Annual Reviews in Control 44 (2017) 292-302

Contents lists available at ScienceDirect

Annual

Control

Annual Reviews in Control

journal homepage: www.elsevier.com/locate/arcontrol

Reviews in

Review article

Modelling human control of steering for the design of advanced driver @Cmssmk

assistance systems

Franck Mars®*, Philippe Chevrel®

3UMR CNRS 6004, Laboratoire des Sciences du Numérique de Nantes (LS2N), CNRS & Centrale Nantes, 1, rue de la Noé - B.P. 92101, 44321 Nantes Cedex
03, France

bUMR CNRS 6004, Laboratoire des Sciences du Numérique de Nantes (LS2N), IMT Atlantique, 4, rue Alfred Kastler — La Chantrerie, CS 20722, 44307 Nantes
Cedex 03, France

ARTICLE INFO ABSTRACT
Am'd_e history: This paper reviews a set of scientific studies on how driver modelling may serve as the basis for designing
Received 15 July 2017 advanced driving assistance systems. The work was aimed at explicitly representing the human visual

Revised 22 September 2017
Accepted 24 September 2017
Available online 5 October 2017
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(identification), were addressed. Two design applications were considered: 1) estimating the driver state
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1. Introduction

One of the key problems for the design of advanced driver as-
sistance systems has been to predict the driver behaviour. The
short-term prediction of the driver state, behaviour or intention
could lead to the adaption of a future interaction. For example, the
prediction of a driver’s action on the vehicle’s commands at a given
point in time may give warning of an imminent critical situation.
Conversely, an assessment that could be judged as critical on the
basis of the observation of the vehicle-road system alone could be
assessed as non-critical if it was predicted that the driver was al-
ready engaged in a correction maneuver. To address this question,
we incorporated a driver model into the design process of driver
assistance systems.

We used an interdisciplinary approach that consists of the de-
sign of human-machine systems on the basis of a model that ex-
plicitly represents the human perceptual, motor and cognitive pro-
cesses involved in the task. The driver model used is termed cy-
bernetic in accordance with A. N. Kolmogorov’'s definition of cy-
bernetics: “the study of systems of any nature which are capable
of receiving, storing and processing information so as to use it for
control." Our goal was indeed to understand, study and reproduce
the human way of driving. This model and its application focuses
specifically on steering control, although the same approach could
be adapted for other types of human-machine dynamic interac-
tion. Hence, the inspiration for the model was current knowledge
of the psychology of perception and the neurophysiology of mo-
tor systems. It represents perceptually valid sensory cues used by
drivers and neurophysiologically valid sensorimotor systems. The
rationale behind such an approach was first to build a theoreti-
cally grounded model that may be relevant both for control theory
and for human behavioural science. From a more practical point
of view, it was also a way to orient design choices as a func-
tion of specific hypotheses on the nature of perceptual and motor
systems.

The first section of the paper will present the model struc-
ture and its psychophysiological foundations. It will also briefly
address the question of its identification. Then, we will present
how it has been used to detect and discriminate various states
of driver distraction using the model prediction error, an analy-
sis of the parameter variations or by considering distraction as an
input additive disturbance. Finally, the application of the model
in the design of a haptic shared control (HSC) automaton will
be presented to show how model prediction can help to im-
prove steering performance and to propose innovative indicators
for evaluating the quality of human-machine cooperation. In the
appendix, notations relating to models, control and indicators are
given.

2. A cybernetic driver model of steering control
2.1. Structure and foundations of the model

Many attempts have been made to model driver steering be-
haviour as a lateral deviation regulator on the track. The ap-
proaches used have included optimal control, fuzzy logic, and neu-
ral networks (Pléchl & Edelmann, 2007). The validity of these mod-
els is most often limited to specific driving situations, in which the
driver acts as a control organ, determining the actions required

to follow the desired trajectory (Cacciabue, 2007). According to
Mulder, Paassen, and Boer (2004), these models often ignore cer-
tain characteristics of human perception, which may affect control.
Conversely, a cybernetic approach aims to represent the underlying
psychological and physiological processes in accordance with cur-
rent knowledge on sensorimotor control and cognition in humans.
This is the approach we adopted in this study, whilst still main-
taining our original aim to develop a simple enough model for use
in the context of driving assistance design.

Fig. 1 presents the general architecture of the driver model. In
order to steer the vehicle, the driver first needs to pick up relevant
information from the visual scene (perception of the environment).
Then, he must process this visual information to determine where
he wants to drive. It has been proposed by Donges (1978) that the
visual control of steering can be modelled as two complementary
processes. One is fed by far visual information and allows for the
anticipation of changes in the road curvature. The other is fed by
near visual information and allows for the on-line correction of lat-
eral position errors. This two-levels scheme has been validated by
various experimental and modelling studies (Frissen & Mars, 2014;
Land & Horwood, 1995; Salvucci & Gray, 2004). Visual informa-
tion processing gives rise to a steering intention that needs to be
converted by the neuromuscular systems into a force applied on
the steering wheel, taking into account force and position feedback
from the steering system.

The cybernetic model presented in Fig. 2 is consistent with the
general architecture shown in Fig. 1. This model integrates and
builds on previous work by our group (Sentouh, Chevrel, Mars, &
Claveau, 2009) and that of others (Hoult & Cole, 2008; Salvucci &
Gray, 2004). The reader can refer to Mars, Saleh, Chevrel, Claveau,
and Lafay (2011) for details about the model theoretical back-
ground and to Saleh, Chevrel, Mars, Lafay, and Claveau (2011) for
its implementation. The following section presents the essential
points.

