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ABSTRACT

PERSONALIZED AUTONOMOUS VEHICLE MOTION CONTROL USING IRL AND
MPC

by

Zhaodong Zhou

Adviser: Jun Chen, Ph.D.

Autonomous vehicle (AV) motion control has been widely studied to improve path

tracking accuracy, driving comfort, and safety. Model predictive control (MPC) is a

promising method for AV control because it can explicitly handle vehicle dynamics,

constraints, and multi-objective optimization. However, conventional time-triggered MPC

requires solving an optimal control problem at every time step, which creates a high

computational burden for real-time implementation. In addition, traditional MPC usually

depends on manually tuned cost weights and prede�ned reference trajectories, making it

dif�cult to adapt the controller to individual driving preferences. This dissertation

addresses these challenges by developing learning-based personalized and

computationally ef�cient motion control methods for AVs. First, event-triggered MPC is

investigated for AV path tracking, where the optimal control problem is solved only when

a triggering condition is satis�ed. A switching prediction model is further used to support

MPC operation across different speed ranges. To improve the controller behavior during

non-triggered intervals, a linear based inter-event feedback method is developed to update

the steering command using the current vehicle state without solving a new optimization

problem at every sampling step. Second, inverse reinforcement learning is used to learn

personalized lane change behavior from expert demonstrations. Interpretable trajectory

features are designed to represent driving comfort, ef�ciency, lateral position, heading
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behavior, yaw response, and steering effort. The learned cost weights are used for

personalized lane change path generation and are further incorporated into MPC to

generate personalized lane change maneuvers without manual cost tuning. The proposed

methods are validated using CARLA simulation, real-vehicle path-tracking experiments,

scale-vehicle experiments, and truck on-road lane change testing. Results show that the

proposed framework can reduce computational demand while maintaining effective

tracking performance, improve inter-event feedback behavior, and generate lane change

trajectories that closely match individual driver behavior.
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CHAPTER ONE

INTRODUCTION

Autonomous driving is not a single control problem, but an integrated system that

connects perception, localization, planning, and control. Perception provides information

about road boundaries, lane markings, surrounding vehicles, pedestrians, and other traf�c

participants, while localization estimates the vehicle position, velocity, and orientation in

the driving environment [1,2]. Based on the perceived environment and estimated vehicle

state, the planning layer selects a feasible route, trajectory, or maneuver that satis�es road

geometry, traf�c rules, and interaction requirements with surrounding traf�c [3,4]. The

control layer then converts this planned motion into actuator-level commands, such as

steering, acceleration, and braking, while accounting for vehicle dynamics, actuator

constraints, and physical limitations [5,6]. In this pipeline, motion control is the �nal step

before the command reaches the vehicle, and therefore errors in tracking, steering

smoothness, or actuator timing can directly change the realized vehicle behavior. For

lateral motion control in particular, the vehicle must follow the desired path while

maintaining heading consistency, limiting steering effort, and respecting steering and

steering-rate constraints [7–9]. Therefore, even if perception, localization, and planning

provide accurate information, the planned maneuver cannot be safely and comfortably

executed without a reliable path-tracking controller [10–12]. This makes autonomous

vehicle motion control, especially lateral path tracking, a central problem for translating

high-level driving decisions into real vehicle motion.

Among different vehicle motion control methods, model predictive control (MPC)

has become one of the most widely studied approaches for autonomous vehicle path

tracking. MPC predicts future system behavior over a �nite horizon, solves an
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optimization problem subject to system dynamics and constraints, and applies the �rst

element of the resulting control sequence in a receding-horizon manner [13–15]. This

structure is particularly useful for autonomous vehicles because the controller can include

vehicle dynamics, actuator limits, steering-rate limits, and tracking objectives in the same

constrained optimization problem [16–18]. In lateral vehicle control, MPC can explicitly

penalize path-tracking error, heading error, steering effort, and actuator busyness, which

allows the controller to balance tracking accuracy and passenger comfort rather than only

minimize geometric path error [7,8,19]. Because of these advantages, MPC has been

applied to lane keeping, trajectory tracking, lane change execution, collision avoidance,

and cooperative driving scenarios [9,11,20–22]. These studies show that MPC provides a

systematic framework for autonomous vehicle lateral motion control, especially when

vehicle constraints and multiple performance objectives must be considered together.

This dissertation focuses on two issues that arise when MPC-based lateral motion

control is applied to autonomous vehicles. The �rst issue is real-time implementation.

Although MPC provides a �exible optimization-based control framework, repeatedly

solving an optimal control problem at every sampling instant can be computationally

demanding, and the resulting delay can in�uence closed-loop tracking performance in real

vehicles. This motivates the study of event-triggered MPC and inter-event feedback

control. The second issue is personalization. A �xed MPC cost function can generate safe

and feasible lane changes, but it does not naturally re�ect the preferred behavior of

different drivers. This motivates the use of inverse reinforcement learning (IRL) to learn

driver-speci�c feature weights from expert lane change demonstrations and incorporate

them into path generation and MPC-based closed-loop control.

1.1 Real-TimeMPC Implementation

The main drawback of MPC is that it requires repeated online optimization. In

conventional time-triggered MPC, a new optimal control problem is solved at every
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sampling instant, even when the vehicle state changes only slightly from one step to the

next. This assumption is common in simulation and theoretical analysis, but it becomes a

practical concern when the controller is implemented on real vehicles. The computation

time grows with the complexity of the prediction model, the length of the prediction

horizon, and the number of constraints [23–25]. Nonlinear vehicle dynamics and

tire-force models can improve prediction accuracy, especially when the vehicle

experiences signi�cant lateral velocity and yaw-rate response, but they also increase the

dif�culty of real-time optimization [7,26,27]. In addition, the controller must share

onboard computing resources with perception, localization, planning, communication, and

safety-monitoring modules. Therefore, reducing unnecessary MPC computation is

important not only for algorithmic ef�ciency, but also for practical deployment on

autonomous vehicle platforms [12,27,28]. A controller that is accurate but too

computationally demanding may fail to provide timely commands, while a controller that

is computationally light but insuf�ciently predictive may produce poor tracking behavior.

The design problem is therefore not simply choosing a more complex model or a faster

solver, but balancing prediction quality, computation time, and closed-loop tracking

performance.

Real-time implementation also introduces delay, which is often less visible in

simulation than in physical experiments. The MPC solution is computed from the vehicle

state measured or estimated at the beginning of the optimization. However, after the

optimization is solved, the command still needs to pass through the software and hardware

stack before it reaches the steering actuator. During this time, the vehicle continues to

move, and the state used by the optimizer may no longer represent the actual state of the

vehicle when the command is applied. This delay can be especially in�uential during

curved-road tracking, lane changes, and other maneuvers with fast lateral motion. In

simulation, the plant may effectively wait for the controller output, or the computation
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delay may not be modeled explicitly. In real-world testing, however, optimization time,

communication delay, actuator response, sensor noise, and model mismatch all become

part of the closed-loop system [12,27]. For this reason, MPC for autonomous vehicles

should be evaluated not only by tracking accuracy in simulation but also by optimization

frequency, command timing, and closed-loop behavior in real-world operation.

Event-triggered MPC provides a way to reduce unnecessary optimization while

retaining the feedback and constraint-handling advantages of MPC. The general idea of

event-triggered control is to update the control action only when a triggering condition

indicates that a new update is needed [29]. This idea has been studied for networked

control, nonlinear systems, discrete-time systems, and constrained MPC problems, where

reducing communication or computation is an important design objective [30–33].

Related studies have also investigated robustness, sampling behavior, and stability

properties of event-triggered and self-triggered control schemes [34–37]. In

event-triggered MPC, the optimal control problem is not solved at every �xed sampling

instant. Instead, the controller re-optimizes when the system state, tracking error,

prediction error, or another performance-related metric violates a selected condition. This

creates an aperiodic optimization pattern. The controller updates more frequently when

the maneuver is demanding, such as during turns or lane changes, and updates less

frequently when the previously computed solution remains suf�cient, such as during

straight-road tracking with small lateral error.

For autonomous vehicle path tracking, a natural triggering variable is the lateral

offset between the current vehicle position and the reference path. During straight-road

driving with small tracking error, repeatedly solving similar optimization problems may

provide little additional bene�t. During turns or lane changes, however, the vehicle state

changes more quickly and the controller may need to re-optimize more often.

Event-triggered MPC has therefore been studied in several vehicle-related applications,
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including vehicle following, platooning, cooperative path following, collision avoidance,

and autonomous vehicle lateral control [38–42]. Other recent studies further explore

resource-ef�cient platooning, adaptive event-triggered MPC, and event-triggered

learning-based control for autonomous systems [43–46]. Simulation studies in

high-�delity environments such as CARLA are useful for evaluating event-triggered MPC

under repeatable traf�c and vehicle conditions [28,47]. However, simulation validation

alone cannot fully represent real vehicle implementation, where computation delay,

actuator response, and sensor uncertainty may change the closed-loop behavior [12,27].

This creates a need to study event-triggered MPC not only as a theoretical or

simulation-based computation-saving method, but also as a controller that must be

validated under real-time implementation constraints.

Although event-triggered MPC reduces the frequency of optimization, the

behavior between two triggered optimizations still requires careful design. A common

implementation is to shift and apply the remaining elements of the previously optimized

input sequence. This sequence-shifting strategy is simple and computationally ef�cient,

but it is mostly open loop during non-triggered intervals. If the actual vehicle state

deviates from the predicted state because of model mismatch, localization noise,

disturbance, or actuator delay, the shifted input sequence may not provide enough

correction until the next event is triggered. This issue becomes more important when the

event-trigger threshold is large, because larger thresholds generally reduce optimization

frequency but allow longer intervals between feedback updates. Therefore,

event-triggered MPC introduces a trade-off. Reducing optimization frequency improves

computational ef�ciency, but insuf�cient feedback between events can degrade tracking

performance. Least-squares based approximation provides a simple numerical tool for

extracting local relationships from trajectory data [48,49]. Such a local approximation can

be useful for designing lightweight feedback during non-triggered intervals, because the
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latest MPC solution already contains state and input information around the current

operating condition. This suggests that inter-event control should not be limited to shifting

a previous input sequence; it can also use the current vehicle state to provide feedback

correction without solving a new optimal control problem at every step.

1.2 PersonalizedLaneChangeControl

Besides computational ef�ciency, autonomous vehicle motion control also needs

to address personalization. A conventional path-tracking controller is usually tuned to

follow a given reference path with �xed cost weights. This may produce safe and smooth

motion, but it does not necessarily represent the preference of a speci�c driver. Human

drivers perform lane changes with different styles. Some drivers complete the maneuver

quickly and accept larger heading changes, yaw-rate responses, and steering inputs. Other

drivers prefer a slower and smoother lateral transition with smaller steering effort. These

differences are related to driving style, passenger comfort, and user acceptance [50–52].

Therefore, autonomous vehicles should not only satisfy safety and feasibility constraints;

they should also be able to reproduce or adapt to driver-speci�c motion preferences when

appropriate [53–55]. Lane change is a representative maneuver for studying this problem

because reaching the adjacent lane is only one part of the task. The path length, lateral

transition rate, lane-mark crossing location, curvature, heading pro�le, yaw-rate pro�le,

and steering effort can all vary while still producing a feasible lane change. Traditional

lane change planning and control methods often focus on feasibility, comfort, and tracking

performance at a general level [9,56–58]. However, these methods usually do not directly

learn how an individual driver balances smoothness, ef�ciency, and control effort.

Learning from demonstration provides a more scalable way to capture

driver-speci�c preferences. Imitation learning can learn driving behavior directly from

examples, and it has been used for human-like autonomous driving and driver behavior
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modeling [52,59,60]. However, a direct imitation policy may be dif�cult to interpret, and

it may not explain which aspects of the demonstrated behavior are important.

Reinforcement learning can optimize driving behavior through interaction, but it requires

a reward function, and manually designing a reward function for human-like driving is

dif�cult [61–63]. Inverse reinforcement learning (IRL) approaches the problem from the

opposite direction. Instead of assuming that the reward is known, IRL estimates the reward

or cost function that best explains the expert demonstrations [64,65]. Because the learned

cost can be expressed through meaningful features, IRL provides a useful connection

between data-driven behavior learning and interpretable controller design [66,67].

Maximum entropy inverse reinforcement learning is especially relevant for human driving

demonstrations because the same driver may not repeat exactly the same lane change

under different initial conditions. The maximum entropy formulation assigns probability

to possible trajectories while matching expert feature expectations, avoiding the

assumption that only one deterministic trajectory is correct [65,68,69]. In autonomous

driving, IRL has been used to learn driving styles, infer human-like decision-making, and

customize autonomous vehicle behavior from demonstrations [52,55,70–72].

For lane change personalization, the learned behavior must be represented in a

form that is both expressive and compatible with vehicle control. One possible

representation is a geometric path. A �fth-order Bezier curve can represent a smooth lane

change trajectory with a small number of control points, and the curve shape can be

adjusted through these control points while maintaining smoothness [73–75]. In a

path-level learning framework, features such as curvature, lane change length, lane-mark

crossing location, and �nal lateral position can describe different aspects of driver

preference [76]. However, a personalized path alone is not suf�cient if the vehicle

controller cannot execute it reliably under dynamics and actuator constraints. This

motivates a second representation in which the learned preference is embedded directly
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into the MPC cost function. By doing so, the controller does not merely track a

predesigned lane change path; it generates the lane change behavior according to learned

driver-speci�c feature weights while respecting vehicle dynamics and steering

constraints [77]. This connection between IRL and MPC provides a way to combine

interpretable preference learning with model-based constrained control.

