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In previous work a driver model with visual and vestibular
sensory dynamics was developed, identified and validated,
using data from moving-base driving simulator experiments.
In the present paper the predictions, applications and limita-
tions of the driver model are explored through a series of sim-
ulations. The aim is to address as yet unanswered questions
about the role of visual and vestibular sensory dynamics in
the driver-vehicle system. The visual system is found to be
the dominant sensory system, with the influence of vestibu-
lar measurements increasing with the proportion of random
disturbances on the vehicle. State perception errors increase
significantly with the proportion of random disturbances on
the vehicle. The driver’s simulated control performance is
unchanged with signal amplitude above perception thresh-
old levels, although it is slightly affected by high-pass filter-
ing of the physical motion such as might be experienced in
a driving simulator. The sensory driver model led to a sig-
nificantly different optimum value of vehicle centre of mass
position compared to that obtained using an idealised driver
model. The results motivate the adoption of sensory driver
models in a vehicle design setting. Further work could be
undertaken to improve the sensorimotor noise model.

1 Introduction
Modelling driver steering control mathematically has

been a subject of research for several decades. Comprehen-
sive reviews of early methods are provided in [1, 2]. Re-
cent research has focussed on the application of optimal con-
trol theory, such as model predictive or linear quadratic con-
trollers that are able to preview the target path and calcu-
late an optimal sequence of control actions to follow the tar-
get [3–5]. This control-theoretic approach has been extended
to include neuromuscular dynamics [6], and to the control of
nonlinear vehicle dynamics [7, 8]. Despite these develop-

∗Address all correspondence to this author.

ments, most models assume the driver has full access to the
vehicle states. Few existing driver models take account of
human sensory dynamics, sensorimotor noise, and state es-
timation. For a full review of related work up to 2015 on
sensory dynamics and driver modelling see [9].

A human driver can be considered to control a plant con-
sisting of the open-loop vehicle dynamics and the driver’s
neuromuscular and sensory systems. A parametric model
of driver steering control which incorporates human sensory
dynamics (visual and vestibular), sensorimotor noise, and
state estimation was reported in [10]. A series of experiments
was carried out in a moving-base driving simulator in [11,12]
to identify and validate the model against measured steering
behaviour. The sensory driver model was shown to fit the re-
sults of the experiments well, confirming that it is represen-
tative of the steering control strategy used by human drivers.
The model is a significant extension of previous models that
represented an idealised driver. An idealised driver model
assumes that the driver has full state feedback, whereas in re-
ality the driver must estimate the plant states based on noisy,
filtered and delayed sensory measurements.

More recently, work related to human sensory dynam-
ics in the driver-vehicle system has included use of vestibu-
lar dynamics models to optimise motion cueing algorithms
for moving-base driving simulators. For example, in [13] a
model of the driver’s vestibular system was used to quantify
perceived acceleration tracking error. In [14] a model pre-
dictive control based motion cueing algorithm was used to
reduce visual-vestibular discrepancies by up to 33% while
maintaining the level of motion scaling and workspace use.

Non-parametric frequency response models identified
from driving simulator experiments have been used to ob-
tain insight to a driver’s use of sensory feedback. In [15] it
was concluded that physical motion in the driving simulator
is needed to obtain realistic driving behaviour when the ve-
hicle is subjected to external disturbances. Physical motion



was found not to be necessary when the driving task involved
following a winding road in the absence of external distur-
bances. Multi-loop frequency response function estimates
obtained in [16] revealed how drivers use visual preview of
the target path, lateral position feedback, and heading feed-
back. However in this study there was no physical motion in
the driving simulator experiments.

Markkula et al [17] presented a simulation framework
for intermittent sensorimotor control that is based on a set of
neurobiological mechanisms, specifically: (i) ballistic mo-
tor primitives, (ii) prediction of sensory responses, and (iii)
accumulation of prediction errors. The plausibility of this
model was assessed by comparison to data measured from
lane-keeping and limit-handling tasks. In [18] the driver
model was extended to include mechanisms for sensory inte-
gration and behavioural adaptation. However the vestibular
model was limited to yaw rate only and did not account for
the dynamics of the semicircular canals. Preview of the tar-
get path was limited to a single point. The model was used to
simulate human steering behaviour in a slalom driving task
performed in a moving-base driving simulator with linearly
down-scaled motion cues. The model was found to explain
effects observed in the driving simulator experiments: de-
creased task performance and increased steering effort dur-
ing the early stages of the task, followed by reversal of these
effects as the task continued. The neurobiological approach
of Markkula et al contrasts with the control-theoretic ap-
proach usually taken in the field of driver modelling. For
example, the parametric driver model in [10] employs an ‘in-
ternal model’ of the vehicle that is used for optimal state es-
timation and optimal control. In [17, 18] there is no such
internal model.

From the review of the literature it appears that the
model presented in [10] represents the state-of-the-art in
parametric control-theoretic sensory driver models. This
model is also cited in [18] as a benchmark for compari-
son. The aim of the present paper is to use the model to
address as yet unanswered questions about the role of visual
and vestibular sensory dynamics in the driver-vehicle system.
The benefit of using of a parametric model is that potentially
greater insight can be obtained compared to a nonparametric
frequency response model.

The simulation procedure is described in Section 2 and
the simulation conditions are defined in Section 3. Sec-
tion 4.1 addresses the presently limited understanding of the
role of visual and vestibular sensory feedback in a combined
path-following and disturbance-rejection steering task. A
novel parameter, the forcing function gain, is introduced to
quantify the proportion of the task that is path-following.
The results complement and explain the experimental find-
ings in [15]. In addition, the effect of motion scaling (typi-
cally present in a driving simulator) on the relative contribu-
tions of visual and vestibular sensory feedback is quantified,
and the effect of the forcing function gain on the accuracies
of the driver’s perception of motion state and slip angle are
calculated; these findings from the model provide new in-
sight to the role of sensory feedback and state estimation in
driver perception.