Visual anticipation is achieved by a simple proportional ac-
tion on the angle at the tangent point, 6, (Fig. 1). Land and
Lee (1994) showed that drivers directed 65% of their glances to-
ward the tangent point; thus, it has been proposed that looking
at this point may be a way to read the road curvature at the sen-
sorimotor level. Mars (2008) showed for instance that encourag-
ing drivers to track any point that has the dynamics of the tan-
gent point (but are not necessarily the tangent point itself) im-
proves steering performance. However, it has also been debated
that drivers may look at the future path (Wilkie, Kountouriotis,
Merat, & Wann, 2010) or at the boundary of a safe trajectory
envelope (Mars & Navarro, 2012), which often falls in the area
of the tangent point. Whatever the case may be, we considered
that using the tangent point as input to visual anticipation was
a good enough approximation of visual information pickup in hu-
man drivers. In all cases, it more adequately represents information
processing than solutions advocated in the past, which considered
road geometry as a direct input to the driver model (Donges, 1978;
Hess & Modjtahedzadeh, 1990).

It has been demonstrated that the visual compensation of lat-
eral position errors can be achieved through peripheral vision of
the road edge lines (Summala, Nieminen, & Punto, 1996). In line
with a study by Salvucci and Gray (2004), we assumed that this
can be represented as the compensation of the angular deviation of
a near point (Opear) perceived at a distance ¢s=5m from the front
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Fig. 2. The cybernetic driver model (Mars et al., 2011; Saleh et al 2011).

of the vehicle. In some respects, this transmittance (Fig. 2) repre-
sents the integration by the driver of the lateral dynamics of the
vehicle. Visual anticipation and compensation were combined to
generate an angle 85w, which is supposed to consist of the driver’s
intention in terms of steering wheel angle, taking into account the
processing time tp. dsw Serves as input to the neuromuscular sys-
tem.

The model of the neuromuscular system is based on work
by Hoult and Cole (2008). Like its inspiration, our model repro-
duces the principle of muscle co-activation through «- and y-
motoneuron signals, which can be considered as feedforward and
feedback control of movement execution (see Mars, et al., 2011 for
more details). Unlike Hoult and Cole (2008), however, the model
output is torque on the steering wheel, (fd), not an angle. This
property is more realistic and also consistent with the objective of
developing a haptic shared-control system that complements the
force applied on the steering wheel by the driver (see Section 4).
The neuromuscular system is defined by three parameters. The

gain K; represents the motor reflex that verifies the actual steer-
ing wheel angle &, conforms to the desired angle Ssw; it does so
to compensate for any external perturbations (e.g., roadway condi-
tions or gusts of wind). The gain K; represents the internal model
of steering stiffness. It is multiplied by the speed of the vehi-
cle to take into account the fact that steering stiffness increases
with speed. Arm dynamics were modelled by a first-order trans-
mittance. At the input of the neuromuscular subsystem, the torque
I's accounts for the steering wheel force feedback, as perceived by
the driver. Such haptic feedback improves the driver’s perception
and contributes to the stabilization of the vehicle.

2.2. Cybernetic driver model identification
The cybernetic model was identified from experimental data

that was obtained using forward-facing cameras and steering
wheel measures. The parameter vector was estimated first by
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Saleh et al. (2011), and revisited later (Ameyoe, Mars, Chevrel,
Le Carpentier, & Illy, 2015; Hermannstddter & Yang, 2013), using
constrained prediction error identification (PEM, Ljung, 1999). The
state-space structured linear representation of the driver model is:

1
y(t) = C(0)xq4(t) + D(O)u(t) M

{X(t) =A(0)xq(t) + B(O)u(t)
with Xq = [ Xg1 X4z Xq3 |7 the state vector, u = [0, Onear 8q Ts]T
and y = [fd Ssw |T are the inputs and outputs vectors. The model
parameters that have to be identified are stored in the parameter
vector 6 = [Kp Kc Ty 7p K K¢ Tn]. The continuous state-space ma-
trices corresponding to Eq. (1) are:

[ -1 0 0
A@®) = - -2 0 |,

_ KKy o Kvik) 1

L Tn Tn Tn

[0 % 0 0
BO)=|22 0 0 0

L0 0 E -t

[0 0 1 0 0 0 O
=14 o]a“dD(e):[—Kp 0 0 o]

In Saleh et al. (2011) and Hermannstadter and Yang (2013), off-
line identification was performed to estimate the parameter vector.
This considered the output prediction error signal' power as the
criterion that needed to be minimized. The Gauss-Newton search-
scheme was used to solve the nonlinear optimization problem, as-
suming local identifiability, and considering starting values and in-
terval constraints given in Saley et al. (2011). Saley et al. (2011)
first showed that the model could be successfully identified for
five different drivers. The identification procedure converged to the
same range of values in all cases. A validation test was also car-
ried out to confirm that the model could successfully steer itself
along a road and show behaviour that was close to that of human
drivers. In this test, the model was implemented in a driving sim-
ulator and the results compared with those of the human driver
who provided data for identification. The results show that the
driver and the identified model exhibited very similar trajectories.
Hermannstadter and Yang (2013) performed successful identifica-
tion on a set of 14 drivers, using an instrumented vehicle on real
roads. Finally, in a driving simulator study that involved 35 par-
ticipants, Ameyoe, Chevrel, Le Carpentier, Mars, and Illy (2015) re-
ported that the fit ratio between the model prediction and the ex-
perimental data was above 90% for all drivers, at least when they
were not distracted by a secondary task.

