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Abstract
This work aims to investigate how disturbance-aware, robustness-embedding reference trajectories 
translate into actual driving performance when executed by professional drivers in a dynamic driving 
simulator. The study compares three planned reference trajectories against a free-driving baseline 
(NO-REF) to assess the trade-offs between lap time (LT) performance and steering effort: NOM, 
the nominal time-optimal trajectory; TLC, a track-limit-robust, time-optimal trajectory obtained by 
tightening margins to the track edges; and FLC, a friction-limit-robust, time-optimal trajectory 
obtained by tightening against axle/tire saturation. All reference trajectories share the same minimum 
LT objective with a small steering-smoothness regularizer, and are evaluated with two professional 
drivers driving a high-performance car on a virtual track.

The reference trajectories stem from a disturbance-aware minimum-LT framework recently 
proposed by some of the authors, where worst-case disturbance growth is propagated over a finite 
horizon and used to tighten tire-friction and track-limit constraints, preserving performance while 
delivering probabilistic safety margins.

LT and steering energy (SE) are evaluated as indicators of driving performance and steering 
effort, respectively, while RMS values of lateral deviation, speed error, and drift angle are used to 
characterize driving style. The results reveal a Pareto-like trade-off between LT and SE: NOM 
achieves the shortest LT, but with the highest SE, TLC minimizes SE at the expense of longer LT, 
while FLC lies near the efficient frontier, markedly reducing SE relative to NOM with only a minor 
LT increase. Removing reference trajectories (NO-REF) leads to both higher SE and longer LT, 
confirming that trajectory guidance improves pace and control efficiency. Overall, the findings 
highlight reference-based and disturbance-aware planning, particularly the FLC variant, as effective 
tools for training and for achieving fast yet stable trajectories.
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1.  Introduction

Vehicle stability is a central topic in automotive engi-
neering, as it concerns a road vehicle’s ability to 
maintain a desired trajectory and attitude when 

subjected to external disturbances, driver inputs, and 
variable road conditions. From a dynamics perspective, 
stability encompasses the control of lateral, longitudinal, 
and vertical motions, and is strongly influenced by vehicle 
parameters such as mass distribution, suspension 
geometry, tire characteristics, and steering system design.

Over the last decades, the growing demand for safety 
and performance has motivated extensive research on 
the mechanisms leading to loss of stability, including 
skidding, spin-out, and rollover, as well as on the develop-
ment of active control systems to prevent them. Advanced 
systems such as Anti-lock Braking Systems (ABS), Traction 
Control Systems (TCS), and Electronic Stability Control 
(ESC) exploit real-time sensing and actuation to compen-
sate for the intrinsic limitations of the vehicle–road–driver 
system, significantly improving handling robustness in 
critical maneuvers. In this context, both experimental 
testing and high-fidelity simulation play a key role in 
understanding stability limits and in validating new control 
strategies under reproducible and safety-critical scenarios.

Several strategies have been proposed in the scien-
tific literature to assess vehicle stability. A common 
practice in control-oriented studies is to impose empirical 
bounds on selected state variables. Limits on the vehicle 
side-slip angle, for instance, are frequently employed in 
yaw-stability and ESC design [1, 2]. A more model-based 
research line analyzes simplified lateral-yaw dynamics—
typically with single-track formulations—to characterize 
equilibrium configurations and their stability through 
bifurcation methods. Comprehensive continuation studies 
have revealed phenomena such as saddle-node and Hopf 
transitions in response to changing inputs and tire char-
acteristics [3]. Complementary phase-portrait-based 
approaches provide geometric insight into stability 
boundaries and controller effects in the β–r plane [4], and 
have been further extended to coupled lateral-longitudinal 
dynamics through three-dimensional state portraits [5].

Beyond the identification of stable steady states, an 
important question in nonlinear dynamics concerns the 
estimation of the Regions of Attraction (ROAs), i.e., the 
sets of initial conditions that converge asymptotically to 
a desired equilibrium. Recent work has estimated ROAs 
by adopting enhanced tire models [6] or multi-point 
linearization techniques [7]. Another promising approach 
is based on Sum-of-Squares (SOS) programming, which 
enables systematic ROA computation through polynomial 
Lyapunov functions obtained via semidefinite program-
ming. Several applications to vehicle lateral dynamics 
have already used SOS techniques to estimate stability 
regions [8, 9].

Alternative quantitative indicators include Lyapunov 
exponents to measure convergence rates and capture 

how disturbances decay during aggressive maneuvers 
[10]. However, asymptotic stability indicators offer limited 
operational guidance for planning: a point along the 
planned trajectory may lie inside the ROA of a stable 
equilibrium even if that equilibrium is reached far ahead 
in time or outside the admissible domain (e.g., off track), 
which makes asymptotic guarantees only loosely 
connected to the short-horizon constraint satisfaction 
required in practice.

From a planning-and-control perspective, model 
predictive control (MPC) directly encodes finite-horizon 
constraints and performance objectives over predicted 
trajectories, which is better aligned with the constraint 
satisfaction that track-oriented and disturbance-aware 
planners must guarantee in practice. Tube-based robust 
MPC has been developed for autonomous path tracking 
under additive disturbances, actuator limits, and road–tire 
adhesion variability [11, 12]. Stochastic, distributionally 
robust, and fail-safe-augmented MPC formulations 
instead target uncertainty from surrounding traffic—
including lane-change behavior and multimodal intersec-
tion maneuvers—often combining scenario trees or clas-
sifiers with explicit safety mechanisms [13–15]. Closely 
related optimization-based and learning-enhanced racing 
MPC strategies operate close to tire-force limits, using 
contouring objectives and uncertainty-aware dynamics 
to improve lap-time (LT) performance while preserving 
constraint satisfaction [16–18]. Together with the stability-
analysis tools reviewed above, these lines of work 
motivate validation settings in which robustness-oriented 
planning criteria are exercised under realistic disturbances 
and human execution, as pursued later in this article.

Building on theoretical studies that analyze the mech-
anisms of vehicle stability and loss of control, dynamic 
driving simulators offer a powerful experimental platform 
to test and further investigate these phenomena in a 
controlled, repeatable, and risk-free environment. By 
allowing critical maneuvers and near-limit conditions to 
be  safely reproduced, simulators enable systematic 
assessment of how drivers and vehicles behave close to 
the stability boundaries identified by theory, and how 
control strategies perform under such conditions. At the 
same time, their usefulness depends on how well simu-
lator behavior reproduces real driving: a recent systematic 
review [19] shows that simulators can often achieve 
acceptable validity, but also highlights cases of mismatch 
and methodological limitations, underlining the need for 
rigorous validation and transparent reporting when using 
simulators for vehicle stability studies. In this direction, 
model-based validity assessment using fitted driver-
control models has been proposed to quantify whether 
simulator-induced behavior changes preserve the relevant 
control mechanisms for near-limit tasks [20].

