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Abstract

This thesis presents a novel unified perception-localization module by developing an ad-

vanced late fusion system that integrates radar, LiDAR, camera, and High Definition (HD)

map information. Emphasizing reliability, robustness to inclement weather, and real-time

implementation, this approach particularly focuses on radar data—the most crucial com-

ponent in the fusion process. Although radar data is rich in features and robust against

weather changes, it is often with false alarms and clutters. These issues pose challenges

to the fusion process if not addressed. Therefore, the radar point cloud is first refined to

remove these false alarms and clutter. Unlike existing approaches in the literature that

require massive neural networks, this thesis presents a stochastic alternative that provides

the same level of accuracy while maintaining real-time performance and minimal resource

usage. By utilizing statistical information from the HD map, the system develops a likeli-

hood of object occurrences in the Frenet coordinate system. This likelihood is then fused

with a specific set of radar features to formulate a probabilistic classifier. The classifier

focuses on detecting clutter and false alarms, removing them to prevent the radar point

cloud from misleading the downstream fusion process. This approach significantly reduces

noise and irrelevant data, precision up to 94 percent on our dataset, ensuring that the radar

primarily focuses on potential obstacles and critical elements such as cars and pedestrians.

The video of the results is available here.

In the subsequent phase, the refined radar data is fused with LiDAR and camera data

using a novel, robust frustum approach in a late-fusion manner. Unlike previous works that

rely solely on perspective equations, our method constructs a cost function and employs

the Hungarian matching algorithm to associate camera data with the 3D positions of ob-

jects. This late-fusion methodology significantly enhances overall detection accuracy and

reliability by effectively integrating data from multiple sensors. The resulting objects are

then fed into a novel tracking module that leverages the radar’s radial velocity measure-

ments as partial observations while associating objects across frames using the Shortest

Simple Path algorithm and radar features. For each individual object, the tracking module

builds an Extended Kalman Filter, providing a full-state estimation of their motion states,

including position, velocity, and acceleration. The video showing the performance of the

perception, and the one for the tracking.
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In the localization phase, the previously processed perception information is utilized

to improve positioning accuracy without relying on the Global Positioning System (GPS).

This approach ensures a unified module that substantially reduces resource consumption.

Moreover, methods relying on GPS and inertial sensors such as the Inertial Measurement

Unit (IMU) are susceptible to weather and road conditions, which can challenge the re-

liability of autonomous driving. In contrast, a robust perception unit can overcome this

challenge by using radar, a sensor resilient to inclement weather. In this approach, the

fused radar-LiDAR point cloud is used to form a local map across multiple frames, and with

the help of the Iterative Closest Point (ICP) algorithm, the vehicle’s odometry is estimated.

Then, using camera-based lane detection, the lateral distance to the centerline and curb is

appended to the odometry measurement. Finally, the vehicle’s motion model is rewritten

in the Frenet frame, incorporating the measurement models from the radar-LiDAR point

cloud and camera lane detection in an Extended Kalman Filter (EKF) formulation. This

approach outperforms state-of-the-art positioning solutions in both accuracy and resource

consumption. The video of the performance with the localization in the loop.

v
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Chapter 1

Introduction

This chapter discusses the motivation behind the research undertaken in this thesis. It

starts with a summary of highlighted works from the existing literature, emphasizing the

recent advancements in the field of Autonomous perception and localization that frame the

context and necessity of this study. Subsequently, a statement of the objectives outlines

the specific aims and contributions of the work, providing a clear road map of the intended

research outcomes. The chapter concludes by presenting a detailed outline of the thesis,

which organizes the structure of the document and guides the reader through the sequential

development of the methodologies employed.

1.1 Motivation

Autonomous vehicles (AVs) are at the forefront of advanced technology, promising a future

of safe and efficient transportation [88]. These vehicles heavily rely on a robust perception

system to accurately interpret and understand their surroundings, which is crucial for

making informed decisions while navigating through complex environments. To provide a

reliable perception system, AVs are equipped with a variety of sensors, including cameras,

radars, LiDARs, and etc [3]. Among these sensors, cameras and radars are widely used

due to their maturity, cost-effectiveness, and complementary properties [85, 58, 63, 48, 49].

1



A majority of work in the literature in the area of perception is done on object detection.

The existing literature predominantly concentrates on methodologies employing LiDAR

[36, 93, 63] and fusion of LiDAR-camera [58, 13]. LiDAR and camera sensors, which

rely on light waves for active or passive sensing, are significantly affected by weather

conditions. The short wavelengths of these sensors are susceptible to scattering by snow or

rain droplets, introducing substantial noise and severely hindering the detection process.

For LiDAR, this results in noisy point clouds that complicate accurate object detection.

In the case of cameras, adverse weather conditions can disrupt the visual input, posing

challenges for neural networks trained to detect objects under normal conditions. Even

with extensive training to handle disturbed vision, camera-based depth detection remains

unreliable and imprecise.

In contrast, radar sensors operate using radio waves with much longer wavelengths,

which are not as easily affected by precipitation. This characteristic allows radar waves

to penetrate snow and rain droplets, making radar a robust perception modality for au-

tonomous vehicles. However, radar sensors come with their own set of challenges, primarily

the high incidence of false alarms, clutter, and lower resolution compared to LiDAR and

cameras. Although advanced automotive radars with a large number of antennas have

been developed to improve resolution, the increased number of detections also leads to a

higher rate of false alarms and clutter. Despite these challenges, radar remains an intrigu-

ing modality for autonomous vehicle applications due to its robustness in adverse weather

conditions. Nonetheless, there is a noticeable scarcity of research specifically focused on

object detection using radar technology. One plausible explanation for this research gap

is the absence of a reliable dataset incorporating radar data until the publishing of the

2019 NuScene dataset [10]. Within the limited scope of radar-based object detection, the

majority of studies have been inclined towards leveraging radar-camera fusion approaches

to accomplish the task [50, 27, 48]. However, these methods are compromised when visual

conditions are poor, i.e., during rain, snow, or dense fog, where camera visibility is signifi-

cantly reduced. For a perception system to be deemed robust, it must maintain consistent

performance even in such challenging environments. Therefore, some of the literature fo-

cused on the radar-only methods [53, 37, 89, 89, 90]. Much of the existing research relies

on deep learning techniques that necessitate expensive GPUs, and often require transfer

2



learning to adapt to changes in the environment or sensors. Methods executable on CPUs

tend to exhibit reduced accuracy. Yet, with the advent of open-source platforms that pro-

vide widespread access to the HD maps, there remains a gap for a method that leverages

this data without depending on deep neural networks. Moreover, these methods lack reli-

ability, as the deep neural network exhibit poor performance in the case of situations that

they are not trained on. With all the advancement in the neural networks, the case of

unknown objects still pose a serious challenge to these methods.

Localization as another piece in the AV operation, plays an important role in the do-

main of autonomous vehicle (AV) driving, acting as a crucial counterpart to the perception

system. While perception allows AVs to make decisions based on environmental stimuli,

it is localization that tracks the consequences of those decisions. In essence, perception

helps AVs decide, while localization ensures that those decisions are effectively followed.

Localization forms a vital feedback loop for the AV controller, enabling it to continually

adjust and refine driving actions based on real-time positional information. Without ro-

bust localization capabilities, AVs would lack the necessary feedback mechanism to ensure

precise navigation and safe operation in dynamic environments. Localization in AVs faces

significant challenges, particularly in harsh environmental conditions and dense urban ar-

eas. In these scenarios, GPS signals can be obstructed or weakened by tall buildings,

bridges, tunnels, and adverse weather conditions, leading to inaccuracies in determining

the vehicle’s position. Additionally, relying solely on GPS for localization may not pro-

vide the required level of precision for safe navigation, especially in environments where

centimeter-level accuracy is crucial. Addressing these challenges is imperative to ensure the

reliability and safety of AVs, emphasizing the need for robust localization solutions that

can operate across diverse environments. Perception algorithms are integral to localization

systems. These algorithms not only identify objects but also extract features crucial for

localization, such as lane markings and road boundaries. The lane detection algorithm [4]

stands as a method capable of enhancing vehicle localization by supplying center lane infor-

mation to AVs. Given the diverse sources of information, filter-based algorithms [79, 72],

such as the Extended Kalman Filter (EKF), can be employed to fuse various data sources,

ensuring accurate knowledge about vehicle states.

These challenges and opportunities underpin the objectives of this study, which are

3



explained in detail in the next section.

1.2 Objectives

The primary objective of this thesis is to design and implement a robust multi-sensor

fusion system for autonomous vehicles unified perception-localization module, enhancing

their reliability in diverse environments. The proposed system merges inputs from radar,

high-definition (HD) maps, cameras, and LiDAR data. This integration facilitates an

understanding of the vehicle’s surroundings by leveraging the unique strengths of each

sensor type, e.g., while radar provides reliable data through adverse weather conditions,

LiDAR offers high-resolution information about the vehicle’s surroundings, and cameras

contribute rich contextual and textural details, by combining these sensors, the system

aims to achieve a high level of accuracy in real-time perception and localization tasks,

essential for dynamic and complex driving scenarios.

The second objective is to ensure that the multi-sensor fusion system maintains high

performance in the inclement weather. The system is specifically designed to counter issues

like reduced visibility, or noise, which are common in conditions such as fog, heavy rain,

or snow. Techniques such as adaptive filtering, sensor redundancy, and context-aware pro-

cessing are utilized to mitigate the effects of environmental factors on sensor performance,

ensuring that the system remains robust and reliable regardless of the weather.

The last objective of the thesis is to maintain real-time performance of the unified

module. The integration of advanced algorithms is pivotal in processing the diverse and

voluminous data from multiple sensors in real-time. This will ensure the immediate in-

tegration of the unified localization and perception module into the AV technology while

maintaining the standards of industrial developments.

Through achieving these objectives, this study introduces multiple contributions to

both perception and localization as follows:

• A novel way to fuse HD map information: This study presents a new method to fuse

HD map information into a probabilistic classifier for object detection by incorpo-

4



Figure 1.1: The overview of the unified perception-localization method.
5



rating statistical information about object occurrences in different locations of the

map. This creates a likelihood that enhances the classification algorithm’s accuracy.

• A robust perception module able to detect and track irregular objects : The proposed

method overcomes challenges faced by previous perception algorithms when detect-

ing irregular objects of different types. Unlike previous works, this method operates

based on clusters, eliminating the need for training on irregular objects. The percep-

tion module can detect small objects, such as geese, which pose serious challenges to

other methods.

• A novel robust frustum approach: Additionally, this study introduces a novel robust

frustum approach for associating camera 2D information with the 3D location of

objects. The object features in the camera, LiDAR, and radar frames help form a cost

function that associates each object with the most likely match using a Hungarian

matching algorithm.

• A multi-sensor fusion for localization: In the localization, this thesis presents a

stochastic fusion method that leverages motion and vision sensors to come up with

a robust localization method.

1.3 Thesis Outline

The structure of the thesis is organized as follows: Chapter 2 presents a comprehensive

review of existing literature in the fields of perception and localization, highlighting key

developments and identifying gaps that the current research aims to fill. In Chapter 3,

the methodology and implementation details of the radar-HD map fusion approach are

elaborated, discussing its integration with the overall system and its specific contributions

to enhancing perception accuracy. Chapter 4 introduces the unified module for percep-

tion and localization. This chapter details the integration of multimodal sensor data and

describes the innovative algorithms developed to ensure robust and accurate localization

and perception in a variety of environmental conditions. In the Chapter 5, the details

of the experiments validating the unified perception-localization approach, along with the
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application of the unified perception-localization method is presented. Finally, in the last

Chapter 5, the conclusion of the work, along with the possible future work is presented. In

the Appendix A, the essential technical details of the sensory setup and the implementation

code in C++ is presented.
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Chapter 2

Literature Review

This chapter goes over a concise introduction of radar fundamentals, as it is the key element

of all-weather fusion, and the related works in the literature in the areas of AV perception

and localization. First, it discusses the highlights in the literature on multi-modal object

detections, then it dives into the literature of object tracking, and finally it discusses the

previous works on the localization. In the final section, a summary is presented that

concludes the current research gaps in the literature.

2.1 Radar Fundamentals

Radar, which stands for Radio Detection and Ranging Device, operates using radio waves

across a frequency range of 20 kHz to 300 GHz. However, for autonomous vehicle (AV)

applications, the focus is typically on a narrower band, specifically 20 GHz to 300 GHz.

This frequency range corresponds to millimeter-scale wavelengths, which is why AV radars

are often referred to as millimeter wave (mmWave) radars. This thesis is exclusively

concerned with the fundamentals of mmWave radar systems [32], [68].

Millimeter wave radars use short-wavelength electromagnetic waves. They work by

transmitting electromagnetic signals toward objects and capturing the reflected waves, en-

abling the determination of an object’s range, velocity, and angle. One key advantage
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of mmWave radars is their compact antenna size, a result of the short wavelengths they

use. Additionally, their ability to detect motion at sub-millimeter precision—such as a

system operating at 77–81 GHz—makes them particularly suitable for AV applications.

However, they also present a challenge: their high operating frequencies require propor-

tionally high sampling rates and advanced processing units, including high-performance

analog-to-digital converters (ADCs), microcontrollers (MCUs), and digital signal proces-

sors (DSPs). Moreover, mmWave radars have a shorter effective range (0.2–300 meters)

compared to MHz-based radars, which can operate over several kilometers. Despite this

limitation, their range is well-suited to AV applications and surpasses other modalities like

LiDAR and stereo vision in standard AV setups.

Two common types of mmWave radar technologies used in AVs are Pulse Wave Radar

and Frequency-Modulated Continuous-Wave (FMCW) Radar.

• Pulse Wave Radar operates by emitting short bursts of electromagnetic waves from

its antenna. These bursts occur intermittently, allowing the waves to reach a target,

reflect, and return before the next burst is transmitted. By measuring the time delay

of the return signal, the distance to the target can be calculated, as the speed of

the waves is known. A drawback of pulse radars is their limited bandwidth, which

directly impacts resolution. Although higher bandwidths are possible, they come with

significant cost increases compared to FMCW radars. Bandwidth, which determines

range resolution, is discussed in the next section.

• Frequency-Modulated Continuous-Wave (FMCW) Radar transmits a continuous elec-

tromagnetic signal that is linearly modulated over time, sweeping from a lower to

a higher frequency to cover a specific bandwidth. The reflected continuous wave

is processed by mixing it with the transmitted signal. After low-pass filtering, a

low-frequency intermediate signal is produced. This signal can be digitized using

cost-effective ADCs operating at low sampling frequencies, eliminating the need for

sequential sampling. FMCW radars, therefore, offer high bandwidth and excellent

resolution at an affordable cost.

When choosing radar technology for AVs, the decision typically depends on the re-

quired accuracy and budget. FMCW radars are often preferred for their high bandwidth
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and superior resolution. While pulse radars can achieve similar resolutions, their higher

associated costs make them less practical for most applications. For this thesis, an FMCW

radar is used, and the following section delves into its mathematical foundations, includ-

ing range, velocity, and angle measurement, based on technical documentation from Texas

Instruments.

2.1.1 Range Measurement for FMCW radar

The fundamental concept in radar systems is the transmission of an electromagnetic signal

that reflects off objects in its path. In Frequency-Modulated Continuous-Wave (FMCW)

radars, the signal frequency increases linearly over time. This type of signal is also called

a chirp. An FMCW radar system transmits a chirp signal and captures the reflected

signals from objects in its path. These reflected signals, known as RX (received) signals,

are combined with the TX (transmitted) signal in a mixer to produce an Intermediate

Frequency (IF) signal. A frequency mixer is an electronic component that combines two

signals to create a new one. For example, if x1 and x2 are two signals, the mixer output is

given by:

x1(t) = sin(ω1t+ ϕ1), (2.1)

x2(t) = sin(ω2t+ ϕ2), (2.2)

xout(t) = sin((ω2 − ω1)t+ ϕ2 − ϕ1). (2.3)

Here, ω1 and ω2 represent the angular frequencies of the two signals, and ϕ1 and ϕ2 are

their respective phases. On the other hand, the RX signal is a delayed version of the TX

signal. This delay causes the IF signal of a particular object to have a constant frequency.

The time delay τ is given by:

τ =
2d

c
=

IF

S
, (2.4)

where d is the distance to the object, c is the speed of light, and S is the slope of the chirp.

From this, the distance d can be derived as:

d =
c IF

2S
. (2.5)

Thus, if the IF is known, the range of the object can be determined.
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2.1.2 Range Resolution

Another key concept in radar systems is range resolution, which refers to the ability to

distinguish between two or more closely spaced objects. When objects move closer, there

comes a point at which the radar system can no longer distinguish them as separate objects.

According to Fourier transform theory, with an observation window of T , the radar can only

distinguish frequencies separated by more than 1/T Hz. If ∆F is the frequency difference,

the range resolution can be expressed as:

∆F =
1

T
=

2S∆d

c
, (2.6)

where ∆d is the range resolution. This relationship illustrates how the radar’s resolution

is determined by its bandwidth and signal processing capabilities. Building on the earlier

discussion, replacing the bandwidth formula, BW = ST , yields the range resolution as

follows:

∆d =
c

2BW
, (2.7)

where BW is the bandwidth of the signal.

2.1.3 Velocity Measurements

In an FMCW radar, velocity measurements are achieved by analyzing the phase difference

between two chirps spaced by a time interval Tc. Reflected signals from the same range bin

will have phase differences due to the relative velocity of the target. The phase difference

∆ϕ is given by:

∆ϕ =
4πvTc
λ

, (2.8)

where v is the relative velocity, λ is the wavelength of the radar signal, Tc is the chirp

repetition interval. From this, the velocity v can be expressed as:

v =
λ∆ϕ

4πTc
. (2.9)
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The maximum velocity measurable by the radar is determined by the phase ambiguity

limit, beyond which ∆ϕ exceeds π. This limit is given by:

vmax =
λ

4Tc
. (2.10)

2.1.4 Angle Measurement

In an FMCW radar with an antenna array, the received signal from a target at the mth

antenna element can be represented as:

x(tr, t) = h exp

[
j

(
2πfbtr +

2vtr
λ

+ ψ

)]
+ e(tr, t), (2.11)

where tr and t refer to different time scales. tr is the fast-time scale of a single chirp,

and t is the slow-time scale across chirps, h is the channel gain, fb is the beat frequency,

v is the velocity of the target, λ is the wavelength of the radar signal, ψ is the phase shift

due to the angle of arrival (AoA), e(tr, t) is additive noise. The signals received by the

entire antenna array can be stacked into a column vector. Denoting this vector as x(tr, t),

it can be written as:

x(tr, t) = a(θ)y(tr, t) + e(tr, t), (2.12)

where a(θ) is the steering vector corresponding to the angle of arrival θ, y(tr, t) is the

beat signal, e(tr, t) is the noise vector. The beat signal y(tr, t) is expressed as:

y(tr, t) = g exp (jψ) , (2.13)

where g is the amplitude gain. To estimate the angle of arrival (AoA), a common approach

is to calculate the power spectrum of the received signal using the Capon filter:

Φ(θ) =
1

a(θ)HR−1a(θ)
, (2.14)
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where R is the covariance matrix of the signal vector x(tr, t), H denotes the Hermitian

transpose. Note that the covariance matrix R is invertible, as shown. This ensures the

validity of the angle estimation process.

2.2 Multi-Modal Object Detection

Object detection is a major area in the literature of the perception, where the existing works

predominantly concentrates on methodologies employing LiDAR [36, 93, 63] and fusion of

LiDAR-camera [58, 13]. PointPillars, introduced by Lang et al. [36], focuses on encoding

point clouds into a format that allows for efficient 2D convolutional neural network (CNN)

processing. The method transforms point clouds into a pseudo-image representation, en-

abling the use of standard 2D CNNs for feature extraction. This transformation reduces

computational complexity and improves detection speed, making PointPillars suitable for

real-time applications. The authors demonstrated the efficacy of this approach on the

KITTI dataset [23], showing competitive performance against other state-of-the-art meth-

ods. PivotNet, proposed by Ding et al. [17], offers a novel vectorized pivot learning method

for end-to-end high-definition (HD) map construction. This method leverages the spatial

relationships within point clouds to enhance the accuracy of HD maps, which are crucial for

autonomous driving systems. By learning pivot points and their vectorized representations,

PivotNet can efficiently process large-scale point clouds and generate detailed HD maps.

The experimental results on the nuScenes dataset [10] highlight the superiority of Pivot-

Net in terms of both accuracy and computational efficiency. Another notable contribution

is PointRCNN by Shi et al. [63], which introduces a two-stage framework for 3D object

detection from point clouds. The first stage generates 3D object proposals directly from

raw point clouds using a region proposal network (RPN). The second stage refines these

proposals through a novel point cloud pooling strategy, leading to precise object localiza-

tion and classification. PointRCNN achieves high accuracy on the KITTI [23] benchmark,

demonstrating the effectiveness of end-to-end point cloud processing for object detection.

Frustum PointNets, developed by Qi et al. [58], take a different approach by integrating

RGB-D data for 3D object detection. The method first extracts 2D region proposals from

RGB images and then extends these regions into 3D frustums. Within each frustum, a
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PointNet-based network processes the enclosed point cloud to detect and classify objects.

