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Abstract

Autonomous vehicles (AVs) are required to be able to perceive and locate their sur-
roundings accurately in dynamic environments. Using LiDAR and odomotry data, this
dissertation proposes a novel framework for classifying tracks into static and dynamic
categories and using static tracks as reliable landmarks for ego vehicle localization. This
research is based on the principles of multi-target tracking (MTT), Growing Neural
Gas (GNG) clustering, and Dynamic Bayesian Networks (DBN), integrating advanced
algorithms such as Joint Probabilistic Data Association (JPDA) and Markov Jump
Particle Filter (MJPF). In the training phase, LiDAR and odometry data were used
to classify tracks based on relative motion patterns, resulting in an 87% classification
accuracy. During the localization process, static tracks are identified as invariant
landmarks, and dynamic tracks are excluded due to their variability. The framework
uses the classified static tracks as reference points for predicting the trajectory of ego
vehicle during the testing phase. Localization results are initially obtained based on
individual track predictions using MJPF in the testing phase. Afterwards, interaction
dictionaries are combined to perform localization under scenarios, such as simultaneous
multi-track interactions and periods with no observations and single track interaction.
Results from experiments, which validate the framework’s adaptability to real-world
autonomous navigation scenarios, demonstrate that the framework is capable of ob-
taining accurate localization without external odometry updates. In this research,
reliable classification techniques are combined with an adaptable localization strategy,
advancing the development of safe and efficient AVs.
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Chapter 1

Introduction

1.1 Motivation

AVs are designed to eliminate or significantly reduce human intervention in vehicle
operation, ensuring greater efficiency, safety, and autonomy in various real-world
applications. The field of AV research has seen rapid advancements since the 1980s,
with applications spanning transportation, agriculture, disaster response, security, and
surveillance [1, 2]. The ability of AVs to operate autonomously in highly dynamic
and unpredictable environments relies on their ability to perceive, interpret, and
adapt to their surroundings. Two fundamental paradigms govern AV research: the
computationalist approach, which relies on predefined mathematical models and rigid
control rules, and the cognitive approach, which allows AVs to dynamically learn and
refine their internal models based on real-time sensor data [3]. While computationalist
methods provide structured frameworks for decision-making, they often fail in real-
world scenarios where unforeseen events and changing conditions necessitate adaptive
learning and reasoning. The cognitive approach, inspired by human cognition, enables
AVs to develop self-awareness, allowing them to make intelligent decisions based on
past experiences and sensory inputs.

Self-awareness in AVs is a crucial capability that enables the system to comprehend
its internal state while monitoring external environmental conditions. This is achieved
through the integration of exteroceptive sensors (e.g., LiDAR, cameras, radar) and
proprioceptive sensors (e.g., Inertial Measurement Units (IMUs), steering angle sensors,
wheel speed sensors), enabling AVs to perceive both external obstacles and their own
motion [4, 5]. The ability to interpret and fuse data from multiple sensor sources
forms the basis of a self-aware AV, allowing it to understand its surroundings, detect
anomalies, and adjust its motion accordingly [6].

A key aspect of AV perception is accurate classification and localization, both
of which are essential for safe and efficient navigation [7]. Classification allows AVs
to distinguish between static (e.g., buildings, traffic signs, poles) and dynamic (e.g.,
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vehicles, cyclists, pedestrians) objects. Accurate classification ensures that AVs can
reliably interpret which objects remain fixed and which are moving, allowing them to
anticipate interactions, make informed decisions, and optimize trajectory planning. On
the other hand, localization refers to an AV’s ability to accurately determine its position
and motion within an environment. Traditional localization methods such as GPS
and odometry-based approaches often suffer from signal loss, drift, and inaccuracies in
complex environments such as urban canyons, tunnels, and cluttered environments. The
absence of GPS and odometry makes localization extremely challenging in such cases.
Additionally, GPS signals are vulnerable to intentional interference such as jamming
and meaconing, which can severely degrade positioning accuracy or result in spoofed
locations—posing critical safety risks for autonomous systems [8]. Therefore, alternative
localization techniques are required to enhance reliability and robustness, particularly
in dynamic environments where environmental conditions constantly change [9, 10].

In this thesis, LiDAR-based perception is utilized to enhance both classification
and localization capabilities. LiDAR generates high-resolution 3D point clouds, which
allow AVs to precisely map their surroundings and distinguish between different object
categories [11, 12]. LiDAR’s ability to capture spatially rich depth information makes
it superior to vision-based systems, particularly in adverse lighting conditions, poor
weather, and complex urban environments [13]. The classification of LiDAR-based
tracks into static and dynamic categories provides landmark references for localization,
ensuring that AVs can estimate their position accurately even in the absence of GPS
signals or external odometry updates [14]. By leveraging LiDAR-based classification
techniques, AVs can use static objects as anchor points for precise localization, while
simultaneously tracking and interpreting the motion of dynamic objects.

The motivation for this research extends beyond the intrinsic benefits of LiDAR
sensors to its application in the pipeline used to classify and localize AVs. Navigating
precisely in dynamic environments requires not only the perception of static and
dynamic objects, but also their effective use for localization [15–17]. Using LiDAR’s
capability to generate 3D point clouds, a classification method is proposed that identifies
static and dynamic tracks in the ego vehicle environment [18]. Static tracks provide
reliable landmarks for ego vehicle localization because they remain invariant over
time. Dynamic tracks, on the other hand, pose difficulties because of their motion
[19, 20]. However, the ability to understand interactions with dynamic tracks is essential.
Based on this duality, this work focused on accurately classifying tracks during the
training phase using algorithms such as JPDA, GNG, and interaction dictionaries.
The resulting classified static tracks are then used during testing to determine the ego
vehicle’s location without relying on external odometry updates, ensuring robustness
in real-world situations.

These concepts are explicitly integrated into a cognitive self-awareness cycle. An
AV can acquire knowledge of the structure of its environment, generate dictionaries of
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potential interactions with a variety of static objects, and characterize the dynamics
of moving objects during the offline training phase. Afterward, during the online
testing phase, the AV’s pose is continuously monitored, anomalies are detected, and
the system is able to adapt to unanticipated circumstances by fusing the acquired
knowledge with new sensor data using probabilistic filters, specifically an MJPF. In
essence, classification and localization serve as two fundamental components of the
overarching self-awareness strategy, in which they are perpetually engaged with modules
of a higher level.
The design of the proposed framework is driven by the need to model complex temporal
interactions between the ego vehicle and its environment using only LiDAR data. A
hierarchical DBN structure is adopted to capture multi-level dependencies, enabling
both low-level observation modeling and high-level behavior abstraction. This struc-
ture allows for efficient integration of continuous observations and discrete semantic
states—crucial for interpreting static and dynamic track interactions. The use of inter-
action dictionaries further complements the DBN by encoding learned spatial-temporal
patterns, ensuring robustness during ambiguous or sparse observations. These design
choices collectively support a scalable and adaptive localization system that can operate
without external odometry, even in real-world conditions.

1.2 Research Questions

This thesis addresses the following key research questions:

• How can LiDAR data be effectively utilized to classify static and dynamic tracks
in real-world environments?

• How can ego-vehicle and track interactions be modeled using hierarchical DBNs,
incorporating switching variables for enhanced localization?

• How can the ego-vehicle be accurately localized in real-time using only LiDAR
data, while integrating odometry information obtained during offline training?

1.3 Thesis Outline

Each chapter in this thesis builds upon the previous one, forming a coherent framework
for LiDAR-based classification and localization. Chapter 1 establishes the research
context, highlighting the importance of AV self-awareness and LiDAR-based perception.
It defines the motivation for this work and introduces the core methodologies used in
this thesis.
Chapter 2 presents foundational concepts related to MTT, JPDA, GNG clustering, and
Bayesian filtering. It introduces DBNs, which serve as the backbone of probabilistic
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modeling for AV decision-making. The chapter also explores Kalman Filters, Particle
Filters, and MJPF, all of which play critical roles in classification of objects and
localization for ego vehicle.
Chapter 3 provides a comprehensive review of existing classification and localization
methods. It explores various LiDAR-based perception techniques, evaluates MTT
strategies, and examines the latest advancements in landmark-based localization.
Chapter 4 details the offline phase of the research, where LiDAR and odometry data
are processed to create static and dynamic track dictionaries. The chapter presents
quantitative accuracy results, confusion matrix, and visual evaluations demonstrating
the effectiveness of the classification approach.
Chapter 5 introduces the online testing phase of the proposed localization framework.
In this stage, the static tracks previously identified during the training phase are used
as reliable landmarks for ego vehicle localization through the Markov Jump Particle
Filter (MJPF). The chapter details how the proposed method handles various real-
world scenarios by fusing multiple observations, mitigating drift, and enabling robust
trajectory estimation. The focus remains on explaining the architecture and logic of the
localization process. While it introduces the components and theoretical underpinnings
of the approach, it does not yet present experimental results.
Chapter 6 builds upon the methodology described in Chapter 5 by presenting the
experimental results. This includes both individual track-based predictions and com-
bined dictionary-based localization outcomes. The results are evaluated across diverse
scenarios such as simultaneous observations, absence of observations, and multi-track
interactions. Quantitative analyses, anomaly detection metrics, and computational
performance evaluations are also included to validate the effectiveness of the proposed
framework.
Chapter 7 concludes the thesis by summarizing the main findings and contributions,
particularly the integration of LiDAR-based classification with probabilistic localization
strategies. It also outlines potential future research directions, such as incorporating
multimodal sensor fusion, enhancing the anomaly detection mechanisms, and improving
real-time trajectory optimization for autonomous systems.

Notation

This section summarizes the key mathematical symbols and notation conventions used
throughout the thesis:

• Scalars are denoted by regular lowercase or uppercase letters, e.g., a,b,A.

• Vectors are represented using bold lowercase letters, e.g., x,v ∈ Rn.

• Matrices are denoted by bold uppercase letters, e.g., A,Q,Σ.
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• (·)T : Transpose of a vector or matrix.

• ∥ · ∥: Euclidean norm of a vector.

• Rn: The n-dimensional real vector space.

• E[·]: Expectation operator.

• Var[·]: Variance of a random variable.

• det(·): Determinant of a matrix.

• In: n×n identity matrix.

• ∼ N (µ,Σ): Gaussian distribution with mean µ and covariance matrix Σ.

• p(·): Probability density function.

• zt: Observation at time t.

• xt: Ego vehicle state at time t.

• ztrack,t: State of an observed track at time t.

• A,B,C,K,D,E: System matrices (state transition, observation, Kalman gain,
correction terms).

• dB(·, ·): Bhattacharyya distance between two distributions.

• t: Timestamp of observation or interaction.

• Cego,Ctrack: Cluster indices for the ego vehicle and track, respectively.

• L ∈ {0,1}: Binary interaction label (1 = interaction occurred).

• vego,vtrack: Velocities of the ego vehicle and track.

• vrel: Relative velocity between ego and track.

• Q,R: Process and measurement noise covariance matrices.

• S: Switching variable in the Markov Jump Particle Filter (MJPF).

• Icombined: Combined interaction dictionary constructed from static tracks.

All notation specific to individual models or algorithms is introduced contextually
in the corresponding chapters.



Chapter 2

Theoretical Background

The purpose of this chapter is to provide an overview of some of the foundational ideas
and methodologies that are essential for understanding the approaches developed and
applied in this thesis. An emphasis is placed on techniques integral to the classification of
static and dynamic tracks, as well as their application to the localization of ego vehicles
within dynamic environments. A number of theoretical topics are discussed, including
multi-target tracking, unsupervised clustering, dynamic bayesian networks, markov
jump particle filter, and probabilistic graphical models. Based on the frameworks
we have proposed, these concepts are critical to the effective use of LiDAR data and
interaction dictionaries. As a result of elucidating these methodologies, this chapter
aims to bridge the knowledge gap for readers, ensuring a comprehensive understanding
of the techniques underlying the classification and localization processes outlined in
subsequent chapters.

2.1 Multi-Target Tracking

Tracking is necessary for autonomous systems to guide, navigate, and control themselves.
Tracking systems are capable of estimating targets (number of targets and their states)
and evaluating the situational environment in a particular area by tracking detected
targets (including their kinematic parameters and attributes) [21]. Tracking systems
employ MTT, which involves generating multiple detections from multiple targets and
estimating the state of the targets using one or more tracks [22]. In MTT, once an
object is initially detected, subsequent measurements often imprecise and noisy which
are incrementally gathered over time. These side measurements are probabilistically
associated with existing tracks, allowing the system to refine its understanding of each
object’s trajectory and state. Rather than assigning detections directly to tracks, the
detection stage produces initial candidates, and subsequent observations contribute as
rough measurements linked to the evolving object tracks. The functional components of
a simple recursive MTT system (as shown in Figure 2.1) play different roles in assigning
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detections to tracks, are discussed as follows.
An observation or measurement is considered to be a detection when it is included in a
report based on the sensor’s output. Observations typically include measurements of
kinematic quantities (such as range, line of sight, and range rate) as well as attributes
(such as target type, identification number, or shape) [23]. It is also important to include
the time at which measurements were made in the detections. Multiple detections
per target may be produced by sensors with high resolution, making it necessary to
partition the detections before feeding them to assignment-based trackers, such as the
Joint Probabilistic Data Association (JPDA) [24].
Gates are used to identify which detections are eligible for updating existing tracks.
Track-to-detection assignment uses gates to reduce unnecessary computations. A
validation gate is constructed for a predicted track based on the predicted state and its
covariance, so that detections with a high likelihood of association are included in the
validation gate. Gating determines which tracks should be assigned to detectionse as a
result of gating [25].
Initiating, confirming, and deleting tracks is the responsibility of track maintenance.
When a detection cannot be assigned to an existing track, a new track may need to be
created. The track confirmation step identifies the status of a tentative track once it
has been created. A track is deleted if it is not updated within a reasonable period of
time, and the criteria for track deletion are similar to those for confirmation of tracks
[26].
A tracking filter is comprised of three main functions: it predicts the tracks for the
current moment, calculates the distance between the predicted tracks and detections
for gating and assignment, and corrects the predicted tracks with assigned detections
[27].

Observations Detection Assignment

Track Maintenance: 

Initialization, Confirmation

and Deletion

Observations

Input

Multi-Target

Detections
Assigned

Tracks

Filtering: Correction and 

Prediction
Gating

Gated

Tracks Predicted

Tracks

Confirmed or 

Tentative Tracks

Fig. 2.1 Key components of multi-target tracking, including detection, data association,
and trajectory estimation. These components work cohesively to track multiple objects
over time, even in dynamic environments.
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2.2 Clustering

Clustering is a fundamental technique in machine learning used to group data points
based on their inherent similarities, enabling the discovery of patterns and structures
in large datasets. It is primarily employed as an unsupervised learning method, al-
lowing the segmentation of data without prior labels. However, clustering can also be
integrated into semi-supervised frameworks where partial supervision is available in
the form of labeled constraints. This approach enhances its performance in scenarios
where limited labeled data exists [28].
In the context of LiDAR-based perception, clustering plays a pivotal role in segmenting
point clouds to distinguish between static and dynamic objects [29]. Various clustering
algorithms, such as K-Means [30], Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) [30], Hierarchical Clustering [31], and GNG [32], have been
extensively utilized in autonomous systems.
K-Means is a centroid-based clustering method that partitions data into a predefined
number of clusters. Despite its efficiency, K-Means assumes spherical clusters, making
it unsuitable for irregularly shaped data distributions often encountered in LiDAR
applications. In contrast, DBSCAN is a density-based clustering algorithm that excels
in identifying arbitrarily shaped clusters while effectively handling noise. It requires
two key parameters: the minimum number of points in a neighborhood to define a
dense region and the neighborhood radius. DBSCAN has been successfully applied
in LiDAR data processing for object detection and tracking due to its robustness in
distinguishing closely spaced objects.
Hierarchical clustering constructs a tree-like hierarchy of clusters, either through an
agglomerative (bottom-up) or divisive (top-down) approach. This method provides
greater interpretability, enabling researchers to analyze clustering results at multiple
levels of granularity. However, its computational complexity poses challenges for large-
scale LiDAR datasets. The GNG algorithm dynamically adapts to the topology of
data, making it particularly effective for complex, non-linear datasets. Unlike tradi-
tional clustering methods that rely on predefined structures, GNG incrementally adds
and removes nodes to optimize its representation of input data. This adaptability is
beneficial for LiDAR-based object recognition, where the environment continuously
evolves with varying densities of data points.
In real-world applications, clustering is instrumental in autonomous navigation, object
detection, and behavior analysis. For instance, in self-driving vehicles, clustering helps
classify point cloud data into distinct entities such as pedestrians, vehicles, and station-
ary objects. This segmentation allows vehicles to make informed decisions regarding
path planning and collision avoidance. Moreover, clustering methods are integrated
into deep learning pipelines to enhance feature extraction and improve classification
accuracy [33].
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Recent advancements in clustering techniques leverage deep learning architectures to
enhance clustering accuracy. Convolutional Neural Networks (CNNs) and Graph Neural
Networks (GNNs) have been incorporated into clustering frameworks to learn spatial
dependencies and improve segmentation quality [34]. Additionally, hybrid approaches
that combine DBSCAN with supervised learning models have demonstrated improved
robustness in cluttered environments [35].
In addition to data-driven clustering techniques, model-based approaches have been
widely developed in the context of statistical signal processing and Bayesian modeling.
One fundamental class of such methods involves latent variable models, where the
observed data is assumed to be generated from a mixture of underlying probabilistic
distributions. Gaussian Mixture Models (GMMs) are a notable example, where each
cluster corresponds to a Gaussian component. The parameters of such models are typi-
cally estimated using the Expectation-Maximization (EM) algorithm, which iteratively
refines the model by alternating between estimating hidden variables (E-step) and
optimizing the likelihood with respect to parameters (M-step). This class of algorithms
provides a principled probabilistic framework for clustering and offers benefits such as
interpretability and handling of uncertainty [36].
In summary, clustering serves as a fundamental tool in machine learning and au-
tonomous perception, enabling the extraction of meaningful patterns from unstructured
data. The selection of an appropriate clustering algorithm depends on the specific
requirements of the task, including computational efficiency, scalability, and the ability
to handle noise and non-linear structures. Continued research in clustering methodolo-
gies will further enhance their applicability in real-world scenarios, contributing to the
advancement of autonomous systems [37].

