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Introduction

Motivation and context

Driving represents an important component of personal mobility and independent partici-

pation in social and community activities. The ability to resume driving after the onset

of a neurological, motor or sensory impairment may therefore have consequences that

extend beyond transportation itself. In particular, returning to driving after stroke has

been associated with improved community reintegration, although the decision to resume

driving must take into account the cognitive, perceptual and motor abilities required to

operate a vehicle safely [1, 2].

Driving rehabilitation includes different forms of assessment and training aimed at deter-

mining whether an individual can safely return to driving or improve specific driving-related

abilities. These interventions may involve clinical assessments, on-road evaluations, cog-

nitive and perceptual training, vehicle adaptations and simulator-based exercises [3, 4].

Driving simulators are particularly relevant during the preliminary stages of rehabilitation,

since they allow repeatable driving situations and potentially hazardous events to be

reproduced without exposing the patient or other road users to real risk.

Several studies have investigated simulator-based training for individuals with neurological

impairments. Improvements in simulated or on-road driving performance have been

reported in some cases, particularly after stroke [5, 6]. Nevertheless, systematic reviews

have highlighted the limited number and heterogeneity of the available studies, and the

current evidence is not sufficient to establish conclusively the effectiveness of driving

rehabilitation in improving on-road driving ability [7]. Simulator-based approaches should

therefore be regarded as promising tools for assessment, training and preliminary validation

rather than as clinically established substitutes for conventional rehabilitation.

At the same time, developments in Advanced Driver Assistance Systems (ADAS) and

partially automated vehicles have introduced new forms of interaction between the driver

and the vehicle. In shared-control architectures, the human driver and the automated

system both contribute to the vehicle control task, with the level of automation authority

varying according to the system design, the driver’s behaviour and the current operating
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conditions [8, 9]. This differs from fully autonomous driving, since the human remains an

active component of the control loop rather than being entirely replaced by the automation.

The preservation of active human participation is also a central issue in robot-assisted

rehabilitation. Early rehabilitation systems capable of moving the patient along prede-

termined trajectories were found to potentially discourage voluntary effort. More recent

assist-as-needed strategies instead aim to provide only the support required to complete

the task, thereby promoting the patient’s active contribution [10, 11]. Although these

principles originate mainly from motor rehabilitation robotics, they provide a relevant

conceptual basis for the development of adaptive driving-assistance systems intended for

patients with different capabilities.

Assisted and semi-autonomous vehicle technologies may therefore offer a new research

direction for driving rehabilitation. Preliminary clinical evidence has shown that existing

driver-assistance functions can increase mobility and driving confidence for individuals

with specific impairments, but such results are currently based on limited case studies

and cannot yet be generalised [12]. Further investigation is required to understand how

automated assistance should interact with the patient, how its intervention should be

adapted to individual abilities, and how the balance between performance, safety and

active participation can be assessed.

Within this context, the present thesis investigates a patient-in-the-loop longitudinal

control architecture for a semi-autonomous vehicle. The work considers the patient

as an active element of the control system and studies how an additional assistance

contribution can support the longitudinal driving task without continuously replacing the

action generated by the patient. A microscopic traffic simulation environment is adopted

to enable the preliminary evaluation of this interaction under controlled and repeatable

driving conditions.

Objectives of the thesis

The main objective of this thesis is to develop and evaluate a patient-in-the-loop microscopic

longitudinal control architecture for semi-autonomous driving applications. The proposed

approach is intended to support a patient during the execution of a longitudinal driving

task while preserving their active contribution to the control of the vehicle.

The work is carried out within a broader traffic simulation framework developed collabora-

tively, which includes road-network representation, route computation, traffic management

and the generation of the velocity reference assigned to the ego vehicle (EGO), namely the

vehicle whose motion is studied and controlled. Within this overall architecture, the present

thesis focuses on the vehicle-level control problem and, in particular, on the interaction

between the patient, the assistance system and the longitudinal vehicle dynamics.

6



The patient’s behaviour is represented through a parameterised discrete-time control

model. Different values of the control gains, reaction delay and physical constraints are

used to reproduce several patient profiles with different longitudinal driving capabilities.

In addition to these predefined profiles, a questionnaire-based procedure is introduced to

generate a personalised patient model from the user’s subjective responses.

The action produced by the patient is combined with an additional control contribution

generated by an assistance controller. Since the purpose of the system is not to replace

the patient completely, the assistance is activated only when the actual velocity-tracking

error exceeds a predefined threshold. The resulting architecture therefore follows an

assist-as-needed principle, providing additional support only when the patient’s response

is not sufficient to maintain an acceptable vehicle behaviour.

The proposed control system is implemented in Python and integrated with the SUMO

microscopic traffic simulator through an external simulation loop. Its behaviour is investi-

gated under different patient profiles, reference velocity trajectories and traffic conditions,

including both nominal scenarios and critical events such as the sudden braking of a

preceding vehicle.

The evaluation aims to determine whether the proposed architecture can improve the

longitudinal response of the ego vehicle while limiting unnecessary automated interventions.

For this purpose, the analysis considers the velocity tracking performance, the acceleration

and jerk evolution, the preservation of safe operating conditions and the amount of

assistance required by the different patient profiles.

Thesis organisation

After this introduction, the thesis is structured as follows.

Chapter 1 presents the background and the state of the art related to driving rehabilitation,

human and patient factors, shared-control architectures and longitudinal vehicle control.

Particular attention is devoted to the engineering and control aspects that support the

development of patient-in-the-loop assistance systems.

Chapter 2 presents the traffic-level simulation framework used as a common basis for

the project. It describes the integration between Python and SUMO through TraCI,

the graph-based representation of the road network, route computation and time-driven

traffic-aware rerouting. The chapter also introduces the traffic and vehicle data collected

during the simulation and illustrates the main outputs through a complete simulation

example.

Chapter 3 presents the patient-in-the-loop microscopic longitudinal control architecture,

which represents the main focus of this work. The patient model, the predefined and
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questionnaire-based profiles, the assistance controller, the activation logic and the physical

constraints applied to the longitudinal command are described in detail.

Chapter 4 introduces the simulation scenarios and discusses the performance of the

proposed control architecture. Different patient profiles, reference velocity trajectories

and traffic conditions are analysed, including nominal operating conditions and critical

events involving a preceding vehicle. Moreover, the discussion particularly addresses

the limitations and possible extensions, including integration with the traffic-level MPC

developed by A. Galassi [13].

The Conclusions summarise the main findings and the contribution of the thesis.
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1. Background and state of the art

1.1 Clinical background and driving rehabilitation

Driving is a complex activity that requires the continuous integration of visual, perceptual,

cognitive and motor functions. An acquired neurological impairment may affect these

abilities to different degrees, leading to difficulties in specific aspects of driving. However,

the clinical diagnosis alone is generally not sufficient to determine whether an individual

can drive safely, since patients with similar diagnoses may exhibit substantially different

functional profiles [2].

Visual and perceptual functions allow the driver to identify road boundaries, traffic

signs, obstacles and other road users. Relevant impairments may include visual-field loss,

unilateral spatial neglect, reduced visual scanning and deficits in visuospatial processing.

These limitations can affect lane positioning, hazard detection and the interpretation of

complex traffic situations. For example, patients with right-hemisphere stroke have been

found to experience greater difficulties in visual scanning, visuoconstructive abilities and

divided attention than patients with left-hemisphere stroke, suggesting that the location

of the lesion may influence the type of driving impairment observed [14].

Cognitive functions are particularly important when several sources of information must be

processed simultaneously. Attention is required to select relevant stimuli, while processing

speed influences how rapidly the driver can interpret the surrounding environment. Execu-

tive functions support planning, decision-making and adaptation to unexpected events.

Attention, processing speed, visuospatial abilities and executive functions are therefore

among the domains most frequently associated with driving performance after acquired

brain injury [2]. However, these associations are not equally strong across studies, partly

because of differences in patient populations, injury severity and assessment procedures.

Motor functions are required to translate the driver’s decisions into appropriate steering,

acceleration and braking actions. Reduced strength, coordination or range of motion may

limit the operation of the vehicle controls. However, movement accuracy and execution

time may remain relevant even when sufficient muscle strength has been recovered. This is

especially important for longitudinal control, where the driver must release the accelerator,

9



move the foot towards the brake pedal and apply an appropriate braking action within a

limited time.

Lodha et al. investigated the combined influence of cognitive and motor impairments on

braking performance in chronic stroke survivors [15]. In their simulator-based experiment,

the stroke group showed a longer braking time than the control group. Selective-attention

performance and ankle-movement accuracy jointly contributed to the observed response.

These results indicate that delayed braking cannot always be represented as a purely

cognitive reaction delay, since the final response also depends on the execution of the

required motor action.

Driving limitations should therefore be considered as the result of several interacting

functional impairments rather than a single isolated deficit. A driver may correctly detect

a hazard but execute the required action slowly or inaccurately. Conversely, adequate

physical capabilities may not compensate for delayed perception, reduced attention or

inappropriate decision-making.

For this reason, fitness-to-drive assessment usually combines different sources of information.

An initial off-road evaluation may include visual examinations, motor tests and cognitive

screening focused on attention, processing speed, visuospatial abilities, executive functions

and reaction time. These tests are relatively safe and inexpensive and can help identify

patients who require a more detailed evaluation.

Several screening instruments have been investigated as possible predictors of driving

performance after stroke. Selected components of the Stroke Drivers’ Screening Assessment

and the Trail Making Test Part B have shown consistent associations with the outcome

of on-road evaluations [16, 17]. Aslaksen et al. investigated the relationship between

neuropsychological performance and on-road driving outcomes in patients with stroke

or traumatic brain injury [18]. The significant predictors included measures of simple

reaction time, visual search and processing speed, and fine motor dexterity.

However, no individual clinical test can reproduce the complexity of real driving. Clinical

measures generally examine specific functions in isolation, whereas driving requires several

tasks to be performed simultaneously. Therefore, when the preliminary assessment does not

reveal clear contraindications, the patient may undergo an on-road evaluation. This allows

the observation of speed adaptation, lane changes, junction management and interaction

with other road users in a realistic environment. At the same time, on-road assessments

depend on traffic conditions, route difficulty and examiner judgement, and potentially

hazardous situations cannot be reproduced in a controlled and repeatable manner [2].

Driving simulators provide an intermediate environment between isolated clinical tests

and on-road assessment. They allow driving tasks to be performed under controlled and

repeatable conditions without exposing the patient or other road users to actual risk.

The same traffic event can be presented to different patients, while variables such as
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speed, acceleration, braking time, lane position and collision occurrence can be recorded

automatically.

In addition to their role in assessment, driving simulators can also support rehabilitation

and training. Driving rehabilitation may involve different approaches, including off-

road skill-specific training, simulator-based interventions, educational programmes and

vehicle adaptations [3]. Simulator-based training has produced encouraging results in

selected studies. Akinwuntan et al. reported benefits following simulator-based training in

stroke patients [5], while Devos et al. found that contextual simulator training produced

greater improvements in selected on-road abilities than a non-contextual cognitive training

programme [6].

These findings should nevertheless be interpreted cautiously. The available studies remain

limited and heterogeneous in terms of patient characteristics, training protocols, assess-

ment methods and outcome measures. As a result, the overall effectiveness of driving

rehabilitation after stroke has not yet been established with certainty [7].

Despite these limitations, simulation remains valuable for both assessment and training

because it enables the patient’s response to specific events to be observed safely and repeat-

edly. From an engineering perspective, observable driving behaviour can be represented

through parameters related to response delay, control accuracy and physical limitations.

These quantities should not be interpreted as direct clinical measurements or diagnostic

indicators, but as simplified representations of behavioural characteristics relevant to

vehicle control. This control-oriented interpretation provides the connection between the

clinical background and the driver models considered in the following section.

1.2 Control-oriented driver modelling and assisted

driving

From a control perspective, the human driver can be regarded as an active element

of the driver-vehicle system. The driver perceives information from the vehicle and the

surrounding environment and uses it to generate steering, acceleration or braking commands.

The resulting vehicle motion modifies the information subsequently available to the driver,

thereby forming a closed-loop interaction. MacAdam discusses this representation for

both lateral and longitudinal driving tasks, including path following, obstacle avoidance

and headway control, while also highlighting the influence of physical and behavioural

limitations on human control performance [19].

Human driving behaviour depends on several interacting perceptual, cognitive and motor

processes. For control and simulation purposes, however, reproducing all of them is neither

practical nor necessary. Human sensory dynamics are particularly important in this context.
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Nash et al. review the role of sensory dynamics, perception thresholds and time delays

in driver models for steering and speed control, showing that the driver response cannot

generally be regarded as instantaneous [20]. Simplified control-oriented representations can

therefore capture selected aspects of human behaviour without attempting to reproduce

the complete underlying physiological process.

Longitudinal driver behaviour can be modelled according to different objectives. In free-

driving conditions, the driver may primarily regulate the vehicle velocity, whereas in

car-following situations the response also depends on the motion of a preceding vehicle.

Microscopic traffic models provide a well-established example of this second approach.

The Intelligent Driver Model introduced by Treiber et al. describes longitudinal vehicle

behaviour through a continuous microscopic car-following model and reproduces different

traffic conditions through a limited set of behavioural parameters [21]. These models show

that longitudinal driving behaviour can be reproduced with relatively simple mathematical

relationships while still accounting for interactions with surrounding traffic.

The problem changes when an automated system also contributes to vehicle control. Driver-

assistance systems may introduce an automated action while preserving a certain level of

human involvement. This leads to shared control, where the driver and the automated

system both contribute to the vehicle response.

Griffiths and Gillespie investigated this principle through a haptic interface in a driving

simulator, where an automated system assisted a lane-following task by applying torque

to a motorised steering wheel. The driver remained able to perceive the automated action

and could either follow or override it [22]. Although the considered task was lateral rather

than longitudinal control, the study provides a clear example of simultaneous human and

automated contributions to vehicle control.

A related concept is cooperative vehicle control, in which the interaction between the

driver and the automation is explicitly considered in the design of the assistance system.

Flemisch et al. describe cooperative control as a close coupling between the driver and the

automated system and present active interfaces as a means of maintaining the driver within

the control process [23]. In this view, assistance does not necessarily imply a complete

transfer of the driving task to the automation.

An important aspect of this interaction is the distribution of control authority. The

contribution of the automated system can range from limited guidance to a dominant

control action. Abbink et al. discuss haptic shared control as an approach that allows a

continuous interaction between human and automation and permits the level of control

authority to vary according to the situation [24]. Excessively weak assistance may have

little effect on the vehicle response, whereas excessive authority may reduce the effective

contribution of the human operator.

