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A Review on Optimization-Based Motion Cueing
Algorithms for Driving Simulation

Robert Jacumet , Maurice Kolff, Joost Venrooij , Markus Schwienbacher, Sebastian Wagner,
Dirk Wollherr , Senior Member, IEEE, Marion Leibold , Daan M. Pool , Member, IEEE,

and Max Mulder , Senior Member, IEEE

Abstract—Driving simulators are essential tools to guide
automotive research and development. Their motion system
requires a motion cueing algorithm (MCA) to keep the sim-
ulator motion platform within its physical boundaries, while
simultaneously aiming to recreate the sensation of real vehi-
cle motion. While traditional, filter-based approaches are still
predominant, optimization-based MCAs have been at the center
of MCA research for over a decade due to their ability to
systematically improve motion cueing quality through explicit
cost function design and constraints handling. However, despite
their demonstrated advantages, these optimization-based meth-
ods have not yet achieved widespread adoption in driving
simulation. This paper therefore provides a comprehensive review
of optimization-based MCAs for driving simulation, categorizing
and comparing algorithms, describing their key developments
and core characteristics. The current limited real-time capability,
lack of accurate evaluation methods, challenges in cost function
design and its tuning, and the current lack of accurate future
reference predictions are identified as key barriers to the practical
deployment and widespread use of optimization-based MCAs.
These theoretical and practical challenges are further reviewed,
providing guidelines to advance the theory and application of
optimization-based MCAs. Central in these advancements are
a better understanding of which motions constitute a realis-
tic motion experience, a framework allowing to compare the
achieved motion fidelity of MCAs across papers, the design of
the cost function focusing on human motion perception, and
techniques for easing up the tuning process to swiftly reach
high quality tunings for different simulators, scenarios, and
use cases. We identify the need for improving the real-time
capability, and providing high quality motion reference predic-
tions using learning-based approaches on diverse datasets, along
with techniques to handle existing uncertainties. Following these
guidelines, new foundations for optimization-based algorithms
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in driving simulation can be achieved, which will significantly
impact the research and development of automotive systems.

Index Terms—Driving simulation, motion systems, motion
cueing algorithm, model predictive control, human-in-the-loop.

I. INTRODUCTION

DRIVING simulators are invaluable tools in the devel-
opment of novel automotive technologies. They provide

a safe, repeatable, sustainable, cost-efficient, and controllable
alternative to real vehicle testing. Typical research examples
are human-machine interaction [1], human-in-the-loop testing
of vehicle safety systems [2], and human factors research on
automated driving and traffic safety [3]. When equipped with
a dynamic motion system, the a prime goal of the driving
simulator is typically to mimic the inertial motion of a real
vehicle as closely as possible. Poor motion reproduction can
lead to decreased realism [4], simulator sickness [5], and
unwanted adaptation of control behavior [6], [7], which all
negatively affect the validity of experimental outcomes. Due to
the limited size and motion capabilities of even the largest and
most advanced motion systems, the motion of the real vehicle
can often not be reproduced directly, and imperfections and
trade-offs are inevitable. Therefore, a conversion of the vehicle
motion is required to keep the resulting simulator motion
within the physical limits of the simulator. This conversion
is done by the Motion Cueing Algorithm (MCA) [8].

Over the years, several different MCA architectures have
been proposed, all with their own (dis-)advantages. A top-
level classification of the different MCAs is given in Fig. 1.
By far the most-used MCA is the Classical Washout Algorithm
(CWA) [8], [9], [10]. It converts the reference motion through
combinations of scaling, limiting, and filtering operations.
However, the use of linear filters does not allow platform
constraints to be accounted for. The simulator motion is
therefore tuned to accommodate for the worst-case maneuver
in a scenario, such that the resulting cueing is often rather
conservative considering the potential of the motion system.
Furthermore, its causal filters imply that predictions of the
future vehicle states cannot be incorporated in the algorithm
directly, limiting the simulator workspace utilization. Alter-
natives, such as the Adaptive Washout Algorithm (AWA) [13]
and Optimal Washout Algorithm (OWA) [29], [30], [31], [32],
provide some improvement, but are still filter-based and thus
suffer from many of the same drawbacks as the CWA.
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Fig. 1. Types of MCAs, along with the relevant literature included in this
review, as well as the corresponding section in this work.

In recent years, enabled by enhanced real-time computing
power, the focus in MCA development has moved towards
optimization-based methods. An optimization-based MCA
computes the simulator motions by solving an optimization
problem to maximize motion fidelity, while respecting the
motion constraints of the system. Through various comparative
simulator studies [134], [135], [142], [143], [144], [145], [146]
in which participants had to rate the motion realism of different
MCAs, optimization-based algorithms, in their various forms,
have been shown to be perceived as more realistic compared
to filter-based algorithms. Additionally, reduced false cues,
and more effective workspace utilization were achieved with
optimization-based MCAs. In this category, model predictive
control (MPC)-based MCAs have received the most attention,
which can optimize the simulator motion including (a predic-
tion of) the future reference motion over a prediction horizon.