In a study by Ameyoe, Chevrel, et al. (2015), the problem was
considered as a nonlinear observation problem and solved recur-
sively using unscented Kalman filtering (UKF). The advantage of
this approach was being able to acquire continuous information on
the evolution of the model parameters over time. The parameter
vector that need to be identified is assumed to be time varying,
with stochastic properties borrowed from a Wiener process. The
state space equations of both the cybernetic model and the Wiener
process used to model the parameter vector were then discretized
and concatenated in a single non-linear state-space model. In the
next stage, the state of this augmented model was estimated us-
ing observer theory. The results obtained with UKF were as good
as those from using the PEM method.

1 The difference between the observed driver steering torque and the torque that
was predicted by the driver model.

A0

l
- b,

y
L )—> driver model —>

(a) (b) ()
o =u+du 0=0,+A0 Y ay+dy
Fig. 3. Three ways of considering the effect of distraction on the driver model: (a)
input disturbance, (b) parametric disturbance, (c) output disturbance.

Table 1
Cybernetic driver model parameters.
Parameters Description
Kp Visual anticipation gain
K¢ Visual compensation gain
T, Visual compensation time constant
Tp Processing delay
Ky Gain of the internal model of steering compliance
K¢ Gain of the stretch reflex
Th Neuromuscular time constant
\% Vehicle speed

3. Model-based estimation of driver distraction

Distraction contributes to a significant number of road fatali-
ties; thus, a great deal of work has already been conducted to de-
sign an algorithm for the diagnosis of the driver distractive state.
This has been mainly achieved through the analysis of the driver’s
gaze, steering behaviour and psychophysiological indicators (Dong,
Hu, Uchimura, & Murayama, 2011; Nakayama, Futami, Nakamura,
& Boer, 1999; Yang, Mcdonald, & Zheng, 2012). Recently, some ef-
fort has also been made to base the diagnosis on a driver model
through a parameter analysis or by analyzing the model predic-
tion error. Ameyoe, Mars, et al. (2015) and Hermannstddter and
Yang (2013), adopted this approach. The goal was to create indica-
tors that help to detect distraction without the direct video mon-
itoring of drivers, and possibly to discriminate the exact nature of
that distraction.

Assuming that distraction affects vehicular control, particularly
steering control, our study’s main motivation was to consider dis-
traction as disturbances or uncertainties affecting the cybernetic
model. This is illustrated in Fig. 3 by considering three different
assumptions:

a) Distraction affects driver perception through the input distur-
bance Au;

b) Distraction affects drivers in a way that impacts one or several
model parameters more than others, depending on the type of
distraction; in this case, distraction is considered as multiplica-
tive disturbances, A8, affecting specific model parameters (see
Table 1)

c) Distraction directly affects the torque applied by the driver on
the steering wheel; this can be considered as an additive dis-
turbance Ay of the output of the cybernetic model.

The various proposed methods to assess and categorize driver
distraction rely on the analysis of signals or parameter values ob-
tained after the identification of the cybernetic driver model. To
achieve this goal, we performed an experiment using a driving
simulator. Thirty-five participants participated in the experiment.
For each trial, the participants drove around an experimental track
that consisted of 20 bends separated by sections of straight road.
The protocol interleaved periods of baseline driving (no distrac-
tion) with periods of distracted driving. Four types of distraction
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Fig. 4. Comparison between observed and predicted torque during undistracted
driving for 70s of driving data. Reproduced from Ameyoe, Chevrel, et al. (2015).

were tested: cognitive (backward counting task), visual (reading a
peripheral text), visuomotor (dialing task with mandatory visual
control) and motor (dialing whilst looking at the road). A sup-
plementary condition was added to assess the influence of driv-
ing with one hand without a secondary task. Partial results have
been presented before. They focused on disturbance estimation
(Ameyoe, Mars, et al., 2015) or parameter analysis (Ameyoe, 2016;
Mars, Ameyoe, Chevrel, Carpentier, & Illy, 2017). They will be re-
viewed together here for the first time. The reader should refer to
Ameyoe, Mars, et al. (2015) for a complete methodological descrip-
tion of the experiment.

3.1. Detecting distraction through output or input disturbance
estimation

Ameyoe, Mars, et al. (2015) showed that the cybernetic driver
model proposed by Mars et al. (2011) and Saleh, Chevrel, Mars,
Lafay, and Claveau (2011), was able to predict human driver steer-
ing behaviour with a good accuracy in normal driving conditions.
For all participants, the fit ratio between the model prediction and
the experimental data was above 90%. Fig. 4 is an individual illus-
tration of that ability.

One way to detect distraction is to consider the difference be-
tween the model output and the observed steering behaviour as
the consequence of distraction (Fig. 3c). This was the approach
used in Ameyoe, Mars, et al. (2015). The authors proposed a new
indicator, the Torque Prediction Indicator (TPI), which is the sig-
nal power of the difference between the observed driver steering
torque and the torque predicted by the driver model during the
considered period. It was computed as follows:

Ty R 3
TPl = (lefo (Ta(t) - Fd(t))zdt>

with:

Tw (s): length of the observation window, results were obtained
with Ty= 70,

'y (N m): driver torque,

f‘d (N m): predicted torque.

The results showed that the effects observed on the TPI were in
large part consistent with the steering performance indicators, es-
pecially lateral position variability. The TPI was particularly sensi-
tive to visuomotor distraction (Fig. 5), which also yielded the larger
steering impairment. Visual and motor distraction also influenced
the TPI, although the effect did not reach statistical significance for

L~ )
N B OO 0 O
1 1 1 1 )

Torque prediction indicator (N.m)
=
o

ji”“

cognitive visual
distraction  distraction

o N B O
L

one-hand
driving

visuomotor motor
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Fig. 5. The torque prediction indicator averaged across participants as a function of
driving conditions. Error bars represent the standard error of the mean.
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Fig. 6. The input default indicator averaged across participants as a function of
driving conditions. Error bars represent the standard error of the mean.

the motor distraction. Those results constituted a first step in vali-
dating the sensitivity of the driver model to driver distraction. The
TPI may be considered as an alternative to steering performance
indicators, such as the lateral position variability or the steering
reversal rate.