This balance becomes especially important in rehabilitation, where the patient should
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remain actively involved in the task. In this context, the objective is not only to obtain

an accurate system response but also to preserve the active participation of the patient.

Similar considerations have been extensively investigated in robot-assisted rehabilitation

through the assist-as-needed principle.

Emken et al. formulated robotic movement training as an optimisation problem in which

the controller limits movement errors while systematically reducing the amount of as-

sistance provided to the user [25]. The underlying principle is that assistance should

be sufficient to support successful task execution without unnecessarily replacing the

voluntary contribution of the patient.

This idea was further investigated by Wolbrecht et al. in an adaptive controller for

post-stroke upper-limb rehabilitation. Their approach was designed to provide only the

minimum assistance necessary to complete the desired movement. The experiments also

highlighted the phenomenon of “slacking”, whereby users may reduce their voluntary

contribution when the robot provides excessive support. Reducing assistance when task

errors are small was shown to increase participation of the patient’s motor system [26].

The same principle is relevant to rehabilitation-oriented driving assistance. Although

robotic movement rehabilitation and assisted driving involve different physical tasks, both

require a compromise between task performance and active human participation. A

rehabilitation-oriented driving system may therefore benefit from an architecture in which

automation supports the user when necessary without systematically replacing the user’s

control action.

Longitudinal control must also account for vehicle dynamics, comfort and safety. Auto-

mated longitudinal-control systems are often organised hierarchically. Rajamani et al., for

example, developed a longitudinal controller for automated vehicle platoons in which an

upper-level controller determines the desired acceleration while a lower-level controller

generates the throttle and braking actions required to track it [27]. This separation

between a desired longitudinal response and its implementation is common in automated

vehicle-control architectures.

Good tracking performance alone is not sufficient. Acceleration and its rate of change

influence the feasibility and comfort of vehicle manoeuvres. In an adaptive cruise con-

trol framework, Guo et al. explicitly considered inter-vehicle distance, relative velocity,

acceleration and jerk within an MPC formulation designed to address car-following, safety

and comfort requirements [28]. Constraints on longitudinal acceleration and jerk are

therefore relevant when the commanded response must remain both physically feasible

and acceptable to the vehicle occupants.

Safety becomes particularly important when the controlled vehicle interacts with a preced-

ing vehicle. Car-following models have traditionally represented this interaction by relating

the response of the following vehicle to the behaviour of the leader. The behavioural model
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proposed by Gipps assumes that drivers impose limits on their desired acceleration and

braking rates and uses these characteristics to determine the response of the following

vehicle [29]. This type of formulation highlights the importance of considering both vehicle

motion and braking capability when evaluating longitudinal safety.

Taken together, these research areas provide the main control concepts relevant to

rehabilitation-oriented assisted driving. Driver modelling makes it possible to repre-

sent human behaviour within the vehicle control loop, shared control provides a framework

for combining human and automated actions, and assist-as-needed strategies introduce

the additional objective of preserving active user participation. Longitudinal-control and

car-following methods add the performance, comfort and safety requirements associated

with interaction between vehicles. However, these concepts have largely been developed

for different purposes and are not generally integrated within a single patient-oriented

microscopic traffic-control framework. This aspect motivates the research gap discussed in

the following section.

1.3 Research gap and positioning of the thesis

The literature on post-injury driving primarily focuses on the assessment of fitness to

drive, the identification of functional impairments and the effectiveness of rehabilitation

programmes. Clinical tests, on-road evaluations and driving simulators provide comple-

mentary information about the patient’s abilities. However, the resulting impairments are

not always translated into explicit control parameters that can be used to analyse the

closed-loop interaction between the patient and the vehicle.

By contrast, the control and automotive literature includes numerous driver models,

shared-control architectures and longitudinal-assistance systems. These approaches are

generally designed for representative or generic drivers and are mainly evaluated in terms

of tracking performance, comfort, traffic efficiency or collision avoidance. Patient-specific

limitations and rehabilitation objectives are less frequently considered within the same

framework.

A further limitation is that driving rehabilitation, human-driver modelling, assist-as-needed

control and microscopic traffic simulation are often examined separately. Simulator-based

clinical studies may observe the patient’s behaviour without introducing an assistive control

contribution, while automotive assistance systems may improve performance and safety

without explicitly considering rehabilitation objectives or preserving the driver’s active

participation.

The present thesis addresses this gap by developing a patient-in-the-loop longitudinal-

control framework within a microscopic traffic simulation environment. Different patient

behaviours are represented through control-oriented parameters and combined with an
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assistive contribution aimed at supporting the driving task without completely replacing

the patient’s action. This makes it possible to compare different patient profiles and

assistance conditions under controlled and repeatable traffic scenarios.

The following chapter presents the traffic-level simulation framework used to generate

the road network, vehicle routes, traffic events and reference trajectories required by the

microscopic longitudinal-control layer.
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2. Traffic-level simulation framework

2.1 Introduction

The preceding introduction and background chapter introduced the clinical and control

context of the work. Before focusing on the patient-in-the-loop longitudinal control

problem, it is useful to describe the traffic simulation framework used as a common basis

for the project.

The framework is developed using the Simulation of Urban MObility (SUMO), an open-

source microscopic traffic simulator that reproduces the motion of individual vehicles and

their interactions with the road network [30].

Within the overall project, two functional levels are distinguished. The traffic-level

layer considers the road network, traffic conditions, route selection and higher-level

speed-reference planning. The vehicle-level layer focuses on the longitudinal motion

of the individual EGO vehicle and on the interaction between the patient model and

the assistance controller. These layers are referred to as macroscopic and microscopic,

respectively, according to the scope of the planning and control tasks. SUMO provides a

microscopic simulation environment in both cases: the distinction between the two layers

concerns the level at which decisions are made, while individual vehicles are simulated

throughout the framework.

The simulation can be accessed and modified during execution through the Traffic Control

Interface (TraCI). In this work, TraCI is used from Python to start and advance the

simulation, introduce vehicles, retrieve their state and collect the quantities required for

subsequent traffic analysis.

The SUMO road network is also represented in Python through the NetworkX library.

This provides a graph-based description of the road infrastructure and makes it possible

to analyse the connectivity of the network and compute routes between different locations.

The combination of SUMO, TraCI and NetworkX therefore provides a flexible environment

in which traffic simulation, route computation, data acquisition and post-processing can

be handled within the same Python framework.

The purpose of this chapter is not to develop an advanced macroscopic traffic-control

16



strategy. Instead, it presents the fundamental components required to build and analyse a

traffic simulation and illustrates the main outputs that can be obtained from it. Particular

attention is devoted to the interaction between SUMO and Python, the graph representation

of the road network, vehicle routing and the extraction of traffic-related quantities such as

speed, flow and density.

The framework described here represents the common simulation basis developed during

the project. More advanced macroscopic traffic-management and control aspects were

subsequently investigated in the parallel work carried out by A. Galassi [13]. For this

reason, the discussion in this chapter is intentionally limited to the elements required to

understand the simulation environment and its main analysis capabilities. The following

chapter will then move from this traffic-level description to the main focus of the present

thesis, namely the microscopic longitudinal control of the individual EGO vehicle and its

interaction with the patient model.

2.2 Python–SUMO simulation framework

After introducing the general role of SUMO in the previous section, the present section

describes how the simulator is integrated with Python in the developed framework. The

objective is to illustrate the basic structure required to configure a SUMO simulation, start

it externally, exchange information during its execution and collect the resulting data.

The integration is based on the Traffic Control Interface (TraCI), which provides online

access to a running SUMO simulation [31]. Through the Python TraCI library, the external

program can retrieve information from the simulator and, at the same time, modify the

state or behaviour of simulated objects. The resulting architecture can therefore be

interpreted as an interaction between two main components: SUMO is responsible for

the evolution of the traffic simulation, while Python manages the higher-level logic, data

acquisition and post-processing.

2.2.1 Software organisation

The implemented framework is divided into different Python modules in order to separate

simulation configuration, execution, routing, network analysis and post-processing. The

main entry point is main_traci3.py, which coordinates the different phases of the

program.

The role of the main Python files is summarised in Table 2.1.
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Python file Role in the framework

main_traci3.py Main entry point of the program. It coordinates the SUMO setup,

execution of the TraCI simulation, data processing, graphical

output generation and network analysis.

config.py Defines the main configuration parameters, file paths and settings

required by the simulation.

sumo_setup.py Prepares the SUMO working environment and generates the

configuration files required before starting the simulation. It also

manages the selection of the SUMO executable.

simulation.py Contains the main TraCI simulation loop. It starts SUMO,

advances the simulation, introduces vehicles, retrieves simulation

variables and sends commands back to the simulator when

required.

routing.py Contains the functions used to identify suitable road segments

and compute valid routes through the network.

graph_analysis.py Converts the SUMO road network into a NetworkX graph and

performs graph-based network analyses.

plots.py Processes the data collected during the simulation and generates

the graphical outputs used for traffic analysis.

state.py Stores variables that have to be preserved and updated during the

execution of the simulation.

utils.py Contains auxiliary functions shared by the different modules.

Table 2.1: Role of the main Python files in the SUMO–TraCI simulation framework.

This modular organisation is not strictly required to interact with SUMO, since a complete

TraCI simulation could also be implemented within a single Python script. However, sepa-

rating the different operations makes the program easier to interpret and allows simulation,

routing, network analysis and post-processing functions to be modified independently.

The overall execution sequence implemented in main_traci3.py can be summarised as
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Configuration

SUMO setup

TraCI simulation

Data processing

Network analysis

Figure 2.1: Execution sequence of the Python–SUMO framework.

Therefore, before interacting with the traffic simulation itself, Python first prepares the

environment and generates the configuration files required by SUMO.

2.2.2 SUMO files and simulation configuration

A SUMO simulation requires a road network together with a configuration defining the

files and settings that have to be loaded. The road network is stored in a .net.xml file,

which contains the topology and geometry of the road infrastructure, including junctions,

edges, lanes and their connections.

The central simulation configuration is instead contained in a .sumocfg file. In the

developed framework, this file is generated automatically from Python before the simulation

starts. It specifies the road network to be loaded, the additional files used during the

simulation and the main temporal and output settings.

Additional elements can be introduced through .add.xml files. In the implemented

framework, an additional file is generated to request aggregated traffic measurements at

edge level. In this way, the desired outputs can be configured without modifying the

original road-network description.

A conventional SUMO simulation may also use a .rou.xml file to define the traffic

demand and the routes followed by the vehicles before the simulation starts. In the present

framework, however, traffic demand can also be generated dynamically through TraCI.

Routes and vehicles can be introduced after establishing the connection with SUMO using

commands such as traci.route.add() and traci.vehicle.add().

This represents one of the advantages of integrating SUMO with Python: the complete

traffic demand does not necessarily have to be defined before execution, but can instead

be generated or modified according to the logic implemented in the external program.
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The framework also produces different output files. Some quantities are generated directly

by SUMO, such as trip information and aggregated edge measurements, while other

vehicle-level variables are collected directly through TraCI and stored by Python. The

specific traffic quantities extracted from these files and their graphical representation are

discussed later in this chapter.

2.2.3 Interaction between Python and SUMO through TraCI

The central element of the framework is the communication between the Python program

and a running SUMO instance. TraCI allows an external client to access and modify the

simulation while it is being executed [31].

Python first selects the SUMO executable. Depending on the configuration, either sumo

or sumo-gui can be used. The graphical version is particularly useful during development

because it allows the traffic evolution to be inspected visually, while the command-line

version can be used when graphical visualisation is not required.

The selected executable and the previously generated .sumocfg configuration are then

passed to

traci.start().

This instruction launches SUMO and establishes the connection between the simulator

and the Python program.

Once the connection has been established, the simulation is advanced through repeated

calls to

traci.simulationStep().

Each call advances SUMO by one simulation step and then returns control to Python. At

this point, the external program can retrieve the new state of the traffic system, process

the available information and, if necessary, send new commands before advancing the

simulation again.

The interaction between Python and SUMO can be summarised through the sequence

shown below:
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Prepare the network and SUMO configuration

Start SUMO and insert vehicles with their routes

Advance the simulation

Retrieve and process vehicle and traffic data

Apply online routing or control commands

When no vehicles remain or are ex-

pected: close TraCI and export data

Next

step

Figure 2.2: TraCI execution flow, including the repeated exchange of measurements and
commands.

The execution starts with the preparation of the SUMO configuration and the selection

of the network to be loaded. Python then launches SUMO through traci.start(),

establishing the communication between the external program and the simulator.

Once the connection has been created, the framework defines the vehicle types and

introduces both the background traffic and the EGO vehicle. Routes can be assigned

dynamically through TraCI, which makes it possible to generate the traffic demand directly

from Python rather than relying exclusively on a predefined route file.

The core of the framework is the simulation loop. At each iteration, the instruction

traci.simulationStep() advances SUMO by one step. After the update, Python re-

trieves the current simulation time and the list of active vehicles. For each vehicle,

quantities such as position, speed, lane, longitudinal position, slope and vehicle type can

be collected.

The retrieved information is then processed outside SUMO. In the implemented framework,

vehicle speeds are also grouped according to the corresponding road edge in order to obtain

an estimate of the current mean speed on the occupied road segments.

The same loop can also be used to apply online modifications to the simulation. In the

present implementation, examples include the possibility of updating the route of the EGO

vehicle according to the current traffic conditions and applying a speed-control action.

These operations demonstrate the bidirectional nature of the TraCI interface: Python can

both observe the simulation and send new commands back to SUMO.

The loop continues until no additional vehicles are expected to remain in or enter the

network. At that point, the TraCI connection is closed and the collected data are exported
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for subsequent analysis.

TraCI organises the available commands according to different simulation domains. For

example, the traci.vehicle domain provides access to vehicle-related quantities such as

speed, position, lane and route, while traci.edge can be used to retrieve information as-

sociated with road segments. Global simulation variables, including the current simulation

time, are available through the traci.simulation domain.

Getter functions retrieve vehicle, edge and simulation variables; setter functions apply the

routing and control decisions within the loop described above.

From a practical point of view, executing the main Python script is therefore sufficient to

initialise the environment, generate the required SUMO configuration, launch the simulator,

establish the TraCI connection and execute the complete simulation loop.

The particular road network, traffic demand and numerical parameters adopted in this

work represent a specific application of this general procedure and are therefore described

separately in the following section.

2.3 Graph-based network representation and route

computation

2.3.1 Road network representation with NetworkX

In addition to the representation used internally by SUMO, the road network is also

converted into a graph structure in Python through the NetworkX library [32]. This

representation is useful for network analysis and for the route-computation procedures

introduced in the following subsection.