The above discussion reveals two gaps that motivate this dissertation. The �rst gap

is between MPC performance in idealized simulation and MPC performance in real

vehicle implementation. Existing MPC and event-triggered MPC studies demonstrate

strong potential, but real-time computation, command delay, actuator response, and model

mismatch must be considered when the controller is deployed on physical vehicle

platforms. The second gap is between safe autonomous lane change execution and

driver-speci�c lane change behavior. A �xed manually tuned controller can generate

feasible maneuvers, but it cannot naturally capture how different drivers trade off

smoothness, ef�ciency, and steering effort. These two gaps are connected by the role of

the MPC cost function and the way it is solved in real time. Ef�cient MPC

implementation asks when and how often the cost optimization should be solved.

Personalized MPC asks what the cost should represent. This dissertation studies both

questions in a uni�ed autonomous vehicle lateral control context.

1.3 DissertationApproach

To address the two gaps discussed above, this dissertation develops two connected

groups of methods. The �rst group focuses on the real-time implementation of MPC for

autonomous vehicle lateral motion control. A consistent vehicle modeling and MPC

framework is �rst established, including kinematic and dynamic bicycle models,

reference-path resampling, steering constraints, and steering-rate constraints. Based on

this framework, an event-triggered MPC controller is developed so that the optimal
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control problem is solved only when a new solution is needed. The triggering condition is

designed according to the lateral offset from the reference path and the availability of the

previously optimized control sequence. This design reduces unnecessary optimization

during simple driving conditions while allowing the controller to re-optimize during more

demanding maneuvers.

The event-triggered MPC framework is then evaluated beyond idealized

simulation. CARLA simulation is used to provide a repeatable and high-�delity

environment for studying path tracking under different road sections and event-trigger

thresholds. Real-vehicle experiments are further conducted to examine how computation

delay, actuator response, sensor noise, and model mismatch affect closed-loop tracking

performance. Since a basic event-triggered MPC controller may behave largely open loop

during non-triggered intervals, this dissertation also introduces a linear based inter-event

feedback strategy. Instead of only shifting the previously optimized input sequence, the

linear approximates a local relationship between vehicle-state features and the optimal

steering command from the latest MPC solution. This allows the controller to provide

feedback correction between optimization events without solving a new optimal control

problem at every sampling step.

The second group of methods focuses on personalized lane change behavior

learning. Instead of manually tuning MPC cost weights for different drivers, this

dissertation uses MaxEnt IRL to learn driver-speci�c preferences from expert lane change

demonstrations. The personalization study is �rst formulated at the path level. A

�fth-order Bezier curve is used to represent lane change paths, and features are designed

to describe curvature, lane change length, lane-mark crossing location, and �nal lateral

position. MaxEnt IRL is then used to infer the feature weights that explain the

demonstrated lane change behavior. The learned weights can generate personalized

geometric paths under different initial conditions.

9



The personalization study is further extended from geometric path modeling to

closed-loop control. In this formulation, the IRL-learned feature weights are embedded

directly into the MPC cost function. Therefore, the controller does not simply track a

predesigned personalized path; instead, it generates lane change behavior according to the

learned driver-speci�c cost while respecting vehicle dynamics, steering limits,

steering-rate limits, and real-time state feedback. This connects the interpretability of IRL

with the constraint-handling capability of MPC. Through this structure, the dissertation

studies both what the controller should optimize to reproduce personalized lane change

behavior and how the MPC optimization can be executed ef�ciently in real time.

1.4 Main Contributions

This dissertation contributes to autonomous vehicle lateral motion control from

two connected perspectives: practical real-time MPC implementation and personalized

lane change behavior learning. Rather than treating MPC only as an of�ine or

simulation-based optimization tool, this dissertation studies how MPC can be

implemented ef�ciently on autonomous vehicle platforms and how its cost function can be

adapted to represent driver-speci�c lane change preferences.

The �rst contribution is the development and validation of an event-triggered MPC

framework for autonomous vehicle path tracking. The proposed controller reduces

unnecessary optimization by solving the MPC problem only when the lateral tracking

condition or horizon-depletion condition indicates that a new solution is needed. This

design allows the controller to update more frequently during demanding maneuvers and

less frequently during simple tracking conditions. The framework is �rst evaluated in

high-�delity CARLA simulation under different road geometries and triggering

thresholds, and is then validated through real-vehicle experiments. These studies show

how event-triggered MPC affects optimization frequency, tracking accuracy, computation
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delay, and closed-loop control performance in both simulation and physical vehicle

implementation.

The second contribution is a linear based inter-event feedback method for

event-triggered MPC. Basic event-triggered MPC often relies on shifting and applying the

remaining elements of the previously optimized input sequence during non-triggered

intervals. Although this strategy is computationally ef�cient, it provides limited feedback

correction between two optimization events. To address this limitation, the proposed

method extracts a local feedback relationship from the latest MPC optimal state and input

sequences. The resulting K-matrix is used to compute steering commands from the

current vehicle state during non-triggered intervals, providing lightweight feedback

correction without solving a new optimal control problem at every sampling step.

The third contribution is an IRL-based personalized lane change modeling and

control framework. At the path level, MaxEnt IRL is used with a �fth-order Bezier curve

representation to learn driver-speci�c lane change preferences from expert

demonstrations. The learned feature weights describe how the driver balances curvature,

lane change length, lane-mark crossing location, and �nal lateral position. This path-level

learning method is further extended to closed-loop control by embedding IRL-learned

feature weights into the MPC cost function. Through this integration, the controller can

generate personalized lane change behavior while still considering vehicle dynamics,

steering limits, steering-rate limits, and real-time state feedback.

1.5 DissertationOrganization

The remainder of this dissertation is organized as follows. Chapter 2 reviews the

background and related work on autonomous vehicle motion control, vehicle modeling,

MPC, event-triggered MPC, inter-event control, lane change modeling, and IRL-based

personalization. Chapter 3 presents the vehicle models and baseline MPC formulation

11



used throughout the dissertation. The chapter also discusses reference-path resampling

and the main steering constraints used in the controller. Chapter 4 develops the

event-triggered MPC framework for autonomous vehicle path tracking, including the

triggering strategy, standard event-triggered MPC algorithm, and linear based inter-event

feedback controller. Chapter 5 presents the experimental evaluation of event-triggered

MPC through CARLA simulation, real-vehicle testing, and scale-vehicle experiments for

the linear based inter-event control method. Chapter 6 presents the IRL-based

personalized lane change path modeling method. Bezier curves are used to represent lane

change paths, and MaxEnt IRL is used to learn driver-speci�c path feature weights.

Chapter 7 extends the personalization idea from geometric path modeling to closed-loop

control. The learned feature weights are embedded into MPC to generate personalized

lane change behavior while accounting for vehicle dynamics and steering constraints.

Chapter 8 summarizes the dissertation, discusses the main �ndings, and outlines future

research directions.

12



CHAPTER TWO

BACKGROUND AND LITERATURE REVIEW

This chapter reviews the prior studies that are directly related to the methods

developed in this dissertation. Since Chapter 1 has introduced the general motivation and

overall research direction, this chapter focuses on the technical development of existing

methods. The review is organized around �ve topics: model predictive control for

autonomous vehicle path tracking, event-triggered MPC and inter-event control, lane

change trajectory modeling and path generation, learning-based personalized driving and

inverse reinforcement learning, and the research gaps addressed by this dissertation.

2.1 ModelPredictiveControlfor AutonomousVehiclePathTracking

Model predictive control (MPC) has been widely used for autonomous vehicle

path tracking because it provides a systematic framework for combining vehicle

prediction, tracking objectives, and physical constraints. In a standard receding-horizon

formulation, an optimal control problem is solved over a �nite prediction horizon, and

only the �rst control input is applied before the optimization is repeated at the next

sampling instant [13–15,78]. This structure is attractive for vehicle motion control

because it can explicitly consider future path information, vehicle dynamics, steering

constraints, and smoothness requirements within one optimization problem [16,17,79].

Robust and constrained MPC formulations further provide theoretical tools for handling

uncertainty, feasibility, and input or state constraints [18,80].

Existing MPC-based vehicle control studies can be grouped according to the

prediction model used by the controller. Kinematic bicycle models are commonly used for

low-speed or moderate-speed path tracking because they describe vehicle motion through

geometric relationships among position, heading, velocity, wheelbase, and steering
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angle [5,6,9,81]. These models are computationally ef�cient and are relatively easy to

discretize for online optimization. Dynamic bicycle models are used when lateral velocity,

yaw rate, tire-force effects, and inertial properties need to be represented more

explicitly [7,8,19]. Dynamic models are especially relevant for higher-speed driving,

curved-road tracking, and maneuvers with more signi�cant lateral dynamics. Other

studies extend MPC to nonlinear vehicle models, obstacle avoidance, trajectory tracking,

and cooperative vehicle control [4,20–22,82]. These studies show that the model used in

MPC is closely related to vehicle speed, maneuver type, prediction accuracy, and real-time

computational requirements.

The MPC objective function is another important component of vehicle path

tracking. Most lateral MPC controllers penalize lateral tracking error, heading error,

steering magnitude, and steering-rate variation [7,9,19,21]. The tracking and heading

terms keep the vehicle close to the reference path, while steering and steering-rate terms

reduce unnecessary actuator activity and improve control smoothness. Steering angle

constraints and steering-rate constraints are usually included to ensure that the generated

command is physically feasible and compatible with the vehicle actuator. Depending on

the driving task, additional terms may be introduced to represent stability, road-boundary

constraints, obstacle avoidance, comfort, or cooperative behavior [4,16,20,22].

Therefore, MPC provides a �exible framework in which the same controller structure can

be adapted to different autonomous driving tasks through the choice of model, cost

function, constraints, and reference trajectory.

MPC has been applied to lane keeping, lane changing, and general trajectory

tracking. For lane keeping, the controller mainly reduces lateral and heading errors with

respect to a lane centerline or a planned path [6,9]. For lane change execution, MPC can

optimize the steering input while considering the desired lateral transition, vehicle

dynamics, and actuator limits [16,21,22]. For more complex trajectory-tracking
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problems, MPC can combine path-tracking terms with obstacle avoidance, road-boundary

constraints, or cooperative objectives [4,82,83]. These studies form the control

foundation for this dissertation. Chapter 3 presents the baseline vehicle models and MPC

formulation used throughout this dissertation, while later chapters build event-triggered

and personalized control strategies on top of this MPC structure.

2.2 Event-TriggeredMPC andInter-EventControl

Although MPC is effective for constrained vehicle control, its repeated online

optimization can be computationally demanding. Several approaches have been proposed

to reduce the computational burden of MPC. Explicit MPC pre-computes the control law

of�ine and evaluates it online as a piecewise function, which can reduce online

computation for systems with moderate state dimensions and constraint

complexity [17,84]. Fast numerical optimization methods, warm-starting, and

sensitivity-based methods reduce the cost of each online optimization by exploiting the

structure of the optimal control problem [23,24]. Parallel computation and

hardware-aware implementations improve computation speed by using available

computing resources more ef�ciently [85,86]. Learning-assisted MPC has also been

studied, where learned models, learned terminal components, or learned approximations

are used together with MPC to improve prediction or reduce online computation while

still retaining the constraint-handling capability of MPC [11,25,87].

For autonomous vehicles, real-time MPC performance is not only determined by

the amount of computation, but also by command timing. The MPC optimization is

solved using the measured or estimated state at the beginning of the computation. After

the optimization is completed, the command still needs to pass through software,

communication, and actuation layers before affecting the steering actuator. Therefore,

computation delay, communication delay, actuator response, localization error, and sensor
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noise can all in�uence the applied command in a real vehicle [12,27,88]. A controller that

solves an optimal control problem at every sampling instant may still suffer from delayed

control action if the optimization time is not negligible. This issue is especially important

for autonomous vehicle lateral control because steering commands must be updated in a

timely manner during turning, lane changing, and other dynamic maneuvers.

Event-triggered MPC reduces computation from a different perspective. Instead of

solving the MPC problem periodically at every �xed sampling instant, event-triggered

MPC solves a new optimization problem only when a triggering condition indicates that a

new solution is needed. Event-triggered control has been studied for networked systems,

nonlinear systems, discrete-time systems, and constrained predictive control

problems [29,36,37,89]. Eqtami et al. developed event-triggered MPC formulations for

nonlinear and discrete-time systems, showing that MPC can be updated aperiodically

based on system behavior [30,31]. Li and Shi studied event-triggered MPC for

constrained nonlinear systems, while Brunner and coauthors investigated robust

event-triggered and self-triggered MPC under uncertainty [32–35]. These studies provide

the general theoretical foundation for event-triggered predictive control.

Event-triggered control has also been applied to autonomous vehicle and

intelligent transportation systems. Existing studies include vehicle following, vehicle

platooning, cooperative driving, path following, collision avoidance, and lateral trajectory

tracking [38–43,90]. Recent works further study adaptive event-triggered MPC,

event-triggered learning-based control, and resource-aware autonomous

control [44–46,91]. These studies show that event-triggered control is useful when

computation or communication resources should be allocated according to vehicle

behavior and tracking demand rather than according to a �xed update schedule.