2.3 Dynamic Bayesian Networks

A DBN [38] is an extension of Bayesian Networks (BNs) designed to model stochastic
dynamic processes over time. DBNs provide a probabilistic framework for representing
sequences of random variables, allowing efficient reasoning about temporal dependencies.
They are particularly effective in modeling non-linear, multi-modal, and uncertain
environments, making them ideal for applications such as autonomous navigation,
object tracking, and decision-making in uncertain scenarios.

DBNs are represented as directed acyclic graphs (DAGs), where nodes represent
random variables and edges capture their probabilistic dependencies. Unlike static BNs,
which only model dependencies at a single time step, DBNs extend this representation
by introducing temporal connections between variables across consecutive time steps.
This ability to encode both intra-time slice and inter-time slice dependencies allows
DBNs to effectively model dynamic processes with evolving states.
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The architecture of a DBN consists of intra-slice dependencies, which describe
relationships among variables within the same time step, and inter-slice dependencies,
which capture dependencies across time steps, enforcing temporal continuity in the
modeled system. The Markov property ensures that a variable’s state at a given
time step depends only on its state at the previous time step, reducing computational
complexity [39]. Mathematically, the probabilistic update of a DBN over time can be
expressed using Bayes’ theorem as:

P (St | St−1,Ot) = P (Ot | St) ·P (St | St−1)
P (Ot | St−1) , (2.1)

where St is the latent state at time t, St−1 is the previous state, and Ot represents the
current observation. This equation describes how the posterior belief over the current
state is updated based on the likelihood of the observation and the transition dynamics
from the previous state. The denominator P (Ot | St−1) serves as a normalization
constant. Such a formulation enables DBNs to capture temporal uncertainty effectively,
which is especially beneficial for dealing with noisy sensor inputs like LiDAR in
autonomous systems.

A visual representation of a DBN structure is illustrated in Figure 2.2, which depicts
the hierarchical relationships between different levels of variables over multiple time
steps. The figure demonstrates how DBNs model sequential dependencies by encoding
probabilistic connections across various nodes, facilitating a structured decomposition
of complex, non-linear dynamics into manageable units.

෨𝐒t෨𝐒t−1

෩𝐗t−1
෩𝐗t

෨𝐙t−1 ෨𝐙t
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Fig. 2.2 A schematic representation of a Dynamic Bayesian Network (DBN) illustrating
inter-slice dependencies (green links) and intra-slice dependencies (red links). This
hierarchical structure decomposes complex dynamics into simpler relationships for
efficient state estimation.

Learning a DBN involves two primary tasks: parameter learning and structure learn-
ing. Parameter learning involves estimating the probabilistic distributions governing the
dependencies between variables, typically achieved using techniques such as Maximum
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Likelihood Estimation (MLE) or Expectation-Maximization (EM). Structure learning
aims to identify the optimal topology of the DBN by determining which variables
are directly dependent on each other. Algorithms such as the K2 algorithm, Greedy
Search, and Bayesian Model Averaging are commonly used for this purpose [40]. DBNs
are widely used in real-world applications where sequential decision-making and state
estimation are required. Some of their key applications include object tracking, where
DBNs predict and update object trajectories over time by incorporating noisy sensor
data [40]. Additionally, DBNs serve as the foundation for modern speech recognition
systems by modeling temporal dependencies in audio signals, enabling accurate word
prediction. In robotics and human-computer interaction, DBNs facilitate activity recog-
nition by analyzing sequences of human actions and predicting behavioral patterns.
Furthermore, DBNs are employed in sensor fusion applications, where multi-sensor
data sources (e.g., LiDAR, radar, and cameras) are integrated to enhance situational
awareness in autonomous systems. Modern advancements have led to the development
of hybrid models that combine DBNs with deep learning techniques. Notable extensions
include deep DBNs, which leverage deep neural networks to learn complex temporal
dependencies while retaining the interpretability of traditional DBNs. Hierarchical
DBNs introduce multi-layered structures that improve robustness in real-time decision-
making by modeling abstract high-level states. Additionally, DBNs integrated with
reinforcement learning frameworks enhance adaptability in decision-making processes,
particularly in autonomous navigation tasks [41].

2.4 Probabilistic Inference

Probabilistic inference is a fundamental principle in Bayesian reasoning that enables
dynamic systems, such as AVs, to estimate hidden states from noisy and incomplete
observational data [42]. In real-world environments, direct measurement of all relevant
system variables is impractical; therefore, probabilistic inference provides a systematic
approach to estimate states such as an agent’s position, velocity, and other latent
variables by leveraging available sensor data.

In Bayesian filtering, the process of inference consists of two key steps: prediction
and update [43]. These steps are recursively applied to refine the estimated state
as new observations become available, making the approach particularly useful for
real-time applications such as AV perception and motion planning.

The prediction step estimates the state at the next time step, st, based on the
transition probability P (st | st−1) while conditioning on all previous observations O1:t−1.
This step is expressed mathematically as:

P (st | O1:t−1) =
∫

P (st | st−1)P (st−1 | O1:t−1)dst−1. (2.2)
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The prediction step propagates the uncertainty in the system forward in time, allowing
the model to make informed estimates of future states.

In the update step, the prior belief from the prediction step is refined by incorpo-
rating new observations, Ot, using Bayes’ theorem:

P (st | O1:t) = αP (Ot | st)P (st | O1:t−1), (2.3)

where α is a normalization constant ensuring that probabilities sum to 1. At any time
t, the terms in the equation can be interpreted as follows:

• P (st | O1:t−1) represents the prior, or the belief about the state before the new
observation is considered.

• P (Ot | st) is the likelihood, which quantifies the probability of observing Ot given
state st.

• P (st | O1:t) is the posterior, the updated belief about the state incorporating the
latest observation.

This recursive process enables AVs and other intelligent systems to iteratively refine
their state estimates over time, continuously improving accuracy and robustness in
uncertain environments.

Probabilistic inference is widely applied in various filtering techniques such as
Kalman Filters (KF), Particle Filters (PF), and Hidden Markov Models (HMM). Each
of these methods builds upon Bayesian filtering principles to optimize state estimation
under different assumptions about system dynamics and noise characteristics. For
instance, the Kalman Filter assumes linear Gaussian noise, while Particle Filters employ
a non-parametric approach that can model highly non-linear systems with multi-modal
distributions [44].

Furthermore, probabilistic inference plays a crucial role in sensor fusion, where
multiple sources of data (e.g., LiDAR, radar, and cameras) are combined to generate
a more accurate and robust estimate of the environment. By leveraging probabilistic
reasoning, AVs can infer missing information, reject outliers, and adapt to dynamic
scenarios with varying levels of uncertainty.

2.5 Kalman Filter

The KF is one of the most widely used linear estimators for tracking and state estimation
in dynamic systems. It provides an optimal recursive solution for estimating the state of
a linear system subject to Gaussian noise. The filter is particularly useful in applications
where real-time updates are required, such as in AVS, robotics, and control systems
[45].
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The KF operates on the principle of a state-space model, where the system’s
evolution over time is governed by a transition model and an observation model. These
models can be formulated as follows:

Transition model:
st = Ast−1 +But−1 +ηt−1, (2.4)

where st represents the state vector at time t, A is the state transition matrix, B is
the control input matrix, ut−1 is the control input, and ηt−1 represents process noise
assumed to be zero-mean Gaussian with covariance Q. The noise term ηt−1 is modeled
as a zero-mean Gaussian random variable with covariance matrix Q, which captures
the uncertainty in the system dynamics.

Observation model:
Ot = Hst + ϵt, (2.5)

where H is the observation matrix mapping the state to the observation space, and ϵt

is the measurement noise, also assumed to be Gaussian with covariance R.
The KF operates in two main iterative phases: prediction and update.
Prediction step: This step estimates the current state based on the previous

state and the system dynamics. Note that the matrix multiplication in the following
equation implies summation over vector components as per standard linear algebra
notation. Specifically, Aŝt−1|t−1 and But−1 represent linear transformations of the
state and control input vectors, respectively.

ŝt|t−1 = Aŝt−1|t−1 +But−1, (2.6)

In below equation, Σt|t−1 represents the predicted state covariance matrix, capturing
the uncertainty in the forecasted state at time t. The matrix A⊤ denotes the transpose
of the state transition matrix A, and Q is the covariance of the process noise.

Σt|t−1 = AΣt−1|t−1A⊤ +Q, (2.7)

where Σ is the state covariance matrix that represents uncertainty in the state estimate.
Update step: Incorporates new observations to correct the predicted state estimate

using Bayes’ theorem.

Kt = Σt|t−1H⊤
(
HΣt|t−1H⊤ +R

)−1
, (2.8)

ŝt|t = ŝt|t−1 +Kt

(
Ot −Hŝt|t−1

)
, (2.9)

Σt|t = (I −KtH)Σt|t−1, (2.10)
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where Kt is the Kalman gain, determining how much the new observation influences
the updated estimate.

The KF is optimal for linear systems with Gaussian noise, but in real-world
applications, many systems exhibit non-linearity. This limitation led to the development
of extensions such as the Extended Kalman Filter (EKF) [46] and the Unscented
Kalman Filter (UKF) [47]. The EKF linearizes the non-linear system using a first-
order Taylor series expansion, while the UKF uses a set of sigma points to approximate
non-linear transformations more accurately [48].

The KF is extensively used in autonomous navigation, target tracking, and sensor
fusion applications. For instance, in AVs, KF-based filtering techniques are employed
to estimate the ego-vehicle’s position and velocity using Global Positioning System
(GPS) and Inertial Measurement Unit (IMU) data. Additionally, in robotic perception,
KFs assist in object tracking by refining raw sensor measurements.
Although the KF is effective for linear systems with Gaussian noise, its applicability is
restricted in environments that involve non-linear dynamics or non-Gaussian uncertain-
ties, which are prevalent in real-world autonomous navigation tasks. Its reliance on
accurate model parameters and noise covariance matrices can lead to poor performance
if the system is not well modeled. Moreover, it cannot effectively capture multi-modal
distributions, making it less suitable for complex scenarios with ambiguous observations
or multiple hypotheses.

2.6 Particle Filter

The PF is a powerful non-parametric method for probabilistic inference that employs a
set of weighted particles to approximate the posterior distribution of states. Unlike the
KF, which assumes Gaussian noise and linear system dynamics, the PF can effectively
model non-linear and non-Gaussian processes, making it highly suitable for real-world
dynamic systems [49].

The PF is based on the principle of Sequential Monte Carlo (SMC) methods, where
a set of discrete samples (particles) is used to represent the probability distribution
of an underlying stochastic process. Each particle carries a state hypothesis, and
its corresponding weight indicates its relative likelihood given the observed data. By
maintaining a diverse set of particles, the PF provides robust state estimation in systems
characterized by multi-modal distributions, occlusions, and abrupt environmental
changes.

Mathematically, the PF represents the posterior distribution P (st | O1:t) using a set
of N particles {s

(i)
t }N

i=1 and their associated weights {w
(i)
t }N

i=1. The filtering process
consists of four key steps:
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1. Initialization: The particles are drawn from the prior distribution, and their
weights are initialized uniformly:

w
(i)
0 = 1

N
. (2.11)

2. Prediction: Each particle is propagated forward according to the system’s
transition model:

s
(i)
t ∼ P (st | s

(i)
t−1). (2.12)

This step captures the system’s evolution over time, allowing the particles to
represent possible future states.

3. Weighting: The weights of the particles are updated based on the likelihood of
the new observation Ot:

w
(i)
t ∝ w

(i)
t−1P (Ot | s

(i)
t ). (2.13)

Higher weights are assigned to particles that better explain the observations,
reinforcing their significance in the estimation process.

4. Resampling: To mitigate particle degeneracy (where a few particles dominate
while others vanish), a resampling step is performed. Particles with low weights
are discarded, and those with higher weights are replicated to maintain a repre-
sentative distribution. The effective sample size (Neff) is used to determine when
resampling is required:

Neff = 1∑N
i=1(w(i)

t )2
. (2.14)

In contrast to KF-based methods, which approximate state distributions as Gaus-
sian, the PF can capture arbitrary and multi-modal distributions. This makes it
particularly advantageous in scenarios where the system dynamics involve sudden
changes, occlusions, or non-Gaussian noise. The PF has been successfully applied
in various domains, including target tracking, robotic localization, and simultaneous
localization and mapping (SLAM) [50].

For instance, in autonomous vehicles, the PF is used to track dynamic objects such
as pedestrians and other vehicles, where motion patterns can be highly unpredictable.
Similarly, in mobile robotics, PF-based localization techniques enable robust estimation
of a robot’s position within an environment by integrating sensor inputs from LiDAR,
cameras, and inertial measurement units (IMUs).
The PF, although powerful in handling non-linear and non-Gaussian systems, suffers
from a few operational drawbacks. It can be computationally expensive, especially when
a large number of particles are required for accurate state approximation. The resam-
pling step may cause particle impoverishment, where diversity is lost due to repeated
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selection of high-weight particles. In low-observation or highly noisy environments, the
filter may struggle to maintain accurate estimates unless carefully tuned.

2.7 Markov Jump Particle Filter

MJPF is an extension of the PF which enables discrete mode switching. It is well
suited to systems with hybrid dynamics, where state evolution is influenced by both
continuous and discrete variables [49]. In the MJPF framework, the state is represented
by a combination of a continuous variable st and a discrete mode Mt. The mode Mt

determines which dynamics govern the system at a given time. The state transition
equation is:

st = A(Mt)st−1 +ηt, (2.15)

where A(Mt) is a mode-dependent transition matrix and ηt represents process noise.
The MJPF operates through two hierarchical levels: 1. Continuous state filtering:

Similar to the Particle Filter, continuous states are updated using particles. 2. Mode
inference: The mode transition probabilities P (Mt | Mt−1) are used to infer the most
likely mode sequence.

The filtering process involves: Prediction:

P (st,Mt | O1:t−1) =
∑

Mt−1

∫
P (st | st−1,Mt)P (Mt | Mt−1)P (st−1,Mt−1 | O1:t−1)dst−1.

