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Abstract. This paper presents a novel Learning-based Model Predic-
tive Contouring Control (L-MPCC) algorithm for evasive manoeuvres at
the limit of handling. The algorithm uses the Student-t Process (STP) to
minimise model mismatches and uncertainties online. The proposed STP
captures the mismatches between the prediction model and the measured
lateral tyre forces and yaw rate. The mismatches correspond to the pos-
terior means provided to the prediction model to improve its accuracy.
Simultaneously, the posterior covariances are propagated to the vehicle
lateral velocity and yaw rate along the prediction horizon. The STP pos-
terior covariance directly depends on the variance of observed data, so
its variance is more significant when the online measurements differ from
the recorded ones in the training set and smaller in the opposite case.
Thus, these covariances can be utilised in the L-MPCC’s cost function
to minimise the vehicle state uncertainties. In a high-fidelity simulation
environment, we demonstrate that the proposed L-MPCC can success-
fully avoid obstacles, keeping the vehicle stable while driving a double
lane change manoeuvre at a higher velocity than an MPCC without
STP. Furthermore, the proposed controller yields a significantly lower
peak sideslip angle, improving the vehicle’s manoeuvrability compared
to an L-MPCC with a Gaussian Process.

Keywords: Learning-based model predictive control - Student-t
process * Evasive manoeuvre + Obstacle avoidance - Limit of handling

1 Introduction

A crucial safety element of automated driving is to prove the capacity to avoid
obstacles at the limit of handling. A common solution is based on Nonlinear
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Model Predictive Control (NMPC), which optimises the steering angle and the
longitudinal force of a vehicle. However, in such scenarios, where longitudinal
and lateral dynamics are coupled, the uncertainties and inaccuracies due to
the tyre’s non-linear behaviour pose a particularly challenging problem [1,2].
Therefore, we focus on developing a Student-t Process (STP) combined with a
Model Predictive Contouring Control (MPCC), which improves the prediction
model, reducing the tyre model mismatches and minimising the vehicle lateral
state uncertainties. An L-MPCC based on a sparse Gaussian Process (GP) has
recently been proposed for lap-time optimisation [4]. It leverages the capacity of
the GP to predict the mismatches between the prediction model and the mea-
sured vehicle states: longitudinal and lateral velocity and yaw rate. Furthermore,
the vehicle is constrained inside the track, tightening the track boundaries with
the vehicle position uncertainty. The latter is first computed as the GP’s pos-
terior covariance, then open-loop propagated along the prediction horizon using
successive linearisation similar to an Extended Kalman Filter (EKF) [4]. How-
ever, the propagated position uncertainty can increase exponentially over the
prediction horizon, strongly limiting or eliminating the allowable driving area.
This results in a very conservative controller. A possible alternative is to con-
sider the uncertainty in the vehicle velocity states rather than in the vehicle
position [3]. For instance, the NMPC cost function can be extended by the vehi-
cle lateral velocity and yaw rate variance. Thus, the latter can be minimised to
reduce the operating time in the unstable region of the vehicle. However, these
variances are computed and propagated by linearising the prediction model with
a constant tyre model uncertainty optimised offline. This simplification does not
consider the remarkably different accuracy of the tyre model in different operat-
ing regions, and therefore, it does not reduce the prediction model mismatches
in all regions.

We propose an L-MPCC based on an STP, which predicts the mismatches
between the prediction model and the vehicle yaw rate and the lateral tyre forces
measured by intelligent (force sensing) bearings [5]. The proposed controller
minimises the vehicle’s operating time at unstable working points, thanks to the
STP posterior covariance of the tyre forces. The latter ones are used to compute
and propagate the vehicle lateral state uncertainties along the prediction horizon.