In Section 4.2 the RMS path-following error and the
RMS handwheel steering angle predicted by the model are
used to further quantify the effect of visual and vestibu-
lar sensory feedback on path-following and disturbance-
rejection tasks. In addition, the model is used to provide new
insight to the finding in [12,19] that drivers in a moving-base
simulator may not always correctly account for high-pass fil-
tered motion, and instead drive as though the motion were
scaled.

Despite the previously published work in modelling
driver sensory dynamics there is little indication of the extent
to which vehicle parameter optimisation in the driver-vehicle
system might be affected. While it is not possible within the
scope of the paper to explore the full design space of a vehi-
cle, one parameter (the longitudinal position of the centre of
mass) is examined in Section 4.3. The results motivate the
inclusion of sensory dynamics in driver-vehicle optimisation
studies.

Some limitations of the sensory driver model are dis-
cussed in Section 5. Conclusions and suggestions for further
work are given in Section 6.

This paper is derived from Chapter 7 of [20] and most of
the figures are from that document. Preliminary results were
reported in [21].

2 Driver-vehicle model
The driver-vehicle model is shown in Fig. 1. The plant

consists of the vehicle dynamics and the driver’s neuromus-
cular dynamics and sensory dynamics. The driver control
is represented by a linear quadratic regulator (LQR) with a
Kalman filter operating on an ‘internal model’ of the plant.
The plant is shown in more detail in Fig. 2. Full details and
parameter values are given in [10–12, 19] and in the data
repository (link given in the acknowledgement), but a brief
description is provided in the remainder of this section to en-
able the reader to interpret the results given in the paper.

Beginning at the left-hand side of Fig. 2, the LQR con-
troller output with added neuromuscular process noise passes
through the driver’s neuromuscular dynamics Hnms(s), rep-
resented by a second order low-pass filter, giving the hand-
wheel steering angle input δ to the vehicle. The natural fre-
quency (10rads−1) and damping ratio (0.54) of the filter were
identified from driving simulator experiments [11]. Steering
torque feedback from tyre lateral forces is not included in the
model (and was not present in the driving simulator used for
identification).

The vehicle dynamics HV (s) are represented by a con-
stant speed, linear single-track ‘bicycle’ model with two
degrees-of-freedom. The input is the handwheel steering
angle δ and the outputs are the lateral (sideslip) velocity
v̂ at the centre of mass and the yaw velocity ω̂. The ve-
hicle model is parameterised by: mass (650kg); yaw mo-
ment of inertia (450kgm2); front and rear axle distances to
the centre of mass (1.85m, 1.65m); front and rear cornering
stiffnesses (100kNrad−1,230kNrad−1); and steering gear ra-
tio (10). The given baseline parameter values represent a
high-performance single-seat racing car, and were identified



from driving simulator experiments [11]. For the nonlinear
simulations in Subsection 4.1.3 the linear tyres are replaced
by nonlinear tyres. Lateral and yaw velocity motion distur-
bances fv and fω are generated by low-pass filtering uncorre-
lated white noise sources wv and wω. The resulting lateral ve-
locity v and vehicle yaw angular velocity ω are transformed
to vehicle yaw angle ψ, lateral displacement y and lateral ac-
celeration a, according to the forward speed of the vehicle
U . In the case of a moving-base driving simulator instead
of a real vehicle, the vehicle’s true lateral acceleration and
yaw angular velocity may be scaled and/or high-pass filtered
using Hma(s) and Hmω(s).

The vestibular organs are the otoliths and semi-circular
canals (SCCs), with dynamics Hoto(s) and HSCC(s). They
sense vehicle lateral acceleration and yaw angular velocity,
with a vestibular delay of τve, giving sensed lateral accelera-
tion ave and yaw angular velocity ωve.

A target path lateral displacement ft is generated by fil-
tering white noise source wt. The driver looks ahead as far as
the prediction horizon and previews the target path ft relative
to the vehicle’s longitudinal axis. The visual measurements
are: (i) the lateral distance of the vehicle from the target path
e; and (ii) the angle of the target path relative to the vehi-
cle’s longitudinal axis measured at equally spaced points up
to the prediction horizon, denoted by the array ϕϕϕ. The vi-
sual measurements are delayed by τvi to give sensed lateral
displacement evi and sensed angles ϕϕϕvi.

Returning to Fig. 1, white sensory measurement noise is
added to the outputs of the plant, and white neuromuscular
process noise is added to the output of the controller. The
model identification and validation exercise [11] indicated
that the white noise assumption was not valid at frequen-
cies much above the bandwidth of the driver’s control action
(> 3Hz). However, in the frequency range of the driver’s
control action the white noise assumption was judged to be
reasonable.

A Kalman filter represents the driver’s state estimation
function. A linear quadratic regulator (LQR) represents the
driver’s optimal control action. The LQR acts to minimise
a weighted sum of the squared path-following lateral dis-
placement error e and the square of the controller output δ̂.
Various driver control strategies are obtained by fixing the
weight on path error qe to unity and adjusting the weight on
controller output q

δ̂
. Other signals could be added to the

cost function, such as steering rate and path-following head-
ing error, but the model identification and validation exercise
indicated that the chosen signals were appropriate. Adding
more signals to the cost function would increase the risk of
overfitting.

