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Abstract

Understanding the surrounding physical world is key for the successful
application ofmany intelligent systems, including self-driving cars and
delivery robots. As a fundamental component towards this capability,
object localisation has been widely studied using various sensors, par-
ticularly those operating in the optical regime such as cameras and LI-
DAR. Themost prevalent formof object localisation is accomplishedby
detectionandsegmentation ina local sensor frame followedby tracking
over multiple frames. Thanks to its structured nature, object localisa-
tion using this approach has seen impressive progress in image-based
systems. However, for complex and dynamic scenes such as roads, 3D
object localisation is still not yet sufficiently accurate for reliable real-
world applications. Moreover, the continually changing nature of out-
door scenes requires object localisation systems to be robust and adap-
tive to dynamic environments and transferrable to different operating
conditions.

This thesis explores the challenges of 3D object localisation based on
visual sensors and presents methods that improve the aforementioned
issues. Firstly, to improve the performance of 3Dobject localisation, we
study current limitations in object representations based on Cartesian
coordinates, e.g. axis-aligned bounding boxes. Based on this obser-
vation, we design a Spherical Mask that uses alternative object repre-
sentations based on spherical coordinates for precise 3D object local-
isation. Secondly, to address the issue of high cost for 3D annotation
of changing real-world environments, we develop an auto-annotation
method for 3D object localisation. The method utilises motion cues
from the sensors as signals for finding moving objects on various road
scenes. These objects serve as pseudo annotations, which can be used
to train standard object localisation models. We also show that using
the Spherical representation is beneficial compared to the existing box
representation for finding pseudo labels. Thirdly, we explore strategies
to make the best use of existing annotations and pseudo annotations



acquired in the previous step. Specifically, to improve the robustness of
themodel in changing environments, a pseudo-label-guided clustering
approach for domain adaptation is presented. Here, given the learned
representation of each cluster centroid as prompt input, the localisa-
tion model’s task is to continuously learn to localise objects similar to
thegivencluster,making themodel focusmoreonpseudo labels,which
is the centroid of the clusters. This strategy improves the robustness of
the model as all existing labels are distributed to each cluster that fo-
cuses onpseudo labels. Each cluster is usedby themodel tofindobjects
similar to the pseudo labels that belong to the cluster, in contrast to the
existing approach that considers labels from the source environment
and pseudo-labels from different environments as the same.

The proposed three techniques can be combined to deploy a more
precise object localisation model, which can adapt to a continuously
changing environment of the real world while minimising the cost
caused by human-provided annotations based on pseudo-labels found
using natural cues from the sensors.

4



Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Open Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.1 Challenges in 3D Visual Object Localisation . . . . . . . . . . . . 4
1.2.2 Annotation Cost for Dynamic Environments . . . . . . . . . . . . 4
1.2.3 Continuous Learning for Object Localisation . . . . . . . . . . . 5

1.3 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.4 Proposed Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.5 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5.1 Publications Related to the Thesis . . . . . . . . . . . . . . . . . . 9
1.5.2 Additional Publications . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Background 12
2.1 Common Sensors and Configurations . . . . . . . . . . . . . . . . . . . . 12

2.1.1 Camera-based System . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.1.2 Range-based System . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.1.3 Camera-range Combined System . . . . . . . . . . . . . . . . . . . 13
2.1.4 Coordinate Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2 Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.1 Image-based Detection System . . . . . . . . . . . . . . . . . . . . 15
2.2.2 Point Cloud Object Detection . . . . . . . . . . . . . . . . . . . . . 19
2.2.3 Dataset for Point Cloud Object Detection . . . . . . . . . . . . . . 23
2.2.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3 Object Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.3.1 Image-based Instance Segmentation . . . . . . . . . . . . . . . . 25
2.3.2 Point Cloud Instance Segmentation . . . . . . . . . . . . . . . . . 27
2.3.3 Datasets for Point Cloud Instance Segmentation . . . . . . . . . 31
2.3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.4 Object Tracking withMotion . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.4.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

i



2.5 Domain Adaptive Object Detection . . . . . . . . . . . . . . . . . . . . . 34
2.5.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.6 FoundationModels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.6.1 FoundationModels for 2D . . . . . . . . . . . . . . . . . . . . . . . 36
2.6.2 FoundationModels for Point Cloud . . . . . . . . . . . . . . . . . 37
2.6.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3 SphericalMask: Coarse-to-Fine 3DPoint Cloud Instance Segmentation
with Spherical Representation 38
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.1 Coarse-to-Fine (Proposal-based) Approach . . . . . . . . . . . . 41
3.2.2 Grouping-based Approach . . . . . . . . . . . . . . . . . . . . . . . 41
3.2.3 Kernel-based Approach . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.2.4 Transformer-based Approach . . . . . . . . . . . . . . . . . . . . . 42
3.2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.3.2 3D Backbone . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.3.3 InstanceMask Estimation . . . . . . . . . . . . . . . . . . . . . . . 44
3.3.4 Radial Point Migration (Mask Refinement) . . . . . . . . . . . . . 46
3.3.5 Mask Assembly . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
3.3.6 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.4.2 EvaluationMetrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.4.3 Implementation Details . . . . . . . . . . . . . . . . . . . . . . . . 52
3.4.4 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.4.5 Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
3.4.6 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
3.4.7 Failure Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.5 Recent Works after Publication . . . . . . . . . . . . . . . . . . . . . . . . 64
3.5.1 OneFormer3D: One Transformer for Unified Point Cloud Seg-

mentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.5.2 Edge-Aware 3D Instance Segmentation Network with Intelli-

gent Semantic Prior (EASE) . . . . . . . . . . . . . . . . . . . . . . 65
3.5.3 SGIFormer: Semantic-guided and Geometric-enhanced Inter-

leaving Transformer for 3D Instance Segmentation . . . . . . . . 66

ii



3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4 Sample, Crop, Track: Self-Supervised Mobile 3D Object Detection for
Urban Driving LiDAR 68
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
4.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
4.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.3.2 Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
4.3.3 Pseudo-Ground Truth Box Generation . . . . . . . . . . . . . . . 74
4.3.4 Loss Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.4.1 Object Discovery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.4.2 Per-class Accuracies . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
4.4.3 Impact of Spherical Representation . . . . . . . . . . . . . . . . . 81
4.4.4 Failure Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.5 Recent Works after the Publication . . . . . . . . . . . . . . . . . . . . . . 82
4.5.1 Motion Inspired Unsupervised Perception and Prediction in

Autonomous Driving (DBSCAN++) . . . . . . . . . . . . . . . . . . 82
4.5.2 LISO: Lidar-only Self-Supervised 3DObject Detection . . . . . . 83
4.5.3 SeMoLi: What Moves Together Belongs Together . . . . . . . . . 83

4.6 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5 TowardsLearningGroup-EquivariantFeatures forDomainAdaptive3D
Detection 85
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
5.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.3.1 Framework Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.3.2 Object Descriptor Extraction . . . . . . . . . . . . . . . . . . . . . 89
5.3.3 Grouping & Exploration . . . . . . . . . . . . . . . . . . . . . . . . . 90
5.3.4 Group-region Correlation . . . . . . . . . . . . . . . . . . . . . . . 92
5.3.5 Overall Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
5.4.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
5.4.2 Implementation Details . . . . . . . . . . . . . . . . . . . . . . . . 94
5.4.3 ComparingMethods . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
5.4.4 EvaluationMetric . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
5.4.5 Ablation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

iii



5.4.6 Failure Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.4.7 Applying Spherical Representation . . . . . . . . . . . . . . . . . . 100

5.5 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 101

6 Conclusions and FutureWorks 102
6.1 Potential Future Research Directions . . . . . . . . . . . . . . . . . . . . 104

6.1.1 Multi-modal Object Localisation . . . . . . . . . . . . . . . . . . . 104
6.1.2 Tracking and Reidentification . . . . . . . . . . . . . . . . . . . . . 105

Bibliography 105

iv



Chapter 1

Introduction

One of the essential building blocks for understanding dynamic scenes is estimat-
ing the position and pose of objects within them. Many important and emerging
applications could benefit from this. For example, autonomous driving [90, 13]
relies heavily on the precise localization of dynamic objects such as other vehicles,
pedestrians, and cyclists to ensure safe and efficient operation. At a higher level
of autonomy, behaviour monitoring requires object localisation, which involves
continuously tracking and predicting the movements of objects to understand
their intentions and actions. By accurately monitoring the behaviour of dynamic
objects, a self-driving vehicle can make informed decisions to avoid potential ac-
cidents, such as slowing down for a pedestrian crossing the street or adjusting
its path to avoid a suddenly appearing obstacle. Furthermore, this capability al-
lows the vehicle to manoeuvre its speed and position optimally, contributing to
smoother traffic flow and enhanced traffic control. Thus, effective localisation
of objects is fundamental to achieving the safety and efficiency for autonomous
driving technology.

Another emerging scenario requiring dynamic scene understanding is scene
rendering inVirtualReality (VR) andAugmentedReality (AR) [190],wheredynamic
objects and multiple real and virtual agents need to interact with each other si-
multaneously. In these immersive environments, accurate and real-time object
localisation allows for the seamless interaction between virtual elements and the
physical world. For example, in VR, virtual characters and objects must respond
realistically to the user’s movements and actions to maintain immersion, while in
AR, virtual content must align accurately with real-world objects and respond to
changes in the environment. This interaction demands precise object localisation
using data from available sensors to continuously adapt to the dynamic scene, en-
suring that all elements from both the virtual and real world interact in a coherent
and realisticmanner. Suchcapabilities are crucial for creatingpositive experiences
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in VR and AR, where the quality of interaction directly impacts user engagement
and satisfaction.

Another interesting application is the indoor service robots in hotels and
restaurants and outdoor delivery robots using visual Simultaneous Localization
and Mapping (SLAM), where accurately locating moving objects is essential for
constructing reliable maps, especially given the typical assumption of a static
scene. A robotmustupdateamapof adynamicenvironmentwhile simultaneously
determining its position within themap. This process becomes significantlymore
complex when dynamic objects, such as people and vehicles, are present because
their movements introduce inaccuracies and ambiguities during the positioning.
Therefore, distinguishing and accurately localizing the moving objects ensures
that the robot based on the SLAM system differentiates between static features,
which should be included in the map, and dynamic features, which should be
tracked separately. This distinction is crucial for constructing the map based on
the system’s localization, enabling reliable navigation and interaction within the
environment.

For safeandperformant real-worlddeploymentof theaforementionedapplica-
tions, it is essential that the system can precisely localise objects in continuously
changing environments due to weather, time of day, region, etc. The purpose of
this thesis is to investigate the limitations of existing approaches for object local-
ization and ways to address domain gaps caused by changing environments.

1.1 Motivation

The process of object localisation can be summarized as ego-localisation followed
by object localisation in the local sensor frame as illustrated in Figure 1.1. More
specifically, the agent or robot carrying sensors is tracked with odometry between
sequential frames to acquire a global trajectory. In each frame, the objects are then
found in the local sensor’s frame and tracked by taking the global trajectory from
odometry into account. Combined with powerful Deep Neural Networks (DNNs)
and visual sensors, the popular forms of finding objects are the detection and seg-
mentation in local sensor coordinates for each frame, which can both be directly
used for tracking with data association techniques for continuous localization.
Since accurate detection and segmentation in each frame leads toprecise tracking,
more studies have focused ondetection and segmentation rather than tracking for
object localisation.

Typically, detection and segmentation models are trained on a given dataset
and testedonagiven test set thathas the sameora sufficiently similar environment
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Figure 1.1: Object localisation in the forms of detection, segmentation, and track-
ing. In this thesis, the term localisation refers tomeasuring poses and dimensions
of objects (yellow car) with respect to the sensor (red car) while tracking them in
consecutive frames. Although the figure is drawn in 2D space for simplicity, this
thesis focuses mainly on object localisation in 3D space.

as the training set. However, for real-world deployments where the environment
changes naturally due to time, weather, and region, the adaptation ability of the
object localisationmodel is essential. There have beenmany studies that focus on
visual odometrywith very high precision [1]. However, there has been comparably
less progress in object localisation in terms of precision. This is largely because
objects in point cloud can be perceived significantly different depending on their
rotations and distance to the sensors. For example, objects that are further from
the sensors naturally do not have much points on their surfaces, which causes
insufficient features to determine if they are objects of interest, compared to the
objects that are close to the sensors. On the other hand, visual odometry is not
affectedby sparsepoints on surfaces as the taskonly requires the static and reliable
points on any surfaces.

Despite its importance for reliable industrial applications, 1) improving the
precision and 2) robustness of object localisation against domain change, such
as object size, different specifications of sensors, and weather change, has not yet
been studied extensively. In this DPhil research, I aim to explore the problem of
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localizing objects robustly against the common changes in daily life.

1.2 Open Challenges

Based on the motivation above, the challenges of object localisation can be sum-
marized into three problems as follows.

1.2.1 Challenges in 3D Visual Object Localisation

Object localisation in the formof detection and segmentation has seen impressive
progress with Deep Neural Networks (DNNs) in the last decade. However, com-
pared to 2D localisation in image space, the performance of 3D localisation alone
withoutmultimodality is less reliable for real-world deployment, even in the same
domain that theDNNmodel is trained on, as the detection accuracy could directly
affect the safety. For example, the State-Of-The-Art (SOTA) method for the 3D
detection is around 40% lower than that of the 2Ddetection in terms of thewidely-
used PASCALmetric [41] for detecting pedestrians in the same sequences of KITTI
benchmark [48]. This is due to the characteristics of the input data, point clouds,
that have an unordered and unstructured nature. For example, the appearance of
an object could be perceived with significant variation depending on the viewing
angle and location with respect to the sensors. The unstructured nature of the
point cloud also poses challenges for learning the semantic/class information. A
motivating andchallenging scenario for this is theprecisedetection/segmentation
of multiple visually similar objects that are very closely located.

1.2.2 Annotation Cost for Dynamic Environments

Unlikemost available datasets with train sets and test sets, the real world naturally
contains more diverse scenes depending on the weather, time of the day, season,
and region. In fact, for 3D object localisation, studies [165, 184] show that the
model’s performance trainedononedataset drastically drops around36%even for
the same type of objects in a different environment. The straightforwardway to fix
theproblem is to annotate anewdataset and train themodel againwhenever there
is a change that causes domain gaps from the original training dataset. However,
annotating the label, especially for 3D, is labor-expensive and inefficient due to
farmore complicated labels compared to 2D. For example, evenwith an advanced
tool for 3D bounding box annotations, on average, it takes 98.98minutes to label a
data sequence recorded for 7 minutes and 12 seconds in a mid-sized city in KITTI
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dataset [88, 48]. To avoid the issue, a promising direction tominimize the human-
provided annotation is to use available cues that can be used to find objects. The
found objects can then be used as pseudo-labels for the training of the object lo-
calisationmodel. Another potential direction would be to use foundationmodels,
such as DINO [118] for pseudo-label generation from image to point cloud with
calibrated sensors.

1.2.3 Continuous Learning for Object Localisation

For real-worlddeploymentof theobject localisationmodel, it is vital that themodel
reflects the inherentnatureof the continuously changing real-world environments
due to renovation, weather, variation of objects in size and shape, etc. In terms
of the generalisation of the model, the challenge comes when certain dominant
features inoneenvironmentare less commoninotherenvironments,whichmakes
the model fail if it encounters different environments. For example, the average
size of cars can significantly vary depending on the region [165], which was re-
ported to cause significant performance drops when the model was deployed in
a region other than the one that the model was trained. The common approach
to address the issue is to collect pseudo-labels in the other environments and use
them to retrain the model. However, typically, the number of pseudo-labels is
much smaller than the existing labels due to the conservative pseudo-label collec-
tion strategy to reduce false positives. This creates an imbalance problem, where
the pseudo-labels from the other environments get less attention during training
as they are a minor group among existing labels. Straight-forward methods to
address the issue, such as prioritising pseudo labels with weights, could cause
another problem in that the model would forget the objects from the original
environment. Therefore, a careful strategy to make the best use of pseudo-labels
while preserving the knowledge from the existing labels is necessary.

1.3 Research Questions

Motivated by the challenges above, there are three main questions presented as
part of this DPhil thesis.

1. Canwe improve the precision of current object localisation performance?
Unlike image-based localisation, object localisation in point-clouds imposes
two challenges. First, point-clouds are unordered and sparse, which leads
to high input variation even for the same object. This negatively affects the
detection and segmentation of objects. Secondly, due to the binary-mask
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based localisation for each instance, current algorithms experience a signif-
icant class-imbalance problem. For instance, the task of each binary mask
is to classify foreground points as 1 and background points as 0. However,
normally in existing datasets, the foreground points comprise only around
2% of the entire point cloud, which causes a performance drop even in the
same domain.

2. Can we acquire trainable annotation (pseudo annotation) without expen-
sive human effort? Changing the operating environment in point-cloud
causes domain gaps. To minimize the gap, the current approach that pro-
duces the highest precision is by manually making a new ground truth set
for the new environment and train the model again. However, doing so in
point cloud datasets is a cumbersome and time-consuming task. An alter-
native approach that we investigate is to find objects undergoing motion.
Typically, moving things, such as vehicles, pedestrians, and cyclists are im-
portant classes of objects that many applications are interested in. These
objects could be segregated from their static surroundings by looking into
distinct motions. However, finding the right motions from a large outdoor
environment is challenging due to two reasons. Firstly, there are many mo-
tions that could cause false positives, such as leaves blowing in the wind.
Secondly, there could be multiple objects showing similar motions, such as
cars heading in the same direction on a highway, that could be grouped as
one object.

3. Canwe improve theutilizationofpseudoannotationwithexistingground-
truth for continual learning? Many factors introduce domain gaps when
point cloud-based object localisation systems are deployed to another do-
main. For instance, object size [165], different sensor specifications [123],
and weather conditions [178] can all negatively impact the perception of
the system. Since the features that models learn are geometric relationships
such as distances between points and locations, these changes significantly
impact the system’s performance.
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Figure 1.2: DPhil research roadmap.

1.4 Proposed Contributions

Based on the aforementioned questions,myDPhil research spans threemain con-
tributions. Figure 1.2 shows the roadmap of the three projects of my DPhil in
accordancewith thecontributions. Thedetailedcontributionsare listedas follows.

1. In Chapter 3, a more precise object localization scheme based on spherical
representation is introduced. This chapter specifically addresses the limi-
tations associated with existing localization schemes that rely on Cartesian
coordinates. The proposed spherical representation offers several advan-
tages over Cartesian coordinates, particularly in the context of detection and
segmentation. By leveraging the geometric properties of spherical coordi-
nates, the proposed scheme enhances the accuracy of object localization
thatdependsonprecise spatial understanding, suchas segmentation. Exten-
sive experimental evaluations on ScanNet [31], S3DIS [3], and STPLS3D [18]
datasets demonstrate the effectiveness of the proposed scheme in both in-
door and outdoor environment for object localisation. Also, the code for the
project is made public at: https://github.com/yunshin/SphericalMask. This
contribution is in accordance with the first publication in Section 1.5.1.

2. In Chapter 4, a novel object localization method that does not require
human-provided annotations is introduced. The method utilises cues from
sensors to acquire annotations autonomously. More specifically, themethod
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leverages rigid motion-based cues and the expected size of objects to gener-
ate accurate pseudo annotations, significantly reducing the cost and effort
associated with manual annotation. The rigid motion-based cue helps dis-
tinguish moving objects based on their movement, which violates the static
scene assumption, while the expected object size helps ensure the objects
from motion cues are the objects of interest. This automated approach fa-
cilitates continuous learning, allowing the system to adapt over timewithout
the extensive labour required for manual annotation. This contribution cor-
responds to the second publication in Section 1.5.1.

3. In Chapter 5, a novel approach to optimize the use of existing annotations
alongside newly generated pseudo annotations is introduced in the context
of domain adaptation for continual learning. Specifically, this approach ad-
dresses the challenge of integrating pseudo-labels with the manually pro-
vided existing annotations and proposes a grouping strategy to improve the
object localisationmodel inenvironmentsdifferent fromtheoriginal training
data. A key aspect of this method is a weighted distribution mechanism to
manage the available annotations, specifically designed tomitigate the issue
of false negatives that can occur during domain adaptation. By assigning
appropriate weights to each group of annotations based on their learned
similarities, the method ensures that the learning algorithm can effectively
discern and prioritize objects for changing environments. This strategy not
only improves the accuracy and robustness of themodel in newdomains but
also paves theway for continuous learning, allowing the system to adapt pro-
gressively to new data withminimalmanual intervention. Extensive domain
adaptation experiments on challenging outdoor datasets demonstrate the
potential of the proposed strategy that effectively leverages both existing and
pseudo annotations for object localisation. This contribution is consistent
with the third publication in Section 1.5.1.

1.5 Publications

In accordance with the contributions, I have led three projects, resulting in pub-
lishable outcomes for each of them. Additionally, I have collaborated with col-
leagues in CPS group, which also resulted in publications. All publications during
my DPhil andmy contributions to each paper are summarized below.
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1.5.1 Publications Related to the Thesis

1. Publication: Sangyun Shin, Kaichen Zhou, Madhu Vankadari, Andrew
Markham and Niki Trigoni. “Spherical Mask: Coarse-to-Fine 3D Point Cloud
Instance Segmentation with Spherical Representation.” In Conference on
Computer Vision and Pattern Recognition (CVPR), 2024.

Contribution: This publication is in accordance with the first contribution
mentioned in the previous section. I led the project as the leading author
and actively carried out idea development, implementation, experiments
and paper writing.

2. Publication: Sangyun Shin, Stuart Golodetz, Madhu Vankadari, Kaichen
Zhou, Andrew Markham and Niki Trigoni. “Sample, Crop, Track: Self-
Supervised Mobile 3D Object Detection for Urban Driving LiDAR.” In Inter-
national Conference on Robotics and Automation (ICRA), 2023.

Contribution: This publication is in accordance with the second contribu-
tionmentioned in the previous section. As themain author, I participated in
most processes of the project and contributed to idea development, imple-
mentation, experiments, and paper writing.

3. Publication: Sangyun Shin, Yuhang He, Madhu Vankadari, Andrew
Markham and Niki Trigoni. “Towards Learning Group-Equivariant Features
for Domain Adaptive 3D Detection.” In Conference on Neural Information
Processing Systems (NeurIPS), 2024.

Contribution: Thispublication isbasedon the third contributionmentioned
in the previous section. As the leading author, I actively participated in all
project tasks, including idea development, implementation, experiments,
and paper writing.

1.5.2 Additional Publications

4. Publication: Yuhang He, Sangyun Shin, Anoop Cherian, Niki Trigoni and
Andrew Markham. “Sound3DVDet: 3D Sound Source Detection using Mul-
tiview Microphone Array and RGB Images.” Winter Conference on Applica-
tions of Computer Vision (WACV) 2024

Contribution: As the second author, I helped the leading author by imple-
menting the calibration of multi-modal data, including microphone arrays
and multiview cameras for sound source localization. Additionally, I also
contributed to the paper writing and visualization of 3D figures in the paper.
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5. Publication: Madhu Vankadari, Samuel Hodgson, Sangyun Shin, Kaichen
Zhou, Andrew Markham and Niki Trigoni. “Dusk Till Dawn: Self-supervised
Nighttime Stereo Depth Estimation using Visual Foundation Models.” In
International Conference on Robotics and Automation (ICRA), 2024

Contribution: As the third author, I contributed to idea development, imple-
mentation of data preprocessing, visualisation, and paper writing.

6. Publication: Kaichen Zhou, Jia-Xing Zhong, Sangyun Shin, Kai Lu, Yiyuan
Yang, AndrewMarkham and Niki Trigoni, “DynPoint: Dynamic Neural Point
For View Synthesis.” in Conference on Neural Information Processing Sys-
tems (NeurIPS), 2023

Contribution: As the third author, I mainly contributed to the idea develop-
ment and paper writing.

7. Publication:MadhuVankadari, StuartGolodetz, SouravGarg, SangyunShin,
Andrew Markham and Niki Trigoni, “When the Sun Goes Down: Repairing
Photometric Losses for All-Day Depth Estimation.”, in Conference on Robot
Learning (CoRL), 2022

Contribution: As the fourth author, I contributed to the idea development
and paper writing.

8. Publication: Stuart Golodetz, Madhu Vankadari, Aluna Everitt, Sangyun
Shin, Andrew Markham and Niki Trigoni, “Real-Time Hybrid Mapping of
Populated Indoor Scenesusing a Low-CostMonocularUAV.”, in International
Conference on Intelligent Robots and Systems (IROS), 2022

Contribution: As the fourth author, I actively participated in idea develop-
ment, data collection, and paper writing.

1.6 Summary

The outline of this thesis is as follows.
Chapter 2 provides a comprehensive overview of the background knowledge

essential for understanding the subsequent chapters. It covers the basic concepts
and methodologies of object localisation that underpin research and innovations
discussed later in the text.

Chapter 3 introduces a novel spherical representation-basedmethod aimed at
enhancing object localization. This new approach addresses and overcomes the
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limitations of Cartesian coordinate-based methods, which have inherent disad-
vantages due to the use of a bounding box.

Chapter 4 explores a self-supervised approach to obtaining annotations for
training object localizationmodels, reducing reliance on labour-intensive human-
provided annotations. This method leverages motion cues from sensor inputs,
suchas rigidmotionpatterns andexpectedobject sizes, to autonomously generate
annotations.

Chapter 5 presents a novel domain adaptation strategy designed to enhance
object localization. Thismethod effectively integrates existing annotated data and
newly generated pseudo-annotations to adapt the model to different domains,
addressing the variability and challenges inherent in changing environments.

Chapter 6 provides a comprehensive summary of the research findings of this
thesis, highlighting the contributions and advancements made throughout the
study. It also outlines potential directions for future research, suggesting areas
where further investigation could build upon the current work, and exploring new
applications of the developedmethods.
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Chapter 2

Background

This chapter firstly reviews the visual sensors that are commonly used for object
localisation, followedbyoutliningkey tasks, namely: detection, segmentation, and
tracking.

2.1 Common Sensors and Configurations

The most popular visual sensors for object localisation are camera and LiDAR.
Typically they are attached to a robot/agent as can be seen in Figure 1.1 The usage
of these sensor perceptions as input for object localisation is broadly divided into
three categories: (1) Camera-based object localisation, (2) LiDAR-based object
localisation, and (3) Camera-LiDAR-based localisation.