The contributions of this paper are threefold. The first is the development
of the L-MPCC based on an STP, which directly reduces the prediction model
mismatches in the tyre model rather than in the vehicle velocity states typ-
ically used [4]. This results in successfully performing evasive manoeuvres at
8.5% higher velocity than the current state-of-the-art MPCC [1]. The second
contribution is related to the STP, which improves the outlier resistance of the
state-of-the-art GP. Furthermore, the STP posterior covariance depends on the
observed measurements, providing a higher variance than a GP for operating
points different than in the training set and a lower one in the opposite situ-
ation [8]. The third contribution is improving the vehicle stability by reducing
the sideslip angle peak of a 76% during an evasive manoeuvre, thanks to the
reduction of the model mismatches and the minimisation of the vehicle lateral
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state uncertainties. Thus, the controller decreases the time the vehicle spends in
operating points close to the vehicle’s handling limits.

2 Learning-Based Model Predictive Contouring Control

The proposed L-MPCC controller is based on an MPCC for obstacle avoidance at
the limit of handling [1]. The prediction model is a nonlinear single-track vehicle
model. The Cartesian reference system describes the vehicle kinematics, as the
contouring formulation requires. The vehicle dynamics, the longitudinal (v,) and
lateral (vy) velocity, and the vehicle yaw rate (r) are described as follows:
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where the road-wheel angle (§) and the longitudinal force at the front (Fy, r)
and rear axle (F, gr). The lateral front and rear tyre forces, respectively F), g
and F, g, are computed using validated Fiala tyre model [2]. However, during an
evasive manoeuvre, the prediction model inaccuracies can increase significantly,
so the model mismatches of the front (AF, p) and rear (AF), gr) lateral tyre
forces and the yaw rate (Ar) are computed by an STP.

The proposed L-MPCC cost function is responsible for ensuring path track-
ing, maintaining the physical feasibility of the control inputs, prioritising obstacle
avoidance in case of collision risk, and minimising the uncertainties of the pre-
diction model, thus limiting the operating time in nonlinear regions. The cost
function (J) is defined as follows:
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where N is the length of the prediction horizon, Noys and Ngq, are respectively
the number of obstacles and road edges, and gey,,, €0bs; Gepy, and €gaqy are
used to prioritise obstacle avoidance and keeping the vehicle away from the road
edges in case of emergency [1]. The tracking performance is ensured by the
minimisation of the contouring (econ), lag (eLag) and velocity ey; errors with
their respective cost terms, i.e. gee,,., €Lag, Gey.;- The lateral velocity and yaw
rate uncertainties are minimised through the o, and o, parameters of the cost
function. The o,, and o, are propagated open-loop, so they can increase rapidly,
potentially overpowering the other elements of the cost function. To avoid the
problem, they are propagated not over the entire prediction horizon, N = 30, but
only for the reduced horizon Np,., = 20 [4]. Furthermore, the cost parameters,
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4o, and ¢, are tuned not to exceed the cost related to obstacle avoidance
prioritisation. Therefore, the proposed controller pushes the vehicle to work at
operating points close to normal driving. However, it allows the vehicle to drive
at operating points close to the handling limits if it helps avoid a collision.

3 Student-T Process and Uncertainty Propagation

This study uses an STP as a stochastic process with a Laplace inference to
estimate model mismatches and uncertainties for two reasons. First, the Student-
t distribution allows the algorithm to define the level of Kurtosis, reducing the
influence of the outliers and improving the accuracy of the predictions [7,9].
The robustness to outliers is an essential property for L-MPCC, which relies on
online measurements with sensor noise. For instance, a single outlier can highly
influence the GP prediction; pushing the posterior means far away from the
level of the other observations, which is not the case in an STP [9]. The second
reason is that the STP posterior covariance directly depends on the observed
measurements and not only on the location of the observed measurements. This
implies that the covariance increases when the measurements vary more than
expected, i.e., a higher difference between training and test sets, and vice-versa
decreases when the difference is lower [7,8]. Once again, this is an essential
property for an L-MPCC, which can work in conditions with a high discrepancy
from the training scenario. Regarding the kernel selection, this work opts for the
automatic relevance determination Matérn 5/2 function due to its generalisation
capabilities and interpretability properties. The STP is implemented using the
GPML Matlab Code version 4.2 [6].