Ameyoe (2016) also attempted to explain distraction by assum-
ing that the visual or visuomotor distraction affected the visual
input of the driver model. In this case, distraction is regarded as
an additive input disturbance (Fig. 3a), which is considered as a
stochastic signal. A second order dynamic model was used to en-
capsulate the main characteristics of this virtual signal. Once con-
catenated with the driver model, the resulting model served as a
support for the observer, capable of estimating the continuous dis-
turbance signal. This method used an ad-hoc Kalman filter to esti-
mate the disturbance signal of the visual compensation input. Ex-
perimental data obtained from the driving simulator was used. An
input default indicator (IDI) was computed as follows:

1

1 (W AN
IDI = 7/ Au(t)?dt
Tw 0

with:

Tw (s): length of the observation window, results were obtained
with Ty= 70,

Au (rad): additive disturbance on the visual compensation in-
put of the driver model.

The results showed that it was indeed specifically sensitive to
visual and visuomotor distraction (Fig. 6).

3.2. Discriminating distraction types through parameter analysis

Another way to approach distraction estimation is to catego-
rize driver distraction on the basis of the analysis of the cybernetic
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Table 2
Sensitivity of performance indicators and model parameters to the
different types of distraction; sensitive (+) versus non-sensitive (—).

Steering performance  Parameter analysis

Distraction type SDLP SWRR Ky K K; Th
Cognitive — - — - — _
Motor + + _ _ +
Visual + + _ + + +
Visuomotor + + + + + +

driver model parameters (Fig. 4b). As the model parameters repre-
sent visual and motor processes that determine steering behaviour,
it can be hypothesized that some of them may be selectively sensi-
tive to some types of distraction. For this reason, Hermanstater and
Yang (2013) performed an online identification, dealing iteratively
with packets of input-output data measured on an experimental
car. Driving without distraction was compared with driving with
visual and auditory distraction. The results revealed that the two
visual parameters, i.e., K, for anticipation and K.for compensa-
tion, were selectively influenced by visual distraction. The same
approach was applied to the data gathered from the driving simu-
lator experiment presented earlier, which compared visual, motor,
visuomotor and cognitive distractions. Four selected driver model
parameters were identified: Kpand K, but also Krand T, for the
neuromuscular system.

The results are summarized in Table 2. Cognitive distraction did
not significantly influence the steering performance indicators, i.e.,
the standard deviation of lateral position (SDLP) and the steering
wheel reversal rate (SWRR). Accordingly, no parameter variation
was observed. Conversely, SDLP and SWRR increased with motor,
visual and visuomotor distraction. It was not possible to discrim-
inate between these different types of distraction on the basis of
driving performance alone. In this respect, the parameter values
were more useful. Motor distraction only influenced the arm dy-
namics time constant Tn. Visual distraction also influenced Tj, to-
gether with K;, the gain of motor correction reflex, and K¢, the gain
of visual compensation. Visuomotor distraction showed very simi-
lar effects on these three parameters. It was also the only condition
that brought about a decrease in the gain of visual anticipation,
Kp, most probably because the visuomotor task was much more
demanding on the visual system (gaze was directed to the side
and downward) than the visual task (gaze was directed to the side
only). This suggests that K is quite robust, except in extreme cases
of distraction. Taken together, the results suggest that the driver
model parameters are sensitive to the driver state of distraction;
indeed, they varied as a function of the secondary task. More work
is needed now to build a robust estimator of distraction using on-
line parameter analysis.

3.3. Conclusion

The rationale for this work was that distraction can be catego-
rized as cognitive, visual or motor, and that each type of distraction
has a different influence on steering behaviour. So, the question is:
can a visuomotor model help to detect and discriminate distraction
episodes? The method consisted first in parameter identification
during a training period without distraction. Then, on-line param-
eter identification or disturbances estimation was performed when
distraction occurred. The results showed that scrutinizing how the
values of the parameters evolve makes it possible to discriminate
between cognitive, visual and motor distraction, at least to some
extent. The advantage of modelling distraction using an additive
output disturbance on the driver model obtained in normal condi-
tion (no distraction) is that robust filtering is required rather than
on-line identification. However, although distraction could be de-

tected, it was not really possible to discriminate between differ-
ent types of distraction. Lastly, modelling the distraction as addi-
tive input disturbances should make possible some sort of discrim-
ination, assuming that distractions with a visual component would
mainly affect signals associated with visual perception. However,
more work is needed to confirm this assumption.

4. Haptic shared control of the steering wheel

The second way our driver model has been used for driving
assistance system design relates to haptic shared control (HSC)
of the steering wheel. Some of this work has been presented in
Saleh, Chevrel, and Lafay (2012) and Saleh, Chevrel, Claveau, Lafay,
and Mars (2012, 2013). It will be summarized and complemented
in the following section.

HSC occurs when a driver and an automaton continuously and
simultaneously act on the steering wheel to achieve lateral con-
trol. It has been demonstrated to facilitate steering control whilst
keeping the driver in the loop (Abbink, Mulder, & Boer, 2012; Mul-
der, Abbink, & Boer, 2012; Sentouh, Soualmi, Popieul, & Debernard,
2013; Wang, Zheng, Kaizuka, Shimono, & Nakano, 2017). Like a tra-
ditional lane-keeping system, it has a direct influence on the ve-
hicle’s trajectory. At the same time, it provides haptic guidance to
the driver, improving comfort and workload (Mars, Deroo, & Char-
ron, 2014; Mars, Deroo, & Hoc, 2014). The benefit is that the driver
is aware of the system’s actions, and can choose to overrule them.