Despite their great potential, MPC and other optimization-
based algorithms have still not become the industry standard.
Rather, it is the CWA that prevails as the dominant MCA
[48]. Logically, this must result from inherent drawbacks
in optimization-based algorithms that counter the benefit of
their superior motion reproduction. Known issues include
difficulty to prove stability, high computational effort, and
algorithm and parameter tuning complexity [45], [46], [47].
To improve the algorithms in these areas, simplifications of
the optimization problem are often the proposed solution,
such as linearizing (part of) the kinematic relations of the
motion system, decoupling Degree of Freedoms (DoFs), or
reducing the size of the optimization problem by decreasing
the prediction horizon. Such approaches often work, but the
validity of their simplifications depends on a variety of factors,
such as the use-case, the simulator, or the study purpose.

In literature, several review papers exist related to motion
cueing. However, these have either focused more on describing
simulator system technologies [147], [148], do not focus on
optimization-based MCAs for driving simulation [149], or
are more than a decade old (Fischer [150], Garrett and Best
[151], Stahl et al., [8]), and, hence, do not cover the recent
rapid developments of optimization-based MCAs. More recent
work, such as Ghafarian et al. [152], primarily reviews driving
simulator systems, along with a categorization of MCAs and
their control parameter tuning. A comprehensive review of
the state-of-the-art of optimization-based MCAs for driving
simulation does not yet exist.

The literature review of this paper covers MCAs up to mid
2025 and is limited to driving simulation with a focus on
optimization-based algorithms. Works regarding other types
of simulation, mainly flight simulation, are included where

they introduce foundational concepts due to the historical
progression from flight to driving simulation. The literature
was primarily collected from established scientific databases,
including IEEE Xplore, Scopus, Web of Science, Springer
Link, and Science Direct. The search was carried out by using
combinations of keywords such as “motion cueing”, “driving
simulation”, “motion”, “simulator”, “control”, and combina-
tions thereof. In addition, we screened the proceedings of
associated conferences (e.g. Driving Simulation Conference,
IEEE SMC, IEEE ITSC) and followed a snowballing approach
in which we screened the reference lists of highly cited works
to ensure that recent contributions and relevant seminal works
are included.

We define six MCA categories shown in Fig. 1 and assign
the reviewed works to these categories. Filter-based MCAs
with manually tuned and fixed parameters belong to the CWA
group. AWA has parameters adapting during runtime, and
filter-based MCAs with optimized fixed parameters are catego-
rized as OWA. Optimization-based MCAs solving an infinite
horizon optimal control problem with perfect knowledge of
the vehicle trajectory are categorized as open-loop optimal
control MCAs. In contrast, MPC-based MCAs compute the
simulator controls in a closed-loop fashion, i.e., with a human
driver in the loop, over a receding finite horizon. Here, linear
and nonlinear MPC MCAs exist. Last, learning-based MCAs
train, i.e., optimize, neural networks, either using supervised
learning or reinforcement learning approaches. The different
MCA types are compared regarding cueing fidelity, ease of
tuning, and computational requirements.

This paper has two contributions. First, a comprehensive
review of existing research in the field of optimization-based
MCAs in driving simulation is provided. Second, motivated by
the still dominant usage of filter-based MCAs, the paper iden-
tifies and analyzes the key challenges of optimization-based
MCAs and shows possible approaches to resolve them. In
addition, guidance for future research in the field is provided.

The paper is structured as follows. First, Sec. II describes
key concepts in simulator kinematic control and human motion
perception, which form the basis of MCA design. Section III
describes and characterizes the existing filter-based approaches
with an overview of their (dis)advantages. Section IV then
describes optimization-based MCAs, their operating princi-
ples, and the available design choices. An in-depth review
is performed on the relevant state-of-the-art problem formu-
lations, key properties, and current solutions found in the
literature. Section V then discusses the current key challenges
for these optimization-based MCAs and provides guidelines
for future work. Finally, Sec. VI concludes the paper.

II. MOTION CUEING PRELIMINARIES

This section describes how the motion system kinematics
determine the motion to be generated by the MCA, and how
this generated motion is then perceived by the driver. The
proper MCA design thus requires knowledge on both.

A. Driving Simulator Motion System Kinematics

The typical goal of an MCA is to generate simulator motion
that is perceived as similar as possible to the motion that
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Fig. 2. Side view of the Sapphire Space simulator, showing the Cueing
Reference Point (CRP) and Motion Reference Point (MRP). The motion of
the simulator is defined in the simulator inertial system (I). Taken from [160].

would be perceived in a real vehicle. To this end, the MCA
takes the reference motion of the simulated vehicle as an input
and generates the control signals for the simulator motion
(sub)systems as an output.

1) Driving Simulator Motion Systems: Many driving simu-
lator motion systems consist of a 6-DoF hexapod [147], [152],
[153], also known as Stewart [154] or Stewart-Gough [155]
platform. Here, six parallel actuators move a single motion
platform. Each unique actuator position defines a unique plat-
form position. To improve the potential motion reproduction,
the limited workspace of the 6-DoF hexapod can be extended
using additional redundant motion subsystems. This is com-
monly done using linear XY-drives (e.g., FKFS’s simulator
[156]), yaw-drives (e.g., BMW’s Sirius Vector [157]), or a
combination of both (e.g., Toyota’s Driving Simulator [158],
Renault’s ROADS [140], and BMW’s Sapphire Space [157]).
A side view of the latter simulator is shown in Fig. 2. More
extended overviews on existing motion systems and other
configurations can be found in [147], [152], and [159].