This integration of 2D and 3D data helps in leveraging the strengths of both modalities,

resulting in robust object detection. The experiments conducted on the SUN RGB-D and

KITTI datasets show that Frustum PointNets outperform several existing methods, par-

ticularly in handling occlusions and partial observations. Finally, the MLOD method by

Deng and Czarnecki [15] focuses on multi-view 3D object detection through robust feature

fusion. This approach combines features from multiple views of the same scene to improve

detection accuracy. The fusion of different perspectives helps in mitigating issues such as

occlusion and varying object appearances. MLOD utilizes a deep learning framework to

integrate these features seamlessly, demonstrating enhanced performance on challenging

benchmarks like the KITTI dataset [23].

One significant challenge in developing a reliable perception module is maintaining per-

formance during inclement weather. Severe environmental conditions can degrade sensor

resolution, diminishing their effectiveness in accurately detecting objects. In such scenarios,

the perception system may find it difficult to identify obstacles or other traffic participants,

thereby increasing the risk of accidents. Camera sensors, despite being cost-effective, are

particularly susceptible to issues like glare and reflections, which can obscure objects in

the captured images [43]. Similarly, LiDAR sensors face challenges due to environmen-

tal impacts, heavy data processing requirements, and limited detection range [40][82]. To

mitigate these individual sensor limitations, sensor fusion techniques are employed to en-

hance the reliability of perception performance. Specifically, the fusion of point clouds

and images is extensively studied [57]. These studies utilize various sensing modalities for

detecting cars [54][25], pedestrians [81][15], and cyclists [84]. However, these fusion-based

approaches have certain shortcomings, such as dependency on accurate data calibration

and association. Additionally, raw data often contains a significant amount of redundant

information, posing challenges for real-time processing [57].

Notably, there is a few of research specifically dedicated to object detection via radar

technology. One plausible explanation for this research gap is the absence of a reliable

dataset incorporating radar data until the advent of the 2019 NuScene dataset [10]. Within

the limited scope of radar-based object detection, the majority of studies have been in-

clined towards leveraging radar-camera fusion approaches to accomplish the task. One
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of the pioneering works in this area is by Nobis et al. (2019) [50], who introduced the

CameraRadarFusion Net (CRF-Net). This deep learning architecture fuses camera and

sparse radar data to enhance 2D object detection. The network uses a training method

called BlackIn, derived from BlackOut [27], aiming to teach the network the information

value of the sparse radar independent of rich camera representation. Another significant

contribution is the CenterFusion approach by Nabati and Qi [48]. Unlike CRF-Net, Cen-

terFusion uses a middle-fusion technique that employs a center point detection network to

detect objects in images and associates them with radar detections using a novel depth-

based frustum association. The radar-based feature maps are then used to regress to object

properties like depth, rotation, and velocity, providing a more comprehensive object de-

tection framework. However, these methods are compromised when visual conditions are

poor, i.e., during rain, snow, or dense fog, where camera visibility is significantly reduced.

For a perception system to be deemed robust, it must maintain consistent performance

even in such challenging environments. Therefore, some of the literature focused on the

radar-only methods.

Expanding the radar data dimensions, Palffy et al. (2022) [53] applied PointPillars

[37] to 4D radar data for multi-class road user detection. Their research highlighted the

significance of radar Doppler and cross-section features. Additionally, they introduced the

VoD automotive dataset, a comprehensive resource containing synchronized and calibrated

data from various sensors. Wang et al. [89] introduced RODNet, a deep learning model for

radar object detection that is cross-supervised by a camera-radar fusion algorithm. The

network takes radio frequency (RF) images as input and predicts the likelihood of objects

in the radar field of view. Zhang et al. (2021) [89] proposed RADDet, a deep learning

model that focuses on Range-Azimuth-Doppler tensors for dynamic road user detection.

Their work also introduces a novel radar dataset and an instance-wise auto-annotation

method. Another radar-only approach by Zhang et al. (2019) [90] employs a deep con-

volutional neural network for object detection and 3D estimation using an FMCW radar.

The paper also proposes a normalization method essential for radar signal processing, of-

fering a comprehensive solution for radar-only object detection. Lastly, Nobis et al. (2021)

[51] developed a low-level sensor fusion network for 3D object detection, fusing lidar, cam-

era, and radar data. Their work shows that radar sensor fusion is especially beneficial
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in inclement conditions, such as fog or rain, thereby enhancing the robustness of object

detection systems. Much of the existing research relies on deep learning techniques that

necessitate expensive GPUs, and often require transfer learning to adapt to changes in the

environment or sensors. Methods executable on CPUs tend to exhibit reduced accuracy.

Yet, with the advent of open-source platforms that provide widespread access to the HD

maps, there remains a gap for a method that leverages this data without depending on

deep neural networks.

Few studies have been conducted on utilizing HD maps for object detection. Among

them, lanefusion [22] showed that by using lane direction information it can improve the

object detection accuracy both in orientation and position. Other studies [20, 86] utilized

semantic features of the map, e.g. derivable space, to enhance the overall accuracy of object

detection. The dynamic nature of traffic environments and the presence of diverse inter-

acting objects frequently present an Out of Distribution (OOD) challenge to perception

systems. In real-world driving scenarios, the system may encounter small animals, pedes-

trians in unconventional attire, or specialized construction vehicles that were not part of

the training dataset [73]. To tackle the OOD challenge, robust learning techniques have

been introduced to enhance the resilience of neural networks to distribution shifts [71].

Some studies concentrate on the real-time detection of OOD instances, facilitating a safe

transition to manual driving when necessary [21]. Nevertheless, validating the robustness

of these systems against the varied distributions encountered in real-world driving remains

a formidable challenge. Recently, researchers have investigated methods to circumvent

the OOD issue by employing more effective representations of perception results. Tech-

niques such as occupancy grids or drivable space have been explored to reduce the impact

of unknown classes on the system’s performance. These approaches aim to create a more

comprehensive understanding of the environment, thereby improving the overall safety and

reliability of autonomous driving systems.

The object detection is a critical component of AV navigation. However, it comes with

some challenges that hinders its seamless integration in the downstream of the naviga-

tion stack e.g., path planning and controller; One major challenge is the discrete nature

of information provided by object detection algorithms, which produce snapshots of the

environment. When these snapshots are juxtaposed, they often reveal inconsistencies in
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detected objects, leading to a phenomenon known as flickering. Where the path planner

module, the downstream of perception, prefers a continous consistent information, creating

a gap between perception and the rest of the navigation module.To bridge this gap, the

concept of a cost-map emerges as a pivotal solution. The role of cost-map in navigation

is crucial, serving as a dynamic representation that guides obstacle avoidance, path plan-

ning, and informed decision-making for AV [9, 2, 94, 61]. By assigning varying costs to

different spatial regions, the cost-map provides real-time insights into the environment’s

complexity. This enables AV to navigate safely and efficiently, adapting to changing sur-

roundings while ensuring effective interaction and trajectory generation, making the cost-

map an indispensable tool for enhancing navigation capabilities. The presence of inherent

uncertainty in sensor measurements [75, 33] necessitates the development of probabilistic

cost-map [47, 46]. The probabilistic cost-map offers a valuable approach to retaining a

comprehensive representation of the uncertainty inherent in the vehicle’s perception of the

surrounding environment.

2.3 Object Tracking and Prediction

Most of the literature discussing tracking, attempts at making the prediction and tracking

into a single module [64]. They usually show that the velocity estimation that comes from

tracking is mostly used for predicting the behaviour of the other objects and therefore

improving the safety [42]. Over the past decade, researchers have devoted significant

efforts to track and predict the behaviors of other objects and traffic participants. They

could be categorized into three major approaches: physics-based prediction, pattern-based

prediction, and planning-based prediction [29]. Physics-based prediction entails short-term

forecasts of traffic participants’ movements, assuming minimal changes in their behavior

over a brief period. Predictions are derived from dynamic or kinematic models of the traffic

participants’ motion. For instance, Brannstrom et al. utilized a linear bicycle model to

assess risk by generating potential vehicle paths [6], while Xie et al. employed a vehicle

kinematic model to predict candidate paths [83].

These methods usually rely on a typical tracking model that might mislead if the objects
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move close to one another or a flickering happen in the object detection pipeline. Moreover,

they are able to deal with short-term prediction and consider possible paths for objects.

However, in long-term prediction problems, the behavior of an object might change, and

using pure physic-based method to predict path is insufficient. Therefore, for long-term

prediction, pattern-based prediction is proposed to predict long-term actions of a traffic

participant. Mo et al. applied GNN-RNN based Encoder-Decoder network for prediction

of vehicles on highway interacting with other vehicles [45]. Messaoud et al. also applied

a LSTM-based deep network to train the prediction model [44]. These methods are every

effective in common driving scenarios, however, the deep network requires a comprehensive

training data, and in real-life application, the corner cases’ data is hard to obtain. Which

make this kind of method less reliable. Another trendy method overcomes this limitation

by using a planning-based prediction, which tries to reason out the most likely goal and

corresponding policy of the traffic participant that it is predicting. Shu et al. applied a

planning-based behavioral model for the surrounding traffic participants, and takes several

features to identify the possible future intention of the surrounding traffic participants

[65]. [67] set the utility functions for the surrounding traffic participants, and tracks the

intention of the surrounding traffic participants considering uncertainties. The algorithm

was tested in an intersection scenario in urban scenarios [66]. Yet, these methods require

large resource, and reliablity while also are not as agile for the urban use.

2.4 Localization

The AV localization usually happens with Simultaneous Localization and Mapping (SLAM)

which provides a holistic solution for vehicle localization by simultaneously estimating both

the position and the map [7]. In the context of autonomous driving, instead of tackling

the full SLAM problem—which involves calculating the joint posterior over all poses and

the map using comprehensive sensor data—online SLAM is often preferred. Online SLAM

is centered on estimating the vehicle’s current motion state using the most recent sensor

inputs. Various filter-based methods have been explored for this purpose, including the

Extended Kalman Filter [72], Information Filter [16], and Particle Filter [79].
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SLAM-based localization encounters several challenges, including divergence [62], drift

issues [30], and poor performance in adverse weather conditions [92]. To address drift, fault

detection techniques can be utilized to take advantage of sensor redundancy and ensure

the coherence of multiple sensor sources, identifying drift as a failure [14]. Additionally,

fusion strategies are often employed to counteract drift in online SLAM solutions [80].

For instance, [80] describes a method where LiDAR and inertial data, along with limited

landmarks, are used to achieve robust localization for mining service vehicles experiencing

GNSS dropouts. In [91], multi-modal information such as vision, point clouds, inertial

data, and raw GNSS signals are fused based on information coherency to deliver reliable

localization results in environments with sparse features. Ultimately, effective drift cor-

rection necessitates regular consideration of constraints related to the vehicle’s position

concerning a known, local, or absolute reference.

Utilizing HD (High Definition) maps [17] for localizing an AV within a known envi-

ronment is a beneficial strategy to ensure the safe navigation of the AV. HD maps are

meticulously detailed representations of the environment, containing precise information

about lane markings, road geometries, traffic signs, and other relevant features. By com-

paring real-time sensor data from the vehicle to the information stored in the HD map,

the AV can accurately determine its position and orientation within the environment.

In [78, 56, 26], novel semantic localization algorithms that exploit semantic features ex-

tracted from images and features in HD map are proposed. However, relying solely on

vision makes this approach susceptible to accuracy issues in adverse weather conditions

or low-light environments. In [39], a multiscale localization method for AVs based on the

semantic keyframes of carpark signs, as a known environment, is utilized, using only a low-

cost monocular camera to address the problem due to the unavailability of GNSS signals

indoors.

Both online SLAM and the utilization of HD map aim to ensure reliable localiza-

tion under various conditions such as divergence, drift, and adverse weather conditions.

These two localization techniques usually rely on the fusion of different sensing modalities’

capabilities. Vehicle on-board sensors employed in localization include GPS, IMUs, cam-

eras, radar, LiDAR, and ultrasonic sensors [35]. Despite the cost-effectiveness of fusion

techniques among GPS, IMU, and cameras, particularly prevalent in vision-based SLAM,
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visual odometry and lane detection, these approaches often fail to achieve the desired level

of accuracy [55] [70]. Radar fusion techniques show promise for short-range SLAM but

are hindered by their susceptibility to environmental uncertainties [82]. In contrast, Li-

DAR fusion techniques have emerged as a standout solution, offering superior accuracy

and robustness in SLAM tasks [24] [38]. However, they are susceptible to adverse weather

conditions like snow or fog, and their performance relies on consistent GPS inputs. These

inputs may be impacted by changes in the landscape or communication disruptions. Con-

sidering these challenges, we propose an innovative approach to vehicle localization: the

integration of LiDAR and radar data, augmented by odometry calculations. By combin-

ing the strengths of LiDAR and radar while compensating for their individual limitations,

this integrated approach aims to achieve both high accuracy and robustness in localization

tasks. It can deliver reliable performance even in challenging environments, ensuring the

safety and efficiency of autonomous vehicles in real-world scenarios.

2.5 Summary

In summary, there appears to be a gap in developing a unified perception-localization

module, despite the interconnection and complementary nature of these two systems. In

object detection and tracking, few methods effectively address edge cases and reliability;

most focus on creating deep neural networks that outperform others on datasets primarily

featuring normal weather conditions and regular objects. Additionally, there is a need for

perception modules that leverage HD map data to leverage familiarity with the environ-

ment while also prioritizing reliability. Regarding tracking, filter-based methods have not

yet reached maturity, and the literature predominantly focuses on temporal feature de-

tection networks for handling velocity and predicting the actions of other actors. Current

approaches heavily emphasize the advantages of neural networks, utilizing them extensively

in various applications. In this study, the approach to perception and localization is revis-

ited while consistently considering the reliability of the developed solutions and leveraging

the mathematical models whenever possible.
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Chapter 3

Radar-HD Map Perception System

Radar point cloud is occupied with a variety of noises, which would affect the downstream

fusion immensely. This chapter discusses the necessary operation with the help of HD map

to clean the radar data from noise. To show the effectiveness of the approach, the result of

the radar-HD map fusion is used to generate a cost-map. To start the approach, first the

problem is formulated, and then the solution is broken into the following sections; point

cloud manipulation, velocity compensation, clustering, feature extraction, HD map fusion,

and finally cost-map generation.

3.1 Problem Formulation

The objective of this chapter is to clean the radar point cloud using the statistical informa-

tion of each class in the HD map. This is represented through a probabilistic fusion method

that can generalize itself to any other environment, as long as the HD map information is

provided. For a general scenario shown in Figure 3.2, each point pir, the blue dots, in the

radar point cloud is considered to have the following features,

pir = {xri, yri, vri,RCSi} (3.1)

where xri and yri are 2D position in the radar frame, and vri is the relative radial velocity

[48], and RCSi is the radar cross-section, a measure of the reflectivity [32]. These features
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Figure 3.1: A schematic of the radar point cloud manipulation and cleansing, and the cost-map generation

algorithm has been brought here. First, a sequence of the radar point clouds are consistently concatenated

on one another, then with the aid of the HD map the point cloud is focused on the road, removed from

false alarms and clutters, and added HD map features for the final classifier. Finally the output is used to

form the cost-map.
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Figure 3.2: Radar point cloud in the frenet frame, the black dots are the s-points on the

HD map, and the blue arrows are for the lateral distance in (s, d) frame. The red arrow

represents the magnitude of the s coordinate. The blue dots are the radar point clouds.

The coordinate attached to the bus is the radar frame.

are common in automotive radars, as they usually provide an array of detections, there

are some other radars that provide the radar image, however, focus in this study is the

automotive radars with point cloud as their output. The initial aim is to remove the part

of the point cloud which is irrelevant, e.g., the false alarms, and clutters, and output the

clusters with an associated probability π and class c which is calculated in fusion with the

extracted features and the HD map. In this regard, for a sample point l on the HD map

the position vector in the frenet frame [52] is expressed as,

X⃗l(s(t), d(t)) = s⃗(s(t)) + d(t)d⃗r(s(t)), (3.2)

where s(t) denotes the covered arc length of the center line, d(t) is the lateral distance,

and s⃗, d⃗ are the tangential and normal vectors of the centerline. Using Eq. (3.2) extends
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the features for each point pir with,

pix = {sri, dri, δRi, δLi}
δRi = dRi − dri
δLi = dLi − dri

(3.3)

where dRi, and dLi are the d coordinates of the right curb and left curb closest to the point

pir at (sri, dri) in the HD map respectively. The new radar point cloud representation for

each point would be,

pi = {pri, pxi} (3.4)

Moreover, at each arc length s, the dA and dB which are the lateral positions of the outer

left and right sidewalks, along with the odometry of the vehicle,

µe = {se, de, xe, ye, ψe, ψ̇e, ve}, (3.5)

where xe, ye, ψe, ve and ψ̇e are the 2D position of the ego vehicle in The Universal Transverse

Mercator (UTM) frame [69], yaw angle, the linear velocity and yaw rate, respectively. The

final aim is to remove the irrelevant detections, and generate a probabilistic cost-map, Us,d,

with the fusion of HD map semantics. The proposed method is applicable to any radar

point cloud and is suitable for all-weather conditions.

3.2 Radar HD Map Fusion

The overview of post-processing for radar detection is shown in Figure 3.1 . Although

rich in features, the radar point cloud contains false alarms and clutter. In part (A) of

the method, the point cloud outside the vehicle’s region of interest (ROI), including the

road and sidewalks, is excluded. This step provides a rough elimination of excessive radar

information and some false alarms and clutter. In part (B), the ROI point cloud is passed to

the DBSCAN clustering algorithm [18], which focuses on spatial features while considering

a lower weight for compensated velocities. This clustering algorithm removes some sparse

false alarms, but some dense forms of false alarms or clutter may remain in the clusters.

To address this issue, in part (C), a series of features are extracted from each cluster to
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form likelihood functions for different object classes. In the next step, part (D), HD map

information is fused with the cluster features to classify the detected cluster. The HD

map information incorporates environmental semantics into the object detection results.

Finally, in part (E), a number of clusters are generated, each assigned a probability and

class, which are then integrated into the probabilistic cost-map. The next subsections go

deeper into the details of each part of the method.

3.2.1 ROI and Velocity Compensation for the Point Cloud

The range of radar can be adjusted, yet automotive radars operating above 60 GHz can

detect objects up to 400 meters away. While this capability is advantageous, it can also

introduce challenges such as multiple reflections (multi-paths) across the radar’s coverage

area due to the strong waveform. However, focusing the classifier on the Region of Interest

(ROI) using HD map information allows the vehicle to prioritize detection of the road and

its crosswalks, thereby mitigating potential interference from non-critical objects. The HD

map information helps to have three possible geo-labels for each point in the radar point

cloud as pil,

pil = {in-Road, in-SideWalks, Out}. (3.6)

From Eq. (3.4), point ith in the radar point cloud is defined as,

pi = {xi, yi, vri,RCSi, di, δRi, δLi}, (3.7)

the vri, in Eq. (3.7), reported by the radar, is the relative radial velocity with respect to

the ego vehicle frame. Considering the ego vehicle motion information, the velocity can be

compensated as in Figure 3.3,

ri =
√
x2ri + y2ri (3.8)

θi = arctan 2(xri, yri) (3.9)

vricomp = vri − ve cos θi, (3.10)
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Figure 3.3: Considering the ego vehicle traveling with linear velocity ve and turning with

yaw rate of ψ̇e, the radar relative radial velocity can be compensated by projecting the ego

velocity into the object’s radial unit vector and then adding up with the relative radial

velocity.

where ri is the range of the point and θi is the azimuth angle. Subsequently, point ith is

categorized into three labels utilizing di coordinate information,

pil =


in-Road, δL ≥ 0 & δR ≤ 0

in-SideWalks, 0 ≤ δL < dL − dA or

dB − dR < δR ≤ 0

Out, otherwise,

(3.11)

where dB is the limit of the sidewalk on the right, and dA is the limit on the left. For

driving, the ROI that is important to the vehicle defined to be,

ROI : ∀pi that pil ∈ {in-Road, in-SideWalk}. (3.12)

Updating Eq. (3.4) the final representation of radar point cloud to be,

pi = {pir, pix, pil}. (3.13)
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This step focuses the algorithm on prioritizing the road, enhancing its ability to distin-

guish between noise and actual detections. It also enriches the point cloud by incorporating

additional features, creating a more elaborate space for the classifier to make precise deci-

sions. Furthermore, empirical observations highlight strong correlations between different

classes and their specific spatial locations on the HD map. This correlation aids in refining

the algorithm’s understanding of the environment, improving its capability to accurately

interpret and respond to real-world scenarios, such as identifying road features and differ-

entiating them from false alarms and clutters.

3.2.2 Multi-Frame Two Staged Consistent Clustering

A single frame of radar point cloud often suffers from limitations in point density, which can

compromise the system’s ability to accurately identify and interpret surrounding objects.

