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Xii Abstract

Diploma Thesis

Sensor Fusion for Autonomous Vehicles in a Simulated Smart City

Eirini Eleftheria Tsatrafili

Abstract

Autonomous driving depends on the ability of a vehicle to sense and understand its sur-
roundings in real time. To drive safely, the system must detect and identify objects and track
their motion. Relying on a single type of sensor is not enough, as they have weaknesses.
Cameras depend on lighting and clarity, LiIDAR offers precise depth but limited semantics,
and radar is weather-resistant but low in resolution. Combining these sensors leads to a more
reliable perception of the environment.

This thesis presents the design and implementation of a multi-sensor fusion system for
object detection and tracking in simulated driving scenarios. Two complementary pipelines
are developed: in 2D, LiDAR and radar data are projected onto the image plane and fused
with camera detections, while in 3D, stereo camera reconstruction is combined with LIDAR
and radar information in a unified coordinate system. Both early fusion, where raw data are
combined before detection, and late fusion, where independent detections are merged at deci-
sion level, are examined. Tracking is achieved through Kalman filters, which maintain object
trajectories and improve stability even under occlusions or fast motion.

The system is implemented in the CARLA simulator, which provides a realistic traffic
environment. A strong focus is placed on real-time performance, including GPU acceleration
and frame synchronization, to ensure that the system can handle high sensor data rates. Ex-
periments show that sensor fusion improves both detection accuracy and tracking robustness,

while meeting the timing requirements of autonomous driving.

Keywords:
autonomous driving, multi-sensor fusion, object detection, object tracking, CARLA simula-

tor, real-time systems
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Lepiinyn xiil

Authopoatikny Epyacio
Yoyyovevon AsOntipov yio Avtovopo Oyfnpoate o€ puo,
Ipocoporwpévny ‘ESvavny I1oAn

Eipnivn EdevOepio ToaTpa@iin
IHepiiqyn

H avtévoun odnqynon Paciletor onv tKovoTnTo TOL OYNIOTOS VO OVTIACUPAVETOL KO VoL KOl
Tavoel To TepIPaiiov o mpaypaTikd xpovo. I'a aceain mAonynon amotteitol aviyvevon,
avayvoplon Kot Tapokorovnon avrikeyévav. H yprion evog pdévo asbntipa dev emapket:
o1 kdpepeg €opTd®VTOL A0 POTIGHO KoL TNV davyela, to LIDAR wpoceépet axpifeia Pé-
Bovg aALG Alyn ONUOGIOAOYIKY] TANPOPOPIN, EVED TO POVTAP elval avOEKTIKO OTIC KOPIKES
ouvOnKeg aALd pe younAn avdivor. O cuvovacudg Tovug odnyel o€ mo a&OTIGTN AVTIANY.

H gpyacio avt mapovstdlel Tov oyedOoHO Kol TV VAOTOINGT VOGS GLGTNHOTOS GUY-
YDOVELONG ACONTAPOV Y10 OVIXVELCT] KO TAPAKOAOVON OGN OVTIKEWWEV®V GE TPOGOUOIOUEVH
oevapla odnynong. Yomotovvtal dvo pipelines: otov d16d1dcTaTo YOpO, dedopuéva LiDAR
KOl pOVTAP TPORAAAOVTOL GTNV EIKOVA KOl GLYYOVEDOVTOL LE OVIYVEDCELS KAUEPAS, EVAD GTOV
TPLGOIACTOTO YMDPO, N OTEPEOCKOTIKY AVOKATACKEDT 0o TNV Kdpepo cuvovaleton pe Li-
DAR «ot povtdp o€ KOO cUGTNUO GUVIETAYUEVEOV. MedeTdvTatl 000 €101 CLYYDVELONG:
TPOUN, OTOL Ta dedopEVA GLVOLALOVTOL TPV TNV AViYVELST), Kot O, OOV Ol AVIYVED-
o€lg evavovia o€ eminedo andpaong. H mapakorohOnon vioroteiton pe @idtpo Kalman y
oTafepOTNTA KON KOl GE YAGIHO OEOOUEVMV amd TOLG alcONTpeC 1| o€ Toryela Kivnon.

To cvo e viomombnke otov tpocopolwt) CARLA, mov Tpoceépel peaAloTikod mept-
Bariiov kukAopopiag oynuatov. Addnke Epeacn otn Artovpyia o€ TPAYUATIKO ¥pOVO, LE
ypnomn GPU kot cuyypoviopod xapé, ote va enelepydletor TOALL d€00UEVA OO TOVG Oil-
oOnmpov. Ta tepduato £6e1Eav OTL 1 CLYY®OVEVOT BEATIOVEL TNV akpifela aviyvevong Kot

™ 6TafepOHTNTA TOPAKOAOVONOTG, IKAVOTOUDVTOG TG OMALTNCELS TS LTOVOUNG 001 YNOTG.

AgEarc-kre0na:
QVTOVOUTN 00N YNOTN, TOALUGONTNPLOKT] GLYYDVEVCT|, AVIXVELGT OVTIKEWEV®V, TOPAKOAOV-

Onon aviikeévov, tpocopotntg CARLA, cvotiuato tpoypotikod ¥pdvou
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Chapter 1

Introduction

Autonomous driving is one of the most rapidly growing research areas, combining com-
puter vision, robotics, and artificial intelligence. Self-driving technology has the potential
to completely change transportation by increasing road safety, decreasing traffic congestion
and making mobility services more efficient. A fundamental problem of autonomous driving
is perception. A vehicle must be able to sense its environment, identify and classify nearby
objects, and track their motion over time in order to make safe driving decisions. In prac-
tice, this means that these systems must operate reliably in highly dynamic and unpredictable

environments, where conditions change from one moment to the next.

Although recent progress has been remarkable, perception continues to pose significant
difficulties. Systems that rely on a single type of sensor, such as cameras alone, are vulnerable
to poor lighting, bad weather, or occlusions. LIDAR and Radar, while more robust in some
areas, have some limitations in resolution and semantic detail. These limitations highlight the
importance of combining data from different sensors, a process known as sensor fusion. This
creates a perception system that is both accurate and reliable. By merging complementary
information, such systems can make up for the weaknesses of individual sensors and provide
a more complete understanding of the driving scene. Another challenge is making sure that
the system performs in real time, since autonomous vehicles must process large volumes of

data quickly without compromising safety.

This thesis 1s situated within this context. It addresses these issues by exploring how
multiple sensors can be integrated to improve object detection and tracking, with experiments

being performed in a simulated environment.

1
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2 Chapter 1. Introduction

1.1 Scope of the Thesis

The scope of the thesis is to design, implement, and test a multi-sensor fusion system for
detecting and tracking objects in a simulated autonomous driving environment. The aim is to
improve accuracy, make the system more reliable under challenging conditions, and ensure
it works in real time. Combining different sensors helps overcome the weaknesses of using
a single sensor, such as cameras failing in low light or LIDAR providing limited semantic
detail.

The work addresses four main challenges:

1. Single-sensor systems often lack robustness. Cameras may struggle with fog, rain or

darkness, while LIDAR and radar have lower resolution and less semantic information.
2. Whether it is better to perform the early or the late fusion strategy.

3. Tracking objects consistently over time is difficult, especially when they are partially

hidden or in dense traffic.
4. The system must process large amounts of data quickly, without delay.

A perception pipeline is used to address these issues. Camera images are analyzed with
deep learning models like YOLOvVS, while LiDAR and radar add 3D information. In 2D,
visual detections are combined with LiDAR and radar points that are projected onto the cam-
era plane. In 3D, LiDAR and radar measurements are combined with the reconstruction and
fusion of stereo camera data.

When objects are partially hidden or sensors momentarily fail, Kalman filters are used to
track them over time, maintaining constant positions and velocities. The CARLA simulator,
which offers realistic traffic scenarios, is used to run the system. Real-time performance is
achieved through GPU acceleration and careful synchronization of sensor data.

Finally, the system is assessed based on runtime performance, tracking stability, and de-
tection accuracy, demonstrating that combining several sensors enhances perception while

still being feasible for autonomous driving.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250



1.1.1 Contributions 3

1.1.1 Contributions

The contributions of this thesis are summarized as follows:

1. The configuration of a simulated autonomous driving environment in CARLA, includ-

ing camera, LiDAR, and radar sensors.

2. The development of a 2D and a 3D perception pipelines with Kalman filter—based

tracking for consistent object detection and motion estimation

3. The implementation of real-time techniques, including GPU acceleration and frame

synchronization, to achieve efficient system performance.

4. The evaluation of the system in terms of detection accuracy, tracking stability, and

runtime efficiency under diverse simulation scenarios.

1.2 Thesis Structure

The remainder of this thesis is structured as follows. Chapter 2 reviews related work in au-
tonomous driving perception. Chapter [ provides the necessary background, introducing the
main sensors (RGB cameras, LIDAR, and radar), object detection and tracking methods, fu-
sion strategies, and the CARLA simulator. Chapter [ presents the overall system architecture.
Chapter [§ details the virtual sensor setup in CARLA, data preprocessing, synchronization, and
calibration procedures. Chapter [ discusses object detection, covering both 2D approaches
(from camera, LiDAR, and radar) and 3D methods. Chapter [ analyzes multi-sensor fusion,
describing early and late fusion in both 2D and 3D spaces. Chapter § focuses on tracking,
including Kalman filtering in 2D and 3D as well as multi-object tracking. Chapter [ presents
the experimental design and evaluation. This includes the simulation scenarios, performance
analysis (profiling, GPU acceleration, and real-time feasibility), evaluation metrics, and both
quantitative and visual results. Finally, Chapter L0 concludes the thesis with a discussion of

the findings and directions for future work.
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Chapter 2

Related Work

Research in autonomous perception has grown rapidly in recent years, with many studies
focusing on improving object detection, tracking, and sensor fusion. A key focus has been
the combination of LiDAR and camera data, since each sensor provides different and com-
plementary information. The following studies provide important background for this thesis

and guide its approach.

In object detection, Liu et al. [|I] presented a real-time LiDAR—Camera fusion frame-
work, demonstrating that using two sensors together, significantly improves detection and is
more reliable than using only one. Zhao et al. [2] proposed a dual transformer architecture for
3D detection, which helps the system handle cases where objects are partly hidden by others.
These works show how fusion at the feature level and decision level can make detection more
accurate. Wang et al. [3]] extended this work by studying collaborative 3D detection between
vehicles, emphasizing the importance of communication and cooperation across agents. To-
gether, these studies emphasize the challenge of finding a good balance between accuracy

and computation, which is also one of the aims of this thesis.

Work on object tracking has followed a similar path. Zhang et al. [4] introduced Byte-
Track, a method that improves multi-object tracking by linking all detection boxes, instead
of discarding those with low confidence. This approach is especially effective in crowded
scenes. Later, Zhang et al. [5] proposed ACNTrack, which uses information across different
sensors to keep tracking consistent in dynamic settings. Boukamchahamdi [6] explained how
Kalman filters can be applied to 3D tracking, while Satya [[7]] demonstrated their usefulness
for combining uncertain measurements in sensor fusion. These studies highlight that filtering

and association methods are strongest when used together, and this idea is also applied in this

5
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6 Chapter 2. Related Work

thesis to maintain stable and reliable tracking.

Sensor fusion itself has been studied from several perspectives. Tayyebi [§] compared
early and late fusion for camera—LiDAR systems, concluding that early fusion often gives
higher accuracy, but is also more sensitive to calibration errors. Yang et al. [9] developed
pipelines where camera—LiDAR fusion can adjust dynamically, making the system more flex-
ible in changing environments. Going further, Farag [[10] showed the benefits of combining
LiDAR and radar for tracking in poor weather and other difficult conditions, while Liu et al.
[11] combined roadside camera, LiDAR, and radar for infrastructure-supported perception.
More advanced studies have looked at neural-based fusion: Ravindran et al. [[12] designed a
Bayesian neural network for multi-sensor fusion, while Prakash et al. [[13] used transformers
for end-to-end driving systems. These works demonstrate that fusion is not just the simple
joining of data, but a careful process of designing methods that take full advantage of each
sensor’s strengths.

Several review papers also add important context. Chaklader [[14, [15] organized fusion
approaches into three categories: competitive, complementary, and coordinative strategies.
Think Autonomous [|16] discussed practical challenges of LiDAR—camera fusion, such as
synchronization and calibration issues. These reviews highlight the common agreement in
the field that no single sensor can provide the level of reliability needed for autonomous
systems.

Taken together, these studies lead to three main lessons. First, multi-model detection is
required to overcome the weaknesses of individual sensors. Second, tracking performs best
when classical filtering methods are combined with strong strategies for linking detections,
which makes results more stable. Third, sensor fusion strategies are still developing, with
flexible and adaptive methods offering strong potential for future systems. Building on these
findings, this thesis brings detection, tracking, and fusion together into a single framework,

with a focus on making it efficient, reliable, and practical for real-world use.
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Chapter 3

Background

3.1 Sensors

Autonomous vehicles rely on different types of sensors to perceive their surroundings. In
this section, we provide an overview of the main sensors used in autonomous systems. These

include RGB cameras, LiDAR, and radar.

3.1.1 RGB Cameras

RGB cameras [|]17] capture images in the visible light range (about 400—700 nm). They
are the main source of semantic information for perception. Cameras provide high-resolution
images, several megapixels, and usually run at 30-60 frames per second. Most RGB cameras
use CMOS or CCD sensors with a color filter array (CFA), often in a Bayer pattern. In this
setup, each pixel records only one color (red, green, or blue). The missing colors are then

reconstructed through a process called demosaicing to create a full-color image.