2.1.1 Camera-based System

Object localisation for camera-based systems has a long history in the computer
vision community with machine learning algorithms. Over the last decade, DNNs
have boosted the performance of object localisation significantly for challenging
scenarios. In this setting, the RGB image from camera, I ∈ RH×W ×3, serves as
input for DNNmodels that localise objects in image space. In very recent studies,
multi-view cameras with input {I1, I2, ..., In} are also used to localise objects in a
reference camera coordinate (3D) using epipolar constraint [167]. However, the
performance of multi-view object localisation methods in comparison to range
sensors is limited for outdoor scenarios due to the limited baseline.

2.1.2 Range-based System

One of the most widely used range sensors for 3D object localisation in the road
scene is LiDAR.With the different specs, including beam density and field of view,
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LiDARdirectly creates apoint cloudwithprecise (x, y, z),P ∈RNp×3, that canbeused
as an input for DNNs designed for object localisation. Typically, multiple scans
over a timewindow are accumulated to form an input point cloud due to the point
sparsity. The goal of object localisation in this setting is to find the 3D location of
objects with respect to the range sensor.

2.1.3 Camera-range Combined System

An emerging sensor configuration is to combine multi-view cameras and LiDARs
ascomplementary signals. Camerascarrycolour information thathasbeenproven
to be effective in image-based localization but lack depth information. In contrast,
LiDARs lack colour information, although they directly produce point clouds with
rich3D information. Inorder tocombine sensors tocreate complementary signals,
calibrated intrinsic K ∈ R4×4 and extrinsic parameters T ∈ R4×4 are used for the
following procedure.

Firstly, the point cloud from LiDAR, PLi D AR , is projected into the camera coor-
dinate frame, PC amer a using extrinsic T C amer a

Li D AR as:

PC amer a = T Li D AR
C amer aPLi D AR , (2.1)

where T Li D AR
C amer a is given as:

T =
(
R t
0 1

)
(2.2)

Here, R ∈ R3×3 and t ∈ R1×3 are rotation and translation matrices representing the
extrinsic parameters for the camera and the LiDAR. A point pC amer a = (x, y, z,1)T

in PC amer a can be then projected to image space to acquire its pixel position (u, v)

using the intrinsic matrix K as:

(u, v,1) = K pC amer a , (2.3)

where K is given as:

K =
 fu 0 cu 0

0 fv cv 0
0 0 1 0

 (2.4)

Here, ( fu , fv ) and (cu ,cv ) stand for focal lengths and the principal point in hor-
izontal and vertical directions, respectively. Finally, using (u, v), the RGB value
corresponding topC amer a canbeacquiredandconcatenated toconstructpC amLi d ar

as:
pC amLi D AR = (x, y, z,r, g ,b) (2.5)

By applying the sameprocedure for all points in PC amer a , we acquire PC amLi D AR ,
which is a point cloud with colour information. In many recent works, PC amLi D AR
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is used directly as input for DNNs tomake themodel learn the colour information
together with geometric information from the point cloud.

2.1.4 Coordinate Systems

This section gives a summary of the two dominant coordinate systems that can be
used in the application of 3D object localization.
Cartesian Coordinate System The Cartesian coordinate system is on the themost
commonly used in object localisation. It is used for describing spatial positions
of points in a 3D space. This system consists of three perpendicular axes (x, y, z)
that are intersecting at the origin, which is noted as (0, 0, 0). Each of the points
present in this system is identified in a unique way, representing its distances
from the origin along each axis. The Cartesian coordinate system is used and is
predominant in many other fields that are heavily based on 3D space, such as the
robotics and computer graphics domains.
Spherical Coordinate System The spherical coordinate system is another ap-
proach to representing points in 3D space. Instead of describing a point’s position
using (x, y, z) as in theCartesian system, the spherical systemuses a radial distance
(r ) from a central origin, a polar angle (θ) measured from a reference axis, and an
azimuthal angle (φ) measured in the x-y plane from a reference direction. This
coordinate system iswidely used infields that involve radial symmetry or spherical
objects, as it simplifies the mathematical representation and calculations of spa-
tial relationships and motions, such as in physics, astronomy, etc. Compared to
Cartesian coordinates, Spherical coordinates offer several advantages, particularly
in scenarios where radial or angular relationships are important. For example, a
point in 3D space can be oftenmore intuitively described bymeasuring distances
from a central point.

2.2 Object Detection

Given an input froma visual sensor, object detection aims at estimating boxes that
bound or enclose an object’s perimeter. The process of detection can be divided
into two categories, depending on the input type, namely image and point cloud.
This section will review the common pipeline depending on the input data type,
such as image and point cloud, and introduce existing works for each of them.
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2.2.1 Image-based Detection System

Object detection based on images has a long and significant history. In this sub-
section, we will review the common pipeline shared in image-based detection
systems, and review existing works depending on their task, namely 2D or 3D
detection.
Pipeline The common pipeline of image-based detection systems consists of (1)
Feature extraction, (2) Regional Proposals, and (3) Post Processing. The detailed
description for each step is as follows.

1. Feature Extraction: Given an input image, an encoder extracts spatial fea-
tures. Popular encoder architectures typically consist of multiple layers of
Convolutional Neural Networks (CNN) to extract and group spatial and hier-
archical features from low-level edges and textures to high-level object parts.

2. Regional Proposals: Regional proposals [134, 100, 131] identify candidate
regionswithin an image that are likely to contain objects, thus focusing com-
putational resources on these promising areas. The proposals are typically
generated by using DNN layers over the feature map to predict ‘objectness’
scores and bounding box coordinates. Typically, predefined anchor boxes
for each proposal help regression of object sizes and aspect ratios. More
specifically, each proposal is classified for an object class and refined with
the predicted offset to form final box predictions B as:

B = (cx +∆cx,c y +∆c y, w +∆w,h +∆h) (2.6)

3. Post Processing (Non-Maximum Suppression): Given the refined proposals
fromtheprevious step,Non-MaximumSuppression (NMS) [115] is applied to
eliminate redundant bounding boxes. Specifically, NMS eliminates multiple
overlapping bounding boxes for the sameobject from the regional proposals.
NMS addresses this by first sorting these boxes based on their confidence
scores. Startingwith thehighest-scoringbox,NMSsuppresses all other boxes
that have a high overlap,measured by Intersection over Union (IoU) with the
selected box. This process iterates until all boxes have been considered. The
result is a reduced set of bounding boxes, each representing a unique object,
improving the precision of the detection system by eliminating redundant
and false-positive detections.

Recent Works on 2D Object Detection The pioneering works on object detection
in images are Faster RCNN [134], Yolo [131], and SSD [100]. Their differences are
based on how they utilize RPN. Faster R-CNN is a two-stage detector that first
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generates region proposals using RPN and then classifies these proposals, offering
high accuracy and precision but at the cost of slower processing speeds. YOLO
(YouOnly LookOnce) is a single-stage detector that treats object detection as a re-
gression problem, predicting bounding boxes and class probabilities directly from
the entire image in one pass. Specifically, the image is divided into pre-defined
grids, where each grid serves as a proposal. This eliminates the need for sequential
regional proposal prediction from faster RCNN, which makes it exceptionally fast
and suitable for real-time applications. However, there exists a trade-off between
accuracy and speed, particularly for smaller objects. SSD (Single Shot MultiBox
Detector) also employs a single-stage approach, using multiple feature maps at
different scales to detect objects of various sizes, balancing speed and accuracy
effectively. While SSD is faster than Faster R-CNN and generally more accurate
than YOLO, it provides a good compromise between the two in terms of speed
and detection performance. Later, YOLO-V2 [132] utilizes Batch Normalization
and a fully convolutional network to improve the execution speed. YOLO-V3 [133]
replaces the backbone with a more powerful backbone, DarkNet 53, to improve
the performance. From this, there have been many variants of YOLO-V3, such as
YOLO-V4 [7], YOLO-V5 [75], PP-YOLO [108], PP-YOLO-V2 [63]. The most recent
one is YOLO-V11 [76],whichoptimizes the trainingprocess andproposes trainable
bag-of-freebies methods with a dynamic label assignment strategy.

Similar to YOLO, SSD also produces a line of research that alleviates its limita-
tions. The limitations are two-fold: (1) The context information across different
levels of feature maps is not fully utilized. (2) Only a small portion of the gener-
ated anchor boxes are positioned close to the actual object, resulting in a class
imbalance between positive and negative samples during the training process.
To address the first problem, feature fusion approaches across different levels of
feature maps are proposed in DSSD [44], R-SSD [69], ESSD [200], FSSD [182]. The
second problem is addressed by using focal loss [97] that increases the weight of
hard samples, sparse predictionmodel in RefineDet [195], and bottom-up feature
pyramids to guide the refinement of anchors in EFGRNet [116].

More recently, instead of using anchors for RPN, some works propose strate-
gies to use anchor-free RPN. The limitations that these works address are twofold:
1) The design of hyperparameters, including the size and aspect ratio of anchor
boxes, significantly influences theperformanceof thedetectionmodel. 2)Thepos-
itive anchor boxes face issues with positioning ambiguity and background feature
interference.
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To address these issues, CornerNet [87] proposes to represent a prediction box
using sparse key corners. Based on this, MatrixNet [130] and CenterNet [36] im-
proved speedandkeypoint-basedbox representationusingheatmap, respectively.

The latest trend in image-based object detection harnesses the powerful Trans-
former architecture. Since the pioneering work DETR [14] was proposed, many
studies have been published boosting the performance of object detection. Dy-
namic DETR [32] simulates the encoder to dynamically adjust the attention more
effectively. Deformable DETR [206] introduces multi-scale attention, which im-
proves the small object detection with the trade-off between performance and
complexity of the model. Sparse DETR [136] improves the inference speed by
input token sampling based on the scoring network. Anchor DETR [166] revisits
the anchor and utilizes anchor points with queries to reduce the complexity of
learning. Dense Distinct Queries (DDQ) [196] addresses the low recall problem
of Transformer-based method by laying dense queries like traditional detectors
and then selecting distinct ones for assignments. Light DETR [91] significantly
reduces the complexity of the detection head while keeping the performance rea-
sonable by an innovative encoder block that interleavely updates high-level and
low-level features. Co-DETR [208] addresses the issues with query assignment.
Namely, too fewquery assignments inDETRduringone-to-one setmatching leads
to sparse supervision which significantly hurts the learning of the detector. Fo-
cusingmore on the efficiency side of DETR, RT-DETR [199] introduces an efficient
hybridencoder that swiftlyprocessesmulti-scale featuresby separating intra-scale
interaction from cross-scale fusion to enhance speed. Rank-DETR [124] proposes
rank-oriented alignment for confidence score and localisation to overcome the
performancedropdue tomisalignmentbetweenconfidencescoreand localisation
in DETR. Following studies, such as Salience DETR [60] and Ease DETR [47], also
focus on improving the query assignment issue.
Recent Works on 3D Object Detection A pioneering method for image-based 3D
object detection is Mono3D [20]. Mono3D achieves the 3D detection on monoc-
ular images by the proposal generation, which distributes positions object can-
didates with a probabilistic model in 3D based on a ground plane prior. Each
candidate box canbeprojectedonto the imageplane tobe scoredusing contextual
information, such as size and location priors, and typical object shape. Roddick et
al. [135] point out that the reliance on image-based features makes it difficult to
infer 3D information, such as depth, in Mono3D. To address this, they introduce
the orthographic feature transform, whichmaps image-based features into an or-
thographic 3D space, allowing for a consistent scale andmeaningful distances be-
tween objects, which is integrated into an end-to-end deep learning architecture.
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Mousavian et al. [113] alter the network architecture, where the initial network
predicts the object orientation utilizing a novel discrete-continuous loss, which
is more effective than L2 loss for the training. The subsequent layer estimates
the 3D object dimensions, benefiting from relatively low variance and allowing for
accurate predictions across various object types. Lastly, combining the sequential
predictions with the geometric constraints from the 2D bounding box produces
a 3D bounding box. MonoPSR [81] leverages object proposals and shape recon-
struction based on pinhole camera model to project 2D detection into 3D space.
Additionally, for each object proposal, an object-centered point cloud is generated
toprovide local context, suchas scale and shape. SMOKE [105] introduces a single-
stage method that predicts a 3D bounding box for each object by combining a
keypoint and predictions to create a 3D bounding box.

Recently, multi-view-based 3D object detection methods have shown promis-
ing direction. As one of the pioneering works, DETR3D [167] extracts 2D fea-
tures from multi-view camera images and utilizes a set of 3D object queries to
fuse into image features. This approach effectively fuses 3D features, such as
positions, and image features from multi-view images through camera transfor-
mation matrices. Specifically, the model first predicts bounding boxes for each
object query, employing set-to-set criteria that the object features frommulti-view
images are very similar to each other, where the image features can be acquired
by projecting the 3D position of the object into each image space using camera
transformation matrices. The loss function then penalizes the discrepancy be-
tween ground truth and predictions. Inspired by this, PETR [102] introduces 3D
coordinate generator, which is similar to a voxel-grid, to better encode 3D features
with image features, which is called 3D position-aware features. This approach
makes PETR more effective and efficient for learning. PETRv2 [103] incorporates
temporal information from previous frames to improve detection performance.
It extends the 3D position-aware features proposed in PETR to better temporally
aligned features across frames. PETRv2 also demonstrates the effectiveness of the
temporally aligned features by multi-task learning, such as segmentation and 3D
lane detection.

Image-based object detection systems leverage advanced neural network ar-
chitectures to accurately and efficiently identify objects. By combining CNNs,
region proposal mechanisms, classification, and localization processes, these sys-
tems achieve robust performances in various real-world applications.
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2.2.2 Point Cloud Object Detection

Compared to image-based object detection, 3D object detection has received at-
tention only recently due to the more recent development and availability of 3D
sensors that generate point clouds, such as LiDAR, stereo cameras, depth cam-
eras, and radar. Unlike traditional 2D object detection, which only captures in-
formation in image space, 3D object detection provides a more comprehensive
understanding by incorporating depth (z-axis) information. This added dimen-
sion is crucial for applications requiring precise spatial awareness and interaction
with the environment, such as autonomous driving, augmented reality, robotics,
and surveillance systems. For 3D detection, the bounding box is defined as
(cx,c y,cz, w,h, l ,r x,r y,r z), where (cx,c y,cz) are the 3D centre of the object, (w,h, l )

are dimensions of bounding box in width, height, and length in the Cartesian
space. Lastly, (r x,r y,r z) refers to the 3D rotation of the object.
Pipeline Pipeline-wise, the difference between 2D detection and 3D detection is
only in preprocessing and feature extraction. The pipeline is as follows.

1. Preprocessing: Due to the unordered and unstructured nature, a point cloud
typically requires preprocessing, such as voxelization. Voxelization con-
verts a sparse and irregular point cloud into a structured grid representation
known as a voxel grid. Here, each voxel in this grid represents a small volume
of space, similar to how a pixel represents a small area in the image space.
This structured representation facilitates efficient processing and analysis
using 3D CNNs and other advanced architectures of DNNs.

2. Feature Extraction: There are two DNNs based models that are used for ex-
tracting features from voxels. (1) 3D convolution. (2) Sparse convolution.

3D convolution [112] is an extension of the 2D convolution operation com-
monly used in image processing, and it plays a crucial role in processing
volumetric data such as video sequences, medical imaging scans, and voxel
grids derived frompoint clouds. In 3D convolution, the filter or kernelmoves
through three dimensions (depth, height, and width) to capture spatial fea-
tures across all three axes.

Sparse convolution [30] is a specialized form of convolution designed to
efficiently process sparse data structures, particularly in the context of 3D
point clouds and volumetric data. Unlike traditional dense convolutions,
which operate on uniformly structured data, sparse convolutions focus on
optimizing operations where the data is mostly empty or has a high degree
of sparsity. This approach is crucial in applications such as LiDAR point
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cloudprocessing,where thedatapointsaredistributedsparselyacrossa large
volume.

The extracted features from either 3D convolution or sparse convolution are
compressed intoBirdsEye’sView (BEV)map,whichcan takeadvantageof the
same existing architecture, such as regional proposals and post-processing,
that are used for classification and object localization in the image-based
detection systems.

Recent Works 3D Object Detection within point cloud data can be categorized
into a) point-based methods, which are input-wise permutation invariant, and
b) voxel-based methods, which utilize grid representations. Figure 2.1 shows the
representative works.

• Voxel-based Methods: As a pioneering work, VoxelNet [204] eliminates the
need for manual feature engineering for 3D point clouds. VoxelNet partitions the
point cloud into evenly spaced 3D voxels and converts groups of points within
each voxel into a unified feature representation using the newly introduced voxel
feature encoding (VFE) layer. This approach encodes the point cloud into a de-
scriptive volumetric representation, which is then connected to an RPN to gener-
ate detections. Following VoxelNet, SECOND [180] explores an enhanced sparse
convolution method for these networks, which substantially boosts the speed of
both training and inference. Additionally, SECOND introduces a novel angle loss
regression technique to improve orientation estimation performance and a new
data augmentation strategy that enhances convergence speed and overall perfor-
mance. Later, PointPillars [85] combines point-based and voxel-based methods.
Initially, the point cloud is divided into grids in the x-y coordinates, forming a set
of pillars. Each point in the cloud (x, y, z, reflectance) is transformed from a 4D
vector into a 9D vector by extending it with the distance to the arithmetic mean
of the pillar and the distance to the centre of the pillar using PointNet [128]. Each
pillar in 2Dspace is then representedbya structured (fixed-dimension) vector. The
rationale behind using 2D voxelization grids is that they aremore computationally
efficient thandirectly using 3Dvoxelizationgrids. Additionally, the 2Dvoxelization
grids enable the usage of advanced RPN architectures that are proposed for 2D
detection. Voxel-RCNN [33] argues that the precise positioning of rawpoints is not
crucial for achieving high-performance 3Dobject detection and that using coarser
voxel granularity can still provide adequate detection accuracy, proposing an ef-
fective voxel-based framework that leverages voxel features in a two-stage process.
VoxelNeXt [23] introduces fully sparse networks that directly predict objects using
sparse voxel features, eliminating the need for hand-crafted proxies. This robust
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Figure 2.1: Representative works on point cloud object detection in chronological
order.

sparse convolutional network detects and tracks 3D objects solely through voxel
features without requiring sparse-to-dense conversion or NMS post-processing.
Similarly, to efficiently handle sparse points, DSVT [161] proposesDynamic Sparse
Window Attention, which divides each window into a series of local regions based
on their sparsity. Dense Voxel Fusion (DVF) [111] introduces a camera-lidar fusion
method that produces dense voxel representation from two modalities, improv-
ing the expressiveness of the two visual sensors. Voxel-Pillar Fusion (VPF) [64]
leverages the complementary advantages of both voxels and pillars. Specifically, a
sparse voxel-pillar encoder that transforms point clouds into voxel and pillar fea-
turesusing3Dand2Dsparse convolutions is introduced. Theencoded features are
then fed to Sparse Fusion Layer (SFL) to enable bidirectional interaction between
the sparse voxel and pillar features.

• Point-based Methods: PointRCNN [149] pioneered the raw point cloud-
based object detection, utilizing the two-stage framework, where the first stage
focuses on bottom-up 3D proposal generation, and the second stage refines the
proposals in canonical coordinates for the final box prediction. 3DSSD [185], (3D
Single Shot Detection) enhances inference speed while maintaining the accuracy
of two-stage detectors without relying on voxel usage. This approach involves
key points sampling and extracting features using set abstraction modules from
raw point-based 3D detectors, such as PointNet. Specifically, the point sampling
method utilizes a feature distance metric alongside the Euclidean distance for
key point sampling, improving the recall of points and balancing foreground and
background points. Part-A2 Net. [150] extends PointRCNN and incorporates part
awareness layer into a two-stage pipeline: the part-aware stage and the part ag-
gregation stage. In the part-aware stage, free part supervisions from 3D ground-
truth boxes are fully utilized to predict 3D proposals along with intra-object part
locations simultaneously. These predicted intra-object part locations within the
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same proposal are grouped using a RoI-aware point cloud poolingmodule, which
creates an effective representation to encode the geometry-specific features of
each 3D proposal. In the subsequent part-aggregation stage, the model learns to
re-score and refine the box location by analyzing the spatial relationship between
the pooled intra-object parts. Despite the high performance due to fine-grained
learning of parts, one of the limitations of Part-A2 Net is expensive computation.
Usingdifferent formulations of boxprediction, CenterPoint [189] introduces anew
heatmap-based regional proposal in a two-stage framework. Specifically, after
extracting features from the input point cloud, the resulting BEV feature map is
fed into a 2D CNN detection head, producing a heatmap, where peaks indicate
the detected objects’ centre locations. The corresponding size, orientation, and
velocity of the objects are estimated using different regression heads. Due to the
rotational-invariant nature of points, the network achieves higher accuracy in
predicting rotated objects compared to anchor-based detectors. More recently,
Point Transformer V3 (PTv3) [172] recognizes that model performance is more
significantly impacted by scaling than by intricate mechanisms. Based on the ob-
servation, PTv3 focuses on simplicity and efficiency, replacing precise neighbour
search methods like KNN with a more efficient serialized neighbour mapping of
point clouds organized in specific patterns without significant loss in accuracy.

Rather than focusing only on voxel or point, PVRCNN [146] aims to combine
both approaches. Initially, a small set of key points is sampled from the raw point
cloud to represent the entire scene. Simultaneously, the voxels are encoded into
the key points. These fused features of key points are then fed into RPN for final
box prediction. PVRCNN++ [148] extends the previous method by improving the
sampling strategy of the key point. Specifically, in the new sampling strategy,
the key points are constrained to be around 3D proposals to acquire coherent
features for regional proposals. PolarFormer|[73] introduces polar coordinates-
based detection that is adaptable to various input structures, effectively handling
irregular Polar grids. Specifically, it implements amulti-scale Polar representation
learning strategy in the polar grid. Due to the invariant features brought by the 2D
polar grid, PolarFormer demonstrates its robustness in dealing with diverse and
irregular input data. Far3D [72] addresses the problem of long-range 3D detection
by introducing adaptive queries from high-quality 2D object priors. To effectively
learn robust features across various views and scales, especially for objects located
further away from the sensor, Far3D proposes a perspective-aware aggregation
module. PARQ [176] employs appearance-enhanced queries, which are initial-
ized from 3D reference points, similar to anchors. The reference locations are
then updated with recurrent cross-attention operations. MvACon [101] points out
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that previousmethods struggle with either low-resolution 2D features due to high
computational demands or inadequately grounding 3D queries to multi-scale 2D
features.
Relevance to the thesis: Chapters 4 and 5 of this thesis employ the advancement
made in the existing works. Specifically, the research in Chapters 4 and 5 for
point cloud object detection also adopt voxelization and BEV feature map for the
regional proposal networksused inaforementionedworks [149, 185, 150, 189, 148].

2.2.3 Dataset for Point Cloud Object Detection

Several datasets are available for public benchmark of 3Dobject detection. Among
them, themost widely used datasets are KITTI, NuScenes, andWaymo datasets.
KITTI 3D Object Detection Benchmark KITTI 3D Object Detection Dataset is a
component of the KITTI Vision Benchmark Suite, designed for 3D perception in
autonomous driving. The data is collected from a car equippedwithmultiple sen-
sors, including cameras, a Velodyne LiDAR scanner, and GPS, driving in Germany.
The dataset consists of 7,481 labeled samples for training and 7,518 samples for
testing,with comprehensive annotations for objects, such ascars, pedestrians, and
cyclists.

Each labeled sampleprovides 3Dboundingboxes, object class labels, occlusion
and truncation levels. The annotations are designed to evaluate object detection
in three levels of difficulty: Easy, Moderate, and Hard, based on factors like object
size, distance, and occlusion.

KITTI’s benchmark evaluates algorithms usingmean Average Precision (mAP),
awidely usedmetric in detection tasks. It focuses on the accuracy of localizing and
classifyingobjects in 3Dspaceusingdata fromLiDAR, cameras, or both. TheKITTI
dataset has become one of the most popular benchmarks in point cloud object
detection.
NuScenes 3D Object Detection Benchmark NuScenes 3D Object Detection
Dataset is a large-scale dataset designed for 3Dperception in autonomous driving.
The dataset contains 1,000 driving scenes, each lasting 20 seconds, for a total of
1.4Mannotated frames. Eachscene includes synchronizeddata frommultiple sen-
sors, including six cameras (360° coverage), a LiDAR scanner (360° point clouds),
five radars, GPS, and an inertial measurement unit (IMU) captured in urban envi-
ronments of Boston and Singapore.

Annotations cover 3Dboundingboxes for 23object classes, suchas cars, pedes-
trians, bicycles, and traffic cones. The dataset also introduces tracking IDs to facil-
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itate object tracking across frames and provides information about environmental
conditions, such as time of day and weather.

The benchmark evaluates methods on mean Average Precision (mAP) and
NuScenes Detection Score (NDS), which incorporates additional factors for veloc-
ity and orientation estimation.
Waymo 3D Object Detection Benchmark Waymo Open Dataset is a large-scale
benchmarkdesigned for 3Dperception, includingobjectdetection inautonomous
driving. It provides diverse and high-quality sensor data collected from vehicles
operating in urban, suburban, and highway settings across the United States.
The dataset includes over 1,150 driving segments, each 20 seconds long, with
synchronized data from four LiDAR sensors (360° point clouds) and five high-
resolution cameras (panoramic images). It offers detailed annotations for five
object classes—vehicles, pedestrians, cyclists, signs, and other road users—with
3D bounding boxes, velocities, and tracking IDs for motion analysis. Performance
is evaluated using metrics, mAP and mAP with heading (mAPH), with difficulty
levels based on object visibility and LiDAR point density. With its richmultimodal
data and large-scale annotations, Waymo dataset has become a key resource for
training and benchmarking state-of-the-art 3D object detectionmodels.

2.2.4 Summary

In this section, we reviewed the image-based and point cloud-based object detec-
tion systems. Compared to image-based 2D detection systems, 3D detection sys-
tems’ performances are relatively weak due to the more challenging requirement
for 3D pose and size estimation. In 3D detection systems, multi-view camera-
baseddetection systemsandpoint cloud-baseddetection systemsarewidelyused.
Althoughmulti-view camera-based detection systems have gained growing atten-
tion, they still struggle to precisely detect objects further away due to the lack of
3D information. On the other hand, point cloud-based detection systems can take
advantage of precise 3D information about the surroundings. However, due to
their unordered and unstructured nature, they face challenges in terms of gener-
alisation.

