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Abstract

In recent years, autonomous driving has witnessed substantial advancements, owing

in part to the rapid advancement of 3D sensor technologies, particularly Light Detection

and Ranging (LiDAR) sensors.Despite these advancements, the challenge of open world

autonomous driving remains a pressing issue that requires resolution. This encompasses

the need for dependable and resilient 3D perception across a multitude of environments.

Particularly, point cloud is irregular, unordered, and continuous with large data size, which

presents unique challenges for its real-time processing. Another major challenge came from

the perception system’s inability to adapt to different environments, known as the domain

adaptation problem. This is due in part to a lack of diverse and representative datasets,

and in part to existing models’ insufficient generalization ability. To tackle this challenge,

this dissertation conducts a thorough investigation into the domain adaptation challenges

associated with real-time point cloud perception.

This dissertation addresses these challenges associated with the deployment and train-

ing of point cloud perception systems in a self-contained manner.To ensure sufficient real-

time capability during deployment, a novel approach called task-attentive 3D perception

is proposed. It incorporates HD-map, vehicle states, and emergency breaking distance to

dynamically remove task un-related point cloud for driving safety and computation effi-

ciency. Furthermore, this thesis looks at the problem of driving in varied domains from

both the data and the model standpoint. First, a novel method for creating the target real-

world domains in the simulator using real-world prior is presented. Using this method, a

noval large-scale multi-task dataset called Domains-3D is developed, which comprises both

real-world and synthetic domains. Finally, using this dataset, a novel Plug-and-Play (PnP)

domain adaptation algorithm for 3D point clouds that minimizes domain shifts is presented.

This algorithm improves a model’s performance for both cross-scene domain adaptation

and intra-domain 3D object detection.
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Chapter 1

Introduction

This chapter presents an overview of the dissertation’s background, motivation, objectives,

contributions, and organization. Section 1.1 provides context for the field, highlighting the

limitations of existing methods and consolidating them into three major challenges. Section

1.2 delves deeper into the motivation for this thesis, laying out the overarching research

question, specific objectives, and key contributions. Finally, Section 1.4 introduces the

thesis structure, providing an overview of the remaining chapters’ organization and the

logical flow of ideas throughout this thesis.

1.1 Background and Motivation

In recent years, there has been a significant advancement in the field of autonomous driving,

driven in large part by the rapid development of Three-dimensional (3D) sensor technolo-

gies. Particularly, LiDAR sensors have emerged as a cost-effective method for autonomous

vehicles to acquire highly accurate 3D measurements of their surroundings. LiDAR gen-

erate a dense point cloud representation of their surroundings by emitting laser beams

and measuring the reflected signals. Their ability to capture accurate 3D information

1



(a) Passenger Car [175] (b) Shuttle Bus [100] (c) Robot Dog [237] (d) Drone [99]

Figure 1.1: Notable applications of LiDAR sensors in various autonomy platforms.

in adverse weather conditions and low-light environments has made them a robust solu-

tion for various autonomy applications. The integration of LiDAR and deep learning in

autonomous vehicles has the potential to revolutionize road safety, traffic efficiency, and

personal mobility. Specifically, high-resolution point cloud data can be leveraged in three

major applications for autonomous driving: real-time scene understanding, high-resolution

mapping, and localization. Real-time scene understanding includes tasks such as 3D object

detection and 3D semantic segmentation. The second application is the construction and

update of High-Resolution (HD) map for accurate re-localization and referencing. This

thesis focuses on real-time scene understanding from point cloud data.

With breakthroughs in Deep Neural Network (DNN), such as Convolutional Neural

Network (CNN) and transformer architectures, real-time scene understanding has reached

a level of performance that rivals that of humans under certain conditions [118] [190]

[240]. However, this success has not been successfully replicated for real-time point cloud

data processing [74], which poses unique challenges due to its larger data size, irregular,

unordered, and continuous nature. Specifically, the irregularity of the point cloud data

makes it difficult for traditional deep learning operators such as CNNs and transformers

to be directly applied. To tackle this issue, various methodologies have been proposed for

feature extraction from point cloud data. These include transforming point cloud data into

more regular formats, such as image-like [214] [185], 3D-voxels [294] [161], or tree repre-

sentations [280] [116] [191] [66] [127] , as well as models that extract features directly from

2



(a) Sunny Boston urban environment in the nuScenes dataset [17]

(b) Rainy Singapore rural environment in the nuScenes dataset [17]

Figure 1.2: Examples of different conditions that could affect driving

the irregular and unordered format, such as point-based [186] [21] [91] [9] [132] [70] [229]

and graph-based models [24] [82] [207] [13] [15] [46]. Despite these recent advancements,

their real-time performance remains a significant challenge, preventing their deployment

in real-world environments [74] [40].

As a safety-critical application, autonomous vehicles operating in open world environ-

ments require the highest level of robustness across a wide range of scenarios. In such

environments, any failure or delay in identifying life-threatening situations could endanger

the safety of passengers and other road users. This ability to adapt to different environ-

ments is referred to as the domain adaptation problem in the field of machine learning,

which still remains a major challenge [29] [86] [92] [153] [80] [88] [111] [114] [273]. More

importantly, this problem is particularly pronounced in autonomous driving, where a va-

riety of conditions could be encountered, including scenery, traffic elements and patterns,

roadway types, lighting and weather conditions, and more [40] [218]. Examples of these

different conditions (i.e. domains) that influence driving are illustrated in Fig.1.2. One of

3



the major hurdles impeding progress in solving this domain adaptation problem is the lack

of diverse and representative datasets [218] [273]. This biases the model towards specific

domains represented in the few available datasets, resulting in poor generalisation and

performance when applied to new environments. Current research, in particular, requires

large-scale datasets that accurately reflect the wide range of conditions that self-driving

cars could encounter. However, gathering and annotating large amounts of such data is

prohibitively time-consuming and costly. As a result, the development of cost-effective

methods to create, collect, and annotate diverse and representative datasets is essential for

addressing the domain adaptation problem in autonomous driving and other fields.

Another crucial aspect of addressing the domain adaptation problem is the development

of novel learning algorithms capable of adapting to different domains [273] [254] [284] [187].

These models should be able to learn from a source domain while also generalizing well to

the source and new target domains, and they should ideally require little or no additional

target domain training data. Adversarial training [232] [64] [19] [65] and domain-invariant

feature learning [64] [148] [136] [247] are two examples of such algorithms, which rely on

aligning distributions or extracting domain-invariant features respectively. These methods,

however, have limitations, and more research is needed to improve their performance and

robustness. Therefore, the development of domain adaptation algorithms, in combination

with cost-effective methods for creating diverse and representative datasets, will be crucial

for achieving robust and reliable performance in open world autonomous driving.

To summarize, three major barriers to widespread deployment of point cloud-based 3D

perception systems for autonomous driving have been identified:

• Inadequate Real-time Performance: Point-cloud-based perception systems’ in-

sufficient real-time performance limits autonomous vehicles’ ability to respond quickly

and safely to dynamic environments.

• Limited Availability of Domain Adaptation Datasets: Due to the scarcity

of comprehensive domain adaptation datasets for autonomous driving, progress in

domain adaptation research is hampered.

4



Figure 1.3: The overall workflow of the proposed methods in a autonomous vehicle system.

• Insufficient Generalization Capabilities: Deep neural networks with insufficient

generalization capabilities, which lack the ability to generalize well to different envi-

ronments or scenarios.

1.2 Objectives and Contributions

The central focus of this thesis is to tackle the computational and domain adaptation

challenges faced by point-cloud-based 3D perception systems for autonomous driving. This

objective is motivated by the need for accurate and efficient 3D perception in autonomous

driving, as it plays a critical role in ensuring the safety and reliability of autonomous

vehicles. With this in mind, the overarching research question guiding this thesis is: How

to improve the real-time performance and generalization capabilities of point-cloud-based

5



3D perception systems for autonomous driving? To address this question and achieve the

proposed objective, this thesis presents the following key contributions:

• Task-attentive 3D Perception: A novel adaptive Region Of Interest (ROI) filter

that incorporates HD-map, vehicle states, and emergency breaking distances to esti-

mate adaptive ROI areas for driving safety and computation efficiency. Additionally,

an adaptive area, referred to as Potential Interactive Area (PIA), is introduced.

PIA is area adjacent to the roadway containing dynamic objects that could inter-

act with the ego-vehicle. The proposed approach employs HD-map semantic priors

and region-wise ground segmentation for accurate ground segmentation, enabling the

perception system to distinguish small obstacles near the ground surface. This is the

first work to combine these techniques for autonomous vehicle perception, to the best

of author’s knowledge.

• Real-World Prior-Guided Synthetic Data Generation: A novel method for

generating synthetic data that closely resembles real-world domains using real-world

prior is developed. The proposed method not only improves the transfer of knowl-

edge from synthetic to real-world domains, but also offers enhanced strategies for

incorporating simulated data to enhance the performance of perception systems.

• Domains-3D, A Novel Domain Adaptation Dataset: A novel comprehensive

domain adaptation dataset for autonomous driving is developed. With 18 cross-scene

domains and 54 possible cross-domain splits, it is also the first large-scale multi-task

dataset with annotated solid state lidar data, bridging a field gap as solid state lidars

are expected to replace mechanical lidars in the near future. This enhancement

enables the creation of 4 cross-sensor domains and 12 different cross-sensor domain

splits.

• Background-Aware Point Cloud Domain Adaptation: A novel PnP domain

adaptation algorithm for 3D point clouds that reduces the domain shift between the

source and target domains. This algorithm is based on the comprehensive analysis
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of the impact of background points on cross-scene domain shifts, which is the first

study of its kind. Experiments demonstrate that this algorithm improves the model’s

performance for both cross-scene domain adaptation and intra-domain 3D object

detection.

As illustrated in Fig.1.3, when taken together, these contributions form a complete and

comprehensive picture of a robust and efficient real-time 3D perception system designed

to operate under a variety of conditions.

1.3 Structure of The Thesis

This thesis is divided into five chapters, each addressing a different aspect of the research,

as shown in Fig.1.4. The second chapter contains a review of the literature on the SOTA

in deep learning and 3D perception for autonomous driving. The third chapter introduces

task-attentive 3D object detection framework that reduces computation and memory com-

plexity while improving detection of small obstacles. Chapter 4 introduces Domains-3D,

a novel large domain adaptation dataset developed for autonomous driving that includes

both real-world and simulated data. The fifth chapter investigates the effect of background

points on domain shifts on point cloud. In addition, it presents a PnP domain adaptation

algorithm to address the domain adaptation problem. Finally, chapter 6 wraps up the

thesis and makes recommendations for future research.

Chapter 2: Literature Review on deep learning and 3D perception

This chapter provides a literature review on state-of-the-art (SOTA) deep learning tech-

niques and their applications in point cloud processing for autonomous driving. It offers

an introduction to deep learning and its applications on point cloud data, in addition to

common methodologies and point cloud representations. It also discusses SOTA techniques

for 3D object detection on point cloud data, such as sensor fusion methods for enhanced
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detection performance. Furthermore, it delves into the field of 2D/3D semantic segmenta-

tion on point cloud data, discussing various approaches, their advantages and limitations,

recent advancements and open challenges in the field.

Chapter 3: Task-attentive 3D Object Detection

This chapter examines a framework for task-attentive 3D object detection in autonomous

driving applications. The proposed methodology for task-attentive 3D object detection,

including the design of an adaptive ROI filter and semantic-based ground segmentation fil-

ter, is explained in detail. The experimental results, including quantitative and qualitative

evaluations, are presented. Furthermore, a detailed analysis demonstrates the effectiveness

and superiority of the proposed approach over SOTA methods.The task-attentive 3D ob-

ject detection framework and its ability to improve autonomous driving systems are also

discussed in the chapter.

Chapter 4: A Novel Domain Adaptation Dataset for Autonomous Driving

Domains-3D, a novel comprehensive domain adaptation dataset for self-driving cars, is

developed in this chapter. The dataset, which includes 18 domains and 54 potential cross-

domain splits, is designed to address the limitations of existing datasets by providing a

comprehensive, representative, and challenging benchmark for evaluating the generalization

capabilities of 3D perception models for autonomous driving. It is also the first large-scale

multi-task dataset with annotated solid state lidar data, it bridges a field gap as solid state

lidars are expected to replace mechanical lidars soon. The chapter starts with a background

and challenges of synthetic data generation and domain adaptation for autonomous driving.

The methodology and mathematical theorem used to calculate domain shifts between two

domains in relation to the task at hand are then presented. This is then used to guide

the synthetic data generation process and reduce domain shifts between the synthetic and

target domains. Finally, this chapter describes how the dataset was created, beginning

with an in-depth examination of the target domains built on the nuScenes dataset [17].

Chapter 5: Background-Aware Point Cloud Domain Adaptation

Background-Aware Point Cloud Domain Adaptation is a novel PnP method for improv-
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ing the generalization ability of a 3D object detection model for cross-scene domain adap-

tation. Using mathematical proof, the method demonstrates that removing background

points from a point cloud reduces the total number of domain shifts. This algorithm

is tested on the Domains-3D dataset, and the results show that by removing unneces-

sary information from the point cloud, it improves the performance of cross-scene domain

adaptation models on foreground objects as well as intra-domain 3D object detection.
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Chapter 2

Literature Review

This chapter presents a comprehensive literature review on the SOTA deep learning tech-

niques and their applications on point cloud processing for autonomous driving. Section

1.1 begins with an overview of deep learning and its applications on point cloud data,

highlighting the most widely used methodologies and point cloud representations in the

field. Section 1.2 describes the SOTA methods for 3D object detection on point cloud data,

including sensor fusion methods for improved detection performance. Section 1.3 delves

into the field of 2D/3D semantic segmentation on point cloud data, discussing the various

approaches and their benefits and drawbacks. Finally, open challenges in these fields that

could advance autonomous driving are discussed.

2.1 Deep Learning on Image

CNN are one of the most efficient and powerful deep learning models for image processing

and understanding. Compared to Multi-Layer Perceptron (MLP), CNN is shift-invariant,

contains fewer weights and exploits the hierarchical patterns, making it highly efficient for

semantic information extraction. Typically hidden layers of a CNN consist of a hierarchy of

convolutional layer, batch normalization layer, activation layer and pooling layer, allowing
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Figure 2.1: The structure of this literature review categorized by tasks.

end-to-end training. This hierarchical structure extracts image features with increasing

abstract levels and receptive field, enabling the learning of high-level semantics.

2.2 Deep Learning on Point Cloud

Deep learning is a subset of artificial neural networks which leverages multiple network

layers to extract features progressively. The early works of learning based artificial neural

networks start in the 1940s and gained increasing attention and developments throughout

the 1970s and 1980s. Some of the most important concepts, such as automatic differenti-

ation [51], backpropagation [142] [263], max-pooling [260] are proposed during this time.

During the 1990s and 2000s, researches in artificial intelligence have witnessed a slow down

due to various reasons. However, the exponential growth of computational power and data,

combined with advances in network architecture and training strategies, researches in arti-

ficial intelligence has since regaining momentum. Especially, deep learning based methods

have demonstrated great potentials, outperforming the other methods in the ImageNet

competition [196] [119] [221].

The point cloud is a set of data points, which are LiDAR’s measurements of the de-

tected object’s surface. In terms of data structure, the point cloud is sparse, irregular,

orderless and continuous. Point cloud encodes information in 3D structures and in per-

point features (reflective intensities, color, normal, etc.,), which is invariant to scale, rigid
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transformation and permutation. These characteristics made feature extractions on the

point cloud challenging for existing deep learning models, which require the modifications

of existing models or developing new models. Therefore, this section focuses on introducing

common methodologies for point cloud processing.

Volumetric representation based: The volumetric representation partitions the

point cloud into a fixed-resolution 3D grid, where features of each grid/voxel are hand-

crafted or learned. This representation is compatible with standard 3D convolution [294]

[161]. Several techniques have been proposed in [185] to reduce over-fittings, orientation

sensitivity and capture internal structures of objects. However, the volumetric representa-

tion loses spatial resolution and fine-grained 3D geometry during voxelization which limits

its performance. Furthermore, attempts to increase its spatial resolution (denser voxels)

would cause computation and memory footprint to grow cubically, making it unscalable.

Index/Tree representation based: To alleviate constraints between high spatial

resolution and computational costs, adapted-resolution partition methods that leverage

tree-like data structures, such as kd-tree [280] [116], octree [191] [66] [127] are proposed.

By dividing the point cloud into a series of unbalanced trees, regions can be partitioned

based on their point densities. This allows regions with lower point densities to have lower

resolutions, which reduce unnecessary computation and memory footprint. Point features

are extracted along with the pre-built tree structure.

Two-dimensional (2D) views representation based: 2D views/multi-views are

generated by projecting the point cloud to multiple 2D view planes. These rendered multi-

view images can be processed by standard 2D convolutions and features from these views

are aggregated via view-pooling layers [214]. Thus, the permutation-invariant problem

is solved by transforming point cloud to images and the translation-invariant is achieved

by aggregating features from different views. Qi et al. [185] combined the volumetric

representation with multi-views generated via sphere rendering. Unfortunately, 2D views

methods lose the 3D geometry information during the view rendering and struggle with

per-point label prediction [116].
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Graph representation based: Point clouds can be represented as graphs and convolution-

like operation can be implemented on graphs in the spatial or spectral domain [24] [82]

[207]. For graph-convolution in the spatial domain, operations are carried out by MLPs on

spatially neighbouring points. Spectral-domain graph-convolutions extend convolutions as

spectral filtering on graphs through the Laplacian Spectrum [13] [15] [46].

Point representation based: Point representation based methods consume the point

cloud without transforming it into an intermediate data representation. Early works in

this direction employ shared MLPs to process point cloud [186] [21] , while recent works

concentrated on defining specialized convolution operations for points [91] [9] [132] [70]

[229].