The driver-vehicle model was extensively identified and
validated using measured data collected from driving sim-
ulator experiments [10–12, 19]. The driving simulator was
equipped with a high-bandwidth motion base. Test sub-
jects with a range of driving experience were asked to steer
the vehicle along a target path under a range of conditions.
The conditions encompassed: vehicle speed; stochastic or
transient vehicle motion disturbances; linear or nonlinear
tyres; scaled and/or high-pass filtered physical motion cue-

Fig. 1. Driver-vehicle model [10].

ing; straight line, random, lane change or large angle target
paths. The model parameters identified from the measured
data included: LQR cost function weight; sensory noise
variances; process noise variance; preview time; vestibular
time delay; visual time delay; neuromuscular natural fre-
quency and damping ratio. Model predictions of steering
angle matched experimental results well, with a variance ac-
counted for typically 90% of the linear component of mea-
sured response. The identified parameter values were phys-
ically plausible compared with values from the literature.
Subjective assessments of the subjects were recorded for the
experiments involving motion filtering [12]; it was found that
the higher the drivers rated the usefulness of the physical
motion cueing, the more they used their vestibular measure-
ments to control the vehicle. The subjective ratings also cor-
related with path-following error, with drivers able to follow
the target path more closely for physical motion cues that
were subjectively assessed as more useful.

The simulations in this paper are generally performed
in the frequency domain. Experimental results from [11] in-
dicate that the process noise magnitude W depends linearly
on the magnitude of the steering angle RMS(δ), with a con-
stant signal-to-noise ratio SNRW . Similarly, in [12] mea-
surement noise is found to be signal-dependent, with con-
stant SNRs for each sensory channel plus thresholds η be-
low which the noise magnitude remains constant. When fit-
ting the driver model to experimental results in this previ-
ous work, the RMS signal magnitudes were taken directly
from the measurements. However, when running simulations
without corresponding measurements these RMS values are
not known until after the simulation. An iterative procedure
is used to achieve a set of RMS signal and noise magnitudes
with desired SNR. The procedure converges except when the
driver-vehicle system is unstable.

3 Baseline simulation conditions
A baseline set of conditions is defined, which is used for

all simulations in Section 4 except where otherwise stated.
Many of the conditions are chosen to match those used in
the earlier work. The vehicle parameters are those given for
the baseline vehicle in Section 2 and [10,11], with a constant
longitudinal speed U = 40 m/s. Disturbances are added di-



Fig. 2. Plant model [10,12].

rectly to the lateral and yaw velocities as described in [19].
In simulations of the nonlinear driver model, the parameters
for an understeering vehicle with ‘nonlinear increasing tyre’
are from [10].

In [19] it was found difficult to define a fixed set of
signal-to-noise ratios to model a driver’s response to tran-
sient disturbances, since the noise magnitudes are dependent
on the characteristics of the transient signals. Therefore ex-
cept where stated all simulations in Section 4 are performed
in the frequency domain and use filtered white noise target
and disturbance signals instead of deterministic transient sig-
nals. This is a useful approach for vehicle design and evalu-
ation, since the results depend only on the general statistical
properties of the target and disturbance signals rather than on
one specific realisation.

The disturbance filters H f v(s) and H f ω(s) are defined in
[19], with RMS input magnitudes Wv = 30 m/s2* and Wω =
25 rad/s2* (here, and subsequently, * indicates that the units
relate to the output rather than the input to the filters). These
values match the spectra of the disturbances used in [19], and
each disturbance requires a similar level of steering response
from the driver. The target filter is chosen to give a curvature
profile similar to a typical road:

H f κ(s) =
(

1
s+1

)2

(1)

with Wκ = 0.15 m−1*. To represent driving a real car
(rather than a driving simulator), motion filters Hma(s) and
Hmω(s) are set to unity.

Most of the driver parameters are set to the identified
values given in [12]. Following the results in [19], the signal
to noise ratio of the target path angle relative to the vehicle
SNRφ is set equal to 1.04, with the signal magnitude Mφ de-
fined as RMS(φ0), where φ0 is the target path angle relative
to the vehicle. All other signal magnitudes are defined by the
RMS values found using the iterative procedure mentioned

in Section 2. A value of 1 is used for the LQR controller’s
cost function weighting qδ on the mean square of the steering
angle δ, which is a reasonable average of values found in the
earlier work. In general it is assumed that the driver has a per-
fect internal model of the plant, although a few simulations
explore the implications of internal model discrepancies by
replacing the motion filters with equivalent scaling factors
(ESF) as described in Section 4.2.3. Simulations are also run
for an idealised driver model, which has full state feedback
and no process or measurement noise. This removes the ef-
fects of sensory dynamics and delays.

4 Simulations and results
The simulations are designed to address as yet unan-

swered questions about the role of visual and vestibular sen-
sory dynamics in the driver-vehicle system. The questions
are split into three categories: those relating to the driver’s
perception are presented in Section 4.1; results concerning
the performance of the driver are shown in Section 4.2; the
implications of using the new model for the design of vehi-
cles are investigated in Section 4.3.

4.1 Perception
4.1.1 Effect of the sensory measurements on the

driver’s control
A Kalman filter is used in the model to represent the

driver’s integration of sensory measurements from their vi-
sual and vestibular systems. The measurements are com-
bined to give an optimal state estimate based on an internal
model of the plant and estimates of the process and measure-
ment noise magnitudes. Using the proportional relationship
between signal and noise magnitudes identified in previous
work, it is possible to use the driver model to explore how
each sensory measurement is used under different operating
conditions.

Transfer functions can be found between each of the
sensory measurements and the simulated steering angle, us-



Fig. 3. Sensory weightings for various target and disturbance forc-
ing function amplitudes. Weightings show the proportion of steering
angle RMS resulting from each sensory measurement with the task
varying between disturbance-rejection (Kff = 0) and target-following
(Kff = 1). The sensory measurements are (top to bottom) visual
target angles, visual lateral path error, vestibular lateral acceleration,
vestibular yaw velocity.

ing the principle of linear superposition to decompose the
steering signal into contributions from each sensory mea-
surement. The procedure described in Section 3 is used to
calculate the expected RMS values of the steering angle con-
tribution from each sensory measurement. These values are
then divided by the total expected steering angle RMS in or-
der to give a measure of the relative contribution, or weight-
ing, of each of the sensory measurements.

