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Abstract: The objective of this study is to determine the ability of a two-point steering control
model to account for the influence of a haptic guidance system in different visibility conditions. For
this purpose, the lateral control of the vehicle was characterized in terms of driving performance
as well as through the identification of anticipation and compensation parameters of the driver
model. The hypothesis is that if the structure of the model is valid in the considered conditions,
the value of the parameters will change in coherence with the observed behavior. The results of an
experiment conducted on a driving simulator demonstrate that the identified model can account for
the cumulative influence of the haptic guidance system and degraded visibility. The anticipatory gain
is sensitive to changes in driving conditions that have a direct influence on the produced trajectory,
and the compensatory gain is sensitive to a decrease in the variability of the lateral position. However,
a model with only the steering wheel angle as output is not able to determine whether the change in
lateral position variability is due to the driver’s lack of anticipation or to the assistance provided by
the haptic guidance system.

Keywords: haptic guidance; driver steering model; visibility conditions; system identification; lateral
control performance

1. Introduction

Advanced driver assistance systems for road vehicles have been intensively studied
in recent years due to their potential to improve driving comfort and safety. Part of this
research focuses on avoiding or reducing persistent issues in human–automation interaction.
These issues are usually caused by a lack of effective communication between the driver
and the assistance system. A specific mode of assistance, called haptic shared control, has
been proposed and meets commonly formulated design guidelines for human–automation
interaction, especially in automotive applications [1–4]. Applied to the steering control
(i.e., haptic guidance system), an automation system continuously provides human drivers
with additional assisting torque through the steering wheel. Because the steering wheel
is controlled simultaneously by the human driver and automation system, it acts as a
communication interface between them. In this case, the driver can feel the additional force
generated by the automation system and can decide whether to follow the “optimal” control
operated by the system or to override it if necessary. As such, shared control is distinct
from systems that binarily switch authority between humans and machines. The benefits
of haptic guidance systems have been observed in lane-keeping performance [5–10].

The effectiveness of haptic guidance systems depends on various aspects, including the
design method and its parameters [11], the level of authority of the system [12], the driver’s
age and driving experience [7,8], fatigue [10], and the driver’s reliance on the system [13].
In addition to system- or driver-related aspects, the influence of the driving environment,
especially visibility conditions, is a key issue because of the predominant role of visual
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information in driving [14]. Indeed, several studies have already investigated the benefits
of haptic guidance systems in degraded visibility conditions [15,16]. Driving performance
was evaluated through behavioral analysis, which consists of statistical comparison of
different metrics such as the steering wheel reversal rate, steering effort, and mean lateral
position of the vehicle. It has been shown that a haptic guidance system is more effective
in compensating for loss of nearby visual information than loss of far-off vision [15].
Moreover, a study varying the level of haptic authority of a guidance system has shown
that the optimum distribution of control between the driver and the system depends on the
visibility conditions, with drivers relying more on the system in the presence of fog [16].

To better understand how haptic guidance systems modify the lateral control of
the vehicle as a function of visibility conditions, this study proposes to adopt a model-
based analysis method in addition to behavioral analysis. Our objective is to link the
results of the behavioral analysis to the parameter values of a driver steering model
in order to understand the extent to which the model can account for the combined effect
of haptic guidance and visibility on driving performance. Driver models are useful tools
for understanding information processing in humans as well as for estimating the driver’s
state. Recent work has shown, for example, that it is possible to discriminate different
driver distraction modalities through parametric analysis of a steering control model [17,18].
In addition, these models can be used for the realization of controllers in haptic guidance
systems [19]. Controllers based on driver models have many advantages, such as reduction
of undesired steering conflicts with the guidance system, smooth authority transition, and
consideration of the driver’s state [20–30].

The model chosen to meet the objective of this paper is similar to the two-point model
proposed by [31], and is in line with [32]. It has been subsequently been established
that steering on a sinuous road can be summarized by the complementary action of two
processes: the visual anticipation of the road’s curvature and the compensation of lateral
positioning errors [16,31–35]. The anticipation process refers to the visual exploration
of the road ahead, while the compensation process represents the task of maintaining an
appropriate distance from the edges of the lane. The two-point model combines anticipation
and compensation by considering a simple additive process, and predicts the steering wheel
angle. This model has been validated by [31] in three different contexts. First, the two-point
model can account for the effect of partial occlusion of the visual scene (driving with near
and/or far vision) [33]. Furthermore, the model can predict human-like steering profiles
for perturbation correction and lane change maneuvers.