One of the pioneering works of direct learning on point clouds is the PointNet [21] [186],

which employs an independent T-Net module to align point clouds and shared MLPs to

process individual points for per-point feature extraction. The computation complexity

of the PointNet increases linearly with the number of inputs, making it more scalable

compared with volumetric based methods. To achieve permutation invariant, point-wise

features are extracted by shared MLPs which are identical for all points. These features

are aggregated by symmetric operations (i.e. max-pooling), which are also permutation

invariant. The feature extraction process of the PointNet is defined as:

g ({x1, . . . , xn}) ≈ fsym (h (x1) , . . . , h (xn)) (2.1)

where x represents input points, h represents the per-point feature extraction function (i.e.

shared MLPs), fsym represents a symmetric function (i.e. max-polling) and g is a general

function that one want to approximate.

However, the PointNet fails to extract local inter-point geometry at different levels.

To mitigate this challenge, Qi et al. [186] extended the PointNet to extract features from

different levels by grouping points into multiple sets and apply PointNets locally. To reduce

the computational and memory cost of the PointNet++ [186], the RandLA-Net [89] stacked

the random point sampling modules and attention-based local feature aggregation modules

hierarchically to progressively increase receptive field while maintaining high efficiency.
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Figure 2.2: Timeline of 3D object detection networks and their corresponding fusion levels.

Unlike PointNet-based methods, the spatial relationship between points is explicitly

modelled in point-wise convolutions. Point-wise convolutions aim to generalize the stan-

dard 2D discrete convolution to the continuous 3D space. The main challenge is to replace

the discrete weight filter in standard convolution with a continuous weight function. This

continuous weight function is approximated using MLPs in PointConv [268] and correla-

tion functions in KPConv [229] and PCNN [9]. More specifically, the PCNN [9] defines

convolution kernels as 3D points with weights. A Gaussian correlation function that takes

the coordinates of the kernel point and input point is used to calculate the weighting ma-

trix at any given 3D coordinates. The KPConv [229] follows this idea but instead uses a

linear correlation function. Furthermore, KPConvs [229] are applied on local point patches

hierarchically, which are similar to the concepts of standard CNNs. This general point-wise

convolution F at an input point x ∈ R3 in 3D continuous space is defined as:

(F ∗ h)(x) =
∑
xi∈Nx

h (xi − x) fi (2.2)

where h is the per-point kernel function which calculates the weighting matrix given

the coordinates of input points and kernel points. xi and fi are the ith neighboring points

of x and their corresponding features (intensity, color etc.,). Nx are all the neighboring

points of the input point x, which are determined using KNN or radius neighborhoods.
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2.3 Evaluation Metrics

To thoroughly evaluate the performance of the performance detection tasks and segmenta-

tion, several metrics have been carefully selected. These metrics have been widely adopted

in the literature and provide a fair basis for comparison. The specific metrics used and

their corresponding descriptions are outlined below. In the task of 3D object detection on

point cloud, the most commonly used metrics for evaluating accuracy are Average Precision

(AP) and Mean Average Precision (mAP):

APi =
1

N

∑
i∈N

TPi

TPi + FPi

mAP =
1

N

N∑
i=1

APi

(2.3)

Where True Positive (TP) are points correctly labeled as a specific class, True Negative

(TN) are points correctly labeled as the background class, False Positive (FP) are points

incorrectly labeled as a specific class, and False Negative (FN) are points that should have

been labeled as a specific class but were not. This metric calculates the average of the

Intersection over Union (IoU) of the predicted bounding boxes with the ground truth,

for those bounding boxes that exceed a predefined IoU threshold. The use of the IoU

metric also allows for a more detailed assessment for the segmentation task, as it takes

into account the number of correctly classified points and penalizes for misclassifications.

The IoU calculates the overlap between the target mask and the prediction output and is

defined as:

IoU =
AreaofOverlap

AreaofUnion
(2.4)

Other common true positives metrics that measures different aspects of 3D object

detection includes mean Average Translation Error (mATE), mean Average Scale Error

(mASE), mean Average Orientation Error (mAOE), mean Average Velocity Error (mAVE).
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These metrics are computed over all true positive (TP) instances, considering a recall

level of at least 10%. More specifically, the mATE measures the average 2D Euclidean

distance (in meters) between the centers of predicted and ground-truth objects. The mASE

calculates the average scale error calculated as 1 minus the Intersection over Union (IoU)

after aligning object centers and orientations. And the mAOE is the average minimum

yaw angle difference (in radians) between the predicted and ground-truth orientations.

For speed estimation task, the mAVE calculates average absolute velocity error (in meters

per second). Finally, the mean Average Attribute Error (mAAE) is the average attribute

error, which is computed as 1 minus the attribute classification accuracy. For 3D object

detection task, [17] proposed Nuscenes Detection Score (NDS) score, which combines these

metrics and calculates a weighted sum. This score provides a comprehensive assessment of

the algorithm’s performance, taking into account not only the precision but also various

error types related to translation, scale, orientation, velocity, and attributes.

For semantic segmentation task, the accuracy, mean Intersection over Union (mIoU),

and Overall Accuracy (OA) are the most widely adopted metrics, which can be defined as:

Accuracy =
TP + TN

TP + TN + FP + FN

mIoU =

∑N
i=1 IoUi

N

OA =

∑N
i=1 cii∑N

j=1

∑N
k=1 cjk

(2.5)

Let C be an N × N confusion matrix of the segmentation results, where each entry ci,j

represents the number of points from ground-truth class i that are predicted as class j.

For domain adaptation task, it is crucial to to quantify the discrepancy between the

two domains. This is frequently accomplished through the use of f−divergences, a class

of mathematical measurements that quantify the difference between two probability distri-

butions. By characterizing the source and target distributions in terms of f−divergences,

a more nuanced understanding of the domain shift can be achieved. This also enables
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the design of more effective domain adaptation methods. To this end, the mathematical

definition of the f−divergences is first discussed:

Definition 1 ( f−divergence Csiszár et al. [39]) Let ps be absolutely continuous

with respect to Pt and both be absolutely continuous with respect to a base measure dx. Let

ϕ : R+ → R be a convex, lower semi-continuous function that satisfies ϕ(1) = 0

Dϕ (Ps∥Pt) =

∫
pt(x)ϕ

(
ps(x)

pt(x)

)
dx. (2.6)

where Ps and Pt are the source and target domain distribution functions with densities ps

and pt respectively.

2.4 Autonomous Driving Dataset

2.4.1 Real-world Autonomous Driving Dataset:

The KITTI [11] dataset is often regarded as a seminal achievement in computer vision,

offering support for a wide range of tasks such as object detection, tracking, semantic

and instance segmentation, depth completion, SLAM, optical flow, and visual odometry.

However, limitations such as the small sample size and mono scenes mostly captured in

sunny weather conditions in one mid-sized city, Karlsruhe, Germany, prevent it from reach-

ing its full potential. Recently, datasets such as nuScenes [17] have emerged, providing a

more diverse and comprehensive representation of the real-world. It comprises larger data

samples, each 20 seconds long, carefully selected to include challenging traffic scenarios

and underrepresented object classes. Its data was collected in two cities, Singapore and

Boston, across two different continents, and under various weather and lighting conditions.

The Waymo Open Dataset [217] is another large-scale multi-modal and multi-task dataset

collected across six US cities. Other datasets, such as BDD100K [279] and H3D [180], also

provide valuable contributions to the field. In addition, CamVid [14], Cityscape [38] and

Mapillary [173] are three popular image-based databases.
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2.4.2 Synthetic Driving Data Generation:

As the demand for labeled data continues to grow in the field of autonomous driving, syn-

thetic data has emerged as an cost effective alternative to collecting and annotating real-

world data. There are three major approaches to generate synthetic dataset for perception

related tasks, including the use of deep generative models [289] [130], sensor simulation-

based data reconstruction and augmentation [159] [30], and computer graphics simulations

[48] [194]. Previous works [48] [194] [159] [30] on computer graphics simulations are primar-

ily focused on reducing cross-sensor domain shifts, such as photorealistic image generation.

This thesis, in contrast, focuses on minimizing the cross-scene domain shifts. This is a typ-

ical and difficult challenge that occurs when synthetic data is acquired in an environment

that differs from the real-world target domain. By addressing this issue, this thesis aim to

improve the generalization of perception models trained on synthetic data.

2.5 3D Object Detection

3D object detection aims to locate, classify and estimate oriented bounding boxes in the

3D space. There are two main approaches for object detection: sequential and one-step.

Sequential based models consist of a proposal stage and a 3D bbox regression stage in the

chronological order. In the proposal stage, regions that may contain objects of interest are

proposed. In the Bounding Box (bbox) regression stage, the region proposal is classified

based on the region-wise features extracted from 3D information. However, the perfor-

mance of sequential fusion is limited by each stage. On the other hand, one-step models

consist of one stage, where 2D and 3D information is processed in a parallel manner. The

timeline of 3D object detection networks and their corresponding fusion levels is shown in

Figure 5. Table II and Figure 6 present comparative results of 3D object detection models

on KITTI 3D Object Detection benchmark [67].
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Figure 2.3: Some typical model architectures and fusion methods for dynamic object de-

tection.
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2.5.1 2D Proposal Based Sequential Models

A 2D proposal based sequential model attempts to utilize 2D image semantics in the

proposal stage, which takes advantage of off-the-shelf image processing models. Specifically,

these methods leverage the image object detector to generate 2D region proposals, which

can be projected to the 3D space as detection seeds. There are two projection approaches

to translate 2D proposals to 3D. The first one is projecting bounding boxes in the image

plane to the 3D point cloud, which results in a frustum shaped 3D search space. The

second method projects point cloud to the image plane, which results in the point cloud

with point-wise 2D semantic information. However, far away or occluded objects are often

represented by a handful of sparse points, making 3D bbox regression difficult.

Result-level Fusion

In these methods, information aggregation happens at the result-level. The intuition be-

hind these methods is to use off-the-shelf 2D object detectors to narrow down the region

of interests for the 3D object detector. The most common approach to achieve 2D bbox to

3D seed region is by reverse camera projection. This replaces the processing of the entire

point cloud with multiple smaller regions of interest, which brought a significant reduction

in computation and run-time. However, since the whole pipeline is depended on the results

of the 2D object detector, the overall performance of this approach is very much limited

by the performance of the 2D object detector. The core idea of result level fusion is not to

use multimodal data to complement each other, but rather to reduce computation.

One of the early works of frustum-based method is F-PointNets [184], where 2D bound-

ing boxes are first generated from image data and then projected to the 3D space. The

resulting projected frustum proposal areas are fed into a PointNet[21] based detector for

3D object detection. Du et al. [53] extended the 2D to 3D proposals generation stage with

an additional proposal refinement stage. During this refinement stage, a model fitting

based method is used to filter out background points inside the seed region. Finally, the
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filtered points are fed into the bbox regression network. This extra step further reduces

unnecessary computation on the background point. RoarNet[203] follows a similar idea,

but instead employs a neural network for the proposal refinement stage. Multiple 3D cylin-

der proposals are first generated based on each 2D bbox using Geometric agreement search

[167], which results in smaller but more precise frustum proposals then the F-pointNet

[184]. These initial cylinder proposals are then processed by a PointNet [186] based header

network for final refinement. This approach outperformed SOTAs on KITTI testset, in-

cluding scenarios where these sensors are not synchronized. However, these approaches

assume each seed region only contains one object of interest, which is however not true for

crowded scenes and small objects like pedestrians.

One possible solution towards the fore-mentioned issues is to replace the 2D object

detector with 2D semantic segmentation and region-wise seed proposal with point-wise

seed proposals. Intensive Point-based Object Detector (IPOD) [274] by Yang et al. is

a work in this direction. In the first step, 2D semantic segmentation is used to filter

out back-ground points. This is achieved by projecting points to the image plane and

associated point with 2D semantic labels. The resulting foreground point cloud retains the

context information and fine-grained location, which the author believes is essential for the

region-proposal and bbox regression. In the following point-wise proposal generation and

bbox regression stage, two PointNet++ [186] based networks are used for proposal feature

extraction and bbox prediction. In addition, a novel criterion called PointsIoU is proposed

to speed up training and inference. This approach has yielded significant performance

advantages over other SOTA approaches in scenes with high occlusion or many objects.

Multi-level Fusion

Another possible direction of improvements is to combine result level fusion with feature

level fusion, where one such work is PointFusion [272]. PointFusion first utilizes existing

2D object detector to generate 2D bboxes. These bboxes is used to select corresponding

points, via projecting points to the image plane and locate points that pass through the
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Table 2.1: Comparative results on KITTI 3D Object Detection benchmark (moderate

difficulties)[67]. For cars the 3D bounding box IoU requirement is 70%.For pedestrians

and cyclists the 3D bounding box IoU requirements are 50%.’PCR’ stands for point cloud

representation.FL stands for Fusion Level.FT stands for Fusion Type

Methods FL FT PCR Models Run-time
Cars Pedestrians Cyclists

AP3D% AP3D% AP3D%

Sequential

Models

2D

Proposal

based

Result N/A

Points F-PointNet [184] 0.17s 69.79 42.15 56.12

Points F-ConvNet [258] 0.47s 76.39 43.38 65.07

Voxels PC-CNN [53] 0.5s 73.79 - -

Points RoarNet [203] 0.1s 73.04 - -

Points IPOD [274] 0.2s 72.57 44.68 53.46

Feature Point Multiple PointPainting [243] 0.4s 71.70 40.97 63.78

Multi
ROI Points PointFusion [272] 1.3s 63.00 28.04 29.42

Point Points SIFRNet [293] - 72.05 60.85 60.34

3D

Proposal

based

Feature

ROI 2D views MV3D [28] 0.36s 63.63 - -

ROI 2D views AVOD-FPN [120] 0.08s 71.76 42.27 50.55

ROI 2D views SCANet [150] 0.17s 68.12 37.93 53.38

Point 2D views ContFuse [138] 0.06s 68.78 - -

Pixel 2D views BEVF [255] - - - 45.00

Multi Point 2D views MMF [137] 0.08s 77.43 - -

One-Step

Models
Feature

Point Voxels MVX-Net [209] 0.15s 75.86 43.73 61.03

Pixel 2D views LaserNet++ [162] 0.04s - - -

bboxs. Finally, a ResNet [79] and a PointNet[21] based network combines image and

point cloud features to estimate 3D objects. In this approach, image features and point

cloud features are fused per-proposal for final object detection in 3D, which facilitates 3D

bbox regression. However, the proposal stage is still amodal. In SIFRNet [293], frustum

proposals are first generated from an image. Point cloud features in these frustum proposals

are then combined with their corresponding image features for final 3D bbox regression.

To achieve scale-invariant, PointSIFT [106] is incorporated into the network. Additionally,

SENet module is used to suppress less informative features.
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Feature-level Fusion

Early attempts of multimodal fusion are done in pixel-wise, where 3D geometry is con-

verted to image format or appended as additional channels of an image. The intuition is to

project 3D geometry onto the image plane and leverage mature image processing methods

to extract information. The resulting output, however, is also on the image plane, which

is not ideal to locate objects in the 3D space. In 2014, Gupta et al. proposed DepthRCNN

[76],a R-CNN [69] based architecture for 2D object detection, instance and semantic seg-

mentation. It encodes 3D geometry from Microsoft Kinect camera in image’s Red Green

Blue (RGB) channels, which are Horizontal disparity, Height above ground, and Angle with

gravity (HHA). Gupta et al. extended Depth-RCNN [75] in 2015 for 3D object detection

by aligning 3D Computer-Aided Design (CAD) models, yielding significant performance

improvement. In 2016, Gupta et al. developed a novel technique for supervised learn-

ing knowledge transfer between networks trained on image data and unseen paired image

modality (depth image) [77]. In 2016, Schlosser et al. [200] further exploited learning

RGB-HHA representations on 2D CNNs for pedestrian detection. However, the HHA data

is generated from the LiDAR’s depth instead of a depth camera. The authors also noticed

that better results can be achieved if the fusion of RGB and HHA happens at deeper layers

of the network.

To locate objects accurately in 3D, current works often employs point-wise fusion. In

this approach, image features are appended to each point in the point cloud. This is

achieved by projecting points to the image plane for the point-pixel association. Point-

Painting [243] proposed by Vora et al. follows the idea of projecting points to 2D semantic

maps in [274], but instead performs point-wise fusion. However, instead of using 2D seman-

tics to filter point clouds, 2D semantics is simply appended to point clouds as additional

channels. The authors argued that this technique makes PointPainting flexible as it en-

ables any point cloud based network to be applied on this fused data. To demonstrate this

flexibility, the fused point cloud is fed into multiple existing point cloud detectors, which

are based on PointRCNN[202], VoxelNet[294] and PointPillars[123].
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Figure 2.4: A scatter plot of models’ average precision on 3D object detection(AP3D) with

respect to runtime. The results are based on the public available KITTI test set.

2.5.2 3D Proposal Based Sequential Model

In a 3D proposal based sequential Model, 3D proposals are directly generated from 2D

or 3D data. The elimination of 2D to 3D transformation greatly narrows down the 3D

search space for object detection. Common methods for 3D proposal generation includes

the multi-view approach and the point cloud voxelization approach.

Multi-view based approach exploits the point cloud’sBird’s Eye View (BEV) repre-

sentation for 3D proposal generation. The BEV is the preferred viewpoint because it

avoids perspective occlusions and retains the raw information of objects’ orientation and

x,y coordinates. These orientation and x,y coordinates information is critical for 3D object

detection while making coordinate transformation between BEV and other views straight-

forward.

Point cloud voxelization transforms the continuous irregular data structure to a discrete

regular data structure. This makes it possible to apply standard 3D discrete convolution
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and leverage existing network structures to process point cloud. The drawback is the loss

of some spatial resolution, which might contain fine-grained 3D structure information.