Driving simulators have been widely used to inves-
tigate vehicle stability in specific safety-related contexts. 
In [21], simulator tests with different vehicle speeds and 
crosswind profiles, including uniform and transient gusts, 
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are carried out to study how crosswind-induced forces 
affect lateral deviation, yaw response, and controllability 
on expressways. The resulting data are used to support 
safety-related decisions, such as defining expressway 
closure criteria and designing wind barriers. Driving simu-
lators have also been employed to study sudden vehicle 
faults and their impact on controllability. In [22], drivers 
perform motorway-speed simulator tests in which single 
wheel hub motor failures are artificially triggered under 
straight-line and cornering conditions, creating strong 
yaw disturbances and longitudinal decelerations. The 
objective of these experiments is to quantify driver 
reaction times and resulting path deviations, and to 
assess the safety-criticality of such failures. Driving-
simulator experiments on truck platooning are conducted 
in [23] to develop and validate a quantitative stability 
index for drivers’ psychological stability under different 
time gaps and visualization conditions (with/without a 
see-through function). The tests relate vehicle-motion 
metrics and visual information to perceived comfort and 
safety in closely spaced platoons, addressing driver 
acceptance and subjective stability.

Beyond safety-oriented applications, driving simula-
tors have been instrumental in validating theoretical 
frameworks for vehicle stability and loss of control. A 
further line of research focuses on the straight-ahead 
stability of passenger cars. In [24], nonlinear bifurcation 
analysis is combined with experiments in a dynamic 
driving simulator to study how passenger cars lose 
straight-running stability as speed and disturbance levels 
increase, for both understeering and oversteering setups. 
In this case, the simulator experiments primarily serve to 
validate theoretical predictions about stability boundaries 
and loss-of-control mechanisms in straight-line driving. A 
broader theoretical perspective on stability with the driver 
in the loop is provided in [25], where a nonlinear vehicle-
driver model is analyzed using bifurcation theory and 
Lyapunov methods, and then validated through experi-
ments in a dynamic driving simulator. In this study, simu-
lator runs are mainly used to confirm and illustrate the 
predicted domains of attraction and loss-of-control trajec-
tories after disturbances, embedding them into a global 
stability framework for everyday road driving. In [26], 
dynamic models of the vehicle-driver system are 
combined with driving-simulator and track experiments 
to analyze how drivers lose control after strong distur-
bances such as severe lane changes, wind gusts, or road 
irregularities. The test program concentrates on the onset 
and evolution of instability and loss-of-control trajectories 
near the stability boundary.

Understanding driver behavior and interaction with 
the vehicle is crucial for comprehensive stability analysis. 
In [27], the authors investigate, using a dynamic driving 
simulator, how the driver interacts with the steering wheel 
during cornering, in order to detect driving strategies. 
Such driving strategies enable the derivation of accurate 
holistic driver models for enhancing safety. Along the 

same line, sensory-informed driver steering models have 
shown how perceptual dynamics and delays can alter 
closed-loop stability margins, especially near the nonlinear 
handling limit [28]. Another important application of 
driving simulators is comparative vehicle dynamics testing. 
In [29], motion-based simulator experiments with heavy 
vehicles are used to evaluate whether drivers can reliably 
perceive handling differences induced by systematic varia-
tions of key parameters such as suspension and steering 
characteristics, combining subjective ratings with objec-
tive measurements. The main goal of these tests is to 
support early stage vehicle dynamics development and 
parameter tuning in a cost-effective way. The handling 
performance of ultra-efficient lightweight vehicles (quad-
ricycles) is studied in a dynamic driving simulator in [30]. 
The proper mechanical actions on the driver make the 
simulations trustworthy, enabling reliable assessment of 
handling characteristics for this class of vehicles.

Moving toward control-oriented applications, driving 
simulators enable validation of active systems designed 
to compensate for disturbances and enhance stability. In 
[31], driver-in-the-loop simulations at a dynamic driving 
simulator were performed for deriving a new electric 
power steering system able to give proper steering 
feedback in case of high torque vectoring at the front 
axle. Such a torque can be seen as a disturbance to the 
driver, and the simulator tests enable validation of the 
compensation strategy under realistic driving conditions. 
A more control-oriented use of driving simulators is 
presented in [32], where a real-time Hardware-in-the-
Loop setup is used to compare advanced lateral stability 
controllers (LQR and sliding-mode) against a commercial 
ESP through standardized but stressed maneuvers such 
as step steer, sine steer, and lane-change. These tests 
mainly serve to benchmark and refine stability control 
strategies near the limits of adhesion in demanding yet 
repeatable scenarios. In [33], future vehicles are studied, 
aiming to exclude the human factor in limiting handling 
maneuvers. A dynamic driving simulator is used to 
compare robotic controllers with human drivers, showing 
that robotic controllers can outperform human drivers 
and posing interesting design challenges for future 
automated vehicles.

While most simulator-based studies focus on road–
vehicle applications, recent work has begun exploring 
motorsport contexts. Exploiting a dynamic driving simu-
lator, in [34] the authors show how to detect as quickly 
as possible whether the driver will lose control of a vehicle, 
after a disturbance has occurred. A degree of stability for 
the vehicle-and-driver combination is proposed that 
appears readily applicable to motorsport scenarios.

Building on these contributions, while [34] touches 
on motorsport applications, most of the cited simulator-
based studies are framed around road–vehicle applica-
tions, such as crosswind safety, driveline failures, global 
stability in everyday driving, platooning comfort, or early 
stage vehicle dynamics development, and do not explicitly 
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  FIGURE 1    Single-track model used as a basis for our 
stochastic vehicle dynamics model.
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target sustained, near-limit motorsport operation with 
robust planning strategies. In contrast, the present work 
takes the disturbance-aware minimum-LT planner 
recently proposed in [35] and brings it to the DriSMi 
driving simulator [36], using professional drivers capable 
of operating at high performance on a race-like track to 
assess how robustness-embedding criteria translate into 
actual driving. Specifically, the open-loop, covariance-
based framework in [35, Section 3] is used to generate 
three reference trajectories—nominal time-optimal 
(NOM), track-limit-robust (TLC), and friction-limit-robust 
(FLC)—which are compared with a free-driving baseline 
(NO-REF). This enables quantification of how robustness-
oriented constraint tightening influences LT, steering 
effort, and tracking/style indicators once human drivers 
attempt to execute these trajectories at high performance.

The rest of the article is organized as follows. Section 
2 revisits the open-loop disturbance-aware planner, 
detailing the vehicle model, uncertainty propagation, and 
the constraint-tightening mechanisms that yield the three 
reference trajectories (NOM, TLC, FLC). Section 3 docu-
ments how telemetry from the high-fidelity 14-DoF simu-
lator was used to calibrate the single-track surrogate so 
that planning and execution remain consistent. Section 4 
introduces the drivers, simulator setup, reference-gener-
ation protocol, and evaluation metrics, and outlines the 
randomized test campaign including the free-driving 
baseline NO-REF. In Section 5 LT, steer energy, and 
tracking indicators are reported and discussed, high-
lighting the LT–SE trade-offs that emerge from the 
different references. Finally, Section 7 summarizes the 
main findings and discusses limitations and future 
research directions.