For autonomous vehicle path tracking, the lateral deviation from the reference path

is a natural event-triggering variable. When the vehicle remains close to the reference
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path, the previously optimized MPC solution may still provide a useful control sequence.

When the lateral offset exceeds a selected threshold, a new MPC problem can be solved

using the current vehicle state. Previous work has evaluated this idea in CARLA

simulation and demonstrated that event-triggered MPC can reduce the number of

optimization calls while maintaining acceptable tracking performance [28,47].

Real-vehicle experiments further showed that the relationship between optimization

frequency and tracking performance can be different from simulation results because

computation delay and actuation timing become important in practice [12,88]. A

switching-model event-triggered MPC formulation has also been developed to cover a

wider speed range by using kinematic and dynamic prediction models under different

driving conditions [27].

A key issue in event-triggered MPC is how the controller behaves between two

triggered optimizations. In many event-triggered MPC implementations, once an

optimization problem is solved, the resulting optimal control sequence is stored and then

shifted forward during non-triggered intervals [12,28,31,33]. This sequence-shifting

strategy is simple and computationally ef�cient because no new nonlinear optimization is

required between two triggering instants. However, the inter-event control action is largely

open loop. If the actual vehicle state deviates from the predicted state because of model

mismatch, localization noise, disturbance, or actuator delay, the shifted control sequence

may not provide enough correction until the next event is triggered. This issue becomes

more important when the triggering threshold is relaxed, because larger thresholds reduce

the optimization frequency but also allow longer intervals between feedback-based MPC

updates. Several related approaches have been studied to address the limitation of

open-loop inter-event execution. Self-triggered MPC determines the next update time in

advance based on predicted system behavior, which reduces unnecessary computations

while preserving certain performance or stability properties [92]. Triggering and feedback
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co-design methods jointly design the event-triggering rule and the feedback policy, so that

the triggering mechanism is not separated from the closed-loop control law [93]. Robust

event-triggered MPC considers bounded disturbances and robustness requirements, and

can provide theoretical guarantees for constrained systems [32,35]. Tube MPC is another

closely related direction, where a nominal MPC trajectory is combined with an ancillary

feedback controller to keep the actual state within a tube around the nominal

trajectory [18,94]. These methods show that feedback correction between planning or

optimization updates is important for maintaining robustness and tracking accuracy.

However, these approaches may introduce additional design complexity or

assumptions that are not always convenient for real-time autonomous vehicle

implementation. Tube-based robust MPC often requires tube construction, constraint

tightening, and an explicit bounded disturbance set. Triggering-control co-design and

self-triggered MPC may require additional of�ine analysis or online prediction of future

triggering instants. Fixed-gain inter-sample or inter-event feedback controllers can reduce

the open-loop nature of sequence shifting, but a �xed gain may not adapt well to different

operating conditions, vehicle speeds, or local path geometries [86]. Similarly, LQR-type

feedback requires a local linear model and the solution of a Riccati equation, and its

design can be less direct when the underlying vehicle model and MPC formulation are

nonlinear [95]. These limitations motivate a lightweight inter-event feedback strategy that

can use information already generated by the latest MPC optimization. Since each MPC

solution contains a predicted state sequence and its corresponding optimal control

sequence, the local relationship between state deviation and control input can be

approximated from this predicted data. Least-squares regression provides a simple way to

estimate such a local feedback gain without constructing invariant tubes, tightening

constraints, or solving an additional nonlinear optimization problem [96]. The linear

based inter-event controller developed later in this dissertation follows this idea. After

18



each triggered MPC optimization, a local k-matrix feedback relationship is �tted from the

predicted state-input sequence. During non-triggered intervals, the �tted feedback gain

generates updated control commands using the current vehicle state, instead of simply

applying the shifted open-loop sequence. Therefore, the method is positioned between

conventional event-triggered MPC and more complex robust or tube-based MPC methods:

it preserves the computational bene�t of event-triggered MPC while adding lightweight

feedback correction between events.

2.3 LaneChangeTrajectoryModelingandPathGeneration

Lane change is one of the most important maneuvers in autonomous driving. A

lane change trajectory must satisfy road geometry, vehicle feasibility, comfort, and safety

requirements. Existing lane change trajectory generation methods include polynomial

curves, spline curves, Bezier curves, optimization-based planners, and MPC-based

methods. Polynomial and spline-based methods are widely used because they can

generate smooth trajectories using boundary conditions on position, heading angle, and

sometimes curvature [56,57,97]. Bezier curves are also commonly used because the path

shape can be adjusted through a small number of control points, and higher-order Bezier

curves can provide smooth geometric paths for lane change maneuvers [73–75].

Optimization-based lane change planners formulate trajectory generation as a

cost-minimization problem that may include path length, curvature, comfort, safety, and

tracking feasibility [4,9,82]. MPC-based planning and tracking methods further connect

the generated trajectory with vehicle dynamics and actuator constraints [16,21,22].

Different path representations emphasize different aspects of the lane change maneuver.

Polynomial curves are convenient when the initial and terminal boundary conditions are

known. Splines can provide smooth piecewise trajectories and are useful when the path

must pass through intermediate waypoints. Bezier curves use control points to shape the
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path, which makes them suitable when the lane change geometry needs to be adjusted in a

compact and interpretable way [73,75]. For example, modifying the control points of a

Bezier curve can change the lateral transition rate, lane-mark crossing location, �nal

lateral position, and total lane change length. These geometric quantities are closely

related to driving style. Therefore, Bezier curves are suitable for personalized lane change

modeling, where the objective is not only to generate a smooth path, but also to represent

how a particular driver prefers to perform the maneuver [76,98].

Traditional lane change trajectory generation usually focuses on general objectives

such as feasibility, smoothness, comfort, ef�ciency, and safety. Review studies show that

lane change planning often considers road geometry, surrounding vehicles, collision risk,

comfort limits, and execution feasibility [58,99]. These objectives are necessary for

autonomous driving, but they do not automatically describe individual driving preference.

For example, two drivers may both complete a safe lane change, but one may prefer a

short and direct transition, while another may prefer a longer and smoother transition.

Similarly, one driver may cross the lane marking earlier, while another may remain in the

original lane longer before moving laterally. Therefore, a lane change path model used for

personalization should include interpretable features that can describe these differences.

Path-level lane change modeling and closed-loop lane change control are related

but not identical. A path generator produces a desired geometric trajectory, while a

controller must execute the maneuver under vehicle dynamics, steering constraints,

actuator limits, and real-time state feedback. If a personalized path is generated of�ine or

as a reference, a separate tracking controller is still needed to follow the path. In contrast,

closed-loop lane change control can directly incorporate the maneuver objective into the

controller and update the control action based on the current vehicle state. MPC is useful

for this purpose because it can connect path or maneuver objectives with vehicle dynamics

and constraints [9,16,22]. This distinction motivates the two personalized lane change
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formulations developed later in this dissertation. Chapter 6 studies path-level personalized

lane change modeling, while Chapter 7 embeds learned driver preference into a

closed-loop MPC controller.

2.4 Learning-BasedPersonalizedDriving andInverseReinforcementLearning

Learning-based driving behavior modeling has been studied using supervised

learning, imitation learning, reinforcement learning, and inverse reinforcement learning.

Supervised learning methods use driving data to learn mappings from input features to

labels, predictions, or actions. These methods have been applied to driver behavior

prediction, lane-change intention recognition, trajectory prediction, and end-to-end

driving [100–104]. Driver-style recognition studies show that driving data contain

measurable differences in speed choice, acceleration behavior, maneuver aggressiveness,

volatility, and lane change behavior [50,51,60,105]. Imitation learning directly learns a

policy from expert demonstrations and has been used to reproduce human-like driving

behavior [52,59]. These methods are useful when the goal is to reproduce observed

behavior from data, especially when suf�cient demonstrations are available.

Reinforcement learning has also been studied for autonomous driving and

decision-making because it can optimize long-term behavior through interaction with an

environment [61–63]. In reinforcement learning, the reward function de�nes what

behavior should be encouraged. Reward engineering and reward shaping are therefore

important parts of the learning process [106]. In driving applications, the reward may

include safety, ef�ciency, comfort, lane keeping, collision avoidance, and progress-related

terms. For human-like or personalized driving, the reward function is closely related to

driving preference. A reward emphasizing short maneuver time may produce aggressive

behavior, while a reward emphasizing smoothness and small steering effort may produce

conservative behavior. This relationship between reward design and driving style
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motivates inverse reinforcement learning when the desired preference is better observed

from demonstrations than manually speci�ed.

Inverse reinforcement learning estimates the reward or cost function that explains

expert demonstrations. Ng and Russell introduced the general IRL problem, and later

studies developed Bayesian and maximum entropy formulations [64,65,107]. Maximum

entropy IRL models a distribution over trajectories while matching expert feature

expectations, which is useful when expert behavior is not perfectly

deterministic [65–67,108]. This property is relevant to driving because even the same

driver may not repeat the exact same lane change under different initial positions, speeds,

or traf�c conditions. In autonomous driving, IRL has been used to learn human-like

driving behavior, social interaction behavior, driving preference, trajectory planning, and

personalized lane change behavior [52,55,68–72,109].

Personalized driving research studies how autonomous vehicles can adapt their

behavior to different drivers, passengers, or driving styles. Existing studies have

considered driver-style classi�cation, personalized adaptive cruise control, personalized

trajectory prediction, personalized trajectory planning, and human-like autonomous

driving [50,52,110–112]. Other studies focus speci�cally on personalized lane-changing

decisions or driver-speci�c maneuver modeling [53–55]. These studies are relevant

because lane change behavior is not uniquely determined by the �nal lane. The same lane

change can be performed with different lateral transition rates, heading responses,

yaw-rate pro�les, steering efforts, and �nal lane positions. IRL is useful in this context

because it can represent these preferences through learned feature weights rather than only

through a directly copied trajectory.

IRL and MPC are complementary for personalized vehicle control. IRL focuses on

learning the cost function that explains expert behavior, while MPC uses a cost function to

generate control actions under vehicle dynamics and actuator constraints. Learning-based
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MPC studies have shown that learned models or learned cost-related components can be

incorporated into predictive control while still maintaining the basic MPC

structure [11,25,87]. For personalized lane change control, this connection makes it

possible to learn driver-speci�c feature weights from demonstrations and use those

weights inside a constrained MPC problem [77]. Compared with a purely geometric

path-generation approach, the IRL-MPC structure can produce personalized behavior in

closed loop, where the controller reacts to the current vehicle state while enforcing the

vehicle model and steering constraints.

2.5 ResearchGapsandDissertationPositioning

The reviewed literature shows that MPC provides a strong foundation for

autonomous vehicle path tracking, but real-time implementation remains challenging.

Existing work has studied explicit MPC, fast solvers, learning-assisted MPC, and

event-triggered MPC to reduce computation [17,23–25,31–33,84]. However, many

event-triggered MPC studies are validated mainly in simulation or under simpli�ed

assumptions. Real vehicles introduce computation delay, actuation delay, localization

noise, and model mismatch, which can change the observed relationship between

triggering frequency and tracking performance. This dissertation addresses this gap by

developing and validating event-triggered MPC for autonomous vehicle path tracking in

CARLA simulation, closed-road experiments, and public-road experiments.

A second gap concerns the control behavior between two triggered optimizations.

Many event-triggered MPC implementations use the remaining elements of the previous

optimal sequence during non-triggered intervals [28,31,33]. This strategy reduces

computation, but it provides limited feedback correction when the actual vehicle state

deviates from the predicted state. Robust MPC and tube-based MPC provide feedback

around nominal trajectories [18,34,80], but they may introduce additional design and
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computation requirements. This dissertation studies a lightweight inter-event feedback

strategy that locally approximates the MPC input sequence by using the latest predicted

state-input data. The object is to improve feedback correction during non-triggered

intervals while preserving the computational advantage of event-triggered MPC [113].

A third gap is related to personalized lane change behavior. Existing lane change

trajectory generation methods can produce feasible and smooth paths using polynomial

curves, splines, Bezier curves, optimization-based planners, or MPC-based

methods [4,9,22,56,57,73,75]. However, a feasible lane change trajectory does not

necessarily represent an individual driver's preference. Learning-based methods can

model human driving behavior, and IRL can infer interpretable cost functions from

demonstrations [52,55,64,65]. Nevertheless, many existing personalized driving studies

focus on style classi�cation, decision making, longitudinal behavior, or of�ine trajectory

generation. This dissertation addresses this gap by �rst learning personalized lane change

geometry through a Bezier-curve-based IRL path model and then extending the learned

preference into a closed-loop MPC lane change controller.

Therefore, this dissertation is positioned at the intersection of predictive control,

event-triggered computation, and learning-based personalization. The event-triggered

MPC and inter-event feedback studies address the real-time implementation side of

autonomous vehicle lateral control, while the IRL-based path modeling and IRL-MPC

studies address the personalization side. Together, these directions connect

computationally ef�cient MPC implementation with driver-speci�c lane change behavior

learning.
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CHAPTER THREE

VEHICLE MODELING AND MPC FORMULATION

This chapter presents the vehicle modeling and baseline model predictive control

(MPC) formulation used throughout this dissertation. The objective is to establish a

uni�ed modeling and control framework for autonomous vehicle lateral motion control,

which serves as the foundation for the event-triggered MPC and personalized MPC

strategies developed in later chapters. Speci�cally, this chapter introduces the kinematic

and dynamic bicycle models, the tire-force model, the model discretization method, the

reference path resampling strategy, and the constrained �nite-horizon MPC formulation

for path tracking [5–7,15,16].