Challenging is that for each type of kinematic configuration,
different system models emerge, also affecting the motion
cueing formulation. For example, a serial robot such as a robot
arm [112], in which all actuators are placed as a serial chain,
has significantly different kinematic relations. Such systems
oftentimes show a higher degree of nonlinearity, which further
complicates system modeling and constrains real-time capabil-
ity of MCAs. However, in general, by replacing the specific
simulator system model and making adequate changes, MCAs,
especially optimization-based algorithms, can be adapted to
work on vastly different simulator configurations. Therefore,
here, we focus on and describe the kinematic motion control
of a typical 9-DoF system such as BMW’s Sapphire Space,
consisting of a XY-drive, hexapod, and yaw-drive. By setting
the XY- and yaw-drive signals to zero, these descriptions fur-
thermore also represent the highly common hexapod system.

In all kinematic configurations, the MCA controls both the
rotational and translational motion of the simulator. Common
practice in driving simulation, is to express the rotational
motion in rotational rates and the translational motion in
specific forces, rather than accelerations.

2) Specific Forces: Specific forces are the translational
accelerations of the vehicle combined with gravity, i.e., what
would be measured by an accelerometer. Thus, they are a
measure of the total normal force acting on a driver. A car
standing still on the earth has no (coordinate) acceleration,
but the normal force required to counter gravity induces a
specific force of magnitude g pointing upwards, with g being
the gravity of earth. The human body perceives specific forces
[161], [162], and not accelerations, through the otolith organs,
a part of the human vestibular system located in the inner ear
[163]. Therefore, specific forces are a more useful quantity
than accelerations to describe the human motion perception
of translational motion as generated by the simulator motion
system.

In order to analyze the specific forces f B
M acting on the

Motion Reference Point (MRP) M in the simulator cabin frame
B in terms of the simulator acceleration aI in the inertial frame
I, a conversion is required [160]. The specific forces can be
calculated by:

f B
M = TBI(β)(aI + gI), (1)

where TBI(β) is the total rotation matrix as a function of the
orientation β of the simulator, which thus relates the inertial
and body frames. Hence, the MCA must control the simulator
rotations β and accelerations aI to create the desired specific
forces f B

M . The rotation matrix TBI(β) depends on the set of
the three Euler angles ϕ, θ, and ψ, describing the roll, pitch,
and yaw angles, around the x, y, and z axes, respectively. In
driving dynamics, the x-axis typically points forward, y to the
left (seen from the driver’s perspective), and z upwards. The
subsequent rotations around each angle are based intrinsically
on the newly created coordinate system of the object by the
previous rotation, such that the rotation sequence matters. The
most common sequence is around the axes z → y′ → x′′

[164], i.e., the yaw rotation is applied first, followed by
the pitch rotation, and then the roll rotation. The rotation
matrix TBI(β) also depends on the kinematic configuration of
the simulator, i.e., in which order the rotations are defined
and what components the motion system consists of. The
transformations are calculated using the Euler transformation
matrices, where the rotation angles are defined as counter-
clockwise positive:

Rx(ϕ) =

241 0 0
0 cosϕ − sinϕ
0 sinϕ cosϕ

35 , Ry(θ) =

24 cos θ 0 sin θ
0 1 0

− sin θ 0 cos θ

35,
Rz(ψ) =

24cosψ − sinψ 0
sinψ cosψ 0

0 0 1

35. (2)

As an example, the total sequence of rotations for the Sapphire
Space simulator (see Fig. 2) are first the yaw angle ψ, pitch
angle θ, and roll angle ϕ of the hexapod, followed by the
yaw-drive with its angle ψd:

TBI(β) = (Rz(ψ) Ry(θ) Rx(ϕ) Rz(ψd))>. (3)

Note that the order of the rotations depends on the kinematic
configuration of the simulator [160]. If a yaw-drive would be
present at the bottom rather than at the top, the yaw motion
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contributions of the hexapod and yaw-drive are in the same
plane and can be combined as Rz(ψ+ψd), which simplifies the
motion control. With the transformation matrix TBI(β) known,
the specific forces can be calculated as [160]:24 fx

fy
fz

35B

M

= TBI(β)

0B@
24aXY

x + ahex
x

aXY
y + ahex

y
ahex

z

35I

+

240
0
g

35I
1CA, (4)

where ahex and aXY denote hexapod and XY-drive acceler-
ations, respectively. Due to the gravity vector g, a rotation
of the simulator cabin creates a sustained specific force in
either the longitudinal or lateral direction. This principle can
be exploited to create the illusion of a prolonged acceleration
by controlling the angles β that specify the matrix TBI(β),
as long as the driver does not notice the accompanied cabin
rotation. This is known as tilt-coordination [165]. The tilt-
coordination technique only works if the human inside the
simulator cabin cannot perceive the rotational motion of that
cabin [166]. Hence, for tilt-coordination, the tilt angle must
be smaller than 20◦ − 30◦ [167], and the tilt rate must stay
below 2 − 4 deg

s [168], [169].
Note that the challenge of the MCA is to accurately control

the simulator signals in the inertial frame (right hand side)
to control the specific forces in the body frame, of which
the conversion depends on the kinematic configuration of the
simulator and its current attitude β.