2.3 Object Segmentation

Object segmentation aims to find objects in a local sensor frame from the same
sensors as detection. However, compared to detection, segmentation produces
fine-grained localization of objects by classifying every pixel for image or point for
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point cloud. Due to its nature of seeking high precision, instance segmentation is
considered a more challenging learning task for object localization compared to
detection using bounding boxes. There are two subcategories of segmentation: 1)
Semantic segmentation and 2) Instance (panoptic) segmentation.

The goal of semantic segmentation is to classify every pixel or point into given
categories. Although it ispowerful tounderstand the typesofobjects in the scene, it
is not suitable for object localization. For example, semantic segmentation cannot
distinguish individual objects if they belong to the same category. On the other
hand, instance (panoptic) segmentation focuses on finding binarymasks for each
object, where the foregroundparts that belong to the object surface are segmented
as 1, and the background that does not belong to the object is 0. For image-based
instance segmentation, each binary mask has the same dimension as the image,
and for 3D instance segmentation, it is typically processed with a point cloud,
where eachmask also has the same dimension as the point cloud.

2.3.1 Image-based Instance Segmentation

The process of image instance segmentation involves several stages that are dif-
ferent depending on the method. The most commonly used pipeline is listed as
follows.
PipelineThegeneral pipeline for image-based instance segmentation is as follows.

1. Feature Extraction: Similar to detection, an input image is fed into a back-
bone network for extracting high-level features. The resulting feature maps
capture essential spatial information and patterns that are crucial for identi-
fying objects in the later stages.

2. Region Proposal: The extracted featuremaps are then processed by a Region
Proposal Network (RPN) from the detection, which generates a set of can-
didate object proposals. These proposals are potential locations within the
image where objects might be present.

3. Object Detection: Each proposed region from the RPN is refined to predict
the bounding boxes and classify the objects within them as object detection.
Here, the purpose of box prediction is to provide a rough boundary of the
object, so that the segmentation layer could focus on the small box rather
than the entire image.

4. Region of Interest (RoI) Pooling: The detected boxes with various sizes need
to be processed to have uniform size, as DNNs layer can only accept the
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fixed-size input matrix. This is achieved with RoI pooling, which extracts
fixed-size feature maps from the variable-sized RoIs generated by the RPN.
More advanced techniques, such as RoI Align, could improve performance
by preserving spatial information during the pooling process.

5. Mask Generation: Given extracted feature maps from RoI pooling, the seg-
mentation network proceeds to generate pixel-wise binary masks for each
box [54]. A segmentation head, typically consisting of several convolutional
and deconvolutional (upsampling) layers, is employed to produce these
masks. Each mask indicates the exact shape and boundaries of the object
within the corresponding RoI, differentiating it from the background and
other objects.

6. Post-Processing: Similar to detection, post-processing involves applying
NMS to remove the redundant segmentation by retaining only themost con-
fident ones, followed by thresholding with the prediction confidence score.

Existing Works As a pioneering work, Mask R-CNN [54] enhances Faster R-CNN
by introducing an additional branch for predicting object masks alongside the
existing bounding box recognition branch. This extensionmaintains simplicity in
training and incursminimal overhead, which can be easily adapted to other tasks,
such as human pose estimation, within the same framework. Following Mask R-
CNN, Mask scoring RCNN [65] introduces a network block designed to learn the
quality of predicted instance masks. This block regresses the mask IoU by taking
both the instance feature and the predicted mask. The mask scoring strategy cor-
rects the misalignment between mask quality and score. BMask RCNN [27] lever-
ages object boundary information to enhance mask localization accuracy. More
specifically, it includesaboundary-preservingmaskheadwhereobjectboundaries
andmasks are mutually learned through feature fusion blocks. This approach en-
sures that the predictedmasks aremore accurately alignedwith the object bound-
aries, improving overall segmentation performance. DCT-Mask [143] claims that
low-resolution grids fromMask-RCNN lack detail and introduces the discrete co-
sine transform (DCT) to encode high-resolution binary grid masks into compact
vectors while maintaining efficiency. PANet [99] enhances the feature hierarchy
with localization signals in lower layers using path augmentation, preserving the
information from the lowest to topmost features. For this, adaptive feature pooling
is proposed to connect the feature grid across all levels of features and to directly
share informative features at each level for subsequent proposal networks. Addi-
tionally, a complementarybranch is created tocapturedifferentviews foreachpro-
posal, further refiningmask predictions. These improvements are straightforward
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to implement and introduceminimal computational overhead. HTC [17] leverages
the reciprocal relationshipbetweendetectionandsegmentation toadoptpowerful
Cascade architecture into instance segmentation. It includes a fully convolutional
branch to provide spatial context, aiding in distinguishing difficult foregrounds
from cluttered backgrounds. PointRend [78] adopts a concept of rendering from
computer graphics methods to address the issue of over- and undersampling in
segmentation tasks. It performs point-wise predictions at adaptively chosen lo-
cations using an iterative subdivision algorithm. RefineMask the problem of fea-
ture loss during downsampling in the feature pyramid and instance-wise pool-
ing, which is particularly negative for large objects. To overcome the problem,
RefineMask [193] utilizes fine-grained features with a multi-stage, where each
stage progressively fuses detailed information to continuously refine high-quality
masks. DynaMask addresses the problem of both low-resolutionmasks and high-
resolution masks: Low-resolution masks lack detail, and high-resolution masks
require significantlymorecomputation than low-resolutionmasks. Toaddress this
issue, DynaMask introduces a dynamic selection of optimal mask resolutions for
different object proposals. Specifically, Feature Pyramid Network (FPN) is com-
bined with a region-level top-down path (r-FPN) to learn contextual and detailed
deep features from various stages of the image-level FPN (i-FPN).

2.3.2 Point Cloud Instance Segmentation

Pipeline Applying instance segmentation for point clouds is similar to 3D detec-
tion. Given the point cloud from sensors, existingworks typically follow four steps.

1. Preprocessing: Given a point cloud as input, voxelization is optionally ap-
plied to convert the irregular point cloud into a structured 3D grid of voxels
similar to point cloud detection. Although some methods based on direct
point processing argue that voxelization can lead to loss of detail due to
discretization, most of the state-of-the-art methods on point cloud instance
segmentation apply voxelization.

2. Feature Extraction: Once the point cloud is preprocessed, the next step is
feature extraction. This involves using neural network architectures [128, 30]
designed to handle 3Ddata, such as the set abstraction based onPointNet, or
more recentmodels like Transformer. These networks extract geometric and
contextual features from the point cloud by processing individual points and
sub-sampling.

27



Figure 2.2: Representativeworks on point cloud instance segmentation in chrono-
logical order.

3. Instance Segmentation and Classification: Each extracted feature is fed into
segmentation and classification heads to produce binary masks and object
class. For binary mask generation, every point is classified into 1 for the
foreground or 0 for the background.

4. Post-Processing: The initial segmentation output often includes overlap-
ping or redundant regions as similar to bounding boxes in detection. Post-
processing steps require NMS to eliminate duplicate detections and retain
the most confident predictions. Additional steps, such as smoothing and
refinement, are optionally performed to improve the quality of the segmen-
tationmasks, ensuring accurate and clean boundaries between objects.

Recent Works Depending on how the binary mask for each object is generated,
point cloud instance segmentationcanbebroadly categorized into four: (1)Coarse
to Fine (2) Grouping (3) Kernel (4) Transformer, as illustrated in Figure 2.2.

Following similar work, Mask RCNN, in image instance segmentation, pio-
neering works on point cloud instance segmentation adopt the coarse-to-fine ap-
proach. S3DIS [59] jointly learnsbothgeometric andcolor signalsharnessinghigh-
resolution RGB input by linking 2D images with a volumetric grid through pose
alignment of the 3D reconstruction. As another pioneering work, 3D-BoNet [181]
directly predicts 3D bounding boxes for all instances in a point cloud and simulta-
neously generates apoint-levelmask for each instancebyusing twoparallel heads:
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one for bounding box regression and another for pointmask prediction. Although
it is conceptually single-stage, joint learning of boxes enforces themask prediction
to be aligned inside the box. Instead of using bounding box as coarse representa-
tion, GSPN [187] adopts an analysis-by-synthesismethod, generatingproposals by
reconstructing shapes from noisy scene observations called Region-based Point-
Net (R-PointNet), which facilitates flexible proposal refinement and instance seg-
mentation generation. TD3D [79] introduces a fully sparse-convolutional method
for point cloud instance segmentation. Similar to Mask-RCNN, this approach
begins by detecting Axis-Aligned Bounding Boxes (AABBs) within the point cloud
data. Once these bounding boxes are identified, TD3D extracts per-point features
fromwithin these boxes. These extracted features are then used to perform binary
classification, distinguishing foreground and background points inside the boxes.

Grouping-based methods focus on learning latent embeddings of points to
facilitate detailed per-point predictions. Utilizing these embeddings, the model
performs per-point predictions to assign semantic categories, such as identifying
whether a point belongs to different object classes. Clustering algorithms are then
applied to these points, grouping those with similar embeddings together to form
binary instance masks. Typically, due to the integration of latent embeddings
withper-point semantic predictions and clustering, grouping-basedmethods out-
perform coarse to fine methods with comparably expensive computational costs.
As a pioneering work on grouping, PointGroup [71] first attracts points to their
instance’s centroid by predicting offsets for each point, which creates a shifted ver-
sion of the original point cloud. The shifted point clouds are then utilized together
to form clusters. The rationale behind this approach is that the shifted points will
be closer to their respective object centres, making it easier to group points that
belong to the same object. Built upon this concept, HAIS [19] addresses the issue
of over-segmentation or under-segmentation of the grouping method and intro-
duces hierarchical aggregation that progressively creates instance proposals. This
involves initially aggregating points to form initial clusters and then combining
these clusters to output complete instance masks. SSTNet [95] introduces a novel
intermediate structure called the semantic superpoint tree, which is built using
learned semantic features of superpoints [34]. By adopting superpoints, the com-
plexities of learning point cloud are reduced significantly. Additionally, SSTNet
includes a refinement module named CliqueNet, which prunes the superpoints.
SoftGroup [160] combines bottom-up soft grouping with top-down refinement.
Specifically, it allows each point to be associated with multiple classes, reducing
the impact of hard semantic prediction errors. PBNet [198] adopts a divide-and-
conquer strategy that binarizes each point before using them for clustering. The
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binary clustering categorizes eachpoints intohigh-density points (HPs), which are
typically important, and low-density points (LPs), which can cause noise. Specifi-
cally, the first stage only groupsHPs and LPs are assigned toHPs using a neighbour
votingmethod for group refinement.

Kernal-based approaches are built onDyCo3D.DyCo3D [56] learns to generate
suitable convolution kernels based on the characteristics of the instances. In this
setting, given the per-point feature of the point cloud, instances are decodedusing
several simple convolutional layers. For the decoder, a lightweight transformer
is employed to overcome the limited receptive field introduced by sparse convo-
lution. PointInst3D [57] introduces a fully-convolutional method for per-point
predictions. The key insight of themethod is target assignment for the foreground
points using the optimal transport approach. DKNet [173] facilitates Dynamic
Convolution for mask inference, eliminating the need for proposals or heuristic
clustering algorithms. Specifically, it introduces a sampling strategy that aggre-
gates duplicates and gathers contextual information around themerged centroids
to form instance kernels. These instance kernels then enable the reconstruction of
instancemasks through dynamic convolutions.

Mask 3D [141] introduces the pioneering Transformer-based approach for
point cloud instance segmentation, leveraging generic Transformer building
blocks to directly predict instance masks from instance queries. The transformer
learns the instance by iteratively attending to point cloud features across multi-
ple scales, enabling accurate and efficient 3D instance segmentation. Following
Mask3D, QueryFormer [109] employs a novel query initialization module that en-
sures a high coverage and low repetition rate. Additionally, a decoder that sup-
presses the interference of background points is introduced to help foreground
queries concentrate on the discriminative parts of instances. Similarly MAFT [82]
addresses the problem of query initialisation with low recall that leads to slow
convergence. To address this, MAFT replace the mask attention with an auxiliary
centre regression task that can prioritize certain important queries.
Relevance to the thesis: This thesis compares the existing works on coarse-to-
fine, grouping, kernel, and transformer based approaches for point cloud instance
segmentation. In particular, Chapter 3 focuses on the coarse-to-fine approach
proposed in [59, 181, 79] to improve the performance while comparing with other
approaches.
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2.3.3 Datasets for Point Cloud Instance Segmentation

ScanNetV2ScanNet InstanceSegmentationDataset is a large-scalebenchmark for
3D instance segmentation tasks, focusing on indoor environments. It is part of the
broader ScanNet dataset, which contains over 1,500 indoor scene reconstructions
captured from RGB-D video sequences in real-world settings, such as homes, of-
fices, and classrooms. The dataset provides richly annotated 3D point clouds with
instance-level segmentation labels for 20 semantic categories, including furniture,
appliances, and structural elements, such as walls and ceilings. Each instance is
assigned a unique ID, enabling precise object segmentation within scenes. The
dataset has high diversity in terms of environment and instances, making it a
popular benchmark for developing and evaluating models for 3D perception and
autonomous systemsoperating in indoor environments. The evaluationusesmAP
to assess segmentation quality.
Stanford Large-Scale 3D Indoor Scenes (S3DIS) S3DIS dataset is a benchmark for
3Dpoint cloud instance segmentation and semantic segmentation tasks, focusing
on indoor environments. It consists of detailed 3D scans of 6 large-scale indoor
areas with 271 rooms, such as offices, conference rooms, and lobbies, captured
using a RGB-D scanner. The dataset contains 215million points, each labeledwith
one of 13 semantic categories, such as walls, chairs, tables, and floors, along with
instance-level annotations to differentiate individual objects of the same class.

The S3DIS dataset represents complex, cluttered indoor spaces with diverse
furniture arrangements and architectural structures,making it ideal for evaluating
models’ ability to handle realistic 3D environments. Its annotations include geo-
metric, spatial, and semantic details, allowing for robust learning and evaluation
of 3D perception models. Evaluation metrics are mean Intersection over Union
(mIoU) andmAP for assessing segmentation quality.
3D Aerial Photogrammetry Point Cloud Dataset (STPLS3D) STPLS3D dataset
is a benchmark designed, for instance segmentation and semantic segmentation
of large-scale 3D point clouds, focusing on urban and peri-urban environments.
It is created using photo-realistic synthetic aerial photogrammetry for accurate
and dense 3D point clouds. STPLS3D covers 16 km2 of landscapes and up to
18 fine-grained semantic categories and instance-level labels for various urban
objects such as buildings, roads, vehicles, and infrastructure. The dataset contains
diverse geographic locations, offering a wide range of urban layouts, densities,
and architectural styles. STPLS3D enables robust benchmarking of 3D instance
segmentation models, particularly for applications involving aerial 3D data. The
evaluationmetrics usemAP andmIoU.
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2.3.4 Summary

In this section, we reviewed the various instance segmentation methods based
on their input type, such as image or point cloud. Due to the more challenging
requirement for localisation, it is typically considered a more difficult task than
object detection. Although great progress has been made, making binary masks
for each object has a class imbalance problem.

2.4 Object Tracking withMotion

This section reviews basic techniques for flow-based motion tracking between
frames. As one of the fundamental topics in computer vision, many works have
been published on flow-based tracking. Sincewe just adopted existing techniques
for optical-flow in the contributingwork of this thesis, we highlight a few represen-
tative works on flowmethods, namely optical and scene flows, followed by amore
in-depth review of how flow-based motion tracking is used for self-supervised
detection.
Optical Flow Optical flow estimates the motion in a visual scene based on the
movement of pixels between consecutive frames. In particular, optical flow is the
velocity vector for each pixel, capturing the direction and speed of motion. It is
essential for various applications such as video stabilization, motion detection,
object tracking, and autonomous navigation. It is a widely studied field where
techniques range from traditional Lucas-Kanade to modern DNN-based meth-
ods [68, 164, 66]. By providing detailedmotion information, optical flow enhances
the understanding and analysis of dynamic scenes, enabling more robust and
precise vision-based applications.
Scene Flow Scene flow extends the concept of optical flow to 3D scenes, providing
a detailed representation of the motion of every point in 3D over time. Unlike
optical flow, which only captures 2D motion in the image plane, scene flow en-
compasses both the 2D motion on the image plane and the depth changes of
each point, resulting in a comprehensive 3D motion vector field. Scene flow is
particularly valuable in applications requiring aprecise understanding of dynamic
environments, such as autonomous driving, augmented reality, and robotic nav-
igation. Due to its high potential for many applications, scene flow has been one
of the popular fields that are making impressive progress with DNN [169, 67, 157,
144, 203].
Recent Works on Self-Supervised Object Detection with Tracking One of the
promising ways to find objects without human-provided annotation is to usemo-
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tion cues. Assuming the rigid motion, existing works address the self-supervised
approach for finding objects, such as vehicles, to reduce the cost of human-
providedannotations for changingenvironments. The foundobjects are thenused
as pseudo-labels to train the object localisation model. Track, Check, Repeat [53]
introduces the Expectation Maximization (EM) approach for finding pseudo la-
bels. More specifically, the method starts with motion cues to segment objects
by comparing optical flow and cameramotion to find regions that move indepen-
dently to the background. These initial regions serve as pseudo-labels to train an
ensembleof 2Dand3Dobjectdetectionmodelswithextensivedataaugmentation.
The heavy data augmentation enables the detection of new instances of "moving"
objects, even if they are stationary. These newly detected objects are merged as
new pseudo-labels. The method operates as an expectation-maximization algo-
rithm: in the expectation step, all modules are activated, and their agreement is
assessed; in the maximization step, the modules are re-trained to enhance this
agreement. Similarly, LISO [6] addresses trajectory-regularized self-training. The
method leverages a self-supervised lidar scene flow network to generate, track,
and iteratively refine pseudo-labels in a similar manner as Track, Check, Repeat.
This approach allows the object detection network to learn effectively from the
pseudo-labeled data, enhancing its performance without the need for manually
annotated training sets. Their integration of trajectory regularization improves the
reliability of pseudo labels. HyperMODEST [177] aims to speed up themulti-stage
frameworkproposedbyTrack, Check, Repeat by focusingonpseudo labels. Specif-
ically, it tries to filter out intermediate pseudo-labels used for data augmentation
by discarding those with low confidence scores. This filtering process ensures
that only high-quality, reliable pseudo-labels are used, which in turn improves the
overall accuracy and efficiency of the training process. Another LiDAR scene flow-
basedmethod [39] first trains a self-supervised scene flow estimationmodel using
cycle consistency. The 3D detection model embraces the motion representations
from the scene flow estimationmodel to effectively find dynamic objects based on
their movement patterns, which can used as pseudo labels.

2.4.1 Summary

Using flow-based tracking between frames has become the main approach for
finding pseudo labels. In principle, the moving object can be found easily by
looking at themotions that violate the egomotion between frames. The remaining
challenge is how to cluster independent motions existing in the frame. Also, the
performance inevitably depends largely on the performance of flow estimation.
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2.5 Domain Adaptive Object Detection

Domain adaptive object localisation is an emerging field in object localisation that
aims to enhance robustness across different domains, reflecting the real world. It
addresses the issue of performance degradation of the object localisation model
when applied to new domains that differ from the training data in terms of sensor
types, environmental conditions, or scene characteristics. Specifically, the domain
adaptation techniques focus on strategies to generalize better to the new environ-
ments without the need for extensive manual labelling [184, 183, 61].

The process typically involves transferring knowledge from a source domain,
where labelled data is available, to a target domain without labels. This can
be achieved through various methods such as adversarial training [45], where
the model learns to minimize discrepancies between the domains, and self-
training [184], where the model iteratively refines its predictions using pseudo-
labels generated in the target domain. Additionally, feature alignment tech-
niques [16] are used to make the feature distributions of the source and target
domains more similar, enhancing the model’s ability to recognize objects in both
domains.
Recent Works In the context of object localisation in 3D, one of the first works
that address the performancedegradationdue to the inter-domain gap is SN [165].
SN first observes that datasets are collected from a limited number of cities within
one country and under similar weather conditions to address the challenge of
adapting 3D object detectors from one dataset to another. It identifies that one of
the primary challenges during the adaptation is differences in object sizes across
geographic regions. This observation leads them to propose a size normalization
technique, which artificially normalizes the size of objects in the training set to
be similar to the target domain. Similarly, 3D Contrastive Cotraining (3D-CoCo)
focuses on the inter-domain gap caused by varying physical environments or dif-
ferent LiDAR sensor configurations. Specifically, it addressed the challenge of
learning transferable features between a labelled source domain and anovel target
domain without target labels. 3D-CoCo argue that bird-eye-view (BEV) features
aremore transferable than low-level geometry features, as theycouldcontainmore
robust features that are less domain-specific than other features. As a result, it in-
troduces a co-training schemewith separate 3D encoders having domain-specific
parameters and a BEV feature for learning domain-invariant features. Addition-
ally, 3D-CoCo extends contrastive instance alignment to point cloud detection,
mitigating performance issues caused by the mismatch between pseudo-label-
induced BEV feature distributions and true distributions of the target domain.
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Along with 3D-CoCo, one of the pioneering works that currently dominates
the field of domain adaptive object localisation is the self-training-basedmethod.
ST3D [184] beginsbypre-training the 3Ddetector on the sourcedomainusing aug-
mentations, such as randomobject scaling, tomitigate the potential bias from the
source domain. The pre-trained detection model is adapted to the target domain
by iteratively refining the detector through two steps: (1) updating pseudo labels
with a quality-aware triplet memory bank (2) training the model with curriculum
data augmentation. The iterative two-step strategy ensures that the detector is
trainedwithconsistentandhigh-qualitypseudo labelswhilepreventingoverfitting
to the abundance of easy examples in the pseudo-label set. ST3D++ [183] extends
ST3D by focusing on noisy gradient directions during self-training and prevention
of overfitting caused by noisy pseudo-labeled data. GPA3D [94] leverages the in-
trinsic geometric relationships of objects in point cloud objects to minimize fea-
ture discrepancies, enhancing cross-domain transferability. Specifically, GPA3D
assigns learnable prototypes to point cloud objects with different representative
geometric structures. These prototypes align bird’s-eye-view (BEV) features from
corresponding point cloud objects in both source and target domains, reducing
distributional discrepancies. REDB [24] addresses the issue of a significant per-
formance drop inmulti-class adaptation settings due to low-quality pseudo labels
and class imbalance issues. To address this, REDB introduces the concept of cross-
domain examination to evaluate the quality of pseudo labels, where the pseudo
labels from the target domain are copied to the source domain to check prediction
consistency. Additionally, a class-balanced augmentation for both pseudo and
source labels is introduced to alleviate the class-imbalance problem. DTS [62] fo-
cuses on the point density-induced inter-domain gap and introduces the density-
insensitive domain adaptation framework. Random Beam Re-Sampling (RBRS) is
usedduring thepre-trainingphase in the sourcedomain to improve the robustness
of 3D detectors by varying LiDAR beam densities. Using the pre-trained detector
as thebackbone, a task-specific teacher-student framework is employed toprocess
unlabeled target domain data and generate high-quality pseudo labels. To further
instil density insensitivity in the target domain, the teacher and student networks
both take the same sample at different densities as input while enforcing consis-
tency in output.

2.5.1 Summary

In this section, we reviewed various domain adaptive detection methods. Cur-
rently, a dominant approach is self-training, where the pseudo-labels are itera-
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tively collected in multi-stage training. One remaining challenge is to effectively
distribute continuously accumulating pseudo-labels with respect to existing la-
bels. This is essential for generalising the detection model without an imbalance
between new pseudo-labels and existing labels.

2.6 FoundationModels

Recently, large models trained on the immense amount of data became avail-
able, tackling the problems that were previously considered very challenging. The
models typically serve as a layer for downstream tasks, allowing the fine-tuning
or adaptation for specific purposes with minimal additional data. Examples in-
clude large languagemodels for natural languageprocessing and computer vision.
Thesemodels leverage transformers andare typically trainedusing self-supervised
learning.

2.6.1 FoundationModels for 2D

Foundationmodels for 2Dareprimarily designed for images, but also applicable to
other forms of 2D data, such as text rendered as images or 2D spatial data. These
models are typically pretrained on massive datasets of images and related anno-
tations, enabling them to generalize across a wide range of 2D visual tasks. The
notable foundation models that can be applied to object localizations are DINO
series [15, 118] and Segment Anything (SAM) [77].

DINO leverages vision transformers (ViT) and focuses on learning dense, se-
mantically meaningful features for each pixel or patch in an image with self-
supervised learning. Without explicit labels, DINO V2 shows powerful perfor-
mance in zero-shot and few-shot settings, making it a robust choice for real-world
applications. Its ability to generalize across tasks stems from its strong empha-
sis on aligning features semantically. By utilizing the highly generalized feature
fromDINO, thedownstreamdetectionand segmentation tasks canbemore robust
against domain changes.

SAM is capable of segmenting any object in an image, guided by prompts
such as points, bounding boxes, or freeform text, making it highly versatile and
interactive. It is trained on a massive dataset containing billions of image-mask
pairs, enabling it to handle a wide range of objects, textures, and contexts with
strong performance, even in zero-shot scenarios. It can significantly reduce the
need for manual annotation, making it a powerful tool for object detection and
segmentation.
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2.6.2 FoundationModels for Point Cloud

The progress of foundation models for image has been significant recently. How-
ever, achieving similar success in 3D models are still ongoing problem due to
challenges in point cloud such as non-unified data formats and the scarcity of
labeled data with diverse masks. Although there are no models that are generally
used popularly likeDINO and SAM for image, recent works have tried to introduce
initial versions of foundationmodels for point cloud.

Following the interactive prompt based segmentation ability of SAM for image,
Point-SAM[205] leveragespart-level andobject-level annotations for training from
a mixture of existing datasets. In order to generate more data for training, Point
SAM uses SAM for performing segmentation in images and projects the results to
3D using structure frommotion to get the pseudo labels.

Seal [104] leverages 2D-to-3D representation distillation. More specifically,
Seal first extracts superpixels, which are the visually similar regions in the image,
using foundation models for image and apply contrastive learning to transfer the
features from superpixels to corresponding points in the point cloud found by re-
projection.

2.6.3 Summary

This section reviewed the representative foundation models related to object lo-
calization. Foundation models have become pivotal tools for object localization
tasks in images. Although the progress of foundation models on point cloud is
behind the performance of the foundationmodels for image, they still have a great
potential for domain generalization.
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Chapter 3

Spherical Mask: Coarse-to-Fine 3D
Point Cloud Instance Segmentation
with Spherical Representation

This chapter addresses how to improve the existing object (instance) segmenta-
tion. We first start by introducing the limitations of the existing coarse-to-fine ap-
proach and then motivate the proposed approach based on the spherical coordi-
nates. The advantages and disadvantages of other approaches are also addressed.