To address this issue, radar points are accumulated across multiple frames. It is crucial

to note that this frame accumulation is not carried out in a naive manner. One of the

primary challenges in accumulating radar points across multiple frames is accounting for

the vehicle’s motion. If the vehicle is in motion, the radar points from different frames

would represent different positions in the world coordinates, and a simple overlay of these

points would yield inaccurate and misleading results. To overcome this challenge, the

vehicle’s motion obtained from Eq. (3.5) is incorporated, a transformation is applied to

each set of radar points, mapping them from their original ego vehicle frame to the map

coordinate system. This transformation ensures that the radar points from different frames

are correctly aligned with respect to the vehicle’s position and orientation. As a result,

the accumulated point cloud presents a more comprehensive and accurate representation

of the surrounding environment. If the point cloud Cartesian positions, [x, y], are placed

in the vector P , at the time t, then considering the vehicle odometery and localiztion

module, there is a transformation matrix Tt that can transform the point cloud into the

map frame. The important fact about the map frame should be its constant position and

orientation, facilitating the consistent concatenation of the multi-frame point cloud. The

map frame orientation is set on North and East coordinates, and its origin must be off

seated at somewhere around the operation area of the AV. In the case of this thesis, the
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origin is seated at the center of the E3 intersection of the University of Waterloo campus

ringroad.

Pm
t = Tt.Pt, (3.14)

and for the frame k times ago the point cloud is,

Pm
t−k = Tt−k.Pt−k, (3.15)

then if the multi-frame considers 1 frame ago, the concatenated point cloud is,

Pm′

t = [Pm
t , P

m
t−1] (3.16)

The point cloud created in Eq. 3.16, is a more dense point cloud, however, since the

environment is dynamic, it could be misleading, e.g. the length or width of a moving

vehicle could show larger than the reality. To address this issue, an optimal number of

frames is considered in the multi-frame concatenation process. This depends on the relative

velocity between the ego-vehicle and the other actors. A timer is attached to each point of

the point cloud depending on the relative radial velocity, such that the oldest frame could

at most travel up to 0.75 of vehicle length, 3.5. Then the timer for each point,

δti = Sat(
3.5

vri
), (3.17)

that the δti is the timer, and is saturated by 6 frames from up, and 2 from below, the vri

is the relative velocity.

The resulting point cloud should undergo a clustering process as the objects are often

present in the dense parts of the point cloud. DBSCAN, a Density-Based Spatial Cluster-

ing of Applications with Noise [18], is employed to group together points based on their

density in the feature space, forming clusters of varying shapes and sizes. Unlike tradi-

tional clustering methods, DBSCAN can efficiently handle noisy data and discover clusters

without requiring the number of clusters as an input, making it an ideal candidate for

radar point cloud clustering. It defines core points as those with a minimum number of

neighboring points within a specified radius, while non-core points are considered part of

a cluster if they are reachable from a core point.
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The DBSCAN algorithm for radar clustering is usually formulated in grid-based ap-

proaches and with (x, y) coordinates [31]. This approach only considers spatial features

and in case there are multiple objects close to one another, it will cluster them into one

object. However, the radar point cloud comes with the Doppler velocity, vri, which can be

used to make the feature space more separable. The sparsity of the radar points around

large objects causes to result in multiple clusters for the same object, therefore in our

clustering, there are two stages: 1- Initial clustering, and 2- Merging. From Eq. (3.13), the

first stage of the clustering takes (xi, yi,Ωvri)UTM as the features, where Ω is the weight

factor for velocity feature, valued between 0 and 1, so the choice for ϵ [18] is mainly based

on the spatial position. Then, each cluster will be merged with its neighbor of a larger

distance δϵ, only if their mean velocity difference is less than a threshold δv. After applying

the two stages of DBSCAN to the radar point cloud in the ROI of the ego-vehicle the point

cloud is represented as a set of clusters Cj,

S = {C0, C1, ..., Cn, O}, (3.18)

where O is the outliers defined as,

O = {pi ∈ O |pi /∈ C0, C1, ..., Cn}. (3.19)

The Eq. (3.18) needs more post-processing to be included in any downstream operation

including fusion or cost-map; in the radar point cloud, the presence of a dense cluster

of points does not always correspond to a genuine object, i.e. it can be the result of

phenomena like false alarms, or other forms of clutters. Consequently, a more in-depth

analysis, extracting additional features from each cluster, is necessary to ascertain its true

nature and determine its validity as an object.

3.2.3 Geometrical and Radar Feature Extraction

Although the points on each cluster could be sparse, the geometrical features stay consistent

and it can hint about the object type, e.g. the width, and length of the cluster can be a

good indicator to at least show the difference between a pedestrian and a car. However, the
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geometrical feature can change with orientation. To make a standard representation for

each cluster, each cluster is transformed into its canonical form; the canonical coordinate

system for a cluster denotes that (1) the origin is located at the center of the cluster (x̄i, ȳi)

(2) the ξ⃗ direction is across the length and ω⃗ is across the width of the cluster. Then the

following features will be extracted,

ΦCj
= {ωj, ξj, αj, λ2xj, λ2yj}, (3.20)

where ωj and ξj stands for width and length of the cluster, αj is the principal orientation,

and λ2xj and λ2yj are variances along the principal directions. Moreover, for each cluster,

the following set of radar features can also be drawn,

γCj
= {v̄rj, ¯RCSj, ∥Cj∥,

RCSminj,RCSmaxj, vminj, vmaxj,

η1
√
rj(∥Cj∥), η2

RCSmaxj
ωjξj

,

η3
RCSmax

r2j
, η4
∥Cj∥
r2j
}

(3.21)

where r, v̄r, ∥Cj∥ and ¯RCS are the range of the centroid, average radial velocity, number

of points, and average RCS in the cluster, respectively. The ηi acts as a normalizer to scale

the feature between 0-1. Making the final features to be considered for classification,

χCj
= {γCj

,ΦCj
}. (3.22)

The
√
r(∥Cj∥) is an indicator for the density of the cluster regardless of its range; the radar

point cloud on a specific object varies in density with range, where the clusters located

in the shorter range have higher number of points and those in the farther vice versa.

According to our observation for each class, the value for
√
r(∥Cj)∥ stays consistent. The

RCSmax/ωξ is the density of the RCS inside the cluster which measures the ratio of the

cluster’s size in the radar’s view to the actual measured size. One of the observations that

helped us in choosing the features is the behavior of false alarms; they usually show negli-

gible v̄r, and ¯RCS, Furthermore, urban and semi-urban environments introduce challenges
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Figure 3.4: Same scenario as the Figure 3.2, however, here the location of the pedestrian

with the vehicle are switched to emphasize the unlikeliness of this scenario to happen.

in the form of metal objects, e.g., poles and trash cans. These objects, despite their small

size, exhibit a high RCS value. However, they are also characterized by a small cluster size

when detected, the RCSmax/ωξ feature is large for these objects compared to pedestrians

and cars. The clusters so far generated by DBSCAN represent potential objects detected

by the radar system, which may include a mix of true objects, noise, ghosts, and clutter

that has eluded the radar’s Constant False Alarm Rate (CFAR) filtering [60]. To refine this

assortment, one can integrate the HD map data into the analysis. The following section

dives deeper into this argument.
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3.2.4 Fusion with HD Map Information

The features extracted from each cluster play a crucial role in determining the class of the

cluster . Given our knowledge of the HD map, such as the distinction between sidewalks

and roads, statistics can be leveraged related to the typical presence of classes in these

locations. For instance, pedestrians are more commonly found on sidewalks, making cars

less likely to be spotted there. Similarly, it’s highly improbable to observe a car driving on

a curb or encountering other analogous scenarios, an instance is presented in Figure 3.4.

It shows the same scenario as in Figure 3.2, though it emphasizes the correlation between

location in the HD map and the object class. Using the Bayes theorem, one can find the

probability π for class c for cluster Cj located at the di in the HD map (s, d) coordinate,

π(c|dj, χCj
) =

π(c, dj, χCj
)

π(dj)π(χCj
)
, (3.23)

reordering the equation and considering that χCj
and dj are independent variables,

π(c|dj, χCj
) =

π(c|dj)π(c|χCj
)π(dj)π(χCj

)

π(di)π(χCj
)

, (3.24)

and then reordering again,

π(c|dj, χCj
) = π(c|χCj

)π(c|di) (3.25)

where π(c|χCj
) must be a probabilistic classifier, and the π(c|dj) is the likelihood to have

an object of type c at the specific lateral lane location dj. In this work, it is formed

as a mixture of Gaussian defined similar to what is shown in Figure 3.1. If π(c|χCj
)

represents a generic classifier, an approximation π∗(c|χCj
) is employed instead. However,

using this approximation disrupts the scale of the π(c|dj, χCj
) to exceed from 1. Therefore,

a normalization factor κ is introduced to rescale, ensuring they remain between 0 and 1,

π(c|dj, χCj
) = κ π∗(c|χCj

) π(c|dj). (3.26)

Making for each cluster Cj the following information to be used to create cost-map,

hCj
= {ωj, ξj, s̄j, d̄j, Cj, πj}. (3.27)
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Algorithm 1 Cost-Map creation

1- Object cost calculation:

for For each object i do

for s = smin:ns:smax do

for d = dmin:nd:dmax do

σ = f(ωj , ξj , cj)

V j
s,d = πj · exp(− (s−s̄j)

2

2σ2 − (d−d̄j)
2

2σ2 )

end for

end for

end for

2- Cost-Map Update:

for s = smin:ns:smax do

for d = dmin:nd:dmax do

Us,d(t) =
∑m

j=1 V
j
s,d + Us,d(t− 1)−D

end for

end for

m is the total number of detected objects with probabilities and classes.

3.2.5 Cost-Map Creation

The results from radar-HD map fusion can be used for the downstream fusion, however,

there are some scenarios that the vision is entirely disturbed and therefore LiDAR and

camera sensors are not much of use. To tackle these challenging scenarios, in this thesis, an

scheme to create cost-map purely from radar data is explained and tested. As previously

discussed, by combining radar detection data with the HD map, information regarding

various objects is acquired, Eq. (3.27). Utilizing this information, a cost-map can be

constructed based on the positions and detection probabilities of these objects within

the drivable area around the ego, i.e., (smin, smax, dmin, dmax). This process also takes

into account the grid resolution employed for cost-map calculations, i.e., ns and nd. To

compute the cost associated with each individual detected cluster j, grid points are iterated

within the specified drivable area. At each grid point (s, d),a cost value V j
s,d is calculated.

This cost value is determined by considering the object’s probability, πj, the object class,

cj, object dimension, (ωj, ξj), and applying a Gaussian-like function that accounts for the

distance between the grid point and the object’s location (s̄j, d̄j). The outcome represents
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how each object contributes to the cost-map at every grid point. Finally, the cost map

Us,d(t) is updated by summing all the V j
s,d values for all objects, the computed cost map

from the previous time step Us,d(t − 1), and a factor denoted as D. As time advances, D
gradually reduces the likelihood associated with the presence of an object when there is

no detection. The comprehensive procedure is outlined in Algorithm 1.

3.3 Summary

In this chapter, a novel probabilistic approach for radar classification and false alarm re-

moval is presented. Initially, excess radar points outside the vehicle’s region of interest

(ROI) are removed with the help of the HD map. Outliers are then removed using DB-

SCAN, and clusters are formed from the dense part of the point cloud. Geometrical and

novel radar features are extracted from each cluster and appended with HD map features.

This approach leverages environmental familiarity to form a likelihood that aids classifica-

tion. Likelihoods are formed using the HD map’s statistical occurrence of each class and

are fed into the probabilistic classifier. The probabilities of each class occurrence are then

used to create a cost map, which acts as both a smoothing layer over the radar output and

a continuous input for downstream path planning modules.
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Chapter 4

Radar-LiDAR-Camera-HD map

Perception and Localization System

Achieving a robust perception and localization system necessitates the inclusion of radar.

In the previous chapter, an algorithm was presented for cleaning radar data, resulting in

a cost-map and adjusted point cloud. This chapter concludes with a presentation of the

method used to fuse the adjusted radar point cloud with other essential vehicle sensors:

LiDAR, camera, and wheel speed encoders. The output of this method includes accurate

object detection and tracking, as well as a full-state observer of the vehicle’s motion states.

4.1 Perception

The first part of this chapter goes into the intricate workings of the perception module and

explores the sophisticated processes involved in fusing data from various sensors. Sensor

fusion is a pivotal aspect of modern perception systems, especially in applications such

as autonomous vehicles, robotics, and advanced driver-assistance systems (ADAS). Effec-

tive sensor fusion enhances the system’s ability to perceive and interpret the environment

accurately, thereby improving decision-making and operational safety as s.

In the realm of sensor fusion, three primary methodologies are recognized in the liter-

35



ature: Early Fusion, Middle Fusion, and Late Fusion showing Figure 4.1. Each of these

methods has distinct characteristics, advantages, and challenges. However, among them,

Late Fusion stands out as particularly reliable, especially when considering the weaknesses

inherent in Early and Middle Fusion.

Early Fusion, often referred to as raw data fusion, involves combining sensor data at

the earliest possible stage, typically at the raw data level. This method integrates the

data directly from different sensors before any significant processing or feature extraction

occurs. For instance, in an autonomous vehicle, raw data from cameras, LiDAR, radar,

and ultrasonic sensors could be fused together to create a comprehensive and cohesive

representation of the environment. While Early Fusion leverages the full richness and

resolution of the raw sensor data, it presents several critical challenges. The sheer volume of

raw data from multiple sensors can be overwhelming, requiring substantial computational

resources for processing and storage. This can lead to delays and inefficiencies in real-time

applications. Moreover, the calibration and synchronization of different sensors are critical

to ensure that the fused data is coherent and accurately represents the environment. Any

discrepancies in timing, orientation, or calibration between sensors can degrade the quality

of the fused data, potentially leading to erroneous interpretations and decisions.

Middle Fusion, or feature-level fusion, represents an intermediate approach where sensor

data is processed individually to extract relevant features before being fused together. In

this method, each sensor undergoes preliminary processing to identify and extract key

features, such as edges, corners, or object boundaries, which are then combined to form a

unified perception of the environment. This method balances the benefits of both Early

and Late Fusion, but it also has notable weaknesses. By processing each sensor’s data

separately before fusion, Middle Fusion reduces the computational burden compared to

Early Fusion. However, it still requires significant computational resources to extract and

process features from each sensor’s data. Designing effective feature extraction algorithms

is a complex task, and determining the optimal way to combine these features to achieve

accurate and robust perception can be challenging. Additionally, feature extraction may

lead to the loss of important information contained in the raw data, potentially reducing

the accuracy and reliability of the fused perception.

Late Fusion, also known as decision-level fusion, involves fusing data at the highest
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level of abstraction. In this approach, each sensor’s data is processed independently to

generate individual interpretations or decisions about the environment. These decisions

are then combined to form a final, consolidated perception. The primary advantage of Late

Fusion is its simplicity and modularity. Since each sensor operates independently up to the

decision-making stage, the system can be more easily scaled and adapted to incorporate

new sensors or algorithms. This modularity also makes Late Fusion less sensitive to sensor

calibration and synchronization issues, as the fusion occurs after the individual sensor

data has been processed. By integrating decisions rather than raw data or features, Late

Fusion minimizes the risk of errors arising from discrepancies in sensor data alignment or

calibration. Moreover, Late Fusion is more robust to sensor failures and inconsistencies. If

one sensor’s data is compromised or unavailable, the system can still function effectively

based on the decisions derived from other sensors. This redundancy enhances the reliability

and resilience of the perception system, making it particularly suitable for safety-critical

applications like autonomous driving.

In summary, while Early and Middle Fusion methods have their advantages, they also

suffer from significant weaknesses related to computational demands, complexity, and po-

tential data inaccuracies. Late Fusion, with its modularity, simplicity, and robustness,

emerges as a more reliable approach for sensor data fusion in perception systems. By

focusing on decision-level integration, Late Fusion ensures that the perception system re-

mains accurate, efficient, and resilient, even in the face of challenging conditions and sensor

discrepancies.

With regards to the points mentioned above, this thesis adopts a late fusion approach,

where it leverages the unique strengths of each sensor before integration, optimizing the

overall performance of the system. In the following sections, each of these processing and

fusion steps will be detailed comprehensively.

In section 4.1.1, the LiDAR point cloud data undergoes several preprocessing steps to

improve quality and relevance. Ground points are eliminated since they generally do not

contribute information for detecting objects above the surface. In case of noise introduced

by adverse weather conditions, such as rain or fog, it is filtered out through the adaptive

DBSCAN method. Points outside the vehicle’s Region of Interest (ROI) are discarded;

the ROI, as defined in the previous chapter, includes sidewalks and roads where relevant
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Figure 4.1: Overview of Early, Mid, and Late fusion.
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objects are likely to be found. These steps ensure that the LiDAR data used for object

detection is both accurate and pertinent to the areas of interest.

In section 4.1.2, the cleaned radar points are then fused with the processed LiDAR

clusters using a KDTree algorithm. A K-dimensional tree (KDTree) is a data structure that

efficiently organizes points in a multi-dimensional space, allowing for rapid nearest-neighbor

searches. This is crucial for associating radar points with corresponding LiDAR clusters

based on spatial proximity. The fusion of LiDAR and radar data enhances object detection

by combining the spatial resolution of LiDAR—which provides precise spatial location and

shape information of objects—with the velocity and RCS data from radar, which relates

to the object’s size and material properties. In this fusion process, LiDAR data primarily

determines the location and origin of detected objects, while radar data supplements with

additional attributes. This complementary integration enriches the feature set for each

detected object, improving detection accuracy and robustness.

In section 4.1.3, camera images are processed using YOLO version 8, a real-time object

detection algorithm known for its speed and accuracy. YOLO v8 generates bounding boxes

and class labels for objects detected within the images. These bounding boxes are fused

with the clusters derived from LiDAR and radar data to assign semantic class labels to

the detected objects. The fusion is through frustum approach detailed in the section 4.1.4.

Bounding boxes that do not correspond to any cluster are disregarded to ensure that only

relevant detections are considered. This step reduces false positives and enhances the

reliability of the detection system.

4.1.1 LiDAR Point Cloud Clustering

In the field of autonomous driving and advanced mapping, LiDAR technology plays a cru-

cial role by providing highly detailed and accurate 3D representations of the environment.

However, the enormous volume of data generated by each LiDAR scan, it can range from

20k to 60k points, presents a significant challenge. The manipulation of such large datasets

consumes considerable memory and CPU resources. Additionally, many of these points are

often irrelevant to the specific application, such as points representing trees and vegetation,

which do not contribute valuable information and only add to the computational burden.
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This high volume of data can quickly overwhelm the system’s processing capabilities, lead-

ing to slower processing times and increased latency, which are critical issues in real-time

applications like autonomous driving.

To address these challenges, a targeted approach is necessary. By leveraging high-

definition (HD) map information, the focus is set on the Region of Interest (ROI) within

the LiDAR scan, which primarily includes the road and areas where relevant objects like

vehicles and pedestrians are located. HD maps provide detailed information about the en-

vironment, including road geometry, lane markings, and fixed infrastructure. This method

effectively filters out irrelevant points, significantly reducing the data volume and enhancing

processing efficiency. By integrating this information with the LiDAR data, it is possible to

isolate the ROI, concentrating computational resources on the most pertinent areas. This

not only reduces the amount of data to be processed but also ensures that the system’s

attention is directed toward the most critical parts of the environment.

Even within the ROI, a large number of points fall onto the ground, complicating object

detection. Ground points, while essential for certain applications like terrain mapping, can

obscure other objects and add unnecessary complexity to the data. To mitigate this, A

precise ground removal technique that adapts dynamically to varying slopes and terrain

conditions is implemented. This adaptive ground removal method ensures that only the

points representing objects of interest are retained, improving the clarity and usefulness

of the data. A static ground removal method might fail in environments with significant

elevation changes or uneven terrain, but an adaptive approach dynamically adjusts to the

slope and undulations of the ground, effectively filtering out ground points while retaining

important data.

The ground removal process begins with an initial estimation of the ground plane

using a subset of the LiDAR points. The algorithm then adapts to the detected slope,

adjusting the ground plane model to account for variations in terrain. As the vehicle

moves, the ground removal algorithm continuously updates its model, ensuring that it

remains accurate even in changing conditions. This dynamic filtering process is crucial for

maintaining the integrity of the data and ensuring that the system can effectively detect

and identify objects in the environment.
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For object detection, same as the radar, the DBSCAN (Density-Based Spatial Cluster-

ing of Applications with Noise) method, which is known for its ability to handle noise and

identify clusters of points representing objects, is implemented. However, traditional DB-

SCAN has limitations in environments with varying point densities and noise levels, such

as those caused by snow and rain. These conditions can significantly impact the accuracy

of object detection, as fixed parameters in traditional DBSCAN may not be sufficient to

handle the variability in the data.

To overcome these limitations, an adaptive version of DBSCAN that dynamically ad-

justs its parameters based on the current environmental conditions and point densities is

developed. This adaptive DBSCAN maintains high accuracy in object detection even under

challenging conditions, ensuring reliable performance. The process begins with noise level

estimation, where the algorithm considers factors such as snow or rain to determine the

current noise level in the environment. Based on this estimation, the DBSCAN parameters

are adjusted dynamically. This includes modifying the minimum number of points required

to form a cluster and the distance threshold for point inclusion in a cluster. The adapted

parameters are then used to form clusters, effectively identifying objects within the LiDAR

data. This adaptive approach allows the system to maintain robustness and accuracy in

object detection, even in adverse weather conditions. The flexibility of adaptive DBSCAN

is particularly valuable in environments where conditions can change rapidly, ensuring that

the system remains effective in detecting and identifying objects. In the following, a more

elaborate explanation is presented in the following.

