also bring significant improvements when tested in a cross-domain setting. This
allows us to achieve increased detection of sparse and far-range objects, substantially
boosting the performance of our domain adaptation baseline. Lastly, to address
the issue of unreliable detector confidence scores in a cross-domain context, we use
temporal information which has been proven effective in 3D box refinement [Qi et al.,
2021, Ma et al., 2023, Fan et al., 2023a] for a supervised setting. Leveraging temporal
information allows us to accurately distinguish true positive class predictions and
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accurately refine box localization.

MS3D++ is designed to achieve two primary goals in self-training: First, maximise
precision through accurately localized and categorized labels to avoid reinforcing false
positives. Secondly, we aim to maximise recall to ensure sufficiently accurately la-
belled samples for improving model performance without compromising precision.
MS3D++ can be broken down into three key steps: (1) Increasing box proposal re-
call through ensembling and tracking; (2) Temporal refinement to improve precision;
(3) Multi-round self-training to boost recall while maintaining precision. Fig. 4.10 il-
lustrates our proposed MS3D++ framework which will be introduced in the following
sub-sections.

Figure 4.10 – Our multi-source self-training framework, MS3D++. Given a
set of M pre-trained, multi-frame 3D detectors from multiple source domains DS,m
where m = 1, 2, ..., M, we generate predictions for a varying number of accumu-
lated point cloud frames which are fused with KBF and tracked. Our temporal
refinement uses object characteristics to ascertain class labels and refine bounding
box localization. The set of pseudo-labels is iteratively improved with each update,
utilizing the re-trained detectors from the previous round in its ensemble.

In summary, MS3D++ significantly improves upon MS3D by (1) proposing a ro-
bust pseudo-labelling strategy for pedestrians, a non-rigid body class; (2) introducing
Varied Multi-Frame Inference to effectively use multi-frame pre-trained detectors for
both vehicles and pedestrians in a cross-domain setting; (3) introducing a multi-round
self-training framework to increase pseudo-label recall while preserving precision; (4)
surpassing the performance of our previous work, therefore establishing a new state-
of-the-art for 3D detectors on unseen target domains without requiring any manually
labelled data.
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4.4.2 Method

The goal of MS3D++ is to use multiple pre-trained detectors from various source
domains to automatically label an unlabelled target domain. We use multiple pre-
trained detectors with their predictions denoted in this section as the set of bound-
ing boxes {Bi

m}M
m=0 representing the m-th prediction set on the i-th frame of the

unlabelled target dataset for a total of M prediction sets. Each test-time augmen-
tation or Varied Multi-Frame Inference (VMFI) (Section 4.3.3) are also included in
the m-th bounding box set. We consider a sequence of target domain point clouds
{Pi ∈ Rni×C}, i = 1, 2, ..., N with the i-th frame point cloud Pi consisting of ni

points with C channels for each point, for N total frames. For the cross-domain
setting, we only consider the channels XY ZT where T is the time delta in seconds
from the current frame at time t = 0. For MS3D++ we assume known sensor poses
{Ei = [Ri|ti] ∈ R3×4}, i = 1, 2, ..., N at each frame in world-coordinates for ego-
motion compensation.

Kernel Density Estimation Box Fusion (KBF)

In MS3D, we introduced KBF, κ(·), for effective fusion of multiple predicted boxes
which uses Kernel Density Estimation (KDE) for fusing the centroid (cx, cy, cz), di-
mensions (l, w, h), heading θ and a confidence score s of a set of boxes separately.
KDE positions a kernel K at each data point xi and sums them together to get a
probability density estimate f̂(x), shown in Eq. (4.1). A weight wi for each data point
and a kernel bandwidth h can be adjusted for fine-tuning the PDF estimate. KBF
remains a core component for all components of MS3D++ with the additional use of
wi for weighing of bounding box sets in Section 4.4.2 using insights from Section 4.3.

Increasing Box Proposal Recall

A primary challenge for self-training in unsupervised domain adaptation is the lack
of strong pre-trained detectors for pseudo-label generation. For example, as shown
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in Section 4.3, training PV-RCNN++[Shi et al., 2023] and VoxelRCNN[Deng et al.,
2020] on Waymo and testing on nuScenes data can result in up to 70% decrease
in Vehicle detection rate compared to training the same models from scratch with
nuScenes data. This weak baseline can lead to a large number of missed detections and
misaligned confidence scores. To achieve effective pseudo-labelling, it becomes crucial
to maximise recall by increasing the number of object proposals, thereby increasing
our ability to capture all objects within the scene (i.e., reducing false negatives). In
3D detector methods, it is also common to output a high number of predictions before
culling down with NMS [Yin et al., 2021] or a second-stage refinement [Chen et al.,
2022, Shi et al., 2020]. Following this, MS3D++ aims to first increase box proposal
recall with detector ensembling and tracking for inter/extrapolation.

Varied Multi-Frame Inference. In Fig. 4.9 from Section 4.3, we illustrated that
certain scan pattern differences between datasets can cause pre-trained detectors to
incorrectly predict a high number of false negatives (i.e., missed detections). To boost
the recall in our initial box proposals, we first use the insights from Table 4.8 and
adopt multi-frame pre-trained detectors to raise the baseline performance for unseen
target domains.

Thereafter, following the findings of Table 4.10, we employ Varied Multi-Frame In-
ference (VMFI) which varies the number of accumulated frames at inference. With
VMFI, we take the guess-work out of matching scan patterns, and simply include all
variations in the ensemble. In contrast to MS3D, we remove the need for 16-frame de-
tection sets as we show in Fig. 4.11 that VMFI can obtain detections for a much farther
range of objects. Finally, we also generate detections for each VMFI with Test-Time
Augmentation (TTA) for each detector. From these detection sets, we use KBF to ob-
tain a single set of box proposals for each i-th frame Bi

KBF = κ({Bi
m(VMFI), B

i
m(TTA)}).