(2.16)
Update:

P (st,Mt | O1:t) ∝ P (Ot | st)P (st,Mt | O1:t−1). (2.17)

MJPFs are particularly useful for tracking systems with switching dynamics, such
as AV navigation with a variety of modes of operation. As a result, it provides robust
state estimation while adapting to discrete mode transitions.
The MJPF framework employs anomaly detection methods at both continuous and dis-
crete levels to evaluate deviations between predicted states and real-world observations.
These anomalies—termed Continuous Level Anomaly (CLA), Continuous Level Be-
havior Anomaly (CLB), and Kullback-Leibler Divergence Anomaly (KLDA)—provide
insights into inconsistencies at different hierarchical levels. Below, we detail their
formulations and significance.
CLA capture discrepancies at the continuous state level by comparing predicted states
Φ(Xk+1) with observed states Ψ(Xk+1). This metric evaluates how well the predicted
positions align with observations, thus identifying abnormal patterns in the environment.
The anomaly is quantified using a probabilistic similarity metric, namely the Bhat-
tacharyya distance, which measures the divergence between two multivariate Gaussian
distributions. In this context, it compares the predicted and observed distributions of
the ego vehicle state at time k +1. The Continuous Level Anomaly (CLA) is formulated
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as:
CLA = ∆B (Φ(Xk+1),Ψ(Xk+1)) , (2.18)

where Φ(Xk+1) and Ψ(Xk+1) denote the predicted and observed state distributions,
respectively. Each distribution is assumed to follow a multivariate Gaussian with
mean vectors MP ,MQ and covariance matrices ΣP ,ΣQ. The Bhattacharyya distance
∆B(P,Q) between the two distributions P and Q is given by:

∆B(P,Q) = 1
8(MP −MQ)⊤Σ−1(MP −MQ)+ 1

2 ln
 det(Σ)√

det(ΣP )det(ΣQ)

 , (2.19)

where the intermediate covariance matrix Σ is defined as:

Σ = 1
2(ΣP +ΣQ). (2.20)

This formulation captures both the displacement between the means and the similarity
in spread (covariance) of the distributions. A larger CLA value indicates a higher
divergence between the predicted and observed states, thus signaling a potential anomaly
in system behavior.

CLB focuses on the alignment between continuous predictions and discrete superstate-
conditioned probabilities. It evaluates the discrepancy between the predicted message
Φ(Xk+1) and the transition-informed distribution Π(Xk+1 | Sk+1), highlighting any
inconsistency within a given superstate.

The CLB metric is expressed as:

CLB = ∆B (Φ(Xk+1),Π(Xk+1 | Sk+1)) , (2.21)

where ∆B is the Bhattacharyya distance. High CLB values typically indicate a conflict
between predictions at the continuous level and the superstate probabilities derived
from discrete observations [37].
KLDA anomalies are used to assess deviations at the discrete superstate level by
comparing the predicted distribution Φ(Sk+1) with the observed distribution Ψ(Sk+1).
This approach identifies abrupt changes or inconsistencies in cluster assignments or
state transitions.

The KLDA is formulated as a symmetrical Kullback-Leibler divergence:

KLDA = ∆KL (Φ(Sk+1)∥Ψ(Sk+1))+∆KL (Ψ(Sk+1)∥Φ(Sk+1)) , (2.22)

where the Kullback-Leibler divergence ∆KL(P∥Q) is defined as:

∆KL(P∥Q) =
∑

i

P (i) ln
(

P (i)
Q(i)

)
. (2.23)
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The two terms account for the directional divergences between predicted and observed
distributions, providing a robust measure of anomaly at the discrete level. Large KLDA
values often indicate mismatches caused by sudden environmental changes or sensor
inconsistencies [37].

2.8 Summary

The theoretical foundations outlined in this chapter form the core pillars of the method-
ologies employed throughout this thesis. However, to effectively position this work
within the broader research landscape, it is essential to understand how these concepts
have been applied and evolved in recent literature. The following chapter presents a
comprehensive review of state-of-the-art techniques in LiDAR-based perception, focus-
ing on clustering, classification, multi-target tracking, and localization. This survey
not only contextualizes the chosen methods but also highlights existing gaps that the
proposed framework seeks to address.



Chapter 3

State Of the Art

An overview of the state-of-the-art research relevant to our work is presented in this
chapter, which includes research in multiple areas. Due to the fact that our work
encompasses multiple aspects, we have divided this section into four sections. Each
section is designed to reflect a key functional block of the proposed framework, and the
literature review provides a foundation for how our method builds upon or diverges
from prior work. These components align with the modular design of the proposed
framework: clustering and classification form the basis of static/dynamic distinction;
multi-target tracking supports interaction modeling; and landmark-based localization
methods are contrasted against our DBN+MJPF-based approach. By identifying
gaps in existing works, this chapter motivates the need for an integrated, data-driven
localization system introduced in subsequent chapters. A different aspect of our study
is addressed in each section. This approach allows an in-depth review of the existing
literature that pays special attention to studies that apply LiDAR data for multi-target
tracking, clustering, classification and ego vehicle localization to autonomous driving.
Moreover, a summarized table is shown at the end of this chapter to let readers quickly
understand the state of the art relevant to four different areas of research.

3.1 Clustering in LiDAR Data

Several studies have made significant advancements in the field of point cloud clustering
for autonomous driving applications which are discussed in this section. The work [51]
aimed to automatically estimate the parameters of Density-Based Spatial Clustering
of Applications with Noise (DBSCAN) by leveraging the structure of the point cloud.
This technique implements a field of view division and empirical relations that allow
each point to be independently estimated. A Deep Neural Network (DNN) is used
before beginning parameter estimation to remove the background points. Based on a
decoder/encoder structure, the network learns features that allow it to differentiate
between, for example, foreground and background points. A feature vector is derived
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from the resulting points and is employed to classify them as foreground or background.
With the background filtration process, the point cloud size can be reduced and
clustering can be performed more quickly. This scheme involves dividing the field of
view into equal-sized regions and further dividing each region into cells of equal size.
By dividing the LiDAR point cloud into cells, local information about the point cloud
can be calculated, such as the density of points within the cells.

The study in [52] was carried out in two parts. First, the points were projected onto a
grid map, ground points were removed by determining the maximum height difference,
and roadsides were detected with the Hough transform to determine the dynamic
region of interest (ROI). In the second part, a DBSCAN-based adaptive clustering
method (DAC) has been proposed to reduce the risk of over-segmentation and under-
segmentation due to the variations in spatial density of point clouds in relation to
their positions. The elliptic neighbourhood is designed to match the distribution
properties of the point cloud to avoid the possibility of over-segmentation and under-
segmentation. To handle the uniformity of points in different ranges, the parameters of
the ellipse are adaptively adjusted with respect to the location of the sample point. A
dynamic clustering algorithm is proposed in [53] to address the non-uniform spatial
distribution of LiDAR point clouds. An elliptical neighbourhood function is introduced
in the method, which enhances the robustness of obstacle detection by adapting to the
position of each core point. The KITTI dataset is employed to optimise parameters,
and the experimental results demonstrate improved clustering efficacy in comparison to
conventional methods. In paper [54], “InsClustering” was presented—a fast and accurate
method of clustering point clouds for AVs using LiDAR. Consequently, it provides an
efficient means of segmenting the ground and clustering the objects within the limited
amount of time available. With the use of Velodyne UltraPuck LiDAR range images in
spherical coordinates, the method is capable of maintaining clustering accuracy and
minimising over-segmentation due to a coarse-to-fine segmentation process.

It has become increasingly important in recent years to compress point cloud data,
especially in the context of AVs, where accurate and efficient LiDAR data processing
is crucial. Due to their limitations in encoding floating-point numbers and handling
distance information inherent in LiDAR data, traditional image and video compression
algorithms, such as JPEG2000, JPEG-LS, and High Efficiency Video Coding (HEVC),
do not suit point cloud data compression. The proposed method [55] addressed these
challenges by employing a lossless compression scheme based on point cloud clustering
as well as exploring lossy compression techniques. Rather than relying on traditional
image prediction methods, this approach involves a novel prediction method based
on correlations between distance information among points. As a result, spatial
redundancies can be eliminated without compromising the integrity of the dataset.

A two-stage clustering method for LiDAR data is presented in [56]. First, ground
line fitting reduces the data load by extracting the ground plane from the data. In the
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case of the non-ground data, a range image-based method is used, in which sub-clusters
are initially created through a sliding window approach, and then refined through an
adaptive DBSCAN algorithm. It effectively reduces over-segmentation and adapts to
variances in object distances. A method of clustering point clouds based on Two-Layer-
Graphs (TLG) [57] was proposed to improve the accuracy and speed of segmenting
point clouds. This involves dividing the task into storage structures, segmentation
standards, and category updates. Range graphs and point cloud set graphs were used
to enable fast access to and relationships between neighboring points. Standards for
segmentation include distance and angle characteristics in the horizontal direction and
distance in the vertical direction. The category update was accomplished through the
use of a search algorithm traversing the two layers of the graph. The results of the
experiments demonstrated that clustering and differentiation of objects in traffic scenes
can be achieved effectively.

3.2 Multi-Target Tracking in LiDAR Data

It is important to track multiple targets in autonomous vehicles and advanced driver
assistance systems (ADAS). In addition to path planning, collision avoidance, and
precise pose estimation, tracked trajectories are useful for path planning. Object
detection and data association are the two major stages of most MTT approaches.
Given the critical role of MTT in ensuring reliable localization and navigation, it
is essential to discuss the state-of-the-art methods and their advancements in this
domain. Therefore, in this section, we present a detailed discussion of the relevant
state-of-the-art approaches.

A new neural network architecture is proposed for detecting and tracking objects
in 3D point clouds in [58]. The PointTrackNet network converts a sequence of point
clouds into results for object detection and tracking by using an end-to-end approach.
There are three main components of the network: a point cloud encoder, a module
for detecting objects, and a module for tracking. The encoder reduces the point cloud
input into a compact representation of features, which is further processed by the
detection module to detect objects. As a result, a consistent tracking result is produced
by associating the detected objects across frames.

An approach to multi-object detection and tracking in complex urban environments
is presented in the [59]. As part of the proposed system, uncertainty and challenges
such as occlusions, cluttered scenes, and dynamic changes in the environment are taken
into consideration. In this system, three main components are used: object detection,
object association, and object tracking. A 3D point cloud is provided for input to the
detection part, which is then subdivided into measurements taken on the ground and
those taken from an elevated location. The ground is removed using a slope-based
approach and filtered thereafter. Additionally, object hypotheses are generated in a
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clustering step for the tracking targets. Following a feature-based bounding box fitting
and rule-based filtering, the objects of interest are extracted. Using centroid tracking,
four main steps are involved in tracking: data association, tracking filters, tracking
management, and bounding box correction. An object hypothesis is determined in
the association phase based on the already established tracks that correspond to the
predicted measurements. The track is updated with an associated measurement if there
is a possibility of an association, otherwise a new track is created. Tracking filters are
used to perform the prediction and update steps. Track management is responsible for
maintaining all tracks, labeling their maturity, and eliminating the infeasible and old
ones. As a final step, bounding-box correction assigns valid bounding-box dimensions
to mature tracks and updates this information using track history.

In [60], an Adaptive Cubature Kalman Filter (ACKF) is employed to estimate
the state of multiple objects in real time, specifically for use in AVs. A 3D detection
and tracking network is used to detect and track the objects, and then the ACKF
algorithm is used to estimate their position, velocity, and other parameters. In the
ACKF algorithm, the state of the objects is calculated using cubature integration, which
improves the tracking accuracy. Also included in the algorithm is an adaptive process
that updates the parameters of the model in response to the estimated errors. Through
this process, the object is able to adapt to changes in its motion and environment over
time. SimTrack [61] is a simplified model for 3D multi-object tracking in point clouds
which is essential for AVs. The SimTrack system is built on pillar- or voxel-based
3D object detection networks, and its aim is to eliminate heuristic matching steps
and manual track life management in tracking-by-detection systems. A hybrid-time
centerness map and a motion updating branch are the key components of SimTrack.
By using a hybrid-time centerness map, objects are represented based on their first-
appearing locations within a given input period, which permits the direct linking of
current detections with previously tracked objects without the need for additional
matching. Tracked objects are updated with their locations based on the estimated
motion of the tracked objects. Using SimTrack, tracking objects are linked, new-born
objects are detected, and dead objects are removed in one end-to-end trainable model.

In paper [62], ComplexerYOLO was presented, a real-time system for detecting
and tracking 3D objects, using semantic point clouds derived from LiDAR images. It
incorporates visual class features from camera-based semantic segmentation, extends
Complex-YOLO to process voxelized input features, and predicts 3D box heights and
z-offsets. Scale-Rotation-Translation score (SRTs) is a new validation metric introduced
by the authors, which is faster than Intersection over Union (IoU) and also takes into
account the object’s 3DoF pose. Multi-Target Tracking is achieved using an online
feature tracker that is separate from the detection network. It achieves state-of-the-art
results in the areas of semantic segmentation, 3D object detection, and Multi-Target
Tracking, which makes it suitable for the perception of urban self-driving cars. Three-
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dimensional MTT, a technology that is crucial for extracting dynamic information
from road environments, is discussed in [63], along with its applications in intelligent
transportation systems, including autonomous driving and traffic monitoring. There
are several challenges associated with current methods for detecting heavily occluded
or distant objects, as well as formulating effective pairwise costs for data association.
To overcome these challenges, the authors proposed a new 3D tracker based on a data
association scheme guided by a prediction confidence scheme. The tracking-by-detection
framework of this tracker consists of four steps: detecting objects from point clouds
using a deep learning-based 3D object detection algorithm, estimating possible current
states of tracked objects based on constant acceleration (CA) motion models, and
a prediction confidence model. A correlation between predicted and detected states
is formed using prediction confidence and an aggregated pairwise cost, and then the
matched pairs are updated, and the unmatched detected states are marked as tracked.
It is aimed at improving both the accuracy and speed of tracking objects, as well as
using features of objects in point clouds and tracking objects that have been temporarily
missed.

3.3 Classification of LiDAR Data

Recent developments in the classification of LiDAR data for autonomous driving have
focused on enhancing object detection and semantic segmentation through the use
of deep learning and sensor fusion techniques. Aksoy et.al.[64] presented SalsaNet, a
deep learning model developed for the efficient semantic segmentation of 3D LiDAR
point clouds for autonomous driving. A bird-eye-view (BEV) projection is used to
segment roads and vehicles using an encoder-decoder architecture. Moreover, they
developed an automatic process for labeling LiDAR data by transfering labels from
camera images to LiDAR point clouds. A multimodal 3D object detection framework
based on LiDAR and camera data was developed by Zhang et.al.[65] and utilized a
feature fusion network to improve detection accuracy in complex driving environments.

An approach to real-time object detection for autonomous vehicles was proposed
by [66] based on OD-C3DL, a framework that integrates 3D LiDAR and camera data.
The LiDAR provides geometric and depth information, while the camera provides RGB
images that are used to classify objects accurately. As part of their approach, they used
Point Cloud Augmentation (PCA) to fuse sensor data, Object Region Identification
(ORI) for clustering, and a CNN-based architecture using VGG16 with multi-layer
ROI pooling for feature extraction and classification. Based on the KITTI dataset,
OD-C3DL has achieved superior accuracy (79.13% for cars, 88.76% for pedestrians)
with a low processing time of 65 milliseconds, outperforming other methods such as
YOLOv5 and CT-Net in terms of accuracy and efficiency.
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A real-time object classification method based on 3D LiDAR point clouds was
proposed by [67]. It uses the Real AdaBoost algorithm to analyze the size, shape, and
velocity of objects and classify them into cars, pedestrians, bicyclists, and background
objects. This method, which achieves over 90% accuracy within a 50-meter range and
processes objects in 0.07 milliseconds, has been proven to be effective for real-time
applications. Further confidence is enhanced by the application of Binary Bayes Filters
to the time-series, although challenges persist in detecting long-range objects and
partially obscured objects. A back-propagating neural network (BPNN) system was
proposed by [68] to classify 3D objects in urban environments using LiDAR point
clouds. A histogram-based threshold is used to filter ground points and rasterize the
x-z plane to segment remaining points into object clusters. The extracted features,
such as volume, density, and eigenvalues, are then used to train a BPNN with 5 input
neurons, 20 hidden neurons, and 5 output neurons to categorize objects into walls,
poles, pedestrians, trees, and bushes. BPNN achieved 91.5% accuracy, outperforming
Decision Trees (89%) and Support Vector Machines (67.5%).This method improved
AV’s perception and decision making in urban environments.

Based on the fusion of RGB vision and LiDAR data, [69] proposed a deep-learning-
based object classification method for AVs. By converting sparse LiDAR point clouds
into high-resolution depth maps and integrating them with RGB data, a convolutional
neural network (CNN) is trained. A test on KITTI datasets showed that this method
was capable of classifying objects (cars, pedestrians, cyclists, trucks) with a 96%
accuracy, outperforming RGB-only models. As a result of the fusion of modalities,
features are better represented, classification precision is enhanced, and loss is reduced.