Coarse-to-fine 3D instance segmentation methods show weak performances
compared to recent Grouping-based, Kernel-based and Transformer-basedmeth-
ods. We argue that this is due to two limitations: 1) Instance size overestimation
by axis-aligned bounding box(AABB) 2) False negative error accumulation from
inaccurate box to the refinement phase. In this section of the thesis, we introduce
Spherical Mask, a novel coarse-to-fine approach based on spherical represen-
tation, overcoming those two limitations with several benefits. Specifically, our
coarsedetectionestimates each instancewitha3Dpolygonusingcentre and radial
distance predictions, which avoids excessive size estimation of AABB. To cut the
error propagation in the existing coarse-to-fine approaches, we virtually migrate
points based on the polygon, allowing all foreground points, including false nega-
tives, to be refined. During inference, the proposal and point migration modules
run in parallel and are assembled to formbinarymasks of instances. We also intro-
duce twomargin-based losses for thepointmigration toenforce corrections for the
false positives/negatives and cohesion of foreground points, significantly improv-
ing theperformance. Experimental results fromthreedatasets, suchasScanNetV2,
S3DIS, andSTPLS3D, show that our proposedmethodoutperforms existingworks,
demonstrating the effectiveness of the new instance representationwith spherical
coordinates. The code is available at https://github.com/yunshin/SphericalMask.
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Figure 3.1: Pipeline of Spherical Mask with coarse-to-fine framework. Given point
cloud, instances are detected with 3D polygons defined in spherical coordinates.
In the refinement phase, the points virtually migrate based on the polygon to
estimate fine instancemasks.
3.1 Introduction

3D instance segmentationhas gained immense attentionwith itswide rangeof ap-
plications for IndoorScanning[202], AugmentedReality(AR)[89], andAutonomous
Driving[121]. Similar to 2D instance segmentation, the goal of the task is to identify
each object along with its class label. Nevertheless, the sparse and unordered
nature of point clouds has led to the development of methods different from 2D
image segmentation.

Existing approaches for 3D instance segmentation are broadly categorized into
coarse-to-fine based[181, 187, 98, 59, 79], grouping-based[71, 19, 95, 160, 198],
kernel-based[56, 71, 57, 173, 158], and Transformer-based[141, 152, 82, 109, 2]
approaches. Recent progress in clustering techniques and attention mechanisms
have driven the performances of the last three approaches to state-of-the-art.
Compared to these three approaches, the coarse-to-fine approach has received
relatively less attention due to low accuracy, which is caused by two limitations:
1) False negative error propagation from the coarse detection to the refinement
stage. 2) Overestimation of instance size.

Coarse-to-fine instance segmentationfirst performs coarsedetection, followed
by refinement using coarse detection as a hard reference. The basic assumption
of the approach is that the coarse detection stage always provides a neat detec-
tion for refinement. However, this assumption is often violated as the coarse
detection stage cannot always produce neat outputs, which causes an issue of
upper bound accuracy. For example, if the first coarse detection does not include
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all foreground points, the following refinement(binary classification) step has no
means to include them, only possibly accumulating the error from false negative
prediction. The other limitation is that the axis-aligned-bounding-box(AABB) es-
timation, which is typically used for coarse detection, has been claimed to be an
ill-defined problem[160] because commonly used box regression losses(L1, L2)
result in overestimation of object sizes. For instance, the target values of AABB are
minimumandmaximumvalues in x,y, andz cartesiancoordinates,making thebox
include redundant empty space, as points only lie on the surface of the object.

In this section of the thesis, we address the aforementioned two limitations of
coarse-to-fine instance segmentation. Our core intuition comes from the fact that
the weakness of the coarse-to-fine approach is based on the structural disentan-
glement of coarse detection and fine refinement phase. Instead of assuming that
the coarse part should beperfect, we take a relaxation approach,which regards the
coarse detection as a soft reference during the refinement phase, providing more
access for refinement yet restricting access to unnecessary background points.
Specifically, to improve the coarse detection part, we estimate a 3D polygon in
spherical coordinates instead of AABB, alleviating the issue of excessive object size
estimation. To remove the error propagation from inaccurate coarse detection to
the refinement stage, we virtually migrate points based on the 3D polygon with
reduced complexity in spherical coordinates.

In summary, our method Spherical Mask finds each instance by estimating a
3D polygon fitting to an instance in spherical coordinates and migrating points
insideoroutside thepolygon toproduce thefine instancemask. Our contributions
are:

• We introduce a new alternative instance representation based on spherical
coordinates, which overcomes the limitations in existing coarse-to-fine ap-
proaches.

• To circumvent the issue of excessive estimation of instance size, we propose
Radial Instance Detection(RID) that formulates an instance into a 3D poly-
gon as a coarse detection.

• To cut the error propagation from coarse detection to the refinement phase,
we introduce Radial Point Migration(RPM), capable of refining both false
positive and false negative points from RID.

• Extensive experiments on ScanNetV2 [31], S3DIS [3], and STPLS3D [18] show
the effectiveness of our approach, pushing the boundary of current SOTA.
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3.2 RelatedWork

Existing works on point cloud instance segmentation can be categorized into
proposal-based, clustering-based, kernel-based and transformer-basedmethods.

3.2.1 Coarse-to-Fine (Proposal-based) Approach

Coarse-to-fine-based methods are built on a conceptually simple design, where
they first perform coarse detection, followed by a refinement stage to acquire fine
segmentation. Typically, the 3D bounding box is employed for coarse detection.
3D-SIS[59] performs instance segmentation by first detecting the 3D boxes and
refining points inside. 3D-BoNet[181] matches query AABBs and ground-truth
instance using Hungarian algorithm for the supervision. The predicted AABBs are
then concatenated with point features to produce binarymasks for each instance.
GSPN[187] adopts set-abstraction[128] to get query points and infer AABBs. The
features inside the AABBs are extracted and used for per-point mask segmenta-
tion. More recently, TD3D [79] proposes a fully sparse-convolutional approach for
point instance segmentation. It first detects AABBs and extracts perpoint features
inside the boxes to perform binary classification. Most of the works use coarse
detection(bounding box) directly as geometric features for predicting per-point
binary instance masks. Thus, their accuracies greatly depend on the precision of
the coarse detection, as inaccurate detection could easily lead to a large number of
false negative points.

3.2.2 Grouping-based Approach

Grouping-based methods learn latent embeddings to perform per-point pre-
dictions, such as semantic categories and clustering to acquire instances.
PointGroup[71] predicts centroid offsets of each point and utilizes this shifted
point cloud and original point cloud to obtain the clusters. Based on this concept,
many studies improve the clustering technique with hierarchical intra-instance
predictions[19], superpoint-based divisive grouping[95], soft grouping[160], and
binary clustering[198]. The clustering-based methods have high expectations of
the quality of per-point centre prediction in 3D, which is challenging to generalize
with various spatial extents of objects. There is a similarity between grouping-
based approaches and coarse-to-fine approaches that the proposed work in this
thesis focuses on. For example, grouping basedmethods also first predict the first
proposal of groups, which is similar to the corase detection step, followed by the
refinement. However, in the refinement step, grouping based approach requires
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access to individual points, which is less efficient compared to box predictionwith
the fixed number of parameters in coarse-to-fine approach.

3.2.3 Kernel-based Approach

Kernel-based methods learn convolution kernels that aggregate point features to
estimate instance masks. DyCo3D[56] proposes discriminative kernels by apply-
ing the clustering method from PointGroup[71]. Built on this, more recent works
improved the performance by replacing the clustering part with farthest-point
sampling[57], candidate localization[173], and instance-aware point sampling for
the high-recall[158]. In fact, learning kernel can be generally applied to improve
the regressionperformancewithout sacrificing the efficiency in termsof execution
time. In the proposed Spherical Mask, we also employ the dynamic convolution
proposed in DyCo3D for the refinement step.

3.2.4 Transformer-based Approach

Recently, transformer-based methods have set the new SOTA. Based on mask-
attention[26, 25],Mask3D[141] andSPFormer[152] present thepipeline that learns
to output instance prediction directly from a fixed number of object queries from
voxel and superpoint features, respectively. Based on these works, recent studies
improve the performance with auxiliary centre regression[82], query initialization
and set grouping[109], spatial and semantic supervision[2]. Although the pow-
erful architectural advantage has driven the performance of transformer-based
approaches, low recall and the difficulty of distributing initial queries remain
challenges. Moreover, as the transformer-based approaches directly generate the
final prediction mask without the refinement step, there is no straightforward
method to apply the transformer-based approach to the proposed coarse-to-fine
method. However, it has significant potential to incorporate the refinement step
into transformer-basedmethods to improve the segmentation performance.

3.2.5 Summary

In summary, we introduce existing point cloud instance segmentation works with
four categories. Due to the similar architecture for detection, the coarse-to-fine
approach has pioneered the field. However, their limitations for object repre-
sentation with box and the two-stage architecture with error accumulation led to
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Figure 3.2: The overall pipeline of our proposed method is based on a coarse-to-
fine approach. Given the point cloud, the backbone produces base features with
3DUNet and a Votingmodule. Based on this, RID performs coarse detectionwhile
RPM produces the virtual point offsets to refine the coarse detection. In Mask
Assembly, K local binarymasks are generated, where eachmask is a proposal for a
single instance. 3D NMS is applied to acquire the final instance masks using local
binary masks, classifications, and confidence scores.

the development of other techniques, such as grouping, kernel, and transformer-
based approaches. Although the coarse-to-fine approach has limitations, its two-
stage structure, the coarse detection in particular, has a clear advantage in reduc-
ing the class imbalance problem caused by outnumbering background points. In
the following section, we delve into the coarse-to-fine approach for utilizing its
advantage while sidestepping the limitations.

3.3 Method

3.3.1 Overview

Given an input point cloud p1 ∈RNp×3 in 3-dimensional cartesian coordinates and
the corresponding colour information prgb ∈RNp×3, we aim to design a system that
segments thepoint cloud into local binarymasks of instances {o(i ) ∈RNp×1}No

i=1 using
a coarse to fine approach. Here, Np , No are the total number of points and the
number of instances, respectively. This is achieved using the proposed method
depicted in Figure 3.2. Our system consists of mainly two modules: 3D backbone
at the top-left of Figure 3.2 and proposed instancemask estimation. The details of
thesemodules are in Section 3.3.2 and Section 3.3.3, respectively.
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3.3.2 3D Backbone

Our3Dbackbone is similar to [158] and is composedof twomodules: a 3Dencoder
and a voting module. The 3D encoder uses U-Net [138] with sparse convolu-
tions [50] to encode the given point cloud into deep features F1 ∈ RNp×D . Then,
F1 and the respective input points p1 are fed into the voting module. The voting
module performs set abstraction [128], consisting of three main steps: sampling,
grouping, and feature extraction. The first step employs the farthest point sam-
pling (FPS) strategy to select a subset of representative points, reducing compu-
tational complexity while preserving coverage. Next, the grouping step organizes
neighboring points into local regions around the sampled points, using a pre-
defined radius or k-nearest neighbors (k-NN). Finally, feature extraction applies
the original PointNet [125] architecture within each group to learn local features,
which are then aggregated usingmax pooling to form a compact representation of
the point cloud.

In our work, the set abstraction produces K votes with query points p2 ∈ RK×3

and features F2 ∈ RK×D . These votes are spread in the scene, providing features to
be further processed through theproposed instancemask estimationmodule. The
details are explained in the following sections.

3.3.3 InstanceMask Estimation

In this section, we estimate the instancemasks from the votes predicted in the 3D
backbone section using three modules: Radial Instance Detection, Radial Point
Migration, and Mask Assembly. All of the modules are explained in the following
sections. For the notation simplicity, we will explain how each vote feature is
processed. Therefore, we write f2 to refer to a single vote feature of F2 from here
onwards.
Radial InstanceDetection(CoarseMask): Radial InstanceDetection(RID) aims to
detect instances for further refinement. Similar to PolarMask[175] for 2D segmen-
tation, wedefine an instance as a 3Dpolygonwith a centre fcenter andmultiple rays
fray emitting from the centre forming each spherical sectors. Here, the sectors are
defined by preset angles. Each ray then determines the distance to be considered
for their corresponding sectors, as shown in Figure 3.3.

We estimate the closest instances’ centre fcenter using offsets predicted from
an MLP network, CenterHead, which takes the respective f2 as input and outputs
offsets. Theoffsets are added to p2 to infer fcenter . After this, the inputpoint cloud is
converted into spherical coordinates using a transformation as ps = S(p1) centred
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around fcenter, where S : (x, y, z) → (r,θ,ϕ) as follows:

r =√
x2 + y2 + z2,

θ = arctan x
y ,

ϕ= arccos zp
x2+y2+z2

.
(3.1)

Here, based on the relationship between Cartesian and Spherical cooridnate sys-
tems, r , θ, ϕ, arctan, and arccos refer to radius (or Radial Distance), horizontal (or
AzimuthAngle), and vertical angles (or InclinationAngle) in spherical coordinates,
the inverse function of the tangent, and the inverse cosine function, respectively.
Specifically, r refers to the radial distance of the point from the origin. The inclina-
tion angle is determined by the ratio of the vertical height to the radial distance
measured using the inverse cosine function. The Azimuth angle uses the two-
dimensional arctangent function to account for the full 360 degree in the xy-plane.

The ps is then divided uniformlywith Nθ and Nϕ separations for horizontal and
vertical direction respectively, resulting inNθ ·Nϕ sectors, as shown in Figure 3.3 (b)
and (c).

Weconsiderpoints inside the samesector tohave identical (θ,ϕ), whichenables
us to close the sector using a boundary estimated by fray. To estimate { f (i )

r ay }
NθNϕ

i=1 ,
another MLP named Ray Head is employed, which takes f2 as input.

At this point, every point inside the corresponding sector’s boundary from fr ay

is considered foreground. Using the boundary, RID offers tighter boundaries of
instances than AABB in the point cloud, as each sector is closed at the distance of
the farthest foreground point in the sector, alleviating the problem of redundant
space in AABB. Please refer to Section 3.4.7 for detailed results comparing RID and
AABB. Also, since the ground truth for each vote is assigned based on its distance
to the closest object center, it is agnostic to the number of points on the surface of
the object, which can be learned when the object is not well-viewed due to sparse
points on its surface. We chose the object center as the goal for the regression
output of CenterHead as 1) it is easy to calculate using the foreground points from
the ground truth and 2) it could provide reliable features for each class of objects
in Spherical Coordinate (e.g. average distance between the center and bottom of
chairs and desk), compared to using other locations as the origin of the spherical
coordinates of the objects.
Coarse Instance Loss: During training, the estimated fcentre and fray are compared
against their respective ground truth gcenter and gray to calculate Lcoarse:

Lcoarse = Lray+Lcenter, (3.2)

where Lray and Lcenter are defined with L1 loss:
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Lray = 1

NθNϕ

NθNϕ∑
i=1

∣∣∣ f (i )
ray−g(i )

ray

∣∣∣
1

(3.3)

Lcenter =
∣∣ fcenter−gcenter

∣∣
1, (3.4)

Here, the ground-truth instance g is matched with fcenter by an injective mapping
obtained usingHungarian algorithmas [181, 158]. For the details of thematching,
please refer to Sec 3.3.6. g(i )

ray is set to the distance between gcenter and the furthest
foreground point in the ith sector. If there are no foreground points in the sector,
g(i )
ray is set to minimum as 1e − 5. The target centre gcenter is calculated as mean
values of foreground points of the matched ground-truth instance in cartesian
coordinates.

3.3.4 Radial Point Migration (Mask Refinement)

In this section, we introduce a refinement process to perform per-point fine-
tuning. This is because the coarse detection will invariably include points belong-
ing to the background or other instances (i.e. false positives) inside its boundary
andneglect some instancepoints that fall outside (i.e. falsenegatives). Wepropose
a conceptually simple yet effective dual that jitters individual points to belong to
the correct instance. Inparticular, this is enabledbyour innovativeuseof spherical
coordinates - we only need to learn a single radial delta for each point to move
it along the ray to the instance centroid while keeping angular quantities φ and
θ constant. Note that this is a virtual point motion - we do not alter the final
point cloud. We use this as a virtual offset to obtain clean instance labels without
modifying the coarse sector.

By estimating an offset value for each point p1, these misclassified points can
be virtuallymigrated to being in the correct region. Based on its goodperformance
on per-point prediction, we adopt Dynamic Convolution in a similar manner to
[56, 158] as our Point Migration Head, for predicting per-point offsets Fδ ∈ RK×Np

using the vote features F2 ∈ RK×D as queries against the point features F1 ∈ RNp×D .
For the coherence with the notations, we write fδ ∈ RNp to refer to an output of
Fδ, corresponding to one vote. For the learning of fδ, we divide points into two
groups. The first is to learn the radial delta for the case of misclassification, and
the second is to make instances more compact and cohesive by migrating points
to the centroid of the sector.
Misclassification Correction Loss: This process aims to estimate a radial delta to
move themisclassified points either inside or outside the estimated coarse sector.
There are two possible cases where the misclassification could occur, as shown in
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Figure 3.4 (a): Instance points could lie outside the sector boundary, acting as false
negatives, or background points could incorrectly lie within the sector boundary,
acting as false positives. The goal is to move these points to the correct region.

Formally, given the point indices of foreground points { j+(i )}N+
i=1 and back-

ground points { j−(i )}N−
i=1 from the groundtruth, the false negative points pfn and the

false positive points pfp are defined as:

pfn = {p( j+)
s : (p( j+)

s + f ( j+)
δ

) > f ( ˜j+)
ray }, (3.5)

pfp = {p( j−)
s : (p( j−)

s + f ( j−)
δ

) < f ( ˜j−)
ray }, (3.6)

where N+ and N− stand for the number of foreground and background points,
respectively. Here, j̃ = findSector(p( j )

s ) where findSector(.) is a function that takes
p( j )

s as input and returns the index of the sector that p( j )
s belongs to. Please refer to

Section 3.4.3 for the implementation of findSector(.) function.
The union of pfp and pfn forms the misclassified points pmiss that we are inter-

ested: pmiss = pfp∪ pfn. Our aim is to push or pull them inside/outside of the ray
withmargins. Thus, the loss function Lmc is formulated with soft margin loss as:

Lmc = 1

Nmiss

Nmiss∑
i=1

log(1+exp(y ∗ tanh(p(i )
miss+ f (î )

δ
− f (ĩ )

ray))) (3.7)

where

y =
{

1 if p(i )
miss ∈ pfp,

−1 if p(i )
miss ∈ pfn,

(3.8)

Here, tanh is hyperbolic-tangent functionand Lmc is calculated for all the votes that
are assigned to the ground truth instance. Nmiss stands for the number of element
in pmiss and î is index of fδ corresponding to p(i )

miss. fray is only used for reference
and the gradient for learning fr ay is not calculated.

Themisclassified points around the edge,gray, of an instance are provided with
comparably easy learning targets. In contrast, misclassified points far from the
predicted rays are assigned targets with large discrepancies, encouraging larger
gradients during the training.

Sector Cohesion Loss The goal of this block is to move true-positive points to the
centroidof the sector. Bydoing so, the sectorbecomesmore cohesive, encouraging
the learning of common and shared features of an instance as the foreground
features are getting close to each other. In addition, this helps to provide a learning
signal for true-positivepoints, as Lmc only considers falsenegatives/positives. This
is shownmore clearly in Figure 3.4 (b).
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Figure 3.3: Process ofRID. (a)Object points in cartesian coordinates (b)Converting
points into a spherical coordinate system, using fcenter, and preset angles θ and ϕ.
(c) Assigning points to each sector defined by θ and ϕ. The example shows 3/3 for
θ/ϕ. (d) For each sector, the distance between the farthest point and the centre
becomes the target of fray. During inference, points with smaller distance than fray
are considered foreground.

Similar to Lmc , using point indice of foreground points j+, we extract true pos-
itives ptp as :

ptp = {p( j+)
s : (p( j+)

s + f ( j+)
δ

) < f ( ˜j+)
ray } (3.9)

and formulate the loss with the soft margin calculation:

Lsc = 1

Ntp

Ntp∑
i=1

log(1+exp(tanh( f (î )
δ

+p(i )
tp − fcenter))), (3.10)

whereNtp stands for thenumberof element inptp and î is indexof fδ corresponding
to p(i )

tp . Since fcenter is always 0 in centred spherical coordinate, the loss can be
simplified as:

Lsc = 1

Ntp

Ntp∑
i=1

log(1+exp(tanh( f (î )
δ

+p(i )
tp ))), (3.11)

Lmc and Lsc together form the refinement loss Lfine as:

Lfine = Lmc +Lsc . (3.12)

Our proposed virtual point migration brings three advantages for refinement
over existing approaches that strictly disentangle coarsedetectionand refinement:
1) Insteadof only focusingonpoints inside the coarsedetection, predicting theoff-
sets of all points allows the refinement of even false negative points outside of fray,
sidestepping the error accumulation from the coarse detection. 2) By considering
the sector radius, gray, it is possible to have a soft target for each point rather than a
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Figure 3.4: Conceptual diagram showing per-point migration following both
(a)Lmc and (b)Lsc. ∆FP and ∆FN are distances penalized by Lmc with margin for
misclassified points. ∆TP is the distance that Lsc penalizes to enforce the learning
of general features of an instance bymaking each sample close to the other around
the centre.

hard target which is the centre of the sector/instance. For example, false negative
points outside of the sector boundary only need to be migrated a small distance
to being with the sector (soft) rather than being driven towards the centre (hard).
This makes it easier to learn how to perform the point migration. 3) We only need
to learn a one-dimensional number to migrate the point virtually along the radial
line. This is far simpler thanhaving to learn a three-dimensional offset in cartesian
coordinates.

3.3.5 Mask Assembly

Our final mask is assembled by comparing virtually migrated points and fr ay .
Specifically, the local binary mask { f (i )

mask}
Np

i=1 is formed as:

f (i )
mask =

{
1 if (p(i )

s + f (i )
δ

) < f (ĩ )
ray

0 otherwise,
(3.13)

3.3.6 Training

For the training, we also learn classification and confidence with respectiveMLPs.
For classification, we apply cross-entropy loss, Lcls, for learning the classes of
matched ground-truth instances. For the confidence scores of the proposals, we
apply L2 loss to learn IoUs between the proposals and the ground-truth instances.
Similar to [158], we also duplicate the number of ground-truth for 4 times and
create a cost matrixC :

C (k, i ) = Lcoarse(k, i )+Lfine(k, i )+Lcls(k, i ), (3.14)

where L(, ) refers to the loss value calculated using kth vote and ith ground-truth
instance. Referring to C , we apply Hungarian algorithm to find the least-cost in-
jectivemapping from each ground-truth instance to the votes. The final loss using
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the acquired ground-truths is:

L =λ1Lcls+λ2Lconf+λ3Lcoarse+λ4Lfine (3.15)

3.4 Experiments

Method
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3D-BoNet(C)[181] 25.3 48.8 51 32 25 13 34 3 41 6 16 13 5 20 33 14 30 30 65 17
TD3D(C)[79] 48.9 75.1 85 51 43 32 73 10 51 35 34 46 28 51 67 26 67 51 90 32
SoftGroup(G)[160] 50.4 76.1 66 57 37 38 69 7 67 30 38 53 31 58 75 31 64 49 90 38
PBNet(G)[198] 57.3 74.7 92 57 61 47 73 23 48 38 45 50 53 58 76 40 71 55 96 38
DKNet(K)[173] 53.2 71.8 81 62 51 37 74 10 50 30 43 47 58 53 77 33 64 50 90 38
ISBNet(K)[158] 55.9 75.7 93 65 38 42 76 18 53 38 49 50 62 42 70 46 64 57 94 40
MAFT(T)[82] 57.8 78.6 88 72 44 46 76 25 55 40 50 53 61 61 85 48 68 55 93 45
QueryFormer(T)[109] 58.3 78.7 92 70 39 50 73 27 52 37 47 53 53 69 72 43 74 59 95 36
Ours(C) 61.6 81.2 94 65 55 43 76 27 60 44 50 54 69 71 77 48 74 57 92 43

Table 3.1: Quantitative comparison of top-performingmethods for each approach
on ScanNetV2 hidden test set. (C),(G),(K), and (T) next to the names of the meth-
ods refer to coarse-to-fine, grouping, kernel, and Transformer based methods,
respectively. All the methods take the same input, such as point cloud and cor-
responding colour information. The best results are in bold, and the second best
ones are underlined.

3.4.1 Dataset

We evaluate our method on three datasets: ScanNetV2 [31], S3DIS [3],
STPLS3D [18]. Following are descriptions of each dataset.

Figure 3.5: Qualitative comparison of ISBNet [158], MAFT [82], and ours on Scan-
NetV2 validation set. The coloured circles indicate wrong segmentation results.

ScanNetV2 ScanNetV2 dataset consists of 1201, 312, and 100 scans with 18 object
classes for training, validation, and testing, respectively. We report the evaluation
results on the validation and hidden test sets as in the existing works.
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Figure 3.6: Additional qualitative results on ScanNetV2 validation set, including
TD3D [79]. The coloured circles indicate wrong segmentation results.

S3DIS S3DIS dataset contains 271 scenes from 6 areas with 13 categories. We
report evaluations for both Area 5. Additional evaluation results with 6-fold cross-
validation can be found in the supplementary material.
STPLS3D The STPLS3D dataset is an aerial photogrammetry point cloud dataset
from real-world and synthetic environments. It includes 25 urban scenes of 6km2

and 14 instance categories. Following [19, 160, 158], we use scenes 5, 10, 15, 20,
and 25 for validation and the rest for training.