2.  Open-Loop Disturbance-
Aware Planning
This section recalls the essential notions of the distur-
bance-aware, robustness-embedding framework 
employed for trajectory planning (hereafter referred to 
as the lapsim planner). For a comprehensive treatment 
of the theoretical foundations, implementation details, 
and algorithmic aspects, the reader is referred to [35].

2.1.  Vehicle and Disturbance 
Model
The planner relies on the nonlinear Single-Track model 
[37] with nonlinear tire characteristics and open differen-
tial schematically depicted in Figure 1. The state vector  
x = (u, v, r, xG, yG, ψ)T collects longitudinal and lateral veloci-
ties, yaw rate, and the pose of the vehicle with respect 
to the center of mass (CoM). The control input u = (X2,a, 
X2,b, δ)T includes the rear-axle acceleration force X2,a, the 

braking force X2,b (distributed between axles via brake 
balance), and the steering angle δ. Let f(x, u) denote the 
resulting dynamics, where lateral forces Yj(x, u) follow 
Pacejka’s Magic Formula and vertical loads Zj(x, u) capture 
load transfer. In open loop, stochastic perturbations 
related to the uncertainty on the vehicle state are modeled 
as additive Gaussian noise w(t),

  ( ) ( ) ( )( ) ( ) ( ) ( )( ), , ~ ,t f t t t t t= + 0x x u w w Q 	 (1)

where ( )( ), t0 Q  denotes a Gaussian distribution with 
0 mean and covariance matrix Q(t).

2.2.  Mean and Covariance 
Propagation
Assuming a first-order disturbance propagation, the state 
becomes Gaussian with mean μ(t) and covariance P(t). 
The mean trajectory satisfies

	 ( ) ( ) ( )( ) ( ) 0, , 0t f t t= =µ µ µ µu 	 (2)

while the covariance evolves through the Lyapunov 
differential equation

	 ( ) ( ) ( ) ( ) ( ) ( ) ( ) 0 0, 0T Tt t t t t t= + + = =P A P P A Q P P P 	  
(3)
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with Jacobian A(t)  =  ∂f/∂x|(μ(t), u(t)) This approximation 
preserves tractability and provides closed-form expres-
sions for the gradients used in the chance-constraint 
back-offs described in Section 2.5. A more detailed treat-
ment is provided in [35].

2.3.  Collocation Discretization and 
H-Step Predictions
The track centerline is parameterized by the curvilinear 
variable α ∈ [0,   1] and sampled at N + 1 nodes α0,  …,  αN. 
At each interval [αk, αk+1] we approximate μ(·) and P(·) with 
degree-d polynomials πk(τ) defined on the normalized 
interval τ ∈  [0,   1] and collocated at Gauss–Legendre 
points τℓ. The associated collocation states and covari-
ances are denoted ξk, ℓ and Σk, ℓ. To emulate the absence 
of closed-loop correction (i.e., the delay in driver correc-
tions), we  propagate H + 1 covariance replicas: 0

kP  is 
re-initialized at each node with 0 0,P   whereas j

kP  for j ≥ 
1 captures the covariance evolved j steps earlier. The 
residual maps ( )k

µ ⋅Ψ  and ( )P
k ⋅Ψ  enforce, respectively, the 

collocation constraints for (μ, ξ) and the continuity of every 
replica j

kP  across the grid. Algebraic quantities such as 
tire forces or track offsets are grouped in zk and 
constrained through Ωk(·). For instance, since the vehicle 
model employs a tire formulation that neglects combined 
slip effects, Ωk(·) constrains tire forces to remain within 
the bounds of the tire’s adherence ellipse. While this does 
not capture full combined slip physics near the friction 
limit, it provides a practical feasibility envelope consistent 
with the scope of our validation study.

2.4.  Open-Loop Disturbance-
Aware OCP
The disturbance-aware reference generator solves the 
nonlinear program

	 ( )
, , , ,

minimize , ,
k k k k k

k k k kJ
µ ξ

µ ξ
u P z

u 	 (4a)

	 ( )1s.t. , , , , , 1, ,k k k k k k k Nµ
−= = …Ψ0 µ µ ξ u z 	 (4b)

	 0 0=µ µ 	 (4c)

  ( )P 1
1

1, ,
, , , , , , ,

1, ,
j j j

k k k k k k k k
k N
j H

−
−

= … ;
=

= …
Ψ Σ0 µ ξ u P P z 	 (4d)

	 0
0 0 1, ,k k N= = …P P  	 (4e)

	 ( ), , , , 0, ,k k k k k k N= = …Ω0 µ ξ u z 	 (4f)

	 ( ) ( )0 , , , , , , 1, ,H
i k k k i k k k kh k N iβ≥ + = … ; ∈µ µu z u P z  	 

(4g)

where Jk is the standard minimum-LT cost (i.e., our planning 
objective). Equations 4b–4f collect the collocation residuals, 
initial conditions, and algebraic constraints. Constraint (4g) 
evaluates the safety back-off using the most propagated 
covariance ,H

kP  hence embedding worst-case open-loop 
uncertainty growth over the horizon H. A more detailed 
description of the constraints formulation and the associ-
ated back-off terms is provided in Section 2.5.

2.5.  Constraint Back-Offs and 
Planner Variants
For each inequality hi(x, u, z) ≤ 0, the deterministic back-off 
βi is computed from the linearized chance constraint 
Pr{hi(x, u, z) ≤ 0} ≥ pi as

	
( ) ( ) ( )

1/2
T1 , , , , ,H

i i i i i k k k k i k k kp h hβ σ σ−  = Φ = ∇ ∇  
µ µx xu z P u z

	 
(5)

with Φ−1 the standard-normal quantile.
Track boundaries (TLC) are enforced by shifting the 

allowable lateral offset e as emin + βTLC ≤ e ≤ emax − βTLC, 
where ∇xhTLC depends on the track normal.

Friction limits (FLC) rely on the axle saturation ratio

    ( )

( ) ( )

( ) { }

2 2

, ,

2

, ,

, , 1, 2
,

j j

x j y j
j

j

X Y

S j
Z

µ µ

   
   +
   
   = ∈

x u x u

x u
x u

	 (6)

constrained by FLC1 0.j jS β− + ≤  Choosing βi ≡ 0 yields the 
nominal planner (NOM). Emphasizing the track limit (βTLC 
> 0) produces the TLC references, while focusing on the 
friction limit (βFLC > 0) produces the FLC trajectories 
discussed in Section 5. A thorough theoretical treatment 
can be found in our previous work [35].

Remark. The horizon H controls conservatism and 
computational effort; in practice it is tuned to cover the 
time span before significant driver corrections intervene.