Feature-level fusion

One of the pioneering and most important works in generating 3D proposals from BEV

representations is MV3D [28]. MV3D generate 3D proposals on pixelized top-down LiDAR

feature map (height, density and intensity). These 3D candidates are then projected to

the LiDAR front view and image plane to extract and fuse region-wise features for bbox

regression. The fusion happens at region-of-interest (ROI) level via ROI pooling. The ROI

can be defined as:

ROIv = T3D→views (p3D) , views ∈ {BV,FV,RGB} (2.7)

where T3D→views represents the transformation function from 3D space to BEV, front view

and the image plane. The ROI-pooling can be defined as:

fviews = R (x,ROIviews) , views ∈ {BV,FV,RGB} (2.8)

Although MV3D out-performed the SOTA models by a remarkable margin, there still

are a few flaws. First, generating 3D proposals on BEV assumes that all objects of interest

are captured without interference from this view-point and this LiDAR sensor. This as-

sumption does not hold well for small object instances, such as pedestrians and bicyclists,

which can be fully occluded by other large objects in the point cloud. Secondly, spatial in-

formation of small object instances is lost during the down-sample of feature maps caused

by consecutive convolution operations. Thirdly, object-centric fusion combines feature

maps of image and point clouds through ROI-pooling, which spoils fine-grained geomet-

ric information in the process. It is also worth noting that redundant proposals lead to

repetitive computation in the bbox regression stage. To mitigate these challenges, multiple

methods have been put forward to improve MV3D.
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To improve small objects detection, Aggregate View Object Detection network (AVOD)

[120] first improved the proposal stage in MV3D[28] with feature maps from both BEV

point cloud and image. Furthermore, an auto-encoder architecture is employed to up-

sample the final feature maps to its original size. This could alleviate the problem that small

objects might get down-sampled to one ’pixel’ with consecutive convolution operations.

The proposed feature fusion Region Proposal Network (RPN) first extracts equal-length

feature vectors from multiple modalities (BEV point cloud and image) with crop and resize

operations. Followed by a 1X1 convolution operation for feature space dimensionality

reduction, which can reduce computational cost and boost up speed. Lu et al.[150] also

utilized an encoder-decoder based proposal network with Spatial-Channel Attention (SCA)

module and Extension Spatial Upsample (ESU) module. The SCA can capture multi-scale

contextual information, whereas ESU recovers the spatial information.

One of the problems in object-centric fusion methods [120][28] is the loss of fine-grained

geometric information during ROI-pooling. ContFuse [138] by Liang et al. tackles this

information lost with point-wise fusion. This point-wise fusion is achieved with continuous

convolutions [248] fusion layers which bridge image and point cloud features of different

scales at multiple stages in the network. This is achieved by first extracting K nearest

neighbour points for each pixel in the BEV representation of point cloud. These points

are then projected to the image plane to retrieve related image features. Finally, the fused

feature vector is weighted according to their geometry offset to the target ’pixel’ before

feeding into MLPs. However, point-wise fusion might fail to take full advantage of high-

resolution images when the LiDAR points are sparse. In [137] Liang et al. further extended

point-wise fusion by combining multiple fusion methodologies, such as signal-level fusion

(Red Green Blue Depth (RGB-D)), feature-level fusion, multi-view and depth completion.

In particular, depth completion upsamples sparse depth map using image information

to generate a dense pseudo point cloud. This up-sampling process alleviates the sparse

point-wise fusion problem, which facilitates the learning of cross-modality representations.

Furthermore, the authors argued that multiple complementary tasks (ground estimation,

depth completion and 2D/3D object detection) could assists the network achieve better
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overall performance. However, point-wise/pixel-wise fusion leads to the ’feature blurring’

problem. This ’feature blurring’ happens when one point in the point cloud is associated

with multiple pixels in the image or the other way around, which confound the data

fusion. Similarly, wang et al. [255] replace the ROI-pooling in MV3D [28] with sparse non-

homogeneous pooling, which enables effective fusion between feature maps from multiple

modalities.

The simplest means to combine the voxelized point cloud and image is to append RGB

information as additional channels of a voxel. In a 2014 paper by Song et al. [211] 3D

object detection is achieved by sliding a 3D detection window on the voxelized point cloud.

The classification is performed by an ensemble of Exemplar-SVMs. In this work, color

information is appended to voxels by projection. Song et al. further extended this idea

with 3D discrete convolutional neural networks [212]. In the first stage, the voxelized

point cloud (generated from RGB-D data) is first processed by Multi-scale 3D RPN for

3D proposal generation. These candidates are then classified by joint Object Recognition

Network (ORN), which takes both image and voxelized point cloud as inputs. However,

volumetric representation introduces boundary artifacts and spoils fine-grained local ge-

ometry. Secondly, the resolution mismatch between image and voxelized point cloud makes

fusion inefficient.

2.5.3 One-step Models

One-step models perform proposal generation and bbox regression in a single stage. By

fusing the proposal and bbox regression stage into one-step, these models are often more

computationally efficient. This makes them more well-suited for real-time applications on

mobile computational platforms.

MVX-Net [209] presented by Sindagi et al. introduced two methods that fuse image and

point cloud data point-wise or voxel-wise. Both methods employ a pre-trained 2D CNN

for image feature extraction and a VoxelNet [294] based network to estimate objects from

the fused point cloud. In the point-wise fusion method, the point cloud is first projected
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Figure 2.5: Timeline of 3D semantic segmentation networks and their corresponding fusion

levels.

to image feature space to extract image features before voxelization and processed by

VoxelNet. The voxel-wise fusion method first voxelized the point cloud before projecting

non-empty voxels to the image feature space for voxel/region-wise feature extraction. These

voxel-wise features are only appended to their corresponding voxels at a later stage of

the VoxelNet. MVX-Net achieved SOTA results and out-performed other LiDAR-based

methods on the KITTI benchmark while lowering false positives and false negatives rate

compared to [294].

Meyer et al. [162] extended the LaserNet [163] to multi-task and multimodal network,

performing 3D object detection and 3D semantic segmentation on fused image and LiDAR

data. Two CNN process depth-image (generated from point cloud) and front-view image

in a parallel manner and fuse them via projecting points to the image plane to associate

corresponding image features. This feature map is fed into the LaserNet to predict per-

point distributions of the bounding box and combine them for final 3D proposals. This

method is highly efficient while achieving SOTA performance.
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2.6 Domain Adaptation for Point Cloud Perception

Domain Adaptation (DA) is a subset of transfer learning that aims to address the challenge

of limited or absent target domain annotations. For instance, Simulation-to-reality gap is

particularly prominent in autonomous driving, where annotated data from simulations is

plentiful but real-world data is difficult and costly to collect and annotate. Based on the

availability of the annotation, DA can be broadly classified into three categories: unsu-

pervised transfer learning, transductive transfer learning, and inductive transfer learning.

In unsupervised transfer learning, no annotated data is available for both the source and

target domain. And DA is achieved through aligning the source and target domain distri-

butions or to learning domain-invariant representations. In transductive transfer learning,

annotations are only available in the source domain and the goal is to leverage this in-

formation to improve performance in the target domain through adversarial training. In

inductive transfer learning, annotations are available in both the source and target domain.

This allows fine-tuning a pre-trained model using target domain annotations to improve

its performance.

In autonomous driving, the most common domain transfers are sim-to-real, sensor-

to-sensor, and scene-to-scene. Sim-to-real domain shift occurs when models trained on

synthetic data are applied to real-world data. Sensor-to-sensor DA, on the other hand,

allows the same model to be applied to other sensors without retraining the model. Finally,

scene-to-scene DA addresses the challenge of changing scenes and environments, where both

foreground objects and background stuff could change substantially. This can be caused

by variations in geographical regions, weather and lighting conditions, or traffic types.

When further narrowed down to point cloud-based perception, DA methods can be

either data-driven or model driven. Data-driven approaches, such as domain-invariant data

representation, domain mapping, and normalization statistics, use data transformation to

align the source and target domains. These methods operate directly on the input data to

reduce the discrepancy between the source and target domains. Model-driven approaches,

on the other hand, focus on learning domain-invariant representations from the data. This
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(a) During the training-time

(b) During the testing-time

Figure 2.6: The workflow of Domain-Invariant Data Representation.

can be achieved by fine-tuning a pre-trained model, training with adversarial loss functions,

or using domain-invariant feature learning. By learning domain-invariant representations,

these approaches mitigate domain shift at the feature representation level of a model.

2.6.1 Data-driven Approach

Domain-invariant data representation transforms different domains into a common rep-

resentation. It’s workflow is shown in Fig. 2.6. In essence, it is a data pre-processing

step that serves to overcome the differences between data distributions. This method is

often utilised to address the sensor-to-sensor DA problem caused by different resolution

and sampling patterns amongst LiDARs. To address this issue, [58] [201] [4] aligns these

sampling disparities in 2D space. In particular, these methods often utilize 2d views repre-

sentation of point cloud and align the disparities by either up-sampling or down-sampling.

Alternatively, this domain-invariant data representation can be achieved in 3D space. [123]

encodes point cloud features in vertical columns, where further analysis [182] has shown to
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(a) During the training-time

(b) During the testing-time

Figure 2.7: The workflow of Domain Mapping.

be invariant against changes in LiDAR’s vertical resolution. [276] exploits the underlying

surface of a LiDAR scan, which is independent of sensors, to provide semantic predictions.

Other methods include normalizing the input feature spaces and substituting relative co-

ordinates encoding for absolute coordinates [192].

Domain mapping transforms the source domain data to resemble that of the target

domain, commonly used in sim-to-real and dataset-to-dataset DA. An illustration of its

workflow is shown in Fig. 2.7. Domain mapping transforms are often achieved by ei-

ther Generative Adversarial Networks (GAN) or statistical approaches. However, most

works for adversarially generating LiDAR data simply use stock image-based GANs by

transforming point cloud to a BEV [198] [199] or a senor-view image [16] [170] [292].
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2.6.2 Model-driven Approach

Domain-invariant feature learning models learn domain-independent feature representa-

tions by locating a common representation space for the source and target domains. There

are two major approaches to domain-invariant feature learning, divergence minimization

and discriminator-based. Divergence minimization methods minimize the difference be-

tween two domain representations within a DNN to produce a domain-invariant feature

encoder. In [266], a DA training pipeline is proposed to reduce differences in the batch

statistics between the source and target domains. [166] utilizes entropy minimization

through optimal alignment of geodesic distance between source and target domains for un-

supervised DA. xMUDA [105] is a cross-modal unsupervised DA method for 3D semantic

segmentation. It utilizes information from both 2D images and 3D point clouds to address

the heterogeneous input spaces and false predictions.The key concept behind discriminator-

based techniques is to use adversarial training to induce the feature encoder to learn only

domain-invariant features. In [256], the authors apply a discriminator to minimize domain

gaps in the detection of far-away objects. This is accomplished by adapting the model on

intermediate layers of a DNN, and is shown to be effective in dataset-to-dataset DA.

2.7 Open Challenges

How to balance speed-accuracy trade-offs?

The processing of high-resolution large-scale point clouds imposes substantial strain on

existing mobile computing platforms. This leads to high power consumption and low

reliability. However, the most concerning issue is the potential for frame drops, where

some frames of data are not processed due to insufficient computing resources. This can

significantly compromises the safety of the perception system. As such, it is crucial to strike

a balance between speed and accuracy in real-world deployments of perception system.

Previous studies have attempted to solve this problem, such as frame drop detection

33



algorithm proposed in [98] that utilizes multiple segment fitting on camera pairs. However,

simply detecting frame drops only addresses half of the issue. However, the most effec-

tive solution to the frame drop problem is to prevent it by reducing hardware workload

through a careful balance of speed and accuracy [93]. This can be achieved through various

techniques such as efficient model design, hardware optimization, and dynamic resource

allocation.

How to mitigate domain shifts for open-world autonomous driving?

In the context of autonomous driving, domain shifts arise from shifting environmental con-

ditions, such as weather, lighting conditions, road structures, and traffic patterns. This

might resulting in sub-optimal performance of a model in previously unknown domains.

Domain adaptation is often used to address the domain shift challenge. It enables a model

trained on one set of data to be applied to a different collection of data. To tackle this

challenge, it is critical to investigate and develop domain adaptation techniques that can

effectively learn from the available training data and generalize to new domains. This in-

cludes, but is not limited to, methods such as domain randomization, domain adaptation

with generative models, and transfer learning. Additionally, it is important to develop eval-

uation metrics and protocols that can accurately quantify the performance of the proposed

methods in open-world domains.

2.8 Summary

This chapter presented an in-depth review of the most recent progress on deep learning

models for 3D perception in the context of autonomous driving. Specifically, this review

chapter covers topics in dataset, metrics, 3D object detection, domain adaptation. Further-

more, performance comparisons on the publicly available dataset, highlights and advan-

tages/disadvantages of SOTA models were presented in tables. Typical model architectures
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were shown in figures. Finally, open challenges that troubles real-world deployment of the

autonomous driving technology is discussed.
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Chapter 3

Task-attentive 3D Object Detection

This chapter proposes a novel task-attentive 3D object detection framework for autonomous

driving. Section 3.1 starts with an overview of the background, including the challenges

and limitations of existing methods. In Section 3.2, the methodology of the proposed

adaptive ROI filter and semantic-based ground segmentation filter is explained. Section

3.3 describes the experimental settings, such as the dataset used, evaluation metrics, and

implementation details. Finally, in Section 3.4, the proposed framework’s experimental

results and their quantitative and qualitative analysis are presented. These results demon-

strate the effectiveness of our proposed approach over state-of-the-art methods. Different

design choices and parameter settings of the proposed framework are also studied in this

section. Overall, this chapter provides an in-depth study of the task-attentive 3D object

detection framework and how it can be used to improve the performance of autonomous

driving systems.

3.1 Background

LiDAR has played a central role in a variety of essential perception tasks, such as high-

definition mapping, 3D localization, 3D object detection, 3D semantic segmentation, and

36



tracking [41] [133]. However, high-resolution LiDARs generate unprecedented amount of

data, making real-time processing on mobile computing platforms extremely challenging.

Furthermore, the processing delay caused by extensive point cloud data can cause serious

safety issues [291] [215]. Another major challenge for point cloud processing is to detect

small objects, which are often represented by a handful of points. More importantly, small

objects are often closely located to the ground plane, making ground points and obstacle

points challenging to distinguish. For instance, the Waterloo autonomous shuttle buses

(WATonoBus) on the university campus often encounter small animals, particularly wild

geese, on random road parts.

Figure 3.1: An overview of the proposed task-attentive LiDAR filter method.

To mitigate the above challenges, this chapter studies the LiDAR filter that removes un-

wanted point clouds located outside the ROI and belongs to the ground. More specifically,

there are two main two objectives of this LiDAR filter. The first objective is to dynamically

estimate ROI that reduces the number of point clouds while retaining a good perception

field that ensures safety. The second objective is to accurately estimate the ground plane

and separate non-ground points from ground points. The first objective reduces the com-
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putation and memory workload for the perception tasks. The second objective is vital for

the operation safety of the autonomous vehicle.

In this chapter, a novel LiDAR filter algorithm that combines HD-map, vehicle status

and semantic-based ground segmentation to remove unwanted point clouds is proposed, in-

cluding points outside ROI and ground points. Unlike existing LiDAR filters that produces

a single ROI of fixed size [110] [1] [128] [158]. The proposed algorithm estimates region-of-

interest (ROIs) of adaptive size and shape that consists of movable/road area and potential

interactive area (PIA). After the adaptive ROI filtering, semantic-based ground segmen-

tation is implemented. In this step, ROI is partitioned based on semantic priors from the

HD map and ground planes are estimated independently for each region. Because regions

with different semantics, such as road, sidewalk or green space, have drastically different

surface geometry. Therefore, the proposed semantic-based ground segmentation approach

can accurately estimate ground planes, preserving non-ground points from small obstacles.

Furthermore, this thesis conducts detailed experiments to study the impacts of the pro-

posed algorithm on real-world data acquired from WATonoBus projects, which operate in

complex urban environments.

Researches in neurobiology suggest the human visual system is modulated by visual

attention [109]. Human places visual fixation on salient regions to acquire relevant infor-

mation, discarding irrelevant parts. Further studies on visual attention while driving [235]

[236] [210] suggest experienced drivers allocate a majority of eye fixations on the frontal

road area. This attention mechanism reduces task complexity as it saves ’computational

bandwidth’. A conceptually similar concept is attention mechanism [241] [101] in machine

learning, which allows the neural network to focus on a certain part of the information.

However, it cannot take advantage of available prior knowledge, such as HD-map, to re-

move the unnecessary part of sensor inputs. This means the neural network still needs to

process all the sensor inputs. Furthermore, due to the nature of supervised learning, the

attention mechanism can only learn to focus on known objects that exist in the dataset

[176]. As self-driving cars or autonomous robots operates in open environments, previously

unknown objects might enter the road, causing unpredictable behaviour from deep learning
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based perception system [68].

A more robust solution of removing irrelevant point clouds is ROI filters, which are

an integral part of the most existing autonomous driving stacks. The existing ROI filters

use HD-map and real-time localization to remove point cloud outside road area [110] [1]

[128]. These filters are implemented using top-down 2D grids to reduce run-time. There

are several drawbacks of existing ROI filters. Firstly, using road area as region-of-interest

neglects dynamic objects outside the road, such as pedestrians, animals and other objects,

that might suddenly enter the road. This reduces the reaction time of the planning and

control system and could cause accidents. This problem could be partially solved by adding

sidewalks into the ROI. However, pedestrians or animals often enter the road from non-

sidewalk areas, such as green spaces, parking lots, .etc. Secondly, current ROI is one unified

region that might include road surface and other terrains. The road’s surface, sidewalk

or green space are of different heights and flatness. Combing these different surfaces for

ground estimation would cause errors where ground points are often not correctly removed

[139]. These errors could cause problems for later perception tasks. Thirdly, the 2D grids

based ROI filtering approach has difficulties handling complex road geometry with curves

or irregular shapes.