Cameras are suitable for tasks such as object detection, traffic sign recognition, and ob-
ject classification. Their performance depends heavily on lighting and weather conditions.
Cameras cannot measure depth directly. Stereo setups or structure-from-motion methods can

provide approximate 3D information.

7
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8 Chapter 3. Background

3.1.2 LiDAR

LiDAR [[18] measures distances by emitting laser pulses and recording the time of flight

(ToF) of the returned signal. The distance is computed as:
c-t
d=—
2 Y

where c is the speed of light and ¢ is the round-trip travel time. By steering the laser across
the field of view, by using mechanical rotation or MEMS, LiDAR produces a dense 3D point
cloud. The point cloud contains spatial coordinates, intensity values, and sometimes reflectiv-
ity. LIDAR provides very precise distance measurements, often accurate to a few centimeters.
It also achieves high angular resolution.

Modern LiDARs operate at wavelengths of 905 or 1550 nanometers. Its typical frame
rate ranges from 10 to 20 fps. High-end sensors generate over two million points per second
at 10 hertz. However, LIDAR has limitations. Its update rate is lower than that of cameras.

LiDAR are also relatively expensive.

3.1.3 Radar

Radar [[19] uses radio waves to detect objects and determine their position and motion. It
works by sending out radio signals that reflect off objects in the environment. Radars com-
monly operate in the 24 or 77 GHz frequency bands.

The distance is calculated either by measuring the time it takes for the signal to return
or by analyzing changes in the signal frequency. Radar can also measure the velocity of an
object using the Doppler effect. The Doppler effect occurs when the relative motion between
the radar and the object causes a change in the frequency of the reflected waves. If the object
moves toward the radar, the frequency increases while if it moves away, the frequency de-
creases. Radar sensors can also estimate the azimuth angle, which is the horizontal direction
of an object relative to the vehicle. This is done by using multiple antennas that direct the
radar signal toward specific directions.

Automotive radars are categorized by range. Long range radars, that operate at 10 to 20
fps, can detect objects up to 250 meters, while short range radar, that operate at 50 to 100
fps, are used for parking assistance. Radar is pretty robust in any weather conditions. It can
directly measure object velocity. However, angular resolution is relatively poor, meaning it

is difficult to separate closely spaced objects using radar alone.
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3.2 Object Detection 9

Table 3.1: Comparison of the performance of the sensors.

Category Camera | LiDAR | Radar | Fusion
Object Detection @) v v v
Object Classification v O X v
Pedestrian Detection v X X v
Distance Accuracy X v v 4
Range of Visibility X v @) v
Weather Conditions X O v v
Lighting Conditions X v v v
Velocity X X v v
Resolution 4 @) X v
Semantics v X X 4

3.2 Object Detection

Object detection is the task of identifying and classifying dynamic and static elements
within the driving environment. [20] [21]] Early approaches primarily relied on hand-crafted
features such as Histogram of Oriented Gradients (HOG) or Haar-like descriptors, combined
with sliding-window classifiers. While these methods provided the first breakthroughs, they
struggled with scalability and robustness in complex, real-world scenes [22]. The adoption of
deep learning significantly improved performance by enabling models to learn hierarchical

feature representations directly from data [23].

Deep neural detectors are broadly divided into two-stage and one-stage architectures.
Two-stage detectors, such as Faster R-CNN, operate by first generating a set of candidate
regions that are likely to contain objects, and then performing classification and bounding-
box regression on each candidate. This approach tends to provide higher accuracy due to its
explicit proposal stage, but the additional computation often leads to slower performance.
By contrast, one-stage detectors such as SSD and YOLO predict object classes and bounding
boxes directly from dense sampling of the feature map in a single pass, without an interme-
diate proposal step. These models prioritize real-time inference and strike a balance between

speed and accuracy. [24]

While 2D detection remains essential for recognizing semantic objects such as traffic
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10 Chapter 3. Background

lights, signs, vehicles, and pedestrians, it is inherently limited by the lack of depth infor-
mation. To address this, 3D object detection methods have been developed. Stereo-based
methods exploit the disparity between two calibrated cameras to reconstruct depth informa-
tion more reliably. More robust solutions are achieved with LiDAR, which generates point
clouds representing the 3D environment with high geometric fidelity. Clustering methods
such as DBSCAN or Euclidean clustering are often applied to segment foreground points
into object candidates, thereby reducing background noise and improving downstream de-
tection performance.[25]

Multi-modal methods combine camera and LiDAR or radar data to further enhance detec-
tion, providing both semantic and geometric information.[26] Detection performance is eval-
uated using metrics such as mean Average Precision (mAP) and 3D Intersection-over-Union
(IoU). These methods are critical in autonomous driving, traffic monitoring, and safety-
critical applications, where reliable identification of moving and static objects in complex

environments is essential.

OBJECT DETECTION

y =
| -
f

{1

Figure 3.1: Detection Example in the 2D space

3.3 Object Tracking

Object tracking refers to the task of following objects as they move through time. [27]
While object detection identifies items in a single frame, tracking ensures that their identity

and trajectory are preserved across successive frames. This ability is fundamental in domains
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3.3 Object Tracking 11

such as autonomous driving, video surveillance, sports analysis, and augmented reality, where

understanding motion is as important as recognizing the objects themselves.

The process generally involves three stages. First, objects are detected in each frame.
Second, they are assigned unique identifiers to distinguish them from one another. Finally,
their positions are updated as they move. Tracking systems can operate in real time and are
often divided into two categories. Single Object Tracking (SOT) focuses on following one
target, initialized in the first frame. Multiple Object Tracking (MOT), by contrast, extends

this principle to many targets simultaneously, which greatly increases the complexity of the
task. [28]

In the context of MOT, one of the most difficult challenges is data association. Each de-
tection must be matched with the correct trajectory, and mistakes can quickly lead to identity
switches. Approaches range from simple nearest-neighbor assignment to more sophisticated
techniques such as probabilistic data association or Multi-Hypothesis Tracking, which con-

sider multiple possible matches before selecting the most likely one.

The effectiveness of tracking systems is usually assessed with established benchmarks.
Metrics such as Multiple Object Tracking Accuracy (MOTA) and Identification F1 score
(IDF1) are widely used, as they measure not only how well objects are tracked but also

whether their identities are preserved over time.

OBJECT TRACKING

ID: 1 ID: 4

f F. ' “f%it
J ID: 3

Figure 3.2: Tracking Example in the 2D space
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12 Chapter 3. Background

3.4 Fusion Techniques

Sensor fusion [29] [30] refers to the integration of data from multiple sensors in order to
achieve a more reliable understanding of the surrounding environment. The motivation for
fusion comes from the fact that no single sensor can provide complete information under all
operational conditions. Fusion allows systems to benefit from the strengths of each sensor
while compensating for their weaknesses

Fusion strategies can be distinguished by the level at which integration occurs. Early
fusion [31]], sometimes called low-level fusion, integrates raw sensor measurements before
feature extraction. A common approach is to project LIDAR point clouds into the image
plane to enrich visual features with depth information. While this strategy provides dense
input, it is highly dependent on precise extrinsic calibration and temporal synchronization,
which may be challenging in practice. Late fusion [32], on the other hand, integrates outputs
from modality-specific detectors, merging predictions or trajectories at the decision stage.
This approach is modular and more tolerant of imperfect calibration, but it risks losing fine-
grained correspondence between modalities.

From a system architecture perspective, fusion can be centralized, where raw sensor data
is transmitted to a single processing unit, decentralized, where each sensor processes its data
independently and only shares outputs, or distributed, which combines local preprocessing
with a central integration layer. Moreover, fusion can serve different functional roles: it may
be competitive, where the system selects the most reliable sensor depending on the situation;
complementary, where different modalities provide unique, non-overlapping information; or
coordinative, where multiple sensors interact to refine a shared understanding of the environ-

ment. [33]

3.5 CARLA Simulator

CARLA [34] is an open-source simulator designed for autonomous driving research. It
provides a virtual environment where perception, planning, and control algorithms can be
tested. The system is built on Unreal Engine, which makes it ideal for realistic graphics and
realistic physics.

The simulator supports many types of sensors. These include RGB cameras, LiDAR,

radar, GPS, and IMU. Sensor setups can be configured for resolution, field of view, update
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3.5 CARLA Simulator 13

rate, etc. Cameras usually operate between 30 and 60 frames per second. This means a frame
time of about 16 to 33 ms in real time. LiDAR sensors often run at 10 to 20 Hz. Radar can
reach up to 100 Hz.

CARLA also gives control over environmental conditions. Weather settings include rain,
fog, wet surfaces, puddles and wind. Lighting can be set to day, sunset, or full night. Cloudi-
ness and sun position can also be adjusted. This makes it possible to test sensors under many
different weather and lighting conditions. These features are important because real sensors
often fail or degrade under heavy rain, low visibility or poor light.

The simulator also provides dynamic agents such as pedestrians, cyclists, and vehicles.
These can be controlled by Al traffic managers. Vehicle physics are modeled with accelera-
tion, braking, and tire-road interactions.

CARLA provides both a Python and a C++ API. It can be connected with deep learning
frameworks such as PyTorch and TensorFlow. A major advantage of CARLA is reproducibil-
ity. Experiments can be repeated under identical conditions. This is not possible in real-world
testing. It also allows stress testing of perception systems by changing frame rates, weather,

or sensor setups while keeping the scenario fixed.

Figure 3.3: Carla Simulator
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Chapter 4

System Architecture

This chapter provides an overview of the complete pipeline implemented in this thesis.
The purpose is to give the reader a high-level understanding of how the different modules,
sensor synchronization and calibration, object detection, sensor fusion, and tracking, work
together to build a reliable perception system for autonomous driving. This chapter presents

the design and the overall flow of information. Subsequent chapters (Chapters §-8) describe

each module 1n detail.

Overview of the Pipeline

(e Camera — Preprocessing

(!) LiDAR Reshape
Normalize
Change roordinates

!

Synchronization

fRndar——b

Align by FrameID
Buffer Lock
Buffer Timeout

l

Calibration

Coordinate Transformation
Perspective Projection

Stereo

Figure 4.1: High-level architecture of the perception system, showing the flow of information
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from raw sensor data to multi-object tracking.
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16 Chapter 4. System Architecture

The perception pipeline can be seen as a step-by-step flow, where raw sensor data is
gradually turned into a reliable model. It starts with the sensors, cameras, LiDAR, radar, and
stereo cameras, where each is capturing different information about the surroundings. The
raw data from these sensors first goes through preprocessing. For example, camera images
are reshaped and normalized.

After preprocessing, the data is placed in a buffer, where frames from all sensors are
aligned in time. A timeout mechanism ensures that the system does not freeze if one sensor
delivers late or fails temporarily. Once synchronized, calibration is applied to bring all sensors
into the same vehicle centered coordinate frame.

At this stage, the pipeline branches depending on the fusion method. In early fusion, raw
data from different sensors are merged before running detection. In late fusion, each sensor
runs its own detection first, and the results are then combined. Fusion can be done in 2D (on
the image plane) or in 3D (in world coordinates). Either way, the goal is to create one unified
set of detections rich with information from all sensors.

These fused detections are then sent to the tracking module. Tracking links objects across
frames using Kalman filtering. This step reduces noise, predicts object motion, and keeps
track of objects even if some sensor data is missing or unreliable. By combining new detec-
tions with predictions from the previous frames, the system produces a stable and continuous
world model.

This cycle repeats for every new frame. In this way, the perception system runs in real-
time, while remaining robust against noise, delays, or partial sensor failures.

Figure @.1 illustrates this flow. Each block processes its input and passes structured infor-
mation to the next stage, ultimately producing a robust world model suitable for autonomous

decision-making.
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Chapter 5

Sensor Setup and Processing

In autonomous systems, sensors are the primary means of perceiving the environment.
Accurate perception depends not only on high-quality sensor data but also on precise calibra-
tion. Calibration [35] is the process of estimating the parameters that map each sensor’s mea-
surements to a shared reference in space and time. For example, a LIDAR may be mounted
on the roof while a camera is placed in front of the car. Without extrinsic calibration, the
LiDAR points would not correctly project onto the camera image, causing misalignment in
fused data. Calibration ensures that these data from different sensors can be correctly fused
in space and time. Without it, small pose or timing errors produce wrong depths, wrongly

projected points, duplicated objects, and unstable tracks, which reduces system reliability.

5.1 Virtual Sensors in CARLA

The CARLA simulator provides realistic virtual sensors, allowing testing and calibration
in a controlled environment. CARLA supports sensors used in autonomous driving, including
RGB cameras, LiDAR, radar, etc. Each sensor exposes resolution, field of view, range, and
update rate, and can run in synchronous mode with fixed simulation steps or in asynchronous
mode to mimic real pipelines. Sensors are installed on the vehicle using positions and angles
that the user sets. This setup allows testing whether the code that combines sensor data works

correctly and whether the calibration is accurate.

17
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18 Chapter 5. Sensor Setup and Processing

5.1.1 Autonomous Agent

The autonomous agent in this thesis is represented by a Tesla Model 3 within the CARLA
simulator [34]. The vehicle serves as the ego vehicle, equipped with multiple sensors to per-
ceive the environment. Its coordinate system defines the origin for all sensor placements, with
the X-axis pointing forward, the Y-axis pointing to the left, and the Z-axis pointing upward.
Accurate placement of sensors relative to this coordinate frame is essential for correct spatial

fusion and calibration.