LiDAR Downsampling :LiDAR (Light Detection and Ranging) technology has be-

come a cornerstone in applications such as autonomous driving, advanced mapping, and

environmental monitoring due to its ability to produce precise 3D representations of the

environment. However, one of the main challenges associated with LiDAR is the enormous

volume of data it generates. Each scan can produce thousands of data points, creating

significant demands on computational resources and storage. This is where LiDAR points

downsampling becomes crucial. Downsampling is the process of reducing the number of

points in a LiDAR data while preserving the essential features and structures of the scanned

environment. The need for downsampling arises from the limitations in processing power

and memory capacity. Processing large volumes of high-resolution data in real-time can
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overwhelm the system, leading to inefficiencies and potential delays. By reducing the num-

ber of points, downsampling helps manage computational load, ensuring that the system

can process data more efficiently and effectively.

The process of downsampling can be effectively achieved through the voxel grid filtering

method. In this method, the space is divided into a grid of equally sized cubes, known as

voxels. Each voxel represents a volumetric pixel in 3D space, and the goal is to replace

all points within each voxel with a single representative point. This technique reduces the

number of points while maintaining a uniform distribution of points across the scanned

area.

The voxel grid filtering process involves the following steps:

1. Voxel Grid Creation: The 3D space of the LiDAR scan is divided into a grid of voxels.

Each voxel is a cube with a specified side length l. The size of the voxel determines

the level of downsampling; larger voxels result in more aggressive downsampling.

2. Voxel Indexing : Each point pi in the LiDAR data is assigned to a voxel based on its

coordinates. The voxel index (i, j, k) for a point pi = (xi, yi, zi) is computed as:

i =
⌊xi
l

⌋
, j =

⌊yi
l

⌋
, k =

⌊zi
l

⌋
(4.1)

where ⌊·⌋ denotes the floor function, which rounds down to the nearest integer.

3. Centroid Calculation: For each voxel, the representative point is calculated as the

centroid of all points assigned to that voxel. If Pv is the set of points within voxel v,

the centroid cv is given by:

cv =
1

|Pv|
∑
p∈Pv

p (4.2)

where |Pv| is the number of points in voxel v, and p represents each point within the

voxel.

4. Point Replacement : Each point within a voxel is replaced by the centroid cv of that

voxel. This results in a significantly reduced number of points, with one representa-

tive point per voxel.
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Figure 4.2: The adaptive removal method. On the left the road is divided into a grid

format where the closer the grids are to the vehicle, the tighter the grids are, and it relaxes

as it moves away. On the right, the overall of the plane fitting method is shown.

The voxel grid filtering method is advantageous because it ensures a uniform reduction

in data points across the scanned area, preserving the overall structure and key features

of the environment. This method is particularly effective in reducing redundant points

in regions where the environment is relatively flat or contains homogeneous features. By

adjusting the voxel size l, the level of downsampling can be controlled, allowing for a

trade-off between data resolution and processing efficiency.

Eyes on The Road, ROI extraction : The process of focusing on ROI for the

LiDAR point cloud is quite similar to the one for the radar in the Chapter 3. Where the

limits of the road is a already extracted with the HD map information. The difference

however is the point cloud representation Eq. (3.7), that for LiDAR point cloud, there is

a shorter set,

pi = {xi, yi, zi, Ii, δRi, δLi}, (4.3)

where x, y, z, and I are longitudinal, lateral, height, and intensity of each point in the

point cloud, and δR, δL are the same as Eq. (3.2). That if it undergoes the same filter

as Eq. (3.11), the ROI for the LiDAR points are also extracted. This process, usually

optimizes the number of points furthermore after the downsampling.

Adaptive Ground Removal : Initially, the entire point cloud is divided into grids
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based on the coarse road boundaries, where each grid undergoes a plane estimation using

RANSAC to differentiate obstacle points from the ground. To fit a plane to a set of 3D

points using RANSAC, these steps are followed:

1. Model Definition: A plane in 3D space can be defined by the equation:

ρ1x+ ρ2y + ρ3z + ρ4 = 0, (4.4)

where (ρ1, ρ2, ρ3) is the normal vector to the plane and ρ4 is the plane’s distance from

the origin along the normal vector.

2. Random Sampling : Randomly select a minimal subset of points from the dataset.

For plane estimation, the minimal subset is three points because a plane is uniquely

defined by three points.

3. Plane Calculation: Using the three randomly selected points, compute the plane

parameters. Suppose the three points are p1 = (x1, y1, z1), p2 = (x2, y2, z2), and

p3 = (x3, y3, z3). The normal vector can be found using the cross product of the

vectors −−→p1p2 and −−→p1p3, Figure 4.2:

−−→p1p2 = (x2 − x1, y2 − y1, z2 − z1) (4.5)

−−→p1p3 = (x3 − x1, y3 − y1, z3 − z1) (4.6)

(ρ1, ρ2, ρ3) =
−−→p1p2 ×−−→p1p3 =

∣∣∣∣∣∣∣
i j k

x2 − x1 y2 − y1 z2 − z1
x3 − x1 y3 − y1 z3 − z1

∣∣∣∣∣∣∣ (4.7)

Expanding the determinant gives:

(ρ1, ρ2, ρ3) = ((y2 − y1)(z3 − z1)− (z2 − z1)(y3 − y1),
(z2 − z1)(x3 − x1)− (x2 − x1)(z3 − z1),
(x2 − x1)(y3 − y1)− (y2 − y1)(x3 − x1))

(4.8)

To find ρ4, substitute one of the points, say p1, into the plane equation:

ρ4 = −(ρ1x1 + ρ2y1 + ρ3z1) (4.9)
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4. Consensus Set : Determine how many points from the entire dataset fit the plane

model within a specified tolerance. This involves calculating the perpendicular

distance from each point (xi, yi, zi) to the plane and counting how many points

lie within this distance. The distance ρ4i from a point (xi, yi, zi) to the plane

(ρ1x+ ρ2y + ρ3z + ρ4 = 0) is given by:

di =
|ρ1xi + ρ2yi + ρ3zi + ρ4|√

ρ21 + ρ22 + ρ23
(4.10)

5. Best Model Selection: After all iterations, select the model with the largest consensus

set as the best estimate for the plane. The RANSAC algorithm provides a robust

way to estimate the parameters of a plane even in the presence of outliers, making it

ideal for processing LiDAR data, which often contains significant noise and irrelevant

points.

Non-ground points are extracted with Eq. (4.10), and those close to road boundaries

are marked as candidate points for curb detection that can be followed in other studies. For

the region closest to the vehicle, it uses the height of the LiDAR sensor as the initial plane

model, then iteratively improves the plane fitting. This estimation serves as the initial

value for ground estimation in other regions. The output for the adaptive ground removal

is a list of estimated ground plane models F = {z = f1(x, y), · · · , z = fM(x, y)}, where M
denotes the number of grids. This adaptive approach allows for dynamic adjustment of

fitting thresholds, which are stricter closer to the vehicle to ensure the detection of small

objects, thus enhancing safety.

Adaptive Clustering : Falling rain and snow can introduce significant amounts of

noisy reflections to LiDAR sensors. This noise can greatly affect the quality of the point

cloud data, leading to false detections and potentially triggering emergency stops in au-

tonomous vehicles. Traditional de-noising techniques often struggle with the variability and

intensity of noise introduced by adverse weather conditions. Failing to properly de-noise

the point cloud data may result in false positive detections, where non-existent obstacles are

identified, or false negatives, where actual obstacles are missed. One common approach to

mitigating noise in LiDAR data is through clustering methods, such as DBSCAN (Density-

Based Spatial Clustering of Applications with Noise) [19]. DBSCAN works by grouping
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Figure 4.3: The figure to emphasize on the necessity of a adaptive clustering approach for

range sensors.

points that are closely packed together, marking them as part of the same cluster, while

points that lie alone in low-density regions are treated as noise. The effectiveness of DB-

SCAN heavily relies on the parameters ϵ, which defines the maximum distance between

points in the same cluster, and minPts, which is the minimum number of points required

to form a core region. Although clustering methods like DBSCAN can help to some ex-

tent by setting a smaller clustering distance threshold ϵ or a larger minimum number of

points required to form a core region minPts, these adjustments are not without draw-

backs. Reducing ϵ or increasing minPts can inadvertently remove points that belong to

actual objects. This can lead to over-segmentation, where points from the same object are

divided into multiple clusters, complicating object detection and classification.

To address these issues, an adaptive DBSCAN clustering method has been proposed

that leverages the LiDAR scanning pattern to dynamically adjust ϵ and minPts. This

approach allows for more accurate clustering that adapts to the specific characteristics of

the scanning environment, enhancing the robustness of the de-noising process.

Consider a planar object with height h and width ω facing the LiDAR at a distance

Λ. The LiDAR has a horizontal scanning resolution ∆φ and a vertical resolution ∆α.

Typically, the point cloud is first downsampled using a voxel grid filter with a voxel size
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∆D to reduce the processing time. The number of scan lines NΛ and the number of points

per scan line Npl falling on the planar object can be calculated as follows:

NΛ =

⌊
h

max(Λ∆α,∆D)

⌋
(4.11)

Npl =

⌊
w

max(Λ∆φ,∆D)

⌋
(4.12)

In our Adaptive-DBSCAN method, ϵ is adjusted to maintain a constant number of

points per scan line, Npl, ensuring that the clustering adapts to the object size and distance.

The number of points per line Npl is determined by the smallest object width ωmin in the

environment and the voxel size ∆D∗, as the final resolution of the point cloud:

Npl =
⌊ ωmin

∆D∗

⌋
(4.13)

Thus, the clustering distance threshold ϵ(s) is given by:

ϵ(Λ) = max(ωmin, Npl.Λ.∆φ) (4.14)

The number of scanning lines NΛ(Λ) is calculated based on the minimum height hmin

of the objects in the environment:

NΛ(Λ) = max(1,

⌊
hmin

max(Λ∆α,∆D∗)

⌋
) (4.15)

With these adjustments, minPts is set to the product of the number of scan lines and

the number of points per line:

minPts = NΛ ·Npl (4.16)

This adaptive approach allows the clustering algorithm to more accurately reflect the

physical characteristics of the environment and the objects within it, improving the ro-

bustness and accuracy of object detection. By dynamically adjusting the clustering pa-

rameters based on the scanning pattern, Adaptive-DBSCAN can effectively handle the
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challenges posed by adverse weather conditions, reducing false detections and improving

overall system performance. The proposed Adaptive-DBSCAN method provides a signif-

icant improvement over traditional fixed-parameter clustering methods by leveraging the

inherent properties of the LiDAR scanning process. This results in more accurate and re-

liable de-noising of point cloud data, which is crucial for the safe operation of autonomous

vehicles in varying environmental conditions.

4.1.2 Radar-LiDAR Fusion System

Chapter 3 went into a novel approach to enhance radar accuracy by reducing false alarms

and clutter. The chapter demonstrated how integrating HD map information with radar

point cloud data ensures that most points in the radar point cloud correspond to actual

objects. Following involves dereferencing the point cloud data from the classes and inte-

grating it with the LiDAR, resulting in a more precise and reliable fusion system.

Camera fusion presents unique challenges because camera detections are 2D projections

of the 3D world, often leading to ambiguous detections due to perspective distortions and

occlusions. Conversely, LiDAR provides a dense and accurate 3D representation of the

environment, capturing details such as the width and height of objects, which greatly

facilitates the fusion process.

Given the complementary nature of radar and LiDAR, starting with radar-LiDAR

fusion is wiser. Both sensors operate in the 3D coordinate system, making the fusion

process more straightforward and robust. The LiDAR’s dense point cloud enhances the

radar’s object detection capabilities by providing detailed spatial information, which helps

in accurately distinguishing between objects and background clutter. This fusion leverages

the strengths of both sensors, combining radar’s ability to detect objects in adverse weather

conditions with LiDAR’s precise spatial measurements, resulting in a comprehensive and

reliable perception system.

Ultimately, the improved radar-HD map perception system, when integrated with Li-

DAR data, forms a solid foundation for a multi-sensor fusion approach. This approach not

only increases the accuracy and reliability of object detection but also paves the way for
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incorporating additional sensor data, such as from cameras, in a more effective manner.

By tackling the radar-LiDAR fusion first, the system gains a robust 3D understanding of

the environment, which is crucial for the subsequent integration of camera data, despite

its inherent challenges. This step-by-step fusion strategy ensures a scalable and adaptable

perception system capable of operating in complex real-world scenarios.

Radar point clouds are valued for their inclusion of robust features, such as instanta-

neous relative radial velocity and the Radar Cross Section (RCS), yet they fall short in

density when compared to LiDAR point clouds and are also prone to inaccuracies due to

clutter and false alarms. Conversely, LiDAR point clouds boast a high density of data

points, providing a rich, detailed representation of the environment, but they lack the dy-

namic features inherent to radar data. By fusing these two data sources, one can harness

the strengths of each—utilizing the dynamic, feature-rich information from the radar and

the dense, high-resolution spatial information from the LiDAR—to create a more accurate

and comprehensive representation. This fusion aims to mitigate the limitations of each

sensing modality, enabling a more robust perception system.

The first step of the fusion is radar-LiDAR synchronization, as they should both de-

scribe the same scene to be fused. The second step is to transform all the radar point clouds

into the LiDAR point clouds so that the search algorithm can be deployed. A KD-Tree

(k-dimensional tree) is a space-partitioning data structure used for organizing points in a

k-dimensional space. It is particularly useful for applications involving multidimensional

search keys, such as range searches and nearest neighbor searches. The construction and

utilization of a KD-Tree involve several mathematical concepts and operations. Here, the

fundamental steps and equations involved in the KD-Tree algorithm are outlined.

KD-Tree Construction: The KD-Tree is constructed by recursively partitioning the k-

dimensional space. Given a set of points P = {p1, p2, . . . , pn} where each point pi is a

k-dimensional vector pi = (x1, x2, . . . , xk):

1. Selecting the Splitting Dimension: At each level of the tree, a dimension D is chosen

to split the set of points. The splitting dimension D is typically chosen in a round-

robin fashion or by choosing the dimension with the greatest variance.
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2. Finding the Median: For the selected dimension D, the points are sorted by their

D-th coordinate and find the median. The median point becomes the root of the

current subtree. The median, mD, is chosen to ensure a balanced tree, which helps

in optimizing search operations.

3. Partitioning the Points : The the points are partitioned into two subsets: those with

coordinates less than the median and those with coordinates greater than or equal

to the median. Formally, if pi = (xi1, xi2, . . . , xik):

Pleft = {pi ∈ P | xiD < mD} (4.17)

Pright = {pi ∈ P | xiD ≥ mD} (4.18)

4. Recursion: The process is repeated recursively for the left and right subsets, alter-

nating the splitting dimension at each level.

Once the tree is constructed on the LiDAR clusters, the query is formed with the radar

points. The search can be efficient operations such as nearest neighbor range search.

1. Nearest Neighbor Search: Given a query point q, the goal is to find the point p∗ ∈ P
that is closest to q in Euclidean distance. The distance between two points p =

(x1, x2, . . . , xk) and q = (y1, y2, . . . , yk) is given by:

R(p, q) =

√√√√ k∑
i=1

(xi − yi)2 (4.19)

The search algorithm traverses the tree, starting from the root, and follows the path

determined by comparing the query point with the median points. It uses a recursive

backtracking approach to explore other branches that might contain closer points.

2. Range Search: Given a range defined by [a1, b1] × [a2, b2] × · · · × [ak, bk], the goal is

to find all points p that lie within the specified range. This involves checking each

point against the range criteria for all dimensions:

{pi ∈ P | aj ≤ xij ≤ bj for all j = 1, 2, . . . , k} (4.20)
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The range search algorithm traverses the KD-Tree, pruning branches that do not

intersect with the given range, thereby reducing the number of points that need to

be checked.

The LiDAR point cloud with features pl = {xl, yl, zl}, and for each radar point with

pr = {xr, yr, vr,RCS}, the query, q(xr, yr), for nearest neighbours in the radius R ≤ δR.

The final fused point cloud will be an efficient rich feature representation of the environment

as,

pf = {xf , yf , zf , vf ,RCS}. (4.21)

4.1.3 Camera Perception

Cameras excel in capturing color and texture details but lack depth information. There-

fore, images are used for 2D detection, i.e., detecting features on the image plane. In recent

years, camera-based 2D detection has been extensively studied in the deep learning field.

Compared to 3D detection, it benefits from more public datasets, as it is much easier to

label 2D features on the image plane than 3D coordinates, which may require stereo vision

or other high-density range sensors to provide depth information. Additionally, single-

camera-based 3D detection does not generalize as well as 2D detection, as it is difficult

to estimate depth information for cameras with different configurations. YOLOv8 [28] is

the latest in the YOLO (You Only Look Once) series of real-time object detectors. It em-

ploys state-of-the-art backbone and neck architectures, achieving high accuracy with high

inference speed. For this work, we created a customized dataset for outdoor autonomous

driving applications by selecting relevant objects from public datasets including COCO

(Common Objects in Context) [41], Argoverse [11], and nuScenes [10]. YOLOv8 was then

trained on 90% of the dataset and evaluated on the remaining 10%, achieving an mAP50

of 0.708. Finally, the trained model was converted to a TensorRT model to maximize

inference speed.

TensorRT is a high-performance deep learning inference library developed by NVIDIA,

designed to optimize neural network models for efficient deployment on NVIDIA GPUs.

By converting trained models into a highly optimized runtime format, TensorRT reduces
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Figure 4.4: The YOLOv8 architecture [28]
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latency and increases throughput during inference. The optimization process involves tech-

niques such as layer fusion, precision calibration, kernel auto-tuning, and dynamic tensor

memory management. These optimizations enable TensorRT to maximize computational

efficiency, leading to significantly faster inference times compared to standard runtime en-

vironments. By leveraging the full capabilities of NVIDIA GPUs, TensorRT minimizes

data transfer overheads, reduces memory footprint, and executes optimized computational

kernels. This makes it an ideal solution for real-time applications requiring high-speed and

low-latency predictions.

4.1.4 Camera-3D Point Association

This part aims to fuse the object clustering results from the LiDAR and the 2D object

detection results from the cameras to obtain clusters with semantic information. To achieve

this, an association cost is calculated for each cluster and each 2D bounding box, and the

Hungarian algorithm [34] is used to find the best associations. The key to improving the

radar-LiDAR-camera fusion performance is the way to calculate the association cost. The

2D association cost based on the intersection over union (IOU) of the camera bounding box

and the projected cluster points bounding box is a common choice due to its simplicity.

However, it fails in handling distant objects where the bounding box is small and the

intersection region could be zero due to imperfect calibration or object motion. We fix this

issue by introducing the 3D information into the association cost.

A depth and its uncertainty estimation method using the semantic 2D bounding box is

proposed. Considering a common camera placement scheme, where there is a pitch angle

θ between the camera coordinate plane XcOZc and the world coordinate plane XwOZw

parallel to the ground surface. The projection of a point Pw = (xw, yw, zw) in the world
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Figure 4.5: The Frustum approach for camera and 3D point association.

coordinate to the pixel coordinate pp = (xp, yp) can be expressed as

s

xpyp
1

 = KRθ

xwyw
zw


=

fx 0 cx

0 fy cy

0 0 1


1 0 0

0 cos θ − sin θ

0 sin θ cos θ


xwyw
zw


(4.22)

Based on this projection matrix, for an object having a fixed distance zw, we have:

s = yw sin θ + zw cos θ (4.23a)

s∆xp = fx∆xw (4.23b)

s∆yp = ((cy − yp) sin θ + fy cos θ)∆yw (4.23c)

Replace the ∆xw and ∆yw toWw and Hw denoting the width and height of the object in

the world coordinate, and replace the ∆xp and ∆yp to Wp and Hp denoting the width and

height of the 2D image bounding box of the object. The yw and yp will be the y-coordinate
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of the center of the object and bounding box, respectively. For an object standing on the

ground, yw = Hcam
w −Hw/2, where H

cam
w denotes the height of the camera relative to the

ground plane. So to calculate the final distance zw and its uncertainty σ2
z , we need to

calculate the depth estimation based on width and the height prior. Estimation based on

width:

zωw =
fxWw

Wp cos θ
− yw tan θ

σω
2

z =
W 4
p σ

2
yw sin2 θ +W 2

p f
2
xσ

2
Ww

+W 2
wf

2
xσ

2
Wp

W 4
p cos

2 θ

σω
2

y = σ2
Hcam

w
+ σ2

Hw
/4

and the estimation based on height:

zhw =
((cy − yp) sin θ + fy cos θ)Hw

Hp cos θ
− yw tan θ

σω
2

z =
1

H4
p cos

2 θ

[
H4
pσ

2
Hcam

w
sin2 θ

+
H2
pσ

2
Hw

(Hp sin θ + 2fy cos θ + 2 (cy − yp) sin θ)2

4

+H2
wσ

2
Hp

(
fy cos θ + (cy − yp) sin θ2

]
Finally, the measurements are averaged based on the variances:

zw =
zhwσ

ω2

z + zωwσ
h2

z

σω2

z + σh2z
(4.26a)

σ2
z =

σh
2

z σ
ω2

z

σω2

z + σh2z
(4.26b)

This estimated depth information will be used as part of the association cost defined

as,

πi,j = δ(1− IOUi,j) + (1− δ)∆(ρcamw , ρLiw ) (4.27)

where, IOUi,j is calculated between the LiDAR projected bounding box, and the camera’s,

δ is the importance weight, ∆() takes the mahalanobis distance between the object position

estimate from camera, ρcamw , and from LiDAR, ρLiw , and πi,j forms the Hungarian matrix

Πcam
Li , and can be solved with Hungarian matching algorithm in [34].
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4.1.5 Radar-LiDAR-Camera Fusion

The radar-LiDAR fusion process provides clusters with RCS values, 3D positions, and their

radial compensated radar velocity, resulting in closed contours that delineate the 3D occu-

pied regions in the space ahead of the vehicle. These clusters, which offer detailed spatial

information, are then integrated with 2D detections from the camera in the association

step. During this association, clusters that successfully match with camera detections are

assigned a class, while those that do not remain classified as unknown. The final outcome

is a set of contours, each either labeled with a specific class or marked as unknown. The

subsequent step involves tracking these contours across frames, allowing for continuous

monitoring of objects and their movements relative to the vehicle.