3) Rotational Rates: Apart from the otoliths, the human’s
vestibular system contains semicircular canals that detect rota-
tional rates. The second task of the MCA is thus to create the
desired rotational rates acting on the cabin (ωB) by controlling
the change in cabin rotation in the inertial system (β̇):

ωB = J(β)β̇. (5)

The Jacobian matrix J(β) relates the two quantities. For the
Sapphire Space, the rotational rates in the body frame ωB are
derived from rotational rates in the inertial frame β̇ as [160]:24ωx

ωy

ωz

35B

M

=

24 0
0
ψ̇d

35+ R>z (ψd)

24ϕ̇0
0

35+ (Rx(ϕ)Rz(ψd))>

240
θ̇
0

35
+ (Ry(θ)Rx(ϕ)Rz(ψd))>

240
0
ψ̇

35
=

240 cψd cϕsψd cθsϕsψd − cψd sθ
0 −sψd cψd cϕ sθsψd + cθsϕcψd

1 0 −sϕ cϕcθ

35
2664
ψ̇d

ϕ̇
θ̇
ψ̇

3775 = J(β)β̇ (6)

where s? and c? are sin(?) and cos(?), respectively. The
equation for hexapod simulators can be derived by substituting
ψd = 0 for the yaw-drive. In that case, assuming that the
pitch and roll angles of the hexapod are small, a small
angle approximation may be used to simplify the Jacobian
matrix. However, yaw-drive angles can typically reach ±180◦,
such that a small angle approximation cannot be used. This
results in a significant challenge for optimization-based motion
cueing. Furthermore, as with the specific forces, the relations
in (6) differ depending on the kinematic configuration due to
differences in the rotation order, causing differences in the
motion control of the MCA.

B. Reference Point Shift

The human vestibular system, containing the otoliths and
semicircular canals, is located in the inner ears. As the motion
is primarily perceived through the vestibular system, it is the
motion of the vehicle acting at the location of the vestibular
system (Cueing Reference Point (CRP), see Fig. 2) that is of
prime interest. This point often differs from the point where
the motion signals are applied: the Motion Reference Point
(MRP). A typical choice for the MRP is the upper platform’s
centroid. The vector rB

MC specifies the Cueing Reference Point
(CRP) with respect to the MRP. The specific forces f B

C that
act on the CRP are then:

f B
C = f B

M„ƒ‚…
(i)

+ Ṡ(ω)rB
MC„ ƒ‚ …

(ii)

+S2(ω)rB
MC„ ƒ‚ …

(iii)

+ 2S(ω)ṙB
MC„ ƒ‚ …

(iv)

+ aB
MC„ƒ‚…
(v)

, (7)

where the subscript C stands for CRP, M for MRP, and S
is a tensor matrix such that ṪIB

= S(ω)TIB [160]. Equation
(7) describes the main kinematic relation for rigid bodies. It
consists of (i) the specific forces of the MRP in the body frame,
(ii) the tangential acceleration, (iii) the centripetal acceleration,
(iv) the Coriolis acceleration, and (v) the relative acceleration
between the CRP and MRP [54]. The relation itself does not
depend on the configuration of the motion system. However,
the centripetal, tangential, and Coriolis acceleration depend
on the rotational rates ωB

C of the rigid body. This difference
between the CRP and MRP is ideally accounted for by the
MCA, but can be neglected to simplify the control problem.
Neglecting this difference can, however, lead to significantly
erroneous specific force motion in the CRP [160]. For a rigid
body, the rotational rates are equal for all points on that body.
Thus, a reference shift, similar to that of the specific forces in
(7) between the MRP and CRP, is not required.

C. Vestibular System Models

Equations (1), (5), and (7) allow to compute the specific
forces and angular velocities acting at the CRP, i.e., the loca-
tion of the vestibular system. Mathematical models describing
the vestibular system itself can be incorporated in the MCA
to take the human perception of motion into account. This
can produce more realistic simulator motion [139] and remove
unnecessary simulator motion. Having suitable otolith and
semicircular canal models for the use in MCAs has been
recognized as a major contributor to cueing quality [170]. In
their review on otolith models, Asadi et al. [170] conclude
that the mathematical model best suitable for use in MCAs
regarding the specific force perception is given as [32]:

f̂ξ(s)
fξ(s)

= 0.4
1 + 10s

(1 + 5s)(1 + 0.016s)
, ξ ∈ {x, y, z}. (8)

This transfer function takes as input the specific force fξ in
ξ direction and outputs the sensed or perceived specific force
f̂ξ. Similarly, in a review on semicircular canal models [171],
the transfer function for rotational rate perception from [32]:

ω̂ξ(s)
ωξ(s)

= 5.73
80s2

(1 + 80s)(1 + 5.73s)
, ξ ∈ {x, y, z}, (9)

is concluded to fit best for use in MCAs. However, there is no
widespread consensus on which model is the most suitable.
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D. Motion Perception Thresholds

Another important aspect of human motion perception is
motion perception thresholds, i.e., the minimal motion per-
ceivable by a human. Knowledge on these thresholds can
be exploited in motion cueing, e.g., for (pre-)positioning the
simulator to advantageous simulator states without subjects
noticing these motions. Perception threshold values depend
on various factors, such as the type of motion, its direction,
frequency, individuals, and whether the motion is applied on a
single axis or different directions simultaneously [161]. Last,
thresholds are also affected by interaction with other senses
of perception [11], [172]. Typical values found in literature
range between 3−6 deg/s [11], [169], [173], [174], [175] for
rotational rates, 2.6−8 deg/s2 [11], [175] for rotational accel-
erations and 0.05−0.17 m/s2 [11], [168], [172] for translations.