Our assumption for the model-based analysis is that while the model structure remains
valid in the presence of haptic guidance and reduced visibility, the parameter values will
change accordingly. Specifically, it is assumed that as visibility is degraded, the steering
wheel angle depends more on error compensation than on anticipation. Therefore, the hy-
pothesis of a decrease in the anticipation gain and an increase in the compensation gain
can be put forward. When driving with the haptic guidance system, the driver can rely on
the system, which may facilitate lane keeping and smooth steering control. In this case,
an increase in the anticipation gain and a decrease in the compensation gain may be ob-
served. If there is an interaction between the two factors, which could have an antagonistic
action on certain behavioral indicators, it will be interesting to examine how the model
parameters capture this phenomenon.

In summary, the objective of this study is to verify the extent to which a simple and
robust model such as the two-point steering model is likely, through its parameters, to
“explain” the behavior of the driver-assistance system as a function of haptic guidance
and visibility. Achieving this goal could help in the design of haptic guidance systems
for better human–ADAS interaction. The remainder of this paper is organized as follows:
Section 2 presents the way the experiment was conducted and a brief description of the
haptic guidance system. The methods of data analysis, including identification of the model
parameters, are described in Section 3. Section 4 presents the results obtained from the
behavioral analysis and model parameter identification. Section 5 summarizes the effects
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of the experimental conditions on driving performance and the model parameters. Finally,
Section 6 concludes with the predictive capability of the selected model and the future
prospects for this work.

2. Experiment
2.1. Participants

A group of fifteen, comprising eleven male and four female participants, took part in
the experiment (mean age = 30.3 years, SD = 8.4 years). The participants were primarily
recruited from students and staff of the Laboratory of Digital Sciences in Nantes and
Institute Mines-Télécom Atlantique Nantes. All participants possessed a valid driver’s
license with at least three years of driving experience. The participants had no known
medical issues that could affect their driving skills and had normal or corrected vision. None
of them had ever experienced a haptic guidance system. The research was conducted in
accordance with the standards of the CNRS ethical committee and with the 1964 Declaration
of Helsinki. Informed consent was obtained from all individual participants involved in
the study.

2.2. Independent Variables

Two independent variables were manipulated in this study according to our objectives:
the visibility conditions of the driving environment (F) and the haptic guidance system
(A). Visibility was manipulated by applying a thick fog in the driving scene (Figure 1,
upper left and lower left), making it difficult for the driver to anticipate changes in road
curvature. The visibility variable therefore has two degrees: with fog (+F) or without
fog (−F). The same applies to the haptic guidance system which has two conditions:
with guidance (+A) and without guidance (−A). The combination of these two variables
provides the following four different experimental scenarios:

1. without fog, without haptic guidance (−F, −A);
2. without fog, with haptic guidance (−F, +A);
3. with fog, without haptic guidance (+F, −A);
4. with fog, with haptic guidance (+F, +A).

a

b

c

Figure 1. (a) Upper Left: Screenshot of scenario without fog; (b) Lower Left: Screenshot of scenario
with fog; (c) Right: Fixed base driving simulator SCANeR.

2.3. Haptic Guidance System

The haptic guidance system employed in this study was developed by [26]. The total
guidance torque applied on the steering wheel Γa comes from anticipatory and compen-
satory assistance (Figure 2):
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𝛒𝐩𝐫𝐞𝐯𝐢𝐞𝐰𝐞𝐝

Anticipatory assistance

(Feedforward)

Compensatory assistance

(Feedback)

Figure 2. Design strategy of Haptic Guidance System.

Γa = Γare f + Γa f b (1)

The anticipatory assistance, that is, the feed-forward (FF) controller, is a trajectory
generator that generates the reference vehicle–road model states and the torque control on
the basis of the previewed road curvature ρpreviewed:(

Γre f
xre f

)
= KFF(p)ρpreviewed (2)

where KFF(p) represents the transfer function of the trajectory generator. The applied FF
torque is then determined by the sharing level of the anticipatory part: Γare f = αantΓre f .

The compensatory assistance, namely, the feedback controller, is static output feedback
obtained by an H2/H∞ multi-objective control synthesis and determined by the sharing
level of the compensatory part:

Γa f b = αcompK f b(xvr − xre f ) (3)

The sharing levels are used for regulating the total haptic guidance torque. When the
sharing level is highly in favor of automation (close to 100%, see [26]), the haptic guidance
system can drive the vehicle by itself. In this study, both sharing levels were fixed at 50%,
which provides a system that delivers clear haptic guidance, although it will eventually
leave the lane during navigation on a curve without driver intervention.