The vehicle motion is described using two coordinate frames: a global frame and a

vehicle frame. The global frame is used to describe the vehicle position with respect to the

road, map, or reference trajectory. The vehicle frame is attached to the vehicle center of

gravity (CG), with its longitudinal axis aligned with the vehicle heading direction.

Depending on the operating speed and required prediction �delity, two vehicle models are

used.

3.1 KinematicBicycleModel

For low-speed path tracking, the kinematic bicycle model uses the reduced state

vector

xkin =
�

px py y

� T
; (3.1)

where px and py denote the vehicle position in the global frame, and y is the vehicle

heading angle, which represents the orientation of the vehicle frame with respect to the

global frame.
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Figure 3.1: Kinematic bicycle model used for low-speed lateral motion prediction.

The kinematic bicycle model approximates the vehicle by combining the front and

rear wheels into two virtual wheels located along the vehicle centerline [5,6]. This model

is commonly used for low-speed autonomous driving control because it is

computationally simple and avoids the need to estimate lateral tire forces.

As illustrated in Fig. 3.1, the continuous-time kinematic bicycle model is given by

�px = V cos(y +b); (3.2a)

�py = V sin(y +b); (3.2b)

�y =
V cosb

Lx f +L xr

�
tanuf � tanu r

�
; (3.2c)

b = tan�1
�

Lxr tanuf

Lx f +L xr

�
; (3.2d)

where V is the vehicle speed at the CG, Lx f and Lxr are the distances from the CG to the

front and rear axles, respectively, b is the body slip angle at the vehicle CG, representing

the angle between the vehicle heading direction and the velocity direction at the CG, uf is

the front-wheel steering angle, and ur is the rear-wheel steering angle. Since the vehicle

platforms considered in this dissertation are front-wheel steering vehicles, the rear
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steering angle is set to zero, i.e., ur = 0. Therefore, the control input is de�ned as

u = u f ; (3.3)

and the yaw-rate equation becomes

�y =
V cosb

Lx f +L xr
tanuf : (3.4)

The kinematic model is especially useful for low-speed path tracking because it

provides a simple and numerically robust prediction model without requiring explicit

tire-force estimation. This makes it suitable for short-horizon MPC when lateral tire

dynamics are not dominant.

3.2 DynamicBicycleModel

The dynamic bicycle model captures lateral velocity, yaw rate, and tire-force

effects [5–7]. Compared with the kinematic model, the dynamic model is more suitable

for higher-speed maneuvers where inertial effects and tire-road interactions become more

signi�cant. It is also useful when the control objective includes heading, yaw-rate, or

steering-response characteristics.

The state vector of the dynamic bicycle model is de�ned as

xdyn=
�

px py vy y r

� T
; (3.5)

where px and py represent the vehicle position in the global frame, vy is the lateral

velocity in the vehicle frame, y is the vehicle heading angle, and r is the yaw rate.
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Figure 3.2: Dynamic bicycle model used for higher-speed lateral motion prediction.

As shown in Fig. 3.2, the dynamic bicycle model is formulated at the vehicle CG.

The continuous-time equations are

�px = v xcosy � v ysiny; (3.6a)

�py = v xsiny +v ycosy; (3.6b)

�vy = �v xr +
1
m å

i2f f ;rg
Fy;i; (3.6c)

�y = r; (3.6d)

�r =
1
I

�
Lx fFy; f � L xrFy;r

�
; (3.6e)

where vx is the longitudinal velocity, m is the vehicle mass, I is the yaw moment of inertia,

and Fy; f and Fy;r are the lateral tire forces at the front and rear wheels, respectively. Since

this dissertation focuses on lateral motion control, the longitudinal motion is treated as an

external speed command or measured disturbance. Therefore, vx is measured from the

vehicle and treated as a time-varying disturbance during prediction instead of a control

variable in the lateral controller.
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Figure 3.3: Tire-force relationship between the wheel frame and the vehicle frame.

Compared with the kinematic model, this dynamic model includes the lateral

velocity and yaw-rate dynamics, making it more suitable for higher-speed path tracking

where inertial effects cannot be ignored. However, the model depends on the lateral tire

forces Fy; f and Fy;r, which are further determined by the tire model introduced next.

The lateral tire forces in (3.6) are computed using a tire-force model [5]. The tire

model relates the wheel-frame tire forces to the vehicle-frame tire forces and

approximates the lateral force generated by the tire slip angle.

Let F̄x;i andF̄y;i denote the longitudinal and lateral tire forces in the wheel frame,

where i 2 f f ; rg represents the front or rear wheel. Let Fx;i and Fy;i denote the

corresponding forces in the vehicle frame. The coordinate transformation between the

wheel frame and vehicle frame is

Fx;i = F̄x;i cosui � F̄y;i sinui ; (3.7a)

Fy;i = F̄x;i sinui + F̄y;i cosui : (3.7b)

For front-wheel steering vehicles, uf is the steering input and ur = 0.
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A linear tire model is adopted to approximate the lateral force in the wheel frame:

F̄y;i = C ia i ; (3.8)

where Ci is the cornering stiffness and ai is the slip angle of the corresponding wheel. In

implementations where the normal-load or friction distribution is explicitly considered,

the lateral force can also be expressed as

F̄y;i = C f ia i ; (3.9)

where fi represents the friction force distribution on the front or rear wheel. The slip angle

is computed from the wheel-frame corner velocities:

a i = tan�1

 
V̄0

y;i

V̄0
x;i

!

: (3.10)

The wheel-frame velocities are obtained from the vehicle-frame velocities as

V̄0
x;i = V̄x;i cosui + V̄y;i sinui ; (3.11a)

V̄0
y;i = � V̄x;i sinui + V̄y;i cosui : (3.11b)

The corner velocities in the vehicle frame are

V̄x; f = v x; V̄y; f = v y + rL x f ; (3.12a)

V̄x;r = v x; V̄y;r = v y � rL xr: (3.12b)

Substituting (3.12) into (3.11) and then into (3.10) gives the front and rear slip angles. The

resulting lateral tire forces are transformed into the vehicle frame using (3.7) and used in

the dynamic bicycle model (3.6).

Together, the dynamic bicycle model and tire-force model describe how the

steering input affects the lateral tire forces, and how these forces further determine the

vehicle lateral acceleration and yaw acceleration. Therefore, this model allows the MPC
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controller to predict how steering commands in�uence future lateral position, heading

angle, lateral velocity, and yaw rate.

3.3 Discretizationfor MPC Prediction

MPC solves an optimization problem over a discrete prediction horizon.

Therefore, the continuous-time vehicle models introduced above must be discretized. In

this dissertation, the forward Euler method is used because of its simplicity and

computational ef�ciency for real-time implementation. For a continuous-time vehicle

model

�x = f (x;u;w); (3.13)

the discrete-time prediction model is

xt+1 = x t + f (x t ;ut ;wt)Ts; (3.14)

where Ts is the sampling time and wt denotes the measured speed input used by the

prediction model. For the kinematic model, wt corresponds to the CG speed Vt , while for

the dynamic model it corresponds to the longitudinal velocity vx;t. The resulting

discrete-time model is denoted compactly as

xt+1 = f d(xt ;ut ;wt): (3.15)

For the kinematic model, the discrete-time equations are

px;k+1 = p x;k+Vkcos(yk +b k)Ts; (3.16a)

py;k+1 = p y;k+Vksin(y k +b k)Ts; (3.16b)

y k+1 = y k +
Vkcosbk
Lx f +L xr

�
tanuf ;k � tanu r;k

�
Ts; (3.16c)

bk = tan�1
�

Lxr tanuf ;k

Lx f +L xr

�
: (3.16d)
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For front-wheel steering vehicles, ur;k = 0 and uk = u f ;k. These equations are used inside

the MPC prediction horizon when the kinematic model is selected.

For the dynamic model, the discrete-time equations are

px;k+1 = p x;k+
�
vx;kcosyk � v y;ksinyk

�
Ts; (3.17a)

py;k+1 = p y;k+
�
vx;ksinyk +v y;kcosyk

�
Ts; (3.17b)

vy;k+1 = v y;k+

0

@�v x;krk +
1
m å

i2f f ;rg
Fy;i;k

1

A Ts; (3.17c)

y k+1 = y k + r kTs; (3.17d)

rk+1 = r k +
1
I

�
Lx fFy; f ;k � L xrFy;r;k

�
Ts: (3.17e)

These equations are used inside the MPC prediction horizon when the dynamic model is

selected.

3.4 ReferencePathConstructionandResampling

The MPC controller requires a short-horizon reference trajectory at every control

step. The reference path may come from a recorded GNSS path, a global planner in

simulation, or a planned lane-change trajectory. Regardless of the source, raw waypoints

are often nonuniformly spaced. Directly using nonuniform waypoints can lead to

inconsistent tracking behavior because the prediction horizon would correspond to

different physical distances depending on the local waypoint density. Therefore, this

section focuses on the reference path resampling procedure used to construct the horizon

reference points for MPC.

At each control instant, the current longitudinal velocity vx is used to determine

the desired distance between consecutive reference points in the prediction horizon:

dref = v xTs: (3.18)
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Since MPC uses a short prediction horizon, vx is assumed approximately constant within

the horizon. The reference sequence is then selected or interpolated such that the

reference points are spaced by dref along the path. For a prediction horizon of length p,

the reference position sequence is written as

Pref
t =

n�
pref

x;t+1 ; pref
y;t+1

�
; : : : ;

�
pref

x;t+p ; pref
y;t+p

�o
: (3.19)

This resampling strategy makes the MPC prediction horizon consistent with the physical

motion of the vehicle and improves the numerical conditioning of the path-tracking

problem.

When the original reference route contains sharp transitions or non-differentiable

segments, an additional path-smoothing step may be applied before resampling. Since the

purpose of this chapter is to establish the baseline MPC formulation, the detailed

smoothing procedures used in speci�c simulation or lane-change studies are discussed in

the corresponding experimental chapters.

3.5 BaselineTime-TriggeredMPC Formulation

The baseline time-triggered MPC formulation used for autonomous vehicle path

tracking. MPC has been widely used for constrained vehicle control because it can

optimize future vehicle behavior while explicitly handling actuator limits and model

constraints [7,10,15,16,81].

At each sampling instant, the current vehicle state is �rst measured or estimated.

Based on this state and the reference trajectory over the prediction horizon, the optimal

control problem (OCP) is solved to obtain an optimal control sequence. Only the �rst

control input is applied to the vehicle, and the same procedure is repeated at the next

sampling instant. This receding-horizon implementation provides feedback correction

while allowing actuator constraints and model constraints to be explicitly considered.
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The numerical solution of the OCP can be obtained using standard nonlinear

programming or quadratic programming solvers, depending on the selected prediction

model and cost function. Since the focus of this dissertation is on the control framework

rather than solver development, the detailed numerical implementation of the solver is not

discussed in this chapter.

Let the prediction horizon be p. The predicted state sequence and control sequence

are de�ned as

Xt =
�

xt+1 ;xt+2 ; : : : ;xt+p
	

; (3.20)

Ut =
�

ut ;ut+1 ; : : : ;ut+p�1
	

: (3.21)

The current measured or estimated state is denoted byx̂t .

The baseline MPC cost function penalizes path-tracking error, steering magnitude,

and steering rate. The optimal control problem is formulated as

min
Ut

J =
p

å
k=1






 px;t+k � p ref

x;t+k








2

Qp
+

p

å
k=1






 py;t+k � p ref

y;t+k








2

Qp

+
p�1

å
k=0

kut+k k2
Qu +

p�1

å
k=0

kut+k � u t+k�1 k2
Qd

(3.22a)

s:t: xt = x̂t ; (3.22b)

xt+k+1 = f d(xt+k ;ut+k ;vx;t+k ); 0 � k � p � 1; (3.22c)

umin � u t+k � u max; 0 � k � p � 1; (3.22d)

Dumin � u t+k � u t+k�1 � Du max; 0 � k � p � 1: (3.22e)

In (3.22a), the �rst two terms penalize the deviation between the predicted vehicle

position and the reference path. The third term penalizes large steering commands, and

the fourth term penalizes rapid steering changes to reduce actuator busyness and improve

ride comfort. The parameters Qp, Qu, and Qd are tuning weights for path-tracking
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accuracy, steering effort, and steering smoothness, respectively. Constraint (3.22b)

initializes the predicted trajectory using the current vehicle state. Constraint (3.22c)

enforces the discrete-time vehicle prediction model. Constraints (3.22d) and (3.22e)

impose steering angle and steering-rate limits. The MPC weights and constraints are

selected according to vehicle platform, actuator limits, sampling time, and tracking

requirements. The prediction horizon determines the look-ahead distance, while the input

and rate constraints ensure that the steering command remains within the physical limits

of the drive-by-wire system. Speci�c parameter values used in simulation and real-world

experiments are reported in the corresponding experimental chapters.

After solving (3.22), the �rst element of the optimal control sequence is applied:

ut = U t(1): (3.23)

The remaining elements are discarded in the conventional time-triggered MPC

implementation. This repeated optimization provides feedback correction at every

sampling time but also creates a signi�cant computational burden. This limitation

motivates the event-triggered MPC framework developed in the next chapter.