E. Scale of Motion Reproduction

A last point of interest lies at understanding how much of
the vehicle motion has to be reproduced by the simulator.
Scaling factors for the reference vehicle motions were found
to be “subjectively equivalent” within a wide range around
0.5 [176]. Furthermore, participants preferred motion scale
factors within the range 0.4−0.75 over a scaling factor of 1
[143], [176]. Therefore, it is argued that instead of recreating
the full, unscaled motion of a vehicle, it is enough or even
preferred to only render a down-scaled version. This eases
the challenge of recreating vehicle motions with the limited
simulator workspace. One hypothesis for the preference of
scaled motions is that this maintains perceptual coherence
throughout the human’s multi-sensory environment perception,
as visual or audio systems do not reach a level of full realism
as well. Highly-reduced motion on the other hand, i.e., a
scaling factor of 0 or slightly above, was judged as more
sickening [143] and significantly less realistic [143], [176].

III. FILTER-BASED MOTION CUEING ALGORITHMS

This section gives a brief overview of filter-based MCAs.
The working principles are explained along with the advan-
tages, as well as the disadvantages, which motivate the focus
on the more recent optimization-based MCAs in this review.
The key publications are indicated in Fig. 3 by the orange
block.

A. Classical Washout Algorithm

Classical Washout Algorithms (CWAs) have been used
extensively since the 1970s [9], [10] and nowadays still
dominate in driving simulation.

1) Working Principle: A CWA calculates the movement
commands for the simulator by applying a combination of
linear scaling and filters to obtain the desired response in the
six motion channels ( f ,ω) that matches the motion of the real
vehicle. Several steps constitute these algorithms, as indicated
in Fig. 4.

First, the vehicle motions ( f V ,ωV ) are scaled and/or limited.
Scaling is a linear operation with static gain K. In limiting,
values above a selected threshold are cut off [11]. Due to

Fig. 3. Historical progression of the important milestones in motion cueing
algorithms for driving simulation, with a focus on optimization-based MCAs.

the limited motion workspace, most simulators can still not
produce these sustained specific forces and rotational rates.
Therefore, in the second step, the motion is split into low-
and high-frequency components, using a high-pass filter with
cut-off frequency ωhp. Only the high-frequency motion is fed
as desired motion to the simulator translational and rotational
movement. Rotational rates ωx and ωy do not have to be
filtered, as their magnitude is often small and most simulators
are able to reproduce this motion one-to-one. To reproduce
the low-frequency lateral and longitudinal specific forces, tilt-
coordination can be used (red path in Fig. 4), split by a
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Fig. 4. Block diagram of the Classical Washout Algorithm (CWA) for a nine
DoF motion system, such as the Sapphire Space. The top gray bar represents
the XY-drive channel, the bottom gray bar the yaw-drive channel. The red
path highlights the tilt-coordination.

low-pass filter with cut-off frequency ωlp. Dividing by the
gravitational constant g yields angles ϕ and θ that generate
a sustained specific force in lateral and longitudinal direction,
respectively [165].

In the case of additional redundant motion systems, such
as an XY-drive, an additional band-pass response is used
to reproduce the medium-frequency motion. In Fig. 4, this
is illustrated by the top gray bar. For the rotational rates
ω, the procedure is similar. After scaling and limiting, the
yaw motion is filtered. In driving simulators, pitch and roll
motion are generally not filtered, as their magnitude in driving
scenarios is typically very small. In that case, a unity response
can be used [177], [178]. Yaw motion is generally large in
driving simulation and must be filtered. When using a yaw-
drive, an extra channel is necessary (bottom gray bar in Fig. 4).

The desired simulator motion in the body frame is then
transformed to the inertial frame using transformation matrices
TBI (see Sec. II-A). The rotational rates are converted to Car-
dan angle derivatives through the inverse transformation matrix
J−1

F . After inertial-frame filtering, the angular derivatives are
integrated to obtain the commanded Cardan angles.

The motion is then high-pass filtered in the inertial
frame, such that the simulator is always brought back to
its neutral position–from which the name ‘washout’ algo-
rithm follows–preferably without the human subject noticing.
Washout in the body frame is not possible, as the cross-
coupling of the simulator axes would result in drift. Only
where rotational motion is sufficiently small, filtering in the
body frame is applicable [12]. Second-order filters are required
to ensure that the response returns to zero after a step input
[11]. Finally, the signals are integrated once (for rotational

motion) or twice (for translational motion) to obtain the
output of the algorithm, being the commanded orientations
and positions. For the Sapphire Space, the translational motion
consists of both the hexapod and XY-drive positions (phex and
pXY). Note that, although not explicitly visible in Fig. 4, the
described procedures are performed in each of the six motion
channels (the entries of f and ω) separately, such that the
parameters of the filters can be different in each channel.

2) Advantages of CWAs:
• The basic structure, using linear scaling and filters, gives

the CWA a high degree of transparency. Its behavior can
be deterministically determined, both in a given driving
situation, and when changing parameters.