2.4. Apparatus

The experiment in this study was conducted on a fixed-base driving simulator powered
by SCANeR Studio (Figure 1, right). It is equipped with a complete dashboard; a five-speed
gear stick; gas, brake and clutch pedals; and a steering wheel connected to a TRW steering
system. A torque sensor is mounted on the steering column to measure driver steering
torque. Specifically, the sensor measures the torsion of the column on a specific section
between the steering wheel and a motor, which is responsible for providing the torque
feedback and the assistance torque. The estimation of the torque applied to the steering
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wheel by the driver was obtained after subtracting the torque feedback (auto-alignment
torque and steering column emulation) and assistance torque (if any) from the measured
net torque, with a small inaccuracy due to residual friction. The visual scene is displayed
on three LCD screens: a central one in front of the driver and two others oriented at 45◦

relative to the center. The screens cover a field of view of 25◦ in height and 115◦ in width.
A small family car, the Citroën C5, was chosen as the vehicle model in this experiment.

2.5. Scenarios

The track used for the four experimental scenarios is a two-lane road, with lane 3.5 m
wide, and is shown in Figure 3. It consists of eleven bends of various length (from 150 m
to 650 m) and radius of curvature (from 50 m to 200 m). All bends are Euler spirals with
continuous changes in the curvature. The longitudinal speed of the vehicle was set at
64 km/h (18 m/s). This speed was chosen according to the curvature of the bends in the
track and the fog density to ensure that all bends could be negotiated. A brief introduction
to each scenario, including the operation of the haptic guidance system, was provided to
the drivers at the beginning of the experiment. The participants were instructed to drive
in the right-hand lane without making any lane changes. The order of the four scenarios
was randomized between participants. Moreover, each scenario lasted 10 min, which is
equivalent to nearly two laps on the track at the chosen speed. Finally, participants were
allowed to take a short break between scenarios.

R=100 m

R=150 m

R=100 m

R=150 m

R=200 m

R=50 m

R=80 m

R=200 m

R=100 m
R=80 m

R=100 m

Start

Figure 3. Route used for experiment.

3. Data Analysis Methods
3.1. Driving Metrics
3.1.1. Steering Performance

Steering performance was assessed using the steering wheel reversal rate (SWRR).
This measure represents the frequency of changes in the direction of steering wheel rotation
by a magnitude greater than a given angle. This is called the gap, and is one of the most
commonly used measures of steering performance [36,37]. The algorithm proposed in [37]
with a gap of 2◦ has been adopted here. SWRR is expected to decrease with haptic guidance
and to increase with fog.
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3.1.2. Lane-Keeping Performance

Lane-keeping performance was evaluated using the deviation ya of the lateral position
of the vehicle’s center of gravity from the center of the lane (in meters). The mean and
the standard deviation of ya were chosen as the metrics. In addition, ya was considered
positive if the vehicle deviated from the lane center towards the inner edge of the lane,
ensuring that the mean provided information on the driver’s behavior in terms of cornering
independently of the direction of the curve. In contrast, ya was negative if the deviation
was towards the outside of the bend. Because the deviation of the lateral position on the
simulator used the center of the lane as a reference, the adjustment is as shown in (4) and (5).
The calculation of the standard deviation of the lateral position (SDLP) is based on the
non-adjusted deviation of the lateral position y′a[k]. The ya is expected to decrease with
haptic guidance. Alternatively, this might happen if the driver adopts a more conservative
path planning behavior with less corner-cutting. The SDLP is expected to decrease with
haptic guidance and fog.

For a deviation of the lateral position signal vector y′a[k], k = 1, 2, . . . , N, the adjusted
mean is

ya =
1
N

N

∑
k=1

ya[k] (4)

where ya[k] is the adjusted deviation of the lateral position

ya[k] =

{
y′a[k], i f ρ[k] ≥ 0
−y′a[k], i f ρ[k] < 0

(5)

with ρ[k] denoting the sampled road curvature vector.

3.1.3. Driver Control Effort

The driver control effort is evaluated through the torque Γd applied by the driver on
the steering wheel. The L2-norm, which is equivalent to the signal energy, is chosen as the
metric (‖Γd‖2). The calculation is as follows:

‖Γd‖2 =

√√√√ N

∑
k=0

Γ2
d[k] (6)

where N is the number of samples; ‖Γd‖2 is expected to decrease with haptic guidance.