Ground segmentation on point clouds is an essential task for autonomous driving. It

is critical for (1) movable area estimation for path planning and (2) detect non-ground

obstacles [84] [139]. By performing ground estimation, we can eliminate points that belong

to the ground plane in a point cloud. After the ground point removal, obstacles can be

easily distinguished via euclidean clustering algorithms [282] [8]. Furthermore, removing

ground points also reduces computational costs for other perception tasks, such as 3D

object detection, 3D semantic segmentation, and tracking [139]. To tackle complex road

surface geometry, recent studies have employed region-wise ground segmentation, where

the ground plane is divided into cartesian-grids [49] [7] or polar-grids/sectors [172] [84]

[139]. It is worth noting that existing ground segmentation approaches partition ground

region based on LiDAR scan patterns, not region-wise semantics.
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3.2 Methodology

In this section, the problem definition and the designs of each individual modules of AGF

is first introduced. The definition of a 3D point cloud generated by a LiDAR sensor in

any given moment, is denote as P. Each point cloud P = {P1,P2,P3, ...,PN} is a set of

individual 3D points of size N . And each 3D points Pn is defined as Pn = {xk, yk, zk, ik},

where xk, yk, zk is the local Cartesian coordinates centered at the LiDAR and ik is the

intensity value.

Each point cloud can be classified into two sub-sets based on their 3D location: points

that are inside ROI R, and their complement Rc. In this thesis, the ROI points R consists

of movable/road area Rm, left side potential interactive area Rlp and right side potential

interactive area Rrp, which satisfy R = Rm∪Rlp∪Rrp. For ROI estimation, point cloud R

within the adaptive ROI needs to be separated using information from HD map, real-time

localization and vehicle states.

Figure 3.2: An example of dynamic object enters the road and potentially interact with

the ego-vehicle.

Point cloud within the ROI R are further divided into ground points G and non-ground

points Gc, which satisfy R = G ∪Gc. Ground points G are defined as LiDAR points that
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belongs to the ground surface. And non-ground points Gc includes all objects above the

ground surface, such as vehicles, pedestrian, plants .etc. The estimated non-ground points

generated by ground segmentation algorithm is defined as Ĝc, which could contain ground

points by mistake. Similarly, the estimated ground points is denoted as Ĝ. For HD map

based ground segmentation, ground points Ĝ and non-ground points Ĝc with minimum

errors need to be estimated.

Adaptive Region-of-Interest

In this section, an adaptive ROI filter is introuced, which estimates ROI dynamically using

information from HD maps, real-time localization and vehicle states. The intuition behind

the adaptive ROI filter is inspired by human driver behaviour. Existing studies [235] have

suggested that experienced human driver adjusts their visual fixation area with different

driving states. More specifically, the driver’s main visual field is narrower and further away

with an increase in the vehicle’s speed. The logic behind the visual patterns of drivers is

explained as follows. If the ego-vehicle travels at a faster longitudinal speed, it could afford

to decrease the lateral width of ROI. This is because dynamic objects from the ego vehicle’s

lateral direction have less time to travel to the vehicle’s path. For the same reason, the

ego-vehicle should increase its ROI proportionally along its longitudinal direction.

These changes in the driver’s visual field can be better understood with an example. As

illustrated by Figure. 3.2, a dynamic object obj (cyclist) is moving towards the path of the

ego-vehicle with a constant speed of vx and Vy. the dynamic object’s speed is denoted in

the ego vehicle’s coordinate system. It would take the cyclist Ti = Lx

Vx
to intercept with ego

vehicle’s path. That is, if the ego-vehicle reaches the interception point after Ti, the two

objects could potentially interact with each other. Accordingly, if the ego-vehicle travels

at a much faster speed and moves past this interception point before Ti, the two objects

would have no opportunity to interact with each other.

Based on this intuition, this thesis proposes dynamically adjusting the size and shapes

of ROI based on HD maps, real-time localization and vehicle states. This adaptive ROI

41



consists of road area and PIA. The vehicle states include longitudinal and lateral speed,

heading angles, and breaking coefficients. The shape of the road area is acquired from the

HD map. The length Lroad of the road area is estimated in real-time and equals the length

of the PIA.

potential interactive area

Figure 3.3: An example of adaptive ROI filter with road area and PIA.

The PIA is regions adjacent to the road area, containing dynamic objects that could

enter the road and interact with the ego-vehicle. The size and shape of PIA are estimated

in real-time. Because PIA is adjacent to the road area, the general shape of the PIA is

similar to the road shape. This thesis denote the length and width of the PIA as LPIA and

WPIA. The length and width of the PIA are calculated as follows:

LPIA = abs(F (Vx-ego )) + Lmin (3.1)

where abs denotes a function to calculate absolute value, F (.) denotes a function of the ego

vehicle’s speed, Lmin is the minimum longitudinal safety distance, Wmin is the minimum

lateral safety distance. The length LPIA and width WPIA of the PIA is a non-linear function
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(a) (b)

Figure 3.4: (a) An illustration of the sensor setups on the WATonoBus. (b) The

WATonoBus.

of the vehicle’s longitudinal and lateral speed. If F (.) outputs a smaller value than the

predefined minimum safety distance, the minimum safety distance will be employed. This

predefined minimum safety distance Lmin, Wmin guarantees the minimum perception range.

The width WPIA of the PIA is defined as follows:

WPIA =

F (Vy-ego ) + Wmin, ifF (Vy-ego ) ≥ 0

Wmin, otherwise
(3.2)

where the width WPIA of the left side and the right side PIA is independent and can be

different. This is illustrated in Fig.3.3, where the right side PIA is wider than the left side

PIA. This is because the lateral speed of the ego-vehicle is in the direction of the right side.

The intuition is that the ego-vehicle needs to increase its perception field to the direction

it travels to. The F (.) function is defined as follows:

F (Vego ) =

 k ∗ htotoal (Vego ) ifVego ≥ 0

−k ∗ htotoal (Vego ) otherwise
(3.3)

where k denotes predefined adjustable coefficient (larger than 1) based on vehicle types.
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The total stopping distance htotoal(.), denotes a function that maps the vehicle speed to

the total stopping distance. The intuition behind F (.) is that the perception range of the

vehicle should be more extensive than its total braking distance. This distance enables

the ego-vehicle to stop when an obstacle is detected fully. Different types of vehicles,

such as buses and passenger cars, often have different safety requirements. Therefore, the

coefficient k is used to adjust the braking distance to meet the safety requirements. The

total stopping distance htotoal(.) function is defined as follows:

htotal (Vego ) = hS−R + hbrake = vegotS−R +
v2ego
2µg

(3.4)

where hS−R represents the system reaction distance function, and hbrake represents the

ego-vehicle breaking distance function. The system reaction distance hS−R is calculated

using the autonomous driving system reaction time tS−R multiplied with the current ego-

vehicle speed. The autonomous driving system reaction time tS−R is the system time delay

between the time when the sensor first detected the obstacle and the time the system

reacts. This system time delay is determined by both autonomous driving software and

hardware. This system time delay can be measured with offline testing using simulation

or recorded data. The breaking distance hbrake is a function of ego vehicle’s speed vego, the

coefficient of friction µ, and the gravity of Earth g.

Semantic-based ground segmentation

After removing points outside the region-of-interest, ground segmentation is applied to

remove ground points. This ground segmentation is vital for detecting small, unknown

obstacles using clustering based algorithm. It also provides movable plane estimation for

the planning algorithm.

As discussed in the previous section, existing region-wise ground segmentation ap-

proaches partition ground region using cartesian-grids or polar-grids/sectors [172] [84] [139]

[49] [7]. That is, these regions do not have semantic meanings. It is worth noting that
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(a) Camera view of geese (b) Proposed Road Segmentation

(c) Unified ROI Road Segmentation (d) No ROI Road Segmentation

Figure 3.5: (a) Camera view of geese crossing the road. (b) The proposed Semantic-based

Road Segmentation. (c) Road Segmentation on Unified ROI. (d) Road Segmentation

on Raw Point Cloud. White points represents the raw point cloud inputs. Blue points

represents the detected ground points. Red points represents the non-ground points. Please

note traditional ground segmentation algorithms cannot distinguish the geese from the

ground. Small animals, such as goose and squirrels, entering or crossing happens frequently

in the WATonoBus operation environment.
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different semantic region often has different ground surfaces geometry and topology. For

instance, road, sidewalk, green space and parking lots, all have drastically different ground

surface geometry and topology. However, the previous approach does not consider the

semantic differences in region partition, which leads to unnecessary complexity in ground

plane estimation. To address this issue, this thesis proposes to combine semantic informa-

tion provided by HD map for ground segmentation tasks.

More specifically, regions with different semantic meanings are partitioned for inde-

pendent ground plane estimation. This allows different semantic regions to have different

ground plane models. This semantic region partition scheme is defined as follows:

R =
⋃

i∈⟨Map⟩

Regioni (3.5)

where ⟨Map⟩ denotes different semantic regions provided by the HD map, Regioni is

a area that has identical semantic type, R is the ROI.

To further address complex road geometry that might exist within each semantic region,

this thesis proposes combining semantic-wise region division with traditional grid-wise

ground segmentation. More specifically, the ground surface is further partitioned into

small grids for ground extraction within each semantic region. For this thesis, a polar

grids partition method [139] is utilized for ground segmentation within each semantic

region. This process is defined as follows:

Regioni =
⋃

i∈⟨N⟩

Gridi (3.6)
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(a) (b)

(c) (d)

Figure 3.6: (a) The number of remaining points, (b) The run time of clustering algorithm,

(c) The run time of ApolloSeg (d) The run time of PointPillars
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3.3 Experiments

3.3.1 Testing Platform

The proposed algorithm is tested on the data collected from the Waterloo all-Weather

autonomous shuttle (WATonoBus) project, shown in Figure 3.4. The WATonoBus project

from the University of Waterloo consists of three autonomous shuttle buses. Each shuttle

bus is equipped with a network of advanced sensors, including LiDARs, cameras, radars,

a Global Navigation Satellite System (GNSS), an Inertial Measurement Unit (IMU) and

5G communication. The main LiDAR on WATonoBus is a mechanical LiDAR of 32 leaser

beams which operates on 10 Hz. This main LiDAR is installed on the front of the shuttle

bus, which provides frontal 180-degree FOV. The real-time localization module of the

shuttle bus consists of high-precision IMU and GNSS system with Real-Time Kinematic

(RTK). This localization system is capable of providing a centimetre-level global position.

The computation platform for the perception task on WATonoBus is an NVIDIA Jetson

Xavier computer.

3.3.2 Dataset

The dataset acquired from WATonoBus contains recorded sensor measurements from Li-

DAR, camera, GNSS, IMU, odometry and HD map. The WATonoBus operates on the

university’s ring road, a 2.7-kilometre route around the campus. The ring road is the main

route within the University of Waterloo, which has heavy traffic throughout the day and

many vulnerable road users. For instance, pedestrians and geese regularly cross the road

without any warnings on many road parts. The ring road also has complex road topolo-

gies. More specifically, the road has steep curves and slopes, challenging for road surface

estimation. The areas adjacent to the road are a mixture of green space, sidewalk, parking

lot, bus stops and building entrances. The dataset contains 11960 frames of LiDAR point

cloud, frames images.
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Table 3.1: The number of remaining points after applying different types of ROI filter.

ROI types
The number of points

µ σ

No ROI 14339 3128

Fixed Unify ROI 4154 1390

Adaptive ROI 3208 2603

3.4 Results and Discussion

3.4.1 The impacts on perception run-time

One of the ROI filter goals is to reduce the computation and memory complexity of the

LiDAR perception task by removing unrelated points. In this section, the impacts of

different ROI filters on common LiDAR-based perception tasks is analyzed. This thesis

choose three of the most popular algorithms for LiDAR-based perception tasks. For 3D

object detection, the euclidean clustering algorithm and PointPillars network [124] are

tested. For 3D instance segmentation, ApolloSeg instance segmentation network [1] is

tested. The euclidean clustering is a class-agnostic object detection algorithm that groups

points that are located closely. It is used to detect both known and unknown objects from

the LiDAR point cloud. The PointPillars and ApolloSeg are lightweight deep learning

based models designed for real-time applications. All algorithms are tested on NVIDIA

Jetson Xavier computer.

As shown in Fig. 3.6a, compared to not applying the ROI filter, both the proposed

adaptive ROI and the traditional unified ROI significantly reduced the total number of

points for later perception tasks. As shown in Table 3.1, the proposed adaptive ROI filter

on average has 5.6 times fewer data points compared to the raw point cloud. Compared

to fixed unified ROI, the proposed adaptive ROI removes slightly more points per scan on

average.
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Table 3.2: The run time of different perception tasks after applying different types of ROI

filter.

ROI Types Method Frequency
Run-time (S)

µ σ

No ROI

Eucliean Cluster 26.0 Hz 0.0385 0.0113

PointPillar 11.7 Hz 0.0855 0.0017

ApolloSeg 11.3 Hz 0.0886 0.0040

Fixed Unify ROI

Eucliean Cluster 57.8 Hz 0.0173 0.0058

PointPillar 12.2 Hz 0.0821 0.0021

ApolloSeg 12.4 Hz 0.0807 0.0034

Adaptive ROI

Eucliean Cluster 99.0 Hz 0.0101 0.0073

PointPillar 12.4 Hz 0.0804 0.0026

ApolloSeg 12.9 Hz 0.0777 0.0029

The reduction of unrelated points has a significant impact on the run-time of the

euclidean clustering algorithm. Its run-time is reduced by 3.8 times after adaptive ROI

filtering. This means the clustering algorithm could operate at 99 Hz, a drastic increase

compared to its original 26 Hz operation frequency. Deep learning based perception models,

such as PointPillar and ApolloSeg, also witness some reduction in run-time. However,

the reduction is less significant than the euclidean clustering algorithm. This is because

PointPillar and ApolloSeg transform point cloud into a fix size feature space, which cannot

benefit from the sparsity of points. Therefore, the run-time reduction mainly comes from

the pre-processing steps in these models.
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3.4.2 The impact on ground segmentation

Effectiveness on small objects

The WATonoBus operates in the university campus, which has large areas of green space.

The WATonoBus frequently encounters small animals, such as geese, squirrels, dogs, rac-

coons, entering the road in random parts of the route. Apart from animals, portions of

the operating route are sometimes partially closed with small traffic cones for construc-

tion. These scenarios present unique challenges for the operation safety of the vehicle. It

is vital for the perception system to detect these small obstacles from as far as possible

to avoid sudden breaks or traffic accidents. However, these small unknown objects are

very challenging for deep learning based systems, which are class-aware detectors. Deep

learning models are trained to detect a predefined set of object classes. Furthermore, it

is impossible to build an annotated dataset that includes all the potential object classes

the shuttle bus might encounter [216]. This dilemma is often referred to as the open-set

detection problem.

This thesis employ a euclidean clustering algorithm to solve these edges cases, which

is a class-agnostic object detector. The euclidean clustering algorithm detects obstacles

on the point cloud by grouping points that are located closely. The euclidean clustering

algorithm’s prerequisite for detecting small objects is accurate ground point removal. This

is because the euclidean clustering algorithm cannot distinguish ground points and non-

ground points. If ground points are not fully removed, these remaining ground points

will be treated as obstacles in the clustering algorithm. This would cause the shuttle bus

to stop or maneuver incorrectly. On the other hand, if non-ground points are incorrectly

removed, the shuttle bus might run into these obstacles. More importantly, small obstacles

are often closely located to the ground plane. Therefore, accurate ground plane estimation

is vital for the vehicle’s safe operation.

Fig.3.5a illustrates a comparison of different road segmentation results on geese. In

this scenario, geese are on the road and the sidewalk. It is worth noting that the road
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and sidewalk are of different heights, and a steep slope is next to the sidewalk. As shown

in Fig.3.5c and Fig. 3.5d, traditional road segmentation approach can identify most of

the ground point correctly. However, due to the need to fit complex ground geometry of

different regions, small objects, such as geese, are treated as uneven ground points. This

problem is solved by the proposed semantic-based ground segmentation, which is shown in

Fig. 3.5b.

3.5 Summary

In this chapter, a task-attentive LiDAR filter is proposed. The proposed adaptive ROI

filter significantly reduces computation and memory cost for later perception tasks while

ensuring driving safety. The proposed semantic-based ground segmentation can accurately

distinguish between ground and non-ground points in complex environments. This enables

the perception modules to detect small objects near the ground surface, which is challenging

otherwise.
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Chapter 4

Domains-3D: A Novel Domain

Adaptation Dataset

This chapter introduces Domains-3D, a novel domain adaptation dataset developed for au-

tonomous driving applications. Domains-3D has 18 domains and 54 potential cross-domain

splits. It addresses the limitations of existing datasets by providing a comprehensive, rep-

resentative, and challenging benchmark for assessing the generalization capabilities of 3D

perception models for autonomous driving. Section 4.1 begins with an overview of the

background and challenges of synthetic data generation and domain adaptation for au-

tonomous driving. Section 4.2 then presents the methodology and mathematical theorem

used to calculate domain shifts between two domains with respect to the task at hand.

This information is then used to guide the synthetic data generation process and reduce

domain shifts between the synthetic and target domains. Section 4.3 describes the dataset’s

construction, which begins with an in-depth analysis of the target domains built on the

nuScenes dataset.
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(a) Simulated Urban Domain (b) Real Urban Domain

(c) Simulated suburban/rural

Domain

(d) Real suburban/rural Domain

(e) Simulated Campus Domain (f) Real Campus Domain

(g) Simulated Public Domain (h) Real Public Domain54



4.1 Background

Collecting and labeling a large-scale autonomous driving dataset is extremely expensive,

time-consuming and labor intensive. As a result, only a limited number of large-scale

open-source datasets are available. These challenges also prevents many researchers from

creating their own dataset that best suited their needs and applications. By comparison,

generating synthetic data using a autonomous driving simulator offers a variety of benefits.