Lane-keeping systems are often designed on the basis of a
vehicle-road model and consider driver action as a disturbing sig-
nal. Thus, these systems do not guarantee global stability and can-
not provide a robustness analysis when variations in driver be-
haviour occur. A performance analysis of lane-keeping systems has
highlighted the fact that, together, a vehicle and its driver form
a human-machine system. Such a system should be considered as
a whole in order to develop a cooperative co-pilot that monitors
the driver’s control actions, and understands and corrects them if
necessary. For this reason, a cybernetic approach is recommended
for modelling any interactions between the driver and the vehicle-
environment system (Mulder et al., 2004).

Saleh, Chevrel, Claveau, et al. (2012, 2013) sought to design and
evaluate a HSC system based on the cybernetic driver model. The
cybernetic driver model and the road-vehicle model were aggre-
gated into the control synthesis model, known as the DVR model
(see Section 4.2.2). The benefits of using the driver model will now
be highlighted.

4.1. Cooperation indicators for HSC

The evaluation of control quality usually involves a tradeoff be-
tween multiple, potentially conflicting criteria. Steering assistance
systems should assist the driver in keeping the vehicle within the
lane, and thus contribute to active safety. At the same time, these
systems should cooperate with the driver and avoid conflict as
much as possible. In the absence of standards to evaluate the qual-
ity of HSC, Saleh, Chevrel, Claveau, et al. (2012, 2013) defined dif-
ferent indicators to enable the measurement of what is seen as
"safe driving" and a "cooperative copilot”. Some of these metrics
are commonly used to measure lane-keeping performance, whilst
others are innovative.

One of the most common metrics for lane-position perfor-
mance evaluation is lateral deviation error. In particular, we chose
to examine the mean absolute lateral deviation from the cen-
tre line and the standard deviation of lateral position. These in-
dicators do not allow the evaluation of the lane-departure risk.
Such risk can be measured, however, by using the time to lane
crossing (TLC), defined as the time available to a driver un-
til any part of the vehicle reaches one of the lane boundaries
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(Godthelp, Milgram, & Blaauw, 1984). There are several ways of
computing TLC values with more or less approximation of the
road curvature and trajectory prediction (Mammar, Glaser, & Netto,
2006). Here, the TLC, or TLCP (for TLC Path), was estimated by as-
suming that the vehicle yaw rate and heading speed would remain
constant in the near future. The advantage of TLCP is that it is less
sensitive to transient steering deviations, because they are filtered
by the vehicle dynamics.

The risk of lane departure is also driver-dependent; thus, TLCP
alone cannot provide a consistent evaluation, especially when the
driver intentionally cuts bends or when he is aware of the risk
and has already acted to correct it. In these two cases, TLCP over-
estimates the risk, as it does not take into account the driver’s
intention. To overcome this deficiency, Saleh, Chevrel, Claveau,
et al. (2012) suggested that the cybernetic model be used to es-
timate the driver’s steering intention (see Fig. 2). The driving er-
ror (Ag) is then defined as the deviation of the actual driver
steering angle, §,; from the angle predicted by the driver refer-
ence model 8g,. Finally, the Lane Departure Risk (LDR) criterion,
LDR = As/TLCP, was proposed as a mean of evaluating the risk of
lane departure. The LDR value is normalized within a [0-1] risk in-
terval. As long as LDR indicates a low threat level, driving is "safe".

On the other hand, new indicators of cooperation between the
driver and the assistance system were proposed for the first time
in Saleh, Chevrel, Claveau, et al. (2012):

- Consistency rate Tg,: defined as the ratio of the period during
which the assistance torque (I'y) is in the same direction as
driver torque (I";), divided by the total driving period.
Resistance rate Tr.s: defined as the ratio of the period during
which I'q is in the opposite direction to I'; but 'y is inferior
to 'y, divided by the total driving period.

Contradiction rate Ty, defined as the ratio of the period dur-
ing which I'y overcomes I, divided by the total driving period.
Contradiction level P, (Saleh, Chevrel, & Lafay, 2012), defined as
the cosine of the angle between the torques I'; and I'; applied
on the steering column respectively by the driver and the assis-
tance device. These pairs constitute two signals of the Hilbert
space whose norm and scalar product can be calculated.

}ra(r)xrd(z)dt

P :cos(f'a,f't,)=

¢

\/ j T2 (t)dt % j I3(t)dt F

P. is equal to —1 if the assistance always exerts an opposite ac-
tion to that of the driver (180° between the assistance torque and
the driver torque). P; is equal to 1 when the assistance systemat-
ically accompanies the driver (0°). More generally, P. represents a
good indicator of the agreement between the driver’s action and
that of the automated device.

4.2. Synthesis of an electronic co-pilot for HSC

4.2.1. H2 preview

The assistance strategy developed and evaluated by
Saleh, Chevrel, Claveau, et al. (2012) and Saleh, Chevrel, Claveau,
Lafay, and Mars (2013), used LQ/H2-Preview control theory
(Saleh, Chevrel, & Lafay, 2012) applied to the global DVR model.
Such a control design is known to guarantee improved perfor-
mance when the near future of the exogenous signal, in this case
the road curvature p, is known (preview). Moreover, the authors
revealed that the LQ criterion can potentially take the indicators

l
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Fig. 7. H2-Preview controller problem.

of cooperation quality into account. Let’s first recall the general
result.

In Fig. 7, the process model X is defined through Eq. (2), the
exogenous signal model X, is defined by Eq. (3), and the con-
troller X is synthesized.