Detector Weighing. From Section 4.3.3, we showed that each detector has varying
performance on different target domains. However due to the idiosyncasies of partic-
ular source-target domain pairs, it is challenging to build an intuition of the optimal
detector for specific target domains. Therefore to alleviate the strain on having to
select optimal detectors, we simply include all the detectors into our ensemble with
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Figure 4.11 – Ensembling with Varied Multi-frame Inference (VMFI) obtains an ex-
tended range of detections compared to using 16-frames for inference. This could
be attributed to the exacerbated scan pattern domain gap when feeding 16-frames
to a pre-trained multi-frame detector of a different source domain.

the exception of IA-SSD due to its low cross-domain performance. We show in Sec-
tion 4.4.3 that KBF is able to successfully fuse the different detectors with minimal
loss of performance. Furthermore, we devise a weighing strategy guided by simple
intuition: assigning higher weight to detectors that were pre-trained on the lidar den-
sity most similar to the target domain. We avoid weighing individual detectors above
another based on our observation in Table 4.14, where the performance of detectors
on a new target domain is primarily influenced by its source dataset rather than its
specific architecture. This approach also enables visual assessment of the ensembling
performance, eliminating the need for a manually labelled validation set to determine
the optimal combinations and weights.

Multi-Object Tracking. Due to the misaligned confidence scores of pre-trained
detectors in a cross-domain setting, there are often highly accurate detections with
scores as low as 0.3. For example, with Waymo as the target domain, many accurate
pedestrian predictions from nuScenes/Lyft detectors have scores in the range [0.3, 0.6].
The challenge however, is separating accurate pedestrian boxes from the myriad of
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false positive detections that also exist within that range which we further explain
in Section 4.4.2. For this stage, to prevent premature elimination of true positives,
we run a Kalman Filter-based tracker [Pang et al., 2021] at low score thresholds for
pedestrians (Tp), and vehicles (Tv,all and Tv,static) on BKBF. We generate two separate
tracks for vehicles at different thresholds: (1) Tv,all tracks both dynamic and static
vehicles, and (2) Tv,static focuses on static vehicle tracking with a high BEV IoU
threshold for track association. Following our prior work, we classify all tracks into
static or dynamic based on pre-defined thresholds of begin-to-end distance and box
centre variance. A high IoU for Tv,static is critical in minimising false positive tracks
of parked vehicles that are classified as “dynamic" due to inaccurate box localization.
While the tracking step includes both dynamic and static vehicles, extrapolation of
static vehicles is simpler and less prone to false positives. For instance, when a tracked
dynamic vehicle turns a corner, becomes occluded, or changes lanes at a far range,
the extrapolated track can easily deviate significantly from the actual path or suffer
from poor box localization. To address this, we use interpolation and extrapolations
only for confident dynamic tracks by setting a higher score threshold for Tv,all than
Tv,static.

Temporal Refinement

Due to misaligned confidence scores in a cross-domain setting, it is often challenging
to decide if a predicted box is a true or a false positive for filtering of box proposals.
Simply setting a confidence score threshold often proves inadequate as high confidence
scores may not correlate with an accurate box localization or object class. Further-
more, selecting a threshold involves balancing between data variation and quality.
A high threshold may reduce false positives, but limit the data variation and as a
result, model improvement. Conversely, a low threshold may increase data variation
but lead to more false positives and poorly localized boxes, resulting in the accumula-
tion of errors with each self-training round. In this section, we explain how MS3D++
leverages temporal consistency and object characteristics to provide a more effective
solution for refining box proposals to obtain increased pseudo-label precision. For the
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final pseudo-label set, we define a positive score threshold spos such that every box
with a score greater than spos is considered a pseudo-label.

Retroactive object labelling. In human perception, identifying certain objects
from a distance or when occluded can be challenging. To address this, our eyes contin-
uously track the object until its class can be confidently determined. Once recognized,
we retroactively apply this object class label to all past and future observations of
the same object. In the context of MS3D++, we adopt a similar approach, where we
track detections with a low threshold to obtain potential class proposals. These tracks
are not immediately treated as pseudo-labels. We withhold the use of the tracks as
labels until we confidently recognize the object class, through a number of high confi-
dence detections (i.e., > spos). Practically, since pseudo-labelling is done in an offline
setting, we simply filter every track to ensure they contain at least Npos confident
detections above score spos to obtain the refined tracks: Tv,all(refined),Tv,static(refined) and
Tp(refined). We note that this approach is mostly effective for Tv,static and Tp which
further elaborate on.

Static vehicle refinement. For dynamic vehicle tracking, although interpolated or
extrapolated tracks may provide good centre prediction, the tracked box is impractical
as a pseudo-label if its orientation is incorrect. Due to the elongated shape of vehicles,
heading errors can easily cause many of the vehicle points to fall outside the bounding
box, therefore resulting in poorly localized pseudo-labels that affect the self-training
process. This particularly affects the extrapolation of sparse vehicle observations at
farther ranges. Stationary vehicles on the other hand are much easier to handle.
For Tv,static, we simply require a few strong detections of the object to be able to
use it for refining all tracked observations of the stationary vehicle. Therefore, to
increase the precision of vehicle labelling, we focus on scenes with static vehicles.
Additionally, because vehicles are rigid body objects, dynamic vehicles share the same
appearance as static vehicles. This allows detectors trained on accurately labelled
static vehicles to effectively handle dynamic vehicles as well. Following our previous
work, we adopt KBF for fusing the box predictions of H historical observation frames,
Bi,j

v,static = κ({Tv,static}i
i−H), to obtain a static box Bi,j

v,static for the j-th vehicle in the
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i-th frame due to potential localization errors [Tsai et al., 2023b, Caesar et al., 2020].