The ego vehicle can be controlled either manually through programmed commands or
autonomously using CARLA’s autopilot mode. The autopilot module enables the vehicle to
navigate the environment while obeying traffic rules, lane constraints, and dynamic obstacles,
allowing realistic testing of perception, detection, and tracking pipelines under autonomous

driving scenarios.

All sensors described in subsequent sections (RGB cameras, LiDAR, radar) are mounted
on this vehicle, with their positions and orientations defined relative to the vehicle’s coordi-
nate frame. This setup ensures consistency across simulation runs and enables precise eval-

uation of calibration and fusion algorithms.
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Figure 5.1: Tesla Model 3 within the CARLA simulator
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5.1.2 RGB Camera Setup 19

5.1.2 RGB Camera Setup
Monocular Camera

A monocular camera captures 2D images from a single viewpoint. Important parameters
include image resolution, frame rate, and field of view (FOV). The resolution determines
the spatial detail of the captured image, while frame rate defines how frequently images are
recorded and the FoV specifies the angle of the scene. In this thesis, monocular cameras are
primarily used for 2D perception in detecting and classifying objects in the image plane. The
2D output serves as a basis for fusion with other sensors, providing semantic information that

complements geometric measurements.

Figure 5.2: View of the Monocular Camera mounted on the Agent under rainy conditions.

Stereo Camera

Stereo cameras consist of two lenses that capture slightly different viewpoints, allowing
depth information to be inferred from the disparity between left and right images. Important
parameters include the same factors as for monocular cameras, resolution, frame rate, and
FoV, along with the additional parameter of baseline, the distance between the two lenses. A
larger baseline improves depth estimation for distant objects but reduces accuracy for nearby

objects, whereas a smaller baseline enhances precision in closer perception. Stereo cameras
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20 Chapter 5. Sensor Setup and Processing

provide explicit depth information, enabling 3D reconstruction and precise localization of
objects. Stereo calibration and disparity matching are essential to generate accurate depth
maps. In this thesis, stereo cameras provide 3D spatial information that can be fused with
LiDAR and radar measurements, enhancing object detection and tracking accuracy in three-

dimensional space. Table summarizes the main camera parameters.

(o) Left view of the Stereo RGB Cameras (B’) Right view of the Stereo RGB Cameras

Figure 5.3: Views of the Stereo RGB Cameras mounted on the Agent

Table 5.1: RGB Camera Parameters in CARLA

Parameter Mono Stereo (Left / Right)
Resolution 800 x 600 px 800 x 600 px
Field of View (FOV) 90° 90°

Frame rate User-defined User-defined
Upward offset 1.0m 1.0 m
Forward offset 2.0m 2.0m
Sideward offset 0.0 m -0.2m/+0.2m
Baseline — 0.4 m
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5.1.3 LiDAR Setup 21

5.1.3 LiDAR Setup

LiDAR provides dense three-dimensional point clouds by emitting laser pulses and mea-
suring their return times. The most important parameters of a LIDAR sensor are the number
of vertical channels, the rotation frequency, the measurement range, and the vertical and hor-
izontal fields of view. A higher vertical channel count produces denser point clouds, which
improves object detection and mapping accuracy but increases computational cost. Similarly,
the rotation frequency affects the temporal resolution of the point cloud. Higher values allow
faster moving objects to be tracked more reliably, while lower values reduce data rates. The
measurement range defines how far the sensor can detect surfaces, and is often chosen to
balance long-distance awareness with near-field precision. The vertical FoV must be wide
enough to capture both the road surface and elevated objects such as trucks or overpasses.

Mounting is also a key consideration in LIDAR deployment. In most autonomous driv-
ing setups, the LiDAR is placed on the vehicle roof or another elevated position to minimize
occlusion from the vehicle body and to maximize environmental coverage. This central, ele-
vated placement ensures that the LIDAR provides a comprehensive view of the environment,

which is critical for mapping, obstacle detection, and sensor fusion.

Figure 5.4: View of the LIDAR mounted on the Agent
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22 Chapter 5. Sensor Setup and Processing

Table 5.2: LiDAR Sensor Parameters in CARLA

Parameter Value
Vertical Channels 128
Points per second 1,000,000
Rotation frequency 20 Hz
Range 100 m
Frame rate User-defined
Upper FoV 30°
Lower FoV -20°
Noise standard deviation 0.0l m
Upward offset 2.0m

5.1.4 Radar Setup

Radar sensors operate by transmitting electromagnetic waves and measuring their reflec-
tions, providing direct information about the range and relative velocity of objects. Key pa-
rameters include the horizontal and vertical fields of view, maximum detection range, angular
resolution, and measurement rate. A wider FoV allows the radar to monitor a larger portion
of the environment, but this reduces the angular resolution. The maximum detection range
determines whether the sensor is more suited to highway scenarios, where long-distance de-
tection is crucial, or urban environments, where short-range awareness is needed. The update

rate is also important, as it affects how quickly objects can be tracked.

In practice, radar units are typically mounted at the front and side of the vehicle, with
pitch adjustments to reduce ground reflections. Radars that are mounted on the front, of-
ten cover long ranges for highway driving, while radars that are mounted on the side are
used for blind spot detection. Mounting height and in angle affect the quality of the radar’s
measurements, as incorrect placement can increase clutter or reduce detection results. When
calibrated, radar provides velocity and distance information that significantly enhances the

robustness of sensor fusion.

Figure 5.5 shows the radar point cloud, where the points are color coded according to the
relative velocity of each object. Red points indicate objects moving away from the sensor,

white points indicate objects moving at the same speed as the ego vehicle, and blue points
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5.2 Sensor Data Preprocessing 23

Figure 5.5: View of the Radar mounted on the Agent

indicate objects approaching. In the image, we can see a white car directly ahead moving at
roughly the same speed as the ego vehicle, while a dark blue truck in the adjacent lane is

approaching, indicating it is moving faste towards the agent.

Table 5.3: Radar Sensor Parameters in CARLA

Parameter Value
Horizontal FOV 100°
Vertical FOV 50°

Points per second 250,000

Range 100 m
Frame rate User-defined
Pitch 5°
Upward offset 1.0m
Forward offset 2.0m

5.2 Sensor Data Preprocessing

Each sensor provides raw measurements that require preprocessing before they can be
processed into a consistent perception pipeline. Proper preprocessing ensures that the data is

aligned, cleaned, and represented in a form suitable for tasks.
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24 Chapter 5. Sensor Setup and Processing

RGB Camera

Monocular cameras capture 2D RGB images, which are initially provided as raw byte
arrays. These arrays must be reshaped into (H x W x 3) arrays corresponding to the im-
age height, width, and color channels. Pixel values are typically normalized, and images are
resized to match the input of neural networks.

LiDAR

LiDAR sensors produce dense 3D point clouds, where each point contains position and
intensity information (x, y, z, 7). The raw data is typically provided as a flat float buffer, which

must be reshaped into (V, 4) arrays for N points.

Radar

Radar sensors provide measurements in polar coordinates, specifically azimuth 6, alti-
tude ¢, range r, and relative velocity v. These measurements are converted into Cartesian

coordinates using:
r=rcospcosf, y=rcos¢sinfh, z=rsino.
The final output is a structured array (z, y, z, v).

Table 5.4: Sensor Data and Preprocessing Summary

Sensor Raw Data Preprocessing

Camera RGB image Reshape, normalize, resize
LiDAR (z,y, z,intensity) Reshape, filter

Radar  (0,¢,r,v) Convert to (x,y, z,v), stack

5.3 Synchronization

In a multi-sensor perception pipeline, accurate synchronization is just as critical as spatial
calibration. This is essential because autonomous driving environments are highly dynamic:
even small temporal misalignments can result in significant errors, such as placing objects at

incorrect positions.
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5.3.1 Different Sensor Rates 25

5.3.1 Different Sensor Rates

Each sensor operates at a different frequency. For example, cameras provide faster than
LiDAR and Radar. Moreover, radar operates at a much slower rate due to the extensive pre-
processing it requires. This means that, for a given moment in time, the sensors do not au-
tomatically provide a consistent set of measurements. Figure [5.6 illustrates this challenge. It
shows in the passage of time how frames from different sensors are processed at completely

different rates.

Sensor rates per frame
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Figure 5.6: Sensor preprocessing rates per frame.

5.3.2 Frame Buffer Synchronization

Synchronization ensures that data from all sensors corresponds to the same frame ID.
To address this, a frame buffer mechanism was implemented. The buffer stores data from
each sensor, indexed by a unique frame ID. When a measurement from a sensor arrives, it
is temporarily blocked until matching data from all other sensors with the same frame ID is
available. Only when all expected inputs are received does the buffer release the synchronized
frame to the perception pipeline. This ensures that multi-sensor fusion operates on temporally

aligned data, avoiding inconsistencies caused by rate mismatches.
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Handling Missing Data

In real world and simulated environments, it is not guaranteed that all sensors deliver data
reliably at every frame. To maintain real time operation, a timeout mechanism is applied. If
a specified waiting period passes after the first sensor delivers data for a given frame ID, and
one or more other sensors have not yet provided their data, the missing measurements are
marked as unavailable. The buffer then releases the partially complete set of sensor data to
the pipeline, ensuring that perception continues without blocking.

This limitation shows one of the most important reasons for relying on multiple different
sensors rather than a single one. Individual sensors can fail temporarily, produce noisy mea-

surements, or return unreliable information in challenging conditions, e.g. fog for cameras.

SENS0C .4 All Data Arrive Radar data barely Timeout: Radar Timeout: LIDAR

on Time on time data not on time data missing

@ Camera :

@ 1
® LiDAR

.,

Radar '

30ms

-

Framel 100ms  Frame2 Frame3 Frame4

Figure 5.7: Example of Sensor Stream Alignment with Timeout

Figure [.7 presents a full example of how the buffer works on real-time weather the data
have arrived before the timeout or not. It is established that the frames arrive every 100 ms
and that the timeout margin is 30 ms (see Figure B.¢ for an understanding of how many sensor
data points fall outside this margin). Frame 1 shows all data arriving on time. Frame 2 shows
that data might start arriving at different times but all data should arrive before the timeout
even if they bareky reach it. Frame 3 displays a timeout due to late arrival of data, while

Frame 4 shows a timeout due to missing data.
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5.4 Sensor Calibration 27

This design has two key advantages:

* Robustness: The pipeline continues to run in real-time, even if one sensor temporarily

fails or delivers data late.

+ Consistency: When all sensors succeed in providing data on time, their measurements

are guaranteed to be aligned by frame ID, producing synchronized fusion results.

In summary, synchronization ensures that multi-sensor data can be correctly combined,
while redundancy protects the perception system against delays, failures, or degraded mea-
surements from any single sensor. This forms the foundation of reliable multi-sensor fusion,
enabling robust operation even under imperfect real world conditions. Figure ?? shows the

complete flow of the synchronization process.

Timestamp Alignment Buffer Waiting Timeout

1D Buffers
— [ [ ]
it .
®i—{ ]
)
$ wotar ——f [ | | =

m Camera

Fusion

— Pipeline

All data arrive

Figure 5.8: General synchronization process for multi-sensor alignment. Streams are aligned
by timestamp, buffered, checked for timeout, and either released as a complete set or flagged

with missing data.

5.4 Sensor Calibration

Sensor calibration is a crucial step in any perception system, as it ensures that all sensors
provide geometrically consistent and accurate measurements. Calibration involves determin-
ing both the intrinsic parameters of each sensor, which describe the internal geometry and
imaging properties, and the extrinsic parameters, which define the position and orientation
of sensors relative to a reference frame. Accurate calibration enables multi-sensor fusion, 3D

reconstruction, object detection, and depth estimation in autonomous systems.
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Figure 5.9: Forward Imaging Model: 3D to 2D

5.4.1 Perspective Projection (Intrinsic Calibration)

Perspective projection is the fundamental imaging model in which all rays from the 3D
scene pass through a single projection center before intersecting the image plane. This pro-
jection center, called the pinhole, serves as the viewpoint of the camera. In this central projec-
tion, every 3D point is mapped to a 2D image point along a straight line through the pinhole.
Calibration ensures that the internal characteristics of the camera are accurately represented,
including the focal length, pixel geometry, and sensor alignment, which are critical for multi-
sensor fusion.

The intrinsic parameters encode the internal geometry of the camera sensor and lens sys-
tem. They determine how rays in the camera coordinate frame are mapped to pixel coordinates

in the image plane. In homogeneous coordinates, the intrinsic calibration matrix is defined

as :
fo 0 ¢ O
K=10 f, ¢ 0],
0O 0 1 0

where each term has a distinct physical meaning:

* Focal lengths (f;, f,). These represent the focal length expressed in pixels along the

horizontal and vertical axes:

where f is the physical focal length of the lens and m,, m, are the physical pixel

dimensions (mm/pixel). If the sensor has square pixels (m, = m,), then f, = f,. If
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the pixels are rectangular (m, # m,), the scales differ and geometric distortions occur,

circles are projected as ellipses, unless corrected.

In the CARLA simulation, the effective focal length is computed directly from the

image resolution and field of view as :

width

Jo= 1= 2tan(FoV/2)’

assuming square pixels. This ensures that the projection of 3D points onto the 2D image

plane respects the simulated camera’s FOV and resolution.

* Principal point (c,, ¢, ). The principal point represents the intersection of the camera’s
optical axis with the image plane. In theory, it is the geometric center of the sensor,
but in practice, there are small shifts due to lens assembly or sensor misalignment.
Mathematically, it is expressed as :

B width — 1

~ height — 1
2 B ‘

Cy B

Cx

Including the principal point in the intrinsic matrix ensures that the projection of 3D

points onto the image plane is correctly referenced relative to the sensor origin.