2.6.  Parameter Selection
The initial covariance P0 and the disturbance covariance 
Q(t) are key parameters that govern the magnitude of 
the back-off terms βi in (5). These terms effectively “inflate” 
the constraints, providing a safety margin that ensures 
constraint satisfaction under uncertainty. The selection 
of the above parameters must be based on engineering 
criteria to balance robustness against excessive conser-
vatism. Specifically, P0 and Q(t) are tuned to ensure that 
the resulting back-off terms do not become excessively 
large, which would unnecessarily reduce the potential of 
the axles by forcing the planner to operate well below 
the friction limits.
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In the present study, P0 encodes the assumed initial 
state uncertainty at each covariance reset point, Q repre-
sents the intensity of the process noise acting on the 
vehicle states (capturing, e.g., unmodeled dynamics and 
environmental disturbances), and the prediction horizon 
is set to H = 4 steps. With the track discretized into inter-
vals of approximately 1 .3 m, this corresponds to a 
maximum “reaction distance” of about 5.2 m, i.e., the 
spatial horizon over which disturbances accumulate 
before the driver is assumed to intervene. The target 
confidence level for constraint satisfaction is set to 99% 
[Φ−1(pi) ≈ 3, i.e., a three-sigma margin].

Since the effect of these parameters on the back-off 
terms is not clearly visible a priori, a steering maneuver 
with high lateral acceleration that saturates the axles 
above 90% was simulated. During this process, the covari-
ance matrix was propagated for H steps from each 
discretization step, and the back-off terms were computed 
using the most propagated covariance matrix. Based on 
this analysis, the parameters were tuned via trial and 
error. A more detailed account of the calibration proce-
dure can be found in [35].

3.  Vehicle Model Identification 
Procedure
Planning under uncertainty is computationally 
demanding: at each time step the covariance matrix is 
reset and propagated over a horizon of H steps (H = 
4 in our case) to capture the growth of uncertainty in 
the dynamics. This propagated covariance is then used 
to determine the amount of constraint tightening 
required at each Hth step. To keep runtime manageable, 
we currently adopted a single-track vehicle model. The 
driving simulator, however, implements a high-fidelity 
14-DoF dynamic model with detailed suspension kine-
matics; consequently, an identification procedure was 
required to align the two.

3.1.  DriSMi Layout and Vehicle 
Dynamics Model
The dynamic simulator employed is located at 
Politecnico di Milano (DriSMi lab [36]). It is a new-gener-
ation, mid-size facility. A six-actuator electric hexalift 
provides full six-DoF motion with 20 Hz closed-loop 
bandwidth and is mounted on three aerostatic pads 
that enable frictionless planar travel. Longitudinal and 
lateral motion on a machined 6 × 6 m deck is produced 
by four independent cable drives, which decouple x/y 
translations and yaw; yaw rotations exceed 60°, with 
3 Hz bandwidth. The enlarged workspace supports 
peak accelerations up to 1.5 g (longitudinal/lateral) and 
2.5 g (vertical), with maximum end-to-end latency of 

20 ms. To offset moving-mass inertia and protect the 
cable system, three counter-masses are employed. 
Immersion is enhanced by five projectors on a 270° 
screen, an active seat and belt tensioners for sustained 
acceleration cues, electric steering torque feedback, an 
active hydraulic brake (including ABS effects), and a 
five-speaker audio system. For comfort/NVH studies, 
eight shakers (bandwidth up to 200 Hz) reproduce 
engine- and road-induced vibrations.

The high-fidelity vehicle representation is a 14-DoF 
multibody model implemented in the VI-CarRealTime 
environment [38] (hereafter, the 14-DoF model). The 
chassis has six degrees of freedom (three translations 
plus roll, pitch, and yaw). Each of the four wheels contrib-
utes two additional DoF (rolling rotation and vertical 
displacement). Additional implementation details on the 
14-DoF model can be found in [24, 38, 39].

During the test, the driver interacts with the driving 
simulator cockpit by operating the steering wheel and 
pedals to control the vehicle, as schematically illustrated 
in Figure 2. The driver’s inputs are transmitted, via LAN, 
to a real-time Concurrent machine, on which 
VI-CarRealTime runs the 14 DoF vehicle model at a 
frequency of 1000 Hz. On the same Concurrent machine, 
the Motion Cueing Algorithm (MCA) is executed; it is 
responsible for providing the simulator with the desired 
linear accelerations and rotation velocities, allowing the 
driver to perceive realistic sensations and evaluate the 
vehicle response [40]. The MCA outputs are sent to a 
PMAC machine, which is responsible for the dynamic 
simulator motion and provides the appropriate inputs to 
the electric motors of the simulator.

The graphical environment (VI-GraphSim [38]) runs 
on five different Windows machines, one for each 
projector, synchronized with the Concurrent real-
time machine.

3.2.  Identification Procedure
The vehicle employed in this study is a high-performance 
car whose main parameters are reported in Table 1. 
Geometric and inertial parameters and tire characteristics 
have been measured from the actual vehicle and intro-
duced into the simulator model [24–26]. Tire forces are 
modeled via a Pacejka Magic Formula 6.1 [38]. These data 
provided the initial baseline for the single-track model 
used in planning. The parametrization corresponds to a 
decidedly oversteer-biased setup deliberately chosen to 
make the car more demanding to drive and to accentuate 
any differences in the designed reference trajectory the 
driver would follow. This setup was obtained by employing 
the same tires on the front and rear axles and using a 
pronounced static toe-out on the rear axle, and it is also 
adopted for the driving tests described in Section 4. The 
geometric and inertial parameters employed in the single-
track surrogate were extracted directly from the simulator 
model; the adopted values are summarized in Table 1, 

Downloaded from SAE International by Politecnico di Milano, Friday, July 31, 2026



	 Masoni et al. / SAE Int. J. Veh. Dyn., Stab., and NVH / Volume 10, Issue 3, 2026	 559

together with some other quantities that help charac-
terize the vehicle performance.

However, when driven with identical inputs, the two 
models produced noticeably different responses at high 
lateral acceleration levels. The mismatch stems from both 
neglected body dynamics in the single-track and the fact 
that axle characteristics represented with an MF structure 
are not directly mappable from the per-tire parameters 
of the 14-DoF simulator model.

To model the lateral forces at the front and rear axles 
of the single-track vehicle, we adopted a simplified version 
of the pure side-slip Magic Formula [41]. In particular, for 
each axle we assume

	 ( ) ( ) ( )( )( ), sin arctan arctany z y y y y y yF F D C B E B Bα α α α; = − −p
	 

(7)

with p = (Fz0, pCy1, pDy1, pDy2, pEy1, pEy2, pKy1, pKy2) and where
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where α denotes the axle slip angle, Fz is the corre-
sponding vertical load, and, for each axle, the coefficient 
vector p collects the Magic Formula parameters that 
characterize the lateral-force curve and is treated as the 
set of calibration variables to ensure consistency between 
the lateral forces of the simulator model and those of the 
single-track surrogate.