Pedestrian refinement. Pre-trained detectors commonly misclassify pole-like ob-
jects as “Pedestrians". The confidence scores of such predictions fall within a similar
range (around 0.3-0.6) to actual “Pedestrians" in the scene. Since pedestrians are
non-rigid body objects that are frequently in motion, the static refinement approach
used for “Vehicles" is not directly applicable. However, we leverage this unique char-
acteristic of pedestrians to our advantage. While pole-like objects and pedestrians
may appear similar when static, the distinction becomes clearer when the object
starts moving. Therefore, we classify the motion of tracks from Tp(refined) and use the
dynamic tracks Tp(refined),dyn as pseudo-labels. This strategy is more practical than
dynamic vehicle tracking due to the geometric property of pedestrians. Unlike ve-
hicles, the approximate symmetry of pedestrians from a BEV perspective allows for
relatively high IoU with ground truth even with incorrect heading predictions. As a
result, obtaining reasonably localized pedestrian pseudo-labels with retroactive object
labelling on Tp(refined),dyn is considerably more feasible compared to dynamic vehicles.
Nonetheless, pedestrian labelling need not solely be limited to dynamic pedestrians.
After a few rounds of self-training, explained in Section 4.4.2, detector confidence
scores become better calibrated, making it easy to distinguish true pedestrians by
thresholding. At this point, retroactive object labelling can be used for both static
and dynamic pedestrians.

Pseudo-Label Filtering

To obtain our final set of pseudo-labels, we add the following boxes to each i-th
frame and apply NMS for filtering: (1) VMFI Boxes Bi

KBF, (2) Static vehicle boxes
Bi

v,static, (3) Tracked vehicle boxes T i
v,all(refined), (4) Dynamic pedestrian tracked boxes

T i
p(refined),dyn. Following this, we remove any pseudo-labels with less than 1 point in

the box for a single-frame point cloud and only retain pseudo-labels above a score
threshold s ≥ spos.
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Figure 4.12 – Iterative label refinement of MS3D++: In the first round of self-training,
we employ a range of detectors from various source domains. The pseudo-labels
are used to re-train the 3D detectors with multi-frame accumulation. We use the
re-trained detectors to create a new ensemble for the next round.

Iterative Label Refinement

Iterative improvement through multiple self-training rounds has been shown to be a
promising technique [You et al., 2022, Zhang et al., 2023]. With each self-training
round, the re-trained detector has increased detection range and improved alignment
between score and class/localization. This increases the confidence scores for true
predictions allowing easy distinction from false positives. The improvement in score
alignment also extends to higher confidence detections at farther ranges, allowing
for more precise tracking and refinement of far-range static vehicles and dynamic
pedestrians for the subsequent pseudo-label set. The iterative label refinement for
MS3D++ is shown in Fig. 4.12.

For our first round of self-training, we use a large ensemble of pre-trained detectors
from various source domains for pseudo-label generation. With this pseudo-label
set, we re-train a set of detectors with short-sequence, multi-frame accumulation.
At this round, VMFI is not required as the re-trained models are trained on the
target domain’s multi-frame scan pattern. To mitigate confirmation bias (i.e., the
reinforcement of false positives) during each round of self-training, we set high spos

and Npos thresholds for all classes. Given the ego-vehicle motion in the scene, driving
past tracked objects often result in a few high confidence detections at some point in
the driving sequence. This in turn enables our static vehicle and dynamic pedestrian
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refinement to extrapolate and interpolate pseudo-labels to all tracked observations
thereby increasing recall. This conservative approach for selecting spos and Npos

enables the gradual increase of pseudo-label quality and recall while maintaining high
precision.

4.4.3 Experiments

Setup

Datasets and evaluation metrics For our experiments we use three datasets:
Waymo, nuScenes and Lyft, as introduced in Section 4.3 where each large-scale
dataset is varied in lidar scan pattern, weather and geography. The datasets are
summarised in Table 4.7. Due to label inconsistency in the cyclist category across
domains as mentioned in Section 4.3.3, we focus on the “Vehicle" and “Pedestrian"
class. For nuScenes and Lyft, our “Vehicle" supercategory includes the car, truck and
bus subcategories. Following existing works [Yang et al., 2021, Hu et al., 2023, Wei
et al., 2022], we use the KITTI average precision evaluation metric over 40 recall
positions in BEV and 3D, denoted as APBEV and AP3D. For all tables we report the
AP on the official validation split of each dataset at IoU thresholds of 0.7 for “Vehicle"
and 0.5 for “Pedestrian".

Comparison methods We compare MS3D++ with the following methods: (1)
Source-only, directly applying the detector on the target domain without any domain
adaptation; (2) ST3D [Yang et al., 2021] serves as a single-source, self-training base-
line, using a single detector without temporal refinement for pseudo-labelling; (3)
MS3D [Tsai et al., 2023b], our previous work which used SECOND and Centerpoint
for detector ensembling with single-round self-training; (4) GT-trained, uses manu-
ally annotated ground truth labels to train the detector, providing an upper bound
comparison if we were to achieve perfect pseudo-labels. For nuScenes as target do-
main, we further include other methods that report results for the Waymo→nuScenes
domain adaptation task: LD (with ST3D) [Wei et al., 2022], DTS [Hu et al., 2023]
and REDB [Chen et al., 2023]. Similar to [Tsai et al., 2023b], GT-trained presents an
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apples-to-apples comparison of our pseudo-labels to GT labels. Between GT-trained
and MS3Ds, the following are kept the same: data augmentation, dataset size, voxel
size, anchor box sizes, number of epochs, batch size and learning rate. This compari-
son contrasts with the typically reported upper bound “Oracle" supervised benchmark
with optimized hyperparameters [Yang et al., 2021, Hu et al., 2023] . For all meth-
ods, we train with 4-frame accumulation on Waymo (T∆MAX = 0.3), 3-frame on Lyft
(T∆MAX = 0.4), and 10-frame on nuScenes (T∆MAX = 0.45) unless specified otherwise
in the table.