To investigate how a driver’s use of sensory measure-
ments depends on the control task, relative weightings are
found for various target and disturbance forcing function am-
plitudes. A forcing function gain Kff is varied from 0 to 1,
such that Wκ = 0.15Kff m−1*, Wv = 30(1−Kff) m/s2* and
Wω = 25(1−Kff) rad/s2*. This gives a task which transitions
from disturbance-rejection only at Kff = 0 (driver steers the
vehicle to follow a straight target path while compensating
motion disturbances of the vehicle) to target-following only
at Kff = 1 (driver steers the vehicle to follow a randomly
curving target path but there are no motion disturbances of
the vehicle).

The relative weightings of the sensory measurements for
various target and disturbance forcing function amplitudes
are shown in Fig. 3. The weightings can add up to more
than 1 because the contributions of the measurements can
be out of phase with each other and so combine destruc-
tively. For all values of the forcing function gain the visual
measurements, particularly the previewed target angles ϕϕϕvi,
are weighted more highly than the vestibular measurements.
This is consistent with the intuitive idea that it is much eas-
ier to drive with no physical motion feedback than with no
visual measurements.

For the target-only task (Kff = 1) the weighting of the
previewed target angles is close to 1 while the vestibular
measurements and the visually-perceived lateral path error
contribute very little to the driver’s steering action. This is

because the driver can look ahead at (preview) the upcom-
ing target path and calculate an optimal control action. The
absence of vehicle motion disturbances, and the presence of
an internal model that exactly matches the plant, mean that
there is little benefit in measuring the vehicle motion states.
However there is a small non-zero weighting on the vestibu-
lar measurements, which contributes to the feedback control
necessary to compensate the driver’s process and measure-
ment noise. There is also a small weighting on visually-
perceived lateral path error, which is necessary to prevent
drift of the vehicle away from the target path. The small
weighting on vestibular measurements for a target-only task
is consistent with the experimental findings in [15].

As the task becomes increasingly disturbance rejection
the influence of the vestibular measurements tends to in-
crease while the previewed target angle weighting tends to
decrease. There is a peak in all weightings for Kff around 0.6,
where the various sensory measurements interact particularly
destructively. For the disturbance-only task (Kff = 0) the
vestibular measurements are each weighted about a quarter
as much as the previewed target angles. In contrast to the tar-
get angles the motion disturbances cannot be previewed. The
driver must therefore rely on feedback control to compensate
the motion disturbances, and the vestibular measurements of
the vehicle motion states provide significantly useful infor-
mation. Although the target path in this case (Kff = 0) is a
straight path, it is still important for the driver to preview
and follow the target path, and so the weighting on the tar-
get angles is still the largest of the measurements. The non-
negligible weighting on vestibular measurements for a dis-
turbance rejection task is consistent with the experimental
findings in [15].

To investigate how a driver’s use of sensory measure-
ments is affected by motion signal amplitude, relative sen-
sory weightings are also found with the lateral and yaw phys-
ical motion scaled by various factors from 0 to 1, as might
be required in a moving-base driving simulator. The results
are shown in Fig. 4 for a forcing function gain Kff = 0.5.
For motion signals which are above perception threshold lev-
els, the sensory weightings are independent of signal ampli-
tude. This is a result of the signal-dependent measurement
noise; when the signal amplitude increases the noise level in-
creases in proportion, therefore the uncertainty of the signal
is unchanged. Below perception threshold levels the sensory
weightings decrease approximately linearly to zero, and the
weightings of other sensory measurements vary slightly to
compensate.

4.1.2 Accuracy of the vehicle states estimated by the
driver

The driver model can be used to investigate how accu-
rately a driver is able to estimate the states of the vehicle,
depending on the simulated driving task and the driver noise
amplitudes. This can be quantified by finding the percep-
tion error, defined as the difference between the true and es-
timated states. The procedure outlined in Section 3 is used
to calculate the expected RMS perception error for the two



Fig. 4. Sensory weightings with various scaling factors on the phys-
ical motion. Forcing function gain Kff = 0.5. The sensory measure-
ments are (top to bottom) visual target angle, visual lateral path error,
vestibular lateral acceleration, vestibular yaw velocity.

vehicle states, v and ω. Target and disturbance amplitudes
are varied by changing Kff in a similar way to the results
presented in Fig. 3. The expected perception errors are plot-
ted as a percentage of the total expected RMS value of each
state in Fig. 5. The perception errors are largest for the
disturbance-rejection only task (Kff = 0), because the mo-
tion disturbances on the vehicle make prediction of the ve-
hicles states inaccurate. The perception error in ω is much
smaller than in v, this will depend on the conditions of the
simulation such as the vehicle dynamics and the properties
of the disturbances. The perception errors decrease as the
disturbance-rejection component decreases (Kff > 0). When
Kff = 1 there are no vehicle motion disturbances and the er-
ror in the state estimates are determined by the process and
measurement noise, and are around 10% of the total signal.
Although the target path disturbance increases with Kff, the
target path disturbance itself does not affect the accuracy of
the vehicle motion state estimates. Simulations are also car-
ried out with varying motion scaling factors, and the percep-
tion errors are found to remain constant for motion above the
perception threshold levels, similarly to the results seen in
Fig. 4.