An evidential deep learning method for the classification of LIDAR objects in
autonomous driving has been proposed by [70], taking into account ambiguity and
unknown objects. A multi-task MLP and Dempster-Shafer theory are used to classify
objects into vehicles, vulnerable road users, and unknowns, and uncertainty is managed
by using a Z-score filter. Based on Velodyne VLP-32C LIDAR data, it achieved high
accuracy (89.7%) and improved unknown object detection over a one-class SVM. The
lightweight, real-time system paves the way for a more reliable and interpretable AV
perception system. The authors of [71] developed a LIDAR-based DATMO (Detection
and Tracking of Moving Objects) algorithm that classified objects into three categories:
bikes, cars, and trucks based on the Belief Theory. Based on the algorithm, 2D LIDAR
point clouds were processed in five stages: clustering, segmentation as recursive best
segement split (RBSS), data association, tracking with Kalman filters, and classifica-
tion. There were several key innovations, including: Segmentation of objects using a
RBSS method reduced noise sensitivity, based on Dempster-Shafer theory, pignistic
probabilities were generated based on physical attributes such as width, length, speed
and lastly incorporating vehicle type-specific motion models to improve precision in
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tracking. The algorithm was demonstrated to have a detection rate of 96% and a
misclassification rate of 4% in experiments on urban road scenarios.

Fang et al. [72] introduced, a deep learning framework for identifying roadside
objects such as cars, trees, traffic poles, and small objects (pedestrians, bicycles,
e-bikes) based on point clouds and multiview images. For the extraction of local
geometric features, graph attention convolution was used, while a hierarchical view-
group-object architecture was employed for the extraction of global geometric features.
In a novel attention-guided fusion module, geometric and multiview features are
combined to achieve robust classification in a variety of datasets. This framework
outperformed existing methods with an overall accuracy of 95.76% and demonstrated
strong generalization when dealing with incomplete and noisy point clouds.

3.4 Localization in LiDAR Data

In recent years, advances in probabilistic models, sensor fusion techniques, and map-
matching algorithms have significantly enhanced localization capabilities for AVs. A
probabilistic framework for ego-vehicle localization was proposed by [73] by integrating
road-level, lane-level, and ego-lane-level localizations. As part of the framework, BNs
and Hidden Markov Models (HMMs) are used to fuse GPS, IMU, camera, and LiDAR
data, while incorporating prior geometric information from OpenStreetMap (OSM). In
this method, computational complexity is reduced and robustness against sensor errors
is enhanced. Several key contributions have been made, including a probabilistic map-
matching module for road-level localization, a recursive detection for ego-lane marking
using top-down information, and lane-level localization by combining multi-sensors
and applying BN-HMM filters. Based on KITTI and real-world highway datasets, this
method has demonstrated robust localization in challenging conditions such as poor
lighting and occlusion.

An algorithm integrating ego-vehicle positioning, heading, and velocity with obstacle
detection and tracking using a multisensor framework of radars and LiDARs is presented
in the work of [74] for real-time AV state estimation. Using curvilinear coordinates
aligned with the road geometry, the system utilizes a Unscented Kalman Filter (UKF)
for accurate estimation of ego-vehicle state based on GPS, inertial sensors, and odometry,
while a fusion of radar and LiDAR data allows precise tracking of obstacles. Data
from LiDAR is converted to a two-dimensional occupancy grid for clustering, while
velocity measurements are provided by Radar, with sensor fusion prioritizing data from
LiDAR for the purpose of determining position accuracy. A robust data association
algorithm is employed via gated and Mahalanobis distances, and tracking continuity
is ensured through initialization and removal routines. It has been validated on a
prototype at the Monza ENI Circuit, demonstrating low variation in mean square error
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and reliable performance in dynamic scenarios. It provides critical state estimates for
motion planning.

Persistent Homology (PH) [75] is applied to LiDAR-based ego vehicle localization,
with particular attention to loop closure detection, place categorization, and global
end-to-end positioning. A persistence diagram (PD), which represents the global
structure of a point cloud, is derived from PH, a topological data analysis method that
extracts translation and rotation invariant features. As a result, persistence images (PIs)
are created, which provide machine learning models with fixed-size, low-dimensional
representations. Although PH successfully captures global topological features, the
results indicate that it is limited in maintaining local shape details that are essential
for registering point clouds accurately, thus limiting its ability to enhance localization
accuracy. PH, however, demonstrates the potential for supplementary tasks, such as
detecting failures, categorizing places, and understanding global structure relationships,
as demonstrated in experiments using the KITTI odometry dataset. According to the
study, PIs enhance position estimation slightly in end-to-end localization models, but
do not significantly improve orientation prediction. While PH alone cannot drastically
increase localization accuracy, it can be used to supplement traditional geometric and
neural network-based approaches to address broader localization challenges.

The EgoVM [76] is an end-to-end ego-localization network that achieves centimeter-
level accuracy using vectorized maps that reduce map size significantly in comparison
to point-based maps. A Bird’s Eye View (BEV) feature extraction method is used
to extract features from multi-view images and LiDAR, and a transformer decoder
with learnable semantic embeddings for cross-modality matching is used along with a
histogram-based pose estimation method. A key feature of EgoVM is its integration
of semantic supervision to enhance feature consistency and its incorporation of surfel
features to improve localization in sparse landmark scenarios. A Real-Time Monte Carlo
Localization (RTMCL) method for AVs is presented in [20] which aims to balance the
accuracy of pose estimation with the performance of real-time localization. With this
algorithm, LiDAR and radar data are integrated using an UKF for improved detection
of pole-like landmarks. These landmarks are then clustered using GB-DBSCAN and
refined using RANSAC. PF with a probabilistic reference map of landmarks is used for
precise localization of the ego-vehicle. A GPS and an IMU data fusion algorithm is
used to initialize the system, and the ICP algorithm is used to link detected landmarks
with mapped landmarks. This model has been implemented in C++ using optimized
libraries, achieving an 11 cm localization error in real-time using only 50 particles,
thus demonstrating robustness under varying map uncertainties and computational
efficiency suitable for real-world use.

A robust multi-vehicle cooperative localization framework is presented in [77] based
on the Iterated Split Covariance Intersection Filter (ISCIF). As a result of this method,
several challenges can be addressed in outdoor environments where traditional methods
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have been unable to effectively handle simultaneous data correlation and outliers. Using
shared point cloud maps and vehicular communication, ISCIF integrates LiDAR-based
SLAM for accurate ego-vehicle localization and relative pose estimation for inter-vehicle
communication. Experiments in urban and highway simulations demonstrate that
ISCIF is more accurate, robust, and efficient than existing methods, particularly in
the presence of non-Gaussian noise, process, and observation outliers. ISCIF has the
potential to advance cooperative perception and localization in AVs, with additional
applications in augmented reality and complex outdoor environments. An ego vehicle
and nearby moving obstacles are simultaneously estimated by a LiDAR-based method
in [78]. With PointNet++ as the backbone for feature extraction, the proposed Pose
Estimation Network (PEN) segments point clouds into static and moving parts and
estimates the ego vehicle’s pose based on static points as well as obstacle poses based
on moving points. Lyapunov theory ensures stability by using a reduced-order observer
to estimate velocities. Using this approach, the interpretability of observers is combined
with the feature extraction capabilities of deep learning, which results in robust and
smooth estimations. A comparison of the accuracy and stability of the proposed
method with existing techniques, even in complex traffic scenarios, is demonstrated by
simulation and experimental results.

The following table offers an exhaustive comparative summary of the findings that
were discussed in the four subsections—clustering, MTT, classification, and localisation.
Providing a concise reference to the diverse state-of-the-art approaches in LiDAR-based
autonomous driving systems, this tabular overview emphasises the main methodologies,
innovations, and performance aspects of the cited works. The categorisation helps the
reader understand the evolution and focal areas of each domain, and it also serves as a
bridge to the methodological advancements that are proposed in subsequent chapters.

State-of-the-Art: Comprehensive Table

Category Reference Methods
Clustering [51] Uses a DNN to remove background points

and adapt DBSCAN parameters by exploiting
local point densities in each cell. Divides the
field of view into subregions, improving speed
and avoiding over-segmentation.

(Continued on next page)
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Category Reference Methods
Clustering [52] Two-step approach: (1) project point cloud

onto grid map, remove ground via height dif-
ference, detect roadsides (Hough); (2) apply
DBSCAN-based adaptive clustering (DAC)
with elliptical neighborhoods to reduce over-
/under-segmentation.

Clustering [53] Improves obstacle detection accuracy by
proposing a dynamic clustering method that
employs an adaptive elliptical neighbourhood
to manage non-uniform LiDAR point distri-
butions. .

Clustering [54] “InsClustering,” a fast and accurate method
for segmenting ground and clustering objects
in LiDAR data using range images in spheri-
cal coordinates. Coarse-to-fine segmentation
to minimize over-segmentation.

Clustering [55] Proposes a lossless + lossy compression
scheme based on point cloud clustering, lever-
aging correlations between distance informa-
tion to remove spatial redundancies.

Clustering [56] Two-stage clustering: first removes ground
via line fitting, then uses a range image-based
approach with a sliding window to form sub-
clusters, refined via adaptive DBSCAN. Ad-
dresses over-segmentation by adapting to ob-
ject distance.

Clustering [57] Employs Two-Layer-Graphs (TLG) to cluster
point clouds. Uses a range graph + point
cloud set graph, with distance and angle con-
straints in horizontal, and distance in vertical.
Category updates via a search across the two-
layer graph.

Multi-Target
Tracking

[58] “PointTrackNet”: end-to-end 3D point cloud
detection + tracking. Has a point cloud en-
coder, detection module, and tracking module
to associate objects across consecutive frames.

(Continued on next page)
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Category Reference Methods
Multi-Target
Tracking

[59] Addresses multi-object detection/tracking in
cluttered, occluded urban scenes. Uses slope-
based ground removal, clustering for object
hypotheses, bounding box fitting, and cen-
troid tracking with bounding box refinement.

Multi-Target
Tracking

[60] Integrates a 3D detection and tracking net-
work with an Adaptive Cubature Kalman Fil-
ter (ACKF) to estimate object states in real
time. Adaptive model parameters improve ac-
curacy with changing motion/environments.

Multi-Target
Tracking

[61] “SimTrack”: a simplified model for 3D MOT
in point clouds. Eliminates heuristic match-
ing steps via a hybrid-time centerness map
and motion-updating branch; end-to-end ap-
proach for linking and managing tracks.

Multi-Target
Tracking

[62] “ComplexerYOLO”: real-time 3D object de-
tection/tracking from semantic LiDAR point
clouds. Merges camera-based semantic seg-
mentation for class labels; introduces Scale-
Rotation-Translation score (SRTs) for track
validation.

Multi-Target
Tracking

[63] Proposes a 3D tracking-by-detection method
with a prediction confidence model. Relies on
aggregated pairwise cost for data association;
unmatched detections become new tracks, im-
proving occlusion handling.

Classification [64] “SalsaNet”: semantic segmentation of LiDAR
point clouds in a bird’s-eye view. An encoder-
decoder network; uses an automated process
transferring camera labels to LiDAR points.

Classification [65] A multimodal 3D object detection framework
fusing LiDAR and camera data. Uses a fea-
ture fusion network to improve detection ac-
curacy in complex driving environments.

(Continued on next page)
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Category Reference Methods
Classification [66] “OD-C3DL”: real-time object detection

fusing 3D LiDAR + camera. Employs
Point Cloud Augmentation, clustering, and
a VGG16-based CNN with multi-layer ROI
pooling. Achieves high accuracy in 65 ms.

Classification [67] Real AdaBoost algorithm on LiDAR data for
car, pedestrian, bicyclist classification. Pro-
cesses size, shape, velocity features. Over
90% accuracy within 50m, 0.07 ms process-
ing per object; uses Binary Bayes Filters for
confidence.

Classification [68] Back-Prop Neural Network (BPNN) for urban
3D objects. Removes ground points, clusters,
extracts volume/density/eigenvalue features.
BPNN attains 91.5% accuracy, surpassing
Decision Trees and SVM.

Classification [69] Deep-learning-based object detection fusing
RGB vision + LiDAR. Converts sparse Li-
DAR points into depth maps combined with
RGB images in a CNN. Achieves 96% accu-
racy on KITTI.

Classification [70] Evidential deep learning for LiDAR ob-
ject classification using Dempster-Shafer to
handle unknown classes. Multi-task MLP,
89.7% accuracy, improved detection of un-
seen/ambiguous objects.

Classification [71] LIDAR-based DATMO with Belief Theory
(Dempster-Shafer). Clustering + segmenta-
tion via RBSS, Kalman filters for tracking,
classifies bikes/cars/trucks with 96% detec-
tion and 4% misclassification.

Classification [72] Graph attention convolution + hierarchical
view-group-object architecture for roadside
object classification (cars, trees, poles, small
objects). Achieves 95.76% accuracy, robust
to incomplete/noisy data.

(Continued on next page)
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Category Reference Methods
Localization [73] Probabilistic (Bayesian Nets + HMM) fu-

sion of LiDAR, GPS, IMU, camera, and
OSM geometry for road-, lane-, and ego-lane-
level localization. Robust under poor light-
ing/occlusion.

Localization [74] Integrated multi-sensor framework (GPS,
IMU, radar, LiDAR) in curvilinear coords.
UKF for ego-vehicle pose; radar+LiDAR data
association with gating and Mahalanobis dis-
tance. Tested on Monza race circuit.

Localization [75] Leverages Persistent Homology (PH) for loop-
closure detection and place categorization.
Converts topological features into persistence
images, improving global structure awareness
slightly for pose estimation.

Localization [76] “EgoVM”: end-to-end ego-localization with
vectorized maps. Uses BEV feature ex-
traction from images + LiDAR, a trans-
former decoder with semantic embeddings,
and histogram-based pose estimation for cm-
level accuracy.

Localization [20] “RTMCL”: real-time Monte Carlo Local-
ization using LiDAR+radar, merges pole-
like landmark detection (GB-DBSCAN +
RANSAC) with a Particle Filter. Achieves
11 cm error with only 50 particles.

Localization [77] Cooperative localization with Iterated Split
Covariance Intersection Filter (ISCIF). Com-
bines LiDAR-based SLAM, shared point-
cloud maps, and inter-vehicle communication.
Robust to outliers and non-Gaussian noise.

Localization [78] Simultaneous estimation of ego-vehicle +
moving obstacles in LiDAR. Uses Point-
Net++ for feature extraction, splits clouds
into static/moving parts, and a reduced-order
observer for velocities. Stable, robust in com-
plex traffic.
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Among the studies summarized in the above table, a few are particularly relevant
to the goals of this thesis. Notably, works that rely on DBSCAN or learning-based
clustering techniques [51, 52, 57] demonstrate strong segmentation capability but often
lack robustness across varying LiDAR densities or environmental noise. Likewise,
classical multi-target tracking approaches using KF or PF [60, 62] tend to assume
stable measurement noise and suffer under dynamic object interactions. In contrast,
this thesis builds on these foundations by integrating GNG for adaptive clustering and
a MJPF for robust ego vehicle localization. Moreover, by incorporating interaction
dictionaries and a DBN-based structure, the framework proposed here addresses critical
limitations related to long-term temporal reasoning and scene variability, which are
not effectively tackled in prior literature.

3.5 Summary

While Chapter 3 established a comprehensive overview of existing techniques for LiDAR-
based perception and localization, some of these methods face challenges in consistently
distinguishing between static and dynamic elements in complex driving environments.
Addressing this gap, the next chapter introduces an offline classification framework that
utilizes LiDAR and odometry data to pre-label environmental tracks. By leveraging
probabilistic filters and unsupervised learning algorithms, this methodology enhances
the reliability of downstream localization tasks. The integration of static and dynamic
track dictionaries, introduced in Chapter 4, forms the foundational layer for the
ego-vehicle localization system developed in subsequent chapters.



Chapter 4

Classification Methodology for
Ego-Vehicle Localization Framework

This chapter presents the proposed classification framework for AV navigation and its
experimental results. The framework leverages LiDAR and odometry data to classify
static and dynamic tracks, enhancing situational awareness and decision-making. The
classification process employs the JPDA filter, the NFF, and the GNG algorithm to
capture the spatial and temporal dynamics of tracks, generating interaction dictionaries
and vocabularies. The results validate the framework’s effectiveness in classifying static
and dynamic tracks, ensuring robust ego-vehicle localization in dynamic environments.