Implementation details We use the pre-trained detectors: PV-A, PV-C, VX-A
and VX-C as specified in Section 4.3.2. Similar to [Tsai et al., 2023b], we sort Waymo
and nuScenes by number of vehicles and pedestrians per scene, selecting the top 190
and 193 scenes, respectively. This selection allows us to focus on the static vehicle
refinement, as scenes with many cars often represent parking lots. For an unlabelled
target domain, a similar approach can be adopted by intentionally collecting data
from scenes with carparks and densely populated pedestrian areas. The initial round
of pseudo-labels are generated with four pre-trained detectors from various source
domains and used to train VX-A and VX-C with multi-frame accumulation. For
subsequent self-training rounds, we only use VX-A and VX-C in the ensemble with
TTA. This choice is due to the distinct box proposal approaches of anchorhead [Yan
et al., 2018, He et al., 2017] and centerhead [Yin et al., 2021], which provide more
varied object proposals. For pre-trained detector KBF weighing on Waymo as the
target domain, we assign higher weights to Lyft detectors over nuScenes detectors due
to Lyft having 64-beam point clouds. Conversely, when Lyft is the target domain, we
assign higher weights to Waymo detectors compared to nuScenes detectors. Lastly, for
nuScenes as the target domain, we weigh Waymo and Lyft detectors equally. Further
implementation details can be found in our open-sourced code.

Results

In Tables 4.15 and 4.16, we demonstrate that training VX-A and VX-C with MS3D++
pseudo-labels yields an APBEV that outperforms all existing works and achieves re-
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Figure 4.13 – Visualization of MS3D++ pseudo-labels on Waymo and nuScenes point
clouds. We show that we can obtain well localized boxes for sparse observations on
both datasets. For a 64-beam lidar (Waymo), we show that MS3D++ can generate
accurate pseudo-labels for up to 80m range.
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sults comparable to training with manually labelled ground-truths for Waymo and
nuScenes datasets. Fig. 4.13 shows examples of the labels generated with MS3D++
used in training. For Waymo as the target domain, the APBEV difference between
training VX-A with MS3D++ labels compared to GT labels is 3.5 APBEV for “Ve-
hicle" and 5.17 APBEV for “Pedestrian". Similarly, for nuScenes, VX-A trained with
MS3D++ shows only a 3.28 APBEV reduction compared to training with GT labels.
Additionally, MS3D++ outperforms all existing works in AP3D for Waymo but is
around −1AP3D lower in nuScenes. One reason for this is due to the lidar sparsity of
nuScenes where poor box height localization for a sparse observation can lead to the
pseudo-label containing more ground points than object points, therefore affecting
label quality.

Table 4.15 – Waymo as the target domain for unsupervised domain adaptation.
Detectors for all methods are trained on 4-frame accumulation (T∆MAX = 0.3).

Method Label Source Detector Vehicle Pedestrian
APBEV AP3D APBEV AP3D

Source-Only Lyft VX-C 58.34 44.96 41.46 36.30
Source-Only Lyft VX-A 59.06 45.99 39.56 34.04

ST3D [Yang et al., 2021] Lyft VX-C 57.43 43.68 45.02 41.62
MS3D [Tsai et al., 2023b] Lyft,nuScenes VX-C 64.34 47.75 - -

MS3D++ Lyft,nuScenes VX-C 70.60 52.80 57.04 51.83
MS3D++ Lyft,nuScenes VX-A 70.31 52.31 52.71 48.92

GT-Trained Waymo VX-C 75.11 61.28 67.86 62.92
GT-Trained Waymo VX-A 73.81 60.52 57.89 54.71

Overall, the AP3D lags behind APBEV as the label quality is heavily impacted by
the challenging nature of box height estimation for sparsely observed objects on all
datasets as shown in Fig. 4.9. Nonetheless, we highlight that BEV is often sufficient
for various autonomous driving tasks such as obstacle avoidance, motion forecasting,
and path planning. We believe that further improvement in 3D box localization can
be achieved through leveling the pseudo-label boxes with ground plane segmentation
[Oh et al., 2022, Lee et al., 2022] of all accumulated sequence frames, or using a
3D map [Zhang and Singh, 2014]. Additionally, we notice that training a single



4.4 MS3D++ 119

Table 4.16 – nuScenes as the target domain for unsupervised domain adaptation.

Method Sweeps Label Source Detector Vehicle Pedestrian
APBEV AP3D APBEV AP3D

Source-Only 4 Waymo VX-C 42.18 22.29 16.30 11.02
Source-Only 4 Waymo VX-A 40.53 21.17 13.19 9.81
Source-Only 1 Waymo SECOND 32.10 17.77 7.32 5.01

REDB [Chen et al., 2023] 1 Waymo SECOND 30.12 18.56 2.47 2.14
ST3D [Yang et al., 2021] 1 Waymo SECOND 35.90 20.20 5.75 5.11

DTS [Hu et al., 2023] 1 Waymo SECOND 41.20 23.00 - -
L.D [Wei et al., 2022] 1 Waymo SECOND 42.04 24.50 - -

MS3D [Tsai et al., 2023b] 1 Lyft, Waymo SECOND 42.23 24.76 - -
MS3D++ 1 Lyft, Waymo SECOND 43.88 23.10 - -

ST3D [Yang et al., 2021] 10 Waymo VX-C 38.80 23.37 11.59 9.04
MS3D [Tsai et al., 2023b] 10 Lyft, Waymo VX-C 49.23 27.50 - -

MS3D++ 10 Lyft, Waymo VX-C 50.34 27.20 25.81 15.91
MS3D++ 10 Lyft, Waymo VX-A 52.06 26.52 27.01 15.36

GT-Trained 1 nuScenes SECOND 44.39 29.46 - -
GT-Trained 10 nuScenes VX-C 56.43 37.26 41.77 32.52
GT-Trained 10 nuScenes VX-A 55.34 36.67 38.30 29.72

multi-frame detector on its own pseudo-labels (ST3D) can lead to a degradation in
performance compared to the Source-only approach for all three target domains. This
can be attributed to an amplified domain gap in the multi-frame setting. The gap is
likely caused by inadequate localization of dynamic objects, stemming from significant
differences in the appearances of motion tails and accumulated point clouds across
datasets. Hence, although ST3D may be applicable in a multi-frame adaptation
setting, its lack of accurate pseudo-labels ultimately leads to unsatisfactory domain
transfer for these datasets.