The conversion is performed starting directly from the same SUMO network file used by the

simulator. The network is first loaded through sumolib, and a NetworkX MultiDiGraph

is then created. This graph structure is directed and allows multiple edges to connect the

same pair of nodes, which is suitable for representing a road network containing different

directed road segments between the same junctions.

The graph can be described as

G = (V, E), (2.1)

where V represents the set of network nodes and E the set of directed road edges. For

each SUMO node, a corresponding NetworkX node is created using the same identifier.

The two-dimensional coordinates (xi, yi) and the SUMO node type are then stored as
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additional attributes of the NetworkX node.

For each SUMO edge, a corresponding directed NetworkX edge is added between the

original start and end nodes. In the implemented code, the SUMO edge identifier is used

as the edge key and is also stored as an attribute. Additional information associated with

the road segment is preserved in the graph.

The main quantities transferred from SUMO to NetworkX are summarised in Table 2.2.

Element Information Representation in NetworkX

Node Identifier Used directly as the NetworkX node key.

Node Position Stored in the pos attribute as the

coordinates (x, y).

Node Type Stored in the type attribute.

Edge Identifier Used as the NetworkX edge key and stored

in the id attribute.

Edge Length Stored in the length attribute.

Edge Geometry Stored in the shape attribute as the

sequence of coordinates describing the road

segment.

Edge Allowed speed Stored in the allowed_speed attribute.

Table 2.2: Information transferred from the SUMO network to the NetworkX graph.

The geometrical information contained in the edge shape is also used for network visualisa-

tion. In this way, the graphical representation does not rely only on straight connections

between nodes, but can preserve the geometry of the original road segments defined in

SUMO.

After the graph has been generated, the implementation performs a consistency check

between the SUMO and NetworkX representations. First, the total number of nodes and

edges is compared. A second verification is then performed using the original identifiers of

the network elements.

If VSUMO and VNX denote the sets of node identifiers contained in the SUMO network and

in the NetworkX graph, respectively, the node conversion is considered complete when

VSUMO = VNX. (2.2)

Similarly, for the edge identifiers,

ESUMO = ENX. (2.3)
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The results of these checks are exported by the program, allowing missing or additional

graph elements to be identified if the conversion is not consistent with the original SUMO

network.

The complete graph used for this verification also includes the internal SUMO edges

associated with junction movements. However, not every edge in this complete represen-

tation is subsequently considered for vehicle routing. Before the route-search procedure

is performed, the framework selects a subset of candidate road segments. Internal edges

are excluded, together with edges that do not allow passenger vehicles and road segments

shorter than a predefined minimum length.

The resulting subset therefore contains the road segments considered suitable for the

subsequent route computation, while the complete NetworkX graph remains available for

network-level analysis and graphical representation.

Starting from this graph representation and from the selected candidate edges, the

framework can determine a route between an initial and a destination road segment.

The route-search procedure implemented in this work is based on the A* algorithm and is

described in the following subsection.

2.3.2 Route computation and time-driven traffic-aware rerouting

After the selection of the road segments suitable for passenger vehicles, the framework

provides the possibility to compute a route between an initial and a destination edge.

The initial route-search procedure is implemented in routing.py through a custom A*

algorithm operating directly on SUMO edges.

Before the search is performed, the network is filtered in order to exclude internal SUMO

edges, road segments that do not allow passenger vehicles and edges shorter than 20 m.

An adjacency structure is then constructed by associating each candidate edge with the

candidate outgoing edges that can be reached from it. The search is therefore performed

at edge level rather than directly on the network nodes.

For a generic edge e, the A* algorithm evaluates the priority function

f(e) = g(e) + h(e), (2.4)

where g(e) represents the accumulated cost from the initial edge to the current one, while

h(e) estimates the remaining cost to the destination.

In the basic formulation, the cost assigned to an edge corresponds to its length,

c(e) = Le, (2.5)
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and the accumulated cost is consequently updated as

g(ej) = g(ei) + c(ej), (2.6)

when edge ej is reached from the current edge ei.

The heuristic term is based on the Euclidean distance between a representative point of

the current edge and the corresponding point of the destination edge. The reference point

is obtained from the geometrical shape stored in the SUMO network. If the edge geometry

consists of Ne points, its representative coordinates are computed as

pe =

⎛

⎝
1

Ne

Ne∑

j=1

xj,
1

Ne

Ne∑

j=1

yj

⎞

⎠ . (2.7)

If no shape information is available, the midpoint between the origin and destination nodes

of the edge is used instead.

The heuristic can therefore be expressed as

h(e) =
√

(xe − xg)2 + (ye − yg)2, (2.8)

where (xe, ye) and (xg, yg) represent the reference points of the current and destination

edges, respectively.

Candidate edges are stored in a priority queue according to their value of f(e). At each

iteration, the edge with the lowest priority is extracted and its admissible outgoing edges

are evaluated. Whenever a lower accumulated cost is found for one of these edges, its

cost and predecessor are updated. Once the destination edge is reached, the route is

reconstructed by following the stored predecessor relationships backwards and reversing

the resulting sequence. The output is an ordered list of SUMO edge identifiers that can

subsequently be assigned to a vehicle.

Time-driven traffic-aware rerouting During the execution of the simulation, the

speeds of all active vehicles are retrieved through TraCI at each simulation step. For

every non-internal edge occupied by one or more vehicles, the framework computes the

arithmetic mean of the measured vehicle speeds,

v̄e(k) =
1

Ne(k)

Ne(k)
∑

i=1

vi(k), (2.9)

where Ne(k) is the number of vehicles observed on edge e at simulation step k.
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These measurements are used to adapt the route of the EGO vehicle according to the

current traffic conditions. In the implementation presented here, the rerouting logic is

time-driven: the possibility of recomputing the route is evaluated at fixed intervals of

Treroute = 5 s. (2.10)

With the simulation step used in the example, this corresponds to one rerouting evaluation

every 10 simulation steps.

At each rerouting instant, road segments characterised by a mean speed below the

predefined threshold are penalised by modifying the travel time used for route computation.

For an uncongested edge, the reference free-flow travel time is estimated as

T free
e =

Le

vmax
e

, (2.11)

where Le is the edge length and vmax
e is its maximum allowed speed.

When the measured mean speed v̄e falls below the low-speed threshold, the routing travel

time is instead increased according to

T pen
e = P

Le

max(v̄e, vmin)
, (2.12)

where P is a penalty factor and vmin is a small positive lower bound introduced to avoid

numerical problems when the measured speed approaches zero. In the implemented

configuration,

P = 4, vmin = 0.1 m/s. (2.13)

The penalised value is passed to SUMO through traci.edge.adaptTraveltime(). As a

consequence, low-speed road segments become less attractive during the subsequent route

computation. When an edge is no longer classified as slow, its travel time is restored to

the corresponding free-flow estimate.

After the edge travel times have been updated, the route from the current EGO edge to

the predefined destination is recomputed using traci.simulation.findRoute().

If the newly computed sequence differs from the remaining route currently assigned to the

EGO vehicle, the route is updated through traci.vehicle.setRoute().

The complete online procedure is summarised in Figure 2.3.
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Acquire vehicle speeds and com-

pute occupied-edge mean speeds

Every 5 s (10 steps): assess current traffic conditions

Penalise slow edges and restore recov-

ered edges to free-flow travel times

Recompute the route from the current EGO edge

Update the EGO route if the remaining route changes

Figure 2.3: Time-driven traffic-aware rerouting procedure.

The distinction between the two routing operations is therefore important. The custom A*

implementation provides the graph-based route-search capability and can itself incorporate

traffic-dependent edge costs. During the complete online simulation considered here,

however, periodic traffic-aware rerouting is performed by adapting the travel times perceived

by SUMO and subsequently requesting a new route through TraCI.

The implementation presented in this thesis adopts a time-driven approach, since the

routing condition is evaluated periodically every 5 s, regardless of whether a significant

traffic event has occurred since the previous evaluation. In subsequent versions of the

common framework, an event-driven strategy was introduced so that route recalculation

could be triggered only when relevant changes in traffic conditions occurred. The com-

parison between time-driven and event-driven approaches, with particular attention to

their computational requirements, as well as the further development of the traffic-aware

routing layer, is investigated in detail in the parallel work of A. Galassi [13].

2.4 Traffic data and simulation outputs

The combination of SUMO, TraCI and Python makes it possible to analyse the simulation

at both vehicle and traffic-aggregate level. Vehicle-level information is collected through

TraCI and stored as Floating Car Data (FCD), including time, vehicle position, speed, lane

and vehicle type. In parallel, SUMO is configured to provide aggregated measurements at

edge level over predefined time intervals.

The main traffic quantities considered in this work are speed, density and flow, which

represent the fundamental variables commonly used for the macroscopic description of

road traffic [33]. In particular, the relation between flow q, density k and mean speed v̄

can be expressed as
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q = kv̄. (2.14)

When density is expressed in veh/km and speed in km/h, the resulting flow is expressed

in veh/h. In the implemented post-processing procedure, SUMO provides the edge density

and mean speed, while the corresponding flow is subsequently computed in Python.

Following the standard traffic representations discussed in [33], the collected data are used

to generate several graphical outputs. These include time series of flow, density and mean

speed, a space–time diagram representing individual vehicle trajectories along a selected

lane, and the flow–density and speed–density diagrams. The framework also provides

vehicle-specific outputs, such as the speed and acceleration history of the EGO vehicle,

together with graphical representations of the road network and the travelled route.

These outputs provide different views of the same simulation. Vehicle trajectories describe

the microscopic evolution of individual vehicles, whereas edge-based quantities allow the

corresponding traffic conditions to be observed from an aggregated perspective. The

following section illustrates these capabilities through a specific simulation example.

2.5 Example of a complete traffic simulation

The procedure described in the previous sections is applied to a complete traffic simulation

in order to illustrate the interaction between SUMO, TraCI and the Python analysis

framework. The objective of this example is not to investigate a specific traffic-control

strategy, but to show how a road network can be simulated, how individual and aggregated

traffic information can be collected, and how the resulting data can be represented

graphically.

2.5.1 Simulation setup

The simulation uses the road network contained in nave_cars.net.xml, obtained from

OpenStreetMap data and converted into the SUMO network format. Figure 2.4 shows

the resulting network as visualised in SUMO NetEdit. The network includes roads with

different characteristics and speed limits and provides a sufficiently extended environment

to generate background traffic and analyse the behaviour of an individual EGO vehicle.
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Figure 2.4: Road network used for the example simulation, visualised in SUMO NetEdit.

The same .net.xml file is used by the different components of the framework. SUMO uses it

as the road-network description during the traffic simulation, while Python loads it through

sumolib for routing and network-processing operations. The network is subsequently

converted into the NetworkX representation described in Section 2.3.1, allowing the

consistency between the original SUMO topology and the graph representation to be

verified.

The main simulation parameters are summarised in Table 2.3.

Parameter Value

SUMO network nave_cars.net.xml

Simulation step Ts 0.5 s

Background traffic generation interval 0 − 360 s

Background vehicle departure period 1 s

Background traffic random seed 123

Edge-data aggregation interval 10 s

EGO departure time 350 s

EGO initial speed 80 km/h

Regular-road target speed 50 km/h

Fast-road target speed 100 km/h

Table 2.3: Main parameters of the example traffic simulation.

Background traffic is generated directly from Python. One vehicle is scheduled every

second during the traffic-generation interval, resulting in 360 background vehicles. A fixed
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random seed is used in order to make the generated traffic demand reproducible. For

each vehicle, the framework selects suitable origin and destination edges and verifies the

existence of a valid route before inserting the vehicle into the simulation through TraCI.

The EGO vehicle is introduced later in the simulation, at t = 350 s, so that it enters a

road network in which background traffic is already present. Its initial route is computed

using the A* procedure described in Section 2.3.2. In the considered execution, the initial

route consists of 28 road edges.

The complete SUMO network is also converted into the corresponding NetworkX graph.

The consistency check described previously gives

|VSUMO| = |VNX| = 979, (2.15)

and

|ESUMO| = |ENX| = 1825. (2.16)

The identifier-based comparison also confirms the correspondence between the two repre-

sentations. Figure 2.5 shows the resulting graph representation together with the route

associated with the EGO vehicle.

Road-network graph

Figure 2.5: NetworkX representation of the SUMO road network and EGO route in the
example simulation.
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Figure 2.5 shows the NetworkX representation obtained from the SUMO road network. The

NetworkX graph preserves the nodes and edges of the original SUMO network, retaining

their identifiers. This correspondence allows network elements to be consistently identified

across the two representations.

The geometrical shape associated with each SUMO edge is retained in the NetworkX

representation and is used to reconstruct the road layout shown in the figure. Black

markers represent network nodes, while the road edges not involved in the EGO trajectory

are shown in grey. Internal SUMO edges are included in the consistency check but omitted

from the graphical representation for clarity.

The figure also provides an overview of the evolution of the EGO route during the

simulation. Blue road segments correspond to edges that were effectively traversed by the

EGO vehicle, as reconstructed from the collected FCD data. Red segments correspond

instead to edges that belonged to at least one route assigned to the EGO during the

simulation but were never actually traversed. These segments may therefore originate

from routes that were subsequently modified by the time-driven traffic-aware rerouting

procedure.

As a result, the figure provides both a validation of the one-to-one SUMO–NetworkX

network conversion and a compact representation of the difference between the routes

planned during the simulation and the path effectively travelled by the EGO vehicle.

During the simulation, vehicle-level information is recorded every simulation step in the

FCD dataset. The complete execution considered here contains 361 different vehicles and

more than 9.3 × 104 vehicle-state observations. In parallel, aggregated edge measurements

are collected every 10 s. These two sources are subsequently processed to obtain the

graphical results presented in the following subsection.

2.5.2 Background traffic simulation results

The first set of results concerns the background traffic generated within the road network.

The objective is to illustrate the main traffic quantities that can be extracted from the

SUMO simulation and subsequently analysed through Python.

The analysis focuses on the main macroscopic traffic variables introduced in Section 2.4,

namely density, mean speed and flow, together with their fundamental relationships [33].

The results are evaluated on lane 26599252_0, which contains the largest number of

vehicle observations in the collected FCD dataset. Aggregate measurements are computed

over intervals of 10 s.

Traffic density. Figure 2.6 shows the evolution of traffic density on the selected road

segment. During the first part of the simulation, density remains relatively low, while
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a significant increase can be observed after approximately 3.5 minutes. The maximum

values exceed 130 veh/km, indicating a strong accumulation of vehicles on the considered

edge. Density subsequently decreases as the queue progressively dissipates.
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Figure 2.6: Evolution of traffic density on the selected road segment.