It’s cost-efficient, provides better annotation accuracy, and allows the creation of costumed

and repeatable scenarios. While synthetic data has the potential to overcome many of

the challenges associated with creating an autonomous driving dataset in the real-world,

there are still difficulties to overcome. One of the these lays in the precise simulation of

real-world sensor characteristic and behavior. Additionally, the simulation of complex real-

world scenarios, including both fore-ground and background objects presents another major

challenge [275] [159] [30]. This is especially relevant in the context of domain adaptation

studies, which often neglects the discrepancy between synthetic-to-real scenarios. For

instance, the number and spatial locations of foreground objects are often generated at

random.

Domain adaptation is of paramount importance for autonomous driving research, as

self-driving cars need to adapt to a wide range of environments and conditions in order to

drive safely and reliably. For instance, models trained on nuScenes [17] which is collected

in Boston and Singapore, could perform poorly in Canadian cities and rural area [145] [144]

[148] [149] [107]. However, the absence of a comprehensive domain adaptation dataset for

autonomous driving and the limit diversity of available autonomous driving datasets has

become the bottleneck for studies in this field.

This thesis addresses the above challenges by introducing a novel comprehensive domain

adaptation dataset for autonomous driving. A detailed comparison between the proposed

Domains-3D and other autonomous driving datasets is presented in Table.4.1. In addi-

tion, this thesis proposes a novel approach for synthetic data generation using real-world

prior that minimize the divergence between the synthetic domain and their real-world
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Table 4.1: Comparison of existing autonomous driving datasets that provide point cloud

data. Domains-3D stands out as a large-scale synthetic-real dataset with the most broad

range of domains of any extant dataset. It is a one-of-a-kind dataset that allows for domain

adaptation research on cross-sensor, cross-scene, and sim-to-real domain shifts.

Type Dataset
Cross-

sensor

Cross-

scene

Cross-Scene

Types

Simulate

to Real

Num

of seq

Annotated frames

Seg. 2D Det. 3D Det.

Real-world

KITTI [11] N/A N/A N/A N/A 22 200 15k 15k

H3D [180] N/A 4 city2city N/A 160 - - 27k

A*3D [181] N/A N/A N/A N/A - - 39k

nuScenes [17] N/A 2 city2city N/A 1,000 40k 40k 40k

Waymo [217] N/A 3 city2city N/A 1,150 200k 200k 230k

Synthetic

PreSIL [97] N/A N/A N/A N/A N/A 50k 50k 50k

AIODrive [262] N/A 8 city2city N/A 100 100k 100k 100k

SHIFT [219] N/A 8 city2city N/A 4,850 2.5M 2.5M 2.5M

Synthetic+Real Domains-3D 4 18

city2city,

urban2rural,

public2campus,

Sim2Real,

Sim2Sim

Yes 7,000 2.1M 2.1M 2.1M

counterparts. This, in turn, leads to better knowledge transfer between the synthetic and

real domains and improved performance of autonomous driving systems. The proposed

Domains-3D contains both real-world data and synthetic data. The real-world data was

extracted from the nuScenes dataset and carefully annotated to distinguish domains be-

tween cities, urban, and suburban/rural environments, as well as between public roads

and a campus. Based on this real-world prior, synthetic data of respective domains are

reproduced to mimic their real-world counterparts. Additionally, this thesis also include

simulated domains without access to real-world data to provide a more comprehensive

dataset. To sum up, the proposed dataset contains a total of 18 domains, and 54 possible

cross-domain splits to provide a diverse set of scenarios for autonomous driving systems to

adapt to. In addition to the cross-scene domain adaptation, cross-sensor domain adapta-

tion is also added to further enhance its diversity and usefulness. This comprises a total

of 4 cross-sensor domains and 12 possible cross-sensor domain splits.
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4.2 Methodology

4.2.1 Problem Formulation

In this research, the overriding research question is: how to generate challenging synthetic

data for autonomous driving perception tasks that closely resembles the target domain.

To formally define this problem, this thesis first introduce the definitions of key terms and

essential components. This is followed by the break down of this research problem into

two sub-tasks: synthetic domain generation and scene-related noise generation. Finally,

the methodologies used to tackle these tasks are explained in detail.

To start, this thesis refer to the synthetic dataset generated by a simulator as S , which

consists of labeled data points S = {(xs
i , y

s
i )}

ns

i=1. The target domain (T ) is also labeled

and consists of T = {(xt
i, y

t
i)}

nt

i=1. The target data xit and synthetic data xs
i are sampled

independently and identically distributed (i.i.d.) from data distributions Pt and Ps over the

input space X , respectively. As is commonly the case in autonomous driving simulators,

this thesis assumes the computer graphics simulator can automatically produce labels for

the task of interest. And the labeling function f : X → Y represents the mapping from

the input space X to the output space Y , and is denoted as ft for the target domain and

fs for the synthetic domain.

In the context of autonomous driving, the input space X can be represented by various

sensor measurements such as lidar, radar, and camera data. By utilizing accurate sensor

models in the computer graphics simulation, the synthetic data generated can closely

resemble the real-world sensor measurements. Nevertheless, this research focuses on cross-

scene domain adaption problem and assumes the correct sensor model is available in the

simulator. The label yi in S = {(xs
i , y

s
i )}

ns

i=1 represents the output or prediction of the task

of interest, which can vary depending on the specific task being addressed. For example,

label yi of 3D object detection task might represent the bounding box coordinates and

class label of the detected objects in the scene.

Problem 4.2.1 (Domain Adaptation) Given a hypothesis h, and its loss function
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ℓ : Y × Y → R+under distribution D. The risk of a hypothesis h w.r.t. the labeling

function f is:

Rℓ
D(h, f) = Ex ∼ D[ℓ(h(x), f(x))] (4.1)

To simplify, this thesis further define Rℓ
S(h) = Rℓ

Ps
(h, fs) and Rℓ

T (h) = Rℓ
Pt

(h, ft). For

domain adaptation, the intend is to learn a function h : Rd → Y that can generalize well

on both the source domain S and target domain T , when trained on the source domain S .

Theorem 4.2.1 (Zhao et al. [290]). Suppose that DJS (Ps(y)∥Pt(y)) ≥ DJS (Ps(z)∥Pt(z))

These is: Rℓ
T (h) + Rℓ

S(h) ≥ 1
2

(√
DJS (Ps(y)∥Pt(y)) −

√
DJS (Ps(z)∥Pt(z))

)2

where DJS

corresponds to the Jensen-Shanon divergence.

For this research, Theorem 4.2.1 holds great significance, as it emphasizes the impor-

tance of proper data generation in the simulator to avoid mismatch between real and

virtual worlds. Specifically, theorem 1 states that if the sampled simulated foreground

objects’ distribution is different from the target domain (e.g. real world), SOTA adver-

sarial learning algorithms might not work. In other words, the synthetic data needs to

resemble its real-world counterparts to a certain extend in order to facilitate knowledge

transfer between the two domains. This emphasizes the importance of manipulating the

data generation process to reduce the mismatch between the synthetic and the real-world

domains.

4.2.2 Synthetic Domain Generation Using Real-wold Prior

In a given domain, it exists a set of ground truth agents of interest Af = {a1, a2, a3, ...., aN}
determined by the labeling function of interest f . These ground truth agents can be

described by a set of states S = {s1, s2, s3, ...., sN} indicating their sizes, spatial positions

and locations. Similarly, the labeling function f predicts this state description S given

sensor observation X .
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In this research, it is assumed the labels of the target domain is generated by human

experts, which can be viewed as a ground truth labeling function f t
gt. Similarly, the labeling

function f s
gt on the synthetic domain is obtained directly from the simulator’s ground truths.

Therefore, the dissimilarity between ft and fs could be viewed as negligible.

The divergence between the data distributions Ps(x) and Pt(x) of the source (i.e. sim-

ulator) and target (i.e. real-world) domain can be measured by the KL divergence:

DKL(Ps(x)||Pt(x)) =
∑
x

Ps(x) log
Ps(x)

Pt(x)
(4.2)

Similarly, the divergence between the marginal distributions Ps(y) and Pt(y) of the source

(i.e. simulator) and target (i.e. real-world) domain can be measured by the KL divergence:

DKL(Ps(y)||Pt(y)) =
∑
y

Ps(y) log
Ps(y)

Pt(y) (4.3)

Based on these assumptions, the correlation between the KL divergence of marginal

distributions Ps(y) and Pt(y) and the KL divergence of data distributions Ps(x) and Pt(x)

is:

DKL(Ps(y)||Pt(y)) ∝ DKL(Ps(x)||Pt(x)) if λ
(
f t
gt, f

s
gt

)
≈ 0 (4.4)

where DKL represents the KL divergence between the two distributions and λ represents

the dissimilarity between the ground truth labeling functions f t
gt and f s

gt. This equation

suggests that if the dissimilarity between the ground truth labeling functions is negligi-

ble, then the divergence between the marginal distributions Ps(y) and Pt(y) is positively

correlated with the divergence between the data distributions Ps(x) and Pt(x).

To put it more simply, if the dissimilarity between the ground truth labeling functions is

small, then a small divergence between the labeling distributions Ps(y) and Pt(y) indicates

a small divergence between the data distributions Ps(x) and Pt(x).
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Problem 4.2.2 (Synthetic Domain Generation) Given a set of sample labels Pt(y) from

the target domain T, and the ground truth labeling function f s
gt of simulator S, the task of

interest f , the synthetic domain generation solves

min
S

[DKL(Ps(y)||Pt(S)] (4.5)

The synthetic domain generation problem can be expressed as a optimization problem:

S ′∗ ∈ arg min
S

[DKL(Ps(y)||Pt(S)]

s.t. S ∈ Af

(4.6)

In a simulator, various aspects ground truth objects can be precisely manipulated with

a given configuration π, including the classes that appear, their locations, frequency and

timing of appearance. Therefore, using the ground truth labeling function f s
gt to generate

a particular marginal distributions Pi(y) on a given simulator S can be expressed as:

S = f s
gt(Af ; π), π ∈ Pi(y) (4.7)

4.2.3 Algorithms for CARLA

To implement the above proposed methodologies, two algorithms for CARLA simula-

tor [48] has been developed. The first algorithm, rand spawn point, generates random

spawn points for foreground objects (i.e. non-player character (NPC)s) in the CARLA

autonomous driving simulator based on a given prior distribution. Using the first algo-

rithm, the second algorithm generates different scenarios for data collecting, each scenario

lasts a set amount of time. For the first algorithm, the function takes in a given spatial

distribution of a certain real-world domain. It then generates a random heading for each

NPCs. To ensure that the generated spawn points are realistic, the algorithm examines if

the location is on the road. If it is on the road, it looks for the nearest waypoint and uses
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Algorithm 1 Generating Spawn Points for NPC in CARLA
Input:

world: the current world in the CARLA simulator

ego vehicle: the ego vehicle

prior spatial distribution: the prior spatial distribution of the target domain

n npc: the number of NPCs to spawn

Output:

rand spawn points: a list of spawn points

1: procedure gen spawn points

2: repeat

3: XY ← prior spatial distribution.resample(size=1)

4: XYlocal ← ego vehicle.get transform().transform(carla.Location(x=XY [0],y=XY [1], z=2.0))

5: head ← np.random.uniform(0, 360.0)

6: location ← carla.Transform(carla.Location(x=XYlocal[0], y=XYlocal[1], z=XYlocal[2]),

carla.Rotation(yaw=head, pitch=0.0, roll=0.0))

7: waypoint ← world.get map().get waypoint(location.location,project to road=True,

lane type=carla.LaneType.Driving)

8: if waypoint then

9: location ← waypoint.transform

10: end if

11: if check spawn point collision(ego vehicle, location,6) then

12: rand spawn points.append(location)

13: end if

14: until len(rand spawn points) == n npc

15: return rand spawn points

16: end procedure

61



that location instead. Otherwise, the randomly generated location is used. Additionally,

the algorithm checks if the location is too close to the ego vehicle before adding it to the

list of spawn points.

The second algorithm is designed to generate a variety of different scenarios in the

CARLA autonomous driving simulator for data collection. The algorithm starts by initial-

izing the scene creation loop, and for each iteration a new scene will be created. Specifically,

in a new scene, foreground objects are spawned by the algorithm 1 according to the target

domain distribution. During each data collection step, the algorithm checks if the threshold

has been met. This threshold includes the number of data frame collected, miles driven,

ego-vehicle’s state. Once the threshold has been met, the current loop is terminated and

the scene creation loop restarts from the beginning.

Algorithm 2 Rich Scenes Generation for Data Collection
Input:

world: the current world in the CARLA simulator

ego vehicle: the ego vehicle

actors: The spawn actors(NPCs)

threshold: threshold for restarting a new scene, this can be the number of data collected,

miles driven, is stuck, etcs.

1: procedure scene creation loop

2: Restart World(world, ego vehicle)

3: Spawn ego-vehicle and sensors(world, ego vehicle)

4: Spawn foreground objects(world, foreground objects distribution)

5: repeat

6: Data Collection Process()

7: until check threshold(data collected, miles driven, stuck) == False

8: end procedure
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4.3 Dataset Designs

In this section, an overview of the design of the proposed Domains-3D dataset is first

presented. This is followed by a detailed description of domain shifts types it encompasses.

After that, explanations of the sensor setup and annotations were discussed. Next, real-

world domain meta analysis is presented, offering a statistical overview of the foreground

object distributions across each domain. Finally, this thesis presents and analyzes the

synthetic data generated using the proposed real-world guided synthetic data generation

method and compare it to the real-world domains.

4.3.1 Dataset Overview

The proposed Domains-3D consists of a real-world and a synthetic data component, both of

which are annotated and organized based on their respective domain labels. The real-world

component of the dataset is sourced from the nuScenes dataset[17]. The nuScenes dataset

[17] includes a diverse range of domains from urban, suburban/rural, and university campus

areas. However, the nuScenes dataset does not offer official annotations that distinguish

between these different domains. To address this issue, all 1000 scenes in the nuScenes

dataset was carefully annotated to create six different domains. Specifically, three types

of domain shifts was considered during this annotation process: city to city, urban to

suburban/rural, and public road to university campus. To acquire and simulate the real-

world ground truth object distribution, this thesis leverages the 3D object annotations of

each real-world domain to obtain a statistical distribution of foreground objects.

To provide a more comprehensive representation of different domains, the synthetic

component of the Domains-3D was generated through two complementary approaches.

The first approach leverages the real-world prior and the proposed novel real-world guided

synthetic data generation method to generate counterparts for six real-world domains.

Another six synthetic domains, on the other hand, was constructed without this prior

information. These two complementing methodologies allow the simultaneous study of
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domain adaptation in both sim-to-sim and sim-to-real scenarios, providing a comprehensive

evaluation of domain adaptation algorithms.

Domain Shift Types: The Domains-3D considers three distinct types of discrete

domain shifts, namely cross-scene, sim-to-real, and cross-sensor. In terms of cross-scene

domain shifts, the dataset includes urban to suburban/rural, city to city, and public road

to university campus. For sim-to-real domain shifts, each of these six domains contains two

synthetic and one real-world components. In the case of cross-sensor domain shifts, four

different sensors were set up on the ego-vehicle for each recorded scene. Additionally, the

dataset also encompasses continuous domain shifts such as varying weather and lighting

conditions, providing a more comprehensive representation of the real-world environment.

4.3.2 Map Design

The CARLA simulator offers a variety of maps, including multiple cities, urban and sub-

urban/rural landscapes. However, as the simulator lacks a university campus map, a

dedicated CARLA map was built by the MVSL Lab to closely resemble the University of

Waterloo campus. An illustration of this campus map is shown in Fig. 4.2. This map

was meticulously constructed in Unreal Engine to capture the distinctive features and

characteristics of the university campus setting.

4.3.3 Sensor Suite

The CARLA simulator only simulates traditional mechanical LiDARs, not the newer solid-

state LiDARs. However, the latter has a particular scanning pattern that differs from that

of traditional LiDARs, which is shown in Fig.4.3. For instance, LiVOX LiDAR uses a

unique non-repeating scanning pattern [140], which is not yet supported in the CARLA

simulator. To address this, a new sensor model has been developed specifically for CARLA

version 0.9.14. This new model accurately mimics the non-repeating scanning pattern of
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(a) The Engineering 7 building

(b) The QNC building.

(c) An overview of the whole campus map.

Figure 4.2: The University campus map based on University of Waterloo in Unreal Engine

Editor.
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(a) Scanning patterns of mechanical LiDAR accumulated for 4 frames.

(b) Scanning patterns of solid-state LiVOX LiDAR accumulated for 4

frames.

Figure 4.3: A comparison between the accumulated scanning patterns of traditional me-

chanical LiDAR and recent solid-state LiVOX LiDAR [140].

LiVOX LiDAR. This is an important addition since it allows for the first time to compare

domain adaption methods between solid-state and classic mechanical LiDARs.

Using this solid-state LiDAR model, four different LiDAR configurations are simulated

in each simulated scene: a 32-beam LiDAR at 20 Hz (the configuration used in nuScenes),

a 64-beam LiDAR at 10 Hz (the configuration used in KITTI), and two solid state Li-

DARs, the LIVOX Horizon and a generic 128-beam model. These configurations enable

cross-sensor domain shifts. Importantly, Domains-3D is the first large-scale multi-task au-

tonomous driving dataset with annotated solid state LiDAR data, filling a significant gap

in the field as solid state LiDARs are expected to replace mechanical LiDARs in the near

future.
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Table 4.2: The per-frame foreground objects distribution on different domains. This thesis

denotes pedestrian as ’Pedes’, motorcycle as ’MotorC’ and Traffic Cone as ’Cone’.