3.6 SwitchingPredictionModel for Full-SpeedLateralControl

The kinematic and dynamic bicycle models have complementary advantages. The

kinematic model is simple and numerically robust at low speeds, while the dynamic model

captures lateral velocity and yaw-rate dynamics more accurately at higher speeds. To

allow the MPC controller to operate over a wide speed range, a switching prediction model

is used. The prediction model is selected according to the measured longitudinal velocity:

fd(xt ;ut ;vx;t) =

8
>><

>>:

fk;d(xt ;ut ;vx;t); vx;t < v sw;

fd;d(xt ;ut ;vx;t); vx;t � v sw;
(3.24)
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where fk;d denotes the discretized kinematic bicycle model, fd;d denotes the discretized

dynamic bicycle model, and vsw is the switching speed threshold. In the real-world

implementation discussed later in this dissertation, vsw = 10 m=s is used to separate

low-speed and high-speed operation [27].

The motivation for this switching strategy is twofold. First, at low speeds, the

lateral tire-force calculation can become inaccurate or numerically stiff because the

slip-angle calculation depends on velocity ratios. The kinematic model avoids this issue

and provides stable prediction. Second, at higher speeds, vehicle lateral dynamics and tire

forces become more important, so the dynamic model improves prediction accuracy and

helps the MPC generate more appropriate steering commands. This switching model

therefore provides a practical foundation for full-speed-range autonomous vehicle lateral

control.

3.7 Summary

This chapter presented the vehicle modeling and baseline MPC formulation used

throughout this dissertation. A kinematic bicycle model was introduced for low-speed

prediction, while a dynamic bicycle model with tire-force modeling was introduced for

higher-speed lateral dynamics. The continuous-time models were discretized using the

forward Euler method for real-time MPC prediction. A reference path resampling strategy

was presented to generate uniformly spaced horizon reference points based on the vehicle

speed and sampling time. The baseline time-triggered MPC formulation was then de�ned

with path-tracking, steering-effort, and steering-rate penalty terms subject to vehicle

dynamics and actuator constraints. Finally, a switching prediction model was introduced

to support full-speed-range lateral control. The next chapter builds on this formulation and

develops event-triggered MPC to reduce the computational burden of solving the optimal

control problem at every sampling time.
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CHAPTER FOUR

EVENT-TRIGGERED MPC

MPC is an effective control framework for autonomous vehicle path tracking

because it can explicitly consider vehicle dynamics, actuator constraints, and tracking

objectives within a �nite-horizon optimal control problem. As formulated in Chapter 3,

the standard MPC controller computes an optimal steering sequence over a prediction

horizon and applies only the �rst element of this sequence to the vehicle. At the next

sampling instant, the optimization problem is solved again using the updated vehicle state.

Although this time-triggered implementation provides a systematic feedback

control structure, it also introduces a practical limitation. The optimal control problem

(OCP) must be solved at every sampling instant, even when the vehicle is already close to

the reference path and the previously computed control sequence remains suitable. This

repeated optimization can increase the real-time computational burden of the autonomous

driving system. In practice, the onboard computer also simultaneously supports

localization, perception, planning, and control. Therefore, reducing unnecessary MPC

optimizations is important for real-time implementation.

The objective of this chapter is to develop an event-triggered MPC framework for

autonomous vehicle path tracking. Instead of changing the MPC objective function or

vehicle prediction model introduced in Chapter 3, the proposed method changes the

timing at which the MPC optimization problem is solved. A new optimization is triggered

only when the vehicle's lateral offset from the reference path exceeds a prede�ned

threshold or when the previously optimized control sequence is no longer available. When

no event is triggered, the controller applies the next element of the previously optimized

control sequence.
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The main idea is that the MPC optimization does not need to be solved at every

control step if the vehicle remains suf�ciently close to the reference path. By using an

event-triggered mechanism, the controller can reduce the number of OCP solutions while

still maintaining the predictive nature of MPC. This chapter presents the event-triggered

MPC framework, the lateral-offset-based triggering condition, and the complete

event-triggered MPC algorithm. The proposed framework serves as the control update

strategy used in the simulation and real-world validation studies presented in the following

chapter.

4.1 Event-TriggeredMPC Framework

The event-triggered MPC framework is built on the baseline MPC formulation

introduced in Chapter 3. Let the vehicle state at the current time step be denoted by xt ,

and let the steering control input be denoted by ut . For a prediction horizon p, the

predicted state sequence and control sequence are written as

Xt = x t+1 ;xt+2 ; : : : ;xt+p ; (4.1)

Ut = u t ;ut+1 ; : : : ;ut+p�1 : (4.2)

In conventional time-triggered MPC, the controller solves the OCP at every sampling

instant and applies the �rst input of the optimal sequence Ut . In event-triggered MPC, the

same OCP is solved only when a triggering condition is satis�ed.

Let et denote the event-triggering signal at time step t. The event-triggered MPC

can be represented as

et =

8
>><

>>:

1; if a new MPC optimization is required;

0; otherwise:
(4.3)
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When et = 1, the OCP is solved using the current vehicle state and the updated reference

path. When et = 0, the OCP is skipped, and the control input is selected from the optimal

control sequence computed at the most recent triggering instant.

Assume that the most recent triggering instant is t1, and the optimal control

sequence computed at that instant is

Ut1 = u t1;ut1+1 ; : : : ;ut1+p�1 : (4.4)

In the standard event-triggered MPC, if no new event is triggered after t1, the controller

uses the next available element of Ut1 rather than solving another OCP. Therefore, the

steering command applied by the event-triggered MPC is

ut =

8
>><

>>:

Ut(1); if et = 1;

Ut1(k +1); if e t = 0;
(4.5)

where k is the number of control steps since the most recent triggering instant. In this way,

the controller does not simply hold the previous steering input as a constant value.

Instead, it applies the next element of the previously optimized sequence. The

optimization schedule therefore becomes state-dependent and aperiodic. The controller

solves the OCP more frequently when the vehicle deviates from the reference path and

less frequently when the vehicle follows the reference path well.

The use of the previously optimized sequence also provides a practical safeguard

for implementation. When the OCP is not solved, the controller does not generate an

arbitrary steering command. Instead, it applies a command that belongs to the most recent

MPC solution. The counter condition prevents this sequence from being used beyond the

prediction horizon, so the event-triggered layer does not change the actuator constraints or

the structure of the original MPC problem.
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4.2 LateralOffset-BasedTriggeringCondition

As discussed in Chapter 3, the lateral offset from the reference path is a key

quantity for path tracking. In the event-triggered MPC, this offset is further used as the

trigger variable to decide whether the MPC problem needs to be solved again.

Let (px; py) denote the current vehicle position in the global coordinate frame. To

compute the lateral offset, two neighboring points on the reference path are selected.

Denote these two points as (px1; py1) and (px2; py2), where they represent the local

reference path segment closest to the current vehicle position. The lateral offset dy is

calculated as the perpendicular distance from the vehicle position to the line de�ned by

these two reference points:

dy =

�
�(px2 � p x1)(py1 � p y) � (p x1 � p x)(py2 � p y1)

�
�

q
(px2 � p x1)2 + (p y2 � p y1)2

: (4.6)

The value of dy measures how far the vehicle is from the reference path. A small dy

indicates that the vehicle is close to the desired path, while a large dy indicates that the

vehicle has deviated from the reference path and may require a new MPC optimization.

The event-triggering condition is de�ned as

et =

8
>><

>>:

1; if dy > s or k > k max;

0; otherwise;
(4.7)

where s is the lateral offset threshold, k is the number of consecutive control steps since

the last MPC optimization, and kmax is the maximum number of consecutive steps

allowed without solving a new OCP.

The �rst condition, dy > s, ensures that a new optimization is solved when the

vehicle deviates too far from the reference path. The second condition, k > kmax, ensures

that the controller does not use an old control sequence beyond its valid prediction
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horizon. Since the previously optimized sequence has length p, kmax should satisfy

kmax � p: (4.8)

This guarantees that an available control input always exists when the controller decides

not to solve a new OCP.

The threshold s is the main calibration parameter of the event-triggered MPC. A

smaller s makes the controller trigger more frequently and behave closer to

time-triggered MPC. A larger s reduces the number of optimization calls, but it may

allow larger path-tracking error before a new OCP is solved. Therefore, s determines the

trade-off between computational ef�ciency and tracking accuracy.

The lateral-offset condition also serves as a feedback correction mechanism. If

model mismatch, external disturbances, or accumulated tracking error cause the vehicle to

deviate from the reference path, the condition dy > s triggers a new OCP using the current

vehicle state. Thus, the controller can skip unnecessary optimizations when the vehicle

follows the path well, while still re-optimizing once the tracking error becomes signi�cant.

4.3 StandardEvent-TriggeredMPC Algorithm

The standard event-triggered MPC procedure is summarized in Algorithm 4.1.

This algorithm follows the event-triggered structure described above. At each control step,

the controller �rst updates the counter, computes the lateral offset, and evaluates the

triggering condition. If an event is triggered, a new MPC problem is solved. Otherwise,

the controller applies the next element of the optimal control sequence computed at the

previous triggering instant.

The inputs of Algorithm 4.1 include the predicted state sequenceX̂t , the counter k,

and the state and control sequences obtained at the previous triggering instant. Line 3

updates the counter that records how many consecutive steps the MPC optimization has
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Algorithm 4.1: Event-triggered MPC for autonomous vehicle path
tracking

1. Initialization: k  0
2. Procedure eMPC(̂xt , k, Ut1, Xt1)
3. k  k +1
4. Compute dy using (4.6)
5. et  computing (4.7)
6. if et = 1 then
7. k  0
8. (Xt ;Ut)  solving the MPC OCP in Chapter 3
9. ut  U t(1)

10. Ut1  U t
11. Xt1  X t
12. else
13. ut  U t1(k +1)
14. end
15. return ut , k, Ut1, Xt1

not been triggered. Lines 4–5 compute the lateral offset and evaluate the event-triggering

condition. If an event is triggered, Lines 7–11 reset the counter, solve a new MPC

problem, apply the �rst element of the new optimal control sequence, and store the newly

predicted state and control sequences. Otherwise, Line 13 directly applies the next

element from the previous optimal control sequence. Finally, the steering command, the

counter, and the stored sequences are returned for the next control step.

4.4 Event-TriggeredMPC with LinearInter-EventControl

The standard event-triggered MPC reduces computation by reusing the optimal

control sequence computed at the most recent triggering instant. As shown in

Algorithm 4.1, when no event is triggered, the steering command is selected as Ut1(k +1).

This strategy avoids solving a new OCP and still uses information from the latest MPC

prediction. However, during the inter-event period, the control input is mainly determined
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by the predicted trajectory generated at the previous triggering instant. Therefore, the

current vehicle state is not explicitly used to correct the steering command until a new

event is triggered.

This limitation becomes important when the actual vehicle response differs from

the predicted motion. Such a mismatch may be caused by model uncertainty, localization

error, actuator delay, road disturbance, or accumulated tracking error. Although the

lateral-offset condition can eventually trigger a new OCP when the error becomes large,

the shifted input may not provide enough feedback correction before the next triggering

instant. To reduce this open-loop behavior during the inter-event period, this section

introduces a linear-based inter-event control method.

The basic idea is to use the latest MPC solution to construct a local approximation

of the MPC control policy. When an event is triggered, the MPC solver provides an

optimal predicted state sequence and an optimal control sequence. These state-control

pairs describe how the MPC would steer the vehicle along the predicted horizon. Instead

of discarding this information after the �rst control input is applied, the proposed method

uses it to identify a lightweight feedback law. During the following inter-event steps, this

feedback law is evaluated using the current measured or estimated vehicle state, so the

controller can update the steering command without solving a new OCP.

The inter-event control input is written as

ut = KP( x̂t); (4.9)

where K is the gain vector identi�ed from the most recent MPC solution, and P(x̂t) is a

feature vector constructed from the current vehicle state. The feature vector is de�ned as

P(x̂t) =
�

1 p̂x;t p̂y;t sin(ŷ t) cos(ŷ t) p̂2
x;t p̂2

y;t

� T
: (4.10)
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The corresponding gain vector is

K =
�

k0 k1 k2 k3 k4 k5 k6

�
: (4.11)

The feature vector in (4.10) is selected to provide a compact local description of

the vehicle state. The constant term allows the mapping to include a steering offset. The

position terms p̂x;t and p̂y;t describe the local vehicle location. The heading angle is

represented by sin(̂y t) and cos(̂y t) instead of directly usinĝy t , which avoids

discontinuity caused by angle wrapping. The quadratic position terms p̂2
x;t and p̂2y;t

provide a simple way to capture local nonlinear behavior while keeping the mapping low

dimensional. Since the gain is updated online from a short MPC horizon, the feature

dimension is intentionally kept small to reduce computation and avoid over�tting to a

short predicted trajectory.

When an event is triggered at time step t, the MPC problem is solved and returns

the optimal predicted state sequence

Xt =
�

xt ;xt+1 ; : : : ;xt+p�1
	

; (4.12)

and the corresponding optimal control sequence

Ut =
�

ut ;ut+1 ; : : : ;ut+p�1
	

: (4.13)

For each predicted state in Xt , the feature vector is computed using (4.10). These feature

vectors are stacked into the feature matrix

Popt =

2

6
6
6
6
6
6
6
4

P(xt)T

P(xt+1 )T

...