3.2. Model Identification

The model chosen in this study is shown in Figure 4a. It is a two-point visual model
inspired by [18,31,32,38,39]. In this model, the steering wheel angle δSW is a combination
of anticipatory and compensatory behavior in a lateral control task. The anticipatory part
represents the behavior of looking far ahead to determine the road direction, and the
compensatory part corresponds to the use of nearby visual information to maintain the
vehicle in the lane. Two points on the road, a far and a near point, are chosen to represent
the areas where the visual information is acquired. The angles between the direction of
these points and the heading of the vehicle, which are defined as the far-point angle θ f ar
and near-point angle θnear, respectively, are used as inputs in the model. The calculation of
these inputs is shown in Figure 4b and in (7). For the far-point angle, it is assumed that
the vehicle heading is aligned with the road. For the near point angle, it is assumed that
the line segment yL is perpendicular to the vehicle heading. Here, yL is the lateral position
error at distance ls in front of the vehicle, which is directly available from the vehicle–road
(VR) model (see [26]). The model parameters are described in Table 1.
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Lane border Lane center

Far Point

Near Point

O

Gaze Direction Vehicle Headingθfar

θnear

𝑦𝐿

≈ θfar

(a) (b)

Figure 4. (a) Two-point visual model and (b) calculation of far-point and near-point angles.

θ f ar ≈ D f ar × ρ, θnear ≈ yL/ls (7)

Table 1. Description of parameters in the model.

Parameter Description Nominal Values

Kp Visual Anticipation Gain -
Kc Visual Compensation Gain -

TI , TL
Compensation Time

Constants 1, 3

τp Processing Delay 0.04
v Vehicle Longitudinal Speed -

By approximating the delay block using a first-order Padé model, the minimal realiza-
tion of the two-point visual model shown in Figure 4a can be written as follows:

ẋ(t) = Ax(t) + Bu(t)

y(t) = Cx(t) + Du(t)
(8)

with

y(t) = δSW(t), u(t) =
[

θ f ar(t)
θnear(t)

]
, x(t) =

[
x1(t)
x2(t)

]

A =

 − 1
TI

0

− 2
τp

Kc

v
(

TL
TI
− 1) − 2

τp

B =

 0
1
TI

2
τp

Kp
2
τp

Kc

v
TL
TI


C =

[
Kc

v
(

TL
TI
− 1) 2

]
D =

[
−Kp −Kc

v
TL
TI

]
The model identification aims to estimate the parameter values by the prediction error

minimization (PEM) [40] method using measured input and output data from the experi-
ment. The system identification toolbox in MATLAB is used to compute the identification
results. The criterion is as follows:

J =
1
N

N

∑
k=1

e2[k] (9)

where e[k] represents the difference between the measured output and predicted output of
the model (Figure 5):

e[k] = δSW [k]− δ̂SW [k]. (10)

In this study, the visual anticipatory and compensatory gain (Kp and Kc) are chosen
as the parameters to be identified and the other parameters are fixed at their nominal
value (the longitudinal speed is fixed at 18 m/s; see Section 2.5). Although the concepts of
anticipation and compensation have certain commonalities with the strategy of the haptic
guidance system, it is beyond the scope of this paper to evaluate the relevance of this control
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architecture, as the sharing level of the anticipatory and compensatory controller have
not been manipulated. In addition, the two-point visual model represents a combination
of the dynamics of the lateral control and steering wheel (LC-SW) system in Figure 5.
This LC-SW system covers both human driver behavior and haptic guidance behavior,
including extreme cases of human or haptic guidance driving alone. By identifying the
parameters, we aim to project the input–output relationship of the LC-SW system onto
the visual model in order to check the contribution of each input signal to the output
signal. In other words, if we obtain a decrease in the anticipatory gain or an increase in the
compensatory gain, the steering wheel angle (δSW) is determined more by the anticipatory
than the compensatory part. Such results can provide an idea of how the steering control
strategy changes according to the conditions.

By defining the parameter vector ξ =

[
Kp
Kc

]
, we have

ξ = arg min
ξ

J(ξ) (11)

= arg min
ξ

1
N

N

∑
k=1

(δSW [k]− δ̂SW [k; ξ])2 (12)

Here, the notation δ̂SW [k; ξ] represents the fact that the predicted output is a function of the
parameter vector ξ. According to Figure 4a, it can be written as

δ̂SW [k; ξ] = ξTU[k] (13)

where U[k] is  θ f ar(tk)
TI

vTI
θnear(tk) +

TI−TL
vT2

I

∫ +∞
τp

θnear(τ)e
− 1

TI
(tk−τ)dτ

 (14)

and tk = kTs − τp, with Ts denoting the sampling period. By substituting (13) in (12),
the criterion becomes the loss function in the linear regression problem. Therefore, the opti-
mization is convex and there is only one global solution for ξ.