4.1.3 Effect of the sensory dynamics on a driver’s esti-
mate of the operating point of a nonlinear vehicle

When controlling a nonlinear vehicle it is even more im-
portant for the driver to be able to estimate the vehicle states
correctly. This is because the nonlinear vehicle responds dif-
ferently to steering inputs as the operating point changes. For
the constant-speed vehicle with nonlinear tyres tested in [19],
the operating point of the vehicle can be defined by the front
and rear slip angles αr and αf. Results from an experiment
carried out in a simulator in [19] showed that real drivers can
account for the time-varying operating point of a nonlinear
vehicle.

Simulations of the nonlinear driver model are run to de-
termine how sensory dynamics affect a driver’s ability to es-
timate the front and rear slip angles of a nonlinear vehicle.

Fig. 5. Vehicle state perception error with various forcing func-
tion amplitudes, defining a task which varies between disturbance-
rejection (Kff = 0) and target-following (Kff = 1).

Fig. 6. Slip angle perception error with various forcing function am-
plitudes, defining a task which varies between disturbance-rejection
(Kff = 0) and target-following (Kff = 1).

Similarly to the results presented in Fig. 5, the forcing func-
tion gain Kff is varied from 0 to 1 to change the task from
disturbance-rejection to target-following. The RMS percep-
tion error for the front and rear slip angles is found in each
case as a percentage of the total RMS value of each slip
angle. The procedure outlined in Section 3 to calculate ex-
pected values cannot be used for a nonlinear model, therefore
simulated white noise signals are used as inputs to a time do-
main simulation of the driver and vehicle model.

The resulting slip angle perception errors are shown in
Fig. 6. Similarly to the state perception errors shown in
Fig. 5, the slip angle perception errors increase with vehi-
cle motion disturbance amplitude. For pure target-following
(Kff = 1) the slip angles are estimated with an error of around
10%, arising from the driver’s process and measurement
noise. With the conditions tested the front slip angle is es-
timated more accurately than the rear slip angle, this will
depend on the vehicle dynamics and the properties of the dis-
turbances.



4.2 Performance
It is important to understand how the closed-loop driver-

vehicle system will perform under different conditions, in
order to predict how drivers will react and to design vehicles
to achieve a desired performance level. It is expected that
inclusion of sensory dynamics in a driver model will result
in a more realistic representation of the performance of a real
driver.

4.2.1 Bandwidth of a driver’s reaction to target and dis-
turbance signals

It has been observed that drivers are limited in the band-
width of control actions they can apply to a vehicle. The
bandwidth is determined by the dynamics and delays of
the neuromuscular system, sensory system and the cognitive
process [22, 23].

The linear driver model is used to investigate how well
drivers are able to respond to different frequencies contained
within white noise target and vehicle motion disturbance sig-
nals. The forcing function filters are all set to unity, with
Wκ = 0.01 m−1*, Wv = 10 m/s2* and Wω = 10 rad/s2*. For
each forcing function signal the PSD of the path-following
error Se(ω) is found both with and without driver steering
control. The ratio between these PSDs is then calculated to
demonstrate the proportion of the forcing function signals
which cannot be controlled by the driver. The simulation is
run for three steering angle weightings in the LQR cost func-
tion of qδ = 0.1, 1 and 10.

The results are shown in Fig. 7. For the target forc-
ing function fκ the driver is able to follow all low-frequency
components, however they are unable to follow components
above 15 rad/s at all. The proportion of target components
followed at frequencies between 0 and 15 rad/s depends on
the steering cost weight, with a lower weight resulting in bet-
ter target-following, as expected.

For the disturbance forcing functions fv and fω the re-
sults are more surprising. The driver is similarly able to re-
move the effects of the lowest-frequency disturbances, and
is unable to respond to high-frequency disturbances. How-
ever, some of the effects of disturbances in the mid-frequency

Fig. 7. Bandwidth of driver responses to target and disturbance sig-
nals. Results are presented as a gain which is the ratio between the
PSDs of path-following error e with and without driver control.

Fig. 8. Expected RMS path-following error e and steering angle δ

with different motion scaling factors

range are amplified by the driver, which seems like a poor
control strategy. However, the results disguise the fact that
the most of the path error has low frequency content, thus a
control strategy that minimises RMS path error can result in
increases in the path error PSD at higher frequencies.

4.2.2 Driver performance in a simulator compared to a
real vehicle

The increasing availability of high-performance driving
simulators has resulted in a large amount of vehicle valida-
tion taking place in a simulated environment. This allows
new concepts and designs to be tested relatively quickly and
cheaply. However, since simulators are limited in their abil-
ity to reproduce physical motion, with some having a fixed
base, the sensory signals perceived by the driver’s vestibu-
lar system in a simulator will be different to those perceived
in a real car. The driver model can be used to investigate
whether this affects the steering performance of the driver,
and the extent to which measurements taken in a simulator
are applicable to a real vehicle.

The expected RMS path-following error and steering
angle are calculated with various scaling factors applied to
the physical motion feedback, to represent a simulator with
scaled (or no) motion. All other conditions are set to the val-
ues defined in Section 3, and it is assumed that the driver has
a perfect internal model of the plant, including the scaling
factors. The results are shown in Fig. 8. The driver’s per-
formance is independent of the scaling factor if the motion
is above perception threshold levels, similarly to the driver’s
weighting of the sensory measurements shown in Fig. 4. For
simulators with no or sub-threshold motion, the RMS path-
following error and steering angle increase slightly as ex-
pected. However the difference is small, showing that drivers
are able to achieve a good level of path-following perfor-
mance with visual feedback only.

To investigate how drivers perform in simulators with
filtered motion, further simulations are carried out with high-
pass motion filters given by:



Fig. 9. Expected RMS path-following error e and steering angle δ

with different cutoff frequencies. Scaling of the physical motion feed-
back has no effect on the RMS responses e and δ.