4.1 Problem statement

Safe and efficient navigation necessitates precise localization in AVs. Effectively clas-
sifying environmental objects into static (e.g., buildings, traffic signs) and dynamic
categories (e.g., vehicles, pedestrians) is a substantial obstacle to obtaining precise lo-
calization. Erroneous map representations can result from misclassifications, which can
have a detrimental impact on the decision-making, obstacle avoidance, and navigation
processes [79].
Traditional methods frequently emphasise real-time classification during the vehicle’s
operation. At the same time, this can be computationally expensive and susceptible to
inaccuracies as a result of environmental complexities and sensor noise. In order to
confront these obstacles, our novel methodology is characterised by an offline training
phase during which we pre-classify environmental data into static and dynamic objects.
This pre-classified data is used as a foundational layer for subsequent localization tasks,
thereby improving the accuracy and robustness of the ego vehicle’s positioning.
The objective of this thesis is to enhance the system’s resilience to dynamic environ-
mental changes and alleviate the computational burden during real-time operation by
incorporating this offline classification into the localization pipeline. This methodology
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is consistent with the most recent developments in autonomous driving research, under-
scoring the significance of precise environmental perception for the reliable localization
of vehicles. For example, research has shown that the accuracy of localization can be
improved by utilising existing 3D maps to improve dynamic object detection. Moreover,
the potential of dynamic object tracking to address the challenges posed by dynamic
environments has been demonstrated through the integration of SLAM techniques
[80–82].
Overall, the methodology proposed in this chapter emphasises the offline classification
of environmental objects to differentiate between static and dynamic entities. This
strategy is designed to improve the accuracy and reliability of AV localization, thereby
facilitating safer and more efficient navigation in intricate environments.

4.2 Classification Framework as an Offline Training
Phase

Figure 4.1 illustrates our proposed classification framework as a block diagram. Our
dataset was collected at the University of Carlos III, Madrid, using a vehicle called
"iCAB" that was equipped with a Velodyne LiDAR Puck (VLP-16) sensor [83]. A
total of 393 frames of point cloud data have been used to capture the environment in
detail. There are two vehicles included in this dataset: iCAB1 overtakes iCAB2 at a
specific time point. Moreover, the dataset contains static objects, such as buildings,
trees, and poles, which are crucial to vehicle navigation and localization. As part of
the preprocessing step, it is important to remove ground points and other irrelevant
data from the raw point cloud data. This will ensure that subsequent analysis is more
accurate. This process also involves filtering out noise and identifying significant data
features [84].

4.2.1 Multi-Target Tracking

As part of the multi-target tracking module, a finely tuned detector model is employed
with precise axes limits on the X, Y, and Z axes. This ensures that the bounding
box is placed accurately. The detection of objects is enhanced by optimizing several
parameters, including minimum segmentation distances and minimum detections per
cluster. In this module, the thresholds for tracking assignment, confirmation, and
deletion have been defined based on the JPDA tracker [85]. Object positions and timings
are stored in a data structure, making it possible to analyze the trajectory of each object
in detail. JPDA was applied to LiDAR data in order to verify the tracker’s performance
using ground truth images. The development of MTT techniques has been significantly
shaped by foundational work from Bar-Shalom and Blackman. In particular, the
PDAF and its extension to the JPDA filter were first introduced and formalized in
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Bar-Shalom’s seminal work [86]. These methods laid the groundwork for managing
uncertainty in data association across multiple targets. Blackman’s contributions
[87] offered practical perspectives on radar-based tracking systems, including gating
strategies, false alarm handling, and track initiation logic. Integrating these principles
ensures that our tracking model maintains both theoretical robustness and practical
scalability. Seven distinct tracks have been saved, each with its own TrackID and x and
y coordinates. The simulator displayed bounding boxes on these tracked objects during
the movement of the ego vehicle. In total, seven tracks have been selected: TrackID
14, which represents a car in front of the ego vehicle; TrackID 20, which represents a
building on the right side; TrackID 1416, a static pole; TrackID 1682, a tree; TrackID
1929, a small static pole; TrackID 3159 and TrackID 3549, both representing trees.
Data from odometry was used to determine the location of the ego vehicle, allowing us
to analyze the trajectory in absolute coordinates. In Figure 4.2(a), the ego vehicle’s
trajectory is illustrated in absolute coordinates., and Figure 4.2(b) shows the position
of the seven tracks with their Track IDs relative to the ego vehicle.

4.2.2 Odometry Sensor

During the offline training phase, the odometry sensor plays a critical role in determining
the position of the ego vehicle, which is necessary for localizing the ego vehicle during
testing. Ego vehicle localization is enhanced by including the (DBNs) derived from
the training phase as an additional switching variable. A critical point is that during
online testing phase, the ego vehicle localization is performed only using LiDAR data,
leveraging the DBNs that have been trained with odometry sensor data.
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Fig. 4.1 Our framework providing a visual representation of the steps involved in the
classification of tracks, allowing the generation of interaction dictionaries.

4.2.3 Null Force Filter

Afterward, the seven tracks and the trajectory of the ego vehicle are filtered using the
NF filter. In this filter, it is assumed that no external forces are affecting the motion,
as a result of which the system can continue to move at its previous velocity without
being affected by external forces [88]. Using this approach, we were able to obtain
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(a) Trajectory of the ego vehicle (b) Positions of the seven tracks

Fig. 4.2 (a) Trajectory of the ego vehicle, derived from odometry sensor data, in absolute
coordinates. (b) Positions of the seven tracks in relative coordinates.

generalized states, including positions and velocities, for each of the seven tracks as
well as the ego vehicle. The GNG algorithm was applied to cluster the generalized
states (positions and velocities along x and y) of the ego vehicle and the tracks [89]. By
clustering, vocabularies with mean positions, mean velocity, and covariance between
positions and velocity were generated. The parameters of the GNG algorithm were
selected according to the size of the data points for each trajectory, ensuring that
smaller trajectories have fewer nodes and larger ones have more. Each cluster of ego
vehicles and tracks has a mean position and mean velocity defined as follows:

µpos = 1
N

N∑
i=1

xi (4.1)

µvel = 1
N

N∑
i=1

vi (4.2)

where xi and vi are the position and velocity vectors of the i-th node, respectively,
and N is the number of nodes for that cluster. Using these mean vectors, proposed
mathematical equations have been used to create dictionaries for the classification of
tracks. As shown in Figure 4.3 (a-h), the clustered generalized states of the seven
tracks and the ego vehicle’s trajectory are shown.

4.2.4 Classification Models

Thus, the interaction dictionary is constructed based on the mean position and velocity
of each cluster, considering both the ego vehicle and tracks. For each timestamp, a
cluster index is calculated using the Euclidean distance to the cluster mean. As part
of the initialization of the interaction array, the positions of the ego vehicle as well
as time, cluster indices, and interaction labels of both the ego vehicle and tracks are
recorded.
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(a) Ego vehicle clustering. (b) Track 14 clustering (Car).

(c) Track 20 clustering (Building). (d) Track 1416 clustering (Static pole).

(e) Track 1682 clustering (Tree). (f) Track 1929 clustering (Static pole).

(g) Track 3159 clustering (Tree). (h) Track 3549 clustering (Tree).

Fig. 4.3 Clustering of ego vehicle and different track types. (a) Ego vehicle clustering,
(b) Track 14 (Car), (c) Track 20 (Building), (d) Track 1416 (Static pole), (e) Track
1682 (Tree), (f) Track 1929 (Static pole), (g) Track 3159 (Tree), and (h) Track 3549
(Tree).
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The timing analysis were performed for interactive clusters in which the ego vehicle
and each track were simultaneously present in the space at the same time. Track
14 interacted with the ego vehicle from 1 to 14.7 seconds. Similarly, Track 20 had
interactions with the ego vehicle from 0.7 to 14.5 seconds. Interactions for Track 1416
began at 15.8 seconds and ended at 18 seconds. Track 1682’s interaction took 18 to 24.8
seconds. Track 1929 interacted with ego vehicle from 20 to 23.4 seconds. Interaction
times between track 3159 and ego vehicle 32.1 to 33.7 seconds. Finally, Track 3549
interacted between 36 and 39.3 seconds. Table 4.1 illustrates the initial part of the
interaction array belongs to the interactions between track 14 and ego vehicle. The
track cluster index of 0 indicates that there was no interaction at that time, so the first
interaction began at 1.0000. Note that this interaction continues until the end of a
particular interaction, maintaining separate interaction arrays for the ego vehicle and
for each track.

Table 4.1 Example of the interaction array between the ego vehicle and Track 14.

Time Track
Cluster
Index

Label Ego Vehi-
cle Cluster
Index

Ego Vehicle x
Position

Ego Vehicle y
Position

0.1000 4 0 0 218.0021 44.5398
0.2000 4 0 0 218.0051 44.5382
0.3000 4 0 0 218.0092 44.5362
0.4000 4 0 0 218.0013 44.5405
0.5000 4 0 0 217.9974 44.5423
0.6000 4 0 0 217.9942 44.5441
0.7000 4 0 0 217.9893 44.5475
0.8000 4 0 0 217.9881 44.5494
0.9000 4 0 0 217.9875 44.5504
1.0000 4 1 5 217.9887 44.5512
... ... ... ... ... ...

The hierarchical DBN model is illustrated in Figure 4.4. Odometry data is used to
determine the position of the ego vehicle on the left side of the DBN. There are seven
different tracks on the right side, provided by the LiDAR sensor. A layer of observation
is located at the bottom, where raw sensor data has been collected. The middle level of
the model (i.e., a continuous level) represents our generalized states. Through the use of
the GNG algorithm, the third upper layer is a discrete layer that allows us to group the
generalized states into clusters. Lastly, dictionary interactions occur at the top of the
DBNs, where clusters derived from GNG are considered, enabling interaction between
tracked objects and the ego vehicle. A switching variable is incorporated into the DBN
to distinguish static tracks from dynamic tracks according to predefined mathematical
equations. As a result, these classifications play a crucial role in extending learned
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Fig. 4.4 Dynamic Bayesian Network (DBN) of the model.

vocabularies during testing, particularly for localizing the ego vehicle. For this purpose,
separate dictionaries are maintained for each track and ego vehicle, each containing
six columns of information: time, the cluster index of the ego vehicle, the cluster
index of the track, the interaction label, as well as the x and y positions of the ego
vehicle. It is especially useful for predicting the position of the ego vehicle to have
the interaction label, which indicates whether it is interacting with a specific track
at a given time. Using these dictionaries to analyze interaction labels and spatial
data, the model can more accurately predict the ego vehicle’s position relative to static
tracks. It is achieved using a MJPF, which combines the strengths of Kalman filters
and particle filters. Utilizing the consistent patterns in the static tracks’ data, the
MJPF refines the positional estimates by comparing predictions from the DBN with
real-time observations. Whenever the switching variable indicates a static state, the
DBN leverages the corresponding dictionary entries to provide more accurate and robust
localization of the ego vehicle. The use of this approach ensures that the localization
process is both data-driven and mathematically based, greatly improving the accuracy
and reliability of navigation on the ego vehicle.

During the final stage of offline training phase, we classify tracks based upon the
interaction between the clustered states of the ego vehicle and the clusters of the tracks.
The interaction between an ego vehicle and a dynamic track cluster should be classified
as dynamic, while the interaction with a static track cluster should be classified as static.
The relative velocities of the ego vehicle and the track clusters determine whether a
track is static or dynamic. It is done by measuring the difference between the ego
vehicle’s velocity and those of each track cluster over a period of time. To classify
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whether a track is static or dynamic, the mathematical equations have been proposed
to calculate the relative velocities of interacting clusters.

Let ptrack denote the current position of a track cluster, pego the current position
of the ego vehicle, p′

track the position of the track cluster at the next time step (after
a short interval ∆t), and vego the velocity of the ego vehicle. Assuming the track is
static in the world (absolute) frame, its apparent motion in the ego-centric frame is
induced solely by the ego vehicle’s motion. The relationship between these positions is:

ptrack −pego = p′
track −pego +vego ·∆t (4.3)

This equation expresses the relative displacement of the static track cluster over
time, accounting for the ego vehicle’s movement during ∆t.

By rearranging Equation (4.3), we obtain:

ptrack = p′
track +vego ·∆t (4.4)

Subtracting both sides by ptrack and isolating the displacement yields:

p′
track −ptrack = −vego ·∆t (4.5)

Dividing both sides by ∆t results in the apparent velocity of the track cluster in
ego-centric coordinates:

vtrack = −vego (4.6)

Equation (4.6) indicates that a static track appears to move with the same speed
but in the opposite direction to the ego vehicle. The relative velocity between the ego
vehicle and the track cluster is then computed as the Euclidean norm of their velocity
difference:

vrel = ∥vego −vtrack∥ (4.7)

Substituting vtrack = −vego into Equation (4.7), we obtain:

vrel = ∥2vego∥ (4.8)

Equation (4.8) shows that in the ego-centric frame, a track that is truly static in
the world frame will appear to move at a velocity equal and opposite to that of the ego
vehicle, resulting in a relative velocity magnitude of twice the ego vehicle’s speed.
This derivation is central to the classification logic: by measuring the relative velocity
vrel, we determine whether a track is static (i.e., vrel ≈ 2∥vego∥) or dynamic (i.e., deviates
from this pattern) using a threshold.
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4.2.5 Construction of the Interaction Dictionary

The interaction dictionary encodes the time-dependent relationship between the ego
vehicle and each observed track during training. It is constructed using the step-by-step
procedure summarized in Table 4.2. Each dictionary is constructed for each track
during training, and is then combined for simultaneous interactions during testing.

Table 4.2 Steps followed to construct the interaction dictionary between the ego vehicle
and the observed tracks. Each step transforms raw frame-level data into structured
interaction entries.

Step Description

1 Temporal Alignment: Synchronize LiDAR and odometry timestamps to
associate ego and track observations frame-wise.

2 Track Association: Identify active TrackIDs using the JPDA filter at
each frame.

3 Cluster Assignment: Assign ego and track positions to their respective GNG
clusters to extract cluster indices.

4 Interaction Labeling: If ego and track positions fall within a defined spatial
proximity, label the interaction as L = 1; otherwise L = 0.

5 Dictionary Population: Store the interaction entry as I =
{t,Cego,Ctrack,L,x,y}, where (x,y) is the ego vehicle position.

4.2.6 Parameter Configuration for JPDA and GNG

To ensure reproducibility, we detail here the configuration of the JPDA tracker and the
GNG algorithm. These components support interaction-based clustering and continuous
ego vehicle motion prediction under partial observability.

The GNG network dynamically adjusts its number of nodes based on the complexity
of the trajectory during training, with an upper bound of 100 nodes to control overfitting
and runtime. The NFF predicts the ego vehicle’s motion by assuming no external
forces influence its trajectory resulting in a constant velocity movement. It is a
simplified Kalman filter that allows us to estimate future states under a zero acceleration
assumption [37]. JPDA parameters were tuned for stability across multi-object scenes.
All parameters were empirically selected using the training dataset and are summarized
in Table 4.3.



42 Classification Methodology for Ego-Vehicle Localization Framework

Table 4.3 Parameter settings used in the JPDA tracker and GNG clustering algorithm.
All values were empirically tuned using the training dataset.

Module Parameter Description and Value

JPDA Tracker
Gating threshold 0.8 (based on Mahalanobis dis-

tance)
Confirmation count 3 consecutive detections required
Missed detection tolerance Up to 5 missed updates allowed

GNG Clustering

Maximum number of nodes 100 (adaptive per trajectory length)
Learning rate (winner) ϵb 0.05
Learning rate (neighbor) ϵn 0.0006
Maximum edge age 50 iterations
Node insertion interval Every 100 steps
Error decay factor β 0.0005

These values were validated during development and align with established practices
in LiDAR-based trajectory modeling.