3.4.2 EvaluationMetrics

We adopt average precision as our primary evaluation metric. Average precision
is extensively used in vision tasks such as object detection and instance segmenta-
tion tasks. Themetric calculatesprecisionsbyvarying the IoUthreshold. Following
the existing works, we evaluate our model with three IoU thresholds: AP , AP50,
and AP25. AP50 and AP25 stand for average precisions with IoU threshold as 25%

51



Method Venue mAP AP50 AP25
3D-SIS(C)[59] CVPR19 - 18.7 35.7
GSPN(C)[187] CVPR19 - 37.8 53.4
TD3D(C)[79] WACV23 47.3 71.2 81.9

PointGroup(G)[71] CVPR20 34.8 51.7 71.3
SSTNet(G)[95] ICCV21 49.4 64.3 74.0

MaskGroup(G)[201] ICME22 27.4 42.0 63.3
SoftGroup(G)[160] CVPR22 46.0 67.6 78.9

RPGN(G)[35] ECCV22 - 64.2 -
PBNet(G)[198] ICCV23 54.3 70.5 78.9

PointInst3D(K)[57] EECV22 45.6 63.7
DKNet(K)[173] ECCV22 50.8 66.9 76.9
ISBNet(K)[158] CVPR23 54.5 73.1 82.5
Mask3D(T)[141] ICRA23 55.2 73.7 82.9
3IS-ESSS(T)[2] ICCV23 56.1 75.0 83.7

QueryFormer(T)[109] ICCV23 56.5 74.2 83.3
MAFT(T)[82] ICCV23 58.4 75.6 84.5
Ours(C) - 62.3 79.9 88.2

Table 3.2: Quantitative 3D instance segmentation results on ScanNetV2 validation
set. (C),(G),(K), and (T) next to the names of the methods refer to coarse-to-fine,
grouping, kernel, and Transformer based methods, respectively. The best results
are in bold, and the second best ones are underlined.

and 50%, respectively. AP is an averaged score by varying IoU thresholds from 50%

to 95% by increasing the threshold with step size 5%. For S3DIS, we also evaluate
our model with mean precision (mPrec50) and mean recall with IoU threshold as
50%(mRec50).

3.4.3 Implementation Details

We build our model on PyTorch framework [122] and train it for 300 epochs with
AdamW optimizer with a single NVIDIA A10 GPU. The batch size is set to 10.
The learning rate and weight decay are initialized to 0.001 and 0.0001. Cosine
annealing [191] is used for scheduling the learning rate. Following [160, 158], the
voxel size is set to 0.02m for ScanNetV2 and S3DIS, and to 0.3m for STPLS3D. For
the augmentation during training, we use random cropping for each scene with a
maximumnumberof 250,000points. During testing, awhole scene isusedas input
for the network.

Our backbone is similar to [160, 158], which outputs features F1 with hidden
dimension D as 32 channels. For the voting, we use two set-abstraction [128, 126]
layers with the ball query radius 0.2 and 0.4, respectively. The number of seeds
and votes are set to 1024 and 256, respectively. The number of neighbours is set
to 32 for both layers, similar to [158]. For Point Migration Head, we use two layers
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of dynamic convolution[56], and their hidden dimensions are set to 32. λ1, λ2, λ3,
andλ4 are set to 0.5, 0.5, 1, and 1, respectively. For training and inference, we setNθ

and Nϕ to 5 and 5, respectively. During inference, Non-Maximum-Suppression is
applied to the K binarymasks to delete redundantmasks using a confidence score
of 0.2 as a threshold. Following [95, 173, 158, 109], we aggregate superpoints[84, 83]
to align the final prediction masks on the ScanNetV2 dataset. Other details, such
as the architecture of MLPs and runtime analysis, are following.
Details of Voting: Similar to [126, 158], we use two set-abstract layers with the fol-
lowing structures. The first set-abstraction layer has a ball-query radius of 0.2 and
chooses 1024 pointswith farthest-point sampling (FPS). Themaximumnumber of
neighboring points each point considers is set to 32. The grouped features are the
point locations(R1024×3) and the corresponding features(R1024×D) from the encoder.
Here, D is 32, as specified in Section 3.4.3. The grouped features are then fed into
MLP, which consists of 3 blocks, each with Convolution, BatchNorm and ReLU.
The output is followed by max-pooling to produce 64 channels of features from
the 1024 sub-sampled points. We also add a residual connection using the initial
features from the encoder to prevent the gradient vanishing problem.

The second set-abstraction layer has 0.4 and 256 for ball-query radius and
number of points for FPS, respectively. Following the same procedure as the set-
abstraction layer from the first sampling, the MLP layer outputs 32 channels of
features for 256 sub-sampled points, which corresponds to F2 in Section 3.3.2.
Here, the output feature dimension of the set-abstraction is reduced to 32 to min-
imize the memory consumption during training. Empirically, we have not found
meaningful differences in performance by setting the feature dimensions higher,
such as 64 and 128.
Details of DynamicConvolution: Asmentioned in the ImplementationDetail, we
implement Dynamic Convolution for the per-point offset prediction(RPM) with
two layers with 32 hidden dimensions. Similar to [56, 158], an MLP consisting
of two blocks with Convolution, BatchNorm, and ReLU as one block generates
weights W ∈ RK×H for each instance by taking vote features F2 ∈ RK×D as input.
Here, H is decided by the parameters such as hidden dimension and input fea-
ture dimension for dynamic convolution. W is then used to convolve F2 and the
predicted instance center Fcenter ∈RK×3, as follows:

Fδ =Conv ([F2,Fcenter];W ) , (3.16)

whereConv is implementedas twoconvolutional layerswhichhavehidden feature
dimensions of 32 fromW . Here, [, ] refers to concatenation.
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Details MLP based Heads: There are fourMLPs used as final prediction heads: (1)
CenterHead (2) RayHead (3) Classification and (4) Confidence. All of them take
F2 ∈RK×D as input.

EachMLP consists of twoblocks of Convolution, BatchNormandReLU. For the
third block, weonly use the convolution as an inference output. Themomentum is
set to 0.1 for all BatchNorm. All MLPs for heads have the same hyper-parameters,
except for the output dimensions. For example, classification head outputs scores
for each class (RK×Nclass), and confidence head outputs confidence score( RK×1).
Here, Nclass stands for the number of classes.
Details of Mask Assembly and Finding Misclassified Points: As mentioned in
SectionMask Assembly, the final mask is assembled by comparing if the addition
of p(i )

s and f (i )
δ

is smaller than f (ĩ )
r ay , as in Equation 3.13. Here, the addition of p(i )

s

and f (i )
δ

is performed by adding f (i )
δ

only to r coordinate of p(i )
s ∈ RNp×3 among

(r,θ,ϕ) because θ and ϕ coordinates for each point remain constant within their
respective sector. This operation is the same for finding themisclassified points in
Equations 3.5, 3.6 and 3.9.

During the inference time, the sameoperation is applied to generate the binary
masks for all K votes, Fmask ∈RK×Np , using K point clouds in spherical coordinates,
Ps ∈ RK×NP×3, centered to predicted instance centers Fcenter ∈ RK×3 in cartesian
coordinates. The runtime analysis, including the finding of the index ĩ using
f i ndSector (.), is illustrated in Section 3.4.3.
Details of Training In themethod section 3.3.6, we illustrate how the loss for each
vote is calculated. As mentioned in Implementation Detail, this loss is calculated
for the number of votes mapped to the ground-truth instance with the batch size
10. Therefore, the final loss Ltotal is the averaged value of:

Ltotal =
1

NbatchNinstNdupl

Nbatch∑
b=1

N (b)
instNdupl∑

k=1
L(b,k), (3.17)

where Nbatch, Ninst, and N (b)
inst stand for batch size, a total number of ground-truth

instances in the batch, and a number of ground-truth instances in bth point cloud
in thebatch, respectively. Ndupl is thenumber to duplicate ground-truth instances,
and L is the loss for each vote mapped to a ground-truth instance. As mentioned
in Section 3.3.6 and 3.4.3, Nbatch and Ndupl are set to 10 and 4 respectively.
Implementation of f i ndSector (.): The function f i ndSector (.) takes centered
points ps ∈RNp×3 in spherical coordinates and returns the index of the sectors that
the points belong to asmentioned in Section 3.3.4 and Equations (3.5), (3.6), (3.9),
(3.13). Alg. 1 shows the PyTorch implementation of f i ndSector . ps for each vote
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and batch(during training) are stacked and fed into f i ndSector at once for the
efficient computation using GPU.

Algorithm 1 f i ndSector in PyTorch
Input: ps , Nθ, Nϕ

Output: Indices of sectors that each element of ps belong to
1: Function�NDSECTOR(ps ,Nθ,Nϕ)
2: uθ, uϕ = 360/Nθ, 180/Nϕ ▷Horizontal and vertical unit angles for each
spherical sector in degree

3: pr , pθ, pϕ = ps[:,0], ps[:,1], ps[:,2] ▷ Basis of spherical coordinates
4: θangles = torch.arange(0,360, int(uθ)) ▷ Finding the smallest positive value
by subtraction

5: ϕangles = torch.arange(0,180, int(uϕ))
6: diffθ = pθ[:,:,None].repeat(1,1,len(θangles)) - θangles[None,None,:]
7: diffϕ = pϕ[:,:,None].repeat(1,1,len(ϕangles)) - ϕangles[None,None,:]
8: diffθ[diffθ < 0] =uθ+1 ▷ Preventing negative values from being the smallest
values

9: diffϕ[diffϕ < 0] =uϕ+1
10: diffθ =diffθ/uθ
11: diffϕ =diffϕ/uϕ
12: θsector =torch.argmin(diffθ,2) ▷ The index with the smallest positive value

is the sector that each point belongs
13: ϕsector =torch.argmin(diffϕ,2)
14: return ϕsector∗Nθ+θsector ▷ Sector indices

Runtime Analysis: In this section, we report a runtime analysis of SphericalMask.
Figure 3.7 (a) shows the execution speed of eachmodule with respect to the num-
ber of input points on ScanNetV2. Here, Mask Assembly includes the f i ndSector

function and thebinarymask generationusing the inequality operator, as in Equa-
tion (3.13). As canbe seen, the execution timegradually increases as thenumber of
input points grows. The backbone takes themost time among the three due to the
FurthestPointSampling(FPS).Theexecution timeofMaskAssemblyalso increases
more rapidly compared to RID and RPMmodules, as it includes more operations.
By averaging the total time spent on each scan, Spherical Mask segments a point
cloud in 167ms in ScanNetV2 validation set.

Figure 3.7 (b) compares the existing methods and Spherical Mask in terms of
execution timeandmAPonScanNetV2 validation set. SphericalMask achieves the
second fastest execution speed while showing the strongest performance inmAP.

3.4.4 Main Results

ScanNetV2 Table 3.1 and Table 3.2 show the quantitative result of instance seg-
mentation on the test and validation sets. Our proposed method achieves the
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Figure 3.7: Runtime analysis on ScanNetV2 validation set. (a) The runtime of each
component in Spherical Mask with respect to the number of input points using a
NVIDIAA10GPU. (b) Comparing the average execution time and the performance
in mAP with recent works. On average, TD3D, ISBNet, MAFT, and Ours use 3947,
3264, 3723, and 3738MiB on GPU for ScanNet, respectively.

Figure 3.8: Visually comparing impacts of RID, Lmc , and Lsh. The coloured circles
indicate wrong segmentation results.

highest AP and AP50 surpassing the previous strongest method by the margin of
4.1% and 2.4% for the test set, and 6.7% and 5.7% for the validation set, respectively.
Compared to the previous methods based on the coarse-to-fine approach, our
method achieves 24.1% of the improvement in AP on the test set. In particular,
for the test set, our method outperforms existing methods on instances that are
typically located close to each other, such as pictures, desks, and bookshelves.
This suggests that explicitly penalizing misclassified points around the edges of
instances is helpful in RPM.
S3DIS Table 3.3 and Table 3.4 illustrate the quantitative result on S3DIS Area 5 and
6 fold cross-validation from published results. In Area 5, our proposed method
outperforms the second-best-performing method with margins of 2.8, 2.39, and
4.09 in mAP, AP50, and mRec50, improving the performance of SOTA 4.8%, 3.4%,
and 5.6% respectively. For the 6-fold cross-validation, our proposedmethod shows
the improvement of 3.2, 1.7, and 0.6 in mAP, AP50, and mRec50, pushing the per-
formance of SOTA for 5.3%, 2.4%, and 0.7% respectively. Figure 3.10 shows the
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Method mAP AP50 mPrec50 mRec50
GSPN [187] - - 36.0 28.7

PointGroup [71] - 5.78 61.9 62.1
HAIS [19] - - 71.1 65.0
SSTNet [95] 42.7 59.3 65.6 64.2

SoftGroup [160] 51.6 66.1 73.6 66.6
Mask3D [141] 56.5 69.3 68.7 70.7
TD3D [79] 52.1 67.2 - -
RPGN [35] - - 64.0 63.0

PointInst3D [57] - - 73.1 65.2
DKNet [173] - - 70.8 65.3
ISBNet [158] 56.3 67.5 70.5 72.0
PBNet [198] 53.5 66.4 74.9 65.4

QueryFormer [109] 57.7 69.9 70.5 72.2
MAFT [82] - 69.1 - -

Ours 60.5 72.3 71.3 76.3
Table 3.3: Quantitative 3D instance segmentation results onS3DISArea 5. Thebest
results are in bold, and the second best ones are underlined.

qualitative results on Area 5 of S3DIS.
STPLS3D Table 3.5 shows the quantitative comparison on the validation set of
STPLS3Ddataset. Ourmethod outperforms all of the existingmethods, improving
SOTA performance inmAP and AP50 for 3.0 and 4.3, respectively.

3.4.5 Qualitative Results

Fig.3.5 shows visual comparisons of ISBNet[158], MAFT[82], and our proposed
Spherical Mask for challenging instances on ScanNetV2 validation set. Spherical
Mask accurately segments large instances such as walls and bookshelves (row 1),
curtains and a window between them(row 2), a large sofa(row 3) and a circular
shape sofa(row 4).

ISBNet[158] struggles to segment large instances(wall and bookshelves in row
1) and a disconnected instance(curtains and a window between them in row 2).
On the other hand, MAFT[82] shows better generalization capability for learning
semantics(curtains and a window between them(row 2)). However, it struggles to
segment some parts of an instance that look different, as shown in sofas(row 2,3)
and over-segments the instance by considering physically further away points as
the same instance(wall in row2andsofa in row4), probablydue to the local queries
that overfit to certain semantics. More results are illustrated in Figure 3.6.

Figures 3.10 and3.9 show thequalitative results onS3DISandSTPLS3D, respec-
tively.
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Method mAP AP50 mPrec50 mRec50
GSPN [187] - 54.4 38.2 31.2

3D-BoNet [181] - - 65.6 47.7
PointGroup [71] - 64.0 69.6 69.2
OccuSeg [52] - - 72.8 60.3
HAIS [19] - - 73.2 69.4
SSTNet [95] 54.1 67.8 73.5 73.4

PointInst3D [57] - - 76.4 74.0
DKNet [173] - - 75.3 71.1
ISBNet [158] 60.8 70.5 77.5 77.1
PBNet [198] 59.5 70.6 80.1 72.9

Ours 64.0 72.3 78.1 77.7

Table 3.4: Quantitative 3D instance segmentation results on S3DIS 6-fold cross-
validation. The best results are in bold, and the second best ones are underlined.

Figure 3.9: Qualitative results on STPLS3D. The coloured circles indicate wrong
segmentation results.
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Method mAP AP50
HAIS [19] 35.0 46.7

PointGroup [71] 23.3 38.5
ISBNet [158] 49.2 64.0

Ours 52.2 68.3

Table 3.5: Quantitative instance segmentation results on STPLS3D

AABB RID Lmc Lsc mAP AP50 AP25
✓ 36.5 57.6 77.4

✓ 51.6 69.4 86.8
✓ ✓ 58.5 77.6 87.5
✓ ✓ 56.5 77.1 87.1
✓ ✓ ✓ 62.3 79.9 88.2

Table 3.6: Impact of each component on ScanNetV2 validation set

Figure 3.10: Qualitative results on S3DIS Area 5. The coloured circles indicate
wrong segmentation results.
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Nθ/Nϕ mAP AP50 AP25
1/1 59.6 77.1 85.3
2/2 60.0 77.7 86.1
3/3 60.6 78.4 87.1
4/4 61.2 80.0 89.3
5/5 62.3 79.9 88.2
6/6 60.6 78.5 88.2

Table 3.7: Impact of Nθ and Nϕ on ScanNetV2 validation set

3.4.6 Ablation Study

In this section, we investigate SphericalMaskwith ablation studies designed for its
core components.

Nθ/Nϕ mAP AP50 AP25
2/8 61.1 78.2 86.9
4/6 61.9 79.5 88.5
5/5 62.3 80.0 89.3
6/4 62.5 80.5 89.4
8/2 61.7 78.9 88.1

Table 3.8: Impact of Nθ and Nϕ on ScanNetV2 validation set

Seed/Vote mAP AP50 AP25
1024/128 62.3 79.2 87.8
1024/256 62.3 79.9 88.2
1024/512 62.3 79.4 87.6
2048/128 62.0 79.7 88.0
2048/256 61.8 79.6 87.9
2048/512 61.7 79.1 87.5

Table 3.9: Impact of seed and vote numbers on ScanNetV2 validation set

Impact of θ and ϕ is shown in Table 3.7 and 3.8. For this experiment, we fixed
the backbone and the RPM with Lmc and Lsc and changed Nθ and Nϕ. In theory,
increasing Nθ and Nϕ should always produce better results. However, in practice,
increasing them faces an issue of high complexity, as can be seen. Using 4/4 and
5/5 of Nθ and Nϕ improves the mAP for 0.9% and 1.7%, respectively. However,
increasing them from 5/5 to 6/6 results in 2.8% of the performance drop, suggest-
ing that too large Nθ and Nϕ make a negative impact on the performance due to
increased complexity. For example, too large Nθ and Nϕ would result in many
sectorswithout any foregroundpoints, leading to biased target values for learning.
Decreasing or increasing Nθ and Nϕ to an extreme, such as 2/8 and 8/2, results
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in a performance drop. This is expected, as too few sectors on one axis increase
complexity. Having 6/4 of Nθ and Nϕ shows a slight improvement of 0.2 in mAP,
suggesting that increasing the number of sectors in the horizontal axis is slightly
more helpful than increasing the number of sectors in the vertical axis.

Despite the variation, all configurations of Nθ and Nϕ still outperform existing
methods in Table 3.2, implying that RID with RPM always improves the perfor-
mance.
Impact of Radial Point Migration is illustrated in Table 3.6. Here, we investigate
the impact of the RPM and each loss for it. The baseline is the model trained
with only RID, excluding RPM. As the baseline model cannot refine the false pos-
itive points inside radial predictions or false negative points outside, as shown
in Figure 3.8 (parts of chairs included as tables), its performance with high iou
thresholds(AP, AP50) are 17.1% and 13.1% worse than the full model. Including
RPM with Lmc leads to 13.3% of improvement in AP, suggesting refinement to
push and pull misclassified points is crucial for the performance. Lsc shows 9.4%

improvement in AP from the baseline, suggesting that focusing on true positive
samples also contributes significantly to learning fine granularity and common
features sharedwithin an instance. As shown in Figure 3.8(column 5,6), adding Lsc

improves the segmentation around the centre of the objects, which was expected
as the true positive samples near the instance centres could be neglected from Lmc

as they are usually inside rays. As Lmc and Lsc target different samples, the full
model combining both Lmc and Lsc shows 20.7% and 15.1% improvements for AP
and AP50, demonstrating the synergy of the two losses.
Impact of Voting Parameters is shown in Table 3.9. In this experiment, we change
the seed and vote numbers inside the backbone while fixing RID and RPM. As can
be seen, a seed number of 1024 produces more reliable results without variation
than 2048, suggesting toomany seed points negatively impact the system. Despite
the slight difference, we observe that changing the seed and vote produces com-
parably small variations of ±0.6 inmAP for all settings.

3.4.7 Failure Cases

As can be seen in Table 3.1, The performance drop of Spherical Mask was ob-
served in classes Bed, Counter, and Cabinet when compared with transformer-
based SOTAmethods, MAFT, andQueryFormer. These objects are usually very big
and require larger receptive field architectures like transformers.

We also found a pattern of certain instances being located very close(< 20 cm)
to each other, which can impose challenges in sharply segregating boundaries. For
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Figure 3.11

example, the top 3 categories found to have the same type of instances around
the most are Picture, Desk, and Bookshelf. On average, a picture hangs with 2.05
pictures on a wall, a desk has 1.07 adjacent desks, usually in an office scene, and a
bookshelf also has 1.29 bookshelves very close, usually in a library scene.

To furtherunderstand this, weplottedmAPconditionedon thenumberof close
instances belonging to the same categories in Figure 3.11. The figure shows the
drop in performance as the number of adjacent instances increases for all the
methods.
Comparison between RID and AABB: The common characteristic of existing
works with the coarse-to-fine approach is based on AABB. As one of the problems
mentioned in Section 3.1, the excessive instance size estimation by AABB brings
a burden to the refinement stage, as a bigger size box could include more back-
ground points to be refined. Therefore, tighter coarse detection is always advan-
tageous for the refinement step, improving the overall performance of the system.
As mentioned in Section (3.3.3), RID offers tighter boundaries for instances than
AABB. To compare AABB and RID, we measure Signal-to-Noise Ratio for spaces
occupied by foreground points compared to the spaces occupied by coarse detec-
tions. Specifically, we create a 3Dgrid, where each grid cell has 0.1m×0.1m×0.1m of
space, and count two numbers: (1) Ncoarse, the number of grid cells inside a coarse
detection. (2) Nforeground, the number of grid cells occupied by foreground points.
We then acquire SNRbydividingNforegroundwithNcoarse, so that the SNReffectively
reflects how tight the boundary is. For example, the higher SNR indicates a tighter
boundary, leading to better performance by making the refinement step simpler
with fewer background points. Figure 3.12 shows the comparisons of AABB and
RID with different Nθ and Nϕ for various instances in ScanNetV2 dataset. As can
be seen, depending on the type of instance, the SNR increases from minimum

62



Figure 3.12: Visually comparing AABB and RID with different configurations of Nθ

and Nϕ for various instances, such as bed, bathtub, chair, desk, sofa, toilet, and
bookshelf. A larger signal-to-noise ratio(SNR) means fewer background points
inside the coarse detection, leading to higher precision for the refinement stage
and thus improving the overall system performance.

12% to maximum 50% from AABB when using 3/3 for Nθ/Nϕ(the second column),
suggesting the advantage of RID over AABB. Increasing Nθ/Nϕ from 3/3(column 2)
to 5/5(column 3) leads to 22% higher SNR in average. The average SNR improves
around 12% by increasing Nθ/Nϕ from 5/5(column 3) to 7/7(column 4).
Additional Discussion on Soft Margin Loss with Tanh During our initial experi-
ments, we found that using the original Soft Margin loss without tanh was found
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to diverge approximately around 80 epochs. However, the proposed use of tanh
stabilized the training and resulted in overall better results. When tested with the
best-performing model(w/o tanh), it resulted in 57.7, 78.0, and 87.9 in mAP, AP50,
andAP25, respectively on ScanNet, which is 4.6 lower inmAPcompared to our final
model.
Additional Discussion onWorld Models Spherical Mask employs Spherical coor-
dinates for an individual object. More specifically, the centre of theobject becomes
the origin, and each object creates it’s own local spherical coordinate. One of the
practical advantages of Spherical coordinates over Cartesian coordinates is the
reduced complexity for regression.

As we define radial sectors, our goal is to make the foreground points inside
each sector move close to the origin (object center) while the background points
move further away. Themovement of each point can be simply performed by only
changing thedistanceparameter in Spherical coordinateswithout considering the
other twoparameters for angles, reducing the regressioncomplexity from3dimen-
sions to 1 dimension for learning. On the other hand, in Cartesian coordinates,
moving points always requires offset prediction in 3D (x,y,z).

3.5 RecentWorks after Publication

After its publicationwith the title "SphericalMask: Coarse-to-Fine 3D Point Cloud
Instance Segmentation with Spherical Representation" in Conference on Com-
puter Vision and Pattern Recognition (CVPR) 2024, there have been three relative
works: OneFormer3D [80], EASE [137] and SGIFormer [186].

3.5.1 OneFormer3D: One Transformer for Unified Point Cloud
Segmentation

OneFormer3D consistently performs instance and semantic segmentation with a
group of kernels based on Transformer. This is different from previous methods
that use a single kernel [158]. Compared to SphericalMask, OneFormer3D is pro-
vided withmore semantic information using the explicit supervision for semantic
segmentation. Also, using the whole input points without sampling combined
with a larger receptive field of the transformer allows the model to learn detail
information of the instances.
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Figure3.13: FlowdiagramofOneFormer3D.Basedon the transformerarchitecture,
the model first extracts the Superpoint features in the point cloud, and learns
Instance Segmentation, Panoptic Segmentation, and Semantic Segmentation si-
multaneously.

3.5.2 Edge-Aware 3D Instance SegmentationNetworkwith Intel-
ligent Semantic Prior (EASE)

EASE employs a powerful language model, CLIP [129], to feed the rich semantic
knowledge as a prior. Additionally, motivated by the fact that existing methods
often struggle to accurately segment edges, EASE introducesEdgePredictionMod-
ule. Compared to SphericalMask, EASE aims to focusmore on learning the seman-
tic information of each class by incorporating the embedding of each class from
CLIP, as can be seen in Figure 3.13. Specifically, the embedding containing rich
semantics fromCLIP is fused with attention output inside theMask Transformer’s
architecture [141] to encourage the learning of the semantics.

Figure 3.14: Flow diagram of EASE [137].
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3.5.3 SGIFormer: Semantic-guidedandGeometric-enhanced In-
terleaving Transformer for 3D Instance Segmentation

SGIFormer addresses the issue of query initialisation problem of Transformer-
based method [141] by introducing an implicit scene aware query initialisation
approach. More specifically, two new modules, such as Semantic-guided Mix
Query (SMQ) initializationand theGeometric-enhanced InterleavingTransformer
(GIT) decoder, are introduced. SMQ facilitates voxel-wise semantic label predic-
tion, where the initial query set can be selected from voxels that have high class
confidence scores. In GIT, the query points belonging to the same instances are
optimized to have similar features, which can help the model catch geometric
information of each instance. Although the architecture is based on the trans-
former and the focus of the work is on learning semantics, GIT has some simi-
larities to SphericalMask. For instance, RPM module of SphericalMask and GIT
of SGIFormer both learn to make the points inside each instance closer to each
other. However, the difference is that RPM module is used as the final prediction
mask, whereasGIT is used as amodule before thefinal prediction to encourage the
learning of the geometric understanding of instances.

Figure 3.15: Flow diagram of SGIFormer [186]

3.6 Conclusion

This section presents Spherical Mask, a novel coarse-to-fine approach for 3D in-
stance segmentation in point cloud. As a coarse detection, the RID module finds
instances as 3D polygons defined with centre and rays. In contrast to existing
coarse-to-fine approaches, the RPM module uses the polygons as soft references
and migrates points efficiently in spherical coordinates to acquire final masks.
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We demonstrate how each module contributes to the instance segmentation and
achieves state-of-the-art performancesonpublicbenchmarksScanNet-V2, S3DIS,
and STPLS3D.