Hma(s) = Kma

(
s

s+ωma

)2

(2)

Hmω(s) = Kmω

(
s

s+ωmω

)2

(3)

with the cutoff frequency ωma = ωmω varied between 0 and
10 rad/s. For each cutoff frequency two conditions are tested:
‘pure’ filters with Kma = Kmω = 1 and ‘scaled’ filters, where
Kma and Kmω are chosen to give expected signal amplitudes
E [RMS(ave)] = 0.3 m/s2* and E [RMS(ωve)] = 0.03 rad/s*
for all cut-off frequencies. These signal amplitudes are spec-
ified to be significantly reduced compared to the unfiltered
and unscaled motion, but approximately 50% higher than
the threshold values. They are achieved with scaling fac-
tors < 1. The resulting expected RMS path-following error
and steering angle are plotted in Fig. 9, showing that the per-
formance of the driver varies with the frequency content of
the physical motion feedback. The best driver performance
is not achieved with full motion (ωma = ωmω = 0), since the
lowest frequencies contribute significantly to the RMS signal
amplitude, increasing the noise amplitude due to the signal-
dependent relationship without giving the driver much useful
information about the vehicle dynamics. Figure 9 shows that
scaling the filtered motion does not affect the performance of
the driver. This again is due to the proportional signal-noise
relationship, similar to the results shown in Fig. 8. Further
discussion into whether this is a realistic result is presented
in Section 5.

4.2.3 Effect of an incorrect internal model on driver
performance

Results from [12, 19] show that under some circum-
stances drivers can have difficulty learning an accurate inter-
nal model of the plant. In particular, it is found that drivers
may not correctly account for filtered motion, and instead

Fig. 10. Expected RMS path-following error e and steering angle δ

with different cutoff frequencies, using ESFs in place of motion filters
in the driver’s internal model

drive as though the motion is scaled. Modelling this requires
substituting the real motion filters Hma(s) and Hmω(s) with
‘equivalent scaling factors’ (ESFs) in the driver’s internal
model of the filters, H ′ma(s) and H ′mω(s). To investigate how
such a misunderstanding of the motion filtering may affect a
driver’s control performance, a procedure is defined to find
ESFs for a given set of filtering conditions.

The results found in [12, 19] do not give a clear indi-
cation of how ESFs depend on the properties of the motion
filters. It is plausible that the driver might judge the scaling
of the motion based on differences between the RMS values
of motion perceived through their visual and vestibular sys-
tems. One way to model this is to define the ESFs as the
ratio between the expected RMS values of the signals per-
ceived by the vestibular system with motion filters and the
expected values with full motion (no motion filters). This
can be written mathematically as:

H ′ma(s) =
E [RMS(ave)]

E [RMS(ave) | Hma(s) = 1]
(4)

H ′mω(s) =
E [RMS(ωve)]

E [RMS(ωve) | Hmω(s) = 1]
(5)

The effects of varying the motion filter cutoff frequency
on the performance of a driver with an incorrect internal
model of the motion filters are analysed using simulations
similar to the results presented in Fig. 9, replacing the mo-
tion filters in the internal model with ESFs. The results
of the simulations are shown in Fig. 10. Comparison of
Fig. 10 with Fig. 9 shows when the cutoff frequency is zero
(ωma = ωmω = 0), the results are the same in both Figures,
since the motion filter is unity gain and the ESFs are 1,
therefore the internal model is correct. However, as the fil-
ter cutoff frequency increases from zero the performance of
the driver with the incorrect internal model degrades signif-
icantly compared to the driver with correct internal model



Table 1. Expected RMS δ and e for: visual and vestibular feedback;
visual feedback only; full state feedback.

Target only Disturbances only

E [RMS(δ)] E [RMS(e)] E [RMS(δ)] E [RMS(e)]

(rad) (m) (rad) (m)

Visual-
vestibular

0.47688 0.16324 0.19347 0.28134

Visual
only

0.47692 0.16405 0.20228 0.30188

Full
state

0.46245 0.02738 0.07008 0.01225

of the motion filters. For example, at a cutoff frequency of
6 rad/s1 the RMS path error is increased by about 30% due
to the incorrect internal model. Scaling the filtered motion
does not further affect the performance of the driver, as also
seen in Fig. 9. In Fig. 10 the plotted lines are slightly jagged
due to small numerical inconsistencies when calculating the
ESFs. These simulation results indicate the importance of
providing motion filters in moving-base driving simulators
that the driver is able to identify.

4.2.4 Influence of the vestibular system on a driver’s
performance

Simulations in Section 4.1.1 show that vestibular mea-
surements are used primarily for disturbance-rejection dur-
ing driving. To understand further how vestibular measure-
ments affect the steering control performance of drivers, sim-
ulated steering angles and path-following errors are plotted
in Fig. 11 for models with and without vestibular dynamics,
compared against an idealised driver model with full state
feedback. Full state feedback means that the driver has full
knowledge of the system states, removing any effects of de-
lays, filters and noise. These signals are created for a trial
with a target path only (Wv = 0 m/s2*, Wω = 0 rad/s2*) and a
trial with vehicle motion disturbances only (Wκ = 0 m−1*).

Figure 11 shows that there are significant differences be-
tween steering angles and path-following errors predicted us-
ing models which include sensory dynamics and those pre-
dicted by a model with full state feedback. Smaller dif-
ferences are also seen between models with and without
vestibular dynamics. These differences are more significant
for disturbance-rejection than for target-following, support-
ing the finding in Section 4.1.1. Expected RMS values of δ

and e for each model are given in Tab. 1. The model with full
state feedback steers less and follows the target much more
closely than a more realistic model which incorporates sen-
sory dynamics. Using vestibular measurements also allows
the driver to steer less with lower path-following error, al-
though once again this effect is more significant when there
are disturbances. This shows that drivers use their vestibu-
lar system to improve the disturbance-rejection component
of their steering performance.