4.2 Object Tracking

Motion features play a pivotal role in autonomous vehicle (AV) software, influencing critical

decisions such as object filtering. The sensors integrated into vehicles, such as LiDAR

and cameras, primarily provide positional or semantic data. However, when it comes to

measuring motion, sensors like radar offer partial observations, such as doppler velocities,

which indicate the radial velocity of objects. This partial view can introduce ambiguities,

particularly in scenarios involving lateral movements. To resolve these ambiguities for

individual actors, integrating Extended Kalman Filter (EKF) with position measurements

can yield a comprehensive understanding of object motion states. Once motion states

are accurately determined for each actor, this approach can be extended to encompass the

entire environment and object list. This scalable algorithm ensures robust decision-making

and efficient object tracking within AV systems.

4.2.1 Individual Object State Observer

For a general type of object we can define the constant acceleration motion model as,

xk+1 = Axk (4.28)
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Algorithm 2 Calculation of score matrix for tracking object association

Input: agents, tasks, can match, score matrix

Output: Updated score matrix with computed scores

function calculate score matrix(agents, tasks, can match, score matrix)

rows ← size of tasks

cols ← size of agents

Initialize score matrix as a zero matrix with dimensions rows × cols

task idx ← 0

for each task in tasks do

for agent idx from 0 to size of agents do

score ← 0.0

if can match(agent idx, task idx) then

distance← hypot(task.x -agents[agent idx].x, task.y - agents[agent idx].y)

if distance ≥ max dist then

score ← 0.0

else

score ← (max dist - distance) / max dist

end if

end if

score matrix[task idx][agent idx] ← score

end for

task idx ← task idx + 1

end for

end function
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Figure 4.6: The figure to show the velocity in the world coordinate in relation to the

compensated doppler velocity. The world coordinate is the East-North frame, and to

improve robustness, the observer is designed in this frame.

Algorithm 3 Kalman Filter [74]

1: Initialize state estimate µ̄0 and covariance P0

2: Initialize state estimates µ̄t and covariances Pt for t = 1, . . . , n

3: for k = 1 to n do

4: Predict:

5: Predicted state estimate: µ̄t = f(µt−1)

6: Predicted covariance estimate: P̄t = Ft−1Pt−1F
T
t−1 +Q

7: Update:

8: Kalman gain: Kt = PtH
T (HPtH

T +R)−1

9: Updated state estimate: µt = µ̄t +Kt(zt −Hµ̄t)
10: Updated covariance estimate: Pt = (I −KtH)P̄t

11: end for
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where,

x = [x, ẋ, ẍ, y, ẏ, ÿ]T (4.29)

The state transition matrix A for this model, assuming a sampling time ∆t, is given

by:

A =



1 ∆t ∆t2

2
0 0 0

0 1 ∆t 0 0 0

0 0 1 0 0 0

0 0 0 1 ∆t ∆t2

2

0 0 0 0 1 ∆t

0 0 0 0 0 1


(4.30)

The ∆t is measured real-time, from synchronized fusion frame results. However, software-

wise the synchronization is strictly controlled over 10 Hz, meaning that the ∆t = 0.1. The

effectiveness of sensor measurements directly influences the efficacy of data fusion processes.

This integration facilitates a quicker and more comprehensive observation of the vehicle’s

state by combining positional information with velocity insights provided by radar. On

the other hand, if radar fusion is unsuccessful or incomplete, the observer is left with only

positional data from LiDAR. In such cases, the availability of velocity and acceleration

observations is delayed, potentially limiting the real-time responsiveness and completeness

of the system’s perception capabilities. Thus, the measurement matrix if radar-LiDAR

fusion is a success is as following,

H1 =

 x

y

ẋ cos(α) + ẏ sin(α)

 (4.31)

where α is the angle between the radial coordinate of the object velocity and the east

coordinate showing in the Figure 4.6, since the ego-vehicle heading angle ψ compliment is

the external angle to the triangle,

ψ − π

2
= α + θ (4.32)

where re-ordering the equation yields,

α = (ψ − θ)− π

2
. (4.33)
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To avoid complicating the nonlinearities in the equation, α is put in the equation

straight from the radar range and azimuth measurement, as the x and y are already in the

filter. In the case of unsuccessful fusion with the radar,

H2 =

[
x

y

]
, (4.34)

where the R matrix also updates based on the H matrix. In the case of not receiving

the measurement for that specific object, the prediction part of the EKF is used. This is

implemented through a object oriented program that tracks multiple objects where each

has the EKF as an attribute, and hence making the scaling possible.

4.2.2 Scaling The State Observers

The Eq. (4.28) is used in Algorithm. (3) to provide full observation on the object motion

states. However, in the case of having too many objects, the algorithm should decide on

associating new measurement correctly to the old ones. This can be achieved by forming a

score function that maximise when the two consecutive measurements are from one object,

and minimizes when it is not. However, for the cases that objects move close to one

another, the algorithm can leverage the semantic features to reject unplausible associations

entirely. For instance, if the object was a pedestrian, then the new measurement should

also demonstrate the pedestrian semantics, such as RCS, if applicable, and the class type.

This is implemented through can match function 4, that returns true if the semantics are

consistent and false if not.

The score function mainly focuses on the distance between the predicted position of

the object, and the measurement received.

si,j =
dmax − di,j
dmax

(4.35)

where si,j is forced between the last measurement of the velocity times 0.1, and 1 meter.

The association algorithm is based on Successive Shortest Path Problem known as

SSPA [1], which takes a score matrix between the old measurements and the new ones,
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Algorithm 4 can match function

1: Input: classi, classj, rcsi, rcsj, δ

2: Output: Boolean value (true or false)

3: if classi == classj then

4: return true

5: else if (classi ̸= classj) and (classi == unknown or classj == unknown) then

6: return true

7: else if
|rcsi − rcsj|

max (|rcsi|, |rcsj|)
< δ then

8: return true

9: else

10: return false

11: end if

put as task and agent, then it outputs the plausible pairs. The algorithm to calculate the

weight matrix is brought in Algorithm (2).The Successive Shortest Path (SSP) algorithm is

an effective method for solving the association problem when given a score matrix between

objects. In this context, there are two sets of objects, A and B, and a score matrix S

where S(i, j) represents the score or cost of associating object i ∈ A with object j ∈ B.

The goal is to find the optimal pairing of objects from set A to set B that minimizes the

total cost or maximizes the total score. The problem can be modeled as a minimum-cost

flow problem in a bipartite graph. The cost function to minimize is given by:

Minimize
∑
i∈A

∑
j∈B

S(i, j)xij, (4.36)

where xij = 1 if object i is assigned to object j, and 0 otherwise. The constraints are:

∑
j∈B

xij = 1 ∀i ∈ A (Each object in A is assigned to exactly one object in B) (4.37)

∑
i∈A

xij = 1 ∀j ∈ B (Each object in B is assigned to exactly one object in A) (4.38)
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Figure 4.7: The final fusion where the perception and localization are unified.

xij ∈ {0, 1} (4.39)

The SSP algorithm constructs a flow network with a source and a sink, and iteratively

finds the shortest augmenting paths from the source to the sink in the residual network.

By augmenting flow along these paths and updating the residual capacities, the algorithm

efficiently finds the optimal assignment. This process continues until no more augmenting

paths exist, ensuring that the total score is maximized or the total cost is minimized,

thereby providing an optimal solution to the association problem.
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4.3 Localization

For the localization process, this approach offers a significant advantage by utilizing the

already processed data from the perception module, thereby unifying the perception and

localization functions. In contrast, other methods in the literature often require an en-

tirely separate processing step, which demands substantial memory and CPU resources.

By leveraging the fused point cloud and camera lane detection data, subject of other studies

[94], which are already handled by the perception module, the current method efficiently

integrates localization as a byproduct. This integration not only reduces computational

overhead but also enhances the overall system performance by minimizing redundant pro-

cessing tasks. The overall structure of the localization method is outlined in this section.

As illustrated in Figure 4.7, the approach includes an optimal fusion of vehicle perception,

on-board sensors, and the HD map to achieve localization in the Frenet frame. In part

(A), the synchronized point cloud from radar and LiDAR is captured and fused to generate

a more accurate and comprehensive representation of the environment. This fused point

cloud enhances the scene’s detail and reliability, which is crucial for precise localization.

In part (B), the on-board sensors are employed to predict the motion of the autonomous

vehicle (AV) using the vehicle motion model. This step also constitutes the prediction

phase of the Extended Kalman Filter (EKF), providing essential predictive insights based

on the vehicle’s dynamics. In part (C), the fused point cloud is processed by the modified

KISS-ICP (Iterative Closest Point) algorithm [76] to provide odometry information. This

algorithm refines the vehicle’s position and orientation by matching the current point cloud

with the reference map. In part (D), lane detection outputs from the camera are utilized

to measure the vehicle’s lateral position. This information is critical for maintaining lane-

level accuracy and ensuring the vehicle stays within its designated path. Finally, in part

(E), all sources of information—fused point cloud data, vehicle motion predictions, and

lane detection outputs—are integrated using the EKF. This comprehensive fusion within

the EKF framework ensures robust and reliable localization by combining the strengths of

each data source, resulting in a unified and accurate localization solution.
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Figure 4.8: Bicycle model in Frenet frame

4.3.1 Accurate Motion Model

In this part, the motion model required to connect on-board sensor output to vehicle

states is developed. Various parameters are incorporated into the motion model for the

WATonoBus to accurately describe the vehicle’s navigation based on its inputs and outputs,

leveraging information from wheel encoders and steering sensors. The velocity of the center

of mass (v) represents the vehicle’s speed along its direction of travel, as measured by the

wheel encoders. The front and rear steering angles (δf and δr, respectively) are inputs

obtained from steering sensors, dictating the vehicle’s turning behavior, as shown in Figure

4.8. The motion model for the WATonoBus is written as [59],

β = tan−1

(
lr tan(δf ) + lf tan(δr)

lf + lr

)
(4.40)

ψ̇ =
(tan(δf )− tan(δr)) v cos(β)

lf + lr
(4.41)

ẋ = v cos(ψ + β) (4.42)

ẏ = v sin(ψ + β) (4.43)

where x, y, β, ψ, and ψ̇ are the 2D position of the vehicle, vehicle side slip angle, vehicle

yaw, and vehicle yaw rate, respectively. The distances between the front and rear axles to
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the centroid of the vehicle are lf and lr, respectively. Next, the kinematic bicycle model is

transferred from the Cartesian coordinate system to a moving Frenet reference frame [8].

The Frenet coordinate system defines the position using the signed curvilinear abscissa, s,

which is the length of the path from the origin of the curve to the point on the curve closest

to the center of mass of the vehicle, and the signed distance from the curve, d, which is

the lateral distance from the closest point on the curve to the vehicle. The Frenet system

is rotated about the tangent angle θ compared to the Cartesian coordinate system. Using

the above definition, the kinematic bicycle model is written in the Frenet frame as follows:

ṡ = v
cos(eψ + β)

1− dκ(s)
(4.44)

ḋ = v sin(eψ + β) (4.45)

ėψ = ψ̇ − κ(s)ṡ (4.46)

where eψ is the orientation error between the vehicle yaw, ψ, and the tangent angle

θ(s) of the Frenet frame compared to the Cartesian coordinate system.

4.3.2 Adjusted ICP Approach

The kiss-ICP [76] algorithm represents a significant advancement in the adjustment of

the ICP. By streamlining the ICP process, kiss-ICP not only simplifies the algorithm’s

implementation but also enhances its performance in terms of both efficiency and accuracy.

The method itself is an adjustment to the ICP method and is summarized in four steps:

motion prediction and de-skewing the point cloud, point cloud sub-sampling, generating

the local map and correspondence estimation, and finally aligning the new point cloud

frame with the generated local map through robust optimization. These steps have been

modified in this work. In the case of implementation on a vehicle, three challenges were

observed:

• The algorithm’s lateral estimation in the Frenet coordinate, d, is not as accurate as

its yaw, ψ, and s estimation. This inaccuracy could be attributed to the constant

65



velocity motion model considered in the original kiss-ICP, which fails to account for

eψ and its effect on ḋ in Eqs. (4.45) and (4.46). This issue has been addressed and

improved in this work through fusion with camera data.

• The method’s robustness can be enhanced by focusing on the static parts of the local

map. Achieving this using LiDAR features alone is challenging; however, employing

radar-LiDAR fusion allows the use of velocity features to create a more robust local

map.

• For outdoor LiDARs, the substantial size of the point clouds results in increased CPU

resource consumption. This issue can be mitigated by directly inputting the fused

point cloud into the algorithm, thereby modifying the second step in the original kiss-

ICP implementation. This adjustment serves as an improved alternative for smart

subsampling, making the representation focus on areas of the map with significant

features rather than uniformly decreasing the density.

These modifications and enhancements to the kiss-ICP algorithm significantly improve

its application in vehicle localization, addressing key challenges and optimizing perfor-

mance.

4.4 Final Fusion

The final fusion is implemented using EKF [74]. The profound benefits of frenet frame

in control and tracking of the AVs, pushes the development of the localization algorithm

in the frenet frame as well. The modified version of the kiss-ICP provides an observation

on vehicle states in frenet frame as ζc = [s, ψ, eψ]. The d measurement from the modified

kiss-ICP is far less accurate than the direct measurement from camera, ζl = [d], thus the

final measurement states are ζ = [ζc, ζl, δf , δr, v]. Based on the motion model which is

discretized using Euler method, the frenet related states are expressed in ν = [s, d, ψ, eψ]

and the input from the vehicle are u = [δf , δr, v], that makes the final prediction states

to be µ̄ = [ν, ν̇, u] which is the joint representation of both states and input, making the
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reordered equations as,

ν̇ = g(ν, ν̇, u) (4.47)

then the jacobian F would be,

F =

 1 dt 0

∂g/∂ν ∂g/∂ν̇ ∂g/∂u

0 0 1

 , (4.48)

∂g

∂νt
=


(∂κ/∂s)γ2vdcα κ(s)γ2vdcα 0 −γvsα

0 0 0 vcα

0 0 0 0

(−∂κ/∂s)ṡ 0 0 0

 , (4.49)

∂g

∂ν̇t
=


0 0 0 0

0 0 0 0

0 0 0 0

−κ(s) 0 1 0

 , (4.50)

∂g

∂ut
=


(−∂β/∂δf ).vsαγ (−∂β/∂δr).vsαγ cαγ

(−∂β/∂δf ).vcα (−∂β/∂δr).vcα sα

−∂ψ̇/∂δf −∂ψ̇/∂δr −∂ψ̇/∂v
0 0 0

 , (4.51)

in which,

γ =
1

1− κ(s)d
, (4.52)

α = eψ + β, (4.53)

the partial derivatives in Eq. (4.51) are,

∂ψ̇

∂δf
= (1 + tan2(δf ))

v cos(β)

lf + lr

− tan(δf )− tan(δr)

lf + lr
· ∂β
∂δf

v sin(β),

(4.54)
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∂ψ̇

∂δr
= −(1 + tan2(δr))

v cos(β)

lf + lr

− tan(δf )− tan(δr)

lf + lr
· ∂β
∂δr

v sin(β),

(4.55)

∂ψ̇

∂v
=

(tan(δf )− tan(δr)) cos(β)

lf + lr
, (4.56)

∂ψ̇

∂v
=

(tan(δf )− tan(δr))

lf + lr
. cos(β), (4.57)

∂β

∂δf,r
=

lr,f

1 + X2 .
(1 + tan2(δf,r))

lr + lf
, (4.58)

X =
lf tan(δr) + lr tan(δf )

lr + lf
. (4.59)

The state ν is observable as s and ψ come from modified Kiss-ICP, d comes from lane

detection, and eψ comes as,

eψ = ψ − θ(s), (4.60)

where the ψ and s are from the previous estimate from EKF, and θ(s) comes from

frenet frame. The input state u is also measured by the sensors placed on the vehicle,

δf,r comes from the steering sensor, and v comes from the wheel encoders. Making the H

matrix as,

H =

[
1 0 0

0 0 1

]
. (4.61)

where plugging the formed matrices in the Algorithm 3, make the observation of the

motion states possible. Therefore, localizing the vehicle in the frenet coordinate.
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4.5 Summary

In this chapter, it was demonstrated how to effectively process LiDAR data by using the HD

map for ROI extraction of LiDAR points, resulting in a more efficient representation of the

environment. The subsequent adaptive ground removal technique was shown to effectively

eliminate ground points, and adaptive clustering was introduced to overcome noise from

snow and rain in the LiDAR point cloud. The fusion of radar points with the LiDAR point

cloud was then described, producing a point cloud with RCS and velocity attributes. This

fused point cloud was further combined with camera detections from YOLO v8 through

a cost-based novel frustum approach. The final objects were tracked across frames using

a novel association algorithm that employs radar and semantic features. The perception

results were utilized in the localization module as well, leveraging the motion model and

wheel encoders. The EKF was implemented in the Frenet coordinate, leading to a robust

unified perception-localization module. In the next chapter, the results of this approach

will be presented.
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Chapter 5

Experiments and Results

In this chapter, the experimental platform, WATonoBus [5], features, and the experiments

are presented. Following this, the results of the unified perception-localization module are

detailed and discussed. The results begin by showing the effects of HD map fusion on

both the radar point cloud and object detection accuracy, then expands to the perception

reliability and effectiveness. Some of the edge cases for the perception module are presented

and studied, and subsequently, the accuracy of the localization component of the algorithm

is demonstrated through a detailed comparison between the estimated location in frenet

coordinate, and the ground truth measured by GPS.

5.1 Experiments

For the empirical validation of the proposed methodology, a series of data collection ses-

sions were conducted using the WATonoBus, as depicted in Figure 5.1. This autonomous

shuttle, built at the Mechatronics Vehicle Systems (MVS) laboratory at the University of

Waterloo, served as the testbed for various experiments. The sessions took place during

late winter and early spring, capturing a wide range of environmental scenarios including

rain, snowfall, and clear skies. This comprehensive dataset allows for a robust evaluation

of this study across different weather conditions. Unlike methodologies that require ex-

tensive datasets, the perception-localization module is efficient with its data requirements.
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Figure 5.1: Illustration of WATonoBus sensor suite, compute system, control interface, and

visualization utilities.

The data collection sessions gathered a total of three hours of multi-modal sensor data,

which, despite being relatively limited in duration, is sufficiently diverse to demonstrate

the robustness of our algorithms.

The sensor suite used for data collection includes 1 LiDAR sensor, 2 radar units, and

3 cameras, as detailed in Table 5.1. These sensors were carefully positioned to capture

the frontal view of the vehicle traveling at speeds up to 20 kph. While the WATonoBus

is equipped with a more elaborate array of sensors, including 6 cameras capturing RGB

images at 10 FPS with a resolution of 1920x1200 pixels using JPEG compression [77],

the focus for this data collection was on the front view. The two radars installed on the
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Table 5.1: Sensor specifications and details.

Sensor Details

3x Camera RGB, 10Hz capture frequency, 1/1.8”

CMOS sensor, 1920 × 1200 resolution,

auto exposure, JPEG compressed.

1x Lidar Spinning, 32 beams, 10Hz capture fre-

quency, 360◦ horizontal FOV, -30◦ to

10◦ vertical FOV, ≤ 70m range, ±2cm
accuracy, up to 60K points per second.

2x Radar ≤ 250m range, 77GHz, FMCW, 13Hz

capture frequency, ±0.1km\ h vel. ac-

curacy.

GPS & IMU GPS, IMU, AHRS. 0.2◦ heading, 0.1◦

roll/pitch, 20mm RTK positioning,

50Hz update rate.

vehicle operate at a frequency of 77 GHz, providing a range of 250 meters and a capturing

frequency of 13 Hz. The LiDAR sensor, with its 32 beams and a capture frequency of

10 Hz, generates 60 thousands points per scan. Since the LiDAR is mechanical and the

vehicle is moving, the scans are compensated based on the vehicle velocity.

The vehicle’s processing unit, a Jetson AGX ORIN with 64 GB of memory, runs a spe-

cialized version of the Linux kernel provided by NVidia to meet real-time operating system

standards. A middleware, Robot Operating System (ROS), is employed to facilitate soft

synchronization and real-time standardized communication between the various processing

nodes. The accuracy of the ground truth for validating the localization is ensured by a

GPS-IMU unit, providing updates at a rate of 50 Hz with an accuracy of 20 millimeters in

position, 0.2 degrees in heading, and 0.1 degrees in pitch and roll.