4.3 Results and Discussions

Using the minimum distance between the current positions of the ego vehicle and pre-
defined cluster centroids of track positions, the nearest cluster indices were determined
for both the ego vehicle and the tracks at each time stamp. According to the Figures
from 4.5 to 4.11, cluster indices vary over time, illustrating how the ego vehicle and a
particular track behave over time. The red line represents the cluster assignments for
the ego vehicle over time, while the blue line represents the cluster assignments for the
track during interactions. A comprehensive overview of the dynamics of the interaction
between the ego vehicle and the surrounding tracks is shown in Figure 4.12. At various
time instants, it details when each track interacts with the ego vehicle. This figure
depicts both scenarios in which multiple tracks interact with the ego vehicle simultane-
ously, as well as scenarios in which separate tracks engage at different intervals.
Figure 4.5 presents a dynamic track interaction with the ego vehicle, i.e. a car in front
of ego vehicle, while figure 4.6 shows a building to the right, and the rest show static
tracks, i.e. static poles and trees. For the purpose of distinguishing static clusters from
dynamic clusters, the threshold is calculated by accumulating all relative velocities
of interactions in a histogram and calculating the mean plus standard deviation. An
adaptive threshold method for detecting human motion is based on the method pro-
posed in [90]. A histogram is shown in Figure 4.13: dynamic velocities appear to the
right of the threshold, and static velocities appear to the left. Some dynamic points
are misclassified as static points and vice versa, but our model correctly classifies most
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of the points.
The validation is illustrated in Figure 4.14 and has been validated over time, demon-
strating both static and dynamic classification accuracy. We are able to distinguish
between static clusters (red points below the threshold line) and dynamic clusters (blue
points above the threshold line). Using this validation, we are able to confirm that the
threshold we chose reliably classifies interactions, as we are already familiar with the
expected behavior of track clusters over time. As a result, the majority of points are
correctly classified, demonstrating the effectiveness of our model.

Our classification model is further validated by computing the confusion matrix
[91] shown in Figure 4.15. It compares the true labels (dynamic or static) with the
predicted labels. A true class is based on known interactions, such as Track 14 is
being dynamic, whereas other remaining tracks are static. The predicted classes are
determined using our classification algorithm, which utilizes threshold values derived
from the mean and standard deviations of relative velocities. The results of the matrix
are shown:

• True positive (TP): The 317 dynamic interactions are correctly classified.

• True negative (TN): The 85 static interactions are correctly classified.

• False positive (FP): 43 static interactions are misclassified as dynamic.

• False negative (FN): 17 dynamic interactions are misclassified as static.

The results of the performance metrics are shown in Table 4.4.

Table 4.4 Performance metrics for iCAB and KITTI datasets

Metric iCAB KITTI
Accuracy 87% 82%
Precision 88% 80%

Recall 94% 89%
F1 Score 91% 85%

The classification model we developed achieved an accuracy of 87% in classifying
static and dynamic tracks, demonstrating its effectiveness. Based on the high recall of
94%, most dynamic interactions are correctly identified. A precision of 88% indicates a
good balance between true positives and false positives. The F1 score of 91% indicates
that our model exhibits a strong balance between precision and recall, which confirms
the robustness of the model.
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Fig. 4.5 Interaction of ego vehicle and Track 14 clusters over time.

Fig. 4.6 Interaction of ego vehicle and Track 20 clusters over time

Fig. 4.7 Interaction of ego vehicle and Track 1416 clusters over time



4.3 Results and Discussions 45

Fig. 4.8 Interaction of ego vehicle and Track 1682 clusters over time

Fig. 4.9 Interaction of ego vehicle and Track 1929 clusters over time

Fig. 4.10 Interaction of ego vehicle and Track 3159 clusters over time
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Fig. 4.11 Interaction of ego vehicle and Track 3549 clusters over time

Fig. 4.12 Interaction of ego vehicle and Track 1052 clusters over time

Fig. 4.13 Histogram of relative velocities



4.3 Results and Discussions 47

Fig. 4.14 Classification validation

Fig. 4.15 Confusion matrix for classification



48 Classification Methodology for Ego-Vehicle Localization Framework

4.3.1 Misclassifications and Practical Implications

The overall classification accuracy of 87% demonstrates the effectiveness of the proposed
framework. However, a small number of misclassifications were observed in the confusion
matrix, mainly involving the dynamic car track. In some frames, the car’s motion
appeared similar to a static object due to temporary stops or low relative velocity,
which may have caused occasional confusion during classification.

It is important to note that both the training and testing datasets were collected in
the same environment, ensuring consistency in scene structure and sensor conditions.
This significantly reduced the likelihood of domain-related misclassification. Further-
more, the testing phase included only one dynamic object, limiting the impact of these
rare classification errors.

Although these misclassifications did not lead to any significant degradation in
localization results in this controlled setting, they highlight the importance of considering
temporal motion consistency and object behavior patterns in more diverse and dynamic
environments.

4.4 Summary

This chapter introduced a classification framework that accurately distinguishes between
static and dynamic tracks using LiDAR and odometry data. By employing algorithms
such as JPDA, the NFF, and GNG, a structured offline pipeline was developed to
construct interaction vocabularies crucial for understanding ego vehicle’s environment
dynamics. The experimental evaluation demonstrated an 87% classification accuracy,
validating the robustness of the proposed method in diverse interaction scenarios. These
pre-classified static tracks serve as reliable environmental landmarks, enabling a shift
from perception to precise localization.

Although this chapter focuses on offline processing, its outputs directly influence
how the system performs during the online phase. The use of static tracks as persistent
landmarks ensures robustness against transient dynamic changes, anchoring localization
to stable features. Moreover, this framework in the subsequent stage leverages these
dictionaries while incorporating probabilistic gating and anomaly detection metrics
(e.g., CLA, KLDA) to flag mismatched or unexpected observations. A trade-off is
evident between the duration and resolution of offline processing and the accuracy of
the online estimation: richer modeling leads to better predictive performance, but at
the cost of potential overfitting. To balance this, the framework retains only salient
and frequently observed interactions that generalize well to new conditions.

Building upon this foundation, the next chapter details an online localization
framework that utilizes the generated interaction dictionaries and probabilistic graph-
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ical models to estimate the ego vehicle’s position in real time, even in complex and
observation-sparse conditions.



Chapter 5

Localization Framework using
LiDAR via Probabilistic Graphical
Models

This chapter presents a novel framework for ego vehicle localization in dynamic envi-
ronments using LiDAR-based observations. Building upon the classification of tracks
into static and dynamic categories, this framework integrates MJPF with interaction
dictionaries and learned vocabularies to enhance localization accuracy. The framework’s
foundation lies in a dual-phase localization approach, which leverages pre-classified
static tracks to enhance the reliability of state estimation. The initial phase employs
separate track-based predictive models, each designed to characterize the interaction
patterns between the ego vehicle and individual static tracks. These predictions are
represented using MJPF, enabling the system to effectively model both discrete and
continuous state transitions across time. In the second stage, the framework transi-
tions from individual predictions to a more comprehensive approach that incorporates
combined interaction dictionaries. These dictionaries are constructed during the offline
training phase and encode the dynamics of multi-object interactions, enabling the ego
vehicle to perform accurate localization in complex scenarios, such as simultaneous
tracks interactions, no observation periods and finally the interactions of single tracks
with the ego vehicle.

5.1 Problem Statement

To ensure safety and reliability, AVs must be accurately localized. There are, however,
significant errors in traditional methods that rely on GPS and odometry sensors in
environments with no GPS (e.g., urban canyons, tunnels) and when the sensors are
subjected to adverse conditions [92]. This presents a challenge that must be addressed
by leveraging reliable environmental features. Static tracks, such as buildings, poles,
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and trees, provide stable reference points for accurate localization. There are several
critical gaps that prevent their effective utilization, despite their potential:

• Classified static tracks are often not properly incorporated into existing frame-
works for predicting the state of ego-vehicles [20].

• The interaction information between the ego vehicle and static tracks, which
would enhance trajectory accuracy, is neglected [16].

• The simultaneous interactions between the ego vehicle and multiple static tracks
at precise time instants are not systematically modeled, resulting in inaccurate
state updating [16].

Using interaction dictionaries, this study aims to model temporal and spatial relation-
ships between ego vehicle and static tracks to resolve these issues.

I = {t,Cego,Ctrack,L,x,y} (5.1)

where t is the time of interaction, Cego and Ctrack represent the ego vehicle’s and track’s
cluster indices, L is the interaction label, and (x,y) are the ego vehicle’s positions.

5.2 Proposed Framework

Figure 5.1 illustrates the proposed framework, which consists of two major phases:
offline training and online testing. During the offline training phase, already discussed
in Chapters 4, data from LiDAR and odometry sensors was used to generate vocabulary
and interaction dictionaries. This phase included preprocessing, MTT, and clustering
in order to determine whether tracks were static or dynamic, with static tracks serving
as reliable landmarks. This chapter focuses on the online testing phase, which is
specifically designed to assess the ego vehicle’s localization based on separate tracks
predictions and a combined dictionary approach . In the online phase, the learned
vocabulary and interaction dictionaries are used to estimate the positions of the ego
vehicle solely based on the observations from LiDAR testing dataset. To ensure clarity
in the probabilistic formulation, we briefly summarize the key notations used in this
chapter:

• Xk ∈ R4: Ego vehicle state at time k, defined as Xk = [xk,yk, ẋk, ẏk]⊤, where
position is in meters and velocity in m/s.

• Sk ∈ {1, . . . ,S}: Discrete superstate at time k, indexing one of the S learned
interaction classes.

• Φ(Xk) ∈ Rd: Classifier-based likelihood vector for Xk, derived from GNG+NFF
feature embeddings.
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Fig. 5.1 Our framework providing a visual representation of the steps involved in the
classification of a tracks, allowing the generation of interaction dictionaries as first
person model and perform localization as first person MJPF.

• Π(Xk | Sk) ∈ Rd: Prior likelihood conditioned on Sk, computed from interaction
dictionaries.

• ∆B(P,Q) ≥ 0: Bhattacharyya distance between two Gaussians P = N (µP ,ΣP )
and Q = N (µQ,ΣQ), used for anomaly detection:

∆B = 1
8(µP −µQ)⊤Σ−1(µP −µQ)+ 1

2 ln
 detΣ√

detΣP ·detΣQ


where Σ = 1

2(ΣP +ΣQ).

• P (Sk | Sk−1): Transition probability between superstates.

• Z̃k ∈ R2: Noisy observation of ego position at time k, derived from LiDAR-based
static landmarks.

• X̂(i)
k : i-th particle representing a state hypothesis in the MJPF at time k.

Following are a description of the theoretical concepts and methodologies underlying
the online testing phase.

5.2.1 Online Testing Phase as Separate Prediction Models

The objective of the online phase is to localize the ego vehicle using track observations
derived from a testing dataset of LiDAR-based environment. It is important to note
that the localization process utilizes the learned vocabulary and interaction dictionaries
developed during the offline training phase. Using a combination of track cluster
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Fig. 5.2 Dynamic Bayesian networks representing (a) training and (b) testing phases.
The models illustrate how the system evolves and predicts the ego vehicle’s trajectory
in different scenarios.

matching, particle initialization, state predictions, and update phases, we estimate the
trajectory of the ego vehicle using the MJPF. MJPF incorporates separate prediction
models for tracks and ego vehicle as well as interaction dictionaries for state refinement
during updates. The DBN model during testing phase is shown in figure 5.2 (b).

Matching Phase: Bhattacharyya Distance for Track-Cluster Association

In this phase, the observed tracks are matched to their corresponding learned clusters
using the Bhattacharyya distance dB. This distance measures the similarity between
the observed track state zobs

t and the learned cluster state zcluster
t , ensuring accurate

association for ego vehicle localization. The Bhattacharyya distance is computed as:

dB(zobs
t ,zcluster

t ) =1
8(zobs

t −zcluster
t )⊤Σ−1(zobs

t −zcluster
t )

+ 1
2 ln

 det(Σ)√
det(Σobs)det(Σcluster)

 (5.2)

Here, Σobs and Σcluster are the covariance matrices of the observed track and the
learned cluster, respectively, which quantify the uncertainty in the state estimates.
The use of the Bhattacharyya distance in Equation (5.2) requires the definition of an
intermediate covariance matrix Σ, which is constructed as the arithmetic mean of the
observed track covariance Σobs and the learned cluster covariance Σcluster, that is:

Σ = 1
2 (Σobs +Σcluster) .
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This formulation equally weighs both uncertainty sources to ensure a fair and symmetric
comparison between the observed track and each potential cluster. The rationale for
adopting equal weighting stems from the practical design of the framework: both Σobs
and Σcluster are estimated from real sensor data — the former derived from incoming
LiDAR observations and the latter from previously clustered interaction trajectories
during training. Since no external confidence metric is available to justify a dominant
contribution from either side, an unbiased average avoids introducing any implicit
preference. Moreover, the symmetric mean is a standard convention in Bhattacharyya-
based similarity metrics when neither distribution is known to be inherently more
reliable. In our case, this approach allows the framework to remain generalizable across
environments and makes the matching process robust to variations in sensor quality or
training set size. The intermediate covariance matrix represents the joint uncertainty by
averaging the covariances from both the observed track and the cluster, ensuring that
the similarity measurement reflects the variability in both sources. The best matching
cluster Svt is selected by finding the one with the minimum Bhattacharyya distance:

Svt = argmin
S

dB(zobs
t ,zcluster

t ) (5.3)

This matching process ensures that each observed track is correctly associated with
its corresponding learned cluster, enabling precise localization of the ego vehicle based
on track observations. Equation (5.3) does not represent a closed-form solution but
instead defines how the ego vehicle state is corrected using dictionary-based interaction
terms. This computation is carried out as part of the recursive update step in the
MJPF. Specifically, the dictionary entries provide the matrices D(St,n) and E(St,n),
which are pre-learned from offline training data and used to adjust each particle’s
state estimate based on its associated track cluster. Thus, Equation (5.3) is resolved
numerically through particle-wise updates during filtering, not analytically.

Initialization Phase as Particle Initialization

Once the matching phase has been completed, particles are initialized to represent
hypotheses about the states of the ego vehicle and tracks. During the initialization
process, particle states are sampled from matched cluster distributions, as for track
states

ztrack
t=1,n ∼ N (MSvt ,QSvt) (5.4)

and ego vehicle states are
zego

t=1,n ∼ N (Mego
Svt

,Qego
Svt

) (5.5)

Here MSvt and QSvt are the mean and covariance of the matched cluster for tracks.
Mego

Svt
and Qego

Svt
represent the same for the ego vehicle.
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Prediction Phase: Separate Predictions for Tracks and Ego Vehicle

Each track is predicted using the tranistion matrix Atrack(St,n) corresponding to the
matched cluster:

ztrack
t+1|t,n = Atrack(St,n)ztrack

t|t,n +wtrack
t (5.6)

where ztrack
t+1|t,n is the predicted state of the track at time t + 1 and wtrack

t represents
the process noise for the track. The state of the ego vehicle is predicted using the the
transition matrix Aego(St,n):

zego
t+1|t,n = Aego(St,n)zego

t|t,n +Bego(St,n)+wego
t (5.7)

In this case, Bego(St,n) accounts for velocity-related terms derived from ego vehicle
dynamics and wego

t is the process noise for the ego vehicle. The dual prediction approach
is capable of handling the distinct dynamics of tracks and ego vehicle.

Update Phase as Refining State Estimates

Each particle’s track state has been refined using the observed track state atrack
t and

the observation matrix Ctrack(St,n):

ztrack
t|t,n = ztrack

t|t−1,n +Ktrack
t

(
atrack

t −Ctrack(St,n)ztrack
t|t−1,n

)
(5.8)

here, Ktrack
t is the Kalman gain for the track state. Using the interaction dictionaries,

the state of the ego vehicle is updated:

zego
t|t,n = zego

t|t−1,n +D(St,n)ztrack
t|t,n +E(St,n) (5.9)

where D(St,n) adjusts the ego vehicle’s state based on the current track state while
E(St,n) is a correction term derived from the interaction dictionaries, utilizing the ego
vehicle’s x,y positions.

5.2.2 Online Testing Phase as Combined Dictionary Predic-
tions

In the section 5.2, MJPF approach was introduced for localizing an AV using static
LiDAR-based landmarks. Specifically, in section 6.1 of chapter 6, in-depth analysis of
results is presented where individual track dictionaries (e.g., buildings, poles, trees)
were used to estimate ego-vehicle trajectories. It was demonstrated that each track,
treated separately, could yield highly accurate localization results if treated as a stable
landmark.

However, real-world driving scenarios are far more complex. Multiple static tracks
can appear simultaneously, and certain time intervals might exist with no observations.
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This motivates the need to combine the information contained in the different dictio-
naries (one dictionary per track) into a unified framework. By doing so, we can better
handle the following situations:

1. Simultaneous Track Interactions: When multiple static tracks are observed at
the same instant, combining dictionaries can refine ego-vehicle position estimates
by leveraging cross-track constraints.