• By correctly designing the filters, the CWA is stable.
• The filters are linear, such that the same change in magni-

tude is obtained over the whole frequency spectrum. This
is beneficial in simulations in which behavioral fidelity,
or retaining the relative differences in vehicle motion
between different test cases, is important.

• As calculating the transfer function responses is computa-
tionally cheap, fulfilling real-time constraints is possible.

• The CWA is relatively straightforward to implement.
3) Disadvantages of CWAs:
• The simulator states are not compared to the constraints of

the platform during the simulation. This means that they
must be accounted for beforehand in the tuning process
[51], [56]. Using linear scaling and filters, therefore,
requires that the tuning must always be done with the
worst-case maneuver(s) in mind, which can lead to overly
conservative simulator motions in other maneuvers.

• Tuning the CWA is labor-intensive. Finding fitting values
for the large number of parameters (e.g., 21 for the 6-DoF
system described in [179]) is difficult, as most parameters
have no physical interpretation. This also implies that
consistency in stimuli between vehicle and simulator
movements cannot be guaranteed [51], [56]. The tuning
procedure is often heuristic, few guidelines exist, and
predicting how changes will affect the driver’s perception
is difficult [51], [134].

• As low-pass and high-pass filters produce phase lag and
lead, respectively, there is an inherent phase shift of the
simulator motion with respect to the vehicle [73], [146].
This is inevitable, as the CWA consists of causal filters,
and can thus not consider future states.

B. Adaptive Washout Algorithm

Adaptive Washout Algorithms (AWAs) [14], [15], [16],
[17], [18], [19], [20] address two drawbacks of the CWA:
(1) the lack of simulator state feedback, and (2) the need to
tune for worst-case maneuvers. The AWA follows the same
principles as the CWA, but the parameters of the filters are
changed in real-time during the simulation. Hence, the MCA
still relies on filters that washout the motion towards the
neutral state of the simulator, but becomes closed-loop by
adapting the filter parameters based on the current workspace
position. Parameters are chosen to minimize a cost function
[20], typically taking into account:
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• The current simulator motion state, i.e., deviation from
the simulator neutral position;

• Errors between the vehicle and simulator motion;
• Differences between current and nominal parameter val-

ues.
In order to further increase workspace usage and motion

fidelity of the MCA, the works [21], [22], [23], [24] obtain
AWAs by adding fuzzy logic to the CWA, as fuzzy logic
allows to accommodate different MCA inputs and better deal
with uncertainty. Tuning of the AWA is usually done based
on the expected worst-case specific forces. Steepest descent
methods perform the real-time optimization. AWA has been
successfully implemented in driving simulation [18], [19] and
shown to increase the quality of the simulator motion [19].
Evolutionarily optimization techniques, such as the genetic
algorithm (GA) or particle swarm optimization (PSO) are
employed to optimize the MCA [25], [26], [27] or the fuzzy
logic controller [28] in terms of workspace limitations, tilt-rate
limits, and correlation and errors in the cueing signals. Due
to loss of parameter transparency, tuning of the AWA is even
more complicated compared to the CWA [150]. Furthermore,
the consistency in cueing quality is reduced. Combined with
stability issues, applications and research on AWAs have
declined.

C. Optimal Washout Algorithm

To reduce the time consuming and mostly trial and error-
based tuning of CWA and AWA, the Optimal Washout
Algorithm (OWA) has been developed [13] and applied to
driving simulation [33], [34], [35], [36], [37]. In this method,
the MCA controlling the simulator is typically still a CWA.
However, the filter parameters (i.e., gains, filter orders, and
cut-off frequencies) are determined not through manual tuning,
but through an optimization problem beforehand, i.e., offline,
using a standard quadratic cost function that incorporates the
human perception through a vestibular model:Z TSim

0

�
(ŷS − ŷV )>Q(ŷS − ŷV ) + x>Rx + u>Su

�
dt. (10)

Here, ŷV =
h

f̂ V
ω̂V
i>

represents the vehicle motion (i.e., the
reference) that was filtered using a mathematical vestibular
model (see Subsec. II-C). Similarly, ŷS is the filtered simulator
motion. Their quadratic difference is weighted using a matrix
Q. Values denoted with (·̂) represent motions as perceived by
the human driver. The second term penalizes excitations of the
various motion subsystems states x, containing the Cartesian
position, velocity, and acceleration states of the simulator,
weighted by R. Finally, u are the inputs given to the system,
which are penalized using S to reduce unnecessary control
inputs. The cost function is evaluated over a segment of
interest (typically, a recording of a drive) with length TSim, for
which a recording of representative vehicle motion is supplied.

A problem of the above formulation is that the axes of
hexapod simulators are strongly coupled in Cartesian coordi-
nates. This makes it difficult to tune the weighting matrices and
keep the simulator within workspace. Therefore, in a variation
of the OWA, the simulator’s actuator lengths, velocities, or

accelerations are calculated and included as states x in the
cost function instead of the Cartesian values, easing up the
tuning process [16], [38], [39].

By including Fuzzy Logic, the OWAs in [40] and [41] show
improved motion fidelity. Again, evolutionarily optimization
techniques may be employed to optimize the MCA [42], [43]
or the fuzzy logic parameters [40].