X= Ax + Biu + By w
z=Cx + D1 u
Ae R By e WM By e AT, C e P, Dy € {PM (2)

x, u, w and z above respectively denote the state vector, the
control input, the disturbance input and the performance vector
output. The disturbance input w is assumed to be previewed the
over time horizon T. So, wy(t)=w(t+T) is an input of the controller.
Moreover, this signal is supposed to be a coloured noise obtained
by filtering the white noise w’ through Xw (see Eq. (3)).

Xw = Aw Xw + By W
wp = CuXw (3)
Ay € 9%, C, € ™4, B,, € RI*4

The “optimal H2 preview controller problem” (Marro & Zat-
toni, 2005) is defined as the problem of finding a controller Xc
that rejects the effect of the input disturbance w (known in ad-
vance over the time T) on the output z. More precisely, the con-
troller ¢ has to minimize the H2 performance index (6) whilst
stabilizing the closed-loop system (Fig. 7). The general solution to
this problem is recalled in Theorem 1.

00

J=lzl% = / 7T (0)z(t)dt (4)

0

Theorem 1. let the system (X, X) be defined by (2) and (3). As-
sume that:

W the pair (A, By) is stabilizable

B the quadruple (A, By, C, D) has no invariant zeros on iR
W D, is full-column rank matrix

W A, is Hurwitz

Let R=DID;, Q =CTC, S$=CTDy, then, the solution of the H2-
preview problem is given by the controller 3. defined through the
following equation:

T
u(t) = —K, x(t) + / ®(T)wy(t — T)dt —R'BIeAT M xy(t) (5)
0

where :

oK, =R (ST +BP,) isthe gainfeedback matrix

o ®(t) = —R'Bl e T-DPpB,,

o P, isthe stabilizing solution of the algebraic Riccati equation :
PA+ATP— (S+PB)R'(S"+B,"P)+Q =0

oA, =A—BR(ST +BTP,) isthe closed loop matrix
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Fig. 8. H2-Preview shared control.

o Misthe solution of the Sylvester equation :
ATM +M.Aw +P,B,Cy =0

For the proof, see Saleh, Chevrel, and Lafay (2012).

Based on this result, the synthesis of the assistance controller
was performed in continuous time to minimize the H2 perfor-
mance index with the performance vector z (see next section) con-
taining signals correlated with road tracking quality (ex. heading
angle error V), lane keeping quality (ex. lateral deviation y; ), con-
trol effort (assistance torque I'g), driver-assistance sharing and co-
operation quality (I'q- 'y and the scalar product <I'g, I'yj> whose
value depends on the cosine of the angle between the two torques;
see Section 4.1). In Saleh, Chevrel, and Lafay (2012), the road cur-
vature was assumed to be coloured noise, with a zero mean value
and a bandwidth restricted to the frequency interval [0-20] rad/s.
This is compatible with the signal model used and is incorporated
into the H2 standard model that supports the H2 control synthesis.

Finally, the optimal preview shared control obtained consists of
three terms (Fig. 8):

W A state-feedback term (—Kx),

B An anticipation term elaborated through a finite impulse re-
sponse filter (FIR) from the previewed curvature signal (wp(t) =
Pref(t +T) on the preview horizon T,

B A pre-compensation term, which deals with the predicted road
curvature beyond the preview horizon.

4.2.2. DVR model and control synthesis

The state-space DVR model, which aggregates the cybernetic
driver model and the road-vehicle model has the following form,
with o the current road curvature:

B [aye  ape O 0 aisc 0 0

r Gzic  Gpc O 0 asc O 0

Vi 0 1 0 0 0 0 0

i Vi lg Vi 0 0 0 0

5, =10 o 0o o o 1 o0

84 Ggic  dgoc O 0 Gesc  Odeec O

X14 0 0 bz brpa/ts O 0 114

Xaq 0 0 byg  bya/ts 0 0 r14
LIy | busia brzod bsaa baa/ls  bpzsa O a31q

The H2 output performance vector z is defined from the output
equation (see Eq. (9) in appendix) as:

299
14
Yact
_n12]0a .
z2=0Q Iy —aly where :
Ly
[y
cc 0 O 0 O 0
0 co 0 O O 0
|0 0 ¢ 0 O 0
Q= 0 0 0 ¢4 O 0 (7)
0 0 0 0 ¢ cyq
0O 0O O 0 o 1
with:
With this, the criterion (4) is equivalent to:
J=11z13 = et lell3 + e lyace 13 + csllall3 + callTa — T3
+00
+6sITl3 + ITall3 + cao [ Ta(®) x Ta(r)de (8)
0

The compromise between these different quantities is obtained
by means of penalties on each signal, defined within the matrix Q..
The penalty on the assistance torque I'; is set arbitrarily to 1 for
standardization purposes. The others are adjusted according to the
objectives pursued (the final choice of penalties: ¢; =200, c, = 20,
c3=3, ¢4=5, c5=1, ¢4, =-10). The actions carried out in real time
by the electronic co-pilot can be deduced directly from the reso-
lution of the H2 preview synthesis problem (see Theorem 1). The
assistance torque is thus modulated according to the compromise
to be made between the risk of Lane Departure Risk (LDR) and
the collaborative quality between the driver and the assistance de-
vice. For example, c, penalizes the lateral deviation, o ~T"¢/T"; in-
forms about the desired level of sharing, with two specific cases:
o ~ 0 for manual driving, @ = 1 when steering is shared equally be-
tween the assistance device and the driver, and « > 1 for fully au-
tomated driving; likewise, c4, negatively penalizes the scalar prod-
uct between I'q and I'y, which prevents contradictory control be-
tween the driver and the assistance device (see contradiction level
P, defined above).

