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ABSTRACT: This paper presents a modular driver behavioural model developed within the BERTHA project, focusing on
the motor control, simulating the interaction of drivers with the steering wheel, throttle, and brake. The core novelty lies in the
estimation and control error correction mechanisms for speed and direction control using predictive models of driver intention.

Thirty participants were recorded while driving in a CARLA-based simulator. The motor parameters of each driver were
identified using an unscented transform approach. Bayesian ANOVA analyses were conducted on the identified parameters to
understand the effect of age and gender groups. Results show both robust identification and interpretable group trends,
demonstrating the model’s potential for personalized autonomous driving systems..
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1 INTRODUCTION

Understanding and predicting driver behaviour is important for the
development of advanced driver-assistance systems (ADAS) and
autonomous driving technologies. In this contribution, we describe
a Driver Behavioural Model (DBM) that replicates human control
strategies, allowing systems to anticipate and adapt to driver
actions.

Our approach relies on insights into human motor control [1]-[3].
These models assume the existence of an inner models of the
movement that is use to predict the behaviour, performing a control
with a feedforward prediction loop. Classical work by Oguztoereli
[4] highlighted the limitations of purely feedback-based control due
to neural transmission delays, motivating architectures that
incorporate forward models.

This same approach has been applied to driving by MacAdam et al.
[5,6], who proposed a driver model grounded in these same
principles. Our approach builds and adapt this structure.

The work presented in this contribution its a part of a modular
architecture, where variables of the driver model will be modelled
in a probabilistic and Bayesian approach. Modular architectures
reflecting cognitive hierarchies —strategic, tactical, and
operational levels— have also been proven valuable in modelling
real-time decisions and motor execution [7,8].

In this work, we focus on the operational/motor level, modelling
the driver’s control over steering, acceleration, and braking using
predictive and adaptive techniques validated with data collected in
simulation environments.

2 MATERIALS AND METHODS

The architecture of the Driver Behaviour Model (DBM) follows a
modular structure inspired by the model proposed by MacAdam et
al. [5]. It assumes that the driver builds and continuously updates

an internal model of the vehicle dynamics to predict how control
actions affect future trajectories. This principle governs both
steering and speed control (Figure 1).
The whole model relies on 6 parameters:
T time ahead prediction for the steering control.
T reaction time (transport time).
U, desired speed.
a; maximum acceptable transverse acceleration.
T, time to reach the desired speed.
6. K time derivative of the jerk.
The first 2 parameters determines the steering motor control. The
subsequent 4, are used in the speed control model.
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Figure 1: Architecture of the Motor Control Module based on
MacAdam (2001). The internal model predicts vehicle response to
control actions, which are compared to a desired trajectory and
corrected iteratively.
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2.1 Steering Control Model

The steering control is implemented using an Unscented Kalman
Filter approach that models the driver’s estimation and correction
of trajectory based on an internal car model. The internal state
variables consists of the current steering wheel position, and
predictions are made by propagating sigma points through the
vehicle’s expected path.
A set of three sigma points is generated around the current steering
angle estimate p, using a 1x1 covariance matrix Q:
x = [u(@®),u®) +Q,u) - Q] (&)
These points are weighted and propagated through the internal
vehicle model to estimate the resulting trajectory. The weighted
mean trajectory Z is:
Z=WxzhT )
The covariance of the predicted trajectory S and the cross-
covariance with the state T are calculated to derive the Kalman
gain:
K=Ts1 3)
Using this gain, the steering correction is applied based on the error
€ between the intended and predicted trajectories:
ut+t)=pag+K-€ 4

A new covariance estimate is computed: ~
Qt+t)=U—-KTT) -2 5)

The desired steering angle is finally adjusted based on the yaw
orientation derived from the waypoints:

om0
¢ Yn,x - Yl,x

(6)
2.1.1 Trajectory Error Estimation

To compute the error between predicted and intended trajectories,
the difference vectors E between corresponding waypoints are
projected orthogonally (Figure 2)to the current velocity vector ¥.

U= T and & =Ey;-vy—E,;- vy @)
This formulation enables continuous and realistic correction of
steering based on the discrepancy between the actual and
anticipated motion paths.

Figure 2: Calculation of the error of the trajectory. The wanted
trajectory is the blue line, waypoints represented as dots. The
estimated trajectory is in red. The black vector is the actual
velocity of the car. The green vector _e is the difference between
the waypoints. The brown vector is the projection of the
difference vector with respect to the direction of travel.

2.2 Speed Control Model

Speed control in the proposed DBM is achieved through a
predictive strategy based on the Unscented Transform, which
anticipates the driver’s intended velocity trajectory over a finite
time horizon. Instead of directly applying a fixed control law, the
system forecasts the velocity evolution using a jerk-based dynamic
model and corrects it through Bayesian state estimation.

The internal model comprises three states: velocity v, acceleration
a, and jerk j. These evolve according to a physically consistent
discrete-time model:

Jnv1 = —Ks
Any1 = antjn- At 1 (8)
Vpi1 =vn+an-At+Ejn~At2

This model describes the driver’s actuation behaviour: gradual
application of force on pedals with limited jerk to ensure
smoothness.

To adjust to the target velocity v, the system generates sigma
points around the current state and propagates them through the
jerk model over a future time window (T). The predicted velocities
are combined using a weighted mean to obtain the estimated
outcome of the current control state.

A Kalman-like gain matrix is derived from the sigma point
deviations and prediction uncertainties, allowing the system to
correct its state using the discrepancy between the desired and
predicted final speed. This corrected state is then mapped back to
pedal actuations.

2.3 Experimental Design and Participant Selection

The variables defining the model, could, in theory be adapted to
predict a wide range of human behaviours. To verify this
hypothesis we have conducted an experiment of 30 drivers riding
over two different scenarious in the HAV simulator at Instituto de
Biomecénica de Valencia (IBV).