Mean traffic speed. The corresponding evolution of mean traffic speed is shown in

Figure 2.7. Under low-density conditions, vehicles travel at approximately 40–50 km/h.

As the number of vehicles on the edge increases, the mean speed progressively decreases

and eventually approaches zero during the most congested phase. When the congestion

dissipates, vehicle speed increases again.
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Figure 2.7: Evolution of mean traffic speed on the selected road segment.
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Traffic flow. Figure 2.8 shows the traffic flow obtained from the measured density and

mean speed. At the beginning of the simulation, flow generally increases as more vehicles

reach the considered road segment. During the congested phase, however, the strong

reduction in vehicle speed causes the flow to decrease despite the high traffic density. The

flow subsequently recovers as the congestion is progressively reduced.
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Figure 2.8: Evolution of traffic flow on the selected road segment.

Flow–density relationship. The relation between traffic flow and density is shown in

Figure 2.9. As expected from the fundamental traffic relationships discussed in [33], flow

initially increases with density. At higher density values, the reduction in vehicle speed

becomes dominant and the observed flow decreases, corresponding to congested traffic

conditions.
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Figure 2.9: Flow–density relationship obtained from the simulated background traffic.

Speed–density relationship. Figure 2.10 shows the corresponding relationship between

mean speed and traffic density. Low-density conditions are associated with higher vehicle

speeds, whereas increasing density produces a progressive reduction in mean speed. The

highest-density observations correspond to the strongly congested phase identified in the

previous time-series results.
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Figure 2.10: Speed–density relationship obtained from the simulated background traffic.

Space–time vehicle trajectories. A complementary representation of the traffic

evolution is provided by the space–time diagram in Figure 2.11. Each trajectory represents
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the longitudinal position of an individual vehicle along the selected lane as a function of

time. During free-moving traffic, vehicles cross the road segment rapidly. In the congested

phase, several trajectories become nearly horizontal, indicating vehicles remaining at

approximately the same position and therefore the formation of a queue.
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Figure 2.11: Space–time trajectories of vehicles on lane 26599252_0.

2.5.3 EGO vehicle simulation results

The second part of the analysis focuses on the behaviour of the EGO vehicle during the

traffic simulation. In particular, the evolution of its route is first illustrated through

a sequence of simulation snapshots, while the longitudinal behaviour of the vehicle is

subsequently analysed in terms of speed and acceleration.
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EGO route snapshot 1/5 | t = 350.5 s

(a) t = 350.5 s

EGO route snapshot 2/5 | t = 384.0 s

(b) t = 384.0 s

EGO route snapshot 3/5 | t = 422.0 s

(c) t = 422.0 s

EGO route snapshot 4/5 | t = 464.0 s

(d) t = 464.0 s

EGO route snapshot 5/5 | t = 506.0 s

(e) t = 506.0 s

Figure 2.12: Evolution of the EGO vehicle during the traffic simulation at different
simulation times.

36



Figure 2.12 shows the evolution of the EGO vehicle at different stages of the simulation.

The snapshots provide a qualitative view of the interaction between the vehicle and the

surrounding traffic and make it possible to observe the evolution of its assigned route

during the simulation. As described in Section 2.3.2, the initial route is computed before

departure, while traffic conditions are subsequently evaluated every 5 s and may lead to

an online route update.

EGO speed. The speed profile of the EGO vehicle is shown in Figure 2.13. The profile

reflects the motion of the vehicle along the selected route and the interaction with the

surrounding traffic. Variations in speed are therefore determined by the different road

conditions encountered during the trip, including the presence of slower traffic along some

sections of the route.
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Figure 2.13: Speed profile of the EGO vehicle during the simulation.

EGO acceleration. Figure 2.14 shows the corresponding acceleration profile. Positive

and negative acceleration phases are associated with the changes in vehicle speed required

while travelling through the network and interacting with the background traffic. The

profile therefore provides an additional vehicle-level description of the trajectory shown in

the previous results.
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Figure 2.14: Acceleration profile of the EGO vehicle during the simulation.

Overall, these results show how the traffic-level framework combines route planning,

online traffic information and vehicle-level data collection within the same SUMO–Python

simulation. The objective here is limited to illustrating the behaviour of the EGO vehicle

within the traffic-level simulation environment; the longitudinal control problem is analysed

separately in the following chapter.
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3. Microscopic longitudinal control

3.1 Introduction

Whereas the previous part focused on the behaviour of the EGO vehicle at the traffic-

planning level, this chapter shifts the analysis to the microscopic longitudinal control of

the individual vehicle.

The central aspect of this section is the introduction of patient profiles, which are examples

of different approaches to driving. In the control framework, the patient is considered as

an imperfect controller characterised by some limitations, such as reaction delay, reduced

promptness and responsiveness, acceleration and deceleration constraints, as well as

comfort-related limits.

The EGO vehicle is therefore required to track a specific speed trajectory generated by a

higher-level module. In this part, how the trajectory is generated is not the main concern;

the objective is instead to determine whether the patient can track it and, when the

response is inadequate, whether an assistance controller can provide support to the patient.

In this sense, the assistance should not necessarily replace the patient action continuously,

but it can be designed to intervene only when the tracking error becomes significant.

It is important to stress that the overall aim of the work is to support driving rehabilita-

tion, therefore providing assistance to patients in order for them to regain confidence in

controlling the vehicle.

The chapter first describes the software architecture and the discrete-time plant, including

the patient perception delay. It then presents the patient controller, predefined profiles,

questionnaire-based personalisation and assistance logic, followed by the reference profiles,

scenarios and simulation outputs.

3.2 Software architecture

The project is organised into separate Python files, whose roles are reported in Table 3.1.
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File Role in the program

config.py Defines the global simulation parameters, including

SUMO settings, vehicle properties, reference speed

profiles, patient profiles, assist-controller gains,

assistance activation threshold and lead-vehicle

parameters.

control_models.py Implements the discrete-time longitudinal plant, the

delayed patient controller and the PID assist controller.

This file contains the equations that correspond most

directly to the discrete state-space formulation.

simulation.py Contains the main TraCI loop, including SUMO

start-up, EGO and lead vehicle insertion, reference

generation, delayed perception, acceleration

computation, threshold-based assistance activation,

speed update and CSV logging.

microscopic_control.py Minimal entry point; calls the main() function to run

the microscopic simulation.

main.py It starts the SUMO simulation, loads the required

settings, initialises the reference speed profile, the

patient model and the assistance controller.

patient_questionnaire.py Generates a custom patient profile from an initial

questionnaire and saves the corresponding discomfort

index and control parameters.

patient_questionnaire_gui.py Provides a graphical user-friendly interface for the

questionnaire.

sumo_setup.py Prepares the SUMO working directory, route file,

network copy, GUI settings and .sumocfg file.

plots.py Reads the CSV outputs and generates plots for speed

tracking, tracking error, acceleration and lead-vehicle

gap.

utils.py Contains utility functions, such as saturation and

conversion between lane identifiers and edge identifiers.

Table 3.1: Role of the main Python files.

The minimal entry point is microscopic_control.py, which calls the main() function.

In a typical execution, the program prepares the folder micro_run, builds the SUMO

configuration files, starts the simulation through TraCI, applies the microscopic controller
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at each sampling instant and stores the results in the results folder. The interaction

between the Python controller and SUMO is performed through TraCI, which allows

retrieving simulation variables and modifying vehicle behaviour online [31].

3.2.1 SUMO simulation environment

The microscopic simulations are performed using SUMO also in this phase [30]. A simple

environment is selected: a straight road (NetEdit ID E0) with two lanes, a length of 1500 m

and a speed limit of 13.89 m/s, equivalent to 50 km/h. These simulations focus on the

longitudinal response of the EGO vehicle under a selected patient model; shortest-path

computation and route replanning are therefore excluded.

The simulation starts at 0 s and ends at 300 s, with sampling time Ts = 0.1 s. The EGO

vehicle departs at the beginning of the simulation from the initial position of the road,

with zero initial speed. It is represented as a passenger car with a length of 4.8 m, a width

of 1.8 m and a height of 1.5 m. In the graphical interface, the EGO vehicle is displayed in

red to make it easy to recognise during the simulation.

Two main scenarios are considered in the simulation framework:

• in the base scenario, only the EGO vehicle is present and follows the imposed

reference speed profile;

• in the lead-brake scenario, a second vehicle is introduced ahead of the EGO vehicle

and performs an abrupt brake. This second case is useful to test the robustness

of the control framework in a more critical condition, where the patient and the

assistance controller have to react to an external disturbance.

3.2.2 High-level simulation flow

Figure 3.1 summarises in a compact way the overall simulation logic.

First, by means of config.py all the simulation parameters, including SUMO settings,

reference speed profile, patient profile and scenario are selected. Then, the ideal reference

speed is generated from the selected profile. If a lead vehicle is present, the reference can

be reduced by a safety layer. In case of a base scenario, i.e. without lead vehicle, vref,k

coincides with vbase
ref,k. In the next step, the imperfect patient model tries to regulate the

vehicle speed. If the assistance mode is enabled, the assist controller computes a corrective

acceleration in parallel. However, this contribution is actually applied only when the real

speed-tracking error exceeds a predefined activation threshold. The patient acceleration

and the effective assistance acceleration are then combined, saturated according to the

physical and comfort-related constraints, and applied to the discrete longitudinal plant.
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Finally, velocity vk, position sk and distance from the lead vehicle gapk (if present), are

measured at every step k and given again to the controller (or at the safety block if

necessary).

Configuration
Reference

profile

Safety

layer

Patient model

+ Assist activation
Saturation

EGO

vehicle

Save data

Feedback

measurements

vbase
ref,k vref,k ah,k + aa,act,k acmd,k

vk, sk, gapkvk

vk, sk, gapk

Figure 3.1: Compact architecture of the microscopic longitudinal control framework.
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3.3 Discrete-time state-space model

In this section, the discrete-time state-space model is described.

The model is intentionally simplified to study speed tracking and assistance at vehicle level.

A detailed dynamic model would require vehicle parameters and environmental conditions

that are beyond the scope of this work. The formulation below describes the kinematic

plant, patient delay and control actions; the main variables are listed in Table 3.2.

Symbol Unit Meaning

k – discrete-time index, with tk = kTs

Ts s simulation sampling time

vk m/s actual EGO speed read from SUMO at step k

ṽk m/s patient-perceived speed

vbase
ref,k m/s ideal reference speed generated by the selected

profile

vref,k m/s effective reference speed, possibly reduced by

the safety layer (lead vehicle scenario)

eh,k m/s patient-based tracking error

ea,k m/s real speed-tracking error used by the assist con-

troller and by the assistance activation logic.

ah,k m/s2 patient’s acceleration contribution

aa,k m/s2 raw acceleration contribution generated by the

assist controller before activation

acmd,k m/s2 total acceleration applied after saturation and

jerk limitation

eth m/s activation threshold of the assistance controller

λassist,k – binary variable equal to 1 when the assistance

is active and 0 otherwise

aa,act,k m/s2 effective assistance acceleration after threshold-

based activation

Table 3.2: Main variables used in the discrete-time formulation.
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3.3.1 Longitudinal plant model

The longitudinal motion of the EGO vehicle is modelled through a discrete-time kinematic

plant. The modelling approach adopted in this section follows standard feedback-control

and state-space representation concepts, as presented in classical control literature [34, 35].

Since the objective of this work is focused on speed tracking and assistance design, the

adopted model does not include a detailed vehicle dynamics representation. Instead,

the vehicle speed is propagated starting from the basic continuous-time relation between

longitudinal acceleration and speed:

v̇(t) = acmd(t), (3.1)

where v(t) is the longitudinal speed of the EGO vehicle and acmd(t) is the acceleration

command effectively applied to the vehicle.

The simulation is executed in discrete time, with sampling instants defined as

tk = kTs, (3.2)

where Ts is the simulation step. In the current implementation, Ts = 0.1 s. At each time

step, the controllers compute an acceleration command that is applied to the vehicle during

the following sampling interval. Therefore, between two consecutive sampling instants,

the acceleration is assumed to remain constant. This corresponds to a zero-order hold

assumption on the input signal:

acmd(t) = acmd,k, t ∈ [kTs, (k + 1)Ts). (3.3)

Integrating Equation 3.1 over one interval gives

vk+1 = vk +
∫ (k+1)Ts

kTs

acmd(t) dt. (3.4)

Under the zero-order hold assumption, this reduces exactly to

vk+1 = vk + Tsacmd,k. (3.5)

For this integrator, the update also coincides with forward Euler discretisation.

The resulting speed is then limited to the physically feasible interval. The vehicle cannot

move with negative speed and cannot exceed the imposed speed limit. Therefore, the

discrete-time speed update is written as:
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vk+1 = sat[0, vmax] (vk + Tsacmd,k) , (3.6)

where vmax = 13.89 m/s, corresponding to 50 km/h in the current simulation configuration.

In particular, the saturation of the velocity is defined as:

sat[0, vmax](v) =

⎧

⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0, v < 0

v 0 ≤ v ≤ vmax,

vmax v > vmax.

(3.7)

Patient-specific limits are denoted by ah,min, ah,max and jh,max; the corresponding global

limits on the combined command use the subscript tot. These two sets of constraints serve

different roles and must be distinguished.

The acceleration command generated by the control architecture is also subject to physical

and comfort-related constraints. Let uk be the acceleration requested by the patient and

assistance controllers before the application of global acceleration and jerk limitations.

This signal is not directly applied to the plant. First, it is constrained in order to avoid

excessive acceleration values and abrupt acceleration variations.

The jerk limitation requires the current acceleration command to remain close to the

previously applied one:

acmd,k ∈ [acmd,k−1 − jtot,maxTs, acmd,k−1 + jtot,maxTs] , (3.8)

where jtot,max is the maximum admissible jerk. In addition, the acceleration must remain

inside the admissible interval:

acmd,k ∈ [atot,min, atot,max]. (3.9)

The effective lower and upper bounds at time step k are therefore obtained by combining

the acceleration and jerk constraints:

ak = max (atot,min, acmd,k−1 − jtot,maxTs) , (3.10)

ak = min (atot,max, acmd,k−1 + jtot,maxTs) . (3.11)

The acceleration effectively applied to the vehicle is then
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acmd,k = sat[ak, ak](uk). (3.12)

This formulation shows that the previously applied acceleration acmd,k−1 has to be stored,

since it is needed to impose the jerk constraint. For this reason, the plant state is defined

as

xk =

⎡

⎢
⎣

vk

acmd,k−1

⎤

⎥
⎦ . (3.13)

Using this state definition, the complete nonlinear discrete-time plant can be written as

xk+1 = f(xk, uk) =

⎡

⎢
⎣

sat[0,vmax] (vk + Tsacmd,k)

acmd,k

⎤

⎥
⎦ , (3.14)

where acmd,k is computed according to Equation 3.12. The plant is nonlinear because of

the saturation functions. These nonlinearities are essential in the simulation framework,

since they reproduce both physical limits and comfort-related constraints.