Domains Pedes Bicycle MotorC Car Bus Truck Cone

Urban 9.23 0.50 0.41 14.12 0.47 2.15 4.41

suburban/rural 2.84 0.18 0.26 17.06 0.35 3.91 1.67

Boston 5.83 0.24 0.19 16.72 0.36 3.30 3.29

Singapore 4.97 0.32 0.43 6.46 0.41 0.71 1.34

Public 9.23 0.50 0.41 14.12 0.47 2.15 4.41

Campus 5.48 0.22 0.53 7.54 0.78 0.43 0.54

4.3.4 Annotations

Annotations are provided for a variety of critical perception tasks in autonomous driving,

including 2D and 3D bounding box detection, instance and semantic segmentation. Due

to the high expense of manual labelling, real-world datasets generally limit annotations to

keyframes. Contrary to these real-world datasets, Domains-3D provides full annotations

for every frame in the sequences, providing a more complete description of the data.

4.4 Experiments and Meta Analysis

One important thing to note is that datasets developed for autonomous driving research are

typically collected using non-probability sampling methods. This means that the scenes

included in the dataset were not randomly selected, but were chosen to include more

challenging traffic, under-represented classes, and diverse weather/lighting conditions. As

a result, the distribution of foreground and background objects in these datasets might

not accurately reflect the true underlying data distribution in the environments where the
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data was collected. Despite this limitation, studying the effects of background stuff in

the proposed three domain datasets can still provide valuable insights into the effects of

domain shifts on autonomous driving systems.

Boston to Singapore:

Domain Shift Analysis: On average, Boston has more foreground objects per frame

than Singapore, indicating that the Boston domain is more densely populated with objects.

Upon further analysis, this thesis found that Boston has 2.7 times more cars and 4 times

more trucks per frame than Singapore. Additionally, it is notable that a large proportion of

cars in Boston are parked (71.9% compared to 47.8% in Singapore, as shown in Fig. 4.4a),

which might be due to the prevalence of parked cars on the sides of streets in urban scenes

in Boston. In contrast, a larger portion of Singapore’s cars are moving (37.9% compared to

19% in Boston), with fewer stopped cars in Singapore (14.3% compared to 9.2% in Boston).

This might suggest that the collected scenes in Singapore might have better traffic flow

than those in Boston. While both cities have a similar number of pedestrians per frame,

classes such as bicycles, buses, and motorcycles are all very underrepresented in both cities.

One potential reason for the higher number of trucks recorded in Boston might be

due to the fact that the data was collected around the seaports area of Boston, where

large semi-trailer trucks are commonly found due to the port operations in the region.

However, it is also possible that the data selected from Boston was specifically focused on

scenes where truck traffic is more prevalent, contributing to a higher number of trucks in

the Boston dataset. It is important to consider the impacts of sampling methods when

interpreting the differences in object distributions between the source and target domains,

as they might have influenced the observed results due to biased sampling. Non-probability

sampling, such as the method used to collect the nuScenes dataset, can lead to data that

is not representative of the true underlying population.

Synthetic Data Generation: For the proposed dataset, two synthetic Boston do-

mains and two Singapore domains are generated with and without real-world priors. The
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(a) City to City Splits

(b) Urban to suburban/rural Splits

(c) Public to Campus Splits

Figure 4.4: The intra-class attributes of Vehicles, where orange represents parked vehicle,

blue represents moving vehicle and green represents stopped vehicle.

69



(a) Vehicle per frame in Simulated and Real Boston (Bos) Domain

(b) Real Boston. (c) Guided Sim Bos. (d) Baseline Sim Bos.

(e) Vehicle per frame in Simulated and Real Singapore (Sgp) Domain

(f) Real Sgp. (g) Guided Sim Sgp. (h) Baseline Sim Sgp.

Figure 4.5: The vehicle’s temporal and spatial distributions of cars in real and simulated

Boston and Singapore domains
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(a) Pedestrian per frame in Simulated and Real Boston (Bos) Domain

(b) Real Boston. (c) Guided Sim Bos. (d) Baseline Sim Bos.

(e) Pedestrian per frame in Simulated and Real Singapore (Sgp) Domain

(f) Real Sgp. (g) Guided Sim Sgp. (h) Baseline Sim Sgp.

Figure 4.6: The pedestrian’s temporal and spatial distributions of pedestrian in real and

simulated Boston and Singapore domains
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(a) City to City Splits

(b) Urban to suburban/rural Splits

(c) Public to Campus Splits

Figure 4.7: The inter-class distribution, where orange and blue represents different do-

mains.
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synthetic Boston domains and Singapore domains uses two different CARLA Town maps.

For the baseline method, this thesis generates a random number of actors across the entire

CARLA maps without any real-world priors. This baseline dataset is then compared with

the proposed real-world guided synthetic data generated dataset. To validate the pro-

posed method, this thesis calculates and compares the temporal and spatial distributions

between the real-world domains and these two synthetically generated domains. The tem-

poral distribution refers to the number of objects across each data frame in the collected

data sequences, while the spatial distribution is represented in the form of heatmaps.

As shown in Fig.4.5, the vehicle simulation results indicate that the real-world guided

simulation closely matches the real-world temporal distribution, which exhibits a more

uniform (long-tailed) distribution. On the other hand, the baseline method displays a

normal distribution, with most frames having means of six vehicles per frame in Boston

and two in Singapore. Similarly, the proposed method’s heatmap largely resembles the

real-world geographical distribution, but with a more uniform distribution throughout the

entire heatmap (40 by 40 meters). This mostly caused by vehicles traveling after spawning.

Specifically, the spawned vehicle must operate in accordance with the traffic patterns (e.g.,

on the roads) present in the simulation environment. As a consequence, the resulting

spatial distribution is heavily influenced by the map designs of the CARLA simulator.

These results are further supported by KL-divergence, which shows that the divergence

between the actual world and simulation is 1.65 and 3.78 for the proposed and baseline

methods, respectively.

The pedestrian simulation, depicted in Fig.4.6, shows the real-world guided simulation

accurately reflects the real-world temporal distribution. However, the pedestrian’s spatial

distribution in the real-world guided simulation deviates from the actual real-world dis-

tribution. This discrepancy stems from the pedestrian navigation rules imposed by the

CARLA simulator. These rules dictate the behavior and movement patterns of simulated

pedestrians within the virtual environment, which could be different than the real-world

ones. For instance, simulated pedestrians are only allowed to navigate within predefined

sidewalk lanes and will only cross the road through predefined cross-walks.
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(a) Vehicle per frame in Simulated and Real Urban Domain

(b) Real Urban. (c) Guided Simulation. (d) Baseline Sim.

(e) Vehicle per frame in Simulated and Real suburban/rural Domain

(f) Real Rural. (g) Guided Simulation. (h) Baseline Sim.

Figure 4.8: The vehicle’s temporal and spatial distributions of real and simulated urban

and suburban/rural domains
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Urban to suburban/rural:

The nuScenes dataset does not provide any pre-defined splits between urban and subur-

ban/rural data. In order to create this split, this thesis carefully reviewed and annotated

all the scenes based on geo-location and images. The final urban split includes 433 scenes,

with 218 from Boston and 215 from Singapore, while the suburban/rural split consists of

321 validation scenes in total, with 249 from Boston and 72 from Singapore. This thesis

further splits the urban scenes into 80% training set and 20% validation set.

The suburban/rural areas in Boston mostly consist of large parking lots, seaports, ware-

houses, and suburban districts. In Singapore, the data was collected from three districts:

one-north, Queenstown, and Holland Village. The one-north scenes are predominantly

urban streets, while the data from Holland Village is mostly residential suburban areas.

It’s important to note that the data collected in Queenstown is mostly from the campus

of the National University of Singapore and the Singapore Institute of Technology (SIT).

These campus scenes are sufficiently different from the public roads of both urban and

suburban/rural scenes, warranting their own separate splits.

Domain Shift Analysis: It is interesting to observe that urban domain have slightly

fewer cars per scene than suburban/rural domain, which is against the intuition. One po-

tential reason for this might came from the presence of large parking lots in suburban/rural

Boston, which is also reflected in a larger proportion of cars being parked (76.2% in sub-

urban/rural compared to only 58.1% in urban environments). Additionally, many of the

scenes recorded in One-North Singapore are off the main roads, and inside business dis-

tricts where cars are less likely to be present. Among on-road cars, It is also notable that

a higher percentage of cars are moving in suburban/rural areas compared to urban areas,

at 73.1% and 65.4%, respectively. This might suggest that there is better traffic flow in

suburban/rural areas compared to urban areas.

On the one hands, urban scenes have 3 times more pedestrians and 2 times more traffic

cones per data frame than suburban/rural scenes, indicating that these objects might be

more prevalent in urban environments. On the other hand, suburban/rural scenes have
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significantly more trucks than urban scenes, which might because the suburban/rural scenes

collected in Boston are located around seaport areas where truck traffic is more common.

These findings suggest that there are notable differences in the distribution of objects

between urban and suburban/rural environments, which might impact the performance of

autonomous driving systems when adapting to these different domains.

Synthetic Data Generation: Two synthetic urban and two synthetic suburban/rural

domains are generated using the same experiment settings introduced above in Boston

and Singapore experiment section. For urban domains, this thesis uses the Town10HD

and Town03 maps from CARLA, which resembles typical city environments. For subur-

ban/rural domains, Town02 and Town07 maps are used, which contains both suburban

and rural environments. The results are illustrated in Fig.4.8, which further confirms the

proposed approach by producing synthetic data that closely reflects real-world distribu-

tions in both temporal and spatial aspects. The proposed approach, in particular, has

a more uniform temporal distribution, whereas the baseline method has a skewed normal

distribution. The causes of spatial distribution discrepancies between the proposed and the

real-world is discussed have been discussed in previous section. As per KL-divergence anal-

ysis, the proposed method has a lower divergence from the actual world than the baseline

method, with divergence values of 1.21 and 3.12 for urban and suburban/rural domains,

respectively. These findings suggest that the proposed approach is effective in generating

realistic synthetic data for different urban and suburban/rural scenarios.

Public to Campus:

From a domain adaptation perspective, campus roads might be considered distinct from

other roads due to their unique road topology and lacks of traffic elements (traffic lights,

traffic signs, etcs.) and traffic characteristics (foreground objects). Campus roads often

have narrower lanes and roads, sometimes even consisting of a single lane in one direc-

tion. They might also include unstructured roads, larger car parks and more green space.

Additionally, campus roads typically have lower traffic density and a higher proportion
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(a) Pedestrian per frame in Simulated and Real Urban Domain

(b) Real Urban. (c) Guided Simulation. (d) Baseline Sim.

(e) Pedestrian per frame in Simulated and Real suburban/rural Domain

(f) Real Rural. (g) Guided Simulation. (h) Baseline Sim.

Figure 4.9: The pedestrian’s temporal and spatial distributions of real and simulated urban

and suburban/rural domains
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(a) Cars per frame in Simulated and Real Campus Domain

(b) Real Campus. (c) Guided Simulation. (d) Baseline Sim.

(e) Pedestrian per frame in Simulated and Real Campus Domain

(f) Real Campus. (g) Guided Simulation. (h) Baseline Sim.

Figure 4.10: The vehicle’s and pedestrian’s temporal and spatial distributions of real and

simulated campus domains
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of pedestrian and bicycle traffic compared to other types of roads. These differences can

make it challenging for models trained on other types of roads to generalize well to campus

roads, and vice versa. As such, it would be beneficial to create a separate splits for campus

roads for domain adaptation studies.

The data collected from Queenstown for the nuScenes dataset was carefully reviewed

and selected to create the public to campus splits. The scenes chosen were primarily from

or near the National University of Singapore and the Singapore Institute of Technology

(SIT) campus. This manual selection process ensured that the dataset accurately reflects

the unique characteristics of the university environment.

Foreground Domain Shifts: Fig. 4.7c has revealed that public roads have signifi-

cantly more objects across all classes, except for buses, compared to campus roads. This

reflects a denser traffic on public roads and potentially more emphasis on public trans-

portation in campus environments. Specifically, public roads have 2 times more cars, 5

times more trucks, and 8.2 times more traffic cones than campus roads. This research

also suggests that the proportion of cars parked on public roads and on campus roads is

relatively similar, at 58.1% and 57.6%, respectively. However, a significantly higher propor-

tion of on-road cars are moving on campus compared to public roads, at 84.9% and 65.4%,

respectively. This might suggest that traffic flow on campus roads is generally smoother.

Synthetic Data Generation: Two synthetic campus domains are generated with

the same experiment settings introduced in the previous sections. Notably, these two

domains are generated on a purposely built university campus map. The results, given

in Fig.4.10, provide further evidence that the proposed approach produces synthetic data

that more closely reflects real-world domains. Specifically, KL-divergence analysis reveals

that the suggested technique is less divergent from reality than the baseline method, with

divergence values of 2.98 and 4.63 for urban and suburban/rural domains, respectively.

These findings support the approach’s ability in creating realistic synthetic data for a

variety of circumstances, including those particular to campus contexts.
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4.5 Summary

To summarize, a novel domain adaptation dataset (Domains-3D) for autonomous driving

and a novel real-world guided synthetic data generation approach are developed. The pro-

posed dataset consists of both real-world and synthetically generated scenarios of various

scenes and domains. The dataset features diverse traffic, weather, and lighting conditions.

Most notably, it also covers a wide range of domains, including cross-sensor, cross-scene,

and sim-to-real domains. This provision of multiple domain transitions is a unique aspect

of Domains-3D. As it gives researchers unique opportunities to investigate and address

domain adaption challenges in autonomous driving. Moreover, this is the first large-scale

dataset to incorporate solid-state LiDAR which are not available in existing datasets. These

charecteristics set Domains-3D apart from other datasets and make it an attractive dataset

for developing domain-invariant perception models. In addition to the dataset, the pro-

posed synthetic data generation procedure enables synthetic generated domains to closely

matches their real-world counterparts. The experiment results proves that the proposed

approach is effective in generating realistic synthetic data for various domains.
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Chapter 5

Background-Aware Point Cloud

Domain Adaptation

This chapter introduces a novel plug-and-play method for improving the generalization

ability of a point-cloud-based 3D object detection model across scene domains. This chap-

ter begin with a background overview, highlighting the key contributions, and discussing

recent related works. Followed by section 5.2, which shows mathematically that removing

background points from a point cloud reduces the total amount of domain shifts. The ex-

perimental results of the proposed method on the new Domains-3D dataset are presented

in Section 5.3. Experiments show that this algorithm improves the performance of cross-

scene domain adaptation models on foreground objects. Furthermore, the experiments

uncovers that the performance of intra-domain 3D object detection improves, most likely

due to the removal of superfluous information from the point cloud.

5.1 Background

The domain shifts problem refer to a scenario where a deep learning model is trained on a

source data distribution and deployed on a different target data distribution. For 3D object
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detection, domain shifts could leads to significant performance degradation [145] [144].

Domain adaptation are techniques to mitigate the domain shifts problem. Its purpose is to

train a model on a source domain (a set of data from one environment) and then generalize

well on a target domain (i.e. a different set of data from a different environment).

In the context of autonomous driving, most current studies on domain adaptation are

about 2D image-based perception tasks, such as 2D object detection [80] [88] [111] [114]

[273] and 2D semantic segmentation [29] [86] [92] [153]. These works mainly focus on

transferring models trained on one labelled source domain to an unlabeled domain. For

instance, adapting a model trained on synthetic images to real-world images. The domain

shifts are often caused by difference in image styles, which could have drastically different

texture distributions.Unlike dense structured image data, point cloud is irregular and lacks

dense texture information. This makes mitigation of domain shifts more challenging on

point cloud data. Recent works [273] [254] [284] on domain adaptation on point cloud

models focuses on mitigation of the scale variation of bounding boxes in different domains.

[254] proposed an online data augmentation method that utilize target domain object

statistics to normalizes the bounding box and their respective point cloud scale during

training. [284] [187] explores domain-invariant representations for 3D object detection.

[273] proposed an unsupervised training pipeline for fine tunning a pre-trained model to

an unlabelled target domain.

However, existing approaches fails to account for the significant variations in back-

ground objects. These variations in background objects, such as road verges, dividers, and

buildings, that can occur across different locations can have a significant impact on the

performance of 3D object detection models. For example, the street backgrounds of Boston

and Singapore are vastly different (illustrated in Fig. 4.1a), and this can affect the ability

of a model trained on one location to generalize to the other. In addition to differences

between geographic locations, the background objects can also vary depending on the type

of road. For example, the background objects on a highway may be different from those on

an urban street or a rural road. These domain shifts can have a significant impact on the

performance of deep learning models. By studying the effects of background points, bet-
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ter understanding of how these variations affect model performance can be gained. And

strategies to mitigate their impact can be developed. Furthermore, various existing 3D

perception software stacks, such as Autoware and Baidu Apollo, already filter point clouds

to remove ground points and points outside of the region of interest. Therefore, this study

could improve the performance of these systems in real-world applications, resulting in a

more robust and reliable system in various conditions.

In this thesis, the impact of background points on domain adaptation for 3D point

clouds is examined. To the best of author’s knowledge, this is the first work of its kind.

To provide a thorough analysis of the effects of background points on domain adaptation,

experiments on three distinct domain shifts are conducted. On the basis of these findings,

this thesis propose a novel plug-and-play domain adaptation algorithm that reduces the

domain shift between the source and target domains. Experiments indicate that this algo-

rithm improves the performance of models for cross-scene domain adaptation on foreground

objects. In addition, this thesis find that the performance of intra-domain 3D object de-

tection is enhanced, most likely as a result of the removal of superfluous information from

the point cloud.

5.2 Methodology

5.2.1 Problem Statement

Let S = {(xs
i , y

s
i )}

ns

i=1 be the source domain dataset, where xi ∈ Rd is a point cloud sample

with d being the dimensionality. And yi ∈ Y is its corresponding label with Y being

the label space. Similarly, let T = {(xt
i, y

t
i)}

nt

i=1 be the target domain dataset. For the

task of interest, the labeling function that maps the data inputs to labels is denoted as

f : X → Y . And thesis use fs and ft to indicate the labeling functions for the source and

target domains, respectively. In the context of domain adaptation, the goal is to address

the insufficient information on the target domain, by utilizing knowledge extracted from a
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Figure 5.1: An instance of scenes-0247 visualized on the HD-map, where ego-poses are

illustrated in black dots and map layers are represented in different colors.

source domain. Specifically, a function h : Rd → Y that can generalize well on both the

source domain S and target domain T is required, when trained on the source domain S .