4.3 Vehicle design
Previously published work in modelling driver sensory

dynamics gives little indication of the extent to which vehicle
parameter optimisation in the driver-vehicle system might be
affected by sensory dynamics. This section explores how the
driver model can be used to optimise the design of a vehicle,
considering the closed-loop driver-vehicle system. The re-
sults are compared with predictions from an idealised driver
model which does not consider sensory dynamics.

4.3.1 Effect of sensory dynamics on optimal car design
The optimisation of a single vehicle design parameter

can be used to illustrate the effect when sensory dynamics
are included in a driver model. The objective of the optimi-
sation is to minimise the expected RMS path-following error
E [RMS(e)]. The linear vehicle is used, and for simplicity
only one parameter is varied. The variable parameter is the
position of the centre of mass of the vehicle, defined by the
distance from the centre of mass to the rear axle lr and choos-
ing the distance to the front axle lf such that lf + lr = 3.5 m.
The default position is lr = 1.65 m. The remaining vehicle
parameters, the target and disturbance signals, and the cost
function weight are fixed to the default conditions described
in Section 3. Results using the driver model with sensory
dynamics are compared with results from an idealised driver
model with full state feedback to indicate how the inclusion
of sensory dynamics in the driver model affect the optimum
centre of mass position. The results presented here are not
intended to provide design guidance for centre of mass posi-
tion; the purpose is to determine the extent to which an ex-
emplar driver-vehicle design optimisation might be affected
by the presence of sensory dynamics in the driver model.

The results of the simulations are shown in Fig. 12. Note
that the centre of mass position is varied from the rear axle
position to the front axle position; this is clearly a much
larger range of position than is realistic, but nevertheless it
can be useful in the simulation environment to explore what
happens at the extremes. It is clear that including sensory
dynamics results in a significantly different prediction to the
idealised driver model. The expected path-following error is
much lower overall for the idealised driver, which is expected
as this model is unaffected by driver noise and is able to re-
spond to disturbances instantly. The optimal centre of mass
position predicted using the model with sensory dynamics is
0.9 m in front of the optimal position predicted by the ide-
alised driver model. The idealised driver model predicts that
the optimal centre of mass position is close to the rear of the
vehicle, however the performance of the model with sensory
dynamics becomes rapidly worse as lr decreases below 1 m.

The differences between the predictions of the model
with sensory dynamics and the ideal driver model can be
explained by considering how moving the centre of mass
affects the open-loop response of the vehicle. The vehi-
cle becomes less stable as lr decreases, and is unstable for
lr < 0.24 m. Fig. 12 shows that the ideal driver is able to sta-
bilise the vehicle effectively, and benefits from the increased
vehicle response for a given steering input at low values of



Fig. 11. Effect of vestibular system on steering angle δ and path-following error e. Simulated signals predicted by the driver model are
compared for trials with a target only (no disturbances) and disturbances only (straight line target). Blue cross: visual/vestibular; green circle:
visual only; red triangle: full state feedback.

lr. However, the model with sensory dynamics predicts that
the driver will have difficulty controlling the vehicle when it
gets close to instability, resulting in large path-following er-
ror. In practice, real vehicles are usually designed to have a
generous margin of open-loop stability.

Fig. 12. Optimal centre of mass position with or without sensory dy-
namics. The expected RMS path-following error e is calculated with
varying centre of mass position lr, using an idealised driver model or
a model incorporating sensory dynamics.

4.3.2 Vehicle optimisation performed in a driving simu-
lator compared to a real car

Validation and optimisation of vehicle systems is in-
creasingly being aided by test drivers in driving simulators.
The driver model can be used to determine whether the op-
timal vehicle design determined in a simulator differs from
the optimal design of a real vehicle. The optimisation pro-
cedure described in 4.3.1 is repeated with different scaling
or filtering applied to the vehicle motion, and compared
with the full motion results shown in Fig. 12. The motion
conditions tested are full motion, no motion (to represent a
fixed-base simulator), scaled motion (with Hma(s) = 0.2 and
Hmω(s) = 0.2) and filtered motion (with Hma(s) = 0.2HHP(s)
and Hmω(s) = 0.2HHP(s), where HHP(s) is a high-pass filter
with a cutoff frequency of 5 rad/s [19]). In addition, simula-
tions are carried out with filtered motion where the internal
model motion filters are replaced with ESFs, as described in
Section 4.2.3. The results using the idealised driver model
do not depend on the motion scaling or filtering, therefore
only the driver model with sensory dynamics is used.

The results of the simulations with different motion con-
ditions are compared in Fig. 13. In general the differences
between the motion conditions are very small, and far less
significant than the effect of providing full state feedback
seen in Fig. 12. The expected path-following error is slightly
higher with no motion, indicating that results found in a
fixed-base simulator may not be exactly the same as a real
car. The driver’s performance with scaled motion is exactly



Fig. 13. Optimal centre of mass position with various motion condi-
tions

the same as with full motion as long as the motion is above
threshold levels, as seen in Fig. 8. If the driver is able to
develop an accurate internal model of the motion filters, the
results for filtered motion lie between the full motion and
no motion results. However, if the driver’s internal model is
inaccurate the results found in the simulator may be signifi-
cantly different to the real car, as shown by the model with
ESFs in Fig. 13. However, for the conditions tested the opti-
mal value of lr is similar for all cases. For a different scenario
it is possible that an inaccurate internal model could have a
greater effect on the optimal vehicle design.