For Lyft as the target domain in Table 4.17, we obtain a higher AP3D than all ex-
isting works. However, similar to the observation made by [Yang et al., 2021], we
illustrate in Fig. 4.14 that Lyft has many missing ground-truth labels for parked ve-
hicles on the side of the road, as their primary focus is on motion prediction of traffic
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participants [Houston et al., 2020]. This makes it challenging to truly evaluate the
domain adaptation performance of all methods due to predictions being penalized as
false positives. Despite this limitation, we include these results from one round of
self-training for the sake of completeness in our evaluation. We postulate that this
labelling discrepancy plays a significant role in why Lyft-trained detectors often over-
look many densely observed vehicles in Waymo and nuScenes, resulting in a notable
decline in performance.

Table 4.17 – Lyft as the target domain for unsupervised domain adaptation. Detectors
for all methods are trained on 3-frame accumulation (T∆MAX = 0.4).

Method Label Source Detector Vehicle Pedestrian
APBEV AP3D APBEV AP3D

Source-Only Waymo VX-C 72.09 57.55 43.74 38.42
Source-Only Waymo VX-A 74.28 59.69 42.52 37.87

ST3D [Yang et al., 2021] Waymo VX-C 70.57 57.08 47.25 41.84
MS3D [Tsai et al., 2023b] Waymo,nuScenes VX-C 77.30 63.43 - -

MS3D++ Waymo,nuScenes VX-C 77.00 65.96 46.89 43.26
MS3D++ Waymo,nuScenes VX-A 77.20 65.30 47.15 43.62

GT-Trained Lyft VX-C 86.85 74.76 60.67 54.18
GT-Trained Lyft VX-A 85.23 72.70 58.86 50.37

Figure 4.14 – Missing labels on the Lyft dataset affects accurate evaluation of domain
adaptation performance. Additionally, this contributes to the poor performance
when testing Lyft-trained detectors on Waymo or nuScenes due to the difference
in labelling guidelines.
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A major advantage of MS3D++ lies in the flexibility of simply having a set of pseudo-
labels for domain adaptation. This means that data augmentation techniques that
proves effective in a supervised setting such as multi-frame accumulation can seam-
lessly integrate with our approach. From our results, we demonstrate the successful
application of multi-frame accumulation for multiple classes across various target
domains, yielding a significant improvement over Source-only for both rigid and non-
rigid (i.e., “Vehicle" and “Pedestrian") classes on multiple target domains. Likewise,
we believe that further improvements can be obtained through the use of the popular
ground-truth database data augmentation [Yan et al., 2018] to increase the number
of labelled samples per point cloud for each round of self-training or just the final
round.

Table 4.18 – VMFI and TTA for ensembling. Precision (P) and Recall (R) range
breakdown on Waymo point clouds. Source is given as Training dataset / T∆MAX
/ Detector.

Source Class VMFI TTA 0-30m 30-50m 50-80m
P R P R P R

L / 0.4 / VX-C

Veh.
0.960 0.770 0.911 0.455 0.860 0.208

✓ 0.959 0.805 0.919 0.492 0.868 0.233
✓ ✓ 0.962 0.820 0.926 0.508 0.886 0.242

Ped.
0.726 0.425 0.746 0.298 0.771 0.143

✓ 0.868 0.444 0.851 0.315 0.838 0.154
✓ ✓ 0.872 0.489 0.867 0.342 0.863 0.157

N / 0.45 / PV-C

Veh.
0.976 0.693 0.957 0.318 0.949 0.051

✓ 0.976 0.769 0.957 0.377 0.952 0.067
✓ ✓ 0.975 0.805 0.958 0.418 0.957 0.078

Ped.
0.533 0.194 0.535 0.038 0.625 <0.01

✓ 0.652 0.184 0.653 0.027 0.690 <0.01
✓ ✓ 0.671 0.205 0.680 0.029 0.500 <0.01

Ablation

VMFI. We validate VMFI’s effectiveness in Table 4.18 using two models and source
domains, showing its consistent improvement of precision and recall across all classes
and ranges. For vehicles, VMFI significantly improves recall at all ranges, mainly
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due to increased point density for better detection of static and slow-moving vehi-
cles. Meanwhile, for pedestrians, VMFI substantially increases precision across all
ranges, achieving an improvement of up to 20%. This improvement is due to the
fact that pedestrians have sparser observations compared to vehicles, primarily due
to their smaller size. Multi-frame accumulation is particularly effective on pedestrian
detection due to their slow movement speed, resulting in better box localization from
increased point density, with minimal side effects from long motion tails. Additionally,
incorporating TTA further enhances both precision and recall.

Table 4.19 – Ensemble combinations for Lyft (L) and nuScenes (N) detectors on
Waymo point clouds. We report AP3D in the ranges 0-30m, 30-50m and 50-80m.

Source PV-A PV-C VX-A VX-C Vehicle Pedestrian
0-30 30-50 50-80 0-30 30-50 50-80

L ✓ 74.4 44.4 20.1 38.5 25.6 12.8
L ✓ 73.0 43.2 19.1 33.0 25.1 15.0
L ✓ 74.6 46.0 21.4 43.6 32.0 20.5
L ✓ 73.1 45.8 21.6 46.6 37.2 27.0
L ✓ ✓ 79.5 52.5 26.2 57.3 46.6 31.8
L ✓ ✓ 78.1 49.7 24.1 48.7 35.9 19.8
L ✓ ✓ 78.2 50.8 25.1 54.6 45.1 30.8
L ✓ ✓ 79.8 52.4 26.2 51.7 38.1 22.0
L ✓ ✓ 79.3 51.8 25.4 52.6 40.3 24.1
L ✓ ✓ 79.2 52.2 26.1 55.2 44.5 30.1
L ✓ ✓ ✓ ✓ 80.6 54.6 28.0 57.1 46.7 31.7