P(xt+p�1 )T

3

7
7
7
7
7
7
7
5

: (4.14)
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The corresponding control sequence is written in vector form as

Uopt =
�

ut ut+1 � � � ut+p�1

� T
: (4.15)

The gain vector K is selected so that the linear mapping KP(x) reproduces the

MPC control inputs along the predicted horizon as closely as possible. This is formulated

as a least-squares problem:

K = argmin
K






 PoptKT �U opt








2

2
: (4.16)

The solution is computed using the Moore–Penrose pseudoinverse:

(K)T = P †
optUopt; (4.17)

where (�)† denotes the pseudoinverse. This avoids explicitly inverting PT
optPopt, which is

useful when the feature matrix is close to singular or when some features are locally

correlated over the short prediction horizon.

After K is obtained, it is stored and used until the next event is triggered. During

the inter-event period, the current statex̂t is measured or estimated at each control step,

the feature vector P(x̂t) is recomputed, and the steering command is generated using (4.9).

Therefore, although K is learned from the predicted MPC trajectory, the control input is

still updated using the current feedback state during non-triggered steps. The OCP is not

solved at these steps, but the control loop itself still runs at the original sampling rate.

The resulting event-triggered control law with linear inter-event control is

ut =

8
>><

>>:

Ut(1); if et = 1;

KP(x̂t); if et = 0:
(4.18)

Compared with the standard event-triggered MPC control law in (4.5), the difference

appears only when et = 0. The standard method applies the shifted input Ut1(k +1), while
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the linear method computes the steering input from the current vehicle state. Therefore,

the linear method can be viewed as a local feedback approximation of the MPC policy

during the inter-event period.

The linear controller does not replace the original MPC optimization. It is only

used as a short-horizon inter-event controller between two triggering instants. The

event-triggering condition and the counter condition remain active. Once the vehicle

deviates from the reference path or the inter-event period becomes too long, a new OCP is

solved and the K matrix is updated using the latest MPC solution. In this way, the method

preserves the constrained optimization capability of MPC while adding a low-cost

feedback correction during non-triggered steps.

The steering command generated by the linear controller must still satisfy the

actuator constraints used in the MPC formulation. Therefore, the steering angle and

steering-rate constraints are enforced after computing (4.9). Speci�cally,

ut  clip(u t ;umin;umax); (4.19)

Dut = u t � u t�1 ; (4.20)

Dut  clip(Du t ;Dumin;Dumax); (4.21)

and the �nal steering command is updated as

ut  u t�1 +Dut : (4.22)

This implementation keeps the inter-event steering command consistent with the actuator

limits used by the original MPC controller.

Example 1 Fig. 4.1 illustrates an example of the proposed event-triggered MPC with

linear inter-event control applied during the lane change scenario. At a certain time step,

an MPC is triggered, and an optimal state sequence is obtained. The blue-cross indicate
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Figure 4.1: Demonstration of the proposed inter-event control during lane change
maneuver.

the predicted optimal trajectory points generated by the MPC over the prediction horizon.

The red-dot line denotes the predicted vehicle trajectory if the linear feedback gain K�

from the optimal input and state trajectories is used. It can be seen that this trajectory

closely follows the original MPC prediction. Even in high curvature segment, the linear

control can still keep the vehicle close to the optimal path without solving a new optimal

control problem. This example demonstrates the feasibility and tracking accuracy of the

proposed inter-event control, particularly in short prediction intervals and locally smooth

regions of the path.

4.5 Event-TriggeredMPC with LinearInter-EventAlgorithm

The event-triggered MPC with linear inter-event control is summarized in

Algorithm 4.2. Compared with the standard event-triggered MPC in Algorithm 4.1, the

main difference is the control input used when no event is triggered. Instead of applying

the next input from the previous optimal sequence, the proposed method computes the

steering command using the current vehicle state and the gain matrix K.
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Algorithm 4.2: Event-Triggered MPC with Linear Inter-Event Control
1. Initialization: k  0; K  0
2. Procedure eMPC/K(̂xt , k, Ut1, upre, K)
3. k  k +1
4. Compute dy using (4.6)
5. et  computing (4.7)
6. if et = 1 then
7. k  0
8. (Xt ;Ut)  solving the MPC OCP in Chapter 3
9. ut  U t(1)

10. Uopt  U t
11. Popt  computing (4.14)
12. K  computing (4.17)
13. Ut1  U t
14. else
15. P  P( x̂t)
16. ut  computing (4.9)
17. ut  clip(u t ;umin;umax)
18. Dut  u t � u pre
19. Dut  clip(Du t ;Dumin;Dumax)
20. ut  u pre+Dut
21. end
22. upre  u t
23. return ut , k, upre, K
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The inputs of Algorithm 4.2 include the current vehicle state, the counter, the

optimal sequence obtained at the previous triggering instant, the latest gain matrix K, and

the previously applied steering command. Lines 3–5 update the counter, compute the

lateral offset, and evaluate the event-triggering condition. If an event is triggered, Lines

7–13 solve a new MPC problem, apply the �rst element of the new optimal sequence,

construct the feature matrix from the predicted states, and update K using least squares. If

no event is triggered, Lines 15–20 compute the inter-event steering command using the

current state and the stored gain matrix. The steering angle and steering-rate constraints

are then enforced before the command is applied.

4.6 Summary

This chapter developed the event-triggered MPC framework used in this

dissertation. Based on the vehicle model and MPC formulation introduced in Chapter 3,

the proposed method keeps the same OCP structure but changes when the OCP is solved.

Instead of updating the optimal control sequence at every sampling instant, a new

optimization is performed only when it is needed according to the event-triggering

condition.

The lateral offset from the reference path was used as the triggering variable.

When the offset is larger than the threshold s, the controller solves a new MPC problem

using the current vehicle state. A counter k is also included to prevent the controller from

using an old control sequence beyond the prediction horizon. Therefore, the triggering

rule depends on both the current tracking error and the remaining valid portion of the

previous optimal sequence.

Two inter-event control strategies were presented. In the standard event-triggered

MPC, the controller applies the shifted control sequence when no event is triggered. In the

enhanced framework, the latest MPC solution is used to identify a local linear feedback
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gain K through least squares. During the inter-event period, the control input is then

generated as ut = KP( x̂t) using the current vehicle state. This allows the controller to

retain feedback correction between two MPC optimizations while avoiding the cost of

solving a new OCP.

The threshold s, the maximum counter kmax, and the inter-event gain K determine

the main behavior of the controller. A smaller s makes the controller closer to the

conventional time-triggered MPC, while a larger s can reduce the number of OCP

solutions at the cost of potentially larger tracking error. The linear feedback further

reduces the open-loop nature of conventional event-triggered MPC by updating the

control command from the current state during non-triggered steps. The next chapter

evaluates these methods through simulation and real-world path-tracking experiments.
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CHAPTER FIVE

EXPERIMENTAL EVALUATION OF EVENT-TRIGGERED MPC

This chapter experimentally evaluates the event-triggered model predictive control

(eMPC) framework developed in Chapter 4. The previous chapter presented the

mathematical formulation of the controller, including the vehicle prediction model, the

MPC optimal control problem, the event-triggering condition, and the algorithmic

procedure for reusing the previously optimized input sequence when a new optimization is

not required. Based on that formulation, this chapter focuses on experimental validation.

The objective is to investigate whether the proposed event-triggered strategy can reduce

the real-time computational demand of MPC while maintaining acceptable lateral

path-tracking performance.

The experimental evaluation is organized into three parts. The �rst part uses the

CARLA simulator to validate the proposed controller in a high-�delity but repeatable

simulation environment. This simulation study provides a controlled setting in which

conventional time-triggered MPC (tMPC) and event-triggered MPC can be compared

under identical vehicle, path, and controller parameters. The CARLA route includes

straight driving, a lane-change maneuver, and turning maneuvers, which makes it possible

to analyze how the event-triggered mechanism behaves under different levels of lateral

motion demand.

The second part implements the controller on a full-size autonomous vehicle

platform. The real-vehicle validation is performed in both a closed test track and a public

road environment. The closed test track experiment provides a repeatable and controlled

real-world setting, while the public-road experiment evaluates the controller under more

practical driving conditions, including high-speed cruising, low-speed turns, and

51



stop-and-go maneuvers. These experiments are important because real-time vehicle

implementation introduces practical effects that are often simpli�ed or ignored in

simulation, such as optimization latency, actuator response delay, localization noise, speed

variation, and model mismatch.

The third part evaluates an enhanced event-triggered MPC strategy with linear

based inter-event feedback control on a Quanser QCar2 scale autonomous vehicle

platform. This experiment examines whether the open-loop input reuse in conventional

eMPC can be improved by adding a lightweight feedback correction during non-triggered

intervals. After presenting all simulation, full-size vehicle, and scale-vehicle results, this

chapter provides an overall discussion that summarizes the main experimental �ndings

and implementation insights.

5.1 SimulationEvaluationin CARLA

5.1.1SimulationEnvironmentandReferenceRoute

The simulation experiments are conducted in CARLA, a high-�delity autonomous

driving simulator. CARLA provides a virtual driving environment that includes road

networks, vehicle dynamics, simulated sensors, and interfaces for autonomous driving

algorithm development. Compared with a simple MATLAB or Simulink simulation,

CARLA provides a more realistic evaluation environment because the vehicle motion is

generated by the simulator's physics engine and the controller interacts with the simulated

vehicle through a closed-loop control structure.

The implemented CARLA control framework is shown in Fig. 5.1. The overall

control system consists of a global route generation module, a longitudinal controller, and

a lateral controller. The global route provides the desired path for the vehicle to follow.

The longitudinal controller is implemented using a PID controller to track the desired

vehicle speed. Since this dissertation focuses on lateral motion control, the longitudinal

controller is kept the same for all simulation cases. The lateral controller is implemented
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Figure 5.1: CARLA simulation framework for evaluating the MPC-based path tracking
controller.

using either conventional tMPC or the proposed eMPC. Therefore, any performance

difference between the tested controllers is mainly due to the lateral control strategy rather

than differences in longitudinal speed control.

The reference route used in the simulation is shown in Fig. 5.2. The route includes

three representative types of driving maneuvers: straight driving, a lane-change maneuver,

and turning maneuvers. Straight driving is useful for evaluating the computational saving

of eMPC because the vehicle lateral dynamics change slowly and the previously
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Figure 5.2: Reference route used in the CARLA simulation.

optimized input sequence can remain valid for a longer period. Lane changes and turns

are more demanding because the vehicle must generate larger and faster steering

corrections. Therefore, these maneuvers are useful for examining the tracking

performance degradation caused by reducing the number of MPC optimizations.
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The raw reference route generated by the route planner may contain non-smooth

segments, especially during lane changes. A direct connection between the initial and

�nal lane-change points can result in discontinuous curvature, which is not suitable for

vehicle motion control. To avoid this problem, a Bezier curve is used to smooth the

lane-change segment, as shown in Fig. 5.3. In this simulation, the lane-change segment is

represented by a �fth-order Bezier curve determined by six control points, P0 to P5. The

start and end points of the Bezier curve are constrained to match the start and end points

of the lane-change maneuver. The �rst- and second-order derivatives at both ends are used

to shape the curve and ensure a smooth transition:

B(0) = P0; B(1) = P5;

�B(0) = 5(P1 � P 0); �B(1) = 5(P5 � P 4);

B̈(0) = 20(P0 � 2P 1 +P2); B̈(1) = 20(P3 � 2P 4 +P5):

(5.1)

Here, B(0) and B(1) de�ne the geometric endpoints of the smoothed lane-change path,

while �B(0), �B(1), B̈(0), andB̈(1) determine the tangent and curvature-related properties at

the two ends. By selecting the control points according to these boundary relationships,

the originally linear lane-change segment is replaced with a smooth and differentiable

curve. The smoothed reference path provides a more realistic lane-change command and

reduces unnecessary sharp steering demands.

After smoothing, the reference path is resampled using the path-resampling

procedure introduced in Section 3.4. This allows the smoothed CARLA route to be

converted into the discrete reference waypoints required by the MPC prediction horizon.

In the CARLA simulation, the target vehicle speed is set to 10 m=s. Four

controllers are compared. The �rst controller is conventional time-triggered MPC,

denoted as tMPC, which solves the optimal control problem at every sampling instant.

The other three controllers are event-triggered MPC with different lateral error thresholds,
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Figure 5.3: Bezier-curve-based smoothing for the lane-change segment in the CARLA
reference route.

denoted as eMPC(0.01), eMPC(0.02), and eMPC(0.03). Here, the number in parentheses

represents the event-trigger threshold s used in the triggering condition. A smaller

threshold triggers the MPC optimization more frequently and is expected to give better

tracking accuracy. A larger threshold allows the controller to reuse the previous optimal

control sequence for a longer period and is expected to reduce computation more

aggressively.

The same MPC prediction model, cost function weights, sampling time, prediction

horizon, steering constraints, and steering-rate constraints are used for all controllers. This

ensures that the comparison is fair and that the observed differences are caused by the

event-triggered mechanism rather than by controller retuning.

The vehicle dynamic model parameters used in the CARLA simulation are listed

in Table 5.1. Some parameters, such as the vehicle mass and wheelbase, can be obtained
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directly from CARLA, while the remaining parameters are identi�ed of�ine so that the

simpli�ed bicycle model used by MPC can match the short-horizon behavior of the

high-�delity CARLA vehicle.