The main benefit of an optimal filter-based algorithm is that
its tuning process is arguably easier than the tuning process
for a CWA, as only the balance between the motion cue
reproduction and the workspace adherence must be selected
through Q, R, and S. Furthermore, its explicit optimization
nature generally implies better motion cueing quality than the
CWA with manual tuning [32]. However, its structure gives
three inherent disadvantages:
• Similar to AWA and CWA, a property of the OWA is that

explicit platform constraints cannot be considered in the
optimization [180]. The constraints of the system must
be accounted for implicitly in the tuning process [51]
through the weighting matrices.

• Because the core mechanism is still based on causal
filtering, references regarding future states cannot be
accounted for in the OWA, even when the OWA is
supplied with a full recording of representative vehicle
motion. This issue is aggravated by the resulting inherent
phase shift of the simulator motion with respect to the
vehicle reference motion, for which no compensation is
possible [51].

• As in the CWA, a worst-case tuning must be employed
[38]. An attempt at solving this issue employs adaptive
optimal control [16], [34], [40] in the OWA, which allows
the parameters of the filters to be varied throughout the
drive. However, as mentioned by [38], this algorithm
still suffers from the same disadvantages as standard
adaptive algorithms, such as a high computational load
and stability issues [16], [32], [172], [179].

IV. OPTIMIZATION-BASED MOTION CUEING
ALGORITHMS

In the last decade, due to the disadvantages of filter-
based MCAs, but also the advent of enhanced (real-time)
computing power, research has shifted towards optimization-
based methods which directly optimize for the control signals.

These algorithms can be divided into two categories: closed-
loop (CL) and open-loop (OL). In open-loop driving, there
is no active vehicle control by the driver. Therefore, the
driver cannot affect the MCA output and subsequent simulator
motion. Nevertheless, the term driver will be used in this paper
to refer to the person inside the simulator, i.e., that experiences
the motion, irrespective of whether they are actively driving
or not. In closed-loop driving, the driver can actively control
the vehicle, and therefore the motion of the simulator. This
type of control currently represents the majority of the driving
simulator use-cases. For example, less than 10% of recent
studies at BMW, which operates the largest driving simulation
center in the world, are performed OL. CL MPC-based,
CL learning-based, and OL optimization-based MCAs are
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reviewed in Subsec. IV-A, IV-B and IV-C, respectively. Major
milestones are shown in the blue part of Fig. 3.

A. Closed-Loop Model Predictive Control-Based MCAs

CL MPC-based MCAs must compute the simulator controls
in real-time. By actively driving in the simulator, the driver
controls the motions of the vehicle reference yV . A CL MCA
must provide the motion system control inputs u that best
recreate these motions with the limited simulator motion space
at runtime. Clearly, the filter-based MCAs as presented in
Sec. III are all suitable to be CL MCAs. In literature, CL
MCAs are also referred to as Driver-in-the-Loop (DiL), Inter-
active Driving, or Online MCAs. Optimization-based MCAs
that are used in a closed-loop fashion are generally based on
model predictive control (MPC).

MPC iteratively solves an optimal control problem (OCP)
over a finite prediction horizon Np, producing the optimized
control sequence U = {un}

Np−1
n=0 = (u0, . . .,uNp−1), of which only

the first input u0 is applied. The prediction horizon refers to the
future time steps over which predictions are made and control
inputs are optimized. At every time step k, the sequence U is
recalculated with updated problem values based on the current
system state. To distisnguish these real-time steps from the
prediction steps, we denote the prediction steps with n and
omit k where it is possible and clear from the context. This
way, a standard form of an MPC problem is given as:

J ∗ = min
U

Np−1X
n=0

l(xn,un) + l f (xNp ) (11a)

subject to
xn+1 = h(xn,un) n = 0, . . .,Np − 1 (11b)
un ∈ U, xn ∈ X n = 0, . . .,Np − 1 (11c)
xNp ∈ X f (11d)

with states x, system dynamics h, and the cost function
consisting of the stage cost l and the terminal cost l f . The
inputs and states are bound by the sets U and X, respectively.
A terminal constraint X f is often applied to give theoretical
guarantees of recursive feasibility and stability [181], [182],
[183].

Advantages of MPC over non-predictive controller designs
that are especially important for its application to MCAs are:
• MPC can handle state constraints such as (11c) and input

constraints such as (11d) explicitly;
• Dynamics of the vestibular and simulator motion system

can be explicitly taken into account in (11b);
• Due to the iterative calculation of optimal simulator input

sequences, MCAs based on MPC can be online-capable;
• Knowledge on the future drive over the prediction horizon

can be incorporated to leverage cueing performance.
1) Linear Time-Invariant MPC MCA: The first MPC-based

MCA was introduced in 2004 [49] and later extended by
the same authors [100] (see Fig. 3). Their MPC differs
significantly from prevailing formulations, as it considers all
motion channels independently and therefore cannot make use
of tilt-coordination in the optimization. Hence, the workspace
limitations are easily reached.

The basic structure of linear time-invariant (LTI) MPC
MCAs, that is commonly used nowadays, was introduced by
the different authors in [51], [52], and [53]. In the following,
the state of the art LTI MPC MCA is presented.