Theorem 1 (Acuna et al.[3]). Suppose ℓ : Y × Y → [0, 1] ⊂ domϕ∗ and denote

λ∗ := Rℓ
S (h∗) + Rℓ

T (h∗). let h∗ be the ideal joint hypothesis.

Rℓ
T (h) ≤ Rℓ

S(h) + Dϕ
h,H (Ps∥Pt) + λ∗. (5.1)

where Rℓ
D(h, f) is the risk of a hypothesis h w.r.t. the labeling function f , using a loss

function ℓ : Y × Y → R+under distribution D. And Rℓ
D(h, f) can be formally defined

as: Rℓ
D(h, f) = Ex ∼ D[ℓ(h(x), f(x))]. To further simplify: Rℓ

S(h) = Rℓ
Ps

(h, fs) and

Rℓ
T (h) = Rℓ

Pt
(h, ft). The first two terms of theorem 1 states that for a model to suc-

cessfully generalize from source to target domains, it must perform well on the source

domain, and the target and source domain should have minimal discrepancy. Finally, the

model should have an optimal adaptable hypothesis that performs well in both domains,

which is measured by the third term λ∗.
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The challenge of achieving the goal lies in adapting the domain shifts between the

source and target domains. This domain shifts can be defined as the difference in the data

distribution between the two domains:

dS,T = |PS(X) − PT (X)| (5.2)

where PS(X) and PT (X) are the probability distribution of the source and target domains.

In the context of a point cloud dataset, PS(X) and PT (X) is the distribution of points in the

two domains. Given that, a point cloud sample can be further categorized into foreground

points xf
i and background points xb

i , where the foreground (resp. background) points are

defined as the points that belong to the pre-defined foreground (resp. background) objects.

Now, let PS(Xf ) and PT (Xf ) be the data distribution of the foreground points in

the source and target domains, respectively. Similarly, let PS(Xb) and PT (Xb) be the

data distribution of the background points in the source and target domains, respectively.

Therefore, the total amount of domain shifts between the two domains is:

dS,T = dfS,T + dbS,T (5.3)

By removing the background points, the domain shift between the background points is

effectively eliminated, that is dbS,T . As such, the no-background domain shifts d′S,T is less

than the total domain shift between the two domains:

d′S,T := dfS,T ≤ dS,T (5.4)

Intuitively, in cross-scenes domain shifts, such as urban to rural, the majority of the fore-

ground objects remain similar in terms of appearance and behavior. However, the back-

ground environments, such as buildings, road types, and vegetation, can vary significantly

between the source and target domains. Based on the above observations, this thesis

proposes to mitigate domain shift in point-cloud-based 3D object detection by removing

background points. Specifically, if a model is trained and achieves optimal performance on

the source domain, its generalization ability on the target domain can be further improved

by reducing domain shifts between the two domains.
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Table 5.1: The per-scene road structures and traffic elements distribution on different

domains.The ’Road-B’ denotes road blocks,’Ped-C’ denotes pedestrian crossing,’Road-D’

denotes Road Dividers, ’Lane-D’ denotes lane dividers

Domains Road-B Lane Ped-C Walkway Stop-L Carpark Road-D Lane-D Traffic-L Inters

Urban 1.91 3.40 1.09 1.53 2.97 0.53 0.71 2.00 1.76 0.97

Rural 1.77 3.50 0.73 1.94 3.68 0.24 1.44 1.61 0.64 0.99

Boston 1.98 2.79 1.15 0.46 3.32 0.52 1.01 1.85 1.48 0.78

Singapore 1.16 4.38 0.50 3.29 3.33 0.26 1.10 1.52 0.72 1.32

Public 1.91 3.40 1.09 1.53 2.97 0.53 0.71 2.00 1.76 0.97

Campus 0.00 3.92 0.35 2.11 3.97 0.43 1.28 0.62 0.06 1.30

5.2.2 A Meta Analysis of Background Stuff

Dataset: This research uses Domains-3D dataset, developed in the previous chapter, for

training and validation. To better understand the role of background stuff on domain shifts,

the underlying data distribution needs to be investigated and analyzed . One key factor

that could contribute to domain shifts is road layout and design. Different domains tend

to have unique road layouts and designs, leading to different traffic patterns (of foreground

objects). To investigate road layout and design across domains, this thesis use the HD-map

and geo-location information provided by the dataset to gather information on the road

and traffic elements in each scene, which is illustrated in Fig. 5.1. this thesis then average

these results across each domain to obtain a statistical overview of the data distribution.

More specifically, for each domain, this thesis study road elements such as road blocks,

lanes, intersections, pedestrian crossings, walkways, carpark areas, road dividers, and lane

dividers. this thesis also examine traffic elements such as stop lines and traffic lights.

City-City Domains:

For city to city domain shifts, this thesis consider Boston as the source domain and

Singapore as the target domain. This means that the proposed model will be trained

on data collected in Boston and evaluated on data collected in Singapore. Specifically,
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models are trained on a portion of the official training split that was collected in Boston,

and validate its performance on both the Boston validation split and and the full dataset

from Singapore (combined training and validation splits). The Boston domain contains

467 driving scenes with a total of 18,785 annotated frames, while the Singapore domain

contains 383 driving scenes with 15,364 annotated frames.

The comparison and analysis of the background stuff distributions between the Boston

and Singapore domains reveals some interesting insights. As illustrated in Fig. 5.2, Boston

has twice as many road blocks per scene as Singapore, while Singapore has more lanes per

scene than Boston. This suggests that in Singapore where the data was collected, roads

tend to be multi-lane. Furthermore, Singapore has significantly more walkways per scene

than Boston, at 3.29 and 0.46, respectively. This might suggest that the infrastructure in

Singapore is more pedestrian-friendly. Interestingly, Boston has fewer intersections than

Singapore (0.78 vs. 1.32), but more pedestrian crossings (1.15 and 0.5, respectively). This

differences in the number of intersections and pedestrian crossings between Boston and

Singapore could be traced to the non-probability sampling methods employed to acquire

the data. As previously mentioned, the nuScenes dataset was collected mainly from two

areas in Boston: the downtown and seaport. While the downtown area has a high number

of pedestrian crossings and intersections, the seaport area has fewer intersections due to

the lack of cross streets. This skewed distribution of intersections in Boston could be a

result of the non-random selection of scenes in the nuScenes dataset. This underscores the

importance of considering sampling methods when studying the effects of domain shifts on

autonomous driving systems.

Urban-Rural Domains: Based on the statistical results from Table. 5.1, Urban

sceneries feature slightly more road obstacles per scene, whilst rural situations have slightly

more lanes per scene. This might indicate that rural environments have broader roads with

more lanes. Urban and rural scenes have a similar number of intersections, but compared

to rural scenes, urban scenes have 3 times more traffic lights and 1.5 times more pedestrian

crossings. This difference suggests that the traffic patterns and infrastructure in urban and

rural environments differs, with urban environments having more traffic control devices and
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(a) City to City Splits

(b) Urban to Rural Splits

(c) Public to Campus Splits

Figure 5.2: The distribution of road and traffic elements in two different domains (indicated

by red and blue bars).The ’ped crossing’ represents a designated area where pedestrians

can legally cross the road. The ’road block’ refers to a segment of the road with the same

traffic direction. The ’road divider’ and ’lane divider’ serve to separate one road block and

lanes from others.
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pedestrian crossings. Rural scenes also have significantly more road dividers but slightly

fewer lane dividers. Road dividers are typically used to separate opposing lines of traffic,

whereas lane dividers are used to separate lanes of traffic travelling in the same direction.

This might be attributed to the frequent presence of one-way roads in the narrow alleys and

streets of urban environments, which suggests a more crowded and enclosed background

space due to the presence of buildings.

Public-Campus Domains: As shown in Fig. 5.2c, campus environments has zero

road blocks and very few traffic lights (0.06 per scene), but more lanes than public roads

(at 3.92 and 3.40 respectively). This indicates unique road typologies, characterized by

narrow lanes and a lack of traffic elements, are strong evidence to support the assump-

tion that campus environments pose enough domain shifts to be considered their own

domain.Furthermore, campus has 1.8 times more road divider but 3.3 times less lane di-

viders than public roads. This might be came from the unique traffic characteristics of

campus roads, such as their one-way lanes and low traffic density, which might require

fewer lane dividers for traffic control.

5.3 Experiments

3D object detection algorithms

this thesis studies the impacts of background points on popular 3D object detection

networks. Specifically, the original CenterPoint [277], PointPillars [123] and Free-Anchor

[286] networks are compared against the proposed PnP method in terms of mAP for selected

object class in the Domains-3D dataset.

The CenterPoint [277] network proposed a bottom-up approach, first detecting the

centers of objects using a keypoint detector and then using additional point features on

the object to refine the estimates of attributes such as 3D size, orientation, and velocity.

PointPillars [123] is a framework for detecting objects in 3D point cloud data using a

CNN. It use PointNets [186] to encode the point features of 3D point cloud data organized
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Table 5.2: 3D object detection results for cross-city domain adaptation. This table reports

mean average precision (mAP) averaged over match thresholds of 0.5, 1, 2, and 4 meters.

The models’s performance is evaluated on objects of interest within the range of -52 meters

to 52 meters. This table denotes pedestrian as ’Pedes’, motorcycle as ’MotorC’ and Traffic

Cone as ’Cone’.

Boston → Singapore Networks Car Bus Truck Pedes Bicycle MotorC Cone

Original

CenterPoint 0.684 0.528 0.284 0.554 0.000 0.044 0.140

PointPillar 0.475 0.240 0.190 0.036 0.000 0.000 0.000

FreeAnchor 0.313 0.154 0.145 0.153 0.000 0.000 0.000

Ours

CenterPoint 0.735 0.600 0.382 0.522 0.000 0.145 0.394

PointPillar 0.526 0.251 0.216 0.264 0.000 0.083 0.070

FreeAnchor 0.518 0.338 0.160 0.238 0.000 0.000 0.040

into pillars-like structure. This allows the algorithm to effectively process the point cloud

data and use a 2D CNN for object detection. By leveraging the strengths of both 3D and

2D methods, PointPillars is able to perform object detection in real-time. Free-Anchor

[286]improve upon existing anchor-based methods by using free anchor matching instead

of hand-crafted anchor assignment.This allows the algorithm to learn features that are

optimal for both classification and localization of objects The use of MLE also allows

FreeAnchor to be easily integrated with other CNN-based detectors, making it a flexible

and effective approach for 3D object detection.

Datasets Pre-Processing:

To remove the background points, the provided per-point labels are leveraged in the

nuScenes dataset to filter certain classes of background points while keeping others. Specif-

ically, this thesis remove background objects such as ground surfaces and static man-made

objects, while retaining other background classes such as noise, ego-vehicles, and other

dynamic objects. This distinction allows us to accurately simulate the outputs of common

filters used in real-time autonomous vehicle perception systems, such as region of interest

(ROI) and ground points removal filters. More importantly, by only removing background
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Table 5.3: 3D object detection results average on all classes for cross-city domain adap-

tation. This table reports mATE (Meters) mASE(1-IoU) mAOE(Rad) mAVE(m/s)

mAAE(1-acc) NDS averaged over all classes. The models’s performance is evaluated on

objects of interest within the range of -52 meters to 52 meters. This table denotes pedes-

trian as ’Pedes’, motorcycle as ’MotorC’ and Traffic Cone as ’Cone’.

Boston → Singapore Networks mATE mASE mAOE mAVE mAAE NDS

Original

CenterPoint 0.5223 0.4004 0.6551 1.6219 0.4929 0.3112

PointPillar 0.7334 0.5359 1.0701 1.3773 0.6844 0.1517

FreeAnchor 0.6166 0.4492 1.1579 2.0044 0.6658 0.1724

Ours

CenterPoint 0.3979 0.7198 1.5355 1.4978 0.3975 0.3284

PointPillar 0.5667 0.3720 1.1542 1.5167 0.4795 0.2234

FreeAnchor 0.4894 0.3952 1.1384 1.6599 0.5154 0.2304

points that can be filtered in real-time on actual autonomous vehicle perception stacks,

this method can be easily deployed on these existing vehicles.

Metrics: In this study, the performance of 3D object detection models is evaluated

using the mAP metric defined in [17]. This metric is computed by matching predicted

objects with ground truth objects based on the 2D center distance on the ground plane

with averaged AP over match thresholds of 0.5, 1, 2, and 4 meters. This metric allows

us to accurately compare the performance of the proposed model with other 3D object

detection algorithms on the domain-adaptation tasks.

5.3.1 Cross-City Domain Adaptation Results

The results of the proposed method on the city to city adaptation has shown a significant

improvement over the original methods, which are reported in Table. 5.2. Specifically,

the proposed method outperformed the original networks (i.e., CenterPoint, PointPillar,

and FreeAnchor) in terms of mean average precision (mAP) for most object classes. For

cars, for example, the proposed technique produced a mAP of 0.735, whereas the original
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CenterPoint network produced a mAP of 0.65. Similarly, for pedestrians, the proposed

method achieved a mAP of 0.659, compared to 0.554 for the original CenterPoint network.

In addition, for bus, truck, and pedestrian classes, the proposed approach outperformed

the original PointPillar and FreeAnchor networks, further confirming its efficacy. However,

for classes such as bicycle and motorcycle, the PointPillar and FreeAnchor networks failed

on both the source and target domains. This failure, however, should not be attributed

to the ineffectiveness of the proposed method, but further confirms the conclusion from

Theorem 1. Theorem 1 states that before a model can be successful in the target domain,

it must first generalise well in the source domain.

In addition to the improvements observed in mAP values for various object classes, the

proposed method also demonstrates improved performance in other evaluation metrics,

as illustrated in Table 5.3. It is worth mentioning that the NDS score[17] is a weighted

sum of the mATE, mASE, mAOE, mAVE, and mAAE measures. This score provides a

comprehensive assessment of the algorithm’s performance, taking into account not only the

precision but also various error types related to translation, scale, orientation, velocity, and

attributes. Therefore, when comparing the proposed methods with the original networks

in terms of NDS, it is evident that the proposed approaches consistently achieves superior

overall performance. To summarize, the proposed approach demonstrates the ability to

improve the performance of 3D object detection networks in cross-city domain shifts.

5.3.2 Urban-to-Rural Domain Adaptation Results

As shown in Table 5.4, the proposed method has demonstrated significant improvements

over the original networks. In addition to these improvements, we also observe enhanced

performance in average evaluation metrics, as shown in Table 5.5. Most notable, the pro-

posed methods outperforms the original methods in detecting pedestrian objects, with an

average improvement of 15%. For example, the CenterPoint network improves from 0.561

to 0.668, PointPillar from 0.018 to 0.180, and FreeAnchor from 0.130 to 0.301. In addi-

tion to pedestrian objects, the proposed method improves mAP across many other object
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Table 5.4: 3D object detection results on rural domain for urban to rual domain adaptation.

This table report mean average precision (mAP) averaged over match thresholds of 0.5, 1,

2, and 4 meters. The models’s performance is evaluated on objects of interest within the

range of -52 meters to 52 meters. This table denotes pedestrian as ’Pedes’, motorcycle as

’MotorC’ and Traffic Cone as ’Cone’.

Urban → Rural Networks Car Bus Truck Pedes Bicycle MotorC Cone

Original

CenterPoint 0.706 0.378 0.275 0.561 0.036 0.144 0.320

PointPillar 0.488 0.034 0.090 0.018 0.000 0.000 0.000

FreeAnchor 0.461 0.068 0.124 0.130 0.000 0.001 0.025

Ours

CenterPoint 0.736 0.409 0.317 0.668 0.076 0.200 0.535

PointPillar 0.502 0.022 0.108 0.180 0.000 0.000 0.071

FreeAnchor 0.528 0.086 0.160 0.301 0.001 0.003 0.104

classes. For instance, the proposed method improved the mAP for cars from 0.706 to 0.736,

buses from 0.378 to 0.409, and trucks from 0.275 to 0.317, among others. Surprisingly, the

original PointPillar method outperformed the proposed method for buses, which could be

attributed to the fact that bus samples are severely under-represented in the dataset.

In terms of performance averaged across all classes, it is evident that the proposed

approach consistently achieves superior performance in terms of NDS. For instance, the

adapted CenterPoint network attains an NDS of 0.4254, outperforming the original Center-

Point network’s NDS of 0.3073. Likewise, the adapted PointPillar and FreeAnchor networks

surpass their original counterparts, with NDS values of 0.2202 and 0.2468, respectively,

compared to the original networks’ NDS values of 0.1484 and 0.2049. In summary, these

findings demonstrate the effectiveness of the proposed method in adapting to the rural

domain and improving the accuracy of 3D object detection in this difficult environment.
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Table 5.5: 3D object detection results average on all classes for urban to rual domain

adaptation. This table reports mATE (Meters) mASE(1-IoU) mAOE(Rad) mAVE(m/s)

mAAE(1-acc) NDS averaged over all classes. The models’s performance is evaluated on

objects of interest within the range of -52 meters to 52 meters. This table denotes pedes-

trian as ’Pedes’, motorcycle as ’MotorC’ and Traffic Cone as ’Cone’.