4.2.3. Shared control with or without the driver model

Saleh, Chevrel, Claveau, et al. (2012) compared two driving ses-
sions with two types of shared control controllers. Both were
based on the H2 preview scheme described above and both ex-
ploited the road curvature preview. The first controller optimized
performance and safety criteria only (i.e., heading error, lateral de-
viation from the centreline, lateral acceleration and steering wheel
torque). The other was based on the DVR model, which enabled
additional cooperation criteria for optimization to be taken into
account, i.e, a~I'¢/'y and the scalar product between I'; and
I'4.The main results obtained with a level of sharing of 50% are

0 0 1B 7 0 T 0 N

0 0 r 0 0

0 0 Y 0 —Vi

0 0 yL 0 —Vils

0 0 ‘?d +10 e+ |0 * Pref (6)
0 beic || 84 be1c 0

0 0 ||xg| |0 0

apg 0 X2d 0 by1aDar

aspg  A33q] LTyl L—b3sa L b314Dfqr |

illustrated in Fig. 9.
In both cases, the level of lane keeping performance was good.
Without HSC, the driver applied a cumulative torque of about
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Fig. 9. Contradiction level between the driver torque I'q and the assistance torque I',. From left to right: i) without HSC (driver=100%), ii) HSC without a driver model, iii)

HSC with a driver model.

3000 (N m)? s (Fig. 9, left). With HSC without a driver model,
the driver torque was reduced to 2600 (N m)? s, combined with
a system torque of 3900 (N m)? s. However, the actions of the
two agents were in large part in opposing directions, which trans-
lates as an angle above 90° between the two vectors (Fig. 9, cen-
tre). HSC with a driver model lead to a much larger agreement be-
tween the driver and the assistance device (angle below 90°). The
torque applied by the driver on the steering wheel was reduced to
1300 (N m)? s, whereas the system delivered 1400 (N m)? s. In this
case, the driver delivered 48% of the total torque, which is close to
the targeted 50%.

4.3. Conclusion

This section highlights the importance of the cybernetic model
for HSC, in particular: i) to make possible the definition of cooper-
ation criteria for analysis and control synthesis, and ii) as support
for robustness analysis (through p-analysis), using parametric un-
certainties to describe the diversity of human behaviour in steering
(Saleh et al., 2013).

5. General conclusion

This paper reviewed the importance of a cybernetic driver
model by considering two case-studies: driver distraction state es-
timation and HSC of the steering wheel.

First, the cybernetic model was presented and its psychological
significance explained. The calibration of its parameters from real
experiments was also discussed, considering either packet-based or
recursive identification. Our experience is that such an identifica-
tion is possible when driver torque can be correctly estimated. This
led to the creation of a driver model that was able to steer our
driving simulator by itself on various roads.

Second, we studied distraction modelling using additive or mul-
tiplicative disturbances on the non-distracted driver model. Our
experience was that it provides new residues, which can be in-
valuable in detecting distraction, in some cases even distinguishing
in some cases between types of distraction (e.g., visual, visuomo-
tor and motor distraction). Based on this approach, some patents
were deposited, illustrating its industrial relevance (Ameyoe, Illy &
Chevrel et al. (2016); Illy, Ameyoe & Chevrel et al. (2017)).

Third, we considered HSC, with a design process based on the
cybernetic driver model. We saw early on the importance of us-
ing such a driver model for shared control design (Mars et al.,
2011, Saleh et al 2011). This was confirmed by Saleh, Chevrel,
Claveau et al. (2012) and Saleh et al. (2013). Designing shared con-
trol with a driver-vehicle-road model enables a much more ac-
ceptable and robust solution to be found, with a wider application
range. In addition, new indicators of cooperation quality that take
into account short-term prediction of the driver action were de-
fined. Such indicators were lacking in the literature. They may be
a useful contribution for researchers who want to go beyond the
traditional performance metrics to evaluate HSC systems.

The prediction capabilities offered by the cybernetic driver
model were essential in the systems’ design. For HSC, the driver
model improves the stability of the global system by minimizing
the risk of negative interferences that may occur in the near fu-
ture between the human and the automaton, such as contradictory
actions. For distraction estimation, the contribution of the model is
not about predicting the interaction to come. Rather, it is about de-
tecting early distraction and discriminating between different types
of distraction on the basis of the difference between current ac-
tions and model predictions.

Future work based on the cybernetic driver model should con-
sider more in-depth investigation of human driving and system
acceptance, particularly in the context of the development of au-
tonomous vehicles. It should also consider the central question of
understanding how drivers adapt their behaviour to assistance de-
vices. Individual tuning of the model parameters to each driver
may offer a way to significantly improve the performance of as-
sistance systems. Beyond driving, the design of automatic systems
on the basis of a cybernetic model that represents actual cogni-
tive, perceptual and motor processes may be relevant to human-
machine interaction in different contexts.
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Appendix. Detailed notations
A. Cybernetic driver model

- parameters: 0 = [Kp Kc T; 7p K; K¢ Tn]: see Table 1
- input and output signals: u = [0 Onear 8q [s]T and y=
[ﬁd SSW ]T
o Onear angular deviation at a near point (6 pear) and Oy, at the
tangent point, (see Fig. 1)
o 84 steering wheel angle
o I's steering wheel force feedback (see also vehicle model)
o f‘d: driver torque predicted/estimated by the model (I";:
real driver torque,)
o dsw driver’s intention in terms of steering wheel angle
- Au, AO, Ay : distraction signal assumed to be respectively
input, parametric, or output disturbances; in this context, u,
yr are the disturbed input and output of the driver model
(see Fig. 3); in order to symplify the notations, Au and Ay may
designate a perturbation on a part of the signal input (e.g. vi-
sual compensation signal in Fig. 6) or output signals (f‘d).
- state vector: Xq = [ Xq1 Xd2 Xa3 I¥
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B. Distraction and haptic shared control (HSC) indicators and
variables