In the next chapter, we address the issue of high annotation cost for object
localisation in changing environments. Specifically, we extend the environment
of object localisation from per-frame to consecutive frames to utilise motion to
findmovingobjects alongwith the technique thatwehave explored in this chapter,
as shown in Figure 1.2. Then, the found objects can be used as pseudo-labels for
training deep learning-based object detectionmodels.
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Chapter 4

Sample, Crop, Track: Self-Supervised
Mobile 3DObject Detection for Urban
Driving LiDAR

This chapter focuses on how tominimise the expensive annotation cost for object
localisation based on deep learning. In particular, despite the superior perfor-
mance of deep learning-based object detection, the limitation in the generalisa-
tion ability of the model hinders the real-world application of object detection
models. We first start by motivating the problem, followed by introducing the
pseudo-label collection approach usingmotion cues tominimise the cost.

In recent years, deep learning has led to great progress in the detection of
mobile (i.e. movement-capable) objects in urban driving scenes. Supervised ap-
proaches typically require the annotationof large training sets; therehas thusbeen
great interest in leveraging weakly, semi- or self-supervisedmethods to avoid this,
with much success. Whilst weakly and semi-supervised methods require some
annotation, self-supervisedmethods have used cues such asmotion to relieve the
need for annotation altogether. However, a complete absence of annotation typi-
cally degrades their performance, andambiguities that ariseduringmotiongroup-
ing can inhibit their ability to find accurate object boundaries. In this chapter,
we propose a new self-supervised mobile object detection approach called SCT.
This uses bothmotion cues and expected object sizes to improve detection perfor-
mance andpredicts a dense grid of 3D-oriented bounding boxes to improve object
discovery. We significantly outperform the state-of-the-art self-supervisedmobile
object detection method TCR on the KITTI tracking benchmark and achieve per-
formance that is within 30% of the fully supervised PV-RCNN++ method for IoUs
<= 0.5.
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4.1 Introduction

Recent years have seen significant improvements in the accuracy and robustness
of 3D object detectors, driven by the ever-improving capabilities of Deep Neural
Networks (DNNs) and the commercial importance of tasks such as detecting vehi-
cles, cyclists and pedestrians for autonomous driving. However, despite the suc-
cess of DNNs, labelling the large datasets that fully supervised methods typically
require has remained cumbersome and tedious.

Many recent semi-supervised [163] and weakly-supervised [207, 29, 179, 28,
197, 119, 46] methods, which annotate only part of the dataset or use only
high-level labels, have been proposed to reduce this burden. By contrast, self-
supervised approaches are less common, owing to the difficulty of detecting ob-
jects without any annotation. One recent work that does use self-supervision is
TCR [53], which groups nearby points with similar motions and applies sophisti-
cateddataaugmentation to learn todetectmobile (i.e.movement-capable)objects
in both 2D and 3D space. However, this approach risks generating inaccurate
pseudo-ground truth boxes when e.g. two nearby objects move in the same way.
Moreover, without a prior notion of the expected object sizes, noise in the esti-
matedmotions can leadpoints to be incorrectly included/excluded fromanobject
or clusters of background points with similarmotions to be undesirably treated as
objects of interest.

In this chapter, we address these issues by using the expected object sizes in
the training set (which we require up-front) and temporal consistency in fitting
boxes acrossmultiple frames tofilter out poor pseudo-ground truthboxes. By con-
sidering the expected object sizes when grouping points, we can avoid generating
pseudo-ground truth boxes of inappropriate sizes, such as those that cover multi-
ple nearby objects with similar motions. Considering the temporal consistency of
fitted boxes across multiple frames helps to filter out further poor pseudo-ground
truth boxes, such as those that are of an acceptable size but overlapmore than one
object. Lastly, to generate accurate pseudo-ground truth boxes for closely located
objects and objects that exhibit limited movement during training, we allow our
model topredict adenseoutput image inwhicheachpixel denotes a candidatebox
(this contrasts with TCR [53], which only considers a subset of the output pixels as
candidates).

Contributions: 1)We use the expected sizes of objects in the training set and
temporal consistency in fitting boxes across multiple frames to filter out poor
pseudo-ground truth boxes. 2) We predict a dense output image in which each
pixel denotes a candidate box, improving the accuracy of the pseudo-ground truth
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Figure 4.1: Comparing our method with PV-RCNN++ [147] on the KITTI [49] and
Oxford RobotCar [110] datasets. For KITTI, where ground-truth annotations are
available, the fully-supervised PV-RCNN++ outperforms our self-supervised ap-
proach. For RobotCar, no ground-truth annotations are available for training PV-
RCNN++, and the KITTI-trained model fails to generalise to the different LiDAR
setups used. By contrast, our self-supervised method does not use ground-truth
annotations and can thus be trained onRobotCar, qualitatively outperforming PV-
RCNN++ for this dataset.

boxes our model can generate. 3) We propose a novel neural-guided sampling
process to choose appropriate candidate pixels from the dense output image to
both improve the efficiency of the training process, and guide the network towards
dynamic objects during training.

4.2 RelatedWork

Many approaches have been proposed to tackle urban driving 3D object detection
over the years. Our ownmethod is entirely self-supervised, so for brevity, we focus
only on the self-supervised literature in this chapter. For recent reviews that survey
the broader field, see [4, 174].

Early work in this area focused on grouping regions in an image to find if they
were the same type as an object of interest [139, 151, 170]. The recent success in
deep learning has led to many new works such as AIR [40], MONet [10], GENE-
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Figure 4.2: Ourproposedapproach (see §4.3). During training,weutilise cues from
multiple successive frames to find potential moving objects. The input to F is
PointPillar [85] based 3D LiDAR point cloud P . In order to find candidate regions
that contain mobile objects, we first sample some regions in the dense grid that
represent the voxelised point cloud. For efficient sampling, we utilised confidence
scores from the detection model (Neural-Guided Sampling). The candidate re-
gions are then cropped using box estimation. Lastly, to investigate the reliability
of the box and filter out false positives, the box is tracked for successive frames to
check its consistency. After the process, the survived box is used as a pseudo-label
to train the detectionmodel. For inference, only a point cloud is needed.

SIS [38], IODINE [51], Slot Attention [106] and SCALOR [70]. Most of these perform
image reconstruction, in some cases using “slots” that are learned to represent an
object or a part of an object using generative modelling. All these methods have
proved to work well on simple datasets but have struggled to handle the com-
plexities of real-world data [53, 5]. In very recent work, inspired by slot attention
techniques, Bao et al. [5] used a weak motion segmentation algorithm to detect
multiple mobile objects in synthesised photorealistic 2D images; however, the
KITTI training code andmodels for this approach have not been publicly released.

Another line of research, which is more related to this work, uses motion cues
to detect objects, assuming that the regions corresponding to each object should
share the same motion. The early works in this direction combined the affinity
matrix from point trajectories based on 2Dmotions in a video and standard clus-
tering techniques to detect objects [8, 43]. These works assumed the camera to
be static. In more recent work, Chen et al. [21] used range images from a moving
camera and processed them through CNNs to detect moving regions by labelling
range data. In another recent work, Track, Check, Repeat [53] (TCR) proposed
an Expectation Maximisation (EM) approach for mobile object detection in the
context of autonomousdrivingbyusingother information suchas ego-motion, 2D
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Figure 4.3: Cropping and box fitting examples. The red dot on each RGB image
indicates a chosen pixel u in B̃ (t ). As per §4.3.3, we crop a set of points from P (t )

around the centre c̃(t )
u of the bounding box denoted by u, for each anchor, and then

fit a 3Doriented bounding box to the croppedpoints. The pedestrian anchor is too
small to capture the entirety of the cars, whereas the vehicle anchor performs far
better; the converse is true for the pedestrian example, where the vehicle anchor
captures too much background. Orange lines show the orientations of the fitted
boxes.

optic flow and 3D LiDAR data. Compared to the proposed work in the thesis, TCR
usesmultiple stagesof trainingboth imageandpointbaseddetectionnetworks, re-
quiring different parameters for each stage. This is because thedetectionnetworks
are sensitive to false positive pseudo labels, which require different thresholds for
detection confidence scores to be considered as pseudo labels. On the other hand,
Sample Crop Track only requires one stage training by utilizing the additional cue
of expected object sizes for each class.

4.3 Method

4.3.1 Overview

Our method attempts to use self-supervision to train a modelF 1 that can predict
oriented bounding boxes around mobile objects in a 3D urban driving scene (see
Figure 4.2) based on PointPillars [85]2. The output ofF is a (downsampled) image
B̃ ∈ RH

s ×W
s ×8, in which s = 4 is the downsampling factor. Each pixel u in B̃ contains

1OurF usesanencoder-decoderarchitecture, inwhich theencoder isbasedonFeaturePyramid
Network (FPN) [96] and ResNet-18 [55], and the decoder is based on CenterNet [36] (without any
pre-trained weights).

2In practice, H = W = 608. The grid is axis-aligned, and corresponds to a 3D volume in LiDAR
space covering points (x, y, z) ∈ P that satisfy 2.5m ≤ x ≤ 40m, -18m ≤ y ≤ 18m and -2.73m ≤ z ≤
1.27m. The three values for each {pixel/grid cell} are based on the heights, intensities, and density
of the points from P in the corresponding grid cell.
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an 8-tuple b̃u = (δ̃u, d̃u, r̃u, κ̃u) denoting a predicted 3D bounding box in KITTI [49]
format. In this, d̃u ∈R3 denotes the (axis-aligned) dimensions of the box, r̃u ∈ [−π,π]

its rotation angle (yaw), and κ̃u ∈ [0,1] its confidence score. The centre c̃u of the
bounding box is specified indirectly as an offset δ̃u ∈ R3 from the centre of the
vertical pillar in the grid that corresponds to u.3

Note that at training time, our method also requires access to sparse depth
images {D (t ) ∈ RH ′×W ′

}, optic flow images {Φ(t ) ∈ RH ′×W ′×2} and 6DoF poses {T w
t ∈

SE(3)}, expressed as transformations from camera space at frame t to world space
w . These are typically available (or easily obtained) in the urban driving setting on
which we focus.4

We draw inspiration from a recent study [53] that showcased the possibility of
training a model using only the labels of actively moving objects and appropriate
data augmentation to detect mobile objects with a similar shape, regardless of
whether or not they aremoving at the time. In our case, the set of shapeswe expect
objects to have must be specified in advance as a set of anchors A. Each anchor
a = (ax , ay , az) ∈ A denotes an axis-aligned bounding box (AABB) of size ax×ay ×az .5

To train F to detect mobile objects without manual annotation, we propose a
multi-stepprocess that is run for each frame (P (t ), I (t )) in the training set to generate
pseudo-ground truth3Dboundingboxes that canbeused to trainourmodel. First,
we compute B̃ (t ) = F (I (t )). Next, we use a neural-guided sampling process (see
§4.3.2) to choose a subset of the pixels from B̃ (t ) to use for self-supervision. Each
chosen pixel u denotes a predicted bounding box b̃(t )

u . We then aim to generate
(see §4.3.3) a pseudo-ground truth box b(t )

u corresponding to each b̃(t )
u that can be

compared to it as part of the loss (see §4.3.4). We now describe this entire process
inmore detail.

4.3.2 Sampling

As mentioned in §4.3.1, the overall goal of our self-supervised approach is to gen-
erate pseudo-ground truth boxes for a subset of the pixels in B̃ (t ), which can then

3This is important, as it implicitly constrains the centres (indirectly) predicted by the network at
the start of training to be within a reasonable distance of the relevant pillars.

4We constructed each D (t ) by projecting the points in the corresponding point cloud P (t ) down
into the image plane (using first the fixed, pre-calibrated transformation SC

L from LiDAR to camera
space, and then perspective projection based on the known camera intrinsics). To obtain the optic
flow images, we followed TCR [53] in training a RAFT [156] model on MPI Sintel Flow [11]. For our
experiments on the KITTI tracking benchmark [49], H ′ was 375, andW ′ was 1242. We computed the
6DoF poses from the OxTS GPS/IMU data provided by the benchmark.

5We used three anchors: pedestrian, cyclist and vehicle. Our pedestrian anchor ap =
(0.45m,1.70m,0.27m) was obtained from [9]. Our cyclist anchor ac = (0.54m,1.90m,1.75m) was de-
rived by adding half the height of the pedestrian anchor to the average dimensions from [107]. Our
vehicle anchor av = (1.88m,1.63m,4.58m) was obtained from [117].
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be used to supervise the training of our model. Empirically, we found generating
a pseudo-ground truth box for every pixel in B̃ (t ) to be prohibitively costly (≈ 1

hour/frame); we thus propose a neural-guided approach to choose a subset of the
pixels in B̃ (t ) to use for self-supervision. Our approach aims to select a mixture
of some pixels whose boxes have high confidence scores predicted by the model
and some whose boxes have lower confidence scores.6 To achieve this, we first
use a threshold τ= 0.08 to divide the pixels into two sets – those whose confidence
κ(t )

u > τ, and those whose confidence κ(t )
u ≤ τ – and then uniformly sample 15 pixels

from each set, resulting in total 30 pixels. The confidence score τ was selected by
referring to the implementation of TCR [53], and selected the value that shows the
best performance among 0.08, 0.25, and 0.5. We chose 30 pixels for subsampling
as this is the maximum size that we could choose with the restriction in the com-
putation resource (i.e. GPUmemory).

Rather than directly using the confidences predicted by the network for these
boxes, we then compute more robust confidence for each box by averaging the
confidences of thebox itself and the 8boxes from B̃ (t ) whose centres are thenearest
neighbours of the box’s centre in 3D. This makes the confidence values for the
boxes more robust to local noise.

4.3.3 Pseudo-Ground Truth Box Generation

Each pixel u from B̃ (t ) chosen as described in §4.3.2 denotes a predicted bounding
box b̃(t )

u centred on the 3D point c̃(t )
u . For each such u, we now seek to generate a

corresponding pseudo-ground truth box b(t )
u that can be compared to b̃(t )

u as part of
the loss (see §4.3.4). The sizes of the pseudo-ground truth boxes we generate will
be guided by the initial set of anchors (expected object sizes) provided by the user
(see §Cropping ).

To generate the boxes, we proceed as follows. For each u and each anchor a, we
crop a set of points Q(t )

u,a from P (t ) around c̃(t )
u (see §Cropping ). We then track the

points inQ(t )
u,a forwards for K frames, resulting in K +1 sets of points {Q(t⇝k)

u,a : 0 ≤ k ≤
K } for each u and a (see §Tracking ). Next, we fit a 3D oriented bounding box (OBB)
to each Q(t⇝k)

u,a , and then use these boxes to choose the best anchor a⋆ (if any) for
each u. For any pixel u with a valid best anchor a⋆, we treat the box fitted toQ(t⇝0)

u,a⋆

as the pseudo-ground truth for u, convert it into the correct space and denote it as
b(t )

u (see §Box Fitting and Selection).
6Sampling high-confidence boxes allows us to continually learn how to predict boxes for the

same objects over time; conversely, sampling low-confidence boxes allows us to discover new
objects in the scene.
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Cropping: For a chosen pixel u in B̃ (t ), denoting a predicted box with centre c̃(t )
u =

(cx ,cy ,cz), wefirst crop a set of pointsQ(t )
u,a fromP (t ) in a vertical cylinder7 around c̃(t )

u

for each user-provided anchor a = (ax , ay , az) ∈ A. The points in P (t ) are in the space
defined by the LiDAR at frame t ; for convenience, we convert them into camera
space at frame t by applying the (fixed, pre-calibrated) transformation SC

L ∈ SE(3)

from LiDAR to camera space. Formally,Q(t )
u,a can then be defined as

Q(t )
u,a =

{
SC

L p : p = (px , py , pz ) ∈ P (t )

and |py − cy | <
ay

2

and
∥∥(px − cx , pz − cz )

∥∥
2 <

∥(ax , az )∥2

2

}
.

(4.1)

Tracking: We next track the points in Q(t )
u,a forwards for K frames to help us to

determine thebest anchor (if any) for eachu (see §4.3.3). Wedenote thepoint track
for an individual point q ∈ Q(t )

u,a as {χ0(q), . . . ,χK (q)}. To calculate it, we first set χ0(q)

to q, and then iteratively compute each χk+1(q) from the preceding χk (q) as follows.
First, we project χk (q), which is in camera space, down into the image plane via
uk = π(χk (q)), in which π denotes perspective projection. Then we compute the
corresponding pixel in frame t + k + 1, namely u′

k+1 = uk +Φ(t+k), find the nearest
pixel u′′

k+1 to it that has a valid depth in D (t+k+1), and back-project this into camera
space to obtain χk+1(q) = π−1

(
u′′

k+1,D (t+k+1)
)
.8 We then use the point tracks for all

the points inQ(t )
u,a to projectQ(t )

u,a forwards into the K subsequent frames, via

Q(t⇝k)
u,a =

{
Q(t )

u,a if k = 0,

{T t
t+kχk (q) : q ∈Q(t )

u,a} if 0 < k ≤ K .
(4.2)

Note that we transform all of the points into frame t here using T t
t+k = (T w

t )−1T w
t+k

since we want all of theQ(t⇝k)
u,a point sets to be in the same frame of reference.

Box Fitting and Selection: Having constructed the point sets as described in
§4.3.3, we next fit to each point set Q(t⇝k)

u,a a 3D oriented bounding box b(t⇝k)
u,a that

has centre c ∈ R3, dimensions d ∈ R3 and rotation angle (yaw) r ∈ [−π,π]. We com-
pute cas themeanof thepoints inQ(t⇝k)

u,a . Tofind r , wefirst applyPrincipalCompo-
nent Analysis (PCA) toQ(t⇝k)

u,a , and let e = (ex ,ey ,ez) ∈R3 denote its first eigenvector.
We then compute r = arctan(ez/ex), as our camera coordinate system has x right,
y down and z forward. We approximate the desired dimensions d as those of the
smallest axis-aligned bounding box (AABB) that encloses the set of points S = {T q :

q ∈Q(t⇝k)
u,a }, where T ∈SE(3) denotes a rigid transformation that translates c to the

origin and rotates by−r around the y axis. Then d canbe trivially calculated by first
7Thus obviating the need to know the yaw of the object a priori.
8This approach can in some cases yield a χk+1(q) that is not a good match for χk (q), e.g. if u′′

k+1
is far from u′

k+1. However, since only sets of boxes based on correct point tracks will survive the
consistency scoring in §4.3.3, we did not observe this to cause a problem in practice.
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Figure 4.4: The use of temporal consistency to decide between pseudo-ground
truth box candidates for objects. Left-to-right, top-to-bottom: choosing candidate
pixelsU = {ur ,up ,ug ,ub}; the fitted boxes b(t⇝k)

u,av
for u ∈U , the vehicle anchor av and

0 < k ≤ 3. The shapes of the red and blue boxes are more consistent over time than
those of the purple and green ones, and so b(t )

ur
and b(t )

ub
will be used as the pseudo-

ground truths for the cars.

definingmini = mins∈S si andmaxi = maxs∈S si for all i ∈ {x, y, z}, where si denotes the
i th component of s, and thencomputingd = (maxx−minx ,maxy−miny ,maxz−minz).

For each chosenpixelu ∈ B̃ (t ), wewill thenhave constructed a set of 3Doriented
boundingboxes {b(t⇝k)

u,a : 0 ≤ k ≤ K } for each anchor a ∈ A. Wenowseek to choose the
best anchor a⋆ (if any) to associatewith eachu, whichwill in turn allowus to define
a pseudo-ground truth bounding box b(t )

u to associate with u for training purposes.
Wewill denote the set of chosen pixels for which best anchors can be found asU (t )

+ ,
and the remaining chosen pixels asU (t )− . To determine b(t )

u , we initially score the set
of boxes associated with each u and a using two criteria: (i) the extent to which the
set of boxes indicates amoving object, and (ii) the extent to which the dimensions
of the boxes in the set remain consistent over time. (Note that wewant to generate
pseudo-ground truth boxes that correspond tomoving objects and are temporally
consistent.) The first criterion can be specified as

moving(t )
u,a =

K∑
k=1

∥∥∥c(t⇝k)
u,a −c(t⇝(k−1))

u,a

∥∥∥
2

, (4.3)

in which c(t⇝k)
u,a denotes the centre of b(t⇝k)

u,a . This computes the distancemoved by
the object over the K +1 frames considered. The second criterion can be specified
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Eval. mAP@IoU
0.1 0.2 0.3 0.4 0.5 0.6 0.7

Self-Supervised

Slot Attention [106] 2D 0.07 0.03 0.01 0.00 0.00 0.00 0.00
SCALOR [70] 2D 0.11 0.07 0.02 0.00 0.00 0.00 0.00
TCR [53] 2D 0.43 0.40 0.37 0.35 0.33 0.30 0.21
TCR⋆ [53] 2D 0.60 0.59 0.59 0.56 0.49 0.40 0.23
Ours 2D 0.79 0.77 0.74 0.72 0.66 0.59 0.41

TCR [53] BEV 0.40 0.38 0.35 0.33 0.31 0.23 0.06
TCR⋆ [53] BEV 0.58 0.58 0.54 0.48 0.42 0.29 0.10
Ours BEV 0.79 0.79 0.76 0.74 0.69 0.62 0.33

Semi-Supervised

3DIoUMatch [163] BEV 0.84 0.84 0.84 0.84 0.84 0.84 0.83

Fully Supervised

PV-RCNN++ [147] BEV 0.98 0.98 0.98 0.97 0.97 0.95 0.95

Table 4.1: Comparing our method’s ability to discover mobile objects to that of
othermethods on the KITTI tracking benchmark [49]. We compare to a number of
recent methods, of which three are self-supervised, one is semi-supervised (with
annotations for 10% of the dataset), and one is fully supervised. TCR denotes the
original version described in [53]; TCR⋆ denotes the improved version published
onGitHub. (We italicise the semi-supervised and fully supervisedmethods, which
are not directly comparable as their access to annotations gives them a significant
advantage.)

as
inconsistency(t )

u,a =
K∑

k=1

∥∥∥d(t⇝k)
u,a −d(t⇝0)

u,a

∥∥∥
2

, (4.4)

in which d(t⇝k)
u,a denotes the dimensions of b(t⇝k)

u,a . This sums variations from the
initial box in the set. We combine both criteria into a single confidence score for
each set of boxes via

κ(t )
u,a =λ1 ×moving(t )

u,a −λ2 × inconsistency(t )
u,a, (4.5)

empirically setting λ1 = 0.4 and λ2 = 0.15.
To try to choose a best anchor a⋆ for u, we nowfirst disregard any anchor a such

that κ(t )
u,a < η, where η is a threshold empirically set to 0.08. We then examine the

number of surviving candidate anchors for u: if no anchors have survived, we add
u toU (t )− ; otherwise, if at least one anchor has survived, we add u toU (t )

+ . If exactly
one anchor has survived, this is chosen as the best anchor; if multiple anchors
have survived, we select the onewith the largest 3D volumeon the basis thatwhilst
smaller anchors may yield slightly higher confidence, owing to the lesser amount

77



Classes Eval. Method Accuracy@IoU
0.1 0.2 0.3 0.4 0.5 0.6 0.7

Vehicle

2D TCR⋆ 0.76 0.73 0.71 0.67 0.59 0.49 0.29
Ours 0.91 0.88 0.84 0.81 0.75 0.67 0.47

BEV TCR⋆ 0.69 0.68 0.64 0.57 0.50 0.35 0.12
Ours 0.86 0.86 0.84 0.82 0.77 0.69 0.39

Pedestrian

2D TCR⋆ 0.28 0.08 0.00 0.00 0.00 0.00 0.00
Ours 0.48 0.25 0.09 0.01 0.00 0.00 0.00

BEV TCR⋆ 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ours 0.28 0.20 0.13 0.08 0.04 0.01 0.01

Cyclist

2D TCR⋆ 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ours 0.90 0.90 0.90 0.90 0.30 0.00 0.00

BEV TCR⋆ 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ours 0.90 0.90 0.60 0.10 0.00 0.00 0.00

Table 4.2: Comparing the per-class accuracies of our method to those of TCR⋆
(the improved version of TCR [53] published on GitHub) on the KITTI tracking
benchmark [49].

Figure 4.5: Qualitatively comparing our method to the state-of-the-art TCR⋆
method (the improved version of TCR [53]) for self-supervised mobile object de-
tection. Seemain text.

of background they contain, the largest anchor has met the threshold and is the
onemost likely to be correct in practice.

We can now define the pseudo-ground truth bounding box b(t )
u for each pixel

u ∈ U (t )
+ with best anchor a⋆ as the box that results from transforming Q(t⇝0)

u,a⋆ back
into LiDAR space using the (fixed, pre-calibrated) transformation SL

C ∈SE(3). (Note
that the pseudo-ground truth boxes must be in the same space as the predicted
ones to compute the loss.)
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4.3.4 Loss Formulation

Our lossL(t ) for frame t canbecalculatedasa sumof terms, eachofwhichcompares
an individual predictedbox b̃(t )

u = (δ̃(t )
u , d̃(t )

u , r̃ (t )
u , κ̃(t )

u )with its correspondingfittedbox
b(t )

u = (c(t )
u ,d(t )

u ,r (t )
u ,κ(t )

u ). As in §4.3.1, recall that the centre c̃(t )
u of b̃(t )

u canbe computed
from δ̃(t )

u , the predicted offset from the centre of the pillar corresponding to u. We
distinguish between pixels inU (t )

+ andU (t )− , supervising only the confidence scores
of the latter. Specifically, we compute

L(t ) = ∑
u∈U (t )

+

(
BL1(c̃(t )

u ,c(t )
u )+BL1(d̃(t )

u ,d(t )
u )+BL1(r̃ (t )

u ,r (t )
u ) +

∥∥κ̃(t )
u −κ(t )

u

∥∥
2

)+ ∑
u∈U (t )−

∥∥κ̃(t )
u −κ(t )

u

∥∥
2 ,

(4.6)

in which BL1 denotes the balanced L1 loss from [120].