To reconcile the two-axle model with the 14-DoF one, 
we adopted the following identification workflow:

	 1.	 Data acquisition. For tire calibration, preliminary 
simulator sessions were run by driving the 14-DoF 
vehicle model on the same track used for the 
planning studies, the Siena kart circuit scaled ×2 
to better match the dynamic characteristics of 
the vehicle considered here. These sessions were 
used to collect the calibration data for tire 
identification: from the recorded telemetry, axle 
slip angles were computed as the mean of the 

left/right tire slip angles, left right ,
2

α α
α

+
=  while 

axle vertical and lateral forces were obtained as 
left right ,z z zF F F= +  left right .y y yF F F= +

  FIGURE 2    Schematic of the driver-in-the-loop architecture of the DriSMi driving simulator. The driver’s inputs are processed by 
a real-time Concurrent machine running the 14-DoF vehicle model (VI-CarRealTime) and the Motion Cueing Algorithm (MCA). The 
MCA outputs drive the PMAC controller for simulator motion, while the graphical environment (VI-GraphSim) provides visual and 
sound feedback.
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TABLE 1  Baseline geometric and inertial parameters extracted 
from the simulator model and used in the 
single-track surrogate.

Parameter Value
Mass 1875 kg
Yaw inertia 3341 kgm2

Wheelbase 2.97 m
Weight distribution (front/rear) 53/47
CoG height 0.5 m
Max power 320 kW
Roll stiffness 160 kNm/rad©
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TABLE 2  Calibrated Magic Formula parameter vectors p for the front and rear axles.

Fz0 (N) pCy1 pDy1 pDy2 pEy1 pEy2 pKy1 pKy2

Starting 
values

6500 1.45 1.09 −0.20 0.81 0.34 26.94 3.20

Front axle 11,050 2.47 1.85 −0.34 0.57 0.59 28.29 3.04
Rear axle 9210 1.92 1.03 −0.34 0.57 0.59 28.29 3.04 ©
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	 2.	 Parameter identification. Once the calibration data 
had been assembled, the single-track tire model 
was calibrated to reproduce the simulator forces 
by solving a nonlinear least-squares problem. 
Denoted by p the Magic Formula parameter vector 
associated with a given axle, the calibration 
problem for that axle was posed as

	 ( )( )
cal

2

, ,

1

argmin ,
N

y k y k z k

k

F F Fα
=

= − ;∑p
p p 	 (8)

where ,y kF  denotes the lateral axle force extracted 
from the 14-DoF simulator calibration data at sample 
k, and ( ),,y k z kF Fα ; p  is the corresponding force 
predicted by the single-track tire model, as defined in 
(7), for the same axle slip angle kα  and vertical load 

, .z kF  The optimization (8) is solved independently for 
the front and rear axles, starting from an initial guess 
given by the parameter values in the .tir files of the 
simulator model, yielding distinct parameter vectors 
for each and thereby aligning the single-track lateral-
force response with the 14-DoF telemetry over the 
calibration set. Each parameter is confined to a box 
around its initial value, both to retain physically plau-
sible values and to stabilize the nonlinear least-squares 
solve. As visible in Table 2, several coefficients attain 
identical values across the two axles: these correspond 
to parameters that lie on the respective box-constraint 
boundaries, rather than to an imposed equality.

The numerical values of the calibrated Magic 
Formula parameters collected in p for each axle, 
together with the starting values used to initialize 
the optimization, are summarized in Table 2.

Figure 3 compares the axle lateral forces 
extracted from the simulator telemetry with those 
predicted by the calibrated Magic Formula tire 
model at the front and rear axles, showing close 
agreement over the operating range of interest.

	 3.	 Validation. To validate the calibrated single-track 
model, we compared data from a Nominal 
Minimum-LT (NOM) optimization, i.e., without 
robustness criteria, against simulator data 
collected with a human driver attempting to track 
the NOM reference trajectory generated by the 
LT optimization. Figure 4 illustrates representative 
comparisons between the longitudinal, lateral, and 
vertical axle forces obtained from the 
optimization and those measured in the simulator 
while the human driver was trying to track the 

optimized trajectory, confirming the consistency 
of the single-track model with the high-fidelity 
simulator dynamics.

Figure 5 shows a comparison between the steering-
wheel angle recorded at the driving simulator (red) and 
the steering input generated by the single-track minimum-
LT optimization (black) along the same reference 
state trajectory.

4.  Experimental Setting and 
Test Protocol

4.1.  Drivers, Vehicles, and Track
Two human drivers participated: VP (Formula SAE and 
sim-racing experience) and MM (rally background, more 
expert overall). Both were selected for demonstrated 
motorsport skills. Trials with passenger-car drivers showed 
that they could not consistently follow racing-style refer-
ences: they either deviated from the line or could not 
sustain the target speed profile, and often incurred cata-
strophic failures (spins or off-track events requiring a simu-
lator reset), yielding too few valid laps for statistical analysis.

The simulator rendered the high-performance car on 
a closed circuit (the Kartodromo di Siena, scaled ×2 to 
match the vehicle’s dimensions). This track was chosen 
because it is familiar and offers a balanced mix of fast 
corners, slow corners, and transitional sections. 
We conveyed the racing reference as a 1 m-wide racing 
ribbon overlaid on the roadway (Figure 6). Drivers were 
instructed to keep their reference point centered within 
the ribbon while driving. The ribbon’s centerline was 
obtained by translating the planned CoM path to the 
driver reference frame (fixed rigid-body offset), so that 
the visual cue corresponded to the driver’s position rather 
than to the CoM trajectory. The finite width provided a 
tolerance band consistent with human execution.

The speed profile was encoded by the ribbon’s color 
map, transitioning from green (full throttle/acceleration) 
through intermediate hues to red (hard braking). This 
dual-cue design (lateral ribbon + longitudinal color) offered 
continuous guidance without numeric overlays or 
ghost vehicles.

All tests were completed in a single day. For each 
driver, we  randomized and counterbalanced (i) the 
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Front axle

Rear axle

  FIGURE 3    Comparison between axle lateral forces obtained from the simulator telemetry (red) and from the calibrated Magic 
Formula tire model (black) for the front and rear axles.
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Front axle Rear axle

  FIGURE 4    Comparison between longitudinal, lateral, and vertical axle forces obtained from the simulator (Sim data, red) and 
from the single-track minimum-lap-time optimization (ST data, black) while attempting to follow the optimized trajectory, plotted 
against the normalized distances along the track.
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sequence of trajectory types to be  followed (details 
provided below) and (ii) the order of driver sessions. Rest 
periods were inserted between blocks. Crucially, the driver 
was kept unaware of the trajectory category being 
provided (single-blind), to reduce strategy or effort biases. 
At the beginning of the day, each driver completed 30–40 
laps without guidance to build confidence and familiarize 
themselves with the track layout.

4.2.  Reference Trajectories and 
Baseline
All references were generated with our lapsim (optimal-
planning) model, well aligned with the simulator dynamics 
after identification. The track was discretized into 2000 
spatial intervals, each 1.3 m long. We consider four scenarios:

•	NOM: fastest feasible line. The planner minimizes LT 
with a small secondary penalty that promotes 
smooth steering actuation so a human can execute 
it. The cost structure is identical across variants; 

introducing robustness does not change the 
planning objective, i.e., LT minimization.

•	TLC: robust planning with constraint tightening 
focused on track limits, i.e., maintaining explicit 
margins to the road edges.