In order to highlight the basic dynamic behaviour of the plant, it is useful to temporarily

neglect speed saturation, acceleration saturation and jerk limitation. Under this simplifying

assumption, the acceleration requested by the controllers is directly applied to the vehicle:

acmd,k = uk. (3.15)

The corresponding linear discrete-time state-space model is

⎡

⎢
⎣

vk+1

acmd,k

⎤

⎥
⎦ =

⎡

⎢
⎣

1 0

0 0

⎤

⎥
⎦

⏞ ⏟⏟ ⏞

A

⎡

⎢
⎣

vk

acmd,k−1

⎤

⎥
⎦+

⎡

⎢
⎣

Ts

1

⎤

⎥
⎦

⏞ ⏟⏟ ⏞

B

uk, yk =
[

1 0

]

⏞ ⏟⏟ ⏞

C

xk. (3.16)

This representation makes clear that, from the point of view of speed control, the EGO

vehicle behaves as a discrete-time integrator driven by acceleration. Indeed, the acceleration

command modifies the speed according to the sampling time Ts.

For zero initial conditions, the z-transform of the linear speed update is (z − 1)V (z) =

TsAcmd(z). Hence the transfer function is

G(z) =
V (z)

Acmd(z)
=

Ts

z − 1
=

Tsz
−1

1 − z−1
. (3.17)
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The term z−1 makes explicit the one-step propagation introduced by the discrete-time

update: the acceleration applied during the interval [kTs, (k + 1)Ts) affects the speed value

at the next sampling instant.

The transfer function in Equation 3.17 represents the ideal linear plant used to interpret

the speed-control problem. In the actual simulation, however, the complete nonlinear

model in Equation 3.14 is used, since the applied acceleration is always constrained by

acceleration, jerk and speed limits.

3.3.2 Delay as an augmented state

The patient does not react to the current speed of the EGO vehicle instantaneously. In

a real driving situation, a human driver needs a certain amount of time to perceive the

vehicle motion, process the information and react. For this reason, the patient model

includes a perception delay.

Let τh be the reaction delay of the patient. Since the simulation is performed in discrete

time with sampling time Ts, this delay can be approximated by an integer number of

samples:

dh = round
(

τh

Ts

)

. (3.18)

Therefore, the speed perceived by the patient at time step k is not the current speed vk,

but an older value of the speed:

ṽk ≈ vk−dh
. (3.19)

This means that the patient computes the tracking error using delayed information. For

example,if Ts = 0.1 s and the patient delay is τh = 0.8 s, then dh = 8. In this case, the

patient reacts approximately to the speed measured eight simulation steps before.

A state-space interpretation can be obtained by introducing a delay line. The idea is to

store the current speed together with a finite number of previous speed values:

x
d
k =

[

vk vk−1 · · · vk−dh

]T

. (3.20)

This vector can be interpreted as a memory of the past speeds. The first element is the

most recent speed, while the last element is the oldest speed needed to represent the

patient delay.

At each simulation step, a new speed value is computed and inserted at the beginning

of the vector. All the previous values are shifted by one position. This behaviour can be
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written as

xd
k+1 = Adxd

k + Bdvk+1, (3.21)

Ad =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0 0 0 · · · 0

1 0 0 · · · 0

0 1 0 · · · 0
...

...
. . . . . .

...

0 0 · · · 1 0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, Bd =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

1

0

0
...

0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3.22)

The matrix Ad shifts the stored speed values by one position, while the vector Bd inserts

the new speed vk+1 in the first position of the delay line.

The delayed speed used by the patient is obtained by selecting the last element of the

delay state:

ṽk = Cdxd
k, Cd =

[

0 0 · · · 0 1

]

. (3.23)

In this way, the delay is represented as an augmented state. The word "augmented" means

that the original vehicle state is extended by adding some memory variables. In other

words, these additional variables do not represent new physical dynamics of the vehicle,

but only the past speed values required to model the delayed perception of the patient.

In the Python implementation, the same concept is realised by storing the speed history

and interpolating the value corresponding to tk − τh. This implementation is more flexible

because it does not require the delay to be exactly an integer multiple of the sampling

time.
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3.4 Patient model and assist control

3.4.1 Patient controller

The patient tracking error is computed from the effective reference and the delayed

perceived speed:

eh,k = vref,k − ṽk. (3.24)

The raw patient acceleration consists of a proportional action:

a⋆
h,k = Kp,heh,k (3.25)

The raw command is first saturated:

āh,k = sat[ah,min, ah,max]

(

a⋆
h,k

)

, (3.26)

and then limited in jerk:

ah,k = sat[ah,k−1−jh,maxTs, ah,k−1+jh,maxTs] (āh,k) . (3.27)

3.4.2 Patient profiles

In this part, the predefined patient profiles used for the simulations are analysed in detail.

These profiles are useful to test the microscopic control framework under different driving

behaviours without running the questionnaire every time.

The patient profiles are defined through a small number of interpretable parameters:

proportional gain, perception delay, maximum acceleration, maximum deceleration and

maximum jerk. By changing these parameters, the same controller structure can reproduce

different driving behaviours.

Profile Kp,h τh [s] ah,max [m/s2] ah,min [m/s2] jh,max [m/s3]

reactive 1.15 0.6 2.30 -4.30 3.80

normal 0.45 0.8 1.15 -2.20 1.20

cautious 0.25 1.1 0.65 -1.60 0.55

delayed 0.12 1.6 0.45 -1.20 0.35

Table 3.3: Patient profiles available in the current configuration.

For example, the delayed profile has a low gain, a large delay and restrictive acceleration
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and jerk limits. This profile is useful to stress the controller, because the EGO vehicle

reacts slowly both when accelerating and when braking.

The perception–response delays assigned to the predefined patient profiles were selected

by considering reaction-time values reported in driving-simulator literature.

In their literature review, Poliak et al. cite a previous simulator study in which driver

response times ranged from 0.32 s to 1.64 s. In that study, the 33rd, 50th, and 67th

percentile values, equal to 0.52 s, 0.82 s, and 1.10 s, respectively, were selected to represent

different driver response levels in simulation [36], as reported in the review by Poliak et al.

[37].

Poliak et al. also conducted their own simulator experiment involving 116 professional

drivers. The measured reaction times had a mean value of 1.10 s, a median value of

1.06 s, and ranged from 0.66 s to 1.73 s. Their statistical analysis showed that the mean

reaction time was significantly higher than the conventional value of 1.0 s, while it could

be considered compatible with a reference value of 1.1 s [37].

Based on these results, delays of 0.6 s, 0.8 s, 1.1 s, and 1.6 s were assigned to the reactive,

normal, cautious, and delayed profiles, respectively.

The first three values are close to the percentile-based values reported in the simulator

literature, whereas the value of 1.6 s represents a substantially slower response while

remaining within the experimental ranges discussed by Poliak et al. These values are

not intended to define clinically validated patient categories, but rather to provide an

engineering parameterisation of progressively slower perception–response behaviours.

Although the experimental task considered by Poliak et al. was based on an emergency

braking response, the reported values provide a plausible reference range for modelling the

delayed perception and response of a human driver.

3.4.3 Questionnaire-based patient characterisation

The patient parameters can be selected either by choosing one of the predefined profiles,

namely reactive, normal, cautious, and delayed, or by generating a custom profile

through an initial questionnaire.

The questionnaire is not intended as a clinical assessment. It is used as a heuristic interface

to translate subjective information about comfort, confidence, and perceived responsiveness

into numerical parameters for the patient controller.

The patient is asked to evaluate the following seven aspects:

1. discomfort during acceleration and braking manoeuvres;

2. nausea or discomfort while travelling by car;
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3. stress caused by traffic and sudden braking events;

4. perceived slowness in reacting to speed variations;

5. fatigue or lack of concentration;

6. uncertainty while controlling the vehicle;

7. preference for smooth driving without abrupt variations.

Each answer is expressed through an integer score si ∈ {1, 2, 3, 4, 5}, where 1 represents

the least critical condition and 5 the most critical one. The scores are normalised as

qi =
si − 1

4
, qi ∈ [0, 1]. (3.28)

A global discomfort index is then computed as

D = 100
7∑

i=1

wiqi,
7∑

i=1

wi = 1, (3.29)

with weights

wmotion = 0.18, wnausea = 0.14, wtraffic = 0.18,

wreaction = 0.20, wfatigue = 0.12, wuncertainty = 0.10,

wsmoothness = 0.08.

(3.30)

Therefore, D ∈ [0, 100], where higher values indicate greater discomfort or reduced

responsiveness.

Two additional indicators are introduced. The delay score is defined as

Sdelay = 0.60qreaction + 0.25qfatigue + 0.15qtraffic, (3.31)

while the comfort score used for classification is

Scomfort = 0.35qmotion + 0.25qtraffic + 0.25qsmoothness + 0.15qnausea. (3.32)

The classification rules are evaluated sequentially. The patient is assigned to the delayed

class if

Sdelay ≥ 0.68 or qreaction ≥ 0.80. (3.33)

Otherwise, the cautious class is assigned if
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Scomfort ≥ 0.62 or D ≥ 65. (3.34)

The reactive class is assigned if

D ≤ 28, Sdelay ≤ 0.35, quncertainty ≤ 0.40. (3.35)

In all remaining cases, the patient is classified as normal.

The assigned class provides an interpretable description of the questionnaire result. How-

ever, the controller parameters are generated continuously from the answers and are not

copied directly from the corresponding predefined profile.

A comfort-related indicator is first defined as

Sneed = 0.30qmotion + 0.20qnausea + 0.25qtraffic + 0.25qsmoothness. (3.36)

The two comfort indicators serve different heuristic roles: Scomfort selects a descriptive

class, whereas Sneed continuously adjusts acceleration, braking and jerk limits. The latter

assigns slightly more weight to nausea and less to motion discomfort. This weighting is a

design choice, not an experimentally established distinction.

The proportional gain is then computed as

Kp,h = sat[0.12, 1.15]

(

1.05 − 0.60
D

100
− 0.55qreaction

)

. (3.37)

The perception–response delay is constrained within the range defined by the predefined

reactive and delayed profiles:

τmin = τreactive, τmax = τdelayed. (3.38)

It is calculated as

τh = τmin + (τmax − τmin)
(

0.60Sdelay + 0.40S2
delay

)

. (3.39)

In the current configuration,

τmin = 0.6 s, τmax = 1.6 s. (3.40)

The maximum acceleration is obtained as
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ah,max = sat[0.45, 2.30] (2.30 − 1.85Sneed − 0.45qfatigue) . (3.41)

The braking capacity is computed as

bh = sat[1.20, 4.30] (4.30 − 2.75Sneed − 0.85qtraffic − 0.45qreaction) , (3.42)

with

ah,min = −bh. (3.43)

Finally, the maximum jerk is defined as

jh,max = sat[0.35, 3.80] (3.80 − 4.50Sneed − 0.70qfatigue) . (3.44)

Higher discomfort, fatigue, reaction slowness, and preference for smooth driving therefore

produce a lower proportional gain, a larger perception–response delay, and more restrictive

acceleration and jerk limits.

The weights, thresholds, and interpolation laws adopted in this procedure are heuristic

design choices introduced for the present simulation framework. They are not clinically

validated and may be recalibrated when experimental patient data become available.

The questionnaire is implemented in the patient_questionnaire.py module, while the

graphical interface is provided by patient_questionnaire_gui.py. The original answers,

assigned class, discomfort index, and generated controller parameters are saved in a CSV

file to ensure traceability and reproducibility.

3.4.4 Driving test-based patient parameter identification

This section outlines a possible future extension of the framework, in which patient model

parameters would be identified from preliminary driving tests. The procedure is presented

at a conceptual level and has not been implemented in the current version of the framework.

The predefined patient profiles introduced above represent reference parameterisations

of different driving behaviours. However, in a real application, it would be difficult to

assign a proportional gain, a perception delay or a comfort-related constraint directly to a

specific patient.

For this reason, a possible extension of the proposed framework consists in identifying

the patient parameters from a preliminary driving test. During the test, the patient is

required to follow one or more prescribed reference velocity profiles, while the resulting
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vehicle speed and acceleration are recorded.

The patient model is described by the parameter vector

θh =
[

Kp,h τh ah,max ah,min jh,max

]T

. (3.45)

These parameters should not be interpreted as direct clinical measurements. In particular,

the proportional gain Kp,h represents an equivalent control parameter describing how

strongly the patient reacts to the perceived tracking error.

A possible identification procedure consists in finding the parameter vector that minimises

the difference between the measured patient response and the response generated by the

simulation model. This can be expressed as

θ̂h = arg min
θh

J(θh), (3.46)

where the cost function may be defined as

J(θh) = wv

N∑

k=0

(

vmeas
k − vsim

k (θh)
)2

+ wa

N∑

k=0

(

ameas
k − asim

k (θh)
)2

. (3.47)

Here, vmeas
k and ameas

k denote the speed and acceleration measured during the preliminary

test, while vsim
k and asim

k are the corresponding signals generated by the patient model.

The weights wv and wa determine the relative importance assigned to speed tracking and

acceleration behaviour.

The reaction delay can be estimated from the temporal shift between a variation of the

reference speed and the beginning of the patient response. The acceleration, deceleration

and jerk limits can instead be inferred from the maximum values observed during the test.

The proportional gain is then identified as the value that best reproduces the measured

relationship between tracking error and longitudinal action.

Once the parameter vector has been estimated, the patient can either be associated with

the closest predefined profile or represented through a custom profile. Therefore, the

predefined profiles can be interpreted as representative classes rather than as fixed clinical

categories assigned a priori.

The complete automatic identification procedure is not implemented in the current version

of the framework. Nevertheless, the proposed formulation shows how the same simulation

architecture could be used in the future for objective patient characterisation and controller

personalisation. Figure 3.2 summarises the conceptual procedure.
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Preliminary driving test

Measured speed and acceleration

Patient parameter identification

Patient classification or custom profile generation

Figure 3.2: Conceptual procedure for test-based patient characterisation.

3.4.5 Assist controller

The assist controller is introduced to support the patient during the tracking task. Its

objective is not to replace the patient completely, but to provide an additional acceleration

contribution when the patient response is not sufficient to follow the desired speed profile.

The assist controller is designed according to a standard feedback-control structure, where

the tracking error is used to compute a corrective control action [34].