3.3. Validation of Identified Model

Before comparing the values of the identified parameters, each model obtained for
every participant must be validated by verifying the model fit and parameter uncertainties.
The fit percentage is calculated as follows:

FIT =

(
1− ‖δSW − δ̂SW‖2

‖δSW −mδSW‖2

)
× 100% (15)

where mδSW = 1
N ∑N

k=1 δSW [k] is the arithmetical mean of the measured steering wheel angle
and δ̂SW is the predicted steering wheel angle. The value of FIT varies between −∞ (worst)
and 100% (best).

The magnitude of the parameter uncertainties provides a measure of the model’s
reliability. When model parameters are estimated from the data, these estimates are precise
within a confidence region that can be assessed. The size of this region is determined by
the value of the parameter uncertainties computed during the estimation. It is important
to always verify this information before exploiting the value of the identified parameters.
Supposing an estimated parameter vector θ̂(M) =

[
K̂p K̂c

]T and its limit θ∗ (the “true"
parameter vector), under certain conditions, the following is known [40]:

√
M(θ̂(M) − θ∗) ∈ AsN(0, Qθ) (16)

where M is the number of data samples and Qθ is the asymptotic covariance matrix of θ.
This demonstrates that the distribution of the random variable

√
M(θ̂(M) − θ∗) converges
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asymptotically to the normal distribution N(0, Qθ) if M tends to infinity. In addition, we
obtain the following:

(θ̂(M) − θ∗)TQ−1
θ (θ̂(M) − θ∗) ∈ χ2(d) (17)

where d = dim
(
θ̂(M)

)
= 2 (indicating that two parameters are to be identified) and χ2(d)

is the chi-square distribution with d degrees of freedom. In this case, a confidence level α
(e.g., 90%) can be chosen to obtain a confidence region:

P
(
(θ̂(N) − θ∗)TQ−1

θ (θ̂(N) − θ∗) ≤ χ2
α(d)

)
= α (18)

with χ2
α(d) as the α-level of the χ2(d)-distribution. This equation indicates that, with α

probability, the ”true” parameter vector lies inside an ellipsoid (an ellipse in our case)
defined in the Rd space, of which the center is θ̂(N) and the axes are determined by the
eigenvalues and eigenvectors of χ2

α(d)Qθ . For each participant, we verified whether any
intersection exists between the model ellipses from scenario i and j by defining the value
dij, which is the difference between the Euclidean distance of the center of two ellipses and
the sum of two semi-major axes, as follows:

dij = ‖θ̂i − θ̂j‖2 − (
√

λi +
√

λj) (19)

where λi and λj are the largest eigenvalues of matrices χ2
α(d)Qθi and χ2

α(d)Qθj , respectively.
No intersection exists if dij > 0, which indicates that these two models are statistically
different; thus, it is likely that any difference between identified parameters should be
caused by the independent experimental variables rather than the parameter uncertainties.

3.4. Summary Diagram

Figure 5 illustrates how the data analysis was conducted in this study. The lateral
control process is represented by white boxes. The human driver performs the task with
or without the haptic guidance system through the steering column and generates the
steering wheel angle as vehicle input. The vehicle interacts with the road and provides
ad hoc information to the driver and haptic guidance system. The “Signal Generation”
block represents the computational interface, allowing for the state of the vehicle–road
model in order to format or even estimate the signals input to the driver model and the
haptic guidance system (see Figure 2 and [26]). The performance of the lateral control
task is evaluated using the metrics in the green boxes and the identified parameters of the
LC-SW system in the red box.

Human

Haptic
Guidance

Steering
Column

Vehicle-
Road 
(VR) 

Model
𝛿𝑆𝑊

Γ𝑑

Γ𝑎

Γ𝑑 2 𝑆𝑊𝑅𝑅 ത𝑦𝑎 , 𝑆𝐷𝐿𝑃

Identified LC-SW system
𝑒-

+

𝜌

𝐾𝑝, 𝐾𝑐

መ𝛿𝑆𝑊

Lateral Control

Signal 
Generation

States of VR

𝜃𝑓𝑎𝑟, 𝜃𝑛𝑒𝑎𝑟

𝜃𝑓𝑎𝑟, 𝜃𝑛𝑒𝑎𝑟

…

𝑦′𝑎

+

Figure 5. Summary of data analysis methods.
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4. Results

All data from each scenario were used to calculate the metrics and to identify the two
model parameters. To represent the distribution of participants, the results are presented in
box plots around the mean value for all participants. The red bar is the median. The blue
triangles are mean values. The blue box represents the first quartile and the third quartile
data points. The whiskers represent the minimum and maximum data points which are
not beyond the interquartile range. The red crosses are outliers.