For operational safety and monitoring, the WATonoBus is equipped with two indoor

monitors, one for the passengers, one for the driver, and a steering wheel for the safety

operator. Additionally, an emergency stop mechanism is in place to lock the wheels in

the event of a critical safety situation. All vehicle operations, from door control and

blinkers to autonomous driving, are managed by the autonomous software developed by

the Mechatronics Vehicle Systems laboratory. The environment of the experiment is the
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ring-road of the University of Waterloo campus. This comprehensive setup ensures that

the WATonoBus can safely navigate various environments while providing reliable data for

validating the perception and localization algorithms.

5.2 Dataset

The dataset contains 2 loops of normal sunny weather, 2 loops of heavy snow, 1 loop of

light snow, and 1 loop of heavy raining. Using the customized annotator developed by

the MVS, the ground truth of the dataset contains the object classes, positions, and 3D

bounding boxes, and the ground truth drivable space. The annotation process considers

various classes, notably: Vehicles (inclusive of cars, trucks, and buses), Pedestrians, and

Irrelevant detections, e.g., metal poles, light posts, trash cans, false alarms, ground points,

curb points, etc.

For the sake of radar, the annotator also categorizes the irrelevant detections into two

classes, first, the metal objects, e.g., poles, and trash cans, and second, false alarms; this is

to facilitate the data-driven classification, as the radar features for these objects are quite

diverse, e.g., the σRCS for the metal objects is 20 dbm2 and for the false alarms is -5.5

dbm2. In this study, these two categories are denoted as Noise I, and Noise II, respectively.

5.3 Results and Discussion

In this section, both the qualitative and quantitative results of the unified perception-

localization is presented and discussed. The results are broken down into three stages; the

radar cleansing results through its fusing with HD map, the radar-LiDAR-camera fusion

with HD map as object detection module, the tracking results, the localization results, and

finally the whole module running runtime, memory and CPU-GPU usage.
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Figure 5.2: The features used for this study are mostly built with the RCS features of the cluster. To

prove that the method stays consistent in performance across different weathers, aside from the metric

results, the consistency in the distributions of these features is shown.
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Figure 5.3: The geometrical features that emphasizes on the point density of the radar point cloud. As

shown in the figure, this also shows consistency across the weathers.
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Table 5.2: Random Forest without HD map features evaluation

Metric / Class Ped. Veh. Noise I Noise II Avg

Precision 0.83 0.88 0.50 0.92 0.78

Recall 0.89 0.93 0.11 0.71 0.66

F1 Score 0.86 0.91 0.18 0.80 0.69

mAP 0.78

5.3.1 Improvements of Radar Precision with HD map Fusion

The primary reason for the inclusion of radar including all its challenges, is its persever-

ance through all weather conditions. For starters, the features, Eq. (3.22), collected from

the dataset, must show consistency accross different weathers. Therefore, the compari-

son is carried out by comparing the feature distribution in different weather conditions.

Looking back into the Eq. 3.22, all of the features are built with RCS and cluster geomet-

rical features, therefore, Figure 5.2, 5.3 compare the distribution of them under different

conditions for different classes. The agreement between distributions suggests that the se-

lected features are invariant to weather conditions. Such stability is crucial for real-world

deployment, as it ensures consistent performance irrespective of weather changes.

The data collected may not show consistent frequency across different classes. For

instance, in the campus ringroad, the majority of the objects are either cars, buses, or

pedestrians. Seldom there are bicycles or poles and trash cans. To address this issue in

the process of training the radar classifier, the SMOTE method [12] is employed to even

out the distribution in the training.

To highlight the importance of HD map fusion used in this study, and its effect in the

classifier accuracy, the results are presented under three different conditions. In Table 5.2,

Random Forest classifier without HD map related features, e.g., px in Eq. (3.3), pl in Eq.

(3.13) that is the results of training π(c|χCj
). In Table 5.3 Random Forest with HD map

related features π(c|χ′
Cj
), where χ′

Cj
= [χCj

, plj, δRj, δLj], is presented. Finally, in Table

5.4 Random Forest with both the HD map related features and π(c|d̄j) likelihoods in the

Eq. (3.26) is delivered. Delving into the results, in the absence of HD map features, the
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Table 5.3: Random Forest with HD map features evaluation

Metric / Class Ped. Veh. Noise I Noise II Avg

Precision 0.94 0.95 0.86 0.89 0.91

Recall 0.93 0.93 0.67 1.00 0.88

F1 Score 0.93 0.94 0.75 0.94 0.89

mAP 0.90

Table 5.4: Random Forest with HD map features and likelihoods evaluation

Metric / Class Ped. Veh. Noise I Noise II Avg

Precision 0.93 0.94 0.95 0.93 0.94

Recall 0.92 0.88 0.95 0.99 0.94

F1 Score 0.93 0.91 0.95 0.96 0.93

mAP 0.94

classifier comes to a significant challenge: it frequently misclassified Noise I for vehicles

as both of them have similar RCS values. However, it was notably rectified upon the

integration of HD map features. A deeper dive into this correction revealed the crucial

role of the HD map: most of the misclassified metal objects were located either on the

centerline or the sidewalks. Given these specific locations, the probability of encountering

a vehicle is intrinsically low, a fact that the HD map data has captured. Furthermore, the

results underscore the potential of radars when integrated with HD map information in

known environments.

The following is an example of where the HD map features and likelihood improves

the classification precision; there is a vehicle on the road with the following features as

mentioned in Eq. (3.22),

χC0 = [0.31,−3.41, 6,−10, 0, 0.01, 0.42, 31.51, 0.0,
0.0, 0.0077, 0.72, 0.21, 0.1, 0.31, 0.05]

pl0 = 0, d̄0 = 1.92

(5.1)
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where for this random forest output is,

π(Pedestrian|χC0) = 0.46, π(Vehicle|χC0) = 0.13

π(Noise I|χC0) = 0.17, π(Noise II|χC0) = 0.23,
(5.2)

which misclassified the Vehicle class with Pedestrian. Adding pl, and px from Eq. (3.13)

and replacing χ with χ′,

χ′
C0

= [χC0 , pl0, δR0, δL0]

π(Pedestrian|χ′
C0
) = 0.3, π(Vehicle|χ′

C0
) = 0.24

π(Noise I|χ′
C0
) = 0.27, π(Noise II|χ′

C0
) = 0.18.

(5.3)

where the classifier makes a mistake again, however, the difference in the probabilities is

quite smaller. In this challenging case, knowing that the object of question is located in

1.92 m right side of the centerline adds extra information for the classifier; at this location

the value for π(c|d) for each class is,

π(Pedestrian|d0 = 1.92) = 0.5, π(Vehicle|d0 = 1.92) = 0.98

π(Noise I|d0 = 1.92) = 0.00, π(Noise II|d0 = 1.92) = 0.00,
(5.4)

referring to Eq. (3.26) with d = 1.92,

π(Pedestrian| χ′
C0
, d0) = 0.15, π(Vehicle| χ′

C0
, d0) = 0.23

π(Noise I| χ′
C0
, d0) = 0.00027, π(Noise II| χ′

C0
, d0) = 0.000.

(5.5)

In this example, HD map fusion plays a crucial role in accurately classifying the object

under consideration. It highlights how leveraging environmental familiarity enriches the

feature space for the classifier, while also optimizing memory usage and relying solely

on CPU operations instead of resource-intensive GPUs. This approach demonstrates a

significant advantage trended deep learning methods that rely solely on large networks.

However, it’s important to note that this study does not discredit the effectiveness of deep

learning, though, it brings in an another perspective that in the case of operation in a

known environment, an stochastic approach is more efficient. It is shown in Table 5.2,

classic machine learning methods using only radar features have limitations. However, the

focus is on the introduction of HD maps into radar features and the fact that it alone
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improves results by 12 %, and incorporating the likelihoods of occurrences further boosts

performance by 16 %. This underscores the effectiveness of HD maps when integrated

into existing radar-based classification systems, showcasing substantial improvements in

accuracy and reliability. These advancements are critical for enhancing object classification

in dynamic environments, where precise understanding and prediction are paramount.

The last aspect of methodology is its operational efficiency in terms of computational

resources and being real-time. Many methods in the literature, rely heavily on a large

computing resource to make use of the radar, this study accomplishes reliable navigation

using solely CPU resources. This optimization is particularly noteworthy in the context

of WATonoBus [5] successfully navigating through challenging weather conditions. The

absence of GPU dependency not only reduces the costs but also minimizes power con-

sumption, an essential consideration for electric vehicles, making this method suitable for

automotive-grade radar systems.

After the classification in the radar point cloud, all type II Noise, false alarms, is

removed from the radar point cloud. The resulting point cloud, and the cluster information

such as its class and the probability is passed to the next layer, which is the radar-LiDAR-

camera-HD map fusion.

5.3.2 Perception Results and Comparative Study

The qualitative results, Figure 5.4, showcased in the images highlight the robust perfor-

mance of the perception module under challenging weather conditions, particularly heavy

snowfall. This capability is crucial for ensuring the safety and reliability of autonomous

vehicles in all types of weather. It is demonstrated that even in adverse conditions, the

system is able to detect and classify various objects, including pedestrians and unknown

entities. In the provided visualizations, the perception module’s ability to maintain situ-

ational awareness despite the occlusions and noise introduced by heavy snow is observed.

The top-down view presents multiple layers of detection data. The radar and LiDAR data,

indicated by the concentric circles and scattered green points that are the noise introduced

by the snow respectively, show that the system is capable of penetrating through the snow,

providing accurate distance and position measurements of objects around the vehicle.
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Figure 5.4: The qualitative results of the perception module. In the above, two consecutive frames are

shown, and its below, there are the camera frames from front, right, and left side cameras. The purple

line is the footprint of each object from tracking, and the green vector is the scale of the velocity. the red

points are the objects detected by the perception module.
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Figure 5.5: Geese detection as an example of irregular small object detection. Though the

YOLO was not trained on Geese class, the module detected them, and the bus stopped for

them. [5].
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The images from different camera angles (left, center, right) further reinforce the mod-

ule’s robustness. Despite the reduced visibility due to the snow-covered lenses, the sys-

tem successfully identifies and tracks objects, such as pedestrians, which are marked with

bounding boxes and labels. This multi-modal approach, combining radar, LiDAR, and

camera data, significantly enhances the system’s resilience to weather-induced visual degra-

dation.

One notable aspect of the perception module is the ability to classify objects with a

degree of uncertainty, labeling some as ”unknown.” This cautious approach is beneficial

in ambiguous scenarios where an object cannot be definitively identified. By doing so,

appropriate measures can be taken to ensure safety, such as slowing down or stopping,

until the object is cleared off the road. The integration of radar and LiDAR data plays a

pivotal role in maintaining the reliability of object detection and tracking. Radar waves,

unaffected by snow, provide consistent detection of objects, especially moving ones like

pedestrians and vehicles. LiDAR, on the other hand, offers high-resolution 3D spatial data,

which is crucial for accurate detection. The fusion of these sensor modalities compensates

for the limitations of each, creating a comprehensive perception system. Moreover, it is

shown that the system can handle dynamic environments. The accurate tracking of moving

pedestrians, even in harsh conditions, indicates the robustness of the tracking algorithm.

The long purple line that shows the footprint of the objects, emphasizing on the consistency

of the detection and tracking algorithms. This capability is essential for real-time decision-

making and navigation in complex urban settings, where the presence of vulnerable road

users and other vehicles is common.

The perception module’s performance in heavy snow conditions also underscores the

effectiveness of the underlying algorithms and data processing techniques. Advanced fil-

tering methods, sensor fusion algorithms, and machine learning models contribute to the

system’s ability to filter out noise and extract meaningful information from the raw sensor

data. This ensures that the detections are reliable and actionable, enhancing the overall

safety of the autonomous vehicle. The qualitative results demonstrate the remarkable ca-

pabilities of the perception module in detecting and tracking objects under severe weather

conditions. The integration of radar, LiDAR, and camera data, along with advanced pro-

cessing algorithms, enables the system to maintain high levels of accuracy and reliability.
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This robustness is critical for the deployment of autonomous vehicles in real-world sce-

narios, ensuring safety and operational efficiency across a wide range of environmental

conditions. The ability to detect and classify objects in heavy snow not only highlights

the system’s technical sophistication but also its readiness for practical applications in

autonomous driving.

Another interesting edge case is the Figure 5.5 where it exemplifies the capability of

the perception module to detect irregular small objects, such as geese, which were not part

of the YOLO model’s original training classes. In this instance, geese are detected as ”un-

known” objects by the module. Despite this, the perception system effectively identifies

the geese’s presence and appropriately classifies them as objects requiring attention. The

module’s successful detection of these small, irregularly-shaped objects highlights its adapt-

ability and precision. The WATonoBus [5], recognizing the geese on its path, stopped to

avoid a potential collision, demonstrating the system’s ability to ensure safety and handle

unexpected scenarios in real-world environments. This detection and response showcase

the robustness of the perception system, capable of managing unforeseen obstacles and

prioritizing safety even in complex urban settings.

Figure. 5.6 presents a screenshot of the ego vehicle as it approaches an intersection

during heavy weather conditions. The pre-trained neural networks failed to detect the

pedestrian in front of the ego vehicle. This failure was due to the dense noise points

surrounding the pedestrian, which disrupted the detection patterns learned from datasets

collected under good weather conditions. In contrast, the proposed method effectively

distinguishes between noise and obstacle points. It successfully detects pedestrians and

generates the drivable space, thereby enabling the bus to safely stop for pedestrians crossing

in front. Returning to the Figure. 5.6. The pre-trained neural networks failed to detect

the pedestrian in front of the ego vehicle due to that the dense noise points around the

pedestrian may influence the learned detection pattern of the neural networks trained in

good weather condition dataset. In contrast, the proposed method correctly distinguish

the obstacle points from the noise points, and successfully detect the pedestrian, preventing

a severe tragic event to happen.

To facilitate a more detailed analysis, the evaluation metrics were applied separately

across various weather conditions. This approach ensures that the performance of the
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Figure 5.6: Detection performance in heavy snow conditions.
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perception module can be accurately assessed under different environmental scenarios. As

mentioned in Chapter 1, the primary motivation behind the development of the perception

module is its reliability and high precision in object detection. The operational experience

gained at MVS and during the operation of the WATonoBus highlighted that most emer-

gency stops were triggered by either missed objects due to adverse weather conditions in

Waterloo or by objects that were too small to be detected, such as geese, traffic cones,

or similar items. This critical observation prompted the evolution of two essential perfor-

mance metrics: Miss Rate (MR) and False Alarm Rate (FAR). These metrics are formally

defined as follows:

MR =
FN

FN + TP
= 1−Recall (5.6)

FAR =
FP

TP + FP
= 1−Precision (5.7)

For a comprehensive comparative study, the performance of the proposed adaptive

ground removal and adaptive DBSCAN clustering methods was benchmarked against sev-

eral state-of-the-art methods, including CenterPoint [87], PointPillars [37], and SSN [95].

Our extensive experimental results demonstrate a significant enhancement in both miss

rate (MR) and false alarm rate (FAR), as shown in Figure. 5.7 and summarized in Table.

5.5. The data clearly shows the superiority of our methods in improving object detection

accuracy and reliability.

In the particularly challenging conditions of heavy snow and light snow, which are

known to pose significant difficulties for perception systems, the proposed method achieved

an impressively low MR of 0.97% and 0.56%, respectively, at a FAR of 1.24% and 0.76%.

This performance is substantially better than that of the next best-performing method,

CenterPoint (CP), which, at a FAR of 5%, exhibited MRs of 28.85% and 20.73%, respec-

tively. These results are a strong indication of the superior capability of our method under

adverse weather conditions, highlighting its robustness and reliability.

Moreover, the implementation of the adaptive ground removal technique plays a crucial

role in enhancing the system’s ability to accurately differentiate between relevant objects

and irrelevant ground elements, thereby reducing the number of missed detections. Simi-

larly, the adaptive DBSCAN clustering method improves the precision of object classifica-

tion, further contributing to the reduction of false alarms. These advancements collectively
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underscore the effectiveness of our approach in tackling the inherent challenges associated

with autonomous vehicle perception systems, particularly in dynamic and unpredictable

environments.

Table 5.5: Detection Evaluation

Test Case HeavySnow LightSnow Sunny TrafficCone

CP 28.85 20.73 8.63 87.98

PP 37.18 13.55 38.78 88.54FAR5%

SSN 49.17 38.37 15.56 95.36

CP 18.89 11.54 7.18 35.42

PP 30.34 11.03 9.69 70.78

MR

FAR20%

SSN 42.89 21.02 8.03 82.85

MR Our Method 0.97 0.56 0.37 3.57

FAR Our Method 1.24 0.76 0 0

In sunny conditions, our approach achieved an MR of 0.37% with zero false alarms,

thereby highlighting the remarkable accuracy of the proposed ground removal method

in segmenting almost all obstacle points correctly. In contrast, deep-learning methods

encountered false alarms, often caused by inaccurate orientation estimation for objects

such as cars, and missed detections, primarily due to the sparsity of points for distant

objects. The geese detection cases, e.g. Figure 5.5, was particularly challenging due to

irregular shape and class, where it lead to elevated MRs. The proposed method exhibited an

MR of 3.57% without any false alarms, demonstrating adeptness in managing varying point

density issues for the same objects at different distances. Deep-learning methods performed

poorly in this scenario, attributed mainly to the point sparsity, especially concerning the

geese. The proposed method demonstrated consistent superiority across various weather

conditions.
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Figure 5.7: Detection performance comparison under various setups.
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5.3.3 Localization Results and Comparative Study

To test the localization module, the WATonoBus [5] was driven with the localization system

in the loop around the campus ring road. During the ride, the perception module actively

processed the environment. Since the localization is a byproduct of the perception module,

integrating it into the processing software did not introduce any significant load. The design

considerations within the algorithm rendered this additional processing minimal. GPS

data [5], was collected under optimal atmospheric conditions, specifically clear and sunny

weather. This GPS data is designated as the ground truth due to its renowned precision

in favorable conditions, serving as the reliable benchmark for assessing the performance of

the localization system.

To assess the precision of the localization system, two principal benchmark evaluation

metrics were selected. Firstly, the Mean Absolute Error (MAE),

MAE =
1

n

n∑
i=1

|yi − ŷi|, (5.8)

and secondly, the Root Mean Squared Error (RMSE),

RMSE =

√
1

n

∑
i = 1n(yi − ŷi)2. (5.9)

The MAE was chosen because it provides a straightforward measure of the average

magnitude of the errors in the localization system, offering an easily interpretable met-

ric that indicates the average distance between the predicted and actual values. This is

particularly useful for understanding the typical performance of the system in practical

terms.

The RMSE was selected as it gives more weight to larger errors due to the squaring

of the differences before averaging. This property makes RMSE a more sensitive metric

to outliers, thus providing a complementary perspective on the system’s performance. By

emphasizing larger discrepancies, RMSE helps in identifying cases where the localization

system may significantly deviate from the ground truth, which is crucial for ensuring the

reliability of the system in critical scenarios.
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Table 5.6: RMSE and MAE calculated for our localization (EKF) and Kiss-ICP

Measure State EKF KISS-ICP

RMSE

s 0.5267 1.2694

ψ 1.8017× 10−5 7.2291× 10−6

d 0.0502 1.0129

MAE

s 0.5967 0.9443

ψ 0.0036 0.0024

d 0.1661 0.7913

Together, these two criteria provide a comprehensive evaluation of the localization

method’s accuracy, balancing the need to understand both average performance and the

impact of larger errors.

To test the approach, one of the most challenging sections of the campus ring-road,

characterized by the maximum amount of κ(s), was selected. The characteristics of the

WATonoBus simplified the equations mentioned in Section 4.3.1. The double steering

system of the WATonoBus enforces δf = −δr, and with the centroid approximately in the

middle of the bus, lf ≈ lr, making β ≈ 0.

Another enforced simplification stems from the road itself. For instance, in Figure 5.12

(j), it is evident that ∂κ/∂s is depicted on a significantly small scale. This is because

a substantial increase in ∂κ/∂s would render roads impassable for vehicles. Hence, it is

reasonable to approximate ∂κ/∂s as zero. By doing so, the effects of curvature changes

along the road become negligible, allowing the model to avoid introducing nonlinearities

into the system. This simplification is crucial as it ensures that the equations remain

linear, thereby making the computational process more efficient and the system’s behavior

more predictable. This linear approximation is not only practical but also aligns with the

physical constraints of typical road designs, further validating its application in real-world

scenarios.