Thus, given a 3D point in the camera coordinate frame Po = (X¢, Yo, Z¢), the corre-

sponding image pixel (u, v) is computed using the intrinsic parameters as:

Xc
B Y,
v — K ¢ )
Zc
1
1

This form is essential in computer vision pipelines, as it provides a direct mapping from
3D camera-centric coordinates to 2D image coordinates, enabling precise alignment between

sensor measurements and image data.
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5.4.2 Coordinate Transformation (Extrinsic Calibration)

While intrinsic calibration describes the internal properties of a camera, extrinsic calibra-
tion defines its position and orientation relative to the world or other sensors. The extrinsic
parameters consist of a rotation matrix R € R3*3 and a translation vector t € R3, which
together locate the camera in the world coordinate frame V.

The rotation matrix R is an orthogonal 3 x 3 matrix that aligns the world coordinate axes

with the camera’s axes. It can be built from rotations about the standard X, Y, and Z axes:

1 0 0 cos@ 0 sinf cos@ —sinf 0
Rx(#) = |0 cosf —sinf|,Ry(0)= 0 1 0 |,Rz(0)= |sinf cosf® 0
0 sinf@ cosd —sinf 0 cosf 0 0 1

A general rotation matrix R is obtained by multiplying these elementary matrices in a
specific order depending on the rotation sequence (e.g., ZYX, XYZ). For example, for yaw

(1), pitch (0), and roll (¢), the combined rotation is:

R = Rz(¢¥)Ry(0)Rx(9).

This matrix transforms coordinates from the world frame to the camera frame, aligning
the camera’s axes with the world axes.

The translation vector t = [t,, t,,t,]” represents the position of the camera’s origin in the
world frame. It shifts the origin of the world frame to the camera’s location. Together, rotation
and translation allow transforming a point Py, = [ Xy, Yy, Zw]? from world coordinates to

camera coordinates:

Pc =R(Py — t).

Here, the world point Py is first translated by —t to the camera origin, then rotated by R
to align with the camera’s axes. The complete extrinsic transformation can also be expressed

as a 4 x 4 matrix in homogeneous coordinates:

R t
Twe = ;
of 1

so that :
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Xc Xw
Yo Yw
Pc=TwcPw, Pc= , Pw=
Zo Zw
1 1

This form provides a consistent and precise way to map points from the world frame into

the camera frame, which is essential for 3D reconstruction.

5.4.3 Multi-Sensor Coordinate Transformations

Building on the extrinsic calibration framework, multi-sensor systems require expressing
measurements from different sensors in a common reference frame. Typical transformations
include mapping LiDAR or radar points into the camera frame.

Let Toow, Tr_w, and T r_,1 be the extrinsic transformation matrices of the camera,
LiDAR, and radar with respect to the world frame W respectively. The transformation from
a sensor frame S (LiDAR or radar) to a target frame 7' (camera, radar, or LiDAR) is given

by:

TS—>T = TW—)T TS—>W>

1

where Ty ,r = T,

w 1s the inverse of the target-to-world transformation.

In simple words, firstly the point is moved from the sensor’s local frame into the world
frame (Ts_, ). Then it is mapped from the world frame into the target sensor’s frame (T, 7).
The result is the same point, now expressed in the coordinates of the target sensor. This guar-
antees that all measurements, whether they come from LiDAR, radar, or a camera, can be

directly compared or combined.

3D point to 2D point

A common case is projecting 3D points onto a 2D image. To do this, the 3D points are
first transformed into the world frame, then into the camera frame using the above formula.
Once expressed in camera coordinates, they can be projected onto the image plane using the

intrinsic matrix. This enables tasks like overlaying depth information onto camera images.
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(/) LiDAR points mapped and projected into (B’) Radar points mapped and projected into
the camera frame, colored according to the the camera frame, colored according to their
points depth. relative velocity.

(y) View of the RGB Camera for reference.

3D Mapping

Another useful case is mapping Radar points into the LiDAR frame. Both sensors are
mounted on the same platform but usually at different positions. The LiDAR points are trans-
formed into the world frame and then into the radar frame. This process is important because
it allows radar detections to be directly compared with LiDAR point clouds. By aligning both

sources of data in the same coordinate frame, the object locations can be verified.

By chaining transformations through the world frame, any sensor’s measurements can be
expressed in another sensor’s frame. This unified view is the backbone of multi-sensor fusion

pipelines, enabling cameras, LiDARs, and radars to work together.
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(o) Radar points mapped and projected into (') View of the RGB Camera for reference.
the LiDAR frame.

5.4.4 Stereo Calibration

Stereo calibration is the process of determining the geometric relationship between two
cameras observing the same scene. Unlike intrinsic calibration, which describes the internal
geometry of a single camera, stereo calibration focuses on the relative pose between a left
camera and a right camera. Let the left camera be considered as the reference coordinate

frame C'7, and the right camera as C'g. The transformation between them is defined as:
Pc, =Ri_rPc, +trR,

where P, and P, are the coordinates of the same 3D point expressed in the left and right
camera frames, R _, is the rotation matrix, and t;_, z is the translation vector. In homoge-

neous coordinates, this relation is expressed as :

Rir tior

o’ 1

TL—)R =

If T, w and T,y are the extrinsic matrices of the left and right cameras with respect
to the world frame, then the relative transformation from the left to the right camera can be

written as :

—1
Tior=Twoc, Topow = (Topow) T mw.

The main outcome of stereo calibration is the ability to compute depth using the principle
of triangulation. A point in the scene is projected onto the left image at pixel coordinates
(ur,vr) and onto the right image at (ug, vg). After stereo rectification, the two image planes

are aligned so that the vertical coordinates are equal, v;, = vg. The horizontal shift

d:uL—uR
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is called the disparity. The disparity is directly related to the depth of the observed point.

(u, 00

Left camera

| , >
“‘x_ (ur: i’-r)
oy |
o5 00'300“\‘\ Right camera
Sep, W e

% 4 -
Figure 5.12: Stereo geometry with baseline B and 3D point triangulation.

Let f,, f, be the focal lengths along the image axes, and let c,, ¢, be the principal point.
The baseline B = ||t _,r|| is the distance between the optical centers of the two cameras.
With these parameters, the depth Z of the 3D point can be computed as :

:f.'E‘B

A
d

This shows that large disparities correspond to points that are close to the cameras, while
small disparities correspond to points further away.
Once Z is known, the full 3D coordinates of the point in the left camera frame can be

reconstructed:

¥ _ (uL—cx)Z: (up, —c;) B v — (vL—cy)Z: (vL—cy)fx37 g _

fa d Jy fyd

These equations show analytically how disparity, baseline, and camera intrinsics work

foB
d

together to recover the metric 3D coordinates (X, Y, Z). Importantly, the accuracy of the
reconstruction strongly depends on the baseline length B and the precision of disparity. A
larger baseline improves depth perception.

The disparity map is a visual representation of depth information derived from stereo
image pairs. Each pixel in the map encodes the horizontal shift, or disparity, between its

projections in the left and right images. The disparity map provides a depth estimate of the
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scene, which can be directly used for 3D reconstruction, environment understanding, and

obstacle detection.

(o) Disparity map. (') View of the RGB Camera for reference.

(y") Stereo 3D points mapped and projected

into the LiDAR frame.

Figure 5.13: Comparison of disparity, stereo projection and the RGB camera view.

Stereo 3D points can be transformed into the LiDAR frame using the multi-sensor trans-
formation framework as seen in Figure [5.13y]. By projecting 3D points reconstructed from
stereo disparity into the world frame and then transforming them into the LiDAR coordinate
system, one can directly compare the stereo point cloud with LIDAR measurements. It should
be noted that, the quality of disparity is highly dependent on environmental conditions: in bad
weather such as heavy rain, fog, or low light, the disparity map becomes noisy and unreliable,

whereas in clear and good weather conditions it produces accurate and consistent results as

seen in Figure B.130].
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Chapter 6

Object Detection

Object detection is the process of turning raw sensor data into useful information about the
surrounding environment. In practice, this means finding where objects are and what they are.
Cameras, LIDAR, radar, and stereo vision contain valuable information, but without further
processing, the data remain unstructured. Object detection methods extract patterns, classify
them into semantic categories and provide geometric descriptions of their position in space.
This step is very important because it forms the basis for later tasks such as tracking, motion

prediction, and decision-making in autonomous driving.

It is important to note that the detection methods presented in this chapter can be ap-
plied in both early and late fusion schemes, which will be discussed in detail in the following
chapter. Early fusion benefits from raw or intermediate sensor representations, where detec-
tions from different modalities are aligned at the feature or data level. Late fusion, on the
other hand, combines independent detection results. Depending on the application and sys-
tem constraints, either approach can take advantage of the 2D and 3D detection pipelines

described here.

6.1 2D Detection

In 2D detection, objects are localized inside an image. The output is usually a rectangular
bounding box with a class label and a confidence score. This information allows a system to

understand what objects are present and where they are located in the image plane.

37
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38 Chapter 6. Object Detection

6.1.1 Camera

Detection architectures are generally divided into two-stage detectors and one-stage de-
tectors, as explained in the Background. In previous work of mine, several object detection
models were evaluated in terms of speed, accuracy, and hardware requirements. The models

tested were:

* YOLOVS, a fast one-stage detector designed for real time. It predicts bounding boxes

and class labels in a single pass, offering a strong speed/accuracy trade-off.

* FCOS-ResNet50-FPN, an anchor-free, one-stage model with a ResNet-50 backbone
and an FPN. Its design is simple, but in experiments it was less accurate and less robust

than YOLOVS and Faster R-CNN, especially for challenging cases.

» Faster R-CNN, a two-stage model divided in two categories:

— MobileNet v3 Large FPN, optimized for speed and efficiency using depthwise
separable convolutions and an FPN for multi-scale features. It is suitable for lim-

ited hardware.

— ResNet50 FPN v2, higher accuracy for complex scenes due to a stronger backbone

and FPN, but it increases the computation.

» SSD-Lite 320 (MobileNet v3 Large), a lightweight SSD variant for fast inference on
embedded devices. It is very efficient but generally less accurate than the larger models

above.

Testing showed that Faster R-CNN ResNet50 FPN v2 achieved the highest detection
accuracy on high-performance GPUs due to its strong feature extraction capabilities, making
it the preferred choice for complex tasks. However, its computational cost is higher, making
it a non real-time option. On the other hand, YOLOVS offered the best balance of speed and

accuracy, enabling efficient real-time detection.
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Figure 6.1: Excellent detection example: Figure 6.2: Good detection example:
Faster R-CNN ResNet50 FPN v2. YOLOVSs.

Figure 6.3: Bad detection example:

FCOS-ResNet50-FPN.

Models comparison on the NVIDIA GeForce RTX 4090
scites_movienct <> | - -::
feos_resnetso_fon | o 02!

Models

o 0.005 0.01 0.015 002 0.015 003 0.035

Average Detection Time (s)

Figure 6.4: Models comparison on the NVIDIA GeForce RTX 4090 on average detection

time per frame.

Based on these results, YOLOvS was selected for 2D detection in this thesis, providing an

optimal trade-off between computational efficiency and detection performance in real time.
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YOLOVS8 Architecture

YOLOVS is a one-stage object detector designed for real-time applications. For each de-
tected object, the network outputs three pieces of information: the bounding box coordinates,
which show where the object is in the image, the class label, which identifies what the object
is, and the confidence score, which indicates how certain the model is about the detection.

Before being passed to the network, images go through a preprocessing stage to ensure
consistent input and improve detection quality. Each image is resized to match the model’s
input dimensions, and pixel values are normalized to make training and inference more sta-
ble. During training, data augmentation techniques such as flips, rotations, and small color
changes are also applied. These steps make the model more robust to variations in lighting,
scale, and viewpoint, helping it perform better on new, unseen data.

The YOLOVS network is organized into three main components. The Backbone is a con-
volutional network that extracts features from the image, capturing both simple patterns like
edges and more complex ones like object parts. The Neck combines features from different
scales using feature fusion structures, which helps detect both large and small objects. Fi-
nally, the Head produces the final detections by predicting bounding boxes, class labels, and

confidence scores in a single step.

Backbone Neck Head

Icum_ Is}F\} @

B <o cuf)

Conv E j -
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e e [ ceF

\ .
| \ nca
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Figure 6.5: YOLOV8 Architecture

This design allows YOLOVS8 to achieve high accuracy while keeping inference fast enough
for real-time use. Compared to earlier YOLO versions, YOLOVS introduces a cleaner archi-
tecture and improved training strategies, making it more flexible and accurate without losing

the speed.

Figures 6.6a], 6.6B], 6.6y] shows two aspects of the YOLOVS detector. The first images
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illustrates the model’s output on a sample traffic scene, with bounding boxes and class labels
over detected objects. The last image presents the execution time for each frame, highlighting

the model’s real-time performance and consistency across multiple frames.

(o) Example of YOLOVS detection on a traffic (B’) Example of YOLOVS8 detection on a traffic

scene in CARLA in bad weather. scene in CARLA in nice weather.

Inference Time in ms of every frame
running YOLOVE

]
& onom 3

inference time (ms)
@ w8 N

g
R R R = o i B B i S R
Framas

(y") Execution time per frame for YOLOVS in-

ference.