To identify the unknown vehicle parameters, a genetic algorithm (GA) is used as

an of�ine parameter estimation method. First, input and state sequences are collected by

running the vehicle in CARLA. For a candidate parameter vectorq̂ , the bicycle model is

simulated using the collected steering input sequence, and the simulated state response is

compared with the state sequence obtained from CARLA. The parameter estimation

problem is formulated by minimizing the mismatch between the CARLA state trajectory

and the bicycle-model response:

min
q̂

K

å
k=1




 Xk � X̂k






1

s:t: qmin � q̂ � q max;

Lx f +L xr = L;

(5.2)

where Xk denotes the state collected from CARLA,X̂k denotes the state predicted by the

bicycle model, and̂q = [m; I;Lx f ;Lxr;C]T is the parameter vector to be identi�ed. Since

the parameter estimation is conducted of�ine, the GA computation does not affect the

real-time performance of the MPC controller. The purpose of this step is to obtain a

simpli�ed prediction model that is suf�ciently accurate over the short MPC prediction

horizon.

The GA-based parameter estimation procedure is summarized in Algorithm 5.1.

The algorithm starts by collecting the steering input sequence and the corresponding

vehicle state sequence from CARLA. Then, a population of candidate parameter vectors is

initialized. For each generation, the bicycle model is simulated using each candidate

parameter vector, and the �tness value is computed using the mismatch between the

57



Algorithm 5.1: Genetic Algorithm for Vehicle Parameter Estimation
1. Collect input and state sequences (U;X) by running CARLA
2. Initialize the population with candidate parameter vectorsq̂
3. for each generation do
4. for each candidate parameter vectorq̂ do
5. Compute f it(̂q ) = å K

k=1




 Xk � X̂k






1
6. end
7. a  min f it( q̂ )
8. if a converges then
9. Break

10. else
11. Select parent candidates with smaller �tness values
12. Generate the next population by crossover;
13. end
14. end
15. return optimal parameter vector̂q

Table 5.1: Vehicle dynamic model parameters used in CARLA simulation.

m (kg) 1265 I (kg�m2) 6481 L (m) 2.6
Lx f (m) 2.3 Lxr (m) 0.3 m (-) 0.289

C (deg�1 ) 3.07

simulated response and the CARLA measurement. Candidate parameter vectors with

smaller �tness values are selected to generate the next population through crossover. This

process is repeated until the �tness value converges or the maximum number of

generations is reached.

The MPC parameters used for the CARLA simulation are summarized in

Table 5.2. These parameters are kept identical for tMPC and all eMPC cases. The only

parameter that differs among the eMPC controllers is the event-trigger threshold s.
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Table 5.2: MPC parameters used in CARLA simulation.

p 10 Qu 35 umin (rad) -0.97
Ts (ms) 200 Qd 30 Dumax (rad) 0.15

Qp 2 umax (rad) 0.97 Dumin (rad) -0.15

The evaluation metrics include maximum lateral tracking error, root mean square

error (RMSE), and MPC trigger frequency. The maximum error re�ects the worst-case

tracking deviation, the RMSE evaluates the overall tracking accuracy, and the trigger

frequency measures the computational demand relative to tMPC.

5.1.2SimulationResultsandDiscussion

The overall path-tracking results in CARLA are summarized in Table 5.3. As

expected, tMPC achieves the smallest maximum error and RMSE because it solves the

optimal control problem at every sampling instant. This means that tMPC always

computes a new optimal steering sequence based on the most recent vehicle state.

However, this performance comes with the highest computational cost, since the

optimization problem must be solved during every control cycle.

In contrast, eMPC reduces the number of MPC optimizations by solving the

optimal control problem only when the event-triggering condition is satis�ed. When no

event is triggered, the controller applies the next element of the previously optimized input

sequence. As shown in Table 5.3, increasing the event-trigger threshold reduces the

trigger frequency. For eMPC(0.01), the trigger frequency is 74:12% of tMPC. For

eMPC(0.02), the trigger frequency decreases to 62:22%. For eMPC(0.03), the trigger

frequency further decreases to 55:21%. Therefore, with the largest tested threshold, eMPC

avoids nearly half of the MPC optimizations compared with tMPC.
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Table 5.3: Overall path-tracking performance in CARLA simulation.

Controller tMPC eMPC(0.01) eMPC(0.02) eMPC(0.03)
Max error (m) 0.095 0.156 0.180 0.200
RMSE (m) 0.042 0.050 0.059 0.069
Trigger frequency (%) 100 74.12 62.22 55.21

Figure 5.4: Lateral tracking errors of tMPC and eMPC controllers in CARLA simulation.

The reduction in trigger frequency leads to a moderate increase in tracking error.

The maximum lateral error increases from 0:095 m for tMPC to 0:156 m for eMPC(0.01),

0:180 m for eMPC(0.02), and 0:200 m for eMPC(0.03). The RMSE follows the same

trend, increasing from 0:042 m for tMPC to 0:069 m for eMPC(0.03). Nevertheless, the

tracking degradation remains acceptable. Even for eMPC(0.03), the maximum lateral

error remains no larger than 0:20 m. This result demonstrates that the proposed

event-triggered mechanism can substantially reduce computational demand while

maintaining reasonable path-tracking accuracy.
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Table 5.4: Maximum lateral error under different driving maneuvers in CARLA.

Controller Straight Lane Change Turn
tMPC 0.069 0.086 0.095
eMPC(0.01) 0.083 0.156 0.131
eMPC(0.02) 0.104 0.180 0.156
eMPC(0.03) 0.138 0.200 0.185

The lateral error curves are shown in Fig. 5.4. The lane-change maneuver occurs

between approximately 4:2 s and 7:5 s, while the turning maneuvers occur between

approximately 10:2 s and 19:5 s and between 28 s and 35:2 s. The remaining portions

correspond to straight driving. The �gure shows that the lateral tracking error is generally

small for all controllers. The larger error peaks occur mainly during the lane-change and

turning segments because these maneuvers require more aggressive steering actions and

faster state changes. This observation suggests that the required MPC update frequency is

maneuver dependent. During straight driving, a lower optimization frequency may be

suf�cient, while during lane changes and turns, more frequent optimization is bene�cial

for maintaining tracking accuracy.

To further analyze the effect of different driving maneuvers, the reference route is

divided into straight driving, lane change, and turning. The maximum lateral errors are

listed in Table 5.4, and the RMSE values are listed in Table 5.5. These tables provide a

more detailed view of how eMPC performs under different lateral motion demands.

The straight-driving results show the strongest computational advantage of eMPC.

Since the vehicle is mostly aligned with the reference path during straight driving, the

lateral error changes slowly and the previously optimized steering sequence remains

effective. Therefore, eMPC can skip many optimization calls without causing a large
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Table 5.5: RMSE under different driving maneuvers in CARLA.

Controller Straight Lane Change Turn
tMPC 0.018 0.045 0.052
eMPC(0.01) 0.025 0.072 0.062
eMPC(0.02) 0.031 0.089 0.074
eMPC(0.03) 0.040 0.099 0.089

increase in tracking error. For example, even with eMPC(0.03), the straight-driving

RMSE is 0:040 m, which is still small in absolute value.

The lane-change results show larger performance degradation for eMPC. The

lane-change maneuver involves a rapid lateral transition, which requires the steering

command to change more actively. Reusing the previous optimal input sequence for too

long can introduce a mismatch between the predicted trajectory and the actual vehicle

motion. Therefore, the maximum error and RMSE increase as the threshold increases.

The turn results follow a similar trend because turning maneuvers also require continuous

steering corrections.

The CARLA results show that the triggering threshold directly determines the

trade-off between computational ef�ciency and tracking accuracy. A larger threshold

reduces the number of optimization calls, but it also increases the tracking error. A smaller

threshold preserves tracking accuracy but reduces computation less aggressively.

Therefore, the event-trigger threshold should be treated as a calibration parameter. In

applications where computational resources are limited and moderate tracking error is

acceptable, a larger threshold may be preferred. In applications where tracking accuracy is

more critical, a smaller threshold should be used.
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Figure 5.5: Full-size autonomous vehicle platform used for real-vehicle experimental
validation.

5.2 Real-VehicleExperimentalSetup

5.2.1AutonomousVehiclePlatform

The real-vehicle experiments are conducted using a full-size autonomous vehicle

platform, shown in Fig. 5.5. The vehicle is equipped with a drive-by-wire system, a

Polynav 2000P GNSS-inertial system, a Calmcar front-view camera with lane detection

capability, and a dSPACE Autera computing unit. The drive-by-wire system allows the

controller to command steering inputs electronically. The GNSS-inertial system provides

the vehicle position, heading, and motion information required for feedback control. The

computing unit runs the real-time control algorithm and communicates with the vehicle

actuation system.

In these experiments, a previously recorded GNSS path is used as the reference

trajectory. This design removes the in�uence of an online path planner and allows the

comparison to focus on the lateral tracking controllers. The vehicle's longitudinal motion

is not controlled by the proposed MPC controller. Instead, the proposed controller focuses

on lateral motion control through steering. This separation is consistent with the
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formulation in Chapter 3, where the longitudinal speed is treated as a measured input or

disturbance for the lateral prediction model.

The distances from the vehicle center of gravity to the front and rear axles are

1:2 m and 1:65 m, respectively. These parameters are used in the vehicle prediction

model. The real-vehicle platform introduces several practical challenges that are not fully

present in simulation. First, the state feedback from the localization system contains

measurement noise. Second, the vehicle model used in MPC cannot perfectly capture the

full vehicle dynamics, tire behavior, actuator dynamics, and road conditions. Third,

solving the MPC optimization problem requires non-negligible computation time, which

introduces a delay between state measurement and command execution. These practical

factors make real-vehicle validation necessary for evaluating the true performance of the

proposed eMPC framework.

5.2.2TestingEnvironments

Two real-vehicle testing environments are considered. The �rst environment is a

closed test track located in Plymouth, Michigan, as shown in Fig. 5.6. A closed test track

is used because it provides a controlled and repeatable testing condition. The controlled

test environment removes the in�uence of regular traf�c participants, allowing the same

reference path to be repeated under comparable conditions for a fair comparison among

different controllers. The reference path contains large curved segments and turning

regions, which are useful for evaluating the tracking capability of the lateral controller.

The second environment is a public-road route in Plymouth, Michigan, as shown

in Fig. 5.7. Compared with the closed test track, the public-road route is more challenging

and more representative of daily driving. The route includes high-speed cruising,

low-speed turns, and stop-and-go maneuvers. The vehicle speed varies from 0 to

approximately 17 m=s depending on traf�c conditions. Since the speed is in�uenced by
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Figure 5.6: Closed-test-track environment used for real-vehicle validation.

the actual traf�c �ow, the test contains more uncertainty than the closed-track experiment.

This makes the public-road test an important step for evaluating the practical feasibility

and robustness of the proposed controller.

The use of both environments provides a comprehensive experimental evaluation.

The closed test track experiment emphasizes repeatability and fair controller comparison,

while the public-road experiment emphasizes practical implementation under realistic

traf�c conditions. Together, these two tests show whether the proposed eMPC framework

can work not only in controlled experiments but also in more complex real-world

scenarios.

5.2.3ControllerImplementation

To ensure a fair comparison, the same MPC parameters, cost weights, actuator

constraints, and steering-rate constraints are used for both tMPC and eMPC. The

parameters are summarized in Table 5.6. The prediction horizon is set to p = 10, and the
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Figure 5.7: Public-road testing route used for real-vehicle validation.

Table 5.6: MPC parameters used in the real-vehicle experiments.

p 10 Qu 35 umin (rad) -0.97
Ts (ms) 200 Qd 30 Dumax (rad) 0.15

QP 2 umax (rad) 0.97 Dumin (rad) -0.15

sampling time is Ts = 200 ms. The path-tracking weight is Qp = 2, the steering effort

weight is Qu = 35, and the steering smoothness weight is Qd = 30. The steering angle is

constrained between �0:97 rad and 0:97 rad, and the steering-rate constraint is limited

between �0:15 rad and 0:15 rad per sampling step.

Both controllers use the same MPC formulation and calibration parameters. The

only difference is whether the optimal control problem is solved periodically or according

to the event-triggering condition. Therefore, the experimental comparison focuses on the

effect of event-triggering on tracking accuracy and optimization frequency.
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For the closed test track experiment, tMPC is compared with eMPC using different

event-trigger thresholds. For the public-road experiment, tMPC is compared with

eMPC(0.05). In addition, an eMPC case with a 100 Hz controller update-rate limit is

tested. This additional test is motivated by a practical implementation issue: when no

event is triggered, eMPC can generate commands very quickly because it does not need to

solve a new optimization problem. However, sending commands too frequently may

exceed the meaningful response capability of the steering actuator. Therefore, the 100 Hz

update-rate limit is introduced to examine how limiting the command update rate affects

tracking performance.

5.2.4Real-VehicleExperimentalResults- ClosedTestTrack

The closed-test-track results are shown in Figs. 5.8 and 5.9. Fig. 5.8 compares the

reference trajectory and the actual trajectories generated by tMPC and eMPC with

different event-trigger thresholds. In general, all controllers are able to guide the vehicle

through the entire reference path safely. The actual trajectories follow the reference

trajectory closely over most of the path. The zoom-in view shows that the main

differences among controllers occur near the turning regions, where larger steering

corrections are required.

The lateral tracking errors are shown in Fig. 5.9. The error peaks mainly appear

near the beginning and ending turning regions of the path. This is reasonable because the

vehicle experiences larger curvature demand in these regions. Compared with straight or

gently curved segments, turning regions are more sensitive to model mismatch,

localization noise, actuator delay, and speed variation. Therefore, they are the most

challenging parts of the closed-track test.