4.4 Experiments

Like TCR [53], we experiment on the KITTI tracking benchmark [49], and use
sequences 0000-0009 for training and 0010 and 0011 for testing. We train our
model for 300 epochs, using Adam optimisation with batch size 8, an initial learn-
ing rate of 10−3 and cosine learning rate annealing on Nvidia Titan X GPU. We
then compare with three recent self-supervised methods that can detect objects
in 2D or 3D without requiring ground-truth annotations: (i) Slot Attention [106]
uses reconstruction error to learn a multi-block representation of the scene that
can be used to detect objects within it; (ii) SCALOR [70] is a generative tracking
model that learns to capture object representations from video and enables the
detection of a large number of objects in a complex scene; (iii) TCR [53] first tries to
find candidate regions using RANSAC, then, throughout multiple training stages,
uses 2D-3D correspondence scores for possible object regions as a supervision
signal. To clarify the current performance drop of state-of-the-art self-supervised
methods in comparison to annotatedmethods, we also compare to a recent semi-
supervisedmethod [163] and a recent fully supervised one [147].

4.4.1 Object Discovery

Our first set of experiments compares our method’s ability to discover mobile ob-
jects to that of the other methods we consider. We evaluate both the 3D bounding
boxes predicted by eachmethod (whichwe compare to the 3DKITTI ground truth
boxes) and their projections into the 2D camera images (which we compare to the
2D KITTI ground truth). We refer to the first of these evaluation types as BEV and
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the second as 2D, in line with [53]. To project each predicted 3D bounding box
into 2D, we project its 8 vertices individually into the image plane and then use the
minimum and maximum components of the projected vertices to fit the tightest
possible 2D axis-aligned bounding box around them.

As shown in Table 4.1, our method significantly outperforms the state-of-the-
art self-supervised method TCR⋆ (the improved version of TCR [53] published on
GitHub) in both the 2D and BEV settings. It is also interesting to compare our
performance to the semi-supervised 3DIoUMatch [163], and the fully supervised
PV-RCNN++ [147]. For PV-RCNN++, the model is trained with all of the 16,648

annotated boxes available in our training set (sequences 0000-0009 of the KITTI
tracking benchmark [49]). For 3DIoUMatch, we instead randomly select 1,664 (i.e.
≈ 10%) of these annotated boxes for training.

For IoUs up to 0.5, our BEVmAP is within 20% of that of 3DIoUMatch [163] and
30% of PV-RCNN++ [147], which is encouraging given that ourmethod is unable to
leverage any ground-truth annotations. Moreover, whilst both do greatly outper-
form us at an IoU of 0.7, our BEV mAP, in this case, is still over 3× higher than that
of the previous state-of-the-art TCR⋆ [53].

4.4.2 Per-class Accuracies

Our second set of experiments compares our method’s per-class accuracies (at
different IoUs) to those of the state-of-the-art self-supervised TCR⋆ approach (see
Table 4.2). Bothmethods are self-supervised and do not predict class labels for the
objects they detect; however, we can still calculate per-class accuracies by associ-
ating each predicted boxwith the (labelled) ground-truth boxwithwhich it has the
greatest IoU. Both methods achieve much higher accuracies for vehicles than for
pedestrians/cyclists at all IoU thresholds. However, the accuracies achievedby our
method for pedestrians/cyclists are also much higher than those of TCR⋆, which
almost completely fails for these classes. We hypothesise that this may be partly
a result of the non-rigid motions exhibited by pedestrians/cyclists, which can be
hard to group togetherwithout additional cues. Moreover, thepedestrians/cyclists
are smaller than the vehicles and appearmuch less frequently in theKITTI training
set,making these classesharder fornetworks to learn. Nevertheless, asourmethod
takes advantage of additional cues in the form of expected object sizes and box-
level consistency scores, it is able to achieve at least moderate accuracies even on
thesemore difficult classes (see also Figure 4.5).
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Object Representation Eval. mAP@IoU
0.1 0.2 0.3 0.4 0.5 0.6 0.7

Box 2D 0.79 0.77 0.74 0.72 0.66 0.59 0.41
BEV 0.79 0.79 0.76 0.74 0.69 0.62 0.33

θ=3, ϕ=3 2D 0.79 0.77 0.74 0.74 0.69 0.60 0.41
BEV 0.79 0.77 0.77 0.74 0.71 0.63 0.34

θ=4, ϕ=4 2D 0.81 0.79 0.75 0.75 0.71 0.62 0.43
BEV 0.80 0.80 0.77 0.75 0.72 0.64 0.36

θ=5, ϕ=5 2D 0.78 0.77 0.73 0.72 0.69 0.60 0.42
BEV 0.78 0.78 0.74 0.73 0.70 0.63 0.34

Table 4.3: Quantitatively comparing the performance in mAP when replacing box
representation with Radial Instance Detection (RID). Here, box refers to the per-
formance when using the existing bounding Box as the object representation as in
Chapter 3. θ and ϕ stand for the number of horizontal and vertical preset angles
used.

4.4.3 Impact of Spherical Representation

In this experiment, we investigate how spherical representation could contribute
to the system. To see the effect, we replace the Cartesian-based bounding boxwith
Radial Instance Detection (RID) introduced in Chapter 3, while all other modules
of the system remain the same. We provide two experimental results. Table 4.3
shows the performance in mAP. Here, in order to get the box from RID, we first
extract points inside each radial detectionandfit thebox asdescribed inChapter 3.

Interestingly, when using (θ=3, ϕ=3), the performance in 2D does not improve
compared to the box representation. This is partly because of the box fitting
process that estimates excessive size. For instance, if there are not many preset
angles, each spherical sector needs a long ray that can include all the points inside
the sector. This leads to big box estimation when RID is converted into a box,
which leads to 0.01 mAP lower in 0.1 IoU than using box representation for BEV
detection. However, as the number of preset angles increases, this problem is
alleviated, as can be seen in the cases of (θ=4,ϕ=4) and (θ=5,ϕ=5). In particular,
RID shows superior performance in relatively high precisionmetrics ( IoU >= 0.5),
suggesting that using RID enables more precise detection by learning each part
of an object rather than a whole object as the box. However, as expected, the
learning complexity grows as the number of parameters increases. This leads to
performance degrade in (θ=5,ϕ=5) compared to (θ=4,ϕ=4). The adoption of more
capable architecture, such as Transformer, would improve the performance of a
larger number of parameters.
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Figure 4.6: Flow diagram of DBSCAN++.

4.4.4 Failure Cases

Table 4.2 shows significant performance drops for non-rigid objects, such as
pedestrians and cyclists. This is because the foreground points of these objects
are not considered moving objects due to the unstable motions of foreground
points. For example, when a pedestrian is walking, their hands and legs naturally
move back and forth, which gives a less clear signal than the movement of rigid
objects, leading to false negative pseudo labels of these classes. Another limitation
of Sample Crop Track is the use of expected object size as a prior, which has been
reported to be different depending on the regional preference [165].

4.5 RecentWorks after the Publication

After its publication with the title "Sample, Crop, Track: Self-Supervised Mobile
3D Object Detection for Urban Driving LiDAR" in International Conference on
Robotics andAutomation (ICRA) 2023, there havebeen severalworks in the similar
field: DBSCAN++ [114], LISO [6] and SeMoLi [142].

4.5.1 Motion Inspired Unsupervised Perception and Prediction
in Autonomous Driving (DBSCAN++)

DBSCAN++ formulates the problem into open-set moving object detection from
self-learned scene flow. The scene flow is then used for DBSCAN-based clustering
to acquire pseudo labels. Figure 4.6 shows the steps to acquire pseudo labels.
Similar to Sample Crop Track, DBSCAN++ aims to distinguish static and dynamic
points. However, unlike Sample Crop Track, DBSCAN++ utilizes self-supervised
scene flow estimation, which could perform better points tracking on the given
domain.
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Figure 4.7: Flow diagram of LISO.

4.5.2 LISO: Lidar-only Self-Supervised 3DObject Detection

Similarly, LISO employes self-supervised LiDAR scene-flow estimation and ego-
motion estimation to get pseudo labels. Figure 4.7 shows the steps to train the ob-
ject detector without labels. Compared to Sample Crop Track, LISO employs self-
supervised scene flow estimation for LIDAR. In addition toDBSCAN++, it includes
accurate egomotion estimation steps to acquire dynamic points as the candidate
of pseudo labels. In order to get reliable signals for only rigidmoving objects, LISO
introduces a track optimization technique based on a quadratic regularizer term
to find reliable pseudo labels.

4.5.3 SeMoLi: What Moves Together Belongs Together

SeMoLi leverages scene flow and message-passing networks for class-agnostic
correlation grouping to get pseudo labels, as shown in Figure 4.8. Specifically,
SeMoLi consider point cloud as a graph where each point is a node with motion
feature. The aim of correlation clustering algorithm is then to cut edges to obtain
a set of connected components in successive frames of point cloud for finding
moving objects. Although the approach is similar to DBSCAN++, SeMoLi achieves
the state of the art result by introducing the correlation-based clustering with the
graph. The proposed clustering approach combined with self-supervised scene
flowestimation leads to less false positive pseudo labels compared to SampleCrop
Track.
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Figure 4.8: Flow diagram of SEMOLI.

4.6 Conclusion and Discussion

In this chapter, we propose SCT, amethod for self-supervisedmobile object detec-
tion in urban driving scenes. SCT uses additional cues, such as the expected sizes
of target objects, to estimate pseudo-ground truth boxes and outputs a possible
box for each pixel to improve object discovery. Experimentally, our object discov-
ery results show improvements (for all IoUs) of more than 36% in BEV mAP and
more than 25% in 2D mAP over the state-of-the-art self-supervised TCR⋆ method
(the improved version of TCR [53] published on GitHub) on the KITTI tracking
benchmark [49]. Indeed, for IoUs up to 0.5, we achieve BEV mAP scores that are
within 30% of the fully supervised PV-RCNN++ [147] method, without requiring
any manual annotation. Furthermore, unlike TCR⋆, our method is able to cope at
least to some extentwith trickier classes such as pedestrians and cyclists, although
further work is needed to improve the accuracies for these classes at high IoUs.

Collecting pseudo-labels in this chapter addresses the issue of high-cost anno-
tation when the operation environment continually changes, which reflects the
real world. In the real world, the object localisation model is likely to encounter
diverse environments while accumulating pseudo labels of the encountered en-
vironments. In order to achieve the best performance of the object localisation
model, the accumulated pseudo-labels need a careful strategy for their usage to
train the model. For example, in dry regions, the number of pseudo labels col-
lected on rainy days would be notably smaller than the pseudo labels collected
during sunny days. Directly using all of the pseudo labels for training leads to an
imbalance problem, where themodel would not perform optimally on rainy days.
The next chapter will focus on how to best distribute the newly collected pseudo
labels along with already existing labels tominimise these domain gaps caused by
region-wise differences for object detection.
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Chapter 5

Towards Learning Group-Equivariant
Features for Domain Adaptive 3D
Detection

This chapter explores strategies to distribute pseudo labels and existing labels for
training object detectionmodels. We start by addressing the limitations of the pre-
vious works andmotivate an improved strategy in the context of domain adaptive
3D detection.

The performance of 3D object detection in large outdoor point clouds dete-
riorates significantly in an unseen environment due to the inter-domain gap. To
address these challenges, most existing methods for domain adaptation harness
self-training schemes and attempt to bridge the gap by focusing on a single factor
that causes the inter-domain gap, such as objects’ sizes, shapes, and foreground
density variation. However, the resulting adaptations suggest that there is still a
substantial inter-domain gap left to beminimized. We argue that this is due to two
limitations: 1) Biased pseudo-label collection from self-training. 2) Multiple fac-
tors jointly contribute to how the object is perceived in the unseen target domain.
In this sectionof the thesis,weproposeagrouping-exploration strategy framework
to address those two issues. Specifically, our grouping divides the available label
sets into multiple clusters and ensures all of them have equal learning attention
with the group-equivariant spatial feature, avoiding dominant types of objects
causing imbalance problems. Moreover, grouping learns to divide objects by con-
sidering inherent factors in a data-drivenmanner, without considering each factor
separately as existing works. On top of the group-equivariant spatial feature that
selectively detects objects similar to the input group, we additionally introduce
an explorative group update strategy that reduces the false negative detection in
the target domain, further reducing the inter-domain gap. During inference, only
the learned group features are necessary formaking the group-equivariant spatial
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Figure 5.1: Several factors causing the inter-domain gap, such as the point density
and object volume in NuScenes (Target) and Waymo (Source) datasets, are illus-
trated with the fitted multivariate Gaussian distribution (left). The baseline [183]
adaptation primarily detects objects having features near the mean of the distri-
butions indicated by red circles. On the other hand, the proposed adaptation first
groups objects and explores the target domain to reduce the false negative. The
heatmaps show average recall (right). Objects with extreme sparsity are excluded
for clear visualization.
feature, placing our method as a simple add-on that can be applicable to most
existingdetectors. Weshowhoweachmodulecontributes to substantiallybridging
the inter-domain gaps compared to existing works across large urban outdoor
datasets such as NuScenes, Waymo, and KITTI.

5.1 Introduction

Learning 3D object detection in large outdoor point cloud scenes is of increasing
importancedue to itswide rangeofapplications, suchasautonomousdriving [121]
and Augmented Reality (AR) [89]. However, annotating such 3D data is expensive
and labour-intensive. This limits the applicability and generalization of off-the-
shelf models to diverse real-world applications. To mitigate the dependency on
large-scale datasets with labels, studies for Domain Adaptation (DA) have gained
considerable attention from the community [165, 140, 178, 188, 184, 183, 123, 94,
171, 61, 24]. In the context of 3D detection, DA ismotivated by utilizing knowledge
learned froma sourcedomain to adapt to a target domainusing apseudo-label set.
Typically, in the widely used self-training scheme [184, 183], a detection model is
pre-trained on the source domain and constructs an initial pseudo-label set for
retraining in the target domain. The pseudo-label set progressively expands as
more pseudo-labels are collected after each retraining. Here, the pseudo-label set
consists of detections with high confidence scores. Based on the principle of self-
training, recentexistingworks focusonspecific factors that cause the inter-domain
gap. These can be broadly categorized into domain variations in object sizes [165],
density [61], or geometric structure [94, 123]. Despite goodprogress inbridging the
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inter-domaingap, twochallenges remainunsolved: 1)Biasedpseudo-labels due to
the conservative collection strategy of the self-training scheme 2) Strict separation
ofmultiple factors that jointly contribute to the creationof inter-domaingap. Typi-
cally, inonedomain, agroupofobjects sharingcommonfeaturesoutnumberother
objects having different features, as addressed in existing works [165, 61, 94, 123].
While thismaynot cause a significant performance deterioration in the source do-
main,where theenvironment is similar, it couldcauseabiasunder theself-training
scheme. For example, detection with high confidence scores typically comes from
objects belonging to dominant groups, as they are the ones that the detector learns
themost of in the source domain. As shown in Figure 5.1 (a), the recall of objects in
the target domain is significantly higher when the objects contain similar features
as the dominant objects in the source domain, ignoring other objects. As a partial
solution to this problem, existingworks focus on a single factor only to address the
inter-domain gap, e.g. size or point cloud density. However, as Figure 5.1 shows, a
single factor cannot explain all the domain variation as an object’s appearance is a
result of multiple factors jointly influencing the foreground points.

In this section of the thesis, we address the aforementioned two issues of the
current domain adaptive 3D detection. Our core intuition comes from the fact
that the factors causing inter-domaingapsoftenalready exist in the sourcedomain
to an extent. For example, the density of points often varies due to the distance
and viewing angle of the sensor, even inside a domain. Object sizes and shapes
would also vary even in one single domain. Based on this observation, we aim
to reduce the bias of the detection model to dominant objects by finding groups
and evenly distributing the detector’s attention during learning to all groups that
would be otherwise largely neglected due to less dominant features. Nevertheless,
finding optimal groups that represent the intra-domain gap is not straightforward
because multiple factors jointly contribute to variations in objects’ appearances.
To address this issue, we introduce a data-driven grouping method that finds
object groups with different characteristics. The groups are then progressively
updated for adaptation, redistributing the available labels according to each group
to learn thedifferent characteristics found for eachgroup in the targetdomain. Our
contributions can be summarized as follows:

1. We introduce a new alternative approach for domain adaptation, Group Ex-
plorerDomainAdaptation,GroupExp-DA,which reflectson theavailable labels
in order to understand the target domain, bridging the inter-domain gap.

2. To ensure each object group receives equal attention for learning, we introduce
theGroup-Equivariant spatial feature, which is learned for selectively detecting
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objects similar to the input group, preventing dominant types of objects from
causing imbalance problems.

3. To make the best use of the Group-Equivariant feature’s selective detection
ability depending on the input group, we propose an exploration strategy that
encourages the groups to reflect the target domain by redistributing available
labels, leading to fewer false negatives for the adaptation.

4. Extensive adaptation experiments on KITTI, Waymo, and NuScenes datasets
show the effectiveness of our approach for bridging inter-domain gaps.

5.2 RelatedWork

Point Cloud-based 3D Detection for Outdoor Scene. Existing methods for 3D
point cloud-basedobjectdetectioncanbedivided into twomaincategories: point-
based and voxel-based. Based on PointNet series [125, 128], point-based meth-
ods [127, 149, 149, 126, 185] propose to extract features from unordered and un-
structured raw point-cloud directly. Voxel-basedmethods divide the unstructured
point clouds into regular voxel grids and are fed into encoders either based on
sparse convolution [180, 204, 85, 150, 145, 22, 74, 192] or Transformer [154, 93,
42, 162, 92]. The encoded spatial features, which are also called Bird’s Eyes View
(BEV) features, are then fed into Regional Proposal Networks (RPN) for the final
detection. There are also a few methods that combine point- and voxel-based
methods [146, 147, 168]. Currently, in termsof performance, voxel-baseddetectors
dominate the point-cloud-based 3D detection for outdoor scenes. Therefore, we
employ Second-IoU [180] and PointPillars [85] as the base detectors for our exper-
iments, as they are themost widely used detectors that existing works are built on.

Domain Adaptive Detection. The target of domain adaptive 3D detection is
to mitigate the inter-domain gap between the source and the target by focusing
on several factors, such as object size [165, 140], point cloud deterioration [178],
and the encoder separation for domains [188]. ST3D series [184, 183] propose
a self-training scheme that progressively collects pseudo-label sets in the target
domain for retraining. Built on self-training scheme, DA for 3Ddetection has been
extensively studied toacquirehigherqualitypseudo-labelsbyaddressing the inter-
domain gap caused by geometric shape with prototype learning [123, 94], dense-
to-sparse density variation using knowledge distillation [171], a general density
variation with beam augmentation and knowledge distillation [61], cross-domain
examination to measure the consistency of pseudo-labels [24] and focusing on
specific architecture [194]. A considerable number of existing works focus on a
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single factor, such as density, shape, and size, to bridge the inter-domain gap.
Instead, we attempt to see the inter-domain gap as a result of multiple factors
combined and bridge the gap by finding inherent groups.

Summary Domain adaptive 3D detection methods focus on finding pseudo
labels for self-training. The primary importance of these works is finding reliable
pseudo labels, which will directly affect the adaptation performance in the target
domain. The reliable pseudo labels are typically detections with high confidence
scores acquiredby themodel only trainedon the source domain. Although this ap-
proachhas seen great progress, there exists a risk of biasedpseudo label collection,
as thedetection (pseudo labels)withhighconfidence scores canbe fromdominant
features of objects in the source environment, which isminor in the target domain,
leading to large false negative problems.

5.3 Method

5.3.1 Framework Overview

Following the self-training-based unsupervised domain adaptation scheme [184,
183] for 3D detection, we are given point clouds X = Xs ∪X t and labels Y = Ys ∪Yt as
the initial set. Here, Xs and Ys are point could and box labels of the known source
domain. On the other hand, X t and Yt are the point cloud and initial pseudo label
set in the unlabeled target domain. Yt is collected by the detector trained only
on the source domain using Xs and Ys . A label in Y consists of seven parameters
defining a 3D box with three parameters for centre (x, y, z), three parameters for
size (l , w,h), and one parameter for vertical rotation θ. Our goal is to improve the
detector’s inter-domain adaptation by focusing on the pseudo-label collection.
In particular, instead of treating all available objects in Y equivalently, we aim to
understand objects in Y better by grouping.

Specifically, as depicted in Figure 5.2, we first extract foreground points from
available boxes and learn to encode objects into the object descriptor from the
points (Sec.5.3.2). The descriptors are then used to progressively group objects
(Sec. 5.3.3). Our Group-Region Correlation (Sec 5.3.4) takes the group features
as input and fuses with RPN to selectively detect objects similar to the individual
group.

5.3.2 Object Descriptor Extraction

Given a pair of point cloud x ∈ Rnp×3 and a label set y ∈ Rnb×7 consisting of np

points and nb boxes from X and Y , respectively, this module aims to produce a
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Figure 5.2: The overall pipeline of our proposed method. During training, we
extract foreground points from existing 3D box labels and feed them to the Object
Descriptor Extraction module to acquire object descriptors. The descriptors are
used for grouping & exploration and fed into the Group-Correlation module to
generate RPN to detect objects similar to each group.

learnable object descriptor Fob j ∈Rnb×dob j during training. First, foregroundpoints,
Pob j = {pk

ob j }
nb
k=1 are extracted using y from the input point cloud x. Our object de-

scriptor extractionmodule then takes Pob j as input and outputs object descriptors
Fob j using neural networks consisting of MLP and global max pooling, which are
adopted from [125, 86]. The motivation behind the architectural choice is two-
fold: (1) An arbitrary number of object points, pk

ob j , can be processed efficiently
without involving comparably slow sampling techniques, such as further point
sampling. (2) Global max pooling offers permutation invariant features, which
helps Fob j less prone to overfitting by certain permutations from viewing angles,
etc. During training, Fob j serves as the input for the progressive grouping process
and is not used during inference.

5.3.3 Grouping & Exploration

Determining similarities between objects is a complex problem as intra-object
variations are created by various factors, such as density, shape, size, etc. To
find groups that, when combined, explain this intra-object variation, we utilize
Gaussian Mixture Model (GMM) based grouping for the following advantages: (1)
GMMbetter captures the heterogeneity of data using only a fewmore parameters,
such as covariance and weights, compared to the proximity-based methods. (2)
The parameters that define groups can be efficiently updatedwithweighted linear
combinations and are also differentiable for learning the groups in a data-driven
manner. In the following sections, we explain the details of how the groups are
initialized, determined for each sample, and updated.

Initialization: Given all available pairs of scans and labels, X and Y, we first
extract Fob j from each pair and stack them. All of the stacked {F o

ob j }ntot al
o=1 are then
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used for the initialization. Here, ntot al stands for the total number of pairs in X
and Y. Specifically, we initialize ng groups using K-Means clustering on {F o

ob j }ntot al
o=1 ,

where each cluster forms a group. After this, Maximum Likelihood Estimation
is performed for each group to acquire parameters, such as mean µ ∈ Rng×dob j ,
covarianceσ ∈Rng×dob j×dob j , andweightφ ∈Rng thatdefineaGMM-basedgroup. It is
worthnoting that this initialization is requiredonlyoncebefore the training,which
does not slowdown thewhole training process. In the following, all procedures are
based on a single pair of scan and label, x and y , which can be extended to batch-
wise operation.

Determining Group for New Sample: The probability P k→i of k-th sample
belonging to i-th group is estimated as :

P k→i =
φi N (F k

ob j |µi ,φi )∑ng
t=1φ

tN (F k
ob j |µt ,φt )

, (5.1)

where N (|, ) is the probability density function of multivariate Gaussian distribu-
tion that outputs the likelihood of a sample F k

ob j given mean µ and covariance φ.
The group labels G ∈ Rnb for all the nb samples in Fob j are then acquired using P .
That is, the group labelGk for k-th sample is specifically determined as:

Gk = argmax
i

P k→i (5.2)

Explorative Update during Training: Typically, pseudo-label sets from the
target domain are incorporated into the existing label set from the source domain
and considered as the same label set for training [184, 183], as shown in Figure 5.3
(a). However,weargue that for thedomainadaptation, thepseudo-label set should
be given more weight on its usage than the source label sets because they con-
tain inherent features of the target domain, which can be used to understand the
target domain in terms of objects’ appearances. To address this, we introduce an
explorative group update strategy using pseudo-labels. For i-th group, its mean
µ̂i ∈Rdob j , covariance σ̂i ∈Rdob j×dob j , and thegroupweight φ̂i areacquiredas follows:

µ̂i = 1

nb,i

nb,i∑
k=1

F k
b,i , σ̂i = 1

nb,i

nb,i∑
k=1

(F k
ob j ,i − µ̂i )(F k

ob j ,i − µ̂i )T , φ̂i = nb,i

nb
, (5.3)

where Fob j ,i is a subset of Fob j that belong to i-th group usingG in Eqn. 5.2 as:

Fob j ,i = {F k
ob j |Gk = i }, (5.4)

and nb,i is the number of samples in Fob j ,i . Similar to the update rule for prototype
learning [123], each groupparameters are updatedwith the linear combination as:

µ=αµ+ (1−α)µ̂, σ=ασ+ (1−α)σ̂, φ=αφ+ (1−α)φ̂, (5.5)
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Figure 5.3: Conceptual diagram comparing pseudo-label generation processes of
(a) baseline [184, 183] with our (b) grouping followed by (c) the explorative update
using pseudo-labels.

whereα is a coefficient that affects how conservatively each parameter is updated.
After the update, µi is considered as a representative of i-th group and utilized as a
query input for generating group-equivariant spatial features. Accordingly, during
training, the samples that belong to the i-th group are used as the foreground
boxes. Intuitively, this process distributes source labels according to the groups
found in the target domain so that the source labels are used for learning to find
similar objects in the target domain, as shown in Figure 5.3 (b) and (c).

For training, to ensure that the groups learn to be distinctive enough, we adopt
inter-group repel [94] based on the contrastive loss.

Lr ep =
ng−1∑
i=1

ng∑
j=i+1

max(0,cos(µi ,µ j )), (5.6)

where cos(, ) is a function that calculates cosine-similarity between two inputs. In
addition, to encourage similar features for group cohesion, intra-group attraction
loss, Lat t is used:

Lat t =
ng∑

i=1

nb∑
k=1

(1− cos(F k
ob j ,µi ))1[Gk = i ], (5.7)

where 1[Gk = i ] is an indicator function that is 1 if Gk = i and 0 otherwise. Dur-
ing the inference, only the learned µ is necessary for the following Group-Region
Correlation.

5.3.4 Group-region Correlation

In a typical voxel-based 3D object detector’s pipeline, voxelized points are fed into
the backbone, which outputs the spatial feature Fbev ∈ RH×W ×dbev , as shown in
Figure 5.2. Fbev is then fed into RPN to make final box predictions. Given input
group queries µ = {µi }

ng

i=1,µi ∈ Rdob j and Fbev , Our Group-Region Correlation aims
at producing the spatial features Fcbev ∈ Rng×H×W ×dbev that are equivariant to the
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group query so that Fcbev provide selective features for detecting objects similar
to each group. In the following sections, we explain how each group and spatial
feature are correlated and then used by RPN to detect the corresponding objects.