6.1.2 LiDAR/Radar

For 2D object detection using LiDAR or Radar, the 3D points captured by the sensors are
first projected onto the image plane. Each point is given a color that represents its distance
from the sensor. This creates a 2D image where the depth information is preserved, allowing
the data to be combined with camera images. This way, the 3D problem is simplified to 2D
while keeping important distance information.

The detection process uses the DBSCAN algorithm to group points into object clusters.
DBSCAN finds dense regions of points as clusters and labels sparse points as noise. In this
method, the algorithm considers each point’s (z,y) coordinates and depth color. This helps

detect objects even in cluttered environments or when they are partially hidden. The process
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Figure 6.7: Non depth-encoded 2D represen-  Figure 6.8: Depth-encoded 2D representa-
tation of LiDAR points. tion of LiDAR points.

has three main stages. First, the projection stage converts the 3D points into a depth-colored
2D image. Then, the clustering stage applies DBSCAN to form object clusters. Lastly, the
post-processing stage converts each cluster into a 2D bounding box by determining its size
and position in the image.

LiDAR and radar have different characteristics that affect clustering. LiDAR produces
dense, accurate points, while radar points are sparser and noisier. Because of this, DBSCAN
needs different settings for each sensor: smaller radii and more points for LIDAR, larger radii
and fewer points for radar. Proper tuning ensures both sensors’ points are effectively grouped
into object clusters in the depth-encoded 2D representation.

A key advantage of this method is its speed and simplicity. Unlike complex 3D learning-
based networks, this approach can run in real time on any hardware. It is robust to changes in
point density and sensor noise. By using depth information in a 2D framework, this approach
achieves a practical balance between detection accuracy and computational efficiency.

Figures 6.9, 6.10, shows two aspects of the 2D DBSCAN detector. The first two
images illustrate the model’s output on a sample traffic scene, with bounding boxes. The
last image presents the execution time for each frame, showing the model’s real-time perfor-

mance.
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Figure 6.9: 2D Clustering of LiDAR  Figure 6.10: 2D Clustering of Radar

points. points.

Inference Time in ms of every frame
runming DBSCAN in the 2d plane

—rE —a

Figure 6.11: Execution time per frame for

DBSCAN inference in a 2d plane.

6.2 3D Detection

Three-dimensional detection extends object detection beyond the image plane into real-
world space. Instead of only finding objects in 2D, the system now estimates their true po-
sition, size, and orientation in three dimensions. This allows more accurate tracking and a
better understanding of how objects move in the environment. 3D detection is especially im-
portant for applications like autonomous driving, where depth and distance are critical for

safe decision making.

LiDAR and Radar sensors provide direct measurements of the 3D environment. Unlike
in the 2D case, where the point cloud is projected onto an image plane, the detection here is
performed directly on the raw 3D points. As for the stereo, its data are generally less accurate
and more sensitive to lighting conditions than LiDAR and Radar. It is a low-cost alternative
and can serve as a useful complement to camera-based perception when LiDAR or Radar
are not available. The DBSCAN clustering algorithm is applied in three dimensions, group-
ing nearby points into clusters that represent objects. By using the full spatial coordinates

(x,y,z), DBSCAN can separate objects more precisely and preserve their shape in space.
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Once clusters are identified, each one is enclosed in a 3D bounding box. A 3D bounding box

provides a compact way to describe an object in space, capturing the following:

« Position: the center coordinates (z, y, z) of the object in the sensor’s reference frame.

* Dimensions: the width, length, and height of the object, defining its physical size.

* Orientation: the rotation angle (often yaw) that indicates how the object is aligned in

the scene.

(o) 3D Clustering of Lidar points (') 3D Clustering of Radar points

'S

(v") 3D Clustering of Stereo points (&) View of the RGB Camera for reference.

Figure 6.12: Comparison of 3D clustering results across different sensors.

The effectiveness of this step depends on careful tuning of DBSCAN parameters, since Li-
DAR and radar produce point clouds with very different densities and characteristics. Proper
parameter choice ensures that objects are segmented cleanly without merging or splitting

CIrors.
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Inference Time in ms of every frame
running DBSCAN in the 3d plane

e
(=]

w
w“

an

=
E
w
E
=
u
L=3
=
@
_
L]
3
E

Frames

e [ AR s Radar Stereo Camera

Figure 6.13: Execution time per frame for DBSCAN clustering for LiDAR and Radar and

stereo points

Figure 6.14: Non depth-encoded 2D repre-  Figure 6.15: Depth-encoded 2D representa-
sentation of LiDAR points. tion of LiDAR points.

The stereo camera can produce accurate 3D points in good weather, but it performs poorly
in bad conditions. Rain, fog, or low light make disparity estimation unreliable, creating noisy
or incorrect 3D reconstructions, as shown in Figure .12y]. In contrast, in clear weather, the
stereo camera provides accurate depth maps and reliable 3D detections, complementing Li-
DAR and radar, as seen in Figure .14. To ensure robust multi-sensor fusion, the stereo cam-

era should not be used for detections in bad weather, as it only adds noise.
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Chapter 7

Multi-Sensor Fusion

Sensor fusion is an essential technology for improving perception in autonomous systems.
Each sensor provides partial information about the environment, as discussed in previous
chapters. By combining data from multiple sensors, we can create a more accurate, robust,
and reliable representation than any single sensor alone. This chapter presents the main fusion
strategies, their theory, and how they were applied in this work.

Sensor fusion is essential for autonomous driving. Its goal is to combine different sensor
types to get a more complete understanding of the surroundings. No sensor is perfect: cameras
can classify objects but struggle with depth, LiIDAR provides precise 3D geometry but limited
semantic information, and radar works well in rain or fog but has low angular resolution.By

combining them, we can exploit their strengths and reduce their weaknesses.

7.1 Fusion Strategies Overview

Fusion can be applied at different levels, depending on when in the processing pipeline

it happens:

* Early Fusion (Data-Level): Raw sensor data are merged before any detection. This
gives the most complete spatial information but requires careful alignment and cali-

bration.

* Late Fusion (Decision-Level): Outputs from independent detectors are merged to pro-
duce final predictions. This method is robust to single-sensor failures but may lose

some advantages of combining features earlier.
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48 Chapter 7. Multi-Sensor Fusion

Each strategy has strengths and weaknesses in terms of accuracy, robustness, and com-

putational cost.

7.2 Early Fusion (Data-Level)

Early fusion combines raw measurements from different sensors before any detection or
classification. This allows geometric and semantic information from multiple sensors to be
preserved. The calibration and synchronization methods required for this step were discussed

in Chapter M. Here, we focus on 2D and 3D strategies for merging raw data.

€
£

Figure 7.1: Early Fusion Pipeline

In practice, early fusion is challenging because sensors differ in dimensionality, density,
and noise. Cameras produce dense 2D pixel grids, LIDAR gives sparse 3D points, and radar
returns sparse points with velocity. Therefore, synchronization, calibration, and alignment

are very critical to avoid inconsistencies across modalities.

2D Projection Fusion

In the 2D plane, firstly, LIDAR and radar points are projected into the image space. There,
camera, LiIDAR and Radar generates bounding boxes for detected objects. Each sensor then
generates detections (bounding boxes). The detections are combined, producing a fused out-
put where each sensor contributes equally: LiDAR provides geometry and depth, the radar

adds distance and velocity, and the camera provides labels and outlines of objects.
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EARLY Fusion

LiDAR Point Cloud

Radar Point Cloud

RGB Camera

Figure 7.2: Illustration of an early fusion pipeline in 2D Projection.

A limitation of 2D projection fusion is that projected LiIDAR or radar points may fall into
the wrong bounding box, or even into the background, leading to incorrect associations. This

ambiguity is common when objects overlap in the image or when detections are imprecise.

Figure 7.3: LIDAR, radar points and camera  Figure 7.4: Result of early fusion: fused de-

merged into the image space tection combining 2D detection.

Figures [7.3 and [7.4 show the process. The first one shows the LiDAR and radar points
projected into the camera image. The second one displays the final fused output, where all
sensor detections are combined into a single, consolidated representation, preserving both

geometric and semantic information.
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50 Chapter 7. Multi-Sensor Fusion

The second one presents the final fused output, where detections from all sensors are
combined into a unified representation. This fusion not only preserves the geometric and se-
mantic information of the scene but also enriches it with additional information. Specifically,
each detected object is displayed with its distance and speed, allowing for a better situational
awareness. Furthermore, the visualization includes the sensor sources that contributed to each
detection, C in red is for the Camera, L in green is for the LiDAR and R in blue is for the
Radar.

3D Projection Fusion

While projection of 3D point clouds into 2D image space is the most common approach,
the inverse process is also possible, lifting 2D pixels or visual features into 3D space, as
described in Chapter {|. Here, image pixels are projected using depth information to match 3D
geometry. This approach is widely used in visual SLAM and 3D reconstruction. Compared
to projecting 3D LiDAR points into the 2D plane, lifting 2D features into 3D has several
advantages. First, it avoids overlapping bounding boxes in image space, since the fusion
occurs directly in 3D where objects are better separated. Second, semantic labels from the
image can be tied to precise 3D positions. Finally, this method enables rich reconstructions

because every pixel can contribute to the 3D representation.

EARLY Fusion

RGB Camera

o Projection
e

Radar Point Cloud

LiDAR Point Cloud ]’

Figure 7.5: Illustration of an early fusion pipeline in 3D Projection.
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However, this strategy comes with challenges. Accurate 3D lifting requires high-quality
depth estimates, which may introduce errors under textureless regions, reflective surfaces,
or different lighting. It is also more computationally demanding than projecting LiDAR and
Radar points into 2D, since it often involves per-pixel operations. Despite these drawbacks,
pixel-to-3D lifting provides a more geometrically consistent basis for sensor fusion, espe-
cially in applications that require detailed spatial reasoning such as mapping, planning, and

augmented perception.

Figure 7.6: LiIDAR and radar points merged  Figure 7.7: Visual result of early fusion de-

into a common 3D point cloud. tection.

The left image shows the raw integration of LiDAR, radar, and stereo camera measure-
ments into a common 3D point cloud. This unified representation is the input to the early
fusion pipeline. The right image shows the outcome of applying early fusion detection on
this data. Objects are clustered and detected directly from the combined multi-sensor point

cloud.

7.3 Late Fusion (Decision-Level)

Late fusion combines the outputs of independent detectors rather than the raw sensor data.
In this work, LiDAR, radar, and camera detections were first generated separately and then
merged into a unified output. This process can take place either in the 2D image space or
directly in 3D space, depending on the task.

The procedure has three steps:

1. Independent Object Detection: Each sensor runs its own detection algorithm. For

LiDAR, Radar, and Stereo camera clustering, as seen in Chapter , 3D bounding boxes
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Figure 7.8: Late Fusion Pipeline

are generated. For the camera, YOLOVS provides 2D bounding boxes.

2. Bounding Box Association: Detected objects are compared across sensors using an
overlap metric such as Intersection-over-Union (IoU). If two bounding boxes from
different sensors overlap sufficiently, they are considered to represent the same physical

object.

3. Temporal Matching: To extend fusion over time, detections from consecutive frames
can be linked using algorithms such as the Kalman Filter with Hungarian matching.

This supports multi-object tracking and temporal fusion, discussed in Chapter [7.

2D Projection Fusion

LATE Fusion

Detection
LiDAR Point Cloud

RGB Camera

| . &=
1

Figure 7.9: Illustration of a late fusion pipeline in 2D Projection.
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In the 2D plane, all sensor detections are projected onto the camera image plane. LIDAR
and radar points are clustered and the 3d bounding boxes that are extracted are projected into
2D. Camera detections provide bounding boxes directly. Overlapping 2D boxes are merged
using IoU, producing a single, consolidated detection per object in the image. This repre-

sentation is especially useful for visualization, 2D tracking, and tasks where 2D information

suffices.

Figure 7.10: LIDAR, radar, and stereo detec-  Figure 7.11: Visual result of late fusion de-

tions into a common 2D image plane. tection in 2d plane.

Figures and illustrate the process. The first shows how raw detections from each
sensor are projected onto the image plane, while the second shows the result after merging

overlapping detections into a single bounding box per object.

3D Projection Fusion

In the 3D plane, detections stay in world coordinates. LiDAR clusters, radar points, and
stereo camera 3D bounding boxes are compared in 3D space. Objects are merged based on
spatial overlap, producing accurate 3D positions and sizes for each object. This is crucial for
path planning, collision avoidance, and any task that needs 3D understanding.

Figure shows how the late fusion pipeline works in the 3D projection. The fusion
happens after the individual sensor processing is complete, rather than at the raw data level.
The main advantage of this method is that each sensor can use its own best-suited detection
algorithm, and the final fusion step combines the results into a more complete and reliable
representation of the environment.

In the last fusion stage, the stereo camera was not included. This choice comes from
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LLATE Fusion

RGB Camera

=

Detection

Radar Point Cloud

LiDAR Point Cloud

Figure 7.12: Illustration of an late fusion pipeline in 3D Projection.

the fact that the stereo system depends on matching images from the two lenses to estimate
depth. When the weather is clear and bright, this process works well and the stereo camera
can provide good 3D points. However, in poor conditions such as rain, fog, or low light, the
image quality drops and the depth calculation becomes very unreliable. Instead of clear 3D
points, the system produces a lot of random noise. If this noisy data is combined with LIDAR
and radar, it can damage the quality of the final detection results and make the system less
trustworthy. For this reason, the stereo camera was skipped in the final fusion. Relying only
on LiDAR and radar, which are much more stable under different conditions, gives a cleaner
and more consistent outcome. This shows that the stereo camera should only be used when
the environment allows it, and it should not be part of the fusion in bad weather because it
mainly produces noise.