N+L ✓ ✓ ✓ ✓ 82.6 52.7 25.1 46.8 38.6 28.5
N+Lweight ✓ ✓ ✓ ✓ 82.6 55.7 27.8 57.1 46.7 31.7

Ensemble contributions and weighing. In Table 4.19 we present the perfor-
mance of various detector combinations on the Waymo dataset. We demonstrate that
any ensembling any pair of detectors with TTA and VMFI easily surpasses the per-
formance of using a single detector for pseudo-labelling. Although the Lyft-trained
VX-A and VX-C are the highest performing pre-trained detectors on Waymo, we
show that combining all detectors with KBF outperforms the VX-A and VX-C pair.
However, when introducing nuScenes detectors into the ensemble, we observed a de-
crease in overall pedestrian, and 30-80m vehicle detection. nuScenes-trained detectors
tends to predict more false positive pedestrians and vehicles, particularly at farther
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ranges. This is potentially due to the fact that nuScenes detectors are trained to
make highly confident predictions from sparse observations (e.g., a single lidar ring)
for objects beyond 30m range. In a cross-domain context, this leads to noisy pre-
dictions due to a different distribution of points between source and target domains,
particularly for semi-occluded or far-range structures. Based on these insights, we as-
sign a higher weight to Lyft-trained detectors for vehicle predictions, and we discard
the pedestrian predictions from nuScenes-trained models to reduce false positives in
our ensemble. We demonstrate that a simple weighing of Lyft detectors for KBF
can enhance the overall vehicle AP3D. Furthermore, we emphasize that this aspect
of MS3D++ is not limited to the selected detectors in this paper. Depending on the
use-case, incorporating detectors with varying voxel sizes, multi-modal capabilities,
or class-specific detectors into the ensemble can further enhance the robustness of the
initial pseudo-label set.

Table 4.20 – Label breakdown of KBF and temporal refinement in MS3D++. Precision
(P) and Recall (R) breakdown by range for Waymo point clouds. Delta ∆ is the
difference between Ensemble and Refined.

0-30m 30-50m 50-80mClass Label P R P R P R
VX-A 0.946 0.899 0.894 0.705 0.847 0.427
VX-C 0.950 0.896 0.904 0.695 0.864 0.403

Ensemble 0.950 0.899 0.904 0.704 0.866 0.418
Refined 0.944 0.912 0.893 0.763 0.851 0.514

Vehicle

∆ -0.006 0.013 -0.011 0.059 -0.015 0.096
VX-A 0.875 0.623 0.846 0.493 0.834 0.325
VX-C 0.881 0.609 0.863 0.485 0.867 0.326

Ensemble 0.872 0.646 0.853 0.518 0.849 0.351
Refined 0.846 0.689 0.818 0.574 0.802 0.431

Pedestrian

∆ -0.026 0.043 -0.035 0.056 -0.047 0.080
Ensemble (KBF): VX-C and VX-A with VMFI and TTA
Refined: final pseudo-label set of MS3D++

Label breakdown. To better understand the effect of KBF ensembling and label
refinement, we analyse the precision and recall of our pseudo-labels in Table 4.20. For
the vehicle class, KBF ensembling (Ensemble), can boost both precision and recall for
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all ranges. However, when it comes to pedestrians, their small size makes them more
prone to occlusion, resulting in sparser observations and poorer box localization. As a
result, the precision for pedestrians is affected. Nonetheless, we find that ensembling
generally improves the recall of pedestrians. Subsequently, we demonstrate that the
final set of pseudo-labels after temporal refinement (Refined) greatly increases the
recall of our ensemble with a slight trade-off in precision. The improvement in recall
is most prominent at the 30-80m range, which effectively extends the detection range
of detectors adapted to new target domains.

Iterative Label Refinement. Fig. 4.15 highlights the effectiveness of multiple
rounds of self-training. The largest improvement in vehicle detection is in the 1st
round of self-training using an ensemble of Lyft and nuScenes pre-trained detectors.
However, as we proceed with more rounds of self-training, the improvement starts to
plateau. On the other hand, for the pedestrian class, the 1st round of self-training
leads to a decrease in APBEV due to prioritizing a high precision for accurately dis-
tinguishing true pedestrians.

Figure 4.15 – Iterative label refinement on Waymo as the target domain with
VoxelRCNN-Anchorhead (VX-A) and VoxelRCNN-Centerhead (VX-C). We show
the improvement in detection rate of VX-A and VX-C over multiple rounds of self-
training. All detectors are trained on 4-frame point cloud accumulation. The 0th
round refers to the detectors without any domain adaptation (i.e., Source-Only).

In subsequent rounds, more aligned confidence scores enables better thresholding of
true pedestrians, allowing us to use more pedestrian tracks and increasing overall
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pseudo-label recall. We study this by examining the pseudo-label quality for each
round in Table 4.21. The analysis clearly demonstrates the high precision and low
recall of the first round of pedestrian pseudo-labelling, with a substantial increase
with each subsequent round. In general, for both classes, each round exhibits a
significant increase in recall, with a minor trade-off in precision. However, we argue
that for the autonomous driving application, a high recall is more important for safety
considerations. The increase in recall is particularly pronounced at farther ranges (30-
80m), where it is approximately 3 to 4 times larger than the drop in precision. For
instance, the recall of the pedestrian class in round 4 at 50-80m is 10× larger than
the recall in round 1, with only a 12% decrease in precision. This is subsequently
reflected in the significant improvement in pedestrian APBEV in later self-training
rounds. Similar to Section 4.4.3, the pseudo-labels for each round can be used to
train any type of detector for the ensemble of subsequent rounds. This includes
training class-specific or multi-modal detectors.

Table 4.21 – Iterative Label Refinement. Precision (P) and Recall (R) range break-
down of the pseudo-label quality for each self-training round. Delta ∆ is the dif-
ference between round 4 and round 1.