Participants were selected based on a structured experimental
design using age and gender as stratification factors. This ensured
balanced representation across age groups (<40, 40-50, >50) and
gender (F/M). Besides, the selection of the drivers took into
consideration the different driving styles to hava a wide
representation of variability.

2.4 Data Collection and Driver Identification

Thirty drivers participated in controlled simulator experiments
across two circuits in CARLA [9]. Their trajectories, speeds, and
steering actions were recorded. Each driver’s motor control
parameters were individually identified using an unscented
transformation.

The method estimates the six variables determining the model. The
Unscented Transformation updates a probabilistic estimatation of
the variables by minimizing errors in predicted yaw and speed over
a set trajectory.

2.5 Statistical Analysis

Bayesian ANOVA was conducted using PyMC and ArviZ libraries
on the identified parameters to assess the influence of gender and
age. Parameters were modeled with normal priors, and interaction
terms were included.

3 RESULTS

The study sample consisted of 30 participants equally distributed
across gender (15 females, 15 males). Age was categorized into
three groups: under 40 (n = 11), between 40 and 50 (n = 12), and
over 50 (n=7) (Table 1).
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Table 1: Description of the drivers sample

The Bayesian ANOVA has been used to understand how the model

Variable Category | n variables are influenced by users characteistics. Gender and age
Gender Female 15 interactions showed significance in some parameters in desired
Male 15 speed (U,) and transversal acceleration (a;) (Table 2).
Age Group | <40 11 ) o
40-50 12 The results show that the desired speed (Ud) is higher for men
> 50 7 than women and higher also in the mid age group (Figure 5).
. Adjusted Marginal Means for Desired Speed (Ud)
Total 30 14 + + gm:crf;
The model successfully replicated human steering and speed 13 P
profiles across various driving conditions. The steering control . +
matched well with real users (Figure 3), especially during direction T +
changes. Speed control was more stable in the model, while human § 1
drivers showed greater variability. o
—— Driver 9
1004 Model
% 0 . S N 8 <40 Agtﬂéfgup =50
g
~100 N Figure 5: Adjusted marginal means for desired speed (Ud) by age
~ group and gender. Error bars represent credible intervals.
= Besides, for a; in the mid age group ([40 — 50]) the maximum
60 ion i< hi ;
= acceptable acceleration is higher for men than women (Figure 6).
§ N
% 401 Adjusted Marginal Means for Max. Transversal Acceleration (at)
‘% 204 — Driver . f::(die: [n
Model 12
0 20 40 60 80 100
) Route cur.npletio.n (%) ) ) i
Figure 3: Example of identified trajectory fitting. B }
The algorithm employed not only provides an estimation of the ”
model variables, but a whole probabilistic estimation of the overall o
distribution (Figure 4)
<40 40-50 =50

u

Figure 4: Fitted parameter distribution.

Age Group

Figure 6: Adjusted marginal means for maximum transversal
acceleration (at) by age group and gender. Error bars represent
credible intervals.

4 DISCUSSION

The current study presents a comprehensive modelling approach of
human motor control in driving, emphasizing the dual contribution
of theoretical rigour and empirical validation. By leveraging
predictive control frameworks grounded in human cognitive
models —such as forward internal modelling and delayed feedback
compensation— the DBM closely replicates naturalistic driver
behaviour.

One of the most significant contributions of this work is the
integration of individual identification. The use of unscented
transform-based estimation allows the system to personalize motor

Table 2: Summary of results of the Bayesian ANOVA. Asterisks (*) indicate coefficients with credible intervals that do not

include zero, suggesting statistically meaningful effects.

Parameter Intercept Gender (M) Age 40-50 Age >50 GxAge 40-50 GxAge >50
T 2.006* 0.019 0.048 0.001 -0.059 -0.092
T 0.089* 0.004 0.009 0.010 -0.012 0.009
Ud 8.658* 2.627* 1.915% 1.259 0.463 0.012
at 1.039* -0.088 -0.126 0.147 0.295* -0.039
Ts 2.738* 0.171 -0.055 0.315 -0.249 -0.087
Ks 0.103* -0.003 0.003 -0.017 -0.005 0.016
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control. This 1is particularly relevant for applications in
personalized driver assistance and adaptive vehicle systems.

The results of the Bayesian ANOVA provide further insights into
the behavioural variability across the population. Significant
effects were observed for parameters such as desired speed (Uy,),
and maximum transversal acceleration (a;), with dependencies on
age and gender. Notably, older drivers exhibited slightly lower
desired speeds, consistent with established findings in driving
psychology.

The strong agreement between simulated and real trajectories
supports the validity of the model. The structure also ensures
generalizability across contexts, as it is modular and scenario-
independent. Unlike traditional rule-based systems, the
probabilistic nature of this DBM allows it to handle uncertainty and
adapt over time.

We have not analysed in this work the impact of potential
discrepancies between the internal model assumed by the driver
and the real vehicle dynamics. This aspect will be addressed in
future developments of the DBM framework. Furthermore, the
driver’s ability to adapt their internal vehicle model over time has
not been tackled in this phase of the research. Addressing this
would require incorporating learning mechanisms into the
framework, enabling adaptation of the internal dynamics
representation based on observed mismatches with the real vehicle
response. This decision aligns with our goal of emphasizing the
probabilistic control layer rather than reproducing known
mechanical formulations.

In future developments, this DBM will be embedded in a
hierarchical Bayesian framework to jointly infer mental states and
driving behaviour. Such an extension will bridge the gap between
cognitive intent and physical execution, providing a richer model
of human—vehicle interaction under uncertainty.
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