Figures and illustrate this process. The first shows the independent 3D detec-
tions from each sensor in a common coordinate system, while the second shows the final
fused 3D bounding boxes after merging overlapping detections.

Late fusion offers important advantages. Since sensors are processed independently, it is

robust to individual sensor failures and it doesn’t requires precise point-to-point calibration
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at runtime. The fusion step is also relatively lightweight, making it computationally efficient.
However, by fusing only at the decision stage, some complementary information between

sensors is getting lost. This can reduce accuracy in detecting small or occluded objects.

5 ST

Figure 7.13: LiDAR and radar detections  Figure 7.14: Visual result of late fusion de-

into a common 3D point cloud. tection in 3D plane.

Figure compares the time each fusion method takes per frame. The results show that
2D fusion is faster than 3D fusion because it works with fewer points and simpler data, while
3D fusion needs to process dense point clouds and more complex computations.

Late fusion is also quicker than early fusion. In late fusion, each sensor is processed
separately, and only the detection results are merged, so there is less work to do. Early fusion
combines raw data from all sensors before processing, which increases the computational

load.

Comparison of all the fusion methods inference time per frame in ms
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Figure 7.15: Comparison of inference time per frame (ms) for early and late fusion in both

2D and 3D space.
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Chapter 8

Tracking

Tracking is an important part of perception systems in autonomous vehicles. While object
detection gives the positions of nearby objects at a single moment, tracking connects these
detections over time to create smooth and consistent paths. This continuity helps with pre-
dicting short-term motion, handling occlusions, and making planning more reliable. One of
the most common tools for motion prediction in tracking is the Kalman filter.

Even though recent deep learning methods [5] can combine detection and tracking in one
step, Kalman filters are still widely used. They are fast, reliable in real-time systems, and work
well with multiple sensors. Unlike deep learning models, which often need large datasets
and heavy computation, Kalman filters are lightweight, easy to understand, and suitable for
embedded systems. For these reasons, they remain a preferred choice in many real-world
multi-object tracking (MOT) applications, especially in autonomous driving, where speed,

reliability, and low resource use are critical.

8.1 Kalman Filters

The Kalman filter is a mathematical method used to estimate the state of a system that
changes over time, even when the available measurements are noisy or uncertain. It assumes
that the system follows a linear model with random disturbances (Gaussian noise), and that
the measurements are also affected by noise. By repeatedly combining predictions from the
motion model with new sensor data, the filter produces an estimate of the system state that is
optimal in the sense of minimizing the average squared error.

Each object being tracked is described by a state vector x, which usually contains its
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58 Chapter 8. Tracking

position, velocity, and sometimes additional properties such as size. The covariance matrix P
represents the level of uncertainty in the estimate. The Kalman filter works in two alternating

steps: the prediction step and the update step.

Prediction Step

In this step, the filter uses the previous state and a motion model to estimate the current
state. Essentially, it asks, ”Where do I expect the object to be now, given what I knew before?”.

This predicted state is given by:
Xklk—1 = Fka1|k71,

where F is the state transition matrix describing the system dynamics.

The uncertainty associated with this prediction is also propagated forward:
Pup_1 = FPkfl\kleT +Q,

where Q represents the process noise covariance. This term accounts for model imperfections
and unpredictable accelerations or disturbances. At this stage, the filter essentially produces

a prior estimate, which will later be corrected using actual measurements.

Update Step

When a new measurement z, arrives, the filter uses it to improve the prediction. The first
step is to compare the actual measurement with what the filter expected. This difference is

called the innovation:

Vi = 2z — HXpp—1,

where H converts the predicted state into the same form as the measurement. Next, the filter

estimates the uncertainty of this difference:
Sy = HPy; H' + R,

where R is the measurement noise covariance. The Kalman gain K, then balances how

much weight is given to the prediction versus the measurement:

K, =Py, H'S; "
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8.1 Kalman Filters 59

If the measurement is reliable (low noise), the filter trusts it more. If it is noisy, the filter
relies more on the prediction. Finally, the prediction is corrected using the innovation and the

Kalman gain:

Xpjk = Xijk—1 + KiYi, Py = (I - KeH)Pyp—1.

This means the estimation is shifted towards the measurement, and the uncertainty is reduced.
The update step adjusts the prediction with the new observation, finding the balance between
trusting the model and trusting the data.

The Kalman filter is a compact and efficient method that can be applied to multi-dimensional
tracking tasks, such as 2D and 3D object tracking. Because it can predict future states, the
filter can smooth over missing or noisy measurements and allows reliable tracking over time,

even in real-time applications.

MEASURE INITIALIZE
Input: g Input: Input: Input:
Measurement Measured Estimate Uncertainty System State
Uncertainty Value Initial Guess Initial Guess
Tu Z, . Poo : '?0.0
H Tll.ll -1
UPDATE @ PREDICT H @
Estimate the current % Calculate the predicted state =
Calculate the n_'ﬂ state using the State oo for the next iteration using Xn+in i |
Kalman Gain (K,) Update Equation system’s Dynamic Model Unit
|:r Delay
Update the current Pun Extrapolate the estimate Patin | (n = n-1)
estimate uncertainty uncertainty )
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Output 1: System
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Figure 8.1: Linear Kalman Filter
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8.1.1 2D Tracking

In two-dimensional tracking, the goal is to estimate how the bounding boxes of detected
objects change over time in a sequence of images. The Kalman filter does this by combining
predictions from a motion model with noisy measurements from the detector, producing a
step-by-step estimate of the object’s state. This method helps reduce flickering in detections,
creates smooth object paths, and allows prediction of positions even when measurements are
missing or the object is temporarily hidden.

The state of each tracked object is represented by an eight-dimensional vector :
T
X:xysrvxvyvsw],

where (x,y) are the center coordinates of the bounding box, s is its area, and r the aspect
ratio (width over height). The terms (v,, vy, vs, v,.) represent the corresponding velocities.
Using (s, r) instead of width and height makes it easier to separate changes in size from
changes in shape, avoids invalid cases such as negative dimensions, and provides a smoother
description of objects moving closer or farther from the camera. The detector only provides

the observable values (z,y, s, ), which form the measurement vector:
T
Z = [az Yy S r} .
The evolution of the state is modeled under a velocity assumption,
Xklk—1 = FXk—l\k—h

with the transition matrix :

S RTRRVES F) I

04 I4
where At is the time step between frames. This links positions and scales to their velocities.

The measurements are related to the state by
zr = HXpp—1 + Vg,
where v;, ~ NV (0, R) represents detector noise, and the observation matrix :
H=— [14 04] e RY<®,

shows that only (x, y, s, r) are directly observed, while velocities remain hidden and must be

inferred over time.
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As discussed in the Prediction Step and Update Step, the uncertainty of the estimates is
represented by the covariance matrix P € R®*8, which is propagated and corrected at each
iteration. In this case, at initialization, large values are assigned to the velocity components

of P to reflect limited knowledge of motion at first detection.

The process noise covariance Q € R**® accounts for deviations from constant velocity,
such as acceleration or changes in scale, while the measurement noise covariance R € R***

models detector errors such as jitter or partial occlusion.

In practice, P, Q, and R are initialized as scaled identity matrices, which makes the
initial uncertainties isotropic and easy to tune. Larger noise values in R make the filter rely
more on measurements, while smaller values emphasize the predicted dynamics. By alternat-
ing prediction and update, the filter produces smooth and consistent trajectories even when

detections are missing or noisy.

In addition to the state vector, the tracker can maintain an auxiliary estimate of the object’s
distance from the observer. If a previous distance and an estimated velocity are available, the
distance is updated at each time step using a simple linear motion model: the signed speed is

multiplied by the time step At and added to the previous distance.

Finally, for visualization, bounding boxes given by their corner coordinates [+, y1, T2, ¥o]
are converted to the measurement format used by the filter by computing their width and

height, the center coordinates, area, and aspect ratio:

w=zy—1, h=yp—y, z=mn+35, y=yutsg, s=w-h r=73

This conversion keeps the Kalman filter’s internal state consistent with the bounding-box

format needed for display and further processing.

The figure B.2 shows the temporal evolution of 2D object tracking over 12 consecutive
frames. In every third frame, sensor fusion occurs, meaning that the object’s position, speed,
and distance are updated using the actual sensor measurements from LiDAR, radar, and cam-
era. In the frames in between, the tracker relies solely on its predictions, propagating the state
forward. As a result, the bounding box smoothly moves along the predicted trajectory, and

the displayed speed and distance values are estimated rather than directly measured.
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Figure 8.2: Example of 2D object tracking. The temporal evolution of object positions is

shown in the 12 frames.

8.1.2 3D Tracking

Three-dimensional tracking extends the two-dimensional formulation to estimate the tem-
poral evolution of objects in real-world 3D space. Each object is represented by a bounding
box defined by its minimum and maximum coordinates along the x, y, and z axes. Unlike in
2D tracking, where the bounding-box size changes as an object moves closer or farther from
the camera and must be estimated, in 3D tracking the object’s physical size remains relatively
constant, so only the position and velocity are modeled and tracked.

In 3D tracking, each object is represented by a six-dimensional state vector
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-
6x1
Xz[cx Cy Co Uy Uy vz} c R°".

The measurements contain only the positions
T 3x1
7Z = [cz Cy Cz] eR

The matrices H € R3*% (observation matrix), P € R%6 (covariance matrix), Q € R®*6
(process noise matrix), and R € R3*3 (measurement noise matrix) perform the same roles as
in 2D tracking, but with dimensions adjusted for the 3D state. The rest of the Kalman filtering
procedure, including prediction, update, deriving the speed and the distance, is implemented

as in 2D tracking, producing smooth and consistent trajectories.

Bounding boxes, given in corner coordinates [Zmin, Ymin, Zmins Lmax; Ymaxs Zmax)s are con-

verted to the state vector using the center coordinates

Tmin T Tmax Ymin + Ymax Zmin T Zmax
Co = ——(—, Cy = —""F7 C;=—%5 ")
2 2 2
and conversely, predicted centers are mapped back to corner coordinates using the object

dimensions along each axis.

e 74 i ]
Frame 7431 : Fusion Frame 7432 - Fusion Frame 7433 : Fusion

Frame 7434 : Fusion Fid Frame 7435 : Fusion - 70 Frame 7434 ; Fusion

Figure 8.3: Example of 3D object tracking. The temporal evolution of object positions is

llustrated in the 6 frames.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250



64 Chapter 8. Tracking

8.2 Multi-Object Tracking

Tracking multiple objects at the same time requires managing several Kalman trackers
and matching new detections to the correct trackers. At each time step, all active trackers first
predict the future positions of their objects using the motion model.

Next, the new detections are compared to the predicted tracker positions. The similarity

between a detection and a tracker is measured using Intersection over Union (loU):
area(b; N by)
area(b; Uby)’

where b; and by are the bounding boxes of the tracker and the detection. The Hungarian

IOU(bl, bg) =

algorithm is used to assign detections to trackers in a way that maximizes the total IoU.
Matches with low IoU are ignored, leaving some detections or trackers unmatched.
Matched detections are used to update the corresponding Kalman filters, improving the
state estimates and keeping the object trajectories smooth. Unmatched detections start new
trackers, while unmatched trackers that have not been updated for a few frames are removed.
Each tracker can also keep additional information, like the object’s speed, distance, label, or

detection source, which are updated at every step.

Figure 8.4: Example of multi object tracking. The temporal evolution of object positions is

shown in the 6 frames.

By combining Kalman filter predictions with assignment of detections to trackers, this
method produces continuous and consistent trajectories for multiple objects, even when some

measurements are missing or objects are partially hidden.
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8.2.1 Role in the Pipeline

Kalman filters are computationally lightweight compared to the detection and fusion
stages. While object detection and multi-sensor fusion can take tens of milliseconds per frame
as seen in chapter [7, the Kalman filter’s prediction and update steps typically require only a
few milliseconds. This makes tracking nearly instantaneous in comparison, allowing smooth
real-time performance without introducing significant latency.

In the pipeline, all detections from the fusion stage (2D, 3D, early, or late fusion) are
passed to the Kalman filter. However, the filter can also operate independently for frames
where no new detection is available, using only the prediction step to estimate object posi-
tions. This capability helps to handle missing or noisy data, maintaining continuous object
trajectories even when sensors temporarily fail or detections are lost.

Using the Kalman filter without running fusion or detection in every frame significantly
improves system performance: the per-frame processing time drops, the frame rate increases,
and the buffer avoids congestion from heavy computations. This efficiency ensures that the

pipeline can track objects smoothly while leaving resources available for other tasks.

Kalman Prediction
Methods

K.
Performed Kalman Update

i
|
Fusion Method ! Fusion Method Fusion Method
|
| | |

Kalman Filter Kalman Filter Kalman Filter Kalman Filter Kalman Filter Kalman Filter

i | i i
| f 1 I "

Framel Frame2 Frame3 Framed Frame5 Frame6

Figure 8.5: Timeline showing Kalman filter tracking with alternating detection and fusion.

The filter maintains estimates for all frames, even when detection/fusion is not performed.