The assist controller operates in parallel with the patient controller. The patient model

computes its action using the delayed perceived speed, while the assist controller uses the

current EGO speed measured from the simulation. Therefore, the assist tracking error is

defined as

ea,k = vref,k − vk. (3.48)

This difference is important: the patient reacts to delayed information, because the human

reaction time is part of the model. On the contrary, the assist controller has access to the

current vehicle speed and can therefore react more promptly. For this reason, the assist

controller can partially compensate for the delay and the limited responsiveness of the

patient.

The assist action is implemented as a discrete-time PID controller. The integral state is

updated as:

Īk−1 =

⎧

⎪⎨

⎪⎩

0, ea,kea,k−1 < 0,

Ik−1, otherwise,
Ik = sat[−Imax, Imax]

(

Īk−1 + Tsea,k

)

. (3.49)

The saturation of the integral state is used to avoid wind-up. Without this limitation,

the integral term could grow excessively when the tracking error remains large for a long

time, producing an aggressive acceleration command. In addition, the integral term is

reset when the tracking error changes sign. This avoids excessive correction after the EGO
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vehicle speed crosses the reference value.

The raw acceleration command generated by the assist controller is

a⋆
a,k = Kp,aea,k + Ki,aIk + Kd,a

ea,k − ea,k−1

Ts

. (3.50)

The three terms have different roles. The proportional term reacts directly to the current

tracking error. If the EGO vehicle is slower than the reference, the proportional action

increases the acceleration request; if the EGO vehicle is faster than the reference, it

contributes to braking. The integral term compensates persistent tracking errors that may

remain due to the limited action of the patient or to the presence of constraints. The

derivative term reacts to fast variations of the error and helps to reduce overshoot and

oscillatory behaviour.

In the current configuration, the assist-controller gains are

Kp,a = 0.75, Ki,a = 0.025, Kd,a = 0.35. (3.51)

These gains are not chosen to obtain the most aggressive tracking response. Instead,

they are selected to obtain a compromise between tracking accuracy, smoothness and

comfort. Since the simulation includes nonlinear effects such as acceleration saturation, jerk

limitation, speed limits and patient delay, a purely analytical PID tuning is not sufficient.

For this reason, the gains are selected through a simulation-based tuning procedure.

The tuning procedure can be summarised as follows. First, the integral and derivative

gains are set to zero, and only the proportional gain is increased. This allows the main

responsiveness of the assist controller to be adjusted. A larger value of Kp,a reduces the

tracking error, but it can also generate excessive acceleration or oscillations. Therefore, Kp,a

is increased until the response becomes sufficiently fast without becoming too aggressive.

Then, the derivative gain Kd,a is introduced. The derivative term is useful to damp the

response, especially when the reference speed changes rapidly or when the patient model

introduces a significant delay. Increasing Kd,a helps to reduce overshoot and oscillations,

but too large a derivative action can make the command sensitive to rapid error variations.

Finally, a small integral gain Ki,a is added. The integral term is useful to reduce residual

steady-state errors. However, in this application it must remain limited, because an

excessive integral action may produce wind-up and uncomfortable acceleration after the

error changes sign. For this reason, the integral gain is chosen smaller than the proportional

and derivative contributions, and the integral state is saturated.

The final values are therefore obtained by comparing different simulations and checking

both tracking and comfort indicators. In particular, the tuning is evaluated by observing
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the speed tracking error, the maximum overshoot, the acceleration profile and the jerk

limitation. The selected gains are those that improve the patient response without

producing unrealistic or uncomfortable acceleration commands.

3.4.6 Threshold-based assistance activation

In the first implementation, when the assistance mode was enabled, the assistance contri-

bution was continuously added to the patient command. Although this solution improves

the tracking performance, it may also make the assistance too intrusive, since the controller

acts even when the patient is able to follow the reference speed with an acceptable error.

A threshold-based activation logic uses the real speed-tracking error ea,k defined in Equa-

tion 3.48, evaluated from the current EGO speed.

The assistance is activated only when the absolute value of this error exceeds a predefined

threshold:

|ea,k| ≥ eth. (3.52)

In the current implementation, the threshold is set to

eth = 1.2 m/s = 4.3 km/h (3.53)

This threshold defines a dead zone around the reference speed. Inside this region, the

tracking error is considered acceptable and the patient is allowed to control the vehicle

without external support.

The activation variable of the assistance system is defined as:

λassist,k =

⎧

⎪⎨

⎪⎩

0, |ea,k| < eth,

1, |ea,k| ≥ eth.
(3.54)

After the PID action is computed, the assist contribution is saturated with its own

acceleration and jerk limits. This ensures that the raw assistance command remains

smooth and physically reasonable. However, the saturated assist contribution is actually

applied to the vehicle only if the activation condition is satisfied. Therefore, the effective

assistance acceleration is

aa,act,k = λassist,kaa,k. (3.55)

The patient and effective assistance contributions are then combined as
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uk = ah,k + aa,act,k. (3.56)

The combined request uk is processed by the global acceleration and jerk limiter defined

in Equation 3.12. The resulting acmd,k, rather than the unconstrained sum, is applied to

the plant. This uses the same final-command definition throughout the model.
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3.4.7 Parallel control block diagram

The patient controller and the assist controller operate in parallel, but the assistance

contribution is not directly added to the patient action. Instead, it is first processed by an

activation logic based on the real speed-tracking error. Therefore, the assist contribution is

effectively applied only when the tracking error exceeds the predefined threshold. Moreover,

it can be noticed that the upper feedback includes the human delay, which represents the

patient’s delayed perception of the vehicle speed.

The resulting parallel control architecture is shown in Figure 3.3.

Patient
controller

Assist PID

Activation logic

λassist,k
|ea,k| ≥ eth

Discrete
plant

Human delay

vref,k

eh,k ah,k

ea,k aa,k

aa,act,k

uk acmd,k

vk

ṽk

vk

+−

+

−

+

+

Figure 3.3: Parallel patient–assist longitudinal control architecture with threshold-based
assistance activation and final command saturation.

A closed-loop transfer function can be derived by considering a simplified linear represen-

tation of the control architecture. The following assumptions are introduced:

• the acceleration, speed and jerk saturations are neglected;

• the patient delay is approximated as an integer discrete-time delay;

• the assistance activation variable is assumed constant, λassist ∈ {0, 1};

• zero initial conditions are considered.

Under these assumptions, the human perception delay can be represented as

Dh(z) = z−dh , (3.57)
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where dh is the number of delayed samples. The patient and assist control actions are

therefore written as

Uh(z) = Ch(z) [Vref(z) − Dh(z)V (z)] , (3.58)

Ua(z) = Ca(z) [Vref(z) − V (z)] . (3.59)

The total control input is

U(z) = Uh(z) + λassistUa(z), (3.60)

while the linearised vehicle model satisfies

V (z) = G(z)U(z), G(z) =
Ts

z − 1
. (3.61)

Consequently, the local closed-loop transfer function from the reference velocity to the

vehicle velocity is

V (z)

Vref(z)
=

G(z) [Ch(z) + λassistCa(z)]

1 + G(z) [Ch(z)Dh(z) + λassistCa(z)]
(3.62)

For λassist = 0, Equation (3.62) describes the patient-only closed loop, whereas λassist = 1

represents the system when the assistance is active.

Since the complete implementation includes threshold-based switching, saturations and

jerk limitations, Equation (3.62) should be interpreted as a local linear representation

rather than as a global transfer function of the complete nonlinear system.
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3.5 Reference velocity profiles generation

In this section, the reference velocity profiles used for the simulations are introduced.

These profiles represent the output of the higher-level planning or macroscopic control

layer. For the purposes of this study, it is not crucial for them to be optimal, since the aim

is to observe how the patients react to them. On the contrary, different types of non-ideal

profiles are provided in order to simulate some critical situations. Actually, in real driving

conditions, drivers are not required to follow a perfectly predefined trajectory; instead,

they must respond to traffic conditions and unexpected events.

The selected velocity profiles are gathered in the Table 3.4

Reference profile Description

Trapezoidal The trapezoidal profile is composed of an acceleration

phase, a constant-speed cruise phase and a final

deceleration phase. It is used as a basic reference to test the

ability of the microscopic controller to follow smooth

acceleration and braking manoeuvres.

Sinusoidal The sinusoidal profile imposes a continuously varying

reference speed, saturated between zero and the road speed

limit. It is useful to analyse phase lag, tracking attenuation

and oscillatory behaviour.

Step The step profile introduces abrupt changes in the desired

speed. It is intentionally demanding and is used to evaluate

maximum tracking error, overshoot and settling time.

Exponential stop-and-go The exponential stop-and-go profile generates smooth

transitions between target speeds. It is useful to reproduce

stop-and-go behaviour without introducing instantaneous

speed jumps.

Table 3.4: Summary of the reference speed profiles implemented in the simulation frame-
work.
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3.6 Simulation scenarios

3.6.1 Base scenario

In the base scenario, only the EGO vehicle is present. The main objective is to isolate the

tracking behaviour of the patient and assist controllers without external safety constraints.

This scenario is appropriate for comparing patient profiles and checking the effect of delay,

gain and saturation.

3.6.2 Lead-brake scenario

In the lead-brake scenario, a yellow lead vehicle is introduced ahead of the EGO vehicle.

The leader initially accelerates towards its cruising speed and, when a set of gap and

velocity conditions is satisfied, performs an emergency braking manoeuvre until standstill.

The main parameters used in the trapezoidal-reference lead-brake simulations are reported

in Table 3.5.

Symbol Value Description

vlead,0 2.0 m/s Initial leader velocity, inherited from the initial value of the trapezoidal

profile.

xlead,0 120.0 m Initial longitudinal position of the lead vehicle.

xego,0 0.0 m Initial longitudinal position of the EGO vehicle.

Llead 4.8 m Lead-vehicle length used to compute the net inter-vehicle gap.

ginit 115.2 m Initial net gap, obtained as xlead,0 − xego,0 − Llead.

vlead,max 10.0 m/s Cruising-speed limit assigned to the lead vehicle.

alead,max 1.0 m/s2 Maximum leader acceleration during the initial phase.

gtrig 100.0 m Net-gap threshold enabling the emergency braking event.

alead,br −6.0 m/s2 Constant signed braking acceleration applied to the leader until stand-

still. Its magnitude is blead = 6.0 m/s2.

g0 12.0 m Static minimum distance included in the dynamically required gap.

Th 2.5 s Following time headway used to convert the gap error into a safe-

velocity correction.

bego 5.5 m/s2 Available EGO braking-deceleration magnitude, corresponding to

ASSIST_TOTAL_A_MIN = −5.5 m/s2.

τr 0.0 s Reaction delay used in the automatic safety-reference calculation. The

patient perception delay is modelled separately.

Table 3.5: Parameters used in the lead-brake simulation scenario.
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The net gap is measured between the front of the EGO vehicle and the rear of the leader:

gk = xlead,k − xego,k − Llead. (3.63)

The emergency braking event is activated only when all the following conditions are

simultaneously satisfied:

gk ≤ gtrig, (3.64)

vlead,k ≥ 0.95 vlead,max, (3.65)

vego,k ≥ 0.98 vmax. (3.66)

These additional velocity conditions prevent the leader from braking during the initial

acceleration phase of the simulation.

The safety calculation is based on a simplified constant-deceleration model. Road slope,

aerodynamic effects and actuation dynamics are neglected. Under these assumptions,

the stopping distance of a vehicle travelling at speed v with an available deceleration

magnitude b is

dstop =
v2

2b
. (3.67)

For the lead vehicle, considering a cruising speed of 10 m/s and a braking deceleration of

6 m/s2,

dlead =
102

2 · 6
≈ 8.33 m. (3.68)

The corresponding braking time is

tlead =
10

6
≈ 1.67 s. (3.69)

For the EGO vehicle, considering the maximum road speed vmax = 13.89 m/s and an

available deceleration magnitude of 5.5 m/s2,

dego =
13.892

2 · 5.5
≈ 17.54 m. (3.70)

For the online safety calculation, the stopping distances are evaluated at each simulation

step using the current velocities of the two vehicles:
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dego,k =
v2

ego,k

2bego

, (3.71)

dlead,k =
v2

lead,k

2blead

, (3.72)

where the braking-deceleration magnitudes are reported in Table 3.5.

The actual gap gk is then compared with a dynamically required gap, defined as

greq,k = g0 + vego,kτr + max (0, dego,k − dlead,k) , (3.73)

where g0 is the static minimum distance and τr is the reaction delay included in the

automatic safety calculation. Their values are reported in Table 3.5.

Therefore, the implemented required gap can be written as

greq,k = 12 + max

(

0,
v2

ego,k

2 · 5.5
−

v2
lead,k

2 · 6.0

)

. (3.74)

For example, considering the nominal velocities at the braking instant, vego = 13.89 m/s

and vlead = 10 m/s, the required gap is

greq = 12 + max

(

0,
13.892

2 · 5.5
−

102

2 · 6

)

≈ 21.21 m. (3.75)

The term dego,k − dlead,k represents the additional distance required when the EGO vehicle

needs more space than the leader to come to a complete stop.

The safe velocity is computed by converting the difference between the actual and required

gaps into a velocity correction:

vsafe,k = max
[

0, vlead,k +
gk − greq,k

Th

]

, (3.76)

where Th is the following time headway reported in Table 3.5. It converts the gap error

gk − greq,k into a velocity correction: a larger value of Th produces a smoother and less

aggressive reference adaptation.

When gk < greq,k, the safe velocity is reduced below the current leader velocity. Conversely,

when gk ≥ greq,k, the safe velocity may be higher than the leader velocity, since the available

distance is greater than the required one.

The safety layer is not allowed to increase the nominal reference velocity. Therefore, the

effective reference is defined as
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vref,k = min
(

vbase
ref,k, vsafe,k

)

. (3.77)

Consequently, vsafe,k acts as an upper bound on the nominal reference and modifies the

effective reference only when it is lower than vbase
ref,k.

In the current implementation, this gap-aware reference adaptation is applied to the control

architecture only in the lead-brake scenario when the assistance mode is enabled. When

assistance is disabled, the safety quantities are still computed for logging and analysis, but

the patient continues to follow the base reference and reacts to the leader braking event

after the patient-specific perception delay.

It is important to distinguish the different distance parameters used in the scenario. The

100 m threshold is only an event trigger that initiates the sudden braking manoeuvre of the

leader. The value g0 = 12 m is the static minimum distance, whereas greq,k is the dynamic

distance required according to the current vehicle velocities and braking capabilities. Under

the nominal conditions considered above, this dynamic distance is approximately 21.21 m.