We predict the AFy p, AFy r and Ar model mismatches, rather than the
errors in v, and v, as usually done in literature [4] because it allows the reduc-
tion of the mismatches in a proactive way. It also directly targets the source of
the errors, i.e., the tyre forces, and not the states that depend on them. This
is possible thanks to the availability of tyre lateral forces at the front and rear
axle, measured by the intelligent bearings [5], the vehicle yaw rate and the con-
trol inputs F}, and §. Thus, we assume that the discrepancies are independent of
the vehicle position [4] and that the velocity states, not measurable through the
standard sensor setup for passenger vehicles, are entirely dependent on the tyre
forces. The training data is derived from the algebraic difference between the
measurements and the nominal model predictions. The training set is composed
of 2 double lane changes at respectively 55km/h and 80km/h, and a double
lane change with collision avoidance prioritisation at 55km/h. The manoeuvres
are selected to identify the mismatches in the linear and nonlinear regions of
the vehicle. The test set comprises a double lane change at 60km/h and the
same manoeuvre with collision prioritisation. Despite the high prediction model
accuracy and the reduction of the model mismatches, some unmodeled effects
can still influence the prediction model. These are captured by the STP poste-
rior covariance for the front and rear lateral tyre force, respectively or, , and
0F, r- Thus, the tyre forces are not only evaluated as a single point but also as a
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Fig. 1. States and control inputs in a double lane change.

distribution [3]. The STP variance and degrees of freedom are transformed and
simplified into a Gaussian variance to be able to propagate it through the pre-
diction horizon and relate them to the lateral states related to vehicle stability,
i.e. vy and r, using a procedure similar to an EKF [3,4].

4 Results

Figure1 shows the performance of the evaluated controllers in a double lane
change with collision avoidance prioritisation at 65km/h. Figure la shows that
only the learning-based controllers can successfully avoid the two obstacles and
stay inside the road track. Vice versa, the MPCC baseline [1] leaves the track on
the right side at 130 m. The improvement is due to reduced model mismatches in
the L-MPCC. For instance, the proposed L-MPCC+STP reduces the root mean
square of the F,, g, F, gr and r mismatches by respectively 33.14%, 24.85% and
60.61% compared to the MPCC and further 20.14%, 11.85% and 61.33% with
respect to the L-MPCC+GP. This proves the importance of implementing an
STP rather than a GP to predict the model mismatches. The enhanced perfor-
mance of the proposed controller is also visible from the reduction of the vehicle
lateral velocity peak; see Fig. 1c. Furthermore, the L-MPCC+STP can reduce the
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lateral velocity and, consequently, the sideslip angle peak by 76%, maintaining
an overall higher velocity during the manoeuvre than the L-MPCC+GP. Fig-
ures 1c and 1f show that the vehicle sideslip angle reduction and the increased
operating time in the stable vehicle behaviour are not only due to the lower
model mismatches but also to the reduced uncertainties for the vehicle lateral
states. However, it has a lower vehicle longitudinal acceleration when the obsta-
cle avoidance manoeuvre is over to achieve the desired velocity, Fig. le.

5 Conclusions

This paper presented a novel Learning-based Model Predictive Contouring Con-
trol based on a Student-t Process for evasive manoeuvres with an online min-
imisation of model mismatches and uncertainties. In a high-fidelity simulation
environment, we demonstrate that our proposed controller successfully avoids
obstacles, keeping the vehicle stable while driving a double-lane change manoeu-
vre at a higher velocity compared to a non-learning-based baseline. Furthermore,
the proposed controller reduces the peak of vehicle sideslip angle by 76%. The
performance enhancement is due to the properties of the Student-t Process,
which can further reduce the prediction model mismatches and better capture
the vehicle state uncertainties. Future work involves the proposed controller
implementation on rapid prototyping hardware to prove its real-time capability.
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Open Access This chapter is licensed under the terms of the Creative Commons
Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/),
which permits use, sharing, adaptation, distribution and reproduction in any medium
or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were
made.

The images or other third party material in this chapter are included in the
chapter’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the chapter’s Creative Commons license and
your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder.
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