Figures 8.5 and 8.6 show how the Kalman filter works in the tracking pipeline and why it
is efficient. Figure 8.9 demonstrates that the filter continues to estimate object positions for
every frame, even when detection and fusion are skipped. This keeps the object trajectories
smooth and avoids gaps caused by missing or noisy data, while also helping reduce compu-
tation. Figure 8.6 shows that the Kalman filter is much faster than the fusion and detection
stages, taking only a few milliseconds per frame. Figure B.7 makes clearer how faster is the

Kalman Filter Method for both 2D and 3D tracking, since in Figure [8.6 their measurements
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Comparison of the Fusion Method and the Kalman Filter in ms for every frame

Inference Time (ms)

64

EE&?%‘EEEE:F&;E‘?:RE&EEESé

Frames
— | gt e Fuion in 20 s a3 @ Fusion in 30 - Early Fusion in 20 Early Fusion in 3D
e ¥ il Filter Predict in 20 se——(alman Fiter Predict in 30 s——faiman Filter Update in 20 se—Falman Filter Update in 30

Figure 8.6: Per-frame runtime comparison of The fusion methods and kalman filter.
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Figure 8.7: Kalman filter prediction and update are much faster than fusion methods.

seem negligible. This speed allows the system to track objects in real time while leaving
resources available for other tasks.

By using the approach shown in Figure 8.3, the pipeline can effectively increase its pro-
cessing frame rate, as the Kalman filter allows the system to predict object states. This means
data can be fed into the tracking pipeline more frequently, improving temporal resolution and
responsiveness. However, this improvement is limited by the sensors themselves: as noted
in Chapter [, high-resolution LiDARSs are already operating near their maximum rate, with
approximately 100 ms per frame, which constrains how much the effective frame rate can be

increased.
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Chapter 9

Experiment Design and Evaluation

This chapter presents the experimental evaluation of the proposed perception pipeline.
The main objective is to compare the performance of individual sensors with that of multi-
sensor fusion, and to examine how different fusion strategies perform under diverse driving
scenarios in CARLA. In addition, the evaluation includes a detailed analysis of real-time
performance and the optimizations applied to maintain efficiency. Overall, the experiments
focus on four aspects: detection accuracy, tracking stability, robustness under challenging

environmental conditions, and runtime efficiency to ensure real-time operation.

9.1 Simulation Scenarios

To ensure a realistic and comprehensive evaluation, the experiments were conducted un-
der diverse driving conditions. The simulation scenarios designed in CARLA are the follow-

ing:

* Urban Traffic: Complex inner-city environments with dense vehicle and pedestrian
activity. This setup introduces frequent traffics, traffic flows, and sudden object ap-

pearances, which test the system’s ability to handle crowded and dynamic scenes.

* Highway Driving: Long straight roads with vehicles moving at high speed. This sce-
nario evaluates the system’s capacity for long-range detection, high-velocity tracking,

and handling of fast-changing relative positions.

* Adverse Conditions: Challenging conditions such as rain, fog, and nighttime lighting.

These scenarios reduce sensor reliability and test the robustness of fusion strategies.

67
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In practice, these conditions were not tested in isolation. Several experiments combined
factors to better approximate real-world challenges, such as urban traffic under extreme fog,
or highway driving during heavy rain. This mixing of scenarios ensures that the evaluation

reflects the unpredictability and variability of real-world autonomous driving environments.

9.2 Performance Analysis

A critical aspect of the perception pipeline is its ability to operate in real time. In the
CARLA simulator, new frames arrive at different rates depending on the sensor, as summa-
rized in Table P.1. Cameras typically operate at 30—60 Hz, producing frames every 16-33
ms, while LIDAR provides data more slowly at 10-20 Hz (50-100 ms). Radar is the most
flexible, delivering measurements between 20 and 100 Hz, but in the worst case a single radar

frame may take up to 100 ms to arrive.

Table 9.1: Typical sensor performance in CARLA simulator.

Sensor Frame Rate (Hz) | Frame Time (ms)
RGB Camera 30-60 16-33
LiDAR 1020 50-100
Radar 20-100 10-50

This means that the perception pipeline must be designed under the assumption that new
raw data is available at most every 100 ms. In practice, this sets the real-time budget. The
entire processing from raw sensor input through preprocessing, synchronization, calibration,
detection, fusion, and tracking, must finish within 100 ms. If processing exceeds this limit,
frames will accumulate, causing delays and reducing the system’s responsiveness. Thus, the
radar’s maximum frame time becomes the effective constraint that defines the upper bound

for real-time performance.

9.2.1 Profiling and Bottlenecks

To identify performance limitations, detailed profiling was performed across all stages
of the pipeline. This analysis covered the entire flow, beginning with sensor data prepro-

cessing. The detection stage was found to be one of the most computationally demanding,
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involving YOLOVS inference on images and DBSCAN clustering for LiIDAR and radar point
clouds. All the steps form the complete perception pipeline, each contributing differently to
the overall runtime.

Profiling across all pipeline configurations revealed the main computational bottlenecks.

The most demanding components were:

* Radar Point Cloud Preprocessing: Converting all the radar points from polar to
Cartesian coordinates and stacking velocity information is computationally intensive,

especially for large numbers of points.

» Stereo Camera Calibration: Rectifying left and right images and computing disparity

maps requires matrix operations and optimization routines that are slow.

* 2D Object Detection (YOLOV8): Running deep neural network inference on CPU
is extremely time-consuming due to the large number of convolutional operations per

frame.

* 3D Object Detection (DBSCAN): Clustering point clouds in 3D space involves dis-

tance computations and neighborhood searches, which scale poorly with point count.

3D Visualization: Rendering point clouds and bounding boxes in 3D for each frame

requires significant resources and can introduce a noticeable delay in the pipeline.

* Fusion and Tracking Process: While individually fusion and tracking are not highly
demanding, when executed sequentially they accumulate processing time, making this

step a noticeable contributor to overall latency.

9.2.2 GPU Acceleration and Parallelism

Achieving real-time performance in the pipeline requires both hardware acceleration and
efficient parallelization. Profiling revealed that the most computationally intensive stages
and many of them are slow on CPU due to heavy matrix operations, convolutional neural
network inference, point cloud clustering, and the need to execute multiple dependent tasks
sequentially.

To address these bottlenecks, several optimizations were applied:
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* GPU inference: Running YOLOv8 on CUDA/cuDNN reduced per-frame inference
time from several hundred milliseconds on CPU to below 10 ms on GPU. The same
applies to DBSCAN clustering for LIDAR and radar point clouds. On CPU it could
take up to 200 ms, but with GPU acceleration it was reduced to under 30 ms by using

CUDA kernels for fast distance calculations.

* Parallel processing: Camera, LiDAR, and radar callbacks were handled in separate
threads, so no single sensor could block the pipeline. This allowed LiDAR and radar
preprocessing to run at the same time as camera image handling, reducing waiting time

and keeping the buffer filled smoothly.

» Batch operations: Heavy transformations like radar polar-to-Cartesian conversion and
stereo rectification were implemented as vectorized GPU operations. For example,
radar preprocessing, which was slow on CPU because each detection required trigono-
metric calculations, was sped up by processing all detections in parallel on the GPU.
Stereo image rectification also ran faster on GPU, cutting the processing time by more

than half.

* Threads: Even though fusion and tracking were not the slowest steps on their own,
when run one after another on CPU they added noticeable delay. To fix this, they were
placed in a separate thread from the main pipeline, while synchronization and buffering
ran in another thread. This design reduced blocking between modules and allowed CPU

resources to be used more efficiently.

Table summarizes the runtime improvements achieved through these optimizations.

Table 9.2: Average Runtime comparison before and after GPU acceleration and parallelism.

Component Before Optimization (ms) | After Optimization (ms)
YOLOVS inference 23.4 7.32
DBSCAN inference 180-210 13-25
Radar preprocessing 203.15 20.42
Stereo rectification 129.38 16.33
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9.2.3 Pipeline Runtime and Real-Time Feasibility

To evaluate real-time performance, the latency of each pipeline stage was measured across
different fusion strategies. Table summarizes the average per-frame runtimes obtained
during profiling in over 300 frames. In each chapter, the runtimes were displayed analyti-
cally. They show clear differences between early and late fusion, and between 2D and 3D

approaches.

Table 9.3: Average per-frame runtime of pipeline stages for different fusion strategies in mil-

liseconds.
Stage Early Fusion 2D | Early Fusion 3D | Late Fusion 2D | Late Fusion 3D
Preprocessing 21.37 ms
Synchronization 21.37 (max: 30)
Calibration 0.13 ms
Fusion 67.11 ms 96.27 ms 51.73 ms 91.40 ms
Tracking (Updating) 0.58 ms 1.82 ms 0.58 ms 1.82 ms
Visualization 4.15 ms 32.51 ms 4.15 ms 32.51 ms
Total 93.34 ms 152.1 ms 77.96 ms 147.23 ms

In general, late fusion is faster than early fusion. For both 2D and 3D, the late fusion
pipelines have lower total times. The difference is more visible in the 2D case, where late fu-
sion reduced the runtime. This shows that using fusion later in the pipeline reduces the amount
of computation needed at the fusion. The results also show that 2D pipeline are much faster
than 3D pipeline. This is to be expected since 3D annotation and visualization is much more
costly. This show the trade-off between 3D fusion that provides richer spatial information,
but at the cost of higher latency and 2D fusion which achieves the best efficiency. Comparing
all four strategies, late fusion in the 2D plane is the fastest option, while early fusion in the

3D plane is the slowest.

9.3 Evaluation Metrics

To evaluate the perception pipeline, several metrics are used. These metrics analyze de-

tection quality, tracking consistency, and robustness under challenging conditions.
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9.3.1 Detection Accuracy

Object detection quality is assessed using the F1 score, which uses precision and recall:

1o 2 - Precision - Recall

Precision + Recall

Precision and recall are defined as:

PI isi — R 11 —

where:
» TP (True Positives): correctly detected objects.
» F'P (False Positives): detections where no object exists.

* F'N (False Negatives): missed objects that were present in the scene.

Thus, the high precision shows fewer false alarms, while the high recall indicates fewer

missed objects. The F1 score captures the trade-off between the two metrics.

9.3.2 Tracking Accuracy

For tracking evaluation, the Multi-Object Tracking Accuracy (MOTA) metric is used:

S (FN, + IDSW,)

MOTA =1 -
2., GT,

where:

» F'N;: false negatives at time ¢.

» [ DSW;:identity (ID) switches at time ¢ (when an object’s ID changes during tracking).

* G'T}: number of ground truth objects at time ¢.

MOTA considers not only detection errors but also consistency. The pipeline needs a high

MOTA value to have stability and accuracy of multi-object tracking.
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9.3.3 Robustness

Robustness is evaluated under conditions that challenge the perception systems:

traffic: when objects are partially or fully hidden by others.

+ Adverse Weather: heavy rain or fog, which reduce visibility.

Lighting Variations: low light, glare or night driving conditions.

* Sensor Dropout: temporary failure or delay in one modality.

The change in F1 metric between normal and under conditions that challenge perception
system shows weather it is robust or not. These metrics were made possible because CARLA
provides ground-truth bounding boxes for all vehicles, giving their exact positions relative to
the ego vehicle at every frame. Using a specific region, the road and the sidewalk, the bound-
ing boxes of the detections are matched to the bounding boxes of the CARLA. A specific
region is used because LiDAR and Radar detect, numerous other objects in the environment,
like building, trees and lights.

The evaluation results from different sensor configurations and fusion strategies are shown

in the table below. The detection accuracy (F1) and tracking accuracy (MOTA) are reported.

Table 9.4: Detection and tracking performance across configurations under dynamic condi-

tions.
Configuration | F1 Score (%) | MOTA (%)
Camera Only 68.24 61.43
LiDAR Only 71.51 67.86
Radar Only 67.66 49.14
Early Fusion 2D 82.32 74.65
Early Fusion 3D 80.71 78.27
Late Fusion 2D 85.16 79.42
Late Fusion 3D 83.58 82.66

Table P.4 provides a comparison of single-sensor and fusion configurations.
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Table 9.5: Robustness under challenging conditions, calculated as relative F1 drop.

Configuration Traffic Rain Fog Night

Camera Only -12.37% | -24.82% | -37.64% | -41.29%
LiDAR Only -09.41% | -18.56% | -22.34% | -27.18%
Radar Only -06.27% | -08.43% | -10.18% | -14.92%

Early Fusion 2D | -07.52% | -13.78% | -17.46% | -20.31%
Early Fusion 3D | -06.48% | -12.29% | -15.63% | -18.44%
Late Fusion 2D | -05.36% | -10.72% | -12.58% | -15.27%
Late Fusion 3D | -04.29% | -08.65% | -10.41% | -12.16%

9.4 Visual Results

The visual results are presented after the metrics, to provide a better understanding and
a visual of system behavior. While the tables represent detection accuracy, tracking stability,
and robustness in quantity, the figures show to the human eye how each configuration actually
perceives the scene under different conditions. By examining these visualizations, it becomes
clear where certain methods succeed or fail, for instance, how the camera fails under extreme
fog, or how LiDAR performs better in fog. The comparisons of early and late fusion show

the practical differences between combining sensor data before or after detection.
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(y") Radar - Traffic

(o7’) Late Fusion 2D Projection - Traffic (¢') Late Fusion 3D Projection - Traffic

Figure 9.1: Comparison of all sensor configurations and fusion strategies under traffic. Top
row: individual sensors (Camera, LiDAR, Radar). Middle row: Early Fusion (2D and 3D

projections). Bottom row: Late Fusion (2D and 3D projections).
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(o) Camera - Rain (B') LiDAR - Rain

(o7’) Late Fusion 2D Projection - Rain (¢') Late Fusion 3D Projection - Rain

Figure 9.2: Comparison of all sensor configurations and fusion strategies under rain. Top
row: individual sensors (Camera, LiDAR, Radar). Middle row: Early Fusion (2D and 3D

projections). Bottom row: Late Fusion (2D and 3D projections).
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(o) Camera - Fog (B') LiDAR - Fog

(o7') Late Fusion 2D Projection - Fog (¢') Late Fusion 3D Projection - Fog

Figure 9.3: Comparison of all sensor configurations and fusion strategies under fog. Top
row: individual sensors (Camera, LiDAR, Radar). Middle row: Early Fusion (2D and 3D

projections). Bottom row: Late Fusion (2D and 3D projections).