The patient perception delay, which ranges from 0.6 to 1.6 s depending on the selected

profile, is modelled separately and is not included in the automatic safety calculation,

since τr = 0 s.
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3.7 Simulation loop and data logging

This section describes the simulation loop and the outputs it produces. The flowchart in

Figure 3.4 shows the operations performed by the Python pipeline in detail:

Advance the SUMO simulation by one sampling interval

Read EGO speed, route position, lane and Cartesian coordinates

Compute the base reference speed from the selected profile

If a lead vehicle is present, update its mo-

tion and compute the effective safe reference

Update the EGO speed history and obtain the delayed perceived speed

Compute the patient tracking error and

the patient acceleration contribution

Compute the assist contribution and ap-

ply the threshold-based activation logic

Combine patient and effective assist accelera-

tions and apply acceleration/jerk constraints

Propagate the discrete plant to obtain the next target speed

Send the target speed to SUMO using traci.vehicle.setSpeed

Store the current variables in the output CSV file

Figure 3.4: Main operations performed during each TraCI control cycle.

This cycle makes the connection between the mathematical model and the executable sim-

ulation explicit: the controller is evaluated once per sampling interval, and the acceleration

command is converted into a new speed target through the discrete plant equation.
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3.7.1 CSV output

Each simulation produces one CSV file with one row per time step. The most relevant

columns are summarised in Table 3.6.

CSV column Description

time_s Simulation time.

route_position_m EGO vehicle position along the route.

speed_ms Actual EGO vehicle speed.

base_reference_ms Ideal speed reference before safety adaptation.

reference_ms Effective reference speed after possible lead-vehicle

adaptation.

perceived_speed_ms Delayed speed perceived by the patient.

error_ms Patient tracking error.

patient_accel_ms2 Acceleration contribution generated by the patient

controller.

assist_accel_ms2 Acceleration contribution generated by the assist

controller.

accel_ms2 Total commanded acceleration applied to the vehicle.

lead_gap_m Actual distance from the lead vehicle, when present.

perceived_lead_gap_m Delayed perceived distance from the lead vehicle.

Table 3.6: Main columns stored in the simulation CSV output file.

67



3.7.2 Simulation summary

The simulation results are evaluated using a set of tracking, assistance and safety metrics,

whose main columns are summarised in Table 3.7.

Column Description

Simulation configuration

patient Selected patient profile.

profile_source Origin of the patient profile, e.g. predefined or

questionnaire-based.

patient_class Patient class associated with the selected profile.

discomfort_index Discomfort index used for questionnaire-generated profiles.

scenario Selected simulation scenario.

reference_profile Reference speed profile used in the simulation.

assist_enabled Whether the assist controller is enabled.

Simulation outcome

arrived Indicates if the EGO vehicle reached the end of the route.

collision_or_teleport Whether a collision or SUMO teleport occurred.

duration_s Total simulation duration.

final_position_m Final longitudinal position reached by the EGO vehicle.

Tracking performance

rmse_ms Root mean square speed-tracking error.

mae_ms Mean absolute speed-tracking error.

max_abs_error_ms Maximum absolute speed-tracking error.

max_overshoot_ms Maximum amount by which the EGO speed exceeds the

reference speed.

overshoot_time_s Total time spent above the reference speed.

settling_time_s Settling time, mainly used for step-reference simulations.

Assistance and safety indicators

assist_intervention_percentage Percentage of samples with threshold-based assistance

active.

min_lead_gap_m Minimum distance between the EGO vehicle and the lead

vehicle, when present.

time_below_safe_gap_s Time below the required safety gap in the lead-brake

scenario.

Table 3.7: Main columns stored in the summary.csv output file.
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Unless otherwise specified, all tracking metrics use the effective-reference error ek ≡ ea,k

defined in Equation 3.48.

For N recorded simulation samples, the root mean square error and mean absolute error

are defined as

RMSE =

⌜
⃓
⃓
⎷

1

N

N∑

k=1

e2
k, (3.78)

MAE =
1

N

N∑

k=1

|ek|. (3.79)

The maximum absolute tracking error is

emax = max
k

|ek|. (3.80)

The maximum overshoot is evaluated as the maximum amount by which the actual vehicle

speed exceeds the reference:

Mos = max
k

[max (vk − vref,k, 0)] . (3.81)

The total time spent above the reference velocity is computed as

tos = Ts

N∑

k=1

I (vk > vref,k) , (3.82)

where I(·) is the indicator function.

The percentage of time during which the assistance is active is defined as

Passist =
100

N

N∑

k=1

λassist,k. (3.83)

For the lead-brake scenario, the minimum measured gap is

gmin,measured = min
k

gk, (3.84)

while the time spent below the required safety gap is

tunsafe = Ts

N∑

k=1

I (gk < greq,k) . (3.85)
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4. Simulation scenarios and perfor-

mance evaluation

This chapter presents a set of simulation cases involving different patient profiles, reference

velocity trajectories and operating scenarios. The main objectives of the analysis are:

• to compare the tracking behaviour of the predefined patient profiles when following

different reference velocity trajectories;

• to quantify the tracking performance through the selected error, overshoot, settling-

time and assistance-intervention metrics;

• to evaluate the contribution of the assist controller and determine how frequently

external support is required;

• to analyse the response of the patient and assist controllers under a critical condition,

represented by the sudden braking of a lead vehicle;

• to assess whether the simulated longitudinal behaviour satisfies the tracking and

safety requirements defined for each scenario.

The ON/OFF comparisons illustrate selected profile–reference pairs: delayed with the

trapezoidal reference, cautious with the sinusoidal reference, normal with the step reference,

and reactive with the exponential reference. The delayed profile is also examined with

assistance in the lead-brake scenario because it collides in the unassisted case. These cases

cover different baseline behaviours and task demands; they do not constitute a complete

factorial comparison. Benefits must therefore be assessed within each pair, rather than

ranked across different profiles and references.

All speed and speed-error plots and tables use SI units (m/s); assistance thresholds are

expressed in the same units.

The predefined profiles should be interpreted as engineering parameterisations of different

levels of responsiveness, delay and comfort constraints. They are not intended to represent

clinically validated patient conditions.

70



4.1 Base scenario with trapezoidal reference

4.1.1 All patient profiles - assist OFF

Without assistance, RMSE ranges from 0.393 m/s for the reactive profile to 2.611 m/s

for the delayed profile. The delayed profile also has the largest overshoot, 4.580 m/s,

identifying a critical baseline for the subsequent ON/OFF comparison.

Objective: Evaluate the ability of different patient profiles to follow a simple reference

composed of acceleration, cruise and final deceleration.
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Figure 4.1: Speed tracking related to all patient profiles - trapezoidal reference, with
assistance disabled.
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Figure 4.2: Tracking error related to all patient profiles - trapezoidal reference, with
assistance disabled.
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Figure 4.3: Acceleration command - trapezoidal reference, with assistance disabled.
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Metric Normal Cautious Reactive Delayed

Duration [s] 122.5 124.8 121.2 134.9

RMSE [m/s] 0.832 1.402 0.393 2.611

MAE [m/s] 0.434 0.772 0.179 1.633

Max error [m/s] 2.660 3.170 2.442 6.153

Max overshoot [m/s] 1.138 2.301 0.390 4.580

Overshoot time [s] 14.0 16.3 13.8 26.4

Table 4.1: Summary metrics for the base scenario with trapezoidal reference and assistance
disabled.

4.1.2 Focus on delayed profile - assist ON/OFF

The delayed profile RMSE falls from 2.611 m/s to 0.651 m/s (75.1%), while maximum

overshoot decreases from 4.580 m/s to 1.246 m/s. Assistance is active for 12.9% of the run,

demonstrating a substantial benefit with intermittent support.
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Figure 4.4: Assist ON/OFF comparison and assist intervention logic - trapezoidal reference,
delayed profile.
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Metric Assist OFF Assist ON Improvement

Duration [s] 134.9 124.4 7.8%

RMSE [m/s] 2.611 0.651 75.1%

MAE [m/s] 1.633 0.386 76.3%

Max absolute error [m/s] 6.153 2.060 66.5%

Max overshoot [m/s] 4.580 1.246 72.8%

Overshoot time [s] 26.4 15.9 39.8%

Assist intervention [%] 0.0 12.9 –

Table 4.2: Assist OFF/ON comparison for the delayed patient profile in the base scenario
with trapezoidal reference.
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4.2 Base scenario with sinusoidal reference

Objective: Evaluate the ability of different patient profiles to follow a sinusoidal velocity

reference, in order to test the patient’s response to periodic accelerations and decelerations.

4.2.1 All patient profiles - assist OFF

The reactive profile has the lowest RMSE (0.720 m/s), while the cautious and delayed

profiles reach 3.305 m/s and 4.387 m/s, respectively. Repeated speed changes reveal the

effect of limited responsiveness even with a smooth reference.
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Figure 4.5: Speed tracking related to all patient profiles - sinusoidal reference, with
assistance disabled.
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Figure 4.6: Tracking error related to all patient profiles - sinusoidal reference, with
assistance disabled.
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Figure 4.7: Acceleration command - sinusoidal reference, with assistance disabled.
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Metric Normal Cautious Reactive Delayed

Duration [s] 194.7 212.8 193.6 217.1

RMSE [m/s] 1.755 3.305 0.720 4.387

MAE [m/s] 1.584 2.972 0.642 3.924

Max error [m/s] 2.475 5.581 2.055 8.348

Max overshoot [m/s] 1.590 3.029 0.315 4.441

Overshoot time [s] 96.0 92.8 97.3 92.7

Table 4.3: Summary metrics for the base scenario with sinusoidal reference and assistance
disabled.
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4.2.2 Focus on cautious profile - assist ON/OFF

For the cautious profile, RMSE decreases from 3.305 m/s to 1.062 m/s and maximum

overshoot from 3.029 m/s to 1.252 m/s, with assistance active for 29.7% of the run. Time

above the reference increases from 92.8 s to 96.0 s; therefore improved error amplitude does

not imply improvement in every metric.
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Figure 4.8: Assist ON/OFF comparison and assist intervention logic - sinusoidal reference,
cautious profile.
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Metric Assist OFF Assist ON Improvement

Duration [s] 212.8 194.6 8.6%

RMSE [m/s] 3.305 1.062 67.9%

MAE [m/s] 2.972 1.008 66.1%

Max absolute error [m/s] 5.581 2.001 64.1%

Max overshoot [m/s] 3.029 1.252 58.7%

Overshoot time [s] 92.8 96.0 -3.4%

Assist intervention [%] 0.0 29.7 –

Table 4.4: Assist OFF/ON comparison for the cautious patient profile in the base scenario
with sinusoidal reference.
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4.3 Base scenario with step reference

Objective. Analyse maximum error, overshoot and settling time after abrupt reference

changes.

4.3.1 All patient profiles - assist OFF

The step reference produces maximum errors above 10 m/s for all profiles, since speed

cannot follow an instantaneous reference change. Settling time ranges from 46.9 s for the

reactive profile to 62.6 s for the delayed profile.
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Figure 4.9: Speed tracking related to all patient profiles - step reference, with assistance
disabled.
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Figure 4.10: Tracking error related to all patient profiles - step reference, with assistance
disabled.
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Figure 4.11: Acceleration command - step reference, with assistance disabled.
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Metric Normal Cautious Reactive Delayed

Duration [s] 175.8 180.2 173.9 184.6

RMSE [m/s] 2.605 3.229 1.989 3.852

MAE [m/s] 1.123 1.770 0.667 2.631

Max error [m/s] 10.200 10.268 10.200 10.881

Max overshoot [m/s] 9.200 9.197 9.200 8.764

Overshoot time [s] 40.8 57.0 53.0 56.7

Settling time [s] 53.8 58.2 46.9 62.6

Table 4.5: Summary metrics for the base scenario with step reference and assistance
disabled.
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4.3.2 Focus on normal profile - assist ON/OFF

For the normal profile, RMSE decreases from 2.605 m/s to 1.469 m/s, and settling time

decreases from 53.8 s to 31.0 s, with assistance active for 8.7% of the run. The maximum

error and overshoot remain unchanged, consistent with abrupt reference changes and

bounded acceleration.
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Figure 4.12: Assist ON/OFF comparison and assist intervention logic - step reference,
normal profile.
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Metric Assist OFF Assist ON Improvement

Duration [s] 175.8 172.7 1.8%

RMSE [m/s] 2.605 1.469 43.6%

MAE [m/s] 1.123 0.424 62.2%

Max absolute error [m/s] 10.200 10.200 0.0%

Max overshoot [m/s] 9.200 9.200 0.0%

Overshoot time [s] 40.8 37.3 8.6%

Settling time [s] 53.8 31.0 42.4%

Assist intervention [%] 0.0 8.7 –

Table 4.6: Assist OFF/ON comparison for the normal patient profile in the base scenario
with step reference.
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4.4 Base scenario with exponential stop-and-go

reference

Objective: Evaluate the response of the patient profiles to a stop-and-go speed demand

characterised by smooth acceleration and deceleration transitions. This scenario is used to

test the ability of the microscopic controller to follow repeated speed changes without the

discontinuities introduced by the step reference.

4.4.1 All patient profiles - assist OFF

The smoother stop-and-go reference yields RMSE values from 0.489 m/s for the reactive

profile to 2.694 m/s for the delayed profile. The delayed profile also exhibits the largest

overshoot (5.484 m/s), showing that smooth transitions alone do not remove patient

limitations.
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Figure 4.13: Speed tracking related to all patient profiles - exponential stop-and-go
reference, with assistance disabled.
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Figure 4.14: Tracking error related to all patient profiles - exponential stop-and-go reference,
with assistance disabled.
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Figure 4.15: Acceleration command - exponential stop-and-go reference, with assistance
disabled.
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Metric Normal Cautious Reactive Delayed

Duration [s] 148.5 151.8 147.8 156.4

RMSE [m/s] 1.061 1.867 0.489 2.694

MAE [m/s] 0.611 1.157 0.245 1.924

Max error [m/s] 4.022 5.683 3.263 7.086

Max overshoot [m/s] 1.873 3.694 0.651 5.484

Overshoot time [s] 48.2 47.6 49.2 47.9

Table 4.7: Summary metrics for the base scenario with exponential reference and assistance
disabled.