•	FLC: robust planning with tightening focused on 
friction limits, i.e., maintaining margins to axle/tire 
saturation and biasing states toward more stable 
tire utilization.

•	NO-REF: free driving without a reference, used to 
assess the impact of following a planned trajectory 
versus raw driver skill.

Figure 7 shows the two robust trajectories (TLC in 
the left panel and FLC in the right panel) overlaid on the 
NOM trajectory in light gray, for a sector of the track. The 
trajectories are colored to highlight the longitudinal speed 
difference with respect to the nominal. Notably, TLC 
follows a noticeably different trajectory that allows, in 
certain portions of the track, a higher speed than NOM, 

  FIGURE 6    Dynamic Simulator view from the driver’s perspective with the racing ribbon overlaid on the scene, indicating the 
desired trajectory to follow.
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  FIGURE 5    Comparison between steering-wheel angle recorded at the driving simulator (Sim data, red) and steering input from 
the single-track minimum-lap-time optimization (ST data, black), plotted against the normalized distance along the track while 
attempting to follow the optimized trajectory.
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while FLC follows a trajectory that is closer to NOM with 
a lower longitudinal speed.

Robust back-offs (TLC, FLC) are computed by reset-
ting the state covariance at each curvilinear grid point 
and propagating it over a horizon of H steps. In our experi-
ments, setting H = 4 results in a maximum delay of 5.2 m 
in the driver’s corrective actions. The grid spacing and 
the reset covariance assumptions were calibrated from 
pilot tests so that the induced tightenings correspond to 
a 99% constraint satisfaction confidence, implemented 
via a safety factor γ = 3 (three-sigma). In practice, these 
settings yield a tangible increase in constraint margins 
while preserving executability.

4.3.  Metrics
We evaluate performance and tracking using the following 
quantities (with respect to the active reference, i.e., NOM, 
TLC, or FLC):

4.3.1. Lap Time (s)  Total lap time LT, in seconds, over 
valid laps.

4.3.2. Steer Energy (rad2/s)  As a proxy for steering 
activity, we use

	 ( )2
0

T

sE t dtδ= ∫  	 (9)

so lower values indicate smoother, more executable 
actuation. We introduce the root-mean-square (RMS) over 
a time horizon [0, T ]. For a signal f(·):

	 ( ) ( )2
0

1RMS
T

f f t dt
T ∫ 	 (10)

and use it to define both tracking fidelity and style indicators.

4.3.3. Tracking Fidelity  RMS lateral position and speed 
errors, measuring adherence to the planned line and 
speed profile:

	 ( )( ) ( )( )RMS m , RMS m/sy ve e 	 (11)

Statistics are computed over all valid laps per driver 
and condition.

4.3.4. Style Indicators  RMS side-slip usage:

	 drv refRMS and RMSβ β 	

to compare the driver’s typical side-slip βdrv with that 
implied by the planned trajectory βref.

A lap qualifies as valid if the driver completes the full 
circuit with no simulator reset triggered by either a spin 
or a full off-track excursion, and with no manual termina-
tion of the run after loss of control when no spin occurs. 
Laps that fail this definition—including those cut short by 
severe failure events or those with corrupted or non-
representative telemetry (e.g., from driver pauses)—are 
labeled invalid and excluded from the statistical analysis.

5.  Results

5.1.  LT Distributions
Figure 8 juxtaposes the LT box plots for each trajectory–
driver pair and provides the main visual reference for 
this subsection.

For VP, the leftmost boxes (NOM) anchor the fastest 
medians, confirming the benchmark role of the nominal 
planner for this driver. For MM, however, the FLC and 

  FIGURE 7    Comparison of robust planning trajectories (TLC and FLC) overlaid on the nominal trajectory (NOM, shown in light 
gray) for a representative track sector. Trajectory color indicates longitudinal speed difference relative to the nominal. The TLC 
trajectory (left) deviates more from NOM and achieves higher speeds in some sections, while FLC (right) closely follows NOM at 
reduced speeds.
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NOM boxes are practically superposed: their medians 
lie within each other’s IQR, and any LT gap is visually 
negligible, indicating comparable LTs under these two 
references. Notably, for the robust trajectories (FLC and 
TLC), driver MM achieves LTs faster than the planner’s 
reference (indicated by the gray lines), suggesting that 
the calibration phase can be  improved: MM operates 
with lower margins than those assumed by the planner, 
effectively exploiting the vehicle envelope more aggres-
sively. This observation connects to the RMS tracking 
errors discussed in Section 5.4: MM’s lower trajectory-
following fidelity (higher RMS errors, as visible in Figure 
12) enables these faster LTs by deviating from the 
planned path to exploit tighter margins. The FLC column 
for VP shifts vertically by roughly 1–2 s relative to NOM 
yet preserves a compact Interquartile Range (IQR), 
signaling a modest time penalty in exchange for tighter 
dispersion. TLC occupies the clearly slower columns in 
Figure 8: both drivers show medians several seconds 
above NOM, consistent with the more conservative 
curvature shaping. Finally, the NO-REF column for MM 
exhibits the tallest whiskers and a median higher than 
NOM and FLC, highlighting the variability that accom-
panies unguided laps. For NO-REF runs, both drivers 
show medians above their NOM and FLC benchmarks, 
but with distinct dispersion patterns: VP displays rela-
tively short whiskers with a few isolated outliers, whereas 
MM shows taller whiskers without clear outliers, indi-
cating more run-to-run variability in typical laps but no 
extreme excursions.

5.2.  Steering Effort
Figure 9 mirrors the structure of Figure 8 but maps the 
steer energy SE distributions on a logarithmic axis, making 
the effort differences visually salient. The NOM boxes and 
the NO-REF box for MM occupy the upper part of the 
axis, meaning that both drivers pay the highest steering 
cost whenever the nominal reference is enforced, or free 
driving is performed. Moving to the FLC and TLC columns 
in the same figure reveals remarkable effort relief: for VP, 
FLC reaches the lowest median SE, while MM exhibits 
the ordering TLC < FLC < NOM with partial overlap 
between FLC and TLC quartiles.

The rightmost column (NO-REF for MM) should 
be read together with the LT information: its elevated 
median and wide spread in Figure 9, combined with the 
slow and dispersed LT box in Figure 8, illustrate that free 
driving simultaneously degrades time and effort metrics 
relative to the reference-guided alternatives, especially 
for NOM and FLC.