The results depicted in Figures 5.8, 5.9, 5.10, and 5.11 demonstrate the efficacy of the

approach in estimating both ν and ν̇. Additionally, these figures illustrate the improve-

ments achieved through the modified kiss-ICP by integrating additional sensors available
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Figure 5.8: Vehicle Frenet coordinate estimate

90



Figure 5.9: Vehicle yaw and yaw rate
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Figure 5.10: Vehicle estimated velocity and arc length rate
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Figure 5.11: Vehicle lateral rates
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Figure 5.12: Vehicle lateral, curvature, and their rate
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on the AV, including encoders, steering encoders, camera, LiDAR, and radar, as presented

in Table 5.6. The integration of all available sensors is essential for enhancing the reliabil-

ity of the approach, as individual sensors may fail under certain conditions. For instance,

while the fusion of radar and LiDAR aids in robustly representing the 3D environment by

reducing noise from rain and snow, challenges may still arise in environments with limited

features, leading to inaccuracies in the ICP algorithm. Similarly, incorporating a camera

for lane detection may encounter difficulties, such as failing to detect the centerline, as

indicated by the spikes in Figure 5.8 (b) due to impaired vision. Including the vehicle

motion model can help mitigate such situations.

Based on the findings depicted in Figure 5.8, 5.9, it appears that estimating the arc

length s, yaw angle ψ, and their derivatives poses fewer challenges compared to determining

the lateral position d. While the kiss-ICP method exhibits acceptable MAE and RMSE

on its own, it encounters difficulties in accurately estimating the lateral position d, which

is crucial for maneuvers such as lane changes or pulling over. However, incorporating

camera-based lane detection and the motion model significantly enhances this estimation.

A noteworthy improvement in resource utilization is evident in this approach compared

to kiss-ICP. The streamlined and effective new representation of the point cloud achieved

through radar-LiDAR fusion has led to a reduction in CPU usage during the implemen-

tation of the kiss-ICP algorithm. Specifically, while the CPU usage for kiss-ICP on the

LiDAR point cloud was measured at 3 cores of a 2.4 GHz Intel Core i7, the modified ver-

sion only required 0.3 of 1 core for the same model. This efficiency gain is attributed to

the utilization of the fused point cloud, which offers a more efficient representation of the

environment compared to the dense LiDAR point cloud.

One potential critique of this methodology may center on the extensive sensory input

it requires. However, it is crucial to acknowledge that the sensors utilized are standard

equipment essential for the operation of an AV. For instance, an AV comes equipped with

steering sensors and wheel encoders to facilitate the controller module, along with radar,

LiDAR, and cameras for perception purposes. The substantial merit of this approach lies

in the strategic utilization of these pre-existing modules, already integral to various AV

tasks, to achieve robust localization capabilities. This integration not only optimizes the

utilization of available resources but also enhances the overall efficiency and effectiveness
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Figure 5.13: Application of the unified Perception-Localization Module in the Human Follower Software

of the vehicle’s navigation system.

5.3.4 Unified Localization and Perception Computational Per-

formance

The unified module of perception-localization is implemented in the C++ language known

for its optimized performance. The compiler for the code is GNU C++ v9.1.0. The

optimization flag is O2, and the nodes are interconnected using Robotic Operating System,

ROS, as the middle ware. The nodes run in a cluster configured in an XML file, known as

ROS launch file. On the CPU and RAM, the unified module takes 352-410 MB memory

and total of 4.3 cores of ARM 2.4 GHz. On the GPU side, the VRAM used is 3.2 GB and

1232 CUDA cores. The runtime for the unified module is 66 ms which is far in margin

with real-time standards.
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Figure 5.14: The cost-map results from a rainy day on the campus. As it can be seen the vision is

completely disturbed, shown on the right, but the radar managed to create a reliable cost-map, shown on

the left. The images in the middle are for the radar point cloud put on top of the LiDAR point cloud;

the LiDAR points are used here to help visualization of the scene. The black dots are false alarms and

clutters. The pink points are the detected objects that here are pedestrians, and metal guard rail by the

road, they are better shown by the orange circles.

97



Figure 5.15: The schematics for the Red-VS-Blue approach, in which the tracking and prediction are

utilized to classify the actors to those who come into interaction with the vehicle and those who doesn’t.

5.4 Applications

The unified perception-localization algorithm enabled multiple applications in the areas of

decision making, lane keeping, and human following. Some of the highlighted applications

are:

• Cost-Map Creation from Radar-HD map results : The radar detections enabled a ro-

bust cost-map presented in Figure 5.15. Moreover, the cost-map also served as a

smoothing layer, as it mitigates the flickering effects inherent in radar detections.

The cost-map introduces a layer of continuity and establishes a safety zone, contrast-

ing with the discrete, probability-based clusters. This distinction is crucial, as the

discrete nature of radar detections and the integration of probabilistic information

pose substantial challenges for path planning and control algorithms, which typically

do not process such inputs. In response to this challenge, the cost-map depicted in

Figure 5.15 facilitates a seamless transformation of information for the planning and

control systems.

• Game-theory Motion Planning with Perception Uncertainty and Right-of-Way Con-
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straints : Enabling a Game-theoric motion planning approach through utilizing the

uncertainty developed from the perception-localization EKF tracking module. The

distribution updates from the EKF is plugged into the Bayesian equilibrium aspect

of the framework incorporates probabilistic beliefs and updates them based on sen-

sor measurements, allowing the AV to make informed decisions in the presence of

uncertainty in sensory system.

• Game-theory in Practice: Application to Motion Planning and Decision Making in

an Autonomous Shuttle Bus : Enabling the motion planning through a Game-theory

approach, through providing the velocity and the acceleration of other actors. The

velocity and the acceleration of the other actors enables a naive prediction soley

based on the motion states, that improves the motion planning algorithm safety.

• Eyes On The Red, Watch For The Blue; An Stochastic Approach To Predict And

Classify Traffic Participants : Enabling an infrastructure-augmented algorithm for

predicting traffic participant behavior. The algorithm not only produces predic-

tion results but also identifies critical traffic participants that require the attention

of autonomous vehicles. Using the velocity and the acceleration of other actors,

the perception-localization module reduces the number of entities to be considered

through a red-blue classification approach. The actors that are likely to interact with

the vehicle are called red, while those that are less likely to interact are called blue.

• Adaptive Cruising For WATonoBus : The accurate velocity estimation from the

model, enable the WATonoBus for an adaptive lane keeping module. While keeping

the lane, it is possible for other objects to be in the same lane as the bus. To enable

an adaptive cruising application, knowing the velocity of the leading vehicle, helped

the WATonoBus in keeping a safe distance from the front vehicle, while keeping the

lane.

• Predictive Human Following : The accurate object detection and tracking, enabled

the development of a human following module. In this module, the detected human

position and its velocity, helps the vehicle to follow the human, while maintaining

a safe distance. Furthermore, knowing the velocity and acceleration of the human,
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the module is able to predict the future trajectory and therefore, enabling an agile

following module.
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Chapter 6

Conclusion

6.1 Conclusion

In this study, a novel unified perception-localization method was presented. Initially the

radar point cloud was improved with the HD map fusion, and the significant effect of HD

map fusion was demonstrated through an ablation study. Subsequently, the challenges

related to irregularly shaped objects were addressed by employing HD maps and adap-

tive ground removal in the LiDAR point cloud. Additionally, radar-LiDAR fusion and

the adaptive DBSCAN approach effectively mitigated noise introduced by snow and rain

in inclement weather. The overall perception module exhibited robust performance, as

evidenced by qualitative results showing the vehicle operation in heavy snow and a com-

parative study highlighting the module’s performance with respect to the state-of-the-art

solutions.

The processed perception module output was then utilized to formulate a novel local-

ization algorithm, which outperformed state-of-the-art methods such as Kiss-ICP by inte-

grating data from vehicle wheel sensors. A comprehensive study revealed that the unified

perception-localization algorithm is both effective and efficient in resource consumption,

optimally utilizing all common sensors on an autonomous vehicle.
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6.2 Future Work

The following future works are suggested as extensions for this study:

• Enhanced Clustering for Radar Point Clouds: The current clustering approach con-

siders only scaled velocity and Cartesian positions. However, points belonging to

the same object typically exhibit consistent Radar Cross Section (RCS) values. The

range of RCS values differs from Cartesian coordinates and velocity, necessitating a

more detailed study. This can be achieved through an adaptive search radius for the

DBSCAN algorithm, tailored specifically for radar data.

• Advanced Statistical Fusion: The statistical fusion between radar point clouds and

HD maps could be enhanced by incorporating arc length as an additional feature.

Combining arc length with lateral distance can generate a heat map for different

classes of objects, enabling more sophisticated fusion techniques such as convolutional

neural networks.

• Utilizing RCS for Orientation and Velocity Estimation: Observations from this study

indicate that RCS values vary with object orientation relative to the radar. This

feature can be leveraged for improved orientation and velocity estimation. Creating

a heatmap of RCS values and employing the association algorithm used in this study

can produce a richer feature set for a fully convolutional network to estimate object

orientation.

• Radar-Specific Map Creation for Localization: The localization algorithm’s computa-

tion and accuracy can be significantly enhanced with the creation of a radar-specific

map. This map could capture RCS values as indicators of radar reflectors in the

environment, providing unique signatures to address the kidnapping problem in lo-

calization.

• Integrated Calibration of Radar, Camera, and LiDAR: The calibration process for

radar, camera, and LiDAR can be streamlined using a specialized checkerboard with

corner reflectors. The checkerboard’s plane and pattern can be used for LiDAR
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and camera calibration, while corner reflectors at the board’s corners can be utilized

for radar calibration. Plane estimation can then be formulated as an optimization

problem to determine the calibration parameters.
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Appendix A

Technical Concerns Regarding Radar

A.1 Automotive Radars

Automotive radars have become a critical component in the development of advanced

driver-assistance systems (ADAS) and autonomous vehicles. These radars play a vital

role in enhancing vehicle safety, improving navigation, and enabling various autonomous

functionalities. This section provides an overview of automotive radars, their operating

principles, applications, and future prospects.

Automotive radars operate by transmitting radio waves and analyzing the reflections

from objects in the environment. The basic principle involves emitting a signal that bounces

off targets and returns to the radar sensor. The time delay between transmission and

reception, along with the frequency shift (Doppler effect), allows the radar to determine the

distance, velocity, and angle of objects. This information is crucial for real-time decision-

making and collision avoidance.

Radars typically operate in the millimeter-wave frequency bands, such as 24 GHz and

77 GHz. The 77 GHz band is preferred for automotive applications due to its higher

resolution and shorter wavelength, which allows for more precise detection of objects. The

radar system includes components like the transmitter, receiver, signal processor, and

antenna array, which work together to detect and track objects.
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Automotive radars are integral to various ADAS features and autonomous driving tech-

nologies. Some key applications include:

• Adaptive Cruise Control (ACC): Radars monitor the distance and relative speed

of vehicles ahead, allowing the system to maintain a safe following distance by auto-

matically adjusting the vehicle’s speed.

• Collision Avoidance Systems: Radars detect potential obstacles and alert the

driver or autonomously apply the brakes to prevent collisions.

• Blind Spot Detection (BSD): Radars scan the areas alongside and behind the

vehicle to identify vehicles in blind spots, warning the driver during lane changes.

• Cross Traffic Alert (CTA): Rear radars detect approaching vehicles from the sides

when reversing out of parking spaces, alerting the driver to potential hazards.

• Lane Change Assist (LCA): Radars monitor adjacent lanes to ensure safe lane

changes by detecting fast-approaching vehicles.

A.2 Installation Concerns and Calibration process

Automotive radars have become a critical component in the development of advanced

driver-assistance systems (ADAS) and autonomous vehicles. These radars play a vital

role in enhancing vehicle safety, improving navigation, and enabling various autonomous

functionalities. This section provides an overview of automotive radars, their operating

principles, applications, and future prospects.

A.2.1 Operating Principles

Automotive radars operate by transmitting radio waves and analyzing the reflections from

objects in the environment. The basic principle involves emitting a signal that bounces off

targets and returns to the radar sensor. The time delay between transmission and reception,
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along with the frequency shift (Doppler effect), allows the radar to determine the distance,

velocity, and angle of objects. This information is crucial for real-time decision-making

and collision avoidance.

Radars typically operate in the millimeter-wave frequency bands, such as 24 GHz and

77 GHz. The 77 GHz band is preferred for automotive applications due to its higher

resolution and shorter wavelength, which allows for more precise detection of objects. The

radar system includes components like the transmitter, receiver, signal processor, and

antenna array, which work together to detect and track objects.

A.2.2 Applications in ADAS and Autonomous Vehicles

Automotive radars are integral to various ADAS features and autonomous driving tech-

nologies. Some key applications include:

• Adaptive Cruise Control (ACC): Radars monitor the distance and relative speed

of vehicles ahead, allowing the system to maintain a safe following distance by auto-

matically adjusting the vehicle’s speed.

• Collision Avoidance Systems: Radars detect potential obstacles and alert the

driver or autonomously apply the brakes to prevent collisions.

• Blind Spot Detection (BSD): Radars scan the areas alongside and behind the

vehicle to identify vehicles in blind spots, warning the driver during lane changes.

• Cross Traffic Alert (CTA): Rear radars detect approaching vehicles from the sides

when reversing out of parking spaces, alerting the driver to potential hazards.

• Lane Change Assist (LCA): Radars monitor adjacent lanes to ensure safe lane

changes by detecting fast-approaching vehicles.
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A.3 Installation Concerns and Calibration Process

The successful implementation of automotive radar systems depends significantly on proper

installation and precise calibration. These steps are crucial to ensure the radar’s optimal

performance, accuracy, and reliability. This section discusses the primary concerns asso-

ciated with installing automotive radars and outlines the calibration process necessary to

maintain system integrity.

A.3.1 Installation Concerns

1. Placement and Alignment: The positioning of radar sensors on the vehicle is

critical. Radars are typically installed in the front grille, bumpers, or rear of the vehicle,

depending on their intended function (e.g., adaptive cruise control, blind spot detection).

The placement should ensure an unobstructed field of view to prevent any interference

from vehicle components or external elements. Incorrect alignment can lead to inaccurate

measurements and reduced system effectiveness.

2. Mounting Stability: The stability of the radar sensor mount is another essential

consideration. Sensors must be securely fastened to minimize vibrations and movements

that could affect their readings. Vibration dampening materials and robust mounting

brackets are often used to maintain the stability of the radar unit.

3. Environmental Factors: Radar sensors must be designed and installed to with-

stand various environmental conditions, including extreme temperatures, moisture, dirt,

and debris. Protective housings and coatings can help shield the sensors from these ele-

ments, ensuring long-term durability and performance.

4. Electromagnetic Interference (EMI): Automotive radars can be susceptible

to electromagnetic interference from other electronic systems within the vehicle or from

external sources. Careful consideration of the sensor’s placement relative to other electronic

components and the use of EMI shielding can mitigate these issues.

5. Legal and Regulatory Compliance: Radar installations must comply with

regional regulations regarding electromagnetic emissions and automotive safety standards.
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Ensuring compliance with these regulations is essential for both legal operation and the

safety of the vehicle’s occupants and other road users.

A.3.2 Calibration Process

Calibration of radar and LiDAR systems using a corner reflector is a precise and widely-used

method to ensure accuracy in sensor measurements. A corner reflector, typically made of

three mutually perpendicular metal plates forming a trihedral structure, provides a strong,

consistent, and well-defined reflective surface for electromagnetic and laser signals. During

calibration, the corner reflector is strategically placed within the sensor’s field of view to

create a known reference point for aligning the radar and LiDAR outputs. This process

helps correct systematic errors, synchronize coordinate systems, and verify the accuracy of

the sensor’s range, angle, and intensity measurements. Calibration with corner reflectors is

essential in applications like autonomous vehicles, where sensor fusion and high-precision

object detection are critical.

A.4 Radar models used in this study

The two radar used for this study are AWR1462, and ARS401-28. The AWR1462 is

a highly integrated single-chip mmWave radar sensor from Texas Instruments, designed

specifically for automotive and industrial applications. Operating in the 76-81 GHz fre-

quency band, the AWR1462 offers high range resolution and accuracy, making it ideal

for advanced driver assistance systems (ADAS) and various industrial uses. This chip

combines a Digital Signal Processor (DSP), a Microcontroller Unit (MCU), and a radar

accelerator, significantly reducing the size, power consumption, and cost of radar systems.

It supports multiple chirp configurations, allowing for flexible system design. Additionally,

the AWR1462 includes built-in safety features and diagnostics to comply with automotive

safety standards. Developers can leverage TI’s evaluation modules (EVMs), software de-

velopment kits (SDKs), and reference designs to accelerate their development process and

bring robust radar solutions to market efficiently.
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The ARS401-28 is a sophisticated automotive radar sensor developed by Continental,

operating in the 77 GHz frequency band. This long-range radar sensor is designed to

enhance vehicle safety and automation, making it ideal for applications such as adaptive

cruise control (ACC), automatic emergency braking (AEB), and forward collision warn-

ing (FCW). The ARS401-28 excels in providing high resolution and accuracy, capable of

precise measurements of distance, speed, and angle of multiple objects simultaneously. Its

robust performance in various weather conditions, including rain, fog, and snow, ensures

consistent and reliable operation. The sensor meets stringent automotive safety standards,

featuring self-diagnostics and fault detection for safe and dependable usage. With compre-

hensive support and documentation from Continental, the ARS401-28 facilitates seamless

integration into advanced driver assistance systems (ADAS), contributing significantly to

enhanced driving safety and convenience.

A.5 Common Automotive Radar Sensor Interfaces

The common interfaces used for automotive radar sensors are USB, Ethernet, and CAN.

The most common one due to the widespread use of CAN interface in the vehicles, is CAN.

• USB interface: The USB interface transmits the data through serial communication.

The module usually waits for a initialize message that should be sent in bytes. Then

it starts to send the detection array back to the computer that with the datasheet

are translated.

• Ethernet interface: The Ethernet interface is reliable and fast, but less common in

vehicles. Interacting is through UDP or TCP/IP packets, that while knowing the IP

of the sensor, it only requires to define a socket that listens to that IP and port.

• CAN interface: The most common interface in automotive radars is CAN bus. The

CAN bus, sends the 8 byte frames on a CAN address. The driver, uses CAN socket to

receive those packets, and then based on the databse file, it translates those packets.
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A.6 CAN interface

The Controller Area Network (CAN) interface is a robust vehicle bus standard designed

to enable microcontrollers and devices to communicate with each other without a host

computer. Initially developed by Bosch in the 1980s for automotive applications, CAN has

become a crucial technology in various embedded systems, particularly in the automotive

industry, due to its reliability, efficiency, and cost-effectiveness.

A.6.1 Overview of CAN Interface

The CAN interface facilitates communication between different electronic control units

(ECUs) in a vehicle. Each ECU can send and receive messages, making it possible for

multiple systems within a vehicle to operate cohesively. CAN operates on a multi-master,

message-oriented protocol, meaning that any node can initiate a transmission if the bus is

free. This decentralization enhances the system’s robustness and flexibility.

A.6.2 Technical Specifications

• Bit Rate: CAN supports bit rates up to 1 Mbps for standard CAN and up to 5

Mbps for CAN FD (Flexible Data-rate).

• Message Frames: CAN messages are transmitted in frames that include an identi-

fier, control bits, data bytes (up to 8 bytes for standard CAN and up to 64 bytes for

CAN FD), a cyclic redundancy check (CRC), and acknowledgment bits.

• Error Detection: CAN includes several error detection mechanisms such as bit

stuffing, monitoring, cyclic redundancy check, and acknowledgment checking, ensur-

ing high reliability.

• Bus Arbitration: CAN uses a non-destructive bitwise arbitration method, allowing

higher-priority messages to be transmitted first without losing lower-priority mes-

sages.
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A.6.3 CAN Protocol Layers

CAN protocol consists of two layers: the Data Link Layer and the Physical Layer.

1. Data Link Layer: This layer is responsible for message framing, arbitration,

acknowledgment, error detection, and error signaling. It ensures that messages are trans-

mitted reliably and efficiently across the network.

2. Physical Layer: This layer defines the actual transmission of data over the network.

It includes specifications for electrical signal characteristics, bit timing, and physical media

(e.g., twisted pair cables).

A.6.4 Applications in Automotive Systems

In automotive systems, CAN interfaces play a pivotal role in managing communications

between various subsystems, including:

• Engine Control Unit (ECU): Communicates with sensors and actuators to man-

age engine performance, emissions, and fuel efficiency.

• Transmission Control Unit (TCU): Coordinates with the ECU to optimize gear

shifts and improve driving dynamics.

• Anti-lock Braking System (ABS): Exchanges data with wheel speed sensors and

the ECU to prevent wheel lockup during braking.

• Infotainment Systems: Integrates multimedia, navigation, and communication

features by connecting to various audio, video, and data sources.

• Advanced Driver Assistance Systems (ADAS): Facilitates the operation of sys-

tems such as adaptive cruise control, lane-keeping assistance, and collision avoidance

by sharing sensor data and control commands.
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A.6.5 Advantages of CAN Interface

The CAN interface offers several advantages that have led to its widespread adoption:

• Robustness: The protocol’s error detection and fault confinement capabilities en-

sure reliable communication in noisy environments.

• Scalability: CAN networks can easily be expanded by adding new nodes without

significant changes to the existing architecture.

• Cost-Effectiveness: The simplicity and efficiency of the CAN protocol reduce the

need for complex wiring and lower overall system costs.

• Real-Time Performance: The deterministic nature of CAN’s arbitration process

ensures timely delivery of high-priority messages, essential for real-time control ap-

plications.

A.7 CAN driver

Writing of the CAN driver depends highly on the database file known as .dbc file. In this

file, the architecture of the CAN frames are presented, with which it is understood how to

manipulate every bit of the 8 byte frame of the CAN. Here is the CAN driver example for

the ARS 401 radar used for this study.