4.4.2 Focus on reactive profile - assist ON/OFF

The reactive profile already has an unassisted RMSE of 0.489 m/s; assistance reduces it to

0.199 m/s while intervening for only 0.6% of the run. Maximum overshoot and time above

the reference remain unchanged, so the benefit concerns selected tracking-error measures

rather than all response characteristics.
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Figure 4.16: Assist ON/OFF comparison and assist intervention logic - exponential stop-
and-go, reactive profile.
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Metric Assist OFF Assist ON Improvement

Duration [s] 147.8 147.7 0.1%

RMSE [m/s] 0.489 0.199 59.3%

MAE [m/s] 0.245 0.078 68.1%

Max absolute error [m/s] 3.263 2.215 32.1%

Max overshoot [m/s] 0.651 0.651 0.0%

Overshoot time [s] 49.2 49.2 0.0%

Assist intervention [%] 0.0 0.6 –

Table 4.8: Assist OFF/ON comparison for the reactive patient profile in the base scenario
with exponential reference.
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4.5 Lead-brake scenario with trapezoidal reference

Objective. Compare the unassisted behaviour of the patient profiles when a lead vehicle

brakes ahead of the EGO vehicle. This test is used to identify the most critical profile in

terms of both tracking performance and longitudinal safety, considering metrics such as

the minimum lead gap and the time spent below the required safety distance.

4.5.1 All patient profiles - assist OFF

The reactive, normal and cautious profiles remain collision-free, with minimum gaps of

70.749 m, 41.800 m and 13.847 m. The delayed profile collides at 60.1 s, after 1.3 s below

the required safety gap; its terminated run should not be compared directly with complete

runs.
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Figure 4.17: Speed tracking related to all patient profiles - trapezoidal reference with assist
disabled - lead-brake scenario.

91



0 50 100 150 200 250 300

time [s]

0

Real speed error

cautious

delayed

normal

reactive

assist deadband

assist threshold

2.78

5.56

8.33

11.11

13.89

re
fe

re
nc

e 
- a

ct
ua

l s
pe

ed
 [m

/s
]

Figure 4.18: Tracking error related to all patient profiles - trapezoidal reference with assist
disabled - lead-brake scenario.
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Figure 4.19: Acceleration command - trapezoidal reference with assist disabled - lead-brake
scenario.
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Figure 4.20: Gap to the lead vehicle for all four patient profiles with assistance disabled.
The safe-gap boundary and unsafe region are indicated; the delayed-profile run terminates
after a collision.
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Figure 4.21: Emergency braking lead-vehicle scenario for the four patient profiles - SUMO
GUI view.
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Metric Reactive Normal Cautious Delayed

Collision No No No Yes

Minimum lead gap [m] 70.749 41.800 13.847 –

Below safe gap No No No Yes

Time below safe gap [s] 0.0 0.0 0.0 1.3

Final position [m] 212.400 282.300 369.300 576.300

Simulation duration [s] 300.1 300.1 300.1 60.1

Table 4.9: Safety-oriented summary metrics for the emergency braking lead-vehicle scenario
with assistance disabled.

4.5.2 Focus on delayed profile - assist ON

With assistance enabled, the delayed profile avoids the collision observed in the unassisted

case. The minimum gap reported in Figure 4.24 is approximately 14.1 m; this positive

separation is a result for this simulation and does not establish a general safety guarantee.
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Figure 4.22: EGO, lead and effective-reference speeds for the delayed profile in the lead-
brake scenario, with assistance enabled.
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Figure 4.23: Tracking error and threshold-based assistance activation for the delayed
profile in the lead-brake scenario, with assistance enabled.
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Figure 4.24: Lead-vehicle gap for the delayed profile with assistance enabled. The minimum
recorded separation is approximately 14.1 m, and no collision occurs in this run.
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Figure 4.25: Emergency braking lead-vehicle scenario for delayed profile - assist ON.

Indicator Assist OFF Assist ON

Collision Yes No

Minimum lead gap [m] – ≈ 14.1

Table 4.10: Safety comparison for the delayed profile in the lead-brake scenario. The
unassisted run terminates following a collision.
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4.6 Discussion of simulation results

The cases presented in the previous section are useful to evaluate and demonstrate the

behaviour of the proposed framework.

In particular, starting from the results, it is possible to compare the response of different

patient profiles, to analyse the influence of the reference speed profile, and to evaluate the

effectiveness of the assist controller when the patient response is not sufficient.

The following subsections discuss patient parameters, reference demands, assistance bene-

fits, the lead-brake case and the limitations of the framework. The overall findings are

summarised in the Conclusions.

4.6.1 Different interpretations of the patient profiles

The comparison between the four patient profiles shows that the parameters used to

describe the patient have a direct effect on the tracking performance.

The reactive profile generally provides the best tracking results, since it is characterised

by a higher gain, a shorter reaction delay and less restrictive acceleration and jerk limits.

As a consequence, this profile is able to react more promptly to changes in the reference

speed.

The normal profile represents an intermediate condition. Its performance is worse than the

reactive profile, but it remains acceptable in most of the tested scenarios. This behaviour

is consistent with the idea of a patient who is able to follow the reference trajectory, but

with a certain delay and with smoother acceleration commands.

The cautious and delayed profiles are more critical. The cautious profile reacts smoothly

but less promptly, while the delayed profile combines a low gain with a large perception

delay and restrictive acceleration limits. This produces larger tracking errors, longer

manoeuvre durations and higher overshoot, especially when the reference speed changes

rapidly.

Therefore, these profiles are useful to stress the control framework and to evaluate when

the assist controller becomes necessary.

From another perspective, the profiles may also be interpreted as illustrative levels of

longitudinal driving capability within the same modelling framework. In a future clinically

validated implementation, variations in the identified parameters could potentially be used

to describe changes in a patient’s driving performance over the rehabilitation process.

However, the predefined profiles adopted in this work are not intended to represent

validated stages of clinical recovery.
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As a hypothesis for future clinical investigation, changes in identified parameters could

be associated with changes in an individual patient’s driving ability during rehabilitation.

The simulations do not demonstrate transitions between the predefined profiles or establish

that they correspond to stages of recovery.

4.6.2 Interpretation of the reference speed profiles

The reference profiles impose different tracking demands: acceleration and cruising,

repeated smooth variations, abrupt changes and stop-and-go motion. The selected ON/OFF

cases illustrate assistance under these different demands; they do not establish a clinically

validated correspondence between a task and a patient condition.

Indeed, the trapezoidal reference represents the simplest case, because it is composed of a

smooth acceleration phase, a constant-speed phase and a final deceleration phase. In this

scenario, the differences between patient profiles are clearly visible, but the tracking task

remains relatively regular. The delayed profile is the most critical one, showing the largest

tracking error and overshoot.

The sinusoidal reference is more demanding because the vehicle has to continuously

accelerate and decelerate. In this case, the effect of patient delay becomes more evident. A

delayed or cautious response introduces a phase lag with respect to the reference, increasing

the tracking error even if the reference profile itself is smooth. This confirms that the

performance of the patient model does not depend only on the amplitude of the reference

speed, but also on how frequently the reference changes.

The step reference is the most severe tracking test. Since the reference speed changes

abruptly, all patient profiles show high maximum errors and overshoot. This result is

expected, because the vehicle speed cannot change instantaneously and the acceleration

command is limited by physical and comfort-related constraints. Therefore, the step

profile is useful as a stress test, but it is less representative of a comfortable real driving

manoeuvre.

After the deliberately severe step-reference test, a smoother stop-and-go profile is considered

to reproduce a more realistic urban driving pattern. It introduces repeated speed changes,

but with smoother transitions than the step profile. For this reason, it is more realistic

for urban stop-and-go behaviour. The results show that smoother references are easier to

track and reduce the need for aggressive assistance.

4.6.3 Effectiveness of the assist controller

The assist controller improves the tracking performance especially when the patient profile

is weak or delayed. This is evident in the trapezoidal case, where the delayed profile
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benefits significantly from the activation of the assistance. The reduction of the root mean

square error, mean absolute error and overshoot shows that the assist controller is able to

compensate part of the patient delay and limited responsiveness.

An important aspect is that the assistance is not continuously active. Thanks to the

threshold-based activation logic, the assist controller intervenes only when the real tracking

error exceeds the predefined acceptable region. This makes the control strategy less

invasive, because the patient remains the main controller when the tracking error is small.

The simulation results also show that the benefit of the assistance depends on the initial

patient condition. For example, the reactive profile in the exponential-reference case

requires assistance for only 0.6% of the run. Its RMSE decreases by 59.3%, although the

absolute reduction is relatively small (0.290 m/s). This is a positive result, because it

means that the assistance does not unnecessarily replace a patient who is already able to

perform the task.

On the contrary, for cautious or delayed profiles, the assistance becomes more relevant.

In these cases, the controller provides an additional corrective action that reduces the

tracking error and improves the overall response. Therefore, the assist controller can be

interpreted as a threshold-activated support mechanism: it is almost inactive for good

driving performance, but becomes active when the patient response is not sufficient.

4.6.4 Analysis of the lead-brake scenario

The lead-brake scenario introduces an external disturbance and allows the safety behaviour

of the microscopic framework to be evaluated. In this case, the EGO vehicle does not only

have to follow the reference speed, but also has to react to the sudden braking of a vehicle

ahead.

The results show that the reactive and normal profiles maintain a comfortable safety

margin, while the cautious profile approaches the required safety boundary more closely

without violating it. The delayed profile represents the critical case, leading to a collision

when assistance is disabled. This result is consistent with the structure of the model: a

large perception delay and restrictive braking capability reduce the ability of the patient

to react promptly to the lead vehicle deceleration.

This scenario is particularly important because it shows that good speed tracking is not the

only objective of the control framework. In a realistic driving situation, safety constraints

must also be considered. A patient may be able to follow a reference speed in a simple

base scenario, but may still become unsafe when an unexpected event occurs. For this

reason, the lead-brake scenario provides useful information about the limits of each patient

profile.
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4.6.5 Strengths, limitations and possible extensions

The framework connects the discrete-time model to its Python implementation and uses

SUMO to visualise and record vehicle motion. Different patient behaviours can be compared

within the same architecture by varying gains, delay and acceleration or jerk limits.

The main limitation is the simplified vehicle model: a speed integrator omits mass,

aerodynamic drag, rolling resistance, powertrain dynamics, actuator delay and tyre–road

interaction. The results therefore concern high-level longitudinal control under the stated

assumptions.

A second limitation is related to the patient model. The predefined patient profiles are

useful for simulation purposes, but they are not derived from experimental clinical data.

Therefore, they should be interpreted as representative behaviours rather than validated

medical profiles.

Indeed, a first possible improvement can consist in an integration of clinical-medical data

with the control solutions. The questionnaire-based procedure introduced in Section 3.4.3

provides a preliminary method for selecting patient parameters, but it should currently be

regarded only as a mock-up.

The assist controller is implemented as a PID controller with threshold-based activation.

A possible extension is a microscopic MPC that predicts vehicle motion while considering

tracking, comfort and safety constraints. Its benefit would need to be measured against

the current PID baseline using the same scenarios, together with solver execution time,

the ability to complete optimisation within the sampling interval of 0.1 s, implementation

complexity and computational hardware requirements. No such comparison is performed

here.

Furthermore, the simulated environment is kept intentionally simple. The road is straight

and the number of surrounding vehicles is limited. Future developments could introduce

background traffic into the microscopic longitudinal-control experiments, which currently

use only the EGO vehicle or an EGO–lead pair. Background traffic is already present

in the traffic-level framework described in Chapter 2. Further vehicle-level tests could

consider multiple lead vehicles, urban intersections, traffic lights, lane changes and variable

speed limits.

Finally, a relevant future improvement would be the integration of the proposed microscopic

control framework with the macroscopic MPC-based controller developed in parallel by

A. Galassi [13]. The macroscopic controller is designed to generate optimal vehicle speed

profiles according to traffic-level objectives. These profiles could replace the predefined

reference trajectories currently used in the microscopic simulation, providing the EGO

vehicle with dynamically optimised speed references.

Figure 4.26 illustrates the proposed integration through a conceptual scheme of the nested
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traffic-level and vehicle-level control loops.

Outer loop — macroscopic, T = 5 s

Inner loop — microscopic (Faiola), Ts = 0.1 s
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Figure 4.26: Conceptual nested-loop architecture for the future integration of traffic-level
MPC and microscopic longitudinal control. Diagram produced by A. Galassi.
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Conclusions

The work developed in this thesis was motivated by a gap that emerged from the analysis

of the literature. Driving rehabilitation, human-driver modelling, shared-control strategies

and traffic simulation are often investigated as separate topics, while only limited attention

is devoted to frameworks in which patient-specific limitations, assistive control and traffic

interaction are considered together.

The proposed work was therefore aimed at providing a first integrated engineering frame-

work in which the patient remains an active component of the driving task, while automated

assistance is introduced only when the patient’s response becomes insufficient. From this

point of view, the obtained results are coherent with the original objective of the thesis.

The simulation campaign showed that the selected patient parameters are able to generate

clearly different longitudinal behaviours. More responsive profiles are generally capable

of following the reference with limited error, whereas cautious and delayed profiles show

larger tracking errors and a greater difficulty in reacting to variations in the driving task.

This confirms that the framework is able to reproduce different levels of driving capability

without changing the overall control architecture.

The assist-as-needed strategy also produced encouraging results. The benefit of the

assistance was found to depend on the initial patient condition: when the patient was

already able to perform the task satisfactorily, the assist controller remained almost

inactive, while its contribution became more relevant for the more critical profiles. In the

delayed case, for example, significant reductions in tracking error were obtained without

requiring continuous intervention. This behaviour is consistent with the rehabilitation

objective of supporting the patient rather than completely replacing his or her action.

The critical lead-brake scenario further showed that the evaluation of the system cannot

be limited to reference tracking alone. A patient may exhibit an acceptable response

under nominal conditions and still become unsafe when an unexpected event occurs. The

collision observed for the delayed profile in the unassisted case highlights the importance

of considering responsiveness, safety and assistance requirements together within the same

simulation environment.

Overall, the results suggest that the proposed framework represents a useful proof of
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concept for the study of personalised longitudinal assistance in a rehabilitation-oriented

driving context. Its main value does not lie in the complexity of the individual control

components, but in their integration within a common structure that makes it possible to

compare patient conditions, driving tasks and assistance requirements in a repeatable way.

At the same time, the conclusions that can be drawn from the present work must be

interpreted in light of its limitations. The vehicle dynamics are intentionally simplified,

and the predefined patient profiles are engineering parameterisations rather than clinically

validated models. Similarly, the questionnaire-based personalisation procedure should

currently be regarded as a preliminary concept rather than a medical assessment tool. For

these reasons, the numerical results should not be interpreted as direct predictions of the

behaviour of real patients.

Nevertheless, within these assumptions, the developed framework achieved the main

objective of the thesis: demonstrating that patient-specific behaviour, assist-as-needed

longitudinal control and traffic simulation can be combined in a coherent and modular

architecture. This provides a meaningful basis for more realistic and clinically grounded

developments, while preserving the central idea of a rehabilitation system in which

automation supports the patient only when necessary.
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