5 Discussion
Predictions from the driver model in Section 4.2.2 in-

dicate that scaling the physical motion in a simulator does
not affect the driver’s control performance, as long as the
RMS signal amplitudes are above threshold levels. This im-
plies that a driver in a simulator with scaled motion of suffi-
cient amplitude should drive exactly as they would in a real
vehicle. In reality, simulator motion is usually high-pass fil-
tered, allowing the driver to feel more high-frequency motion
while removing the low frequencies that quickly use up sim-
ulator travel. Figure 9 shows that the driver’s performance
can be improved by removing some of the lowest frequen-
cies, however it also implies that scaling this filtered motion
would have no effect on the driver. The reason for this is that
the measurement noise amplitude increases in proportion to
the overall signal RMS, resulting in a measurement with the
same level of reliability independent of the scaling.

This signal-dependent noise characteristic was mea-
sured from experimental data in [12], and it is consistent with
perception tests carried out in the literature [24–28]. How-
ever, these studies generally focussed on sinusoidal stim-
uli with a single frequency. Driving a real vehicle involves
a large amount of low-frequency motion, due to the large
steady-state accelerations involved in cornering, however
this is superposed with higher-frequency motion caused by
disturbances and the driver’s steering responses. Since the
driver model relates the noise amplitude to the RMS signal
amplitude, the large steady-state components result in a large

Fig. 14. Expected RMS path-following error e and steering angle
δ, with sensory cancellation of responses to target-following control
actions, for various cutoff frequencies

noise level, which causes the simulated driver to have dif-
ficulty perceiving small variations around the steady state.
However in reality drivers are observed to be sensitive to
these small high-frequency changes.

There are various possible reasons for this mismatch
between the predictions of the model and what is observed
in reality. Firstly, the model assumes that the measurement
noise PSD is constant at all frequencies, however [11] shows
that this results in an underestimation of low-frequency
driver noise and an overestimation of high-frequency driver
noise. Noise amplitudes are calculated based on the RMS
value of the overall signal, however it may be more appro-
priate to relate the noise amplitude at each frequency to the
corresponding signal amplitude at that frequency. Alterna-
tively, the discrepancy could result from sensory adaptation
effects. Humans have been found to adapt to low frequency
motion under some conditions [29], and various studies have
identified the effects of ‘sensory cancellation’, whereby hu-
mans are less sensitive to self-generated stimuli [30,31]. This
could explain why large-amplitude signals from the target-
following feedforward control, which are self-generated by
the driver’s control actions, do not disproportionately affect
high-frequency disturbance perception.

A simple method for modelling these sensory cancella-
tion effects is to ignore the target-following component in
the calculation of the driver noise amplitudes. This method
is used to run simulations similar to those presented in Sec-
tion 4.2.2, accounting for sensory cancellation. The results
are shown in Fig. 14, and they are closer to what would
be expected than the previous results shown in Fig. 9. For
pure motion filters (that is, high-pass filters without scaling)
the best performance is now achieved with full motion (zero
cutoff frequency), since the large amplitude low-frequency
target-following motion is no longer present to dominate the
RMS signal amplitude. The scaled filters perform worse at
low cutoff frequencies due to the scaling of the perceived mo-
tion signals, bringing them below the threshold level. Similar
results can be found by high-pass filtering the sensory signals
before calculating the signal and noise amplitudes.



6 Conclusion and Further Work
A previously reported parametric driver steering model

with sensory dynamics (visual and vestibular) has been used
to give novel insight to the role of sensory dynamics in a
target-path-following task in the presence of sensorimotor
noise and random motion disturbances on the vehicle.

The visual system is found to be the dominant sensory
system, with the influence of vestibular measurements in-
creasing with the proportion of random disturbances on the
vehicle. This result from the model explains the experimen-
tal finding in [15]. If the physical motion is scaled down (as
might be experienced in a driving simulator) the weightings
of the sensory measurements are not affected until the mo-
tion perception thresholds are reached.

State and tyre slip angle perception errors in a pure
target-following task are around 10% in terms of RMS val-
ues, but increase significantly with the proportion of random
disturbances on the vehicle. These findings from the model
provide new insight to the role of sensory feedback and state
estimation in driver perception

The model reveals that the driver’s control bandwidth
for target following is about 15 rad/s, depending on the steer-
ing cost weight in the controller. Vehicle motion disturbance
rejection at mid-range frequencies is sacrificed to focus on
low-frequency signals (<2rad/s) which affect the vehicle lat-
eral displacement most significantly.

The driver’s simulated control performance is un-
changed with signal amplitude above perception threshold
levels, although it is slightly affected by high-pass filter-
ing of the physical motion such as might be experienced
in a driving simulator. Large amplitude low-frequency or
steady-state components of motion result in large noise level,
which causes the simulated driver to have difficulty perceiv-
ing small variations around the steady state. However in re-
ality drivers are observed to be sensitive to these small high-
frequency changes.

Simulations were carried out with a simple internal
model discrepancy, to represent a driver with incomplete un-
derstanding of the high-pass filtering of physical motion in a
moving-base driving simulator. The driver model showed
that path following performance is reduced in this case.
These results from the model provide new insight to the find-
ing in [12, 19] that drivers in a moving-base simulator may
not always correctly account for high-pass filtered motion,
and instead drive as though the motion were scaled.

The sensory driver model led to a significantly different
optimum value of vehicle centre of mass position compared
to that obtained using an idealised driver model. This result
motivates the adoption of sensory driver models in a vehi-
cle design setting; it was not clear from previously published
work whether this would be the case. A similar optimisation
task was performed using only the sensory driver model but
comparing different motion conditions, as might be experi-
enced in a driving simulator. It was found that the optimum
centre of mass position did not depend significantly on the
motion feedback condition, however this might not be the
case for other design tasks.

Further work could be undertaken to improve the senso-

rimotor noise model, and to understand the nature of drivers’
internal model errors. Although the driver model employed
in this work has been extensively identified and validated
against driving simulator experiments, some of the specific
scenarios explored in this paper could be the basis of further
experimental verification of the driver model.
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