A repeated-measures analysis of variance (ANOVA) with two within-subject factors
was used to evaluate the effects of the visibility (F) and haptic guidance (A). The differences
between the degrees of the independent variables were considered statistically significant
for p-values less than 0.05.

4.1. Steering Performance

The SWRR per minute with a gap-size of 2◦ indicates a significant main effect for
both F (F(1, 14) = 69.92, p < 0.001, η2

p = 0.833) and A (F(1, 14) = 14.42, p < 0.005,
η2

p = 0.507), as shown in Figure 6. The SWRR is significantly higher with fog (+F) than
without fog (−F). With haptic guidance (+A), the SWRR is significantly lower than it is
without haptic guidance (−A). No significant interaction effect exists between F and A
(F(1, 14) = 2.7087, p = 0.12, η2

p = 0.162).

Figure 6. SWRR per minute with a gap size of 2◦.

4.2. Lane-Keeping Performance

The mean of adjusted deviation of the lateral position (ya) shows a significant main
effect for A (F(1, 14) = 10.73, p < 0.01, η2

p = 0.434) and not for F (F(1, 14) = 3.30, p = 0.091,
η2

p = 0.191), Figure 7a). With haptic guidance (+A), ya is significantly lower than without
haptic guidance (−A), which indicates that curve-cutting behavior was reduced. No
significant interaction effect exists between F and A (F(1, 14) = 0.49, p = 0.49, η2

p = 0.034),
which reflects the lower ya with haptic guidance in the two visibility conditions.
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(a) (b)

Figure 7. Lane-keeping performance: (a) mean of adjusted deviation of the lateral position and
(b) standard deviation of the lateral position.

The SDLP shows a significant main effect for both F (F(1, 14) = 6.06, p < 0.05,
η2

p = 0.301) and A (F(1, 14) = 10.23, p < 0.01, η2
p = 0.422) (see Figure 7b). In the scenarios

with fog (+F) or with haptic guidance (+A), the SDLP is significantly lower than in the
scenarios without fog (−F) or without haptic guidance (−A). No significant interaction
effect exists between F and A (F(1, 14) = 0.0005, p = 0.98, η2

p ≈ 0). Thus, the SDLP is
significantly lower in the presence of either fog or haptic guidance.

4.3. Driver Control Effort

The L2-norm of the driver steering wheel torque ‖Γd‖2 indicates a significant main
effect for A (F(1, 14) = 562.89, p < 0.001, η2

p = 0.976) and not for F (F(1, 14) = 1.34, p = 0.27,
η2

p = 0.087), as shown in Figure 8. With haptic guidance (+A), ‖Γd‖2 is significantly
lower than it is without haptic guidance (−A). With haptic guidance, the mean value
of ‖Γd‖2 is about half of that without haptic guidance. This corresponds to the sharing
levels defined in Section 2.3. No significant interaction effect exists between F and A
(F(1, 14) = 3.37, p = 0.088, η2

p = 0.194). Hence, the driver’s steering wheel torque energy is
significantly lower with haptic guidance in all visibility conditions.

Figure 8. Driver steering torque energy.



Vehicles 2022, 4 1424

4.4. Identified Model Validation

The FIT value of each identified model indicates a significant main effect for F
(F(1, 14) = 30.44, p < 0.001, η2

p = 0.685) and not for A (F(1, 14) = 0.15, p = 0.70,
η2

p = 0.011), as shown in Figure 9a. No significant interaction effect exists between F
and A (F(1, 14) = 3.84, p = 0.07, η2

p = 0.215). Although the FIT is significantly lower with
fog (+F) than without fog (−F), almost all FIT values are above 70%, which is acceptable in
terms of model validation. Figure 9b is an example of a comparison between the measured
steering-wheel angle and the predicted output from an identified model.
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Figure 9. Identified model validation: (a) FIT for all participants; (b) measured vs. predicted steering-
wheel angle for Participant No. 1 in the First Scenario; (c) confidence regions of identified parameters
for Participant No. 3.