5.3.  Time vs Effort Pareto 
Structure
Figures 10 and 11 condense the box-plot insights into two 
scatter plots that directly show the LT–SE trade-off. In 
Figure 10, markers colored by the reference-guided trajec-
tories fall into three recognizable clusters: NOM points 
accumulate along the lower boundary in LT but sit high 

  FIGURE 8    Lap times by test and driver (box plots). Gray lines indicate the reference lap time for each trajectory type. For driver 
VP, NOM is fastest and FLC is moderately slower; for driver MM, NOM and FLC yield comparable medians; TLC is slower for both; 
NO-REF for driver MM is slower and more variable, while driver VP shows a more consistent performance with higher medians.
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  FIGURE 9    Steer Energy by test and driver (log scale). NOM requires the highest effort among reference-following tests; FLC and 
TLC markedly reduce effort. For driver MM, NO-REF shows high SE coupled with slow LTs.
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  FIGURE 10    Overall Lap Time–Steer Energy scatter plot (test types as colors, both drivers). FLC typically lies near a Pareto-
efficient band; NOM is generally (This is because only the lowest lap-time sample corresponds to TLC) fastest but costly; TLC is 
lowest effort but slower.
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  FIGURE 11    Lap Time–Steer Energy scatter plot with driver markers (colors = test types; markers distinguish driver VP and driver 
MM). FLC retains the favorable band for both drivers; NO-REF for driver MM sits at high SE and high LT.
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in SE, TLC marks gravitate toward the upper-left (slow 
but economical), and FLC forms an elongated ribbon close 
to an empirical lower-left Pareto front linking intermediate 
LTs with markedly lower SE. Separating the runs by driver 
in Figure 11 clarifies how this ribbon behaves: the boxed 
markers for MM lie near the fast end of the FLC band, 
whereas the circle markers for VP extend the same band 
toward slightly longer LTs while maintaining a consider-
able effort gap to NOM. As shown in Figures 10 and 11, 
the NO-REF trajectory confirms the picture anticipated 
in the previous section: VP exhibits a smaller dispersion 
in LT at a moderate steering-energy level, with his runs 
clustering near the middle of the scatter plot, whereas 
MM populates the right-hand side of the plot at higher 
steering-energy levels with a much larger spread in LTs.

5.4.  RMS Tracking Errors and 
Activity
Figure 12 reports, for each reference condition, two 
four-bar clusters—left for VP and right for MM. Within 
each cluster, four quantities are shown: (i) RMS(ey), (ii) 
RMS(ev), (iii) RMS(βdrv) with the corresponding RMS(βref) 
overlaid in black, and (iv) a light-colored bar for ( )RMS δ  
as a qualitative proxy for SE.

Across conditions, FLC typically pulls RMS(ey) and 
RMS(ev) below NOM, while simultaneously reducing 

( )RMS δ ;  the effect is clearest for VP but remains visible 
for MM. Under TLC, both drivers see reduced RMS(βdrv) 
and ( )RMS δ —consistent with its more relaxed trajectory 
shaping—but at the price of increased Lap Time and 
tracking errors: VP experiences a noticeable rise in speed 
error RMS(ev), whereas MM shows larger lateral error 
RMS(ey) relative to NOM. According to the drivers’ qualita-
tive feedback, this is because the TLC path feels somewhat 
unnatural to follow, tending to keep close to the lane 
center rather than supporting the corner-cutting strate-
gies they would normally adopt. The larger RMS errors 
observed for MM under both FLC and TLC correlate with 
his faster-than-planner LTs (visible in Figure 8): by devi-
ating more from the planned trajectory than VP, MM 
exploits lower margins and achieves superior perfor-
mance, indicating that the planner’s conservative calibra-
tion leaves room for skilled drivers to operate closer to 
the vehicle limits.

Beyond these aggregate trends, the NO-REF cluster 
also highlights differences in driving style and background 
between the two drivers: VP, who is less experienced and 
more conservative, exhibits lower RMS(βdrv) and ( )RMS δ  
than in the NOM condition, where he attempts to push 
harder, whereas MM, the more experienced driver, 
operates closer to the vehicle limits and displays a rally-
style behavior with larger RMS(βdrv) and ( )RMS δ  under 
NO-REF than when following reference trajectories. This 
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further indicates that, when a reference is provided, both 
drivers deliberately move away from their natural style. 
Crucially, the natural behavior observed in NO-REF is not 
a comfort zone, especially for MM: it yields worse perfor-
mance and higher energy expenditure, because the 
free-run trajectories they gravitate toward are, paradoxi-
cally, less stable and demand more corrective action—
hence a larger steering effort SE.

5.5.  Summary Tables  
(Medians and IQR)
To complement the description above with concise 
descriptors, in Tables 4 and 5 we report medians and 
interquartile ranges (IQR) that are extracted from Figures 
8 and 9. The median captures the central LT or steer-
energy tendency even when distributions are skewed, 
while the IQR (the span between the 25th and 75th 
percentiles) reflects how tightly each controller concen-
trates its performance. Because our sample sizes per 
condition are modest, the IQR is especially informative: a 
narrow band signals repeatable behavior, whereas a wide 
one warns that the observed median may be sensitive 
to session-to-session variability. For the same reason, 
we do not present a full robustness assessment based 
on failure-mode analysis (e.g., counts of failed runs strati-
fied by cause), which would require a larger sample size 
than available here. However, for completeness, we report 
the number of valid laps by driver and test in Table 3.

Taken together, Tables 4–6 sharpen the picture 
sketched by the box plots. For VP, FLC trades a modest 
2% increase in LT for an 81% reduction in SE relative to 
NOM, while TLC pushes LT up by a further 3% with only 
a slight SE gain over FLC. For MM, FLC essentially 
preserves LT (a 0.3% improvement vs. NOM) while still 
cutting SE by about 60%, whereas TLC delivers an addi-
tional 34% SE reduction at the cost of a 2% LT increase. 
The NO-REF rows indicate that, in the conditions tested, 
free driving appears dominated: both drivers incur longer 
LTs than under NOM/FLC and substantially higher SE, 
with MM in particular combining the slowest and most 
variable times with the largest effort.

5.6.  Discussion
5.6.1. Finding 1 (Drivability Trade-Off, Preliminary)  Taken 
together, Figures 8, 9, and 12 position FLC on a “reduced-
effort/comparable-time” band: for driver MM the LT gap 
to NOM is within the quartiles of the benchmark box plot, 
whereas for driver VP the penalty reaches 1–2 s yet 

  FIGURE 12    RMS metrics by test and driver (driver order: VP then MM). FLC eases tracking vs. NOM and reduces steering 
activity; TLC is most “relaxed” but slowest; NO-REF for MM combines poor tracking with elevated SE and slow LTs.
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TABLE 3  Number of valid laps by driver and test.

NOM TLC FLC NO-REF
Total Valid Total Valid Total Valid Total Valid

VP 24 23 22 20 21 19 26 18
MM 21 20 21 20 21 20 17 14©
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coincides with the lowest SE box in Figure 9 and a marked 
drop in RMS indicators. Given the modest number of laps 
per condition, this constellation should be read as an 
encouraging trend rather than a def init ive 
performance guarantee.

5.6.2. Finding 2 (Conservatism Lever)  The combination 
of Figures 8 and 9 indicates that TLC achieves low SE 
medians (the lowest among all conditions for driver MM), 
but at the cost of a marked increase in LT. In motorsport, 
where LT is the primary objective, this effort-time trade-
off is generally unacceptable. Moreover, TLC’s margin-
keeping geometry discourages decisive corner cutting, 
lengthens paths, and depresses apex speeds—yielding 
trajectories that feel less natural to fast drivers despite 
the reduced effort.