0-30m 30-50m 50-80mClass Round P R P R P R
1 0.962 0.896 0.934 0.648 0.913 0.333
2 0.955 0.909 0.920 0.720 0.900 0.436
3 0.944 0.912 0.898 0.759 0.865 0.505
4 0.944 0.912 0.893 0.763 0.851 0.514

Vehicle

∆ -0.018 0.016 -0.041 0.115 -0.062 0.181
1 0.912 0.324 0.922 0.131 0.906 0.043
2 0.881 0.532 0.891 0.372 0.909 0.182
3 0.874 0.628 0.861 0.497 0.870 0.322
4 0.846 0.689 0.818 0.574 0.802 0.431

Pedestrian

∆ -0.066 0.365 -0.104 0.443 -0.104 0.388

Pseudo-label generation duration. The first step of MS3D++ is to generate the
predictions from each pre-trained detector with VMFI and TTA for the ensemble. The
duration of this depends on the density of the target domain point clouds, detector
architecture, and number of detectors used. This can generally range from 3-12
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hours. Following this, the remaining steps of MS3D++ can range from 6-20 hours
depending on the number of objects in each frame. For instance, on 20k frames from
the Waymo dataset, MS3D++ took around 20 hours due to our focus on carparks,
and the extensive range of the 64-beam lidar. In contrast, a similar number of frames
for nuScenes point clouds took around 6 hours as less objects are observed because
of the limited usable range of a 32-beam lidar. A large bottleneck is from the tracker
implementation [Pang et al., 2021], which accounts for up to 11 out of the 20 hours for
the Waymo dataset. Overall, MS3D++ is still significantly more time efficient than
manual labelling. We highlight that MS3D++ can also be used in conjunction with
human annotators as a strong set of initial labels, or as a starting point for exploring
active learning approaches. MS3D++ only requires a GPU for pre-trained detector
box proposals and detector re-training. The pseudo-labelling steps do not require a
GPU for computation. Nevertheless, our experiments were run with GPU-optimized
IoU computations on an i7-6700K CPU with 60GB RAM and a 2080TI GPU.

4.5 Conclusion

In this chapter, we proposed to adapt 3D detectors to new target domains with an
auto-labelling approach. Our proposed MS3D frameworks effectively generates high
quality pseudo-labels for both low and high density lidar through detector ensembling
and temporal refinement.

We presented a comprehensive analysis of the idiosyncrasies of 3D detectors in a cross-
domain context to show that simply using a single detector faces many challenges,
resulting in the suboptimal performance of single-detector self-training methods like
ST3D [Yang et al., 2021]. With such methods there is a need to evaluate the per-
formance of pre-trained 3D detectors for selecting a single detector for self-training.
However, this is not feasible in the context of UDA due to the absence of labels
in the target domain. Furthermore, in this analysis, we redefine the baseline of 3D
detectors in unsupervised domain adaptation, showing that simply using multiple
frames for training the pre-trained detector can already provide a significant boost in
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performance on multiple target domains.

Through our work, we demonstrate that MSDA is a highly practical approach for
unsupervised domain adaptation. We introduced a novel box fusion technique, KBF,
for ensembling multiple detectors, resulting in a significant increase in generalization
ability across a variety of target domains. With KBF, MS3D bypasses the issue
of selecting a single detector for self-training, demonstrating that our ensembling
performance can always outperform that of the best pre-trained detector.

Notably, our proposed MS3D framework is versatile, as it is not limited to particular
detector architectures, data augmentation or lidar types. This means that regardless
of environmental changes, emergence of novel lidar types or detector architectures,
our ensemble approach remains effective and relevant. MS3D can use new detector
architectures, including multi-modal detectors, to enhance the domain generalization
on given target domains. Moreover, the continuous release of new autonomous driving
datasets [Alibeigi et al., 2023] with newer lidars adds to our collection pre-trained de-
tectors, allowing us to improve our ensemble on a variety of target domains, including
novel lidar types.

Extensive experiments show that models trained with our pseudo-labels obtain state-
of-the-art results on all evaluated target domains and are even comparable to training
with human-annotated labels. Furthermore, our pseudo-labels are simply a drop-in
replacement for ground-truth labels in a supervised training setting. This makes
our domain adaptation approach highly versatile, supporting the training of newly
developed 3D detectors, or data augmentation techniques. MS3D offers a practical
and flexible solution for domain adaptation that maintains detector runtime and
eliminates the need for modification of 3D detector architectures or custom learnable
modules.

The contributions in this chapter have been presented in the following publications:

• D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "MS3D: Leveraging
Multiple Detectors for Unsupervised Domain Adaptation in 3D Object Detec-
tion" In 2023 IEEE International Intelligent Transportation Systems Conference
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(ITSC). IEEE, 2023. (accepted)

• D. Tsai, J. S. Berrio, M. Shan, E. Nebot, and S. Worrall. "MS3D++: Ensemble
of Experts for Multi-Source Unsupervised Domain Adaptation in 3D Object
Detection" Submitted to IEEE Transactions on Pattern Analysis and Machine
Intelligence (T-PAMI)



Chapter 5

Conclusion

This chapter is organized as follows: Section 5.1 summarizes our proposed methods,
Section 5.2 provides an overview of the contributions of this thesis and Section 5.3
presents potential ideas for future work.

5.1 Summary

In this thesis, we have presented frameworks for UDA that enable companies and
research groups to effectively utilize cutting-edge 3D detector research with a range
of lidar technologies. The motivation for our work stems from the observation that
3D Detectors often have a significant performance drop when deployed in an unfa-
miliar domain with drastic differences from the training data due to domain shift.
This results in missing detections for densely observed objects, misaligned confidence
scores, and increased high-confidence false positives, rendering the detector highly
unreliable. This is a prominent issue as it hinders the widespread adoption of various
types of lidar technologies.

In Chapter 3, we present a framework for detector adaptation to multiple target
domains through the use of a domain-invariant representation. Our proposed method
uses the camera as a complementary sensor with image instance segmentation for
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region of interest proposals to act as a bridge between different lidar types. We
introduce a camera-lidar calibration pipeline to ensure robust calibration to enable
optimal use of the camera for region proposals. Furthermore, we present a surface
completion network that gives a consistent unified representation of points across
different lidar types. We demonstrate that with a strong lidar-camera calibration
and surface completion, we can obtain good 3D detection performance across multiple
lidars without requiring re-training on each new target domain.