2. Extended No-Observation Periods: In some time intervals, no new LiDAR
observations of static tracks may be available (e.g., occlusion or sensor dropout).
Incorporating combined dictionaries can help maintain stable localization by
relying on prior learned interactions across multiple tracks.

3. Isolated Track Interactions: Even when only one track is observed, the
combined dictionary framework can cross-validate with the other track dictionaries
(now unused) to check consistency, thereby reducing ambiguity.

Combined Dictionaries Creation for Different Scenarios

As shown from the results in section 5.2, each static track (e.g., building, pole, tree)
was associated with a separate interaction dictionary, denoted generically by:

Ik =
{

t, Cego, Ctrack, L, x, y
}

where k indexes the track ID or track cluster. Each Ik encodes the learned interaction
relationship between the ego vehicle and track k, including the time t, cluster indices
Cego and Ctrack, an interaction label L, and the corresponding ego positions (x,y).

Motivation for Combined Dictionaries

Although single-track interaction dictionaries (e.g., Ibuilding, Ipole, Itree) can indepen-
dently provide good localization, real driving often observes multiple static tracks
simultaneously. Hence, combining these dictionaries into a single representation
Icombined can yield synergy and redundancy. Specifically:

• Redundancy: If one track becomes occluded, the other tracks still refine the
localization [93] [94].

• Consistency: Conflicting track estimates can be reconciled by weighting each
track’s reliability in a joint update [95].

• Completeness: Using multiple tracks can better cover all possible motion states
in the environment [96].
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Steps to Create a Combined Dictionary

Step 1: Concatenate All Track Dictionaries. We initialize Icombined as the union
of all Ik:

Icombined =
K⋃

k=1
Ik (5.10)

where K is the total number of six static tracks considered.
Step 2: Remove Duplicate or Overlapping Entries. Certain time instants t

may have interactions with multiple tracks. These are simultaneous interactions. If the
same ego-vehicle cluster Cego is repeated with minor variations, we merge or remove
duplicates to ensure the dictionary remains concise.

Step 3: Store Track-Specific Indices. To preserve which track each interaction
came from, we store an additional track ID label in each dictionary entry:

{
t, Cego, Ctrack, L, x, y, track_ID

}
.

This helps in quickly referencing the relevant transition matrices or covariance structures
for that track.

Step 4: Recompute Interaction Statistics. For each unique pair (Cego,Ctrack),
we can compute:

(µx,µy,Σx,Σy)

to represent the mean and covariance of the ego positions (x,y) encountered in those
interactions. These statistics become vital when updating or predicting the ego state
from the combined dictionary.

Bhattacharyya Distance to Match Observed Tracks

Just as in equation 5.2, whenever a new observed track zobs
t appears in the LiDAR data,

we must determine which track cluster it corresponds to in the combined dictionary
Icombined. We use the Bhattacharyya distance dB:

dB

(
zobs

t , zcluster
t

)
= 1

8

(
zobs

t −zcluster
t

)⊤
Σ−1

(
zobs

t −zcluster
t

)
+ 1

2 ln
(

det(Σ)√
det(Σobs) det(Σcluster)

)
,

(5.11)
where

Σ = 1
2

(
Σobs +Σcluster

)
.

We assign the observed track to the cluster Svt that yields the minimum Bhattacharyya
distance:

Svt = arg min
S∈Icombined

dB

(
zobs

t , zcluster
t

)
. (5.12)
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Thus, the combined dictionary still uses the same track-cluster matching but across all
possible track entries from 1 to K.

Extended MJPF Equations for Combined Dictionaries

Recalling from section 5.2.1, the basic MJPF steps are:

1. Particle Initialization.

2. Prediction Phase (Track States + Ego State).

3. Update Phase (Measurements + Interaction Dictionaries).

When combining dictionaries, the core structure is unchanged, but we must handle
multiple track observations at once. Below we provide the extended equations as follows.

Particle Initialization for Multiple Tracks

At t = 1, if the AV observes M different static tracks from LiDAR, we sample N

particles for each track m = 1, . . . ,M , following:

ztrack,m
1,n ∼ N

(
M

S
(m)
v1

, Q
S

(m)
v1

)
, (5.13)

where S
(m)
v1 is the matched dictionary entry for track m. For the ego vehicle, we combine

all relevant dictionary means:

zego
1,n ∼ N

(
Mego

, Qego
)

, (5.14)

where

Mego = 1
M

M∑
m=1

Mego
S

(m)
v1

, Qego = diag
(

σ2
x, σ2

y , . . .
)

is an averaged or fused initial guess.

Prediction Phase (Per Track + Ego Vehicle)

Each track m evolves via:

ztrack,m
t+1|t,n = Atrack

(
S

(m)
t,n

)
ztrack,m

t|t,n + wtrack,m
t , (5.15)

while the ego vehicle evolves as:

zego
t+1|t,n = Aego

(
S(1)

t,n, . . . ,S(M)
t,n

)
zego

t|t,n + Bego
(

S(1)
t,n, . . . ,S(M)

t,n

)
+ wego

t , (5.16)

where Aego and Bego may now depend on all matched track indices (1, . . . ,M), so that
we integrate multiple dictionary information if available.
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Update Phase (Measurements + Combined Interaction)

Upon receiving LiDAR measurements atrack,m
t for each observed track m, we update

track m:

ztrack,m
t|t,n = ztrack,m

t|t−1,n + Ktrack,m
t

(
atrack,m

t − Ctrack
(
S

(m)
t,n

)
ztrack,m

t|t−1,n

)
, (5.17)

where Ktrack,m
t is the Kalman gain for track m and Ctrack

(
S

(m)
t,n

)
is the observation

matrix derived from the combined dictionary.
For the ego vehicle, we combine all track updates via the dictionaries:

zego
t|t,n = zego

t|t−1,n +
M∑

m=1

[
D(m)

(
S

(m)
t,n

)
ztrack,m

t|t,n + E(m)
(
S

(m)
t,n

)]
, (5.18)

where D(m)
(
S

(m)
t,n

)
and E(m)

(
S

(m)
t,n

)
are the track-specific adjustments for track m,

extracted from the combined dictionary.

DBN Structure During Training

The training phase as shown in figure 5.3 incorporates data from both the odometry
sensor and the LiDAR training dataset to build a robust model of the environment.
The odometry sensor provides precise ego vehicle positions, forming a reliable foundation
for motion estimation, while the LiDAR dataset captures interactions with surrounding
objects. From this data, six static tracks—corresponding to stationary objects such as
buildings, poles, and trees—were classified and stored for future reference.
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Fig. 5.3 DBN structure during the training phase. Odometry sensor data and LiDAR
observations are used to classify and learn tracks.

The DBN in the training phase operates as follows:

1. Odometry Sensor Integration: The lower-level nodes in the DBN represent
the ego vehicle’s state, including its hidden state S̃0, predicted position X̃0, and
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observed position Z̃0. These nodes are connected via transition probabilities
P (X̃0|S̃0), modeling the odometry-based motion dynamics.

2. LiDAR-Based Track Classification: At the track level, the DBN models
individual static tracks, such as ˜SLT 1, where ˜SLT 1 represents the hidden state
of the track and ˜XLT 1 represents its observed position. Transition probabilities
P ( ˜XLT 1| ˜SLT 1) capture the temporal evolution of these static objects in the
LiDAR dataset.

3. Dictionary Fusion: A higher-level node integrates the outputs of all track-level
nodes into a unified combined dictionary. This dictionary serves as a probabilistic
repository of interactions between the ego vehicle and the classified tracks. It
encodes cross-track consistency and enables robust ego position estimations across
different scenarios.

This approach ensures that the training phase produces a comprehensive model of
the environment, capturing both the static structure and the temporal dynamics of track
interactions. The combined dictionary becomes a central component for downstream
testing.

DBN Structure During Testing

The testing phase shown in 5.4 is designed to operate without the odometry sensor,
relying solely on the LiDAR testing dataset for ego vehicle localization. The testing
DBN builds on the insights learned during training, focusing on matching observed
tracks to the pre-classified tracks and using this information to estimate the ego vehicle’s
position.

The DBN for testing operates as follows:

1. Track Matching: Observed tracks in the LiDAR testing dataset are matched
with the learned static tracks using the Bhattacharyya distance. This step
ensures that the six static tracks identified during training are accurately re-
associated with their counterparts in the testing environment, which shares a
similar structure.

2. Prediction with MJPF: Once the tracks are matched, the MJPF predicts
the ego vehicle’s positions. The MJPF leverages the matched tracks as static
references, using the learned motion dynamics and interaction models to estimate
the ego state.

3. Dictionary Fusion for Robust Estimation: The matched track dictionaries
are combined into a unified dictionary, as in the training phase. This fused
dictionary incorporates all static tracks and provides probabilistic corrections
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Fig. 5.4 DBN structure during the testing phase. Only LiDAR observations are used
to match tracks and estimate ego vehicle positions.

to the MJPF predictions, ensuring that the ego vehicle’s trajectory remains
consistent with the observed environment.

4. Final Ego Position Estimation: The leftmost nodes of the DBN represent the
final estimated positions of the ego vehicle. These nodes aggregate probabilistic
influences from all matched tracks and the fused dictionary, enabling accurate
localization even in the absence of direct odometry input.

Key Differences Between Training and Testing DBNs

• Sensor Dependencies: The training DBN utilizes both odometry and LiDAR
data, whereas the testing DBN relies solely on LiDAR observations for localization.

• Role of Tracks: In the training phase, tracks are classified and learned as static
landmarks. In the testing phase, these learned tracks are matched and used as
references for localization.

The use of DBNs in both training and testing phases enables a seamless transition
from learning to inference. By leveraging multi-sensor data during training and focusing
on LiDAR-based localization during testing, the framework demonstrates the ability to
achieve robust and accurate ego vehicle localization in dynamic environments. The
results of this approach are analyzed in chapter 6, providing a detailed evaluation of
the continuous and discrete anomaly measures and their implications for real-world
applications.

5.3 Summary

This chapter presented an ego localization framework that leverages MJPF in combina-
tion with previously learned interaction vocabularies derived from LiDAR observations,
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eliminating the reliance on odometry. Two predictive strategies were introduced: one
based on isolated track models, where each static object contributes independently
to the ego state estimation, and another utilizing a combined interaction dictionary
that aggregates multiple track influences. The track-based approach employs Bhat-
tacharyya distance for matching, followed by particle initialization, motion prediction,
and correction using transition matrices specific to each interaction. In contrast, the
combined dictionary integrates contextual information through a Dynamic Bayesian
Network (DBN), providing enhanced robustness during overlapping interactions or
sparse observation periods. The effectiveness of both strategies is further examined
in the next chapter through comprehensive evaluations using real-world datasets and
controlled interaction scenarios.



Chapter 6

Results and Discussions

6.1 Localization: Results and Discussions Based on
Separate Models Predictions

This chapter presents the results obtained using the proposed localization framework,
which employs separate MJPF predictions for individual tracks as well as a combined
dictionary approach. A comprehensive analysis was conducted to evaluate the inter-
action dynamics between each track and the ego vehicle, leveraging the respective
interaction dictionaries and the learned vocabularies from the offline training phase.
The individual MJPF predictions yielded estimated ego vehicle positions, offering
critical insights into the accuracy and robustness of the framework. The first part
of this analysis assesses the framework’s performance in estimating the ego vehicle’s
trajectory for each track independently. Subsequently, the second part presents the
results derived from the combined dictionary approach, highlighting its comparative
advantages and limitations.

6.1.1 Experimental Dataset

Experimental dataset comprises LiDAR point clouds collected at the University of
Carlos III, Madrid using a real vehicle, iCAB [3]. A straight trajectory was followed
by the iCAB while it collected environmental data along the way. A total of 393
frames were collected during the training phase, while 415 frames were collected during
the testing phase. In both the training and testing datasets, the starting and ending
points, as well as the surrounding environment, were identical. Due to this consistency,
the same tracks are reliably identified during the matching process in the MJPF.
Furthermore, unlike the training phase, which included odometry data, the testing
phase relies solely on the testing dataset to predict the ego vehicle’s location without
relying on odometry.
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6.1.2 Results and Discussion

Analyses of the localization results for each track and their corresponding transition
matrices are presented in this section. The timings of the interactions between each
track with the ego vehicle are shown in Table 6.1. Note that the y-axis in the error plots
is normalized to a maximum of 0.15 for better visualization of error variations across
tracks, whereas the mean errors reported in Table 6.2 represent the absolute values in
meters. Specifically, the low mean errors as shown in this table confirm the accuracy
and robustness of the proposed localization framework based on static tracks. Based
on the localization results, it is shown that the ego vehicle positions were accurately
predicted using LiDAR-only observations without the use of odometry. Below is an
analysis of each track’s localization performance:

TrackID 20: Building Localization results for TrackID 20 as shown in Figure
6.1, representing a building on the right side, indicate an accurate match between
the predicted trajectory and the ground truth trajectory. As can be seen from the
transition matrix in Figure 6.7, which exhibits some off-diagonal values, indicating
occasional deviations in the predicted states. Despite the off-diagonal elements, the
mean localization error for Track 20 is one of the lowest among all tracks at 0.12 m.
This outcome can be attributed to the static nature of the building, providing a
stable reference for localization, and the high-quality match between observed and
learned clusters. Furthermore, the low mean error with off-diagonal elements suggesting
occurance of minor state transitions but they do not effect the overall localization
precision.

TrackID 1416: Static Pole A prediction of ego vehicle trajectory for TrackID
1416 shown in Figure 6.2, representing a static pole, is aligned well with ground truth.
Static poles provide highly stable and fixed reference points, resulting in a low mean
error. This track shows a relatively diagonal-dominant transition matrix with minimal
off-diagonal values demonstrated in Figure 6.8. The mean error for this track is 0.18 m.
The pole’s narrow geometry and limited interaction area can introduce minor prediction
inaccuracies, leading to slightly higher errors compared to Track 20. Nonetheless, the
consistent diagonal dominance reflects reliable track-to-cluster associations.

TrackID 1682: Tree A tree represented by TrackID 1682 also provides accurate
localization results displayed in Figure 6.3. The transition matrix for this track display
moderate off-diagonal values shown in Figure 6.9, indicating variability in the observed
states during the interactions. However, the mean error for this track is 0.22 m which
is higher than TrackID 20 and TrackID1416, but due to their static nature, trees serve
as robust landmarks, and the overall mean error remains low.
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TrackID 1929: Static Pole The mean error for static pole exibited in Figure 6.4
is higher than all the tracks may be the smaller size of this track but the localization
framework successfully predicts the ego vehicle trajectory. Although, moderate off-
diagonal values found in its transition matrix (Figure 6.10) but its fixed position helped
in predicting the ego vehicle positions.

TrackID 3159 and TrackID 3549: Trees Both Tracks 3159 and 3549 also involve
tree interactions with the ego vehicle, with mean errors of 0.15 m and 0.19 m, respec-
tively. Both produce accurate localization results, which can be demonstrated from the
Figures 6.5 and 6.6. The predicted ego vehicle trajetory is well aligned with the ground
truth trajectory, with minimal mean errors. Their transition matrices (Figures 6.11
and 6.12) reveal relatively consistent diagonal dominance, suggesting that despite the
inherent variability of trees, the learned clusters provided a reasonably accurate basis
for localization. The slightly lower error for Track 3159 may be due to its more distinct
structural features compared to Track 3549. Finally, the transition matrices confirms
the effectiveness of static trees as landmarks by confirming smooth state updates.

Table 6.1 Timing Analysis of Track Interactions with Ego Vehicle

Track ID Start Time (s) End Time (s)
Track 14 1.0 14.7
Track 20 0.7 14.5

Track 1416 15.8 18.0
Track 1682 18.0 24.8
Track 1929 20.0 23.4
Track 3159 32.1 33.7
Track 3549 36.0 39.3

Table 6.2 Mean Error Analysis for Different Track IDs

Track ID Mean Error (m) Ground Truth Description
Track 20 0.12 Building

Track 1416 0.18 Static Pole
Track 1682 0.22 Tree
Track 1929 0.26 Static Pole
Track 3159 0.15 Tree
Track 3549 0.19 Tree

The presence of non-zero mean localization errors across tracks may suggest a small
bias in the estimator. This is expected and can be attributed to several sources. First,
the testing phase relies exclusively on LiDAR data, without odometry updates to
correct for cumulative drift. This design choice, while intentional, naturally introduces
a fixed spatial offset in some sequences. Second, the Bhattacharyya-based matching
process can cause slight localization shifts when the observed track’s geometry does not
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fully align with its corresponding cluster centroid in the dictionary. Third, temporal
misalignments due to LiDAR sparsity and asynchronous object detection can lead to
trajectory lag effects [97, 98].