The dij values indicating the intersection between the model parameter confidence
ellipses are shown in Table 2; see Section 2.2 for enumeration of the scenarios. Because four
different scenarios exist, six pairs of comparisons exist in total for each participant. The ta-
ble shows that most identified models differed from each other, with several exceptions
(negative values). The negative values are of relatively small magnitudes. In addition,
having a positive dij is a sufficient, though not necessary, condition for there not being any
intersections between ellipses. As an example, Figure 9c shows the worst case, that of Partic-
ipant No. 3. Although d13 (red vs. blue ellipse) and d24 (green vs. black ellipse) are negative,
the confidence regions do not overlap. Consequently, the observed parameter variations
are attributed to the experimental manipulations rather than the parameter uncertainties.

Table 2. Comparison of model parameter uncertainties.

Participant d12 d13 d14 d23 d24 d34

1 0.67 2.13 4.14 1.05 3.06 1.27
2 0.24 2.72 0.56 3.31 1.16 1.52
3 1.49 −0.11 0.91 1.17 −0.3 0.61
4 −0.06 0.74 2.66 0.55 2.46 1.62
5 2.86 4.62 4.01 1.46 0.85 0.14
6 0.72 1.02 1.6 −0.12 0.41 0.17
7 0.52 −0.14 0.75 0.76 −0.24 0.99
8 0.75 2.21 0.93 1.15 −0.11 0.46
9 0.37 1.51 3.44 0.72 2.64 1.6

10 0.28 2.18 1.63 2.9 2.35 −0.1
11 0.52 0.08 0.92 0.88 1.71 0.36
12 1.56 2.2 0.49 0.28 0.67 1.31
13 −0.21 −0.27 0.73 −0.01 0.99 0.59
14 1.77 −0.02 0.7 1.41 2.73 0.94
15 0.43 0.2 2.95 −0.02 2.29 2.37
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4.5. Anticipatory and Compensatory Gain

The identified anticipatory gain (Kp) shows a significant main effect for A (F(1,14) = 29.03,
p < 0.001, η2

p = 0.675) and not for F (F(1, 14) = 2.23, p = 0.16, η2
p = 0.138), as shown in

Figure 10a. With haptic guidance (+A), the anticipatory gain is significantly higher than it
is without haptic guidance (−A). No significant interaction effect exists between F and A
(F(1, 14) = 3.19, p = 0.096, η2

p = 0.186). Thus, the anticipatory gain is significantly higher
with haptic guidance in all visibility conditions.

(a) (b)

Figure 10. Parameters obtained from system identification: (a) identified anticipatory gain (Kp) and
(b) identified compensatory gain (Kc).

The identified compensatory gain (Kc) shows a significant main effect for both F
(F(1, 14) = 12.88, p < 0.01, η2

p = 0.479) and A (F(1, 14) = 5.54, p < 0.05, η2
p = 0.283),

as shown in Figure 10b. With either fog (+F) or haptic guidance (+A), the compensatory
gain is significantly higher than without fog (−F) or without haptic guidance (−A). No
significant interaction effect exists between F and A (F(1, 14) = 1.15, p = 0.30, η2

p = 0.076).
Thus, the compensatory gain is significantly higher in the presence of either fog or hap-
tic guidance.

5. Discussion

The results demonstrate that the effects of assistance and fog on the different consid-
ered indicators were cumulative, without any interaction. This result differs from that
reported by [16], who showed that drivers could benefit more from haptic shared control in
conditions of reduced visibility. The difference between the studies can be explained by the
diverse control strategies used in the two cases to achieve shared control. This could be due
to a difference in the difficulty of the lane-keeping task. The track in our study was more
demanding, with more variation in road curvature and certain sections of higher curvature.
Regardless of this, it appears that the drivers benefited as much from haptic shared control
in good visibility conditions as in the fog. The following discussion focuses first on the
main effect of fog, then haptic shared control is considered separately; finally, we propose a
synthesis of the results.