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250



78 Chapter 9. Experiment Design and Evaluation

(o) Camera - Night (B") LiDAR - Night

(o7') Late Fusion 2D - Night (¢') Late Fusion 3D - Night

Figure 9.4: Comparison of all sensor configurations and fusion strategies under night condi-
tions. Top row: individual sensors (Camera, LiDAR, Radar). Middle row: Early Fusion (2D

and 3D projections). Bottom row: Late Fusion (2D and 3D projections).
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9.5 Observations

The final results showed big differences between the sensors only and fusion methods.
The camera works well in normal conditions, but struggles in rain, fog, and at night because
it needs good light. LIDAR performs good in bad weather better, especially fog, but can miss
small or shiny objects. Radar is reliable in all conditions, but it is less accurate because it
provides lower detail. Early fusion would be better than late fusion because combining raw
data firstly should give more information about the environment. However, the results show
late fusion is performing slightly better.

Furthermore, 3D fusion is slightly more accurate than 2D, for tracking objects in traffic
or when they are partly hidden. 2D fusion is faster and more fisible and it can be useful when
speed is more important than a bit more accuracy.

Finally, late fusion seems like the best option for fusion. It gives accurate detections,

stable tracking, works well in bad conditions, and is fast enough for real-time scenarios.
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Chapter 10

Conclusions

10.1 Discussion

This thesis explored multi-sensor fusion for real-time object detection and tracking in
simulated autonomous driving environments using the CARLA simulator. The goal was to
combine cameras, LIDAR, and radar to improve perception accuracy, tracking stability, and

robustness under different conditions.

The results showed that single sensors have limitations. Cameras fail in low light or bad
weather, LIDAR gives accurate 3D positions but limited semantic information, and radar is
reliable in adverse conditions but has low resolution. Combining sensors improved perfor-

mance overall.

Early fusion merged raw data before detection and worked well but did not always out-
perform late fusion due to calibration and timing problems. Late fusion, which combines in-
dependent detections, gave the best result of accuracy and real-time performance. 3D fusion
provided better understanding of the environment and helped track objects, while 2D fusion
was simpler but less precise. The CARLA simulator was very useful, as it gave accurate

bounding boxes for all vehicles, allowing the evaluation of detection and tracking metrics.

In conclusion, multi-sensor fusion is nesessary for reliable autonomous driving percep-

tion.

81
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10.2 Future Work

Although the system already shows real-time multi-sensor fusion with good accuracy and
robustness, there are several ways it can be improved. The 3D visualization could be made
clearer and more interactive, so that complex traffic situations are easier to understand. Also,
information like the speed and the distance although they are registered, they are not being
displayed. Future work would also look at machine learning methods for 3D object detection
and fusion, which would allow the system to use more detailed features and adjust better when
sensor conditions change. In addition, the multi-sensor pipeline created in this work could be
used to train autonomous driving agents, where fused perception would provide reliable input
for decision-making and control. These directions would help move the pipeline closer to a
perception system for autonomous vehicles, combining accuracy, robustness, and flexibility

in real-world environments.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250



Bibliography

[1] H.Liu,Y.Zhang, and X. Zhao. Real-time object detection using lidar and camera fusion.

Scientific Reports, 2023.

[2] X. Zhao, H. Liu, and Y. Zhang. Dual transformer enhancement for 3d object detection.
ScienceDirect, 2024.

[3] Y. Gong J. Wang, Y. Zeng. Collaborative 3d object detection for autonomous vehicles

via learnable communications. IEEE Xplore, 2024.

[4] Yi Jiang Dongdong Yu Fucheng Weng Zehuan Yuan Ping Luo Wenyu Liu Xing-
gang Wang Yifu Zhang, Peize Sun. Bytetrack: Multi-object tracking by associating
every detection box. https://arxiv.org/abs/2110.06864, 2021.

[5] L. Zhang, Z. Wang, and L. Chen. Acntrack: Agent cross-attention guided multimodal

multi-object tracker. ScienceDirect, 2025.

[6] H. Boukamchahamdi. How to create a kalman filter for 3d object tracking. Medium,
2024.

[7] Satya. Sensor fusion with kalman filter, 2024.

[8] A. Tayyebi. Early vs. late camera-lidar fusion in 3d object detection: A performance

study. Medium, 2025.

[9] Y. Yang, X. Gao, T. Wang, X. Hao, Y. Shi, X. Tan, X. Ye, and J. Wang. Explore the

lidar-camera dynamic adjustment fusion for 3d object detection. arXiv, 2024.

[10] Wael Farag. Lidar and radar fusion for real-time road-objects detection and tracking.

Intelligent Decision Technologies, 2021.

83

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250


https://arxiv.org/abs/2110.06864

84 Bibliography

[11] Shijie Liu, Jianqing Wu, Bin Lv, Xinhao Pan, and Xiaorun Wang. Data fusion of road-

side camera, lidar, and millimeter-wave radar. IEEE Sensors Journal, 2024.

[12] Mohsin M. Jamali Ratheesh Ravindran, Michael J. Santora. Camera, lidar, and radar

sensor fusion based on bayesian neural network (clr-bnn). 2022.

[13] Aditya Prakash, Kashyap Chitta, and Andreas Geiger. Multi-modal fusion transformer
for end-to-end autonomous driving. 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2021.

[14] C. A. Chaklader. Sensor fusion techniques in autonomous vehicle navigation: Delving

into various methodologies and their effectiveness. Medium, 2024.

[15] C. A. Chaklader. Sensor fusion techniques in autonomous vehicle navigation: Delving

into various methodologies and their effectiveness. Medium, 2024.

[16] Think Autonomous. Lidar and camera sensor fusion in self-driving cars. Think Au-

tonomous, 2024.

[17] Technexion. RGB cameras: Definition, components, and integration. https://www.

technexion.com/resources/rgb-cameras/, 2025.

[18] Synopsys. What is lidar and how does it work? https://www.synopsys.com/
glossary/what-is-1lidar.html, 2025.

[19] Radar sensor - an overview. https://www.sciencedirect.com/topics/

engineering/radar-sensor, 2025.

[20] Zilliz. What is Object Detection? - Zilliz Learn. https://zilliz.com/learn/

what-is-object-detection, 2025.

[21] Keylabs. YOLOVS: Object Detection Explained. https://keylabs.ai/blog/

under-the-hood-yolov8-architecture-explained/, 2025.

[22] N. Dalal and B. Triggs. Histograms of oriented gradients for human detection. In
2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition
(CVPR’05), 2005.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250


https://www.technexion.com/resources/rgb-cameras/
https://www.technexion.com/resources/rgb-cameras/
https://www.synopsys.com/glossary/what-is-lidar.html
https://www.synopsys.com/glossary/what-is-lidar.html
https://www.sciencedirect.com/topics/engineering/radar-sensor
https://www.sciencedirect.com/topics/engineering/radar-sensor
https://zilliz.com/learn/what-is-object-detection
https://zilliz.com/learn/what-is-object-detection
https://keylabs.ai/blog/under-the-hood-yolov8-architecture-explained/
https://keylabs.ai/blog/under-the-hood-yolov8-architecture-explained/

Bibliography 85

[23] Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton. Imagenet classification with

deep convolutional neural networks. Neural Information Processing Systems, 2012.

[24] SharkYun. Computer Vision—Object Detection, One-Stage vs Two-Stage.
https://sharkyun.medium.com/computer-vision-object-

detection-one-stage-vs-two-stage-b05dbff88195, 2024.

[25] Shairoz Sohail. A Comprehensive Introduction to Clustering Methods. https:
//shairozsohail.medium.com/a-comprehensive-introduction-

to-clustering-methods-1eledf95b501, 2018.

[26] Alex H. Lang Sourabh Vora Venice Erin Liong Qiang Xu Anush Krishnan Yu Pan Gi-
ancarlo Baldan Oscar Beijbom Holger Caesar, Varun Bankiti. nuScenes: A multimodal

dataset for autonomous driving. https://arxiv.org/abs/1903.11027,2020.

[27] Mrinal W.  What is object tracking in computer vision? https://blog.
roboflow.com/what-is-object-tracking-computer-vision/,

2022.

[28] ThinkAutonomous. A complete overview of object tracking algorithms in com-
puter vision self-driving cars. https://www.thinkautonomous.ai/blog/

object-tracking/|, 2025.

[29] Gunay Ashouri Newsham Hobson, Lowcay. Sensor Fusion - an overview | ScienceDi-
rect Topics. https://www.sciencedirect.com/topics/engineering/

sensor—-fusion, 2019.

[30] G. Velasco-Hernandez, L. Zhang, and L. Chen. Sensor and sensor fusion technology in

autonomous vehicles: A review. 2021.

[31] ThinkAutonomous. 2 Ways to do Early Fusion in Self-Driving Cars (and when to use
Mid Or Late Fusion). https://www.thinkautonomous.ai/blog/early-
fusion/|, 2024.

[32] Apxml. Late Fusion: Combining Model Decisions — apxml.com. https:
//apxml.com/courses/intro-to-multimodal-ai/chapter-3-

techniques-integrating-modalities/late-fusion, 2025.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250


https://sharkyun.medium.com/computer-vision-object-detection-one-stage-vs-two-stage-b05dbff88195
https://sharkyun.medium.com/computer-vision-object-detection-one-stage-vs-two-stage-b05dbff88195
https://shairozsohail.medium.com/a-comprehensive-introduction-to-clustering-methods-1e1e4f95b501
https://shairozsohail.medium.com/a-comprehensive-introduction-to-clustering-methods-1e1e4f95b501
https://shairozsohail.medium.com/a-comprehensive-introduction-to-clustering-methods-1e1e4f95b501
https://arxiv.org/abs/1903.11027
https://blog.roboflow.com/what-is-object-tracking-computer-vision/
https://blog.roboflow.com/what-is-object-tracking-computer-vision/
https://www.thinkautonomous.ai/blog/object-tracking/
https://www.thinkautonomous.ai/blog/object-tracking/
https://www.sciencedirect.com/topics/engineering/sensor-fusion
https://www.sciencedirect.com/topics/engineering/sensor-fusion
https://www.thinkautonomous.ai/blog/early-fusion/
https://www.thinkautonomous.ai/blog/early-fusion/
https://apxml.com/courses/intro-to-multimodal-ai/chapter-3-techniques-integrating-modalities/late-fusion
https://apxml.com/courses/intro-to-multimodal-ai/chapter-3-techniques-integrating-modalities/late-fusion
https://apxml.com/courses/intro-to-multimodal-ai/chapter-3-techniques-integrating-modalities/late-fusion

86 Bibliography

[33] ThinkAutonomous. 9 Types of Sensor Fusion Algorithms. https:
//www.thinkautonomous.ai/blog/9-types-of-sensor-fusion-

algorithms/, 2021.
[34] CARLA Team. Carla simulator. https://carla.org/, 2025.

[35] Lefteris Kotsonis. What Is Sensor Calibration And Why It Matters — botasys.com.

https://www.botasys.com/post/sensor-calibration, 2024.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 03:26:33 EEST - 216.73.216.250


https://www.thinkautonomous.ai/blog/9-types-of-sensor-fusion-algorithms/
https://www.thinkautonomous.ai/blog/9-types-of-sensor-fusion-algorithms/
https://www.thinkautonomous.ai/blog/9-types-of-sensor-fusion-algorithms/
https://carla.org/
https://www.botasys.com/post/sensor-calibration

	Acknowledgements
	Abstract
	Περίληψη
	Table of contents
	List of figures
	List of tables
	Abbreviations
	Introduction
	Scope of the Thesis
	Contributions

	Thesis Structure

	Related Work
	Background
	Sensors
	RGB Cameras
	LiDAR
	Radar

	Object Detection
	Object Tracking
	Fusion Techniques
	CARLA Simulator

	System Architecture
	Sensor Setup and Processing
	Virtual Sensors in CARLA
	Autonomous Agent
	RGB Camera Setup
	LiDAR Setup
	Radar Setup

	Sensor Data Preprocessing
	Synchronization
	Different Sensor Rates
	Frame Buffer Synchronization

	Sensor Calibration
	Perspective Projection (Intrinsic Calibration)
	Coordinate Transformation (Extrinsic Calibration)
	Multi-Sensor Coordinate Transformations
	Stereo Calibration


	Object Detection
	2D Detection
	Camera
	LiDAR/Radar

	3D Detection

	Multi-Sensor Fusion
	Fusion Strategies Overview
	Early Fusion (Data-Level)
	Late Fusion (Decision-Level)

	Tracking
	Kalman Filters
	2D Tracking
	3D Tracking

	Multi-Object Tracking
	Role in the Pipeline


	Experiment Design and Evaluation
	Simulation Scenarios
	Performance Analysis
	Profiling and Bottlenecks
	GPU Acceleration and Parallelism
	Pipeline Runtime and Real-Time Feasibility

	Evaluation Metrics
	Detection Accuracy
	Tracking Accuracy
	Robustness

	Visual Results
	Observations

	Conclusions
	Discussion
	Future Work

	Bibliography