In Chapter 4, we introduce an auto-labelling framework for re-training a detector on a
given target domain. By generating a set of high quality pseudo-labels, our approach
enables the re-training of any 3D detector to obtain strong 3D detection performance
for a range of lidar types. We adopt a multi-source approach, which enables more
robust generation of pseudo-labels compared to single-source approaches. Further-
more, we temporally refine the pseudo-labels to obtain accurate box localization even
at farther ranges. We also present a comprehensive study to give insights into the
performance of pre-trained detectors in a cross-domain setting. These insights further
allowed us to improve our framework substantially, and on more classes. Overall, our
experiments demonstrate that 3D detectors trained with our generated pseudo-labels
achieve high 3D detection rate on various lidar types, even comparable to training
with human-annotated labels.

5.2 Contributions

The main contributions of this thesis are the development of two key frameworks
for achieving 3D object detection on a variety of domains. These frameworks were
comprised of various contributions which we detail below.

Domain-Invariant Representation

• Proposed a camera-lidar calibration pipeline that automates the calibration
parameter estimation process using expert knowledge. Our algorithm selects
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optimal calibration poses from recorded variations, therefore simplifying the
calibration process.

• Developed an unsupervised multi-target domain adaptation framework that
works across different lidar scan patterns, fixed or adjustable, without necessi-
tating model fine-tuning for each pattern. We demonstrate that having a strong
calibration between camera and lidar enables the use of camera as a comple-
mentary modality for lidar-agnostic 3D detection. By transforming lidar-specific
object representations into a unified representation, we mitigate biases towards
specific lidar representations.

• Developed a viewer-centred surface completion network that completes the sur-
face of objects observed from the sensor frame. We demonstrate that our net-
work is lidar-agnostic, able to complete the surfaces of objects from multiple
types of lidars. Furthermore, we showcase the use of our network in unsuper-
vised domain adaptation within our proposed unsupervised multi-target domain
adaptation framework.

Auto-labelling

• Developed a box fusion method, Kernel density estimation Box Fusion (KBF)
that effectively combines the predictions of multiple detectors. We demonstrate
that KBF consistently outperforms the performance of a single detector. KBF
is versatile and allows for detector ensembling within both a supervised and
unsupervised setting.

• Introduced an auto-labelling framework for adapting 3D detectors to unfamil-
iar target domains. We demonstrate the use of KBF for ensembling and label
refinement of multiple single-frame pre-trained detectors on a given target do-
main. Our experiments show that this approach can effectively achieve strong
3D detection on a variety of target domains without human-annotations.

• Comprehensive study of pre-trained 3D detectors’ baseline performance across
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domains in Chapter 4. This allowed us to re-define the baseline performance
of 3D detectors using multi-frame pre-training and we incorporate all insights
into the auto-labelling ensembling step.

• Improved our auto-labelling framework for better domain generalization and
pedestrian labelling. We incorporate an iterative refinement strategy with
multi-stage self-training and demonstrate that our proposed method improves
3D detection rate as well as obtains strong performance for pedestrian detection.

5.3 Future Research

This thesis is focused on achieving accurate 3D detection on any given target domain
without any human-annotated labels. In practice however, there is often some budget
for human-annotation. When considering human labelling in the data pipeline, the
problem shifts focus to the task of finding the optimal frames for human-annotation
that maximises value for minimal cost. Active learning is a prominent field that aims
to find the most valuable frames for human annotators that contribute the most in
reducing uncertainty or improving model performance. It aims to maximize the value
obtained for each annotation. We believe that unsupervised learning approaches like
MS3D can be supplemented by active learning concepts. One application of this in
our auto-labelling framework is to model the uncertainty of each frame and replace
uncertain frames with human-annotated labels. This allows us to obtain a more
robust set of labels for the entire dataset and adapt to more challenging scenarios.
Another direction is the use of active learning to identify the most informative data
samples for our auto-labelling framework. This would result in less training time and
potentially reduce errors in our pseudo-labels.

Lidar-based detectors have reigned as the superior 3D detection approach for many
years, however that has begun to shift with more multi-modal 3D detector architec-
tures [Liu et al., 2023, Bai et al., 2022, Li et al., 2022] surpassing the performance of
lidar-only 3D detection. In theory, such models should exhibit better domain gener-
alization to unfamiliar target domains due to the use of multiple modalities, however
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there has not been any study into this nor any existing UDA approaches that address
multi-modal 3D detector adaptation. We believe that multi-modal 3D detectors can
further boost our ensembling baseline, and additionally, by considering the camera
in our labelling framework, we can better distinguish false positives classes, leading
to better pseudo-label quality and iterative label refinement. Expanding on the idea
of multiple sources of information, we can additionally incorporate 3D maps [Zhang
and Singh, 2014] in our pseudo-label refinement process to better localize the height
of sparsely observed objects.

To improve the domain generalization of 3D detectors, a promising approach is to
explore the effective use of multi-dataset training [Zhang et al., 2023]. These ap-
proaches aim to learn domain-invariant features across datasets such that the model
does not generalize to just one type of scan pattern or scene, but rather, learns the
underlying principles of the task such as object geometry. By effectively combining
multiple datasets, many existing works in 2D perception have shown to bring bet-
ter domain generalization for a range of target domains. This could additionally be
coupled with the integration of large language models to direct the learning of multi-
ple datasets towards particular feature representations of class labels to alleviate the
class label discrepancies across datasets. For instance, when training a 3D detector,
classes such as car, truck and bus are often considered as different classes where their
feature vectors may not be similar. However, with a large language model, the fea-
ture vector of a car, truck and bus may be similar as language models can capture
the language semantics of class definitions. Such alignment of different classes in a
multi-dataset training situation would prove beneficial for enabling a 3D detector to
better learn various class representations across lidar datasets and therefore, improve
domain generalization.
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