Urban → Rural Networks mATE mASE mAOE mAVE mAAE NDS

Original

CenterPoint 0.3568 0.7162 1.5531 2.1255 0.3458 0.3073

PointPillar 0.7283 0.5454 1.1286 1.2729 0.5813 0.1484

FreeAnchor 0.5729 0.3528 1.0319 1.8685 0.4515 0.2049

Ours

CenterPoint 0.3326 0.2723 0.6591 1.9451 0.3586 0.4254

PointPillar 0.5085 0.3327 1.1005 1.7025 0.4339 0.2202

FreeAnchor 0.5119 0.3418 0.9673 1.6959 0.4373 0.2468

5.3.3 Public-to-Campus Domain Adaptation Results

The table in 5.6 presents the results of the 3D object detection task for the public to campus

domain adaptation. For several object classes, such as cars, buses, and trucks, the proposed

technique outperformed the original networks, with mAP increases ranging from 5% to

10%. In particular, the proposed method showed exceptional performance in detecting

pedestrians, with a significant improvement of 23.7%, 19.5%, and 13.5% in mAP over

the original CenterPoint, Pointillar, and FreeAnchor networks, respectively. Similarly, the

improvement for trucks was also substantial, with increases of 17.1%, 3.5%, and 5.1% over

the original CenterPoint, Pointillar, and FreeAnchor networks, respectively. The mAP for

the car class was also higher, with a 0.738, 0.449 and 0.496 mAP compared to 0.708, 0.447

and 0.409 for the original CenterPoint, Pointillar, and FreeAnchor networks. However,

similar to the results from the urban-to-rural experiment, the PointPillar and FreeAnchor

networks failed to generalize well for certain object classes such as bicycle, motorcycle, and

traffic cone. This could be attributed to the fact that these objects are sparsely represented

in the dataset and require additional training data to perform accurately.

The proposed approach also demonstrates improvements in the NDS metric across
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Table 5.6: 3D object detection results on nuScenes for public to campus adaptation. This

table report mean average precision (mAP) averaged over match thresholds of 0.5, 1, 2,

and 4 meters. The models’s performance is evaluated on objects of interest within the

range of -52 meters to 52 meters. This table denotes pedestrian as ’Pedes’, motorcycle as

’MotorC’ and Traffic Cone as ’Cone’.

Public → Campus Networks Car Bus Truck Pedes Bicycle MotorC Cone

Original

CenterPoint 0.708 0.384 0.284 0.551 0.005 0.192 0.349

PointPillar 0.447 0.275 0.051 0.143 0.000 0.000 0.000

FreeAnchor 0.409 0.380 0.146 0.356 0.000 0.049 0.000

Ours

CenterPoint 0.738 0.707 0.455 0.788 0.005 0.371 0.284

PointPillar 0.449 0.266 0.086 0.338 0.000 0.039 0.002

FreeAnchor 0.496 0.524 0.197 0.491 0.000 0.084 0.000

all networks, as shown in Table 5.7. Specifically, the adapted CenterPoint, PointPillar,

and FreeAnchor networks achieve NDS values of 0.3979, 0.2202, and 0.2328, respectively,

outperforming their original counterparts, which have NDS values of 0.3356, 0.1652, and

0.2263. This highlights the effectiveness of our method in enhancing the overall perfor-

mance of the networks in the public-to-campus domain adaptation scenario.

Overall, the results from the public to campus experiment demonstrate that the pro-

posed method effectively adapts to different domains and enhances the performance of

3D object detection networks in various object classes. The results are consistent with

the findings from the city to city and urban to rural experiments, further confirming the

effectiveness and generalizability of the proposed method.

To summarize, the proposed PnP method demonstrated significant improvement in 3D

object detection for cross-scene adaptation over their original models. Specifically, the pro-

posed method enhanced mAP across multiple object classes, including cars, pedestrians,

buses, and trucks. However, for certain object classes, the original networks (e.g. PointPil-

lar and FreeAnchor) failed in both the source and target domains. This demonstrates how

important generalization in the source domain is for successful adaptation in the target
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Table 5.7: 3D object detection results average on all classes for urban to rual domain

adaptation. This table reports mATE (Meters) mASE(1-IoU) mAOE(Rad) mAVE(m/s)

mAAE(1-acc) NDS averaged over all classes. The models’s performance is evaluated on

objects of interest within the range of -52 meters to 52 meters. This table denotes pedes-

trian as ’Pedes’, motorcycle as ’MotorC’ and Traffic Cone as ’Cone’.

Public → Campus Networks mATE mASE mAOE mAVE mAAE NDS

Original

CenterPoint 0.3394 0.7035 1.5542 1.5040 0.3236 0.3356

PointPillar 0.6949 0.5097 1.1206 1.4187 0.5635 0.1652

FreeAnchor 0.5950 0.3443 1.0187 1.5384 0.4783 0.2263

Ours

CenterPoint 0.3837 0.3986 0.6279 1.5043 0.4740 0.3979

PointPillar 0.5085 0.3327 1.1005 1.7025 0.4339 0.2202

FreeAnchor 0.4935 0.4685 0.9693 1.7897 0.6371 0.2328

domain. Overall, the experiments results support the conclusion that the proposed method

is a promising approach for addressing the challenges of cross-scene domain adaptation in

3D object detection. These findings have important implications for autonomous vehicle

and robotics applications, where robust object detection is crucial for safe and efficient

navigation.

Ablation study

The ablation study on the same-scene validation set shows that the proposed proposed

method outperforms the original methods. This is especially evident for small-size objects

such as pedestrians and traffic cones, where the proposed method achieved higher mAP

scores compared to the original methods. The improved performance is likely attribute to

the reduction of irrelevant information in the point cloud with background points removed.

This enables the model to focus on important objects for the task. To conclude, the pro-

posed approach demonstrates its effectiveness in enhancing the performance of 3D object

detection algorithms in same-location scenarios.
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Table 5.8: 3D object detection results on nuScenes for same-location validation. This table

report mean average precision (mAP) averaged over match thresholds of 0.5, 1, 2, and 4

meters. The models’s performance is evaluated on objects of interest within the range of

-52 meters to 52 meters. This table denotes pedestrian as ’Pedes’, motorcycle as ’MotorC’

and Traffic Cone as ’Cone’.

Boston → Boston Networks Car Bus Truck Pedes Bicycle MotorC Cone

Original

CenterPoint 0.779 0.563 0.425 0.757 0.340 0.150 0.670

PointPillar 0.609 0.169 0.176 0.093 0.000 0.000 0.018

FreeAnchor 0.501 0.095 0.141 0.335 0.000 0.000 0.110

Ours

CenterPoint 0.795 0.580 0.440 0.839 0.359 0.195 0.755

PointPillar 0.617 0.208 0.222 0.356 0.057 0.002 0.248

FreeAnchor 0.573 0.188 0.200 0.459 0.000 0.000 0.274

5.3.4 Real-time performance

To evaluate the proposed methods on mobile computing platform Jetson AGX Xavier, op-

timization has been performed on CenterPoint, PointPillars and FreeAnchor for real-time

performace. More specifically, all models are first converted from their original Pytorch

format to the ONNX (Open Neural Network Exchange) format. The ONNX format en-

ables them to be deployed across a variety of platforms and devices. Subsequently, the

ONNX models are converted into TensorRT engine files. TensorRT is a high-performance

deep learning inference optimizer and runtime. It provides capabilities such as layer fu-

sion, precision calibration, kernel auto-tuning, and dynamic tensor caching to enhance the

performance of deep learning models. By leveraging the TensorRT runtime, models can be

optimized to accelerate inference times with minimal accuracy losses.

These model optimization process has resulted in significant improvements in real-

time performance for all three models compared to their original PyTorch versions. Most

notably, the CenterPoint model’s performance improved from 4Hz in pytorch to 20Hz for

the proposed background-aware CenterPoint using TensorRT runtime. This also surpassed

the performance of the original CenterPoint-TensorRT model, operating at 18Hz. Similarly,
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the PointPillars model, which initially operated at the threshold of real-time performance

at 10Hz, improved its performance to 12Hz with the proposed background-aware method.

5.4 Summary

To summarize, this chapter presents a novel approach for PnP background-aware domain

adaptation for 3D point cloud-based deep learning models. The proposed method removes

background points to reduce the amount of irrelevant information in the point cloud.

This results in improved performance on both inter-domain and intra-domain tasks. The

experiments conducted on the Domains-3D dataset demonstrate the effectiveness of this

approach in reducing domain shift and improving the model’s generalization capability.
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Chapter 6

Conclusions and Outlooks

This chapter presents conclusions and future research directions. The main findings of

this thesis are summarised in Section 6.1. Finally, recommendations for future study are

presented in section 6.2.

6.1 Conclusions

In this thesis, several contributions to the field of 3D perception have been presented,

with focuses on domain adaptation and computation efficiency. Firstly, to tackle the real-

time performance issue of point-cloud-based 3D perception systems, a task-attentive 3D

object detection framework is proposed. It reduces computation and memory complexity

while enhancing small obstacle identification. This paradigm also includes the concept of

PIA, which are adaptive regions adjacent to the drivable area that might contain dynamic

objects that could interact with the ego vehicle.

Furthermore, a brand new dataset called Domains-3D, was developed to fill the gap of

large-scale domain adaptation dataset for autonomous driving application. Domains-3D

is a comprehensive domain adaption dataset that includes both real-world and synthetic
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data. It contains 18 cross-scene domains that may be partitioned into 54 different domain

splits. The proposed synthetic data generation method allows real-world domains to be

closely re-created in virtual simulations. As a result, improved strategies for incorporating

simulated data to enhance the performance of perception systems in real-world scenarios

were provided.

Finally, to improve the generalization capability of existing point-cloud-based deep

learning models, a novel PnP background-aware domain adaptation was proposed. These

experiments showed that removing background points reduces the amount of domain shift

between the source and target domains and the amount of irrelevant information in the

point cloud. This leads to improved performance on both target and source domains.

To conclude, this thesis has demonstrated that reducing computation and memory

complexity, as well as using domain adaption techniques, can greatly improve the perfor-

mance of 3D object detection models for autonomous driving. The proposed methods have

significant implications for advancing open-world autonomous driving by enhancing the

efficiency and robustness of SOTA point cloud based perception systems.

6.2 Outlook And Future Works

For future directions, there are multiple avenues that the proposed perception algorithm

could be further improved. One of the under addressed issue of this thesis is open-set

detection, where model trained on a close-set dataset encounters unknown objects outside

training set. These previously unknown objects often cause performance degradation of

a deep learning model. This open-set challenge is especially critical in the context of

autonomous driving systems designed for open-world driving, where the system needs to

safely and efficiently respond to a vast array of potential unseen scenarios.

Although this thesis has touched on this problem to a degree in chapter 3 from a

system design perspective using class-agnostic detector such as clustering model. However,

this subject is not explicitly explored in this thesis. An interesting line of future research
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could be integrating SOTA techniques such as few-shot learning, zero-shot learning, or

meta-learning into the current framework. Furthermore, the recent advances in multi-

modal large language models (LLMs) provide a compelling case for their potential utility

in this context. LLMs, with their capacity for one-shot and zero-shot learning, could be

leveraged to improve the system’s ability to identify and handle novel objects or situations.

This combined with the LLM’s ability to reason and understanding commonsense could

potentially lead to a breakthrough in open-set detection.

The proposed task-attentive 3D object detection framework could be supplemented

with additional sensor modalities such as radar and camera data. These additional in-

formation might facilitate a more robust understanding of the environment. This could

further improve the accuracy of PIA estimation and object detection. The noval Domains-

3D dataset developed by this thesis, which was utilized to train and test the proposed

domain adaption strategies, also presents opportunities for further refinement. The impact

of the sim-to-real gap generated by the dataset was not explored within the scope of this

thesis. Investigation in this direction could provide valuable insights into the generaliza-

tion capabilities of the proposed PnP Background-Aware Point Cloud Domain Adaptation

method. Another promising direction is to incorporate adversarial scene generation into

the process of synthetic data generation. This involves testing generated scenes against a

suite of representative models and incorporating only the most challenging scenes into the

updated dataset. This updated dataset, along with new edge cases identified during real-

world testing, were utilized to fine-tune the target model. This procedure is then repeated

for the next iteration, with the target model constantly improving. Finally, integrating all

the proposed methods into one perception system and evaluating its performance in real-

world scenarios on autonomous vehicles might further demonstrate its practicality and

effectiveness.
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features from rgb-d images for object detection and segmentation. Lecture Notes in

Computer Science, page 345–360, 2014.

[77] Saurabh Gupta, Judy Hoffman, and Jitendra Malik. Cross modal distillation for

supervision transfer. 2016 IEEE Conference on Computer Vision and Pattern Recog-

nition (CVPR), Jun 2016.

[78] K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for image recognition.

In 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),

pages 770–778, 2016.

[79] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning

for image recognition. 2016 IEEE Conference on Computer Vision and Pattern

Recognition (CVPR), Jun 2016.

112



[80] Zhenwei He and Lei Zhang. Multi-adversarial faster-rcnn for unrestricted object

detection. In Proceedings of the IEEE/CVF International Conference on Computer

Vision, pages 6668–6677, 2019.

[81] Donald Olding Hebb. The organization of behavior: A neuropsychological theory.

Psychology Press, 2005.

[82] Mikael Henaff, Joan Bruna, and Yann LeCun. Deep convolutional networks on graph-

structured data, 2015.

[83] P. Hermosilla, T. Ritschel, P-P Vazquez, A. Vinacua, and T. Ropinski. Monte carlo

convolution for learning on non-uniformly sampled point clouds. ACM Transactions

on Graphics (Proceedings of SIGGRAPH Asia 2018), 37(6), 2018.

[84] M. Himmelsbach, Felix v. Hundelshausen, and H.-J. Wuensche. Fast segmentation of

3d point clouds for ground vehicles. In 2010 IEEE Intelligent Vehicles Symposium,

pages 560–565, 2010.

[85] Michael Himmelsbach, Felix von Hundelshausen, and Hans-Joachim Wünsche. Fast

segmentation of 3d point clouds for ground vehicles. 2010 IEEE Intelligent Vehicles

Symposium, pages 560–565, 2010.

[86] Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu, Phillip Isola, Kate Saenko,

Alexei Efros, and Trevor Darrell. Cycada: Cycle-consistent adversarial domain adap-

tation. In International conference on machine learning, pages 1989–1998. Pmlr,

2018.

[87] Ji Hou, Angela Dai, and Matthias NieBner. 3d-sis: 3d semantic instance segmenta-

tion of rgb-d scans. 2019 IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR), Jun 2019.

[88] Han-Kai Hsu, Chun-Han Yao, Yi-Hsuan Tsai, Wei-Chih Hung, Hung-Yu Tseng, Ma-

neesh Singh, and Ming-Hsuan Yang. Progressive domain adaptation for object detec-

113



tion. In Proceedings of the IEEE/CVF winter conference on applications of computer

vision, pages 749–757, 2020.

[89] Qingyong Hu, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang, Niki

Trigoni, and Andrew Markham. Randla-net: Efficient semantic segmentation of

large-scale point clouds. In Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition, pages 11108–11117, 2020.

[90] Qingyong Hu, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang, Niki

Trigoni, and Andrew Markham. Randla-net: Efficient semantic segmentation of

large-scale point clouds. Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition, 2020.

[91] Binh-Son Hua, Minh-Khoi Tran, and Sai-Kit Yeung. Pointwise convolutional neural

networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pages 984–993, 2018.

[92] Haoshuo Huang, Qixing Huang, and Philipp Krahenbuhl. Domain transfer through

deep activation matching. In Proceedings of the European Conference on Computer

Vision (ECCV), pages 590–605, 2018.

[93] Jonathan Huang, Vivek Rathod, Chen Sun, Menglong Zhu, Anoop Korattikara,

Alireza Fathi, Ian Fischer, Zbigniew Wojna, Yang Song, Sergio Guadarrama, and

et al. Speed/accuracy trade-offs for modern convolutional object detectors. 2017

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Jul 2017.

[94] P. Huang, M. Cheng, Y. Chen, H. Luo, C. Wang, and J. Li. Traffic sign occlusion

detection using mobile laser scanning point clouds. IEEE Transactions on Intelligent

Transportation Systems, 18(9):2364–2376, 2017.

[95] Z. Huang, J. Fan, S. Cheng, S. Yi, X. Wang, and H. Li. Hms-net: Hierarchical multi-

scale sparsity-invariant network for sparse depth completion. IEEE Transactions on

Image Processing, 29:3429–3441, 2020.

114



[96] C. Hubmann, J. Schulz, M. Becker, D. Althoff, and C. Stiller. Automated driv-

ing in uncertain environments: Planning with interaction and uncertain maneuver

prediction. IEEE Transactions on Intelligent Vehicles, 3(1):5–17, 2018.

[97] Braden Hurl, Krzysztof Czarnecki, and Steven Waslander. Precise synthetic image

and lidar (presil) dataset for autonomous vehicle perception. 2019 IEEE Intelligent

Vehicles Symposium (IV), Jun 2019.

[98] E. Imre, J. Guillemaut, and A. Hilton. Through-the-lens multi-camera synchronisa-

tion and frame-drop detection for 3d reconstruction. In 2012 Second International

Conference on 3D Imaging, Modeling, Processing, Visualization Transmission, pages

395–402, 2012.

[99] DJI Inc. DJI Drone product description, 2023.

[100] ZOOX inc. ZOOX shuttlebus product description, 2023.

[101] Laurent Itti, Christof Koch, and Ernst Niebur. A model of saliency-based visual at-

tention for rapid scene analysis. IEEE Transactions on pattern analysis and machine

intelligence, 20(11):1254–1259, 1998.

[102] Neil Jacobstein. Autonomous vehicles: An imperfect path to saving millions of lives.

Science Robotics, 4(28), 2019.

[103] Maximilian Jaritz, Raoul De Charette, Emilie Wirbel, Xavier Perrotton, and Fawzi

Nashashibi. Sparse and dense data with cnns: Depth completion and semantic seg-

mentation. 2018 International Conference on 3D Vision (3DV), Sep 2018.

[104] Maximilian Jaritz, Jiayuan Gu, and Hao Su. Multi-view pointnet for 3d scene un-

derstanding, 2019.

[105] Maximilian Jaritz, Tuan-Hung Vu, Raoul de Charette, Emilie Wirbel, and Patrick
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