Group Equivariant Spatial Feature: The aim of the Group-Region Correlation
module is tomake spatial features Fbev selectively attend to objects that are similar
to the query group. The following RPN then detects only certain objects that are
similar to the query group. To achieve this, we utilize cross-attention with µ as
query and Fbev as key and value to encourage features from µ and Fbev to cross-
attend to generate necessary features. Intuitively, µ is compared to Fbev to find the
object that is similar to each group. For i-th group, the attended group-equivariant
spatial features F i

cbev ∈RH×W ×dbev are acquired as:

F i
cbev = c At tn(µi ,Fbev ,Fbev ), (5.8)

where c At tn(.) refers to the cross attention [159] that takes query, key, and value
as input and outputs the cross-attended feature. Here, µi is the i-th query in µ.
The group-equivariant spatial features Fcbev can then be fed into any existing RPN
strcutures [180, 37, 85] to detect foreground objects for each group. The ground-
truth boxes in y that belong to the i-th group are utilized as the foreground boxes
for F i

cbev to train the following RPN.
Regional Proposal Network (RPN): Following the general architecture of

RPN [180, 85], our objectness and box regression heads take Fcbev ∈ Rng×H×W ×D as
input and predict objectness scores Fcl s ∈ Rng×H×W ×1 and box parameters Fbox ∈
Rng×H×W ×7 to form 3D boxes on the dense spatial grid corresponding to Fcbev .

For the training of i-th group, standard training losses for RPNbased detection,
Li

det , are applied as existing works [180, 85, 150, 145, 22, 74, 192]. Specifically, given
the box labels y i , F i

cl s and F i
box are used for calculating first-stage box detection

training loss, Ldet1, as:
Li

det1 = Li
f ocal +Li

box , (5.9)

where L f ocal stands for Focal Loss [97] and Lbox is box regression loss. Here, the
foreground labels and regression targets for L f ocal and Lbox are calculated using
y i depending on the individual base detectors’ configurations. Similarly, for the
second-stage box refinement training, Fcbev is used with Fcl s and Fbox for RoI Pool-
ing. Then, the pooled features are fed into the classification or box regression
head for refinementwith architectures depending on the detectors to calculate the
second stage loss Li

det2. The detection loss for all groups, Ldet , is then acquired by
iterating over all groups as:

Ldet =
1

ng

ng∑
i=1

Li
det1 +Li

det2. (5.10)
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5.3.5 Overall Training

Apart from Lr ep and Lat t for grouping, our overall training losses are defined the
same as the general RPN learning for detection.

L =λ1Lr ep +λ2Lat t +λ3Ldet (5.11)

Using L, we train our system following the self-training scheme [184, 183].

5.4 Experiments

5.4.1 Datasets

We evaluate ourmethods against various baselines across three different datasets,
suchasKITTI [49],NuScenes [12], andWaymo [153]. KITTI contains 7481 framesof
point clouds for training and validation, and all the data is collected with 64-beam
Velodyne LiDAR. NuScenes dataset contains 28130 training and 6019 validation
point clouds collectedwitha32-beamroofLiDAR.Waymodataset contains 122000
training and 30407 validation frames of point clouds collected with five LiDAR
sensors, i.e., one 64-beam LiDAR and four 200-beam LiDAR.

5.4.2 Implementation Details

For a fair comparison with existing domain adaptive 3D detection methods, we
build our model on two base detectors, Second IoU [180] and PointPillars [85],
following [184, 183, 94, 61], that are widely used and applicable to most recent
detectors with the implementation based on OpenPCDet [155] and parameters
from ST3D [184]. Following [94], we first train each detector for 30 epochs with
batch-size 12 as a pretraining step using a single NVIDIA A10 GPU. In the self-
training stage,we train30moreepochs for the tuning toadapt to the targetdomain.
The learning rate is set to1×10−3 usingAdamoptimizerwithCosineannealing [191]
for scheduling the learning rate. The feature dimensions dbev and dob j for Fbev and
µ are both set to 512 for c At tn. α for updating the group parameters is empirically
set to 0.8. λ1, λ2, and λ3 are set to 0.5, 0.5, and 1.0, respectively.
Details of Self-Training Implementation: For each cycle of the self-training, we
train our system for 2 epochs using L in Eqn. 5.11 and collect the pseudo-label sets
to merge into Y using the model’s inference. Here, the collection of the pseudo-
labels takes place in the training set of the target domain. Utilizing the new Y , we
progressively train the detector for nse epochs again and iterate the same process.
The confidence score of the detection to be considered as the pseudo label is set to
0.5, and nse is set to 2 epochs.
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5.4.3 ComparingMethods

We compare recent existing 3D domain adaptive detection methods, such as
SN [165], 3D-CoCo [188], ST3D [184, 183], GPA-3D [94], REDB [24], and DTS [61]
with our proposed method. As our method is based on self-training, we set
ST3D [184] as our baseline and showexperimental results by comparingwithmore
recent methods. Additionally, we also illustrate the performance of the oracle
models, which refer to a fully supervisedmodel on the target domain directly as an
upper bound. Following themost recent works [94, 61], all methods are compared
in three adaptation scenarios focusing on the "car" class: (1) Waymo→NuScenes
(2) NuScenes→ KITTI (3) Waymo→ KITTI.

5.4.4 EvaluationMetric

Following [184, 183, 94, 61], we adopt Average Precision (AP) as our primary evalu-
ationmetric and evaluate ourmodel on Bird-Eyes-View (BEV) IoU, APBEV, and 3D
Box IoU, AP3D, with 40 varying recall points and 0.7 as the IoU threshold.
Quantitative Results •Waymo → KITTI Table 5.1 (first task) shows the quan-
titative results of 3D detection in APBEV and AP3D. When using Second-IoU
as detector [180], our proposed method outperforms the baseline ST3D series
for 4.75/11.88 in APBEV/AP3D, respectively. Compared with the SOTA method,
DTS [61], 1.14/2.21 improvements are made. When using PointPillars as the base
detector [85], our approach gains 2.34/3.91 improvements compared to the best-
performingmethod, GPA-3D [94].

•NuScenes→ KITTI As shown in Table 5.1 (second task), our approach shows
2.28/5.53 performance gains in terms of APBEV/AP3D with Second-IoU [180] as
the base detector. Compared with SOTA DTS [61], 1.38/1.33 improvements are
acquired. With PointPillars [85] as the base detector, our approach exceeds the
baseline and DTS by 21.49/41.74 and 2.39/1.04, respectively.

•Waymo → NuScenes Table 5.1 (third task) illustrates the adaptation results.
Our approach outperforms the baseline and the best-performing method by
8.55/5.72and3.27/2.91 in APBEV/AP3D, respectively,withSecond-IoUas thedetec-
tor. Similarly, with PointPillars as the detector, 14.89/7.84 and 32.8/1.94 improve-
ments are gained compared with the baseline and SOTA in terms of APBEV/AP3D.
Qualitative Results Figure 5.4 compares the 3D detection results of the base-
line [184], DTS [61] and our methods. Due to the conservative pseudo-label
selection policy and absence of methods addressing variations in object size or
foreground density, the baseline struggles to detect objects with comparably less
common sizes or further away with different densities (red circles in 1st row (b)).
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Table 5.1: Quantitative comparisons of the recent domain adaptive 3D detection
methods on three adaptation scenarios. The best-performing method is in bold,
and the second best-performingmethod is underlined.

Task Methods SECOND-IOU PointPillars
APBEV/AP3D Closed Gap APBEV/AP3D Closed Gap

Waymo→ KITTI

Source Only 67.64/27.48 - 47.8/11.5 -
SN [165] 78.96/59.20 72.33/69.00 27.4/6.4 -55.14/-8.49

3D-CoCo [188] - - 76.1/42.9 76.49/52.25
ST3D [184] 82.19/61.83 92.97/74.72 58.1/23.2 27.84/19.47
ST3D++ [183] 80.78/65.64 83.96/83.01 - -
GPA-3D [94] 83.79/70.88 103.19/94.41 77.29/50.84 79.70/65.46
REDB [24] 80.37/54.12 - - -
DTS [61] 85.80/71.50 115.9/95.7 76.1/50.2 76.50/64.4
Ours 86.94/73.70 123.2/100.4 78.44/54.11 82.81/71.0
Oracle 83.3/73.5 - 84.8/71.6 -

NuScenes→ KITTI

Source Only 51.8/17.9 - 22.8/0.5 -
SN [165] 59.7/37.6 25.1/35.4 39.3/2.0 26.6/2.1

3D-CoCo [188] - - 77.0/47.2 87.4/65.7
ST3D [184] 75.9/54.1 76.6/59.5 60.4/11.1 60.6/14.9
ST3D++ [183] 80.5/62.4 91.1/80.0 - -
REDB [24] 74.23/51.31 - - -
DTS [61] 81.4/66.6 94.0/87.6 79.5/51.8 91.5/72.2
Ours 82.78/67.93 98.3/90.0 81.89/52.84 95.3/73.6
Oracle 83.3/73.5 - 84.8/71.6 -

Waymo→NuScenes

Source Only 32.91/17.24 - 27.8/12.1 -
SN [165] 33.23/18.57 1.69/7.54 28.1/12.98 2.41/4.58

3D-CoCo [188] - - 33.1/20.7 25.00/44.79
ST3D [184] 35.92/20.19 15.87/16.73 30.6/15.6 13.21/18.23
ST3D++ [183] 35.73/20.90 14.87/20.76 - -
GPA-3D [94] 37.25/22.54 22.88/30.06 35.47/21.01 36.18/46.41
REDB [24] 30.12/18.56 - - -
DTS [61] 41.2/23.0 43.7/32.80 42.2/21.5 67.9/49.0
Ours 43.84/24.42 57.56/40.66 44.31/22.15 77.88/52.34
Oracle 51.9/34.9 - 49.0/31.3 -

Moreover, somedominant object shapesmake the detector overfit, leading to false
positive detection of road structure (red circles in 2nd row (b)). DTS [61] improves
the inter-domain density variance problem presented in the baseline. However, it
still encounters the overfitting problem to certain geometric shapes in the source
domain, leading to the same false positive detection of the road structure as the
baseline (red circles in 2nd row (c)). Moreover, despite the training for foreground
density invariant, the objects appearing sparse due to the distance remain false
negative (red circles in 1st row (c)) in DTS. The observation suggests that another
factor, in addition to the foreground density, causes the inter-domain gap. On
the other hand, our proposed method improves both false positive and negative
detections, demonstrating amore robust adaptation ability thanDTS, which is the
best-performingmethod. Figure 5.7 showsmore visualizations ofWaymo→KITTI
adaptation.
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Figure 5.4: Qualitative comparison of Baseline ST3D [184], DTS [61] and ours on
NuScenes to KITTI adaptation scenario (top) and Waymo to NuScenes(bottom)
adaptation scenarios.

Table 5.2: Impact of each component in APBEV and AP3D on Waymo to NuScenes
adaptation.

Group Lat t Lr epel Exp. Up. APBEV AP3D
(a) 35.92 20.19
(b) ✓ 39.48 22.66
(c) ✓ ✓ 40.82 23.14
(d) ✓ ✓ 41.14 23.61
(e) ✓ ✓ ✓ 41.64 24.55
(f) ✓ ✓ ✓ ✓ 44.47 25.91

Table 5.3: Impact of grouping methods and the group parameter updating coeffi-
cient α on NuScenes to KITTI adaptation.

5.4.5 Ablation

Impact of Each Component Table 5.2 shows the impact of each component in
Waymo→NuScenes adaptation using Second IoU [180] in terms of APBEV/AP3D.
For this experiment, we progressively add each core component to the baseline
(a) to see how they affect the performance. As grouping ensures every group has
similar attention during training and prevents only a few dominant object types
from having high confidence scores, it significantly improves the performance
9.91%/12.23% from the baseline. From this result, Lat t (c) and Lr epel (d) improve
3.39%/2.11% and 4.20%/4.19% respectively, suggesting that making the groups dis-
tinctive has more impact than making the intra-group cohesive. This is expected
because, during the group-equivariant RPN training, samples inside each group
are already learned tobe cohesive against thebackground, and samples fromother
groups are indirectly supervised to be close to each other. Nevertheless, when
combined in (e), Lat t andLr epel improves 15.92%/21.59% from thebaseline, demon-
strating the synergy of the two losses. On topof this, the explorative update consid-
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Proximity-based GMM-based
APBEV AP3D APBEV AP3D

α=0.4 79.82 64.77 81.37 66.95
α=0.6 81.02 65.63 82.29 67.52
α=0.8 81.61 66.20 82.78 67.93
α=0.99 81.95 66.83 81.80 66.86

Table 5.4: Impact of groupingmethods and α on NuScenes to KITTI adaptation.

Figure 5.5: Impact of ng on three adaptation scenarios in AP3D. Here W → K , N →
K , andW → N refer toWaymo→KITTI, NuScenes→KITTI, andWaymo→NuScenes
adaptations.

erablyboosts theperformanceby 23.80%/28.33%, proving thatusing samples found
in target (pseudo-labels) for the update further reduces the inter-domain gap, as
can also be seen in Figure 5.6 (a group of FN in the middle disappears in the right
figure).

Impact of the number of groups ng is illustrated in Figure 5.5 in AP3D for all
adaptation scenarios presented in Section 5.4.4. For this experiment, we include
all components with the same hyper-parameters and only change ng to see the
impact. As can be seen, increasing ng improves the performance, reaching the
top around when ng is set to 4. In principle, having many groups would make
the group-equivariant RPN discover more object types while ensuring the same
attention for each group during learning. However, in practice, the performances
start decreasing when ng is set around 6, suggesting that having too many groups
increases the risks of overfit problems due to a small number of objects in each
group or underfit problems due to high complexity for learning Fcbev .

EffectofGMMbasedGroupingand thegroupparameterupdating coefficient
α are illustrated in Table 5.4 to compare: (1) Proximity-based grouping and (2)
GMM-based grouping with varying α. For the proximity-based grouping, we dis-
card σ and φ from GMM, and determine the group of each sample as the closest
µ from the samples using L2 distance while all other configurations stay the same.
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Figure 5.6: Comparison of DTS [61] (left), ours without explorative update (mid-
dle), andourswith explorative update (right) inWaymo→NuSceneswith t-SNEvi-
sualization. Here, the foreground features are extracted using ground-truth boxes
using Fbev for DTS and Fcbev for ours.

Figure 5.7: Qualitative comparison of Baseline ST3D [184], DTS [61] and ours
on Waymo to KITTI adaptation scenario (top) and Waymo to NuScenes(bottom)
adaptation scenarios.

As can be seen, GMM-based grouping constantly shows better performances in
both APBEV/AP3D in allα. This is due toσ andφ that preserve the characteristics of
eachgroupmore compared toonlyµbasedonpreviously seen samples, improving
the stability during learning with similar objects grouped together. Additionally,
setting α too large or small degrades the performances, as small α discourages the
explorative update, while too large α could result in instability as the input µ for
training RPN constantly changes more. Also, setting α = 0.6 results in 0.49/0.66
higher in APBEV/AP3D compared to setting α = 0.99, suggesting the advantage
from exploration surpasses the stability. Interestingly, unlike GMM-based group-
ing, setting higher α constantly shows increasingly better performance with the
proximity-based grouping, proving inherent instability without σ and φ. Never-
theless, in nearly all the configurations ofα, theGMM-based grouping persistently
outperforms the best-performingmethod, DTS [61].
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Task Methods Second-IOU PointPillars
APBEV AP3D APBEV AP3D

Waymo→ KITTI

Box 86.94 73.70 78.44 54.11
θ=3, ϕ=3 87.11 73.81 78.98 54.33
θ=4, ϕ=4 87.04 73.78 78.73 54.24
θ=5, ϕ=5 87.96 73.67 78.65 54.22

NuScenes→ KITTI

Box 82.78 67.93 81.98 52.84
θ=3, ϕ=3 82.84 68.10 82.14 52.96
θ=4, ϕ=4 83.02 68.15 82.20 52.99
θ=5, ϕ=5 82.91 68.07 82.01 52.81

Waymo→NuScenes

Box 43.84 24.42 44.31 22.15
θ=3, ϕ=3 43.87 24.43 44.30 22.14
θ=4, ϕ=4 43.81 24.39 44.30 22.14
θ=5, ϕ=5 43.75 24.31 44.25 22.07

Table 5.5: Quantitative comparisons of Box and Spherical representation, Radial
Instance Detection (RID), for the domain adaptation tasks. Here, Box in Methods
indicates the performance using the existing bound box as object representation.
θ and ϕ stand for the number of preset angles (spherical sectors) used for RID.

5.4.6 Failure Cases

Theproposedmethodstruggles todetectobjectswithextremely sparse foreground
points (black circles in 2nd row), as shown in Figure 5.4, because those objects do
not contain distinctive features to being well-learned as groups due to extreme
sparsity, which remains as one of the challenges to be explored. A potential ap-
proach would be to use a generative model, such as Diffusion [58], for artificially
densifying the points of the objects by imitating the ranging sensor’s scanning
pattern.

5.4.7 Applying Spherical Representation

In this experiment, we investigate how Radial Instance Detection (RID) based on
spherical representation affects the adaptation system. We replace the Cartesian-
based bounding box with RID in Chapter 3 while all other modules of the system
stay the same. Table 5.5 shows the performance of domain adaptation perfor-
mance in mAP. Here, similar to Chapter 4, we first extract points inside each de-
tection from RID and fit the box. Notably, RID contributes more to source envi-
ronments that are less complex. For example, when the source domain is Waymo,
where the variation in objects is larger, the improvement in mAP quickly stops at
(θ=4,ϕ=4), as more parameters lead to higher learning complexity. However, in a
comparably less complex source environment, such as NuScenes, the improve-
ment is made with more parameters (θ=4,ϕ=4). Despite the fact that the degree
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of improvement depends on the source environment, using RID, in particular for
(θ=3,ϕ=3), leads to performance improvement in almost all adaptation scenarios,
suggesting that RID improves themodel’s understanding of object for localization.

5.5 Conclusion and Discussion

In this chapter, we present GroupExp-DA that learns object groups, which can be
used to bridge the inter-domain gap with (1) less bias by the dominant objects
in the available label sets and (2) consideration of multiple factors for creating
inter-domain gaps in a data-drivenmanner. This is achieved by utilising the group
equivariant spatial features that connect the group feature and spatial features to
be learned together with the existing detection loss function.

This chapter incorporates the improved object localisation system fromChap-
ter 3 and the concept of collecting pseudo labels for unlabeled environments in
Chapter 4 to address the continual object localisation in the formulation of the
domain adaptation. The focus of this chapter is to explore the strategy tomake the
bestuseofnewlyaddedpseudo labels alongwithexisting labels toavoid imbalance
problems caused by dominant types of objects. Furthermore, to get a step closer
to real-world applications with diverse environments, the scale of environments
in this chapter is expanded to different regions.
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Chapter 6

Conclusions and FutureWorks

This thesis has explored learning-based object localisation, focusing on overcom-
ing the limitations of continual learning for real-world applications.

In contrast to the image-based localisation techniques, object localisation in
3D has inherent challenges due to the data type (point cloud), as mentioned in
Chapter 2, which makes it hard for the DNNs model to generalise. Chapter 3
addresses this issue to first improve the performance of the object localisation sys-
tem by adopting the spherical coordinate system as opposed to a commonly used
Cartesian system,which provides two critical benefits for the coarse-to-fine object
localisation approach. We propose SphericalMask, addressing the two limitations
of existing object localisation methods: 1) Excessive box size estimation and 2)
Error accumulation from the coarse detection to the refinement stage. Spherical
Maskdemonstrates itsperformance in several challengingpublicbenchmarks that
require precise object localisation, such as point cloud instance segmentation. In
addition to the precision, Spherical Mask also shows competitive execution speed
and memory usage compared to other relevant works. Despite the progress, the
challenges forpoint cloud-basedobject localisation remainclear. First, the current
state-of-the-art deep learning-based point cloud instance segmentationmethods
suffer from high complexity when applied to dynamic outdoor scenes due to their
query-based inference architectures. The superiority of spherical representation
is also presented in the following studies in Chapters 4 and 5. For example, their
common assumption is that, given a point cloud, the initial query points have to
be densely located somewhere near objects are located. However, in complex and
large outdoor point clouds, there are many objects, such as cars and pedestrians,
having very sparse points on their surfaces due to the distance from the sensor,
viewing angles, or occlusions. This will lead the initial query points to be either
not locatednear themor sparsely located, leading to large false negative problems.
A potential promising direction to address this issue is the coarse-to-fine archi-
tecture that combines detection and segmentation. For example, the commonly
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used voxel grid-based featuremap is known to handle the outdoor scene better for
coarse localisation, such as detection, by learning the surrounding information,
although it is unable to provide detailed features for fine-grained segmentation
masks. The coarse boxes can thenbe refinedusing deeper featureswith the careful
design choice to be able to cut the error accumulation from the boxes as addressed
in Chapters 4.

Chapter 4 explores methods for acquiring annotations from motion cues to
improve continual object localisation. In particular, it addresses the issue of un-
sustainable human annotation in a continuously changing real-world road envi-
ronment. The proposed method utilises optical flow, ego-motion, and expected
object sizes of themoving vehicle to findmoving objects. More specifically, to find
candidates for moving objects, scene flow is used to compare motions with the
egomotion to find independent motions. Each region with independent motions
in the point cloud is then extracted and used for box fitting. The fitted boxes are
tracked for multiple frames to check consistency. The surviving boxes are used to
train an object detection model with heavy augmentation for colour and size in
order to detect the same type of objects that are both static and moving. Despite
its applicability, a remaining challenge to be addressed is that its performance is
upper bounded by themotion estimationmodels, which has clear advantages and
disadvantages due to the inherent characteristic of the sensor that they use, i.e.
camera. More specifically, the dense pixel-based features that cameras produce
normally show robust performance in different shapes and colours of objects.
However, it is unable to deliver the same robust features during the night when the
light conditionchanges. This challengecanbepotentially addressedbycombining
camera-based motion estimation with LiDAR-based motion estimation, which
shows robust performance regardless of the light conditionwhen the environment
is not complex and does not havemanymoving objects.

Chapter 5 studies a domain adaptationmethod to effectively use existing labels
and pseudo labels from Chapter 4 for continuous object localisation. In order
to learn the domain gaps caused by different object sizes, shapes, and densities,
the proposed method first divides existing labels into groups that have different
features that cause domain gaps in a data-driven manner. Since each group con-
tains objects of different sizes, shapes, and densities, it encourages the learning
of internal variation from available annotations that reduce false negatives in the
target domain. Furthermore, the pseudo-labels collected from the target domain
are used to update groups that can best represent the changing environment. The
performance of the proposedmethod is evaluated in challenging outdoor datasets
such as Waymo, NuScenes, and KITTI. A lesson learned during the project is the
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importance of continuous learning for domain adaptative detection. Although the
current domain adaptation technique is advancing, themethods require the initial
inter-domain gap to be in tangible distance. For example, even in the same region,
the change in weather creates challenges if the system is directly given the dataset
under sunnyweather as the source domain and the dataset under rainyweather as
the target domain, as objects in similar categories could exhibit substantially dif-
ferent features due to the change in light condition or object surface’s reflectance.
However, when the system is given sunnyweather as the source and the transition
period from sunny weather to rainy weather as the target, the domain adaptive
detection shows robust performance, as the two environments exhibit higher sim-
ilarities, which minimises the false negatives during the pseudo-label collection
process. Then, the self-trained system can be adapted to the rainy weather as the
target domain. This highlights the importance of continuous learning for the real-
world deployment of the point cloud-based object detection system.

6.1 Potential Future Research Directions

The work of my DPhil opens up several interesting directions.

6.1.1 Multi-modal Object Localisation

Sensors have their own characteristics, which means one type of sensor can pro-
duce distinctive object features while other sensors cannot, depending on the en-
vironment. For instance, LiDAR produces good features for precise depth butmay
struggle in adverse weather conditions due to adverse reflection, while cameras
can capture detailed visual information but may falter in low visibility conditions.

In order to achieve reliable and long-term object localization, it is crucial to
integratemultiple sensormodalities, leveraging their complementary strengths to
enhance overall robustness. An expected challenge is to determine which sensors
to rely on indifferent scenarios, as somesensors couldproducenoisy signals under
certain conditions. This noise can adversely impact the performance of detection
and segmentationmethods, leading to inaccuracies.

Another interesting aspect would be to quantitatively assess how each sensor
and its specific characteristics contribute to performance in different environ-
ments. This involves conducting detailed studies to measure the impact of each
sensormodality on the accuracy and reliability of object localizationunder various
conditions. Such research can inform the development of strategies for optimal
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sensor fusion, where the strengths of different sensors can be systematically max-
imized, and their weaknesses are minimized. This quantitative analysis has been
relativelyunderexploredbutholds thepotential to significantly advance thefieldof
long-termmulti-modal object localization. Moreover, the findings from this study
could significantly contribute to the development of more effective sensor fusion
algorithms and next-generation sensors.

6.1.2 Tracking and Reidentification

One of the challenges in long-term object localization is outdoor reidentification,
which requires a robust feature for the association of objects that regularly disap-
pear in the scene or occasionally due to occlusion. Unlike state-of-the-art meth-
ods that have been effectively deployed for reidentification in controlled envi-
ronments, such as indoor face recognition, long-term reidentification in dynamic
outdoorenvironmentsposes significantchallenges for real-worldapplicationsdue
to several challenges.

First, the outdoor environment is inherently dynamic and unpredictable com-
pared to the relatively controlled settings for face recognition. For instance, vari-
ables such as changing lighting conditions andweathermake it difficult to consis-
tently capture and utilize distinctive features for identifying individuals.

Another challenge lies in the necessity to selectively ignore certain features that
are not reliable for reidentification. For example, in pedestrian identification, an
individual’s clothing can vary significantly day by day. Such changes can alter the
visual perceptionof the individual inRGB features andmodify thepattern readings
from range sensors, leading to potential false reidentifications. To address this
challenge, exploring novel features, such as behavioural patterns of individuals
interacting with the environments, could provide a robust feature for reidentifi-
cation. This research direction promises the way for future developments in au-
tonomous systems, surveillance, and various applications for outdoor scenarios.
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