SDLP: standard deviation of lateral position

SWRR: Steering wheel reversal rate

LDR: Lane Departure Risk

TLC: Time to Lane Crossing

TLCP: Time to Lane Crossing - Path, i.e. TLC estimated by as-
suming that the vehicle yaw rate and heading speed were
maintained as constant in the near future

TPI: Torque prediction indicator

IDI: Input default indicator

AS§: driver error (deviation of the actual driver steering angle
from that one predicted by the model)

z: performance vector for HSC synthesis

I'q, ['y: assistance and driver torque (applied on the steering
wheel)

Tco, Tres, Tcont: cooperation indicators for HSC systems (see
Section 4.1)

1, C5, Cgq: Weights on signals that constitute the performance
vector;

c1: penalty for heading error

c,: penalty for lateral deviation from the road centerline

c3: penalty for the difference between the vehicle lateral accel-
eration and the expected lateral acceleration according to road
curvature

c4: penalty for the level of shared control

cs: penalty for driver torque

C4q: Denalty for contradictory action between the driver and the
automation. When c4, <0, the minimization of the quadratic
criteria is performed to avoid contradiction between the driver
torque and the automation torque.

Relationship between the performance vector and the DVR
model state and input:

(41
Yact
a
l"afotl"d
Ly
Cq
B
r
0 0 1 0 0 0 0 O 0 Wy
0 0 -5 1 0 0 0 O 0 Vi
_ | Y%ane W%apc 0 0 Ve 0 O O O 84
- 0 0 0 0 0 0 0 0 -« .
0 0 0 0 0 0 0 0 1 ||6
0 0 0 0 0 0 0 O 0 X1d
X2d
Y
0
0
+ (—1) Ty
0
1

C. Vehicle-road model (VR)

The general vehicle-road (VR) model considered for lateral con-
trol involves the dynamics of the lane keeping visual process, the
steering column, and the lateral vehicle dynamics. According to
Saleh, Chevrel and Lafay (2012), The VR model can be written as:

Xyg = AvrXvR + Bivg (Ta+Tq) + Bavr Oref (10)
AVR S SRGXG, B]VR (S 9%6“, BZVR € 9%6“

Y

Yo
I,
Iy ’
E Voo R
H 2 £ : ) X
e o o P @/f L TR AR SR ——— AT -
! ) Ve
l, 1,
Fig. 10. Vehicle-road model for lane keeping.
Table 3
Peugeot 307 model parameters.
Iy Distance form Gravity Center to front axle 1127 m
I Distance from Gravity Center to rear axle 1485 m
M Total mass 1476 Kg
J Vehicle yaw moment of inertia 1810 Kg m?
Cro Front cornering stiffness 65,000 N/rad
Cro Rear cornering stiffness 57,000 N/rad
N Tire length contact 0.185 m
u Adhesion 0.8
K Manual steering column coefficient 1
Rs Steering gear ratio 16
B Steering system damping coefficient 5.73
I Inertial moment of steering system 0.05 Kg m?2
I Look-ahead distance 5m

Where xyg = [B, 1, Y1, Vi, 84 d8g4/dt]T is the VR state vector.
It consists of (see Fig. 10): the side slip angle (B), the yaw rate
(r), the heading angle (), the offset from the lane centre (y;)
projected forward on the look-ahead distance (L), steering angle
(84) and steering speed (d§4/dt).

The inputs of (2) are the steering torque command (I"a+ [y)
and the road curvature (o). The matrices Ayg, Bjyg and Byyg are
given by:

e Ape 0 0 a5 O
e apc 0 0 ap O
0 1 0 o0 0 0
Av=tv i w0 o o |Bw
0 0 0 O 0 1
asic Gs2c 0 0 agsc  dese
0 0
0 0
_ 0 | W%
= 0 s BZVR = _VXIS (11)
0 0
b61c 0
With:
a — _M — M —1. a — 2Cf
11c = va s W2c = vaz s U15¢ = MVXRS
a 2(Crlr—Cflf) a Z(Cfl%"‘crl;?) a 2Cflf
2= —————, Upc=——"""7—, U550 = —5—
J JVx JRs
TSﬂ Ts; N B
Ge1c = T Gg2c = T Ggsc = “RL Ugec = L Cr = Crob
1 ZKpCfT]t 2KpCfT}[ If
Cr = Crolt, beic = E, Tsﬁ = 7RS , lsr = 7R5 Vx
1 1 K 2T, K. 2 (Tp
Brog = =, Qyyg = —= by = —~C= L :77<7_1)
12d T a11d T 22d Vo T 214 Vo \T,
2 l¢ 1
=——.,b = —b34yTsg, b = —b34yTsp =, =
224 T, n31d 34d1sg, Dn32d 34d 1sp V. a33q Ty
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K:Vy + K K. T, Ts 1
byy = ——— XTN J V;f bssq = b3zq + *Rf b4, b3aq = T
KV + K¢ K.Vy + K K (TL )
U3y =2———, G3jyg=——+— (= —1}),
324 T 31d T VAT
K:Vy + K; K¢ 2
b1y = - Kp——=———, b33y = ——, by1g = —K
31d T 334 Ty Pna= Ko

VR parameters are summarized in Table 3 with nominal values
that correspond to a Peugeot 307. This vehicle model was used on
the driving simulator and supported shared lateral control synthe-
sis.
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