5.6.3. Finding 3 (Driver Modulation)  Figures 11 and 8 
jointly indicate that the LT penalty under FLC depends on 
the driver: MM keeps LTs close to NOM (clustered at the 
fast end of the FLC ribbon), whereas driver VP trades 
about 1–2 s for the same controller. More strikingly, MM 
exceeds the planner’s reference LT for both FLC and TLC 
(as indicated by the gray lines in Figure 8), suggesting that 
skilled drivers can operate with lower margins than those 
assumed during the planner’s calibration phase. This 
performance advantage comes at the cost of trajectory 
fidelity: MM’s higher RMS tracking errors (Figure 12) reflect 
his deliberate deviations from the planned path to exploit 
tighter margins, revealing a trade-off between strict 
trajectory following and LT performance that the planner’s 

conservative calibration does not capture. Free driving of 
MM (NO-REF) reinforces this driver effect: in both figures 
the corresponding points occupy the high-SE, medium–
high-LT side, suggesting that the reference simplifies the 
exploitation of the vehicle envelope.

6.  Implications and Open 
Questions
The qualitative structure in Figures 8–12 hints that FLC 
biases closed-loop operation away from abrupt friction-
utilization changes, whereas NOM remains sensitive to 
modeling mismatch and TLC slows the car by maintaining 
distance from geometric limits.

Future work should assess the robustness of the 
observed patterns across a larger participant pool, 
different tracks, longer exposure, and richer effort proxies, 
including cognitive load measures. Sequencing effects, 
not controlled for in the present dataset, should also 
be explicitly quantified. Given the limited sample size, 
increasing the number of runs per driver would further 
enable failure analysis, contributing to a more robust 
validation of the proposed references.

7.  Conclusion
The experiments presented in this article suggest that 
disturbance-aware planned trajectories give rise to 
distinct operating regimes when executed by professional 
drivers on a dynamic driving simulator. We recall that 
NOM denotes the nominal time-optimal trajectory, TLC 
a track-limit-robust time-optimal trajectory obtained by 
tightening margins to the track edges, and FLC a fric-
tion-limit-robust time-optimal trajectory obtained by 
tightening against axle/tire saturation. Apart from a single 
sample, NOM retains the LT benchmark overall but 
imposes the highest steer-energy expenditure among the 
reference-following conditions; TLC markedly lowers 
effort yet elongates trajectories, eroding its usefulness in 
LT-driven contexts; and FLC remains close to the empirical 
LT–SE Pareto band, delivering substantial effort savings 
with only marginal time penalties, especially for driver 
MM. Notably, driver MM achieved LTs faster than the 
planner’s reference for both FLC and TLC, indicating that 
the planner’s calibration margins may be conservative for 

TABLE 6  Pairwise median differences (FLC vs NOM; TLC vs FLC). Negative Δ in SE denotes effort reduction.

VP MM
ΔLT (s) ΔSE (rad2/s) ΔLT (s) ΔSE (rad2/s)

FLC – NO\M +1.85 (+2%) −449 (−81%) −0.22 (−0.3%) −316 (−60%)
TLC − FLC +2.60 (+3%) +39 (+38%) +1.98 (+2%) −72 (−34%)

© The Authors

TABLE 4  Lap time (s): medians and IQR by driver and test.

NOM TLC FLC NO-REF
VP median 
(IQR)

85.47 (1.58) 89.92 (1.15) 87.32 (1.49) 87.60 (0.76)

MM 
median 
(IQR)

84.87 (0.55) 86.63 (0.53) 84.65 (0.69) 86.11 (1.21)
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TABLE 5  Steer energy (rad2/s): medians and IQR by driver and 
test (log-scale plots).

NOM TLC FLC NO-REF
VP median 
(IQR)

552 (232) 142 (93) 103 (77) 234 (212)

MM 
median 
(IQR)

526 (180) 138 (88) 210 (161) 605 (236)

©
 T

he
 A

ut
ho

rs

Downloaded from SAE International by Politecnico di Milano, Friday, July 31, 2026



	 Masoni et al. / SAE Int. J. Veh. Dyn., Stab., and NVH / Volume 10, Issue 3, 2026	 569

skilled drivers who can operate closer to vehicle limits. 
This performance advantage correlates with MM’s higher 
RMS tracking errors, reflecting his deliberate deviations 
from the planned trajectory to exploit tighter margins—a 
finding that suggests the calibration phase can be refined 
to better match driver capabilities. Free driving (NO-REF) 
offers no significant advantage: medians for MM reach 
86.11 s and 605 rad2/s, indicating that unguided laps are 
simultaneously slower and costlier.

Within the conditions tested, FLC appears to offer a 
favorable compromise for applications that must balance 
pace and driver workload, including endurance stints, 
acclimation to unfamiliar circuits, or vehicle configurations 
with pronounced uncertainty. From a practical standpoint, 
the observed reduction in steering energy under FLC may 
translate into lower driver fatigue during prolonged 
sessions, improved control repeatability, and a more effec-
tive training tool for drivers transitioning to unfamiliar 
vehicles or tracks. These potential benefits align with the 
broader goals of the NVH and vehicle dynamics commu-
nity, where understanding the interplay between planning, 
driver effort, and near-limit operation is of increasing interest.

The study remains exploratory—two drivers, a single 
track, and limited laps per condition—and the findings 
should therefore be interpreted as preliminary evidence 
rather than definitive conclusions. In particular, the experi-
mental campaign was constrained to a single day of simu-
lator access, which restricted both the number of partici-
pants and the number of laps per condition. Consequently, 
we  deliberately adopted non-parametric descriptors 
(medians and interquartile ranges) in place of parametric 
significance tests.

Several directions for future work emerge from the 
current study. First, the observed trends should be vali-
dated with broader participant pools—including drivers 
of varying skill levels, possibly with adapted reference 
trajectories—additional tracks, and extended test sessions 
that allow for learning-effect analysis. Second, richer 
workload indicators, such as cognitive load or physiolog-
ical measures, would complement the steering-energy 
metric and provide a more complete picture of driver 
effort. Third, the observation that skilled drivers can 
exceed planner performance for robust trajectories 
suggests that adaptive, driver-specific calibration strate-
gies could reduce unnecessary conservatism while 
preserving safety guarantees. Fourth, we plan to employ 
more complex and detailed vehicle models that offer a 
more realistic representation of the dynamics; in partic-
ular, adopting physically parametrized tire models—such 
as the brush-based formulation proposed in [42]—would 
allow uncertainties to be assigned directly to measurable 
quantities (e.g., carcass stiffness, friction coefficient) and 
propagated consistently through the force computation. 
Finally, a multi-stage experimental protocol in which 
expert drivers’ data are used to fine-tune the planner and 
non-expert drivers are subsequently evaluated on the 
resulting references would provide stronger evidence of 

the framework’s value in a driver-training context. Such 
extensions will clarify how persistent the favorable FLC 
band and the dominated NO-REF regime are when 
exposure time, learning effects, and driver diversity increase.
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