The numerical results are summarized in Table 5.7. The tMPC controller has a

maximum lateral error of 0:5833 m and an RMSE of 0:1386 m. In comparison, the three
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Figure 5.8: Tracking trajectories of tMPC and eMPC controllers in the closed-test-track
experiment.

eMPC controllers achieve lower RMSE values. The RMSE values are 0:1056 m for

eMPC(0.01), 0:1030 m for eMPC(0.02), and 0:1058 m for eMPC(0.03). Among these

three event-triggered cases, eMPC(0.02) provides the lowest RMSE. The maximum errors

of all three eMPC cases are also lower than that of tMPC.

These closed-test-track results are important because they differ from the trend

observed in CARLA simulation. In the simulation study, tMPC gives the best tracking

accuracy because it solves the optimal control problem at every sampling instant.

However, in the real-vehicle experiment, eMPC achieves better tracking accuracy than

tMPC. This difference is mainly caused by real-time computation delay. In the physical
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Figure 5.9: Lateral tracking errors of tMPC and eMPC controllers in the closed-test-track
experiment.

vehicle, solving the MPC optimization problem takes a non-negligible amount of time.

Based on the experimental data, the average MPC computation time is estimated to be

approximately 75 ms. This creates a delay between the state used to compute the optimal

steering command and the time when that steering command is actually applied to the

vehicle.

69



Table 5.7: Closed-test-track experimental results.

Controller tMPC eMPC(0.01) eMPC(0.02) eMPC(0.03)
Control counts 2146 2581 3160 3894
Event counts 2146 1789 1847 1870
Driving time (s) 162.38 128.35 135.64 143.15
Average speed (m/s) 3.35 4.59 4.35 3.94
Max error (m) 0.5833 0.4108 0.4736 0.4559
RMSE (m) 0.1386 0.1056 0.1030 0.1058

For tMPC, this optimization delay occurs at every control step because a new

optimal control problem is solved at every sampling instant. As a result, the steering

command sent to the vehicle may correspond to a slightly outdated vehicle state. For

eMPC, however, when no event is triggered, the controller does not solve a new

optimization problem. Instead, it directly shifts the previous optimal sequence and applies

the next control input. This operation requires negligible computation time compared with

solving the optimization problem. Therefore, during non-triggered steps, eMPC can

provide more timely steering commands. This timing advantage can compensate for the

tracking degradation that would normally be expected from skipping optimization calls.

Another factor is that the different test runs have different driving times and

average speeds, as shown in Table 5.7. Because the vehicle longitudinal motion is not

controlled by the MPC controller, the average speed is not exactly identical across tests.

This can affect lateral tracking dif�culty. Nevertheless, the results still show a clear trend

that eMPC is practically feasible and can provide tracking performance comparable to or

better than tMPC while avoiding unnecessary optimization calls.
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Figure 5.10: Tracking trajectories of tMPC and eMPC controllers in the public-road
experiment.

5.2.5Real-VehicleExperimentalResults- PublicRoadResults

The public-road experiment further evaluates the proposed controller under more

realistic driving conditions. Unlike the closed test track experiment, the public-road test

includes real traf�c effects, speed changes, high-speed cruising, low-speed turns, and

stop-and-go maneuvers. The route is therefore more representative of practical

autonomous driving scenarios. The tracking trajectories are shown in Fig. 5.10. Overall,

all controllers are able to follow the reference path without large offsets. The trajectories

remain close to the reference path for most of the route, demonstrating that both tMPC

and eMPC can be implemented successfully in the public-road environment.

The lateral tracking errors are shown in Fig. 5.11. The major error peaks occur

around the turning regions of the route. This is consistent with the closed-track test and

the CARLA simulation. Turns are more challenging because they require larger steering
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Figure 5.11: Lateral tracking errors of tMPC and eMPC controllers in the public-road
experiment.

commands and are more sensitive to the mismatch between the prediction model and the

actual vehicle response. In addition, the public-road test includes varying speed and traf�c

�ow, which further increases the tracking dif�culty.

The numerical results are summarized in Table 5.8. The tMPC controller has a

maximum lateral error of 0:732 m and an RMSE of 0:1253 m. The standard eMPC(0.05)

reduces the maximum lateral error to 0:582 m and slightly reduces the RMSE to
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Table 5.8: Public-road experimental results.

Controller tMPC eMPC(0.05) eMPC(0.05) with 100 Hz call freq.
Control counts 4120 20289 11710
Event counts 4120 4278 3328
Trigger frequency (Hz) 10.25 10.73 9.12
Driving time (s) 401.9 398.7 364.8
Average speed (m/s) 12.82 12.87 14.14
Max error (m) 0.732 0.582 0.718
RMSE (m) 0.1253 0.1232 0.1281

0:1232 m. These results show that eMPC remains effective in the public-road environment

and can provide tracking performance comparable to or better than tMPC.

The public-road experiment also reveals an important implementation issue. When

no event is triggered, eMPC can generate new steering commands very frequently because

it only needs to shift the previously optimized control sequence. For eMPC(0.05), the

experiment records 20,289 control commands within 398.7 seconds, while only 4,278 of

these commands require solving a new MPC optimization problem. This means that most

control commands are generated without solving a new optimization problem. From the

perspective of computational ef�ciency, this is bene�cial. However, from the perspective

of actuator implementation, this can create a new challenge.

When the controller sends commands too frequently, the interval between two

consecutive steering commands may become shorter than the response time of the steering

actuator. In the eMPC(0.05) test, the interval between two non-triggered control

commands can be as short as 5 ms or less. Such a high command update rate may not

provide enough time for the steering actuator to physically respond. Therefore, simply

increasing the command update frequency does not always improve real-vehicle

performance. The controller update rate must be compatible with the actuator dynamics.
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Figure 5.12: Zoom-in view of tracking trajectories during turning maneuvers in the
public-road experiment.

To address this issue, an additional eMPC(0.05) test is conducted with a 100 Hz

controller update-rate limit. In this setting, when no event is triggered, the controller waits

until the time interval between two control commands reaches at least 10 ms. This

prevents the controller from sending steering commands faster than 100 Hz. As shown in

Table 5.8, the 100 Hz update-rate limit reduces the event-trigger frequency to 9:12 Hz.

The maximum error becomes 0:718 m, and the RMSE becomes 0:1281 m. Although these

values are slightly worse than the standard eMPC(0.05), they remain comparable to tMPC.

Fig. 5.12 provides a zoom-in view of the turning regions. The larger lateral errors

observed in Fig. 5.11 correspond to these turns. This con�rms that the most challenging

portions of the public-road route are the curved segments rather than the straight cruising

segments. The result also suggests that future event-triggered strategies could bene�t from

maneuver-dependent or speed-dependent thresholds. For example, a larger threshold may
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be used during straight cruising to reduce computation, while a smaller threshold may be

used during turning maneuvers to improve tracking accuracy.

5.3 Scale-VehicleValidationwith LinearInter-EventControl

The CARLA and full-size vehicle experiments validate the effectiveness of

event-triggered MPC for reducing unnecessary online optimizations. However, the

conventional eMPC strategy still has one limitation: during non-triggered intervals, the

controller executes the previously optimized input sequence in an open-loop manner. In

other words, when the event-triggering condition is not satis�ed, the newest state feedback

is not explicitly used to update the steering command. This strategy is computationally

ef�cient, but it can allow tracking error to accumulate during the inter-event period,

especially when model mismatch, actuator delay, localization noise, or external

disturbances are present.

To further examine this issue, this section evaluates an enhanced event-triggered

MPC strategy with linear based inter-event feedback control on a Quanser QCar2 scale

autonomous vehicle platform. This controller is denoted as eMPC/K. The main idea is to

retain the event-triggered optimization structure while replacing the purely open-loop

inter-event input replay with a lightweight feedback correction. After an MPC

optimization is triggered, the optimized state and input sequences are used to construct a

linear mapping between the predicted state and the corresponding control input. During

the following non-triggered steps, this linear mapping computes the steering command

using the current vehicle state. Therefore, eMPC/K preserves the computational advantage

of eMPC while introducing feedback correction between two MPC optimizations.
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Figure 5.13: Quanser QCar2 scale autonomous vehicle platform used for validating eMPC
with linear based inter-event control.

5.3.1QCar2ExperimentalSetup

The QCar2 platform used in this experiment is shown in Fig. 5.13. The vehicle is

equipped with an onboard NVIDIA Jetson AGX Orin computer and a sensor suite for

autonomous driving experiments. The vehicle pose is estimated by fusing wheel

odometry, IMU, and 2D LiDAR measurements through an extended Kalman �lter. All

control commands are computed onboard and sent to the drive and steering actuators

through the vehicle low-level interface. In these experiments, the longitudinal speed is

kept constant, and the proposed controller is evaluated for lateral path tracking.

The proposed eMPC/K controller is compared with conventional eMPC under

three event-trigger thresholds, s 2 f0:02;0:04;0:06g, and three longitudinal speeds,

v 2 f0:20;0:26;0:32g m=s. Time-triggered MPC is also tested as a baseline. For each

controller setting, the QCar2 completes 10 laps, and the reported values are computed as

the mean � standard deviation. This repeated-lap design reduces the effect of run-to-run

76


	ACKNOWLEDGMENTS
	ABSTRACT
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	1 INTRODUCTION
	1.1 Real-Time MPC Implementation
	1.2 Personalized Lane Change Control
	1.3 Dissertation Approach
	1.4 Main Contributions
	1.5 Dissertation Organization

	2 BACKGROUND AND LITERATURE REVIEW
	2.1 Model Predictive Control for Autonomous Vehicle Path Tracking
	2.2 Event-Triggered MPC and Inter-Event Control
	2.3 Lane Change Trajectory Modeling and Path Generation
	2.4 Learning-Based Personalized Driving and Inverse Reinforcement Learning
	2.5 Research Gaps and Dissertation Positioning

	3 VEHICLE MODELING AND MPC FORMULATION 
	3.1 Kinematic Bicycle Model
	3.2 Dynamic Bicycle Model
	3.3 Discretization for MPC Prediction
	3.4 Reference Path Construction and Resampling
	3.5 Baseline Time-Triggered MPC Formulation
	3.6 Switching Prediction Model for Full-Speed Lateral Control
	3.7 Summary

	4 EVENT-TRIGGERED MPC
	4.1 Event-Triggered MPC Framework
	4.2 Lateral Offset-Based Triggering Condition
	4.3 Standard Event-Triggered MPC Algorithm
	4.4 Event-Triggered MPC with Linear Inter-Event Control
	4.5 Event-Triggered MPC with Linear Inter-Event Algorithm
	4.6 Summary

	5 EXPERIMENTAL EVALUATION OF EVENT-TRIGGERED MPC
	5.1 Simulation Evaluation in CARLA
	5.1.1 Simulation Environment and Reference Route
	5.1.2 Simulation Results and Discussion

	5.2 Real-Vehicle Experimental Setup
	5.2.1 Autonomous Vehicle Platform
	5.2.2 Testing Environments
	5.2.3 Controller Implementation
	5.2.4 Real-Vehicle Experimental Results - Closed Test Track
	5.2.5 Real-Vehicle Experimental Results - Public Road Results

	5.3 Scale-Vehicle Validation with Linear Inter-Event Control
	5.3.1 QCar2 Experimental Setup
	5.3.2 Linear Inter-Event Control Implementation
	5.3.3 Tracking Performance
	5.3.4 Triggering and Computational Efficiency

	5.4 Discussion
	5.5 Summary

	6 IRL-BASED PERSONALIZED LANE CHANGE PATH MODELING
	6.1 Bezier Curve Representation for Lane Change Paths
	6.2 Trajectory Features for Driver Preference Learning
	6.2.1 Comfort Feature
	6.2.2 Longitudinal Efficiency Features
	6.2.3 Final Lateral Position Feature

	6.3 Lane Change Path Optimization Problem
	6.4 Maximum Entropy IRL for Lane Change Path Learning
	6.5 Experimental Evaluation
	6.5.1 Expert Trajectory Dataset
	6.5.2 Feature Normalization and Learned Weights
	6.5.3 Predicted Path and Expert Path Comparison
	6.5.4 Feature-Level Error Analysis

	6.6 Discussion
	6.7 Summary

	7 PERSONALIZED MPC VIA IRL
	7.1 MaxEnt IRL for MPC Cost Learning
	7.1.1 Lateral Position Deviation
	7.1.2 Heading Angle Deviation
	7.1.3 Yaw Rate Effort
	7.1.4 Steering Effort

	7.2 MPC Formulation with Learned Weights
	7.3 IRL-MPC Training Procedure
	7.4 CARLA Simulation Results
	7.4.1 Simulation Setup
	7.4.2 Learned Weights for Different Driving Styles
	7.4.3 Trajectory Comparison
	7.4.4 Vehicle States and Control Inputs
	7.4.5 Feature-Level Comparison

	7.5 Truck On-Road Test
	7.5.1 Experimental Setup
	7.5.2 Learned Weights and On-Road Trajectory
	7.5.3 On-Road Feature Comparison

	7.6 Discussion
	7.7 Summary

	8 CONCLUSIONS AND FUTURE WORK
	8.1 Summary of the Dissertation
	8.2 Key Findings
	8.3 Limitations and Future Work

	REFERENCES