5.1. Effect of Fog

Fog reduces a driver’s ability to anticipate. This can result in more short-term correc-
tions at the steering wheel and increased safety margins. In addition, fog can sometimes
make it more difficult to keep the vehicle on the desired trajectory [31,33,35]. Frissen and
Mars [35] manipulated near and far vision artificially by applying a mask to the visual
scene and controlling its degree of opacity. They showed that steering control was robust
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up to 60% degradation of far vision, and became less stable starting at 80%. It is difficult to
assess the degree of opacity of the fog used in our study. In any case, its effect would addi-
tionally depend on vehicle speed and road profile. In practice, the density of the fog was
determined empirically in such a way that it was difficult, though possible, to anticipate
changes in road curvature for the selected speed. The results show that no major difficulties
were observed. The value of ya was almost the same in both cases (i.e., with and without
fog), indicating that the driving trajectory remained similar. In contrast, an increase in
SWRR and a decrease in SDLP were observed. Therefore effect of the fog was limited to an
increase in the frequency of small correction movements at the steering wheel, resulting
in a slight decrease in the variability of the lateral position. Consistently, the parametric
identification of the model captured this increase in compensatory behavior through the
increase in the compensatory gain (Kc). The anticipatory gain (Kp) remained stable, as there
was no significant change in the path taken by the participants.

5.2. Effect of Haptic Guidance

The purpose of haptic shared control is to facilitate steering control by delegating
effort to the system while providing gesture guidance to the driver. As in previous work [2],
in this study haptic guidance made it possible to reduce the driver’s control effort, as
observed through ‖Γd‖2. When haptic guidance was present, the control effort by the
drivers was half the effort required without haptic guidance, which corresponds to the
chosen sharing level. Although the validation of the control strategy used in this study was
not our main objective, the results demonstrated that it is relevant. The reduction in effort is
accompanied by smoother steering wheel control, which is evidenced by a slight decrease
in SWRR. Haptic guidance helped to keep the lateral position of the vehicle closer to the
center of the lane even if the participants continued to cut corners, especially if participants
had sufficient visual information for anticipation. In other words, it appeared that the
participants essentially followed the haptic guidance provided by the system, meaning that
the produced trajectories were more consistent with the curvature of the road and were less
variable. The results of parametric identification were consistent with these observations.
The new profile trajectory, which conforms more to the curvature, resulted in a net increase
of anticipatory gain (Kp), and smoother control increased the compensatory gain (Kc).

5.3. Synthesis

Having considered the effects of both fog and haptic guidance, we can now synthesize
the relationship between driving performance and the identified parameters of the LC-
SW system. As mentioned above, the anticipatory gain parameter represents the visual
anticipation of changes in road curvature. One might logically expect this parameter to be
particularly sensitive to any experimental manipulation that prevents the road from being
correctly anticipated (i.e., the introduction of fog into the visual scene). However, this was
not the case in this study; in the end, the fog did not change the trajectory path followed by
the vehicle profile. Nevertheless, haptic guidance had a significant influence. By reducing
the drivers’ propensity to cut corners, even very slightly, trajectories became closer to the
road profile, and the anticipatory gain proved to be very sensitive to this. Therefore, it is
reasonable to conclude that the anticipatory gain represents visual anticipation only to the
extent that this anticipation defines the followed trajectory.

The compensatory gain parameter represents the online compensation of deviations
in lateral position during driving. We expected this to increase as the SDLP decreased.
This was the case in our study, either due to fog, haptic guidance, or both, in which case
the effect was cumulative. However, the reduction in the variability of the lateral position
is not of the same nature under the two conditions. In the case of fog, the variability is
the consequence of an increase in SWRR, whereas in the case of haptic guidance it is a
consequence of a decrease in SWRR. In other words, compensatory gain proved to be very
sensitive to a decrease in the variability of the lateral position, which could be the result of
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either more corrections due to a decrease in visual anticipation capability or of the smoother
steering wheel control induced by haptic guidance.

6. Conclusions

The objective of this work was to verify extent to which a simple and robust model
such as the two-point model is likely to “explain”, through its parameters, the behavior of
the driver-assistance system as a function of the characteristics of the haptic guidance or the
type of visibility. To achieve this goal, this study proposed to evaluate the performance of
the human–machine system by combining two types of indicators: the usual metrics used to
evaluate driving performance, and the values resulting from the identification of a steering-
control model. As a first approach, we chose a simple two-parameter model that accounts
for visual steering control. We concluded that a two-point visual model can capture the
effect of certain driving conditions very well, particularly those that influence the produced
trajectory. However, such a model considers only the steering wheel angle as an output
for the performance evaluation. Therefore, it does not independently distinguish between
the actions of the human driver and those of the haptic guidance systems on the steering
wheel. In further work, we aim to use other more comprehensive models, including models
incorporating a neuromuscular system and using torque as the output [18,38,39]. It would
be interesting to repeat this experiment with different fixed vehicle speeds, or even to let
drivers control the vehicle speed, in order to assess the response of the model parameters
under these conditions. Moreover, other control settings, such as variant sharing levels,
could be tested to help generalize the validity of our conclusions.
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