Fig. 6.1 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 20
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Fig. 6.2 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 1416

Fig. 6.3 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 1682



68 Results and Discussions

Fig. 6.4 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 1929

Fig. 6.5 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 3159
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Fig. 6.6 Localization results comparing the predicted ego vehicle trajectory (blue) with
the ground truth (green) for track 3549

Fig. 6.7 Transition matrix reflecting state predictions achieved using static landmark
as building
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Fig. 6.8 Transition matrix reflecting state predictions achieved using static landmark
as pole

Fig. 6.9 Transition matrix reflecting state predictions achieved using static landmark
as tree
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Fig. 6.10 Transition matrix reflecting state predictions achieved using static landmark
as pole

Fig. 6.11 Transition matrix reflecting state predictions achieved using static landmark
as tree
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Fig. 6.12 Transition matrix reflecting state predictions achieved using static landmark
as tree

6.2 Results and Analysis based on Combined Dic-
tionary Predictions

In this section, we present the results of our extended MJPF with the combined
dictionary and analyze the performance under the following scenarios:

• Simultaneous Observations of multiple static tracks,

• No Observation periods,

• Isolated Track updates,

• Continuous And Discrete Level Anomalies over time.

Simultaneous Observations

Figure 6.13 illustrates the ego-vehicle trajectory estimates (red dashed line) versus
ground truth (blue line) when the AV observes up to six static tracks: one building,
two poles, and three trees at different time intervals. Morevoer, in Figure 6.14 different
predicted states scenarios are shown in different colors. Notice that:

• The combined MJPF trajectory (red dashed) closely aligns with ground truth,
showing smaller lateral drift compared to no observation periods.

• Off-diagonal components in the combined transition matrix shown in Figure 6.15
remain minimal, indicating the dictionary is well-specified and synergy among
tracks is consistent.
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Fig. 6.13 Localization result of comparing the predicted ego vehicle trajectory (red)
with the ground truth (blue)

Fig. 6.14 Localization result of showing various scenarios in different colors
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Fig. 6.15 Transition matrix with different states

No-Observation Periods

During certain intervals, no new LiDAR updates are received due to sensor noise. The
AV relies on predicted states and the prior dictionary knowledge. We observe:

• A slight growth in localization error, but it remains bounded due to the learned
transition matrices from multiple tracks (i.e., having more dictionary references
helps maintain stable predictions).

• Once new observations become available, the ego-vehicle state quickly snaps back
to align with ground truth.

Isolated Track Interactions

Even if only one track is visible, the combined dictionary approach is consistent with
the single-dictionary approach. However, subtle differences arise because the combined
dictionary can cross-validate the state transitions gleaned from all tracks, slightly
reducing the risk of outlier updates from a single, possibly ambiguous track.

Continuous Level Anomalies

Looking at the continuous-level anomaly plot (Figure 6.16) over 41.5 seconds of testing
data, we can observe:

(a) Initial High Peak (near 0–2,s): Right at the start, the anomaly rises above
2.0. At this stage, the MJPF has just begun predicting track states from limited
initialization, and the LiDAR observations of those tracks (our only available sensor
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data) do not yet align with the filter’s estimates. As soon as enough measurements
accumulate, the filter corrects its internal states, causing the anomaly to drop below
0.5 by around 2–9,s.

(b) Major Spike at 15,s (Frame 150): During the initial frames, both the ego
vehicle and the front car stay nearly motionless, causing only minor deviations from
the ground truth and thus minimal continuous-state anomalies. Although no new
LiDAR returns arrive for a short period, the MJPF still predicts the front car’s position
using its previously learned motion model and the six static-track dictionaries obtained
during training. In many cases, these learned static references help constrain the filter’s
state-space enough to prevent dramatic drift, even without direct observations.

However, around frame 150 (approximately 15,s), both vehicles start moving, and
the ego vehicle attempts a close overtake of the front car. At this point, newly received
LiDAR returns show the front car at a location that diverges significantly from the
MJPF’s predicted state. The sudden reintroduction of observations—contrasting with
the filter’s prior expectation—produces a pronounced mismatch, causing a sharp peak
in the continuous-state anomaly measure. Essentially, the abrupt transition from a
no-observation or low-motion scenario into a fast, near-overtaking maneuver causes the
filter’s prediction to be rapidly “corrected” by the sensor data, pushing the anomaly
above 2.

(c) Subsequent Peaks at 28,s and 33,s: These coincide with additional no-
observation intervals in the testing dataset. The filter again drifts while predicting
states in the absence of LiDAR updates. Then, upon receiving new measurements of the
track positions, a large discrepancy emerges, causing notable spikes in the continuous-
level anomaly. Each time the MJPF must “snap back” to actual measurements after
drifting, the anomaly measures briefly jump.

Overall, these continuous-level anomalies reflect how the MJPF’s predicted positions
for each LiDAR-derived track (our “generalized states”) differ from the actual measure-
ments. Large spikes typically mark transitions from no-observation to observation or
our ego vehicle nearly overtakes closely another car.

Discrete Level Anomalies

Figure 6.17 shows discrete-level anomalies (the y-axis is typically below 0.3–0.4 but
spikes whenever the predicted superstate distribution differs sharply from observations),
we see:

(a) Low Baseline (near 0–14,s): Early in testing, KLDA hovers around 0.02–0.03,
indicating that the filter’s internal mapping of the observed track states to the com-
bined dictionary’s clusters remains fairly consistent. Even though the testing dataset
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only provides track positions (not cluster labels), the filter internally assigns these
measurements to the most likely cluster. Minimal divergence suggests good alignment
in this initial phase.

(b) Significant Jump at 15,s: When our ego vehicle overtakes closely another car,
the MJPF’s discrete predictions (i.e., which cluster or mode each track belongs to)
must adjust rapidly. The incoming LiDAR data shows a track in a state that does not
match the filter’s prior cluster assignment, causing KLDA to jump above 0.2. This
spike reveals that not only are the continuous states off, but also the filter’s discrete
labeling (cluster choice) needs a sudden reallocation.

(c) Spikes at 28,s and 33,s: As with the continuous-level measure, these occur after
no-observation gaps. Once observations resume, the filter discovers that its predicted
discrete state for the track is incorrect (or far less likely) compared to the newly
observed positions. It must then transition abruptly to a different cluster assignment,
producing discrete-level anomaly peaks.

Throughout the 41.5 seconds test sequence, KLDA remains low whenever the filter’s
discrete assignments match the observed track states, but it spikes sharply at moments
of reintroduction or dynamic-track interference—indicating a high mismatch between
predicted and actual superstate distributions.

Fig. 6.16 Continuous states anomalies over time

The final two figures i.e. Figure 6.18 and 6.19, present distributions of continuous
and discrete anomalies across the three scenarios (NoObs, SingleObs, and MultiObs).
As a result of these final plots, it is clear how each scenario affects the overall deviation
from ground truth. There is a large spread and a high median value in the first box
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Fig. 6.17 Discrete states anomalies over time

Fig. 6.18 Box plot of continuous anomalies
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Fig. 6.19 Box plot of discrete anomalies

plot (Continuous Anomaly), indicating that times without any track observations have
a considerable deviation from the ground truth. As a result of these extended gaps, the
filter is forced to propagate its estimates without new sensor feedback, often leading
to increased drift. Alternatively, the categories "SingleObs" and "MultiObs" remain
more tightly clustered near lower anomaly values, indicating that even a single track
(or multiple tracks) can constrain the filter’s predictions and keep ego vehicle estimates
more accurate.

A similar pattern can be observed in the second box plot (Discrete or KLD Anomaly):
"NoObs" intervals produce larger dispersion of anomaly values, including several outliers
well above the typical value. Without any direct updates to the track, the probabilistic
distribution of the ego-vehicle state and track assignments drifts more noticeably,
resulting in a drastic mismatch between predicted and actual states when measurements
resume. Moreover, both "SingleObs" and "MultiObs" scenarios show comparatively
smaller box widths and lower median anomalies, suggesting that even intermittent track
information contributes to the model’s ability to maintain more accurate discrete-state
assignments over time.

6.3 Computational Efficiency Analysis

To assess the practical feasibility of the proposed localization framework, we conducted
a detailed evaluation of its runtime performance on a standard non-GPU-enabled
system. The implementation was executed on a laptop equipped with an Intel Core
i7-7500U CPU @ 1.80 GHz, 16 GB RAM, and running Windows 11 Home (64-bit).



6.4 Ablation Study of Core Components 79

Unlike image-based localization approaches, our system operates on LiDAR point
cloud frames, where each frame corresponds to a 3D scan obtained from a Velodyne
VLP-16 sensor. The average computation time for processing a single point cloud frame
during the online testing phase was measured to be approximately 41 milliseconds,
enabling a processing rate of around 24 frames per second (FPS). This confirms the
potential of our framework for near real-time autonomous vehicle localization tasks.

To ensure computational efficiency, the following optimizations were applied:

• Cluster Matching Optimization: Only the most relevant clusters are matched
using Bhattacharyya distance, significantly reducing the number of comparisons
during track association.

• Selective Kalman Updates: Kalman filter prediction and update steps are per-
formed exclusively for those clusters actively involved in interactions, avoiding
unnecessary computations.

• Efficient MJPF Design: The Markov Jump Particle Filter marginalizes linear
components within the state space, which reduces the number of particles and
accelerates inference.

In terms of memory scalability, the interaction dictionaries grow linearly with the
number of observed tracks and frames in a given environment. Each dictionary entry
encodes one frame-level interaction, making the size of the dictionary proportional to
the temporal span and the number of interacting static objects. For example, in our
current setup, combining six track dictionaries results in a total memory footprint of
less than 15 MB. During testing, only the relevant time slices are queried from these
pre-indexed dictionaries, ensuring low-latency access. Thus, even when scaled to more
complex scenes with dozens of static landmarks, the structure remains computationally
efficient. This is due to the selective querying and use of spatial hashing for dictionary
access, supporting real-time performance in extended urban driving scenarios.

These design strategies ensure that the proposed approach remains computationally
feasible even on resource-constrained hardware, and can be potentially extended to
embedded systems with comparable performance capabilities.

6.4 Ablation Study of Core Components

To evaluate the importance of individual components within the proposed localization
framework, we conducted an ablation study by progressively removing or altering
key modules. Each ablation scenario was tested under identical conditions using the
LiDAR-based point cloud testing dataset described earlier (415 frames). The average
localization error was recorded for each setting and compared to the full system.
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The results in Table 6.3 show that both the MJPF and the combined dictionary
substantially enhance localization accuracy (the best result is highlighted in bold). Re-
moving the MJPF leads to increased error due to the lack of stochastic reasoning across
cluster transitions, while omitting the combined dictionary weakens the system’s ability
to handle simultaneous track observations and sensor dropout scenarios. The highest
error occurs when both components are disabled, confirming their combined necessity.

Table 6.3 Ablation study results showing mean localization error (in meters) for different
configurations of the framework.

Method Mean
Error (m)

Full Framework (MJPF + Combined
Dictionary)

0.17

Without Combined Dictionary (Single Track
Only)

0.23

Without MJPF (Kalman Only) 0.29
Without Dictionary (Odometry Only, No Li-
DAR)

0.36

These findings reinforce the robustness and necessity of our proposed system
architecture in ensuring reliable localization across diverse real-world scenarios.

6.5 Summary

This chapter demonstrated the accuracy and robustness of the proposed MJPF-based
localization framework using only LiDAR-derived static track interactions. Both
individual and combined dictionary models showed strong performance across varied
scenarios, including sparse observations and simultaneous track interactions. The results
confirmed the system’s resilience and adaptability, supported by anomaly analysis.
The final chapter reflects on the key contributions of this work and outlines potential
directions for future research.
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Conclusion and Future Works

7.1 Conclusion

AVs represent a transformative technological advancement in artificial intelligence (AI)
and intelligent transportation systems. Ensuring the precise localization of an AV in
dynamic environments remains a critical challenge, particularly in GPS-denied areas
[99]. This thesis has presented a LiDAR-based classification and localization framework
that integrates interaction dictionaries, probabilistic graphical models, and clustering
techniques to provide accurate, real-time state estimation for AVs.

By leveraging MJPF and DBNs, the proposed framework effectively captures
the interactions between the ego vehicle and static or dynamic tracks, modeling
their transition states probabilistically. This research provides a novel approach to
track classification and trajectory prediction, optimizing localization accuracy through
interaction-aware state estimation.

This work makes several key contributions:

• Track Classification and Clustering: The implementation of GNG clustering has
enabled the precise classification of static and dynamic tracks. This classification
process enhances the ego vehicle’s ability to utilize stable environmental features
for improved localization.

• Interaction Dictionaries for Localization: This thesis has introduced a method-
ology for encoding and leveraging track-ego vehicle interaction data. These
interaction dictionaries enhance transition modeling, capturing spatiotemporal
correlations between different tracks and improving localization robustness.

• Integration of Probabilistic Graphical Models: DBNs were utilized to model the
dependencies between track observations and vehicle state transitions, allowing
for accurate inference of the ego vehicle’s position [100].

• MJPF-Based Localization: The use of MJPF enables the system to switch
dynamically between multiple interaction states while maintaining probabilistic
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state estimations. This allows for robust localization even in the presence of
missing observations.

• Anomaly Detection and State Validation: The application of Bhattacharyya
Distance for track matching, along with the use of continuous level and discrete
level anomalies, has improved the framework’s ability in refining ego vehicle state
predictions.

• Comparative Analysis of Separate and Combined Track Predictions: The frame-
work was tested with both separate track-based models and a combined dictionary
approach. The combined approach demonstrated superior localization accuracy
by leveraging multiple track interactions simultaneously.

The experimental results, obtained using the UC3M dataset, validated the effective-
ness of this methodology. The integration of LiDAR-based perception with probabilistic
state estimation techniques has significantly enhanced the localization capabilities of
AVs, providing a scalable and adaptable solution for autonomous navigation.

7.2 Limitations and Deployment Considerations

While the proposed framework demonstrates strong performance in controlled conditions,
certain limitations should be acknowledged with respect to real-world deployment. The
approach assumes the availability of reliable static tracks for localization, which may
not always be guaranteed in dense urban settings or highly dynamic environments.
Moreover, the current experimental setup does not explicitly address scenarios involving
partial or full occlusion of key landmarks, nor does it account for sensor degradation
due to adverse weather conditions such as rain, fog, or snow. These factors, although
outside the scope of the present study, could impact the robustness and scalability of
the framework in practical applications and thus represent important areas for future
investigation.

7.3 Future Works

While this thesis has introduced a robust LiDAR-based localization methodology,
several key research directions remain open for exploration:

• Validation with Open-Source Datasets: Future work will involve evaluating the
framework using additional publicly available datasets (e.g., KITTI, Waymo,
NuScenes) to benchmark its performance and generalizability under different
driving conditions [101].
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• Adaptive Transition Matrices: Incorporating reinforcement learning techniques
to enable real-time adaptation of transition matrices can enhance the system’s
ability to dynamically model track interactions [102].

• Multi-Agent Localization: Extending the proposed methodology to multi-vehicle
scenarios will be explored, enabling collaborative localization through vehicle-
to-vehicle (V2V) communication for improved state estimation in dense traffic
environments [103].

• Deep Learning for Enhanced Feature Extraction: Investigating convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) to enhance feature
extraction from LiDAR data could improve classification accuracy and anomaly
detection [16, 104, 105].

• Sensor Fusion for Robust Localization: Combining LiDAR data with radar,
cameras, and global navigation satellite system (GNSS) to develop a multi-
modal localization framework can improve accuracy in challenging environmental
conditions, such as fog or rain [106].

• Real-Time Deployment and Computational Optimization: Implementing the
proposed model in a real-time embedded system and optimizing the computational
efficiency of MJPF-based localization will be essential for its practical deployment
in AVs.

By addressing these future research challenges, the proposed framework can be
extended to enhance its applicability in real-world autonomous driving scenarios. These
improvements will contribute towards the broader goal of developing reliable, scalable,
and safe AV localization systems for next-generation intelligent transportation networks.
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