#include "decode_radars/decoder.h"

#include <string>

#include <boost/program_options.hpp>
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decoder::decoder(int id_, int mode_){

id=id_;

mode=mode_;

count=0;

std::string pub_topic_status="/list_messages";

std::string pub_topic_content="/list_contents";

objects_list.objects.resize(100);

status_can_sub=nh.subscribe("/can_tx",100,

&decoder::status_callback,this);

content_can_sub=nh.subscribe("/can_tx",100,

&decoder::content_callback,this);

radar_points=std::make_shared<

std::vector<pcl::PointXYZI, Eigen::aligned_allocator<pcl::PointXYZI>>

>(250);

if ( mode == _cluster)

{
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std::string domain="_cluster_";

std::string topic_status_cluster=pub_topic_status+domain+

std::to_string(id);

status_decode_pub=nh.advertise<decode_radars::ClusterList>(

topic_status_cluster, 10

);

std::string topic_content_cluster=pub_topic_content+domain+

std::to_string(id);

content_decode_pub=nh.advertise<decode_radars::ClusterRadar>(

topic_content_cluster, 10

);

std::string pointcloud_topic="/radar/pointcloud_"+std::to_string(id);

}

else if (mode == _object)

{

std::string domain="_object_";

std::string topic_status_object=pub_topic_status+domain+

std::to_string(id);

status_decode_pub=nh.advertise<decode_radars::ContiList>(

topic_status_object, 50

);
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std::string topic_content_object=pub_topic_content+domain+

std::to_string(id);

content_decode_pub=nh.advertise<decode_radars::ContiRadar>(

topic_content_object, 50

);

object_list_pub=nh.advertise<decode_radars::ContiRadarList>(

topic_content_object+"_list", 100

);

}

else{

std::cerr<<"Error! please choose either\

of the available modes"<<std::endl;

}

}

void decoder::status_callback(const can_msgs::Frame& frame){
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int id_status_msg;

// this is for the cluster mode

if (mode == _cluster){

id_status_msg=1536 + id*16;

if (frame.id != id_status_msg) return;

decode_radars::ClusterList output;

output.nof_targetsnear=frame.data[0];

output.nof_targetsfar=frame.data[1];

Byte b2,b3;

b2.byte=frame.data[2];

b3.byte=frame.data[3];

output.meas_counter= b3.bit1*pow(2,0)+b3.bit2*pow(2,1)+

b3.bit3*pow(2,2)+b3.bit4*pow(2,3)+

b3.bit5*pow(2,4)+b3.bit6*pow(2,5)+

b3.bit7*pow(2,6)+b3.bit8*pow(2,7) +
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b2.bit1*pow(2,8)+

b2.bit2*pow(2,9) +b2.bit3*pow(2,10)+

b2.bit4*pow(2,11)+b2.bit5*pow(2,12)+

b2.bit6*pow(2,13)+b2.bit7*pow(2,14)+

b2.bit8*pow(2,15);

output.interface_version=frame.data[4];

status_decode_pub.publish(output);

}

// this is for the object mode

else if (mode == _object){

id_status_msg=1546 + id*16;

if (frame.id != id_status_msg) return;

decode_radars::ContiList output;

output.nof_objects=frame.data[0];

Byte b1,b2;
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b1.byte=frame.data[1];

b2.byte=frame.data[2];

output.meas_counter= b2.bit1*pow(2,0)+b2.bit2*pow(2,1)+

b2.bit3*pow(2,2)+b2.bit4*pow(2,3)+

b2.bit5*pow(2,4)+b2.bit6*pow(2,5)+

b2.bit7*pow(2,6)+b2.bit8*pow(2,7) +

b1.bit1*pow(2,8)+

b1.bit2*pow(2,9) +b1.bit3*pow(2,10)+

b1.bit4*pow(2,11)+b1.bit5*pow(2,12)+

b1.bit6*pow(2,13)+b1.bit7*pow(2,14)+

b1.bit8*pow(2,15);

output.interface_version=frame.data[3];

status_decode_pub.publish(output);

}

else{

std::cerr<<"none of the modes activated"<<std::endl;

return;

}
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}

void decoder::content_callback(const can_msgs::Frame& frame){

int id_content_msg;

if (mode==_cluster){

id_content_msg=1793 + id*16;

if (frame.id!=id_content_msg) return;

decode_radars::ClusterRadar output;

output.target_id=frame.data[0];

Byte b1,b2,b3,b4,b5,b6;

b1.byte=frame.data[1];

b2.byte=frame.data[2];

b3.byte=frame.data[3];

b4.byte=frame.data[4];

b5.byte=frame.data[5];

b6.byte=frame.data[6];

output.longitude_dist=TARGET_DIST_LONG_MIN+ TARGET_DIST_RES*(
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pow(2,0)*b2.bit4 + pow(2,1)*b2.bit5 + pow(2,2)*b2.bit6 +

pow(2,3)*b2.bit7 + pow(2,4)*b2.bit8 +

pow(2,5)*b1.bit1 + pow(2,6)*b1.bit2 + pow(2,7)*b1.bit3 +

pow(2,8)*b1.bit4 + pow(2,9)*b1.bit5 +

pow(2,10)*b1.bit6 + pow(2,11)*b1.bit7 + pow(2,12)*b1.bit8

);

output.lateral_dist=TARGET_DIST_LAT_MIN + TARGET_DIST_RES*(

pow(2,0)*b3.bit1+pow(2,1)*b3.bit2+

pow(2,2)*b3.bit3+pow(2,3)*b3.bit4+

pow(2,4)*b3.bit5+pow(2,5)*b3.bit6+pow(2,6)*b3.bit7+

pow(2,7)*b3.bit8+pow(2,8)*b2.bit1+pow(2,9)*b2.bit2);

output.longitude_vel=TARGET_VREL_LONG_MIN + TARGET_VREL_RES*(

pow(2,0)*b5.bit7+pow(2,1)*b5.bit8+pow(2,2)*b4.bit1+

pow(2,3)*b4.bit2+pow(2,4)*b4.bit3+pow(2,5)*b4.bit4+

pow(2,6)*b4.bit5+pow(2,7)*b4.bit6+pow(2,8)*b4.bit7+

pow(2,9)*b4.bit8);

output.lateral_vel= TARGET_VREL_LAT_MIN + TARGET_VREL_RES*(

pow(2,0)*b6.bit6+pow(2,1)*b6.bit7+

pow(2,2)*b6.bit8+pow(2,3)*b5.bit1+pow(2,4)*b5.bit2+

pow(2,5)*b5.bit3+pow(2,6)*b5.bit4+pow(2,7)*b5.bit5+

pow(2,8)*b5.bit6);

output.rcs=TARGET_RCS_MIN + TARGET_RCS_RES*(frame.data[7]);

output.header.frame_id="radar_";

output.header.stamp=frame.header.stamp;

(*radar_points)[output.target_id].x=output.longitude_dist,
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(*radar_points)[output.target_id].y=output.lateral_dist,

(*radar_points)[output.target_id].z=output.longitude_vel,

(*radar_points)[output.target_id].intensity=output.rcs;

content_decode_pub.publish(output);

}

else if (mode == _object){

id_content_msg=1547 + id*16;

if (frame.id!=id_content_msg) return;

decode_radars::ContiRadar output;

output.obstacle_id=frame.data[0];

Byte b1,b2,b3,b4,b5,b6;

b1.byte=frame.data[1];

b2.byte=frame.data[2];

b3.byte=frame.data[3];

b4.byte=frame.data[4];

b5.byte=frame.data[5];

b6.byte=frame.data[6];

output.longitude_dist = OBJECT_DIST_LONG_MIN+
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OBJECT_DIST_RES*(pow(2,0)*b2.bit4+pow(2,1)*b2.bit5+

pow(2,2)*b2.bit6+

pow(2,3)*b2.bit7+pow(2,4)*b2.bit8+pow(2,5)*b1.bit1+

pow(2,6)*b1.bit2+pow(2,7)*b1.bit3+pow(2,8)*b1.bit4+

pow(2,9)*b1.bit5+

pow(2,10)*b1.bit6+pow(2,11)*b1.bit7+pow(2,12)*b1.bit8);

output.lateral_dist = OBJECT_DIST_LAT_MIN+

OBJECT_DIST_RES*(pow(2,0)*b3.bit1+pow(2,1)*b3.bit2+

pow(2,2)*b3.bit3+pow(2,3)*b3.bit4+pow(2,4)*b3.bit5+

pow(2,5)*b3.bit6+pow(2,6)*b3.bit7+pow(2,7)*b3.bit8+

pow(2,8)*b2.bit1+pow(2,9)*b2.bit2+pow(2,10)*b2.bit3);

output.longitude_vel = OBJECT_VREL_LONG_MIN+

OBJECT_VREL_RES*(pow(2,0)*b5.bit7+pow(2,1)*b5.bit8+

pow(2,2)*b4.bit1+pow(2,3)*b4.bit2+pow(2,4)*b4.bit3+

pow(2,5)*b4.bit4+pow(2,6)*b4.bit5+pow(2,7)*b4.bit6+

pow(2,8)*b4.bit7+pow(2,9)*b4.bit8);

output.lateral_vel = OBJECT_VREL_LAT_MIN+

OBJECT_VREL_RES*(pow(2,0)*b6.bit6+pow(2,1)*b6.bit7+

pow(2,2)*b6.bit8+pow(2,3)*b5.bit1+pow(2,4)*b5.bit2+

pow(2,5)*b5.bit3+pow(2,6)*b5.bit4+pow(2,7)*b5.bit5+

pow(2,8)*b5.bit6);

output.rcs=OBJECT_RCS_MIN+OBJECT_RCS_RES*frame.data[7];

output.header.frame_id="radar_front";
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output.header.stamp=frame.header.stamp;

objects_list.objects[output.obstacle_id]=output;

content_decode_pub.publish(output);

}

else{

return;

}

}

A.8 Radar Full-State Observer Real-Time C++ Code

#include <decode_radars/clustering.hpp>

#include <decode_radars/kalman.hpp>

#include <decode_radars/utilities.h>

#include <decode_radars/data_association.hpp>
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class track

{

public:

int label;

uint no_measurement_count;

uint measurement_count;

Eigen::VectorXf X;

Eigen::VectorXf x;

uint id;

ros::Time last_stamp;

bool matched=false;

std::vector<Eigen::VectorXf,

Eigen::aligned_allocator<Eigen::VectorXd>> footprint;

std::shared_ptr<KalmanFilter> ekf;
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track();

track(Point point_,

ros::Time stamp_, uint id_, int label_);

void naive_prediction(std::vector<Eigen::VectorXf,

Eigen::aligned_allocator<Eigen::VectorXf>>& predictions);

bool get_match();

bool cpr(ros::Time new_stamp);

bool sanity_check(const decode_radars::ContiRadar obj);

void set_match(bool match_);

void do_update_with_measurement(

Eigen::VectorXf meas, ros::Time stamp_);

void do_update_without_measurement();

};

bool track::cpr(ros::Time time_)

{

double dt=time_.toSec() - last_stamp.toSec();

if (dt>= 0.5)

return false;

else
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return true;

}

void track::do_update_with_measurement(Eigen::VectorXf meas, ros::Time stamp_)

{

measurement_count++;

no_measurement_count=0;

float dt=stamp_.toSec() - last_stamp.toSec();

Eigen::MatrixXf A(6,6);

A<<1, dt, pow(dt,2)/2 , 0.0, 0.0, 0.0,

0, 1, dt , 0.0, 0.0, 0.0,

0, 0, 1.0 , 0.0, 0.0, 0.0,

0, 0, 0 , 1.0, dt, pow(dt,2)/2,

0, 0, 0 , 0.0, 1.0, dt,

0, 0, 0 , 0.0, 0.0, 1.0;

last_stamp=stamp_;

this->ekf->A=A;

this->ekf->update(meas ,stamp_);

footprint.push_back(this->ekf->get_state());

}

void track::do_update_without_measurement()
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{

no_measurement_count++;

}

track::track(Point point_, ros::Time stamp_, uint id_, int label_)

{

label=label_;

x.resize(6);

x(0)=point_.x;

x(1)=0.0f;

x(2)=0.0f;

x(3)=point_.y;

x(4)=0.0f;

x(5)=0.0f;

footprint.push_back(x);

last_stamp=stamp_;

Eigen::MatrixXf A(6,6);

Eigen::MatrixXf P(6,6);

Eigen::MatrixXf Q(6,6);

Eigen::MatrixXf R(2,2);

Eigen::MatrixXf C(2,6);

P=0.1*Eigen::MatrixXf::Identity(6,6);

Q=0.1*Eigen::MatrixXf::Identity(6,6);

R=0.1*Eigen::MatrixXf::Identity(2,2);

C<<1.0f, 0.0, 0.0, 0.0, 0.0, 0.0,
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0.0, 0.0, 0.0, 1.0, 0.0, 0.0;

float dt=0.07;

A<<1, dt, pow(dt,2)/2 , 0.0, 0.0, 0.0,

0, 1, dt , 0.0, 0.0, 0.0,

0, 0, 1.0 , 0.0, 0.0, 0.0,

0, 0, 0 , 1.0, dt, pow(dt,2)/2,

0, 0, 0 , 0.0, 1.0, dt,

0, 0, 0 , 0.0, 0.0, 1.0;

id = id_;

ekf=std::make_shared<KalmanFilter>( A, C, Q, R, P);

ekf->init(x);

}

typedef std::shared_ptr<track> trackptr;

class tracking

{

public:

bool first_round;

std::vector<uint> used_ids;

std::vector<uint> unused_ids;

std::unordered_map<uint, trackptr> track_map;
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ros::NodeHandle nh;

ros::Subscriber radar_cluster_sub;

ros::Publisher tracks_pub;

std::vector<trackptr> tracks;

tracking();

void cluster_callback(

const sensor_msgs::PointCloud2::ConstPtr& clptr2);

};

tracking::tracking()

{

used_ids.reserve(100);

unused_ids.reserve(100);

tracks.reserve(100);

first_round=false;

for (uint i=0; i<200; i++) unused_ids.push_back(i);

radar_cluster_sub=nh.subscribe("/radar/fused_with_camera",
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10, &tracking::cluster_callback, this);

tracks_pub=nh.advertise<visualization_msgs::Marker>("/radar/tracks", 10);

}

void tracking::cluster_callback(

const sensor_msgs::PointCloud2::ConstPtr& clptr2)

{

pcl::PointCloud<pcl::PointXYZ>::Ptr clptr( new pcl::PointCloud<pcl::PointXYZ>());

pcl::fromROSMsg(*clptr2, *clptr);

ros::Time stamp_=clptr2->header.stamp;

std::vector<Point> clpts_new;

for (auto clpt:clptr->points) clpts_new.push_back(Point{clpt.x, clpt.y});

if (tracks.size()==0)

{

uint clpts_idx=0;

for (auto clpts:clpts_new)
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{

uint id_=unused_ids.at(0);

trackptr new_track=std::make_shared<track>(clpts, stamp_, id_);

used_ids.push_back(id_);

unused_ids.erase(unused_ids.begin());

tracks.push_back(new_track);

clpts_idx++;

}

return;

}

std::unordered_map<int,int> track_2_new;

std::unordered_map<int,int> new_2_track;

for (auto trackptr_:tracks) trackptr_->ekf->predict();

std::vector<Point> trackpts;

for (auto trackptr_:tracks)

trackpts.push_back(

Point( trackptr_->ekf->get_state()(0),

trackptr_->ekf->get_state()(3)));
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for (auto trackpt: trackpts)

std::cout<<"the track is: "<<trackpt.x<<", "<<trackpt.y<<std::endl;

for (auto clpt_new:clpts_new)

std::cout<<"the new is :"<<clpt_new.x<<", "<<clpt_new.y<<std::endl;

std::vector<std::vector<bool>>

can_match(clpts_new.size(), std::vector<bool>(trackpts.size(), true));

bidirectional_assignment(

trackpts,

clpts_new,

track_2_new,

new_2_track,

can_match, 10.0f);

// old tracks

uint tracker_idx=0;

for (auto tracker_it=tracks.begin(); tracker_it < tracks.end(); tracker_it++)

{

if (track_2_new.find(tracker_idx) != track_2_new.end())

{

Eigen::VectorXf meas(2);

meas<<clpts_new.at(track_2_new[tracker_idx]).x, clpts_new.at(track_2_new[tracker_idx]).y;

(*tracker_it)->do_update_with_measurement(meas, stamp_);

}

else

{

(*tracker_it)->do_update_without_measurement();

}

tracker_idx++;
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}

// new tracks

uint clpts_idx=0;

for (auto clpts:clpts_new)

{

if (new_2_track.find(clpts_idx) != new_2_track.end())

{

std::cout<<"found match for... "<<clpts.x<<" , "<<clpts.y<<std::endl;

std::cout<<"which is ...."<< tracks[new_2_track[clpts_idx]]->ekf->get_state()(0)<<

tracks[new_2_track[clpts_idx]]->ekf->get_state()(3)<<std::endl;

clpts_idx++;

continue;

}

std::cout<<"new track... "<<clpts.x<<" , "<<clpts.y<<std::endl;

uint id_=unused_ids.at(0);

trackptr new_track=std::make_shared<track>(clpts, stamp_, id_);

used_ids.push_back(id_);

unused_ids.erase(unused_ids.begin());

//

tracks.push_back(new_track);

clpts_idx++;

}
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// maintanance

for (auto iter=tracks.begin(); iter<tracks.end(); iter++)

{

if ((*iter)->cpr(stamp_))

{

continue;

}

uint id_=(*iter)->id;

auto iter_=std::find(used_ids.begin(), used_ids.end(), id_);

used_ids.erase(iter_);

unused_ids.push_back(id_);

auto iter_alias=iter;

iter--;

tracks.erase(iter_alias);

}

for (auto iter=tracks.begin(); iter<tracks.end(); iter++)

{

//if ( (*iter)->footprint.size() < 4) continue;
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visualization_msgs::Marker marker;

marker.type=visualization_msgs::Marker::ARROW;

marker.action=visualization_msgs::Marker::ADD;

marker.header.frame_id="map";

marker.header.stamp=ros::Time::now();

marker.ns="tracks";

marker.color.a=1.0f;

marker.color.r=1.0f;

marker.scale.y=marker.scale.z=0.1;

float vx=(*iter)->ekf->get_state()(1);

float vy=(*iter)->ekf->get_state()(4);

marker.scale.x=std::hypot(vx,vy);

float azmth=atan2(vy, vx);

marker.pose.orientation.w=cos(azmth/2);

marker.pose.orientation.z=sin(azmth/2);

marker.pose.position.x=(*iter)->ekf->get_state()(0);

marker.pose.position.y=(*iter)->ekf->get_state()(3);

marker.pose.position.z=1.0f;

marker.pose.position.z=0.0f;

marker.id=(*iter)->id;

marker.lifetime=ros::Duration(0.1);
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tracks_pub.publish(marker);

}

for (auto iter=tracks.begin(); iter<tracks.end(); iter++)

{

//if ( (*iter)->footprint.size() < 4) continue;

visualization_msgs::Marker marker;

marker.type=visualization_msgs::Marker::TEXT_VIEW_FACING;

marker.action=visualization_msgs::Marker::ADD;

marker.header.frame_id="map";

marker.header.stamp=ros::Time::now();

marker.ns="velocities";

marker.color.a=1.0f;

marker.color.r=1.0f;

marker.scale.x=marker.scale.y=marker.scale.z=1.0;

float vx=(*iter)->ekf->get_state()(1);

float vy=(*iter)->ekf->get_state()(4);

float azmth=atan2(vy, vx);

marker.pose.orientation.w=1.0f;
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marker.pose.position.x=(*iter)->ekf->get_state()(0);

marker.pose.position.y=(*iter)->ekf->get_state()(3);

marker.pose.position.z=2.0f;

marker.id=(*iter)->id+50;

marker.lifetime=ros::Duration(0.1);

marker.text=std::to_string(std::hypot(vx,vy));

tracks_pub.publish(marker);

}

for (auto iter=tracks.begin(); iter<tracks.end(); iter++)

{

//if ( (*iter)->footprint.size() < 4) continue;

visualization_msgs::Marker path_marker;

path_marker.header.frame_id = "map";

path_marker.header.stamp=ros::Time::now();

path_marker.type = visualization_msgs::Marker::LINE_STRIP;

path_marker.action=visualization_msgs::Marker::ADD;

path_marker.scale.x = 0.1;

path_marker.color.r = 0.0;

path_marker.color.g = 1.0;

path_marker.color.b = 0.0;
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path_marker.color.a = 1.0;

path_marker.lifetime = ros::Duration(0.1);

path_marker.id=(*iter)->id + 100;

path_marker.ns="footpring";

path_marker.pose.position.z=0.0;

path_marker.pose.orientation.w=1.0f;

for (auto pred:(*iter)->footprint)

{

geometry_msgs::Point ps;

ps.x=pred(0);

ps.y=pred(3);

ps.z=1.0;

path_marker.points.push_back(ps);

}

tracks_pub.publish(path_marker);

}

}

int main(int argc, char** argv)

{

ros::init(argc,argv,"tracking");

tracking tracking_;

ros::spin();
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return 0;

}
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