MPC MCAs generally take the vehicle motion as the
reference output:

yV =
�

f V ωV
�>

=
�

f V
x f V

y f V
z ωV

x ωV
y ωV

z
�>
. (12)

Their goal is to calculate simulator control signals u, most
commonly translational accelerations and rotational velocities
that lead to platform motions whose resulting rotational rates
and specific forces yS =

�
f S ωS

�>
acting at the CRP resemble

yV as close as possible. Usually, a vestibular system model in
state-space formulation described by:

ẋVest = AVestxVest + BVesty, (13a)
ŷ = CVestxVest + DVesty, (13b)

is used to filter both yV and yS , resulting in ŷV and ŷS . The
most commonly used transfer functions constituting (13) were
shown in (8) and (9). This way, the MCA can take human
motion perception into account and optimize for minimal per-
ceived cueing errors ŷV− ŷS . Both these values are represented
in the body frame of the simulator cabin.

The simulator control inputs u =
�
a β̇

�> are given in the
respective inertial frame (see Subsec. II-A) and are most often
selected as accelerations for translations and velocities for
rotations, as these are perceived by the vestibular system.
Hence, for each translational (rotational) DoF i, u ∈ RnDoF

contains an entry ai (β̇i). The simulator is modeled as an
integrator chain. For each rotational DoF, the block diagonal
simulator state space matrices AS and BS contain a block
AS ,i =

�
0
�
, BS ,i =

�
1
�
, while each translational DoF shows as:

AS ,i =

�
0 1
0 0

�
and BS ,i =

�
0
1

�
. (14)

The resulting linear simulator state-space model is defined by:

ẋS = AS xS + BS u. (15)

The simulator state vector xS hence contains the translational
positions pi and velocities vi, as well as angles βi of the
simulator. As shown in Subsec. II-A, the resulting specific
forces and rotational rates acting on the driver in the simulator
are given by:

yS = g
�
xS ,u

�
=

�
TBI(β)(a + g)

J(β)β̇

�
, (16)

and, hence, a nonlinear function of the simulator states and
control inputs. Combining the vestibular and simulator system
models yields the total nonlinear system dynamics:

ẋ =

�
ẋVest
ẋS

�
=

�
AVestxVest + BVest g

�
xS ,u

�
AS xS + BS u

�
, (17a)

ŷS = CVestxVest + DVest g
�
xS ,u

�
. (17b)

Note that the only nonlinear term in the equation is g
�
xS ,u

�
.

For simulators and MCAs that allow only small β, a small
angle approximation for TBI(β) and J(β) can be used. The
remaining nonlinearities are removed by keeping the angles β
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constant over the prediction horizon. This allows to write the
linearized equation of form:

yS = T1xS + T2u, (18)

with T1 and T2 depending on the simulator configuration. The
resulting state-space representation, delivering the linearized
total system dynamics of (11b), is:�

ẋVest
ẋS

�
=

�
AVest BVestT1

0 AS

� �
xVest
xS

�
+

�
BVestT2

BS

�
u, (19a)

ŷS =
�
CVest DVestT1

� �xVest
xS

�
+ DVestT2u. (19b)

Finally, the system is discretized. In order for the driver to
perceive a delay-free reaction in the simulator motion to the
driver-induced vehicle motion, high sampling rates of 100 Hz
or above are generally aimed for [64], [75], [76], [77], [78],
and [79].

In most implementations, the MPC cost function is chosen
as [75], [78], [80], [81], and [82]:

J =

NpX
n=0

(ŷS
n − ŷV

n )>Q(ŷS
n − ŷV

n )„ ƒ‚ …
Tracking term

+ xS ,>
n RxS

n„ ƒ‚ …
State term

+

NcX
n=0

u>n Sun„ƒ‚…
Input term

+ ∆u>n K∆un„ ƒ‚ …
Change in input term

, (20)

and minimized over the difference in lifted control inputs
∆un = un − un−1 to achieve a certain degree of regularity in
the control signals sent to the motion system. Here, Np and Nc

describe the prediction and control horizon, respectively. The
cost function in (20) contains four terms. First, the tracking
aims to minimize the difference between the reference data
ŷV

n and generated simulator motion ŷS
n . Second, the state term

penalizes deviations from the neutral state. Whereas this can
function as a washout component in the optimization, it is also
often included to add convexity to the cost function to speed
up the optimization [184]. The third and fourth terms penalize
large inputs and changes in input, respectively, resulting in a
smoother optimization variable.

Constraints are chosen as workspace box constraints,
respecting the limitations of the simulator:24pmin

vmin
βmin

35
„ ƒ‚ …

xmin

≤

24pn
vn

βn

35
„ƒ‚…

xn

≤

24pmax
vmax
βmax

35
„ ƒ‚ …

xmax

for n = 1, 2, . . .,Np,

�
amin

β̇min

�
„ƒ‚…

umin

≤

�
an

β̇n

�
„ƒ‚…

un

≤

�
amax

β̇max

�
„ ƒ‚ …

umax

for n = 1, 2, . . .,Nc, (21)

∆umin ≤ ∆un ≤ ∆umax for n = 1, 2, . . .,Nc,

∆u = 0 for n = Nc+1, . . .,Np.

A Quadratic Programming (QP) problem is obtained by
reformulation of the MPC scheme, resulting in an optimization
problem of the following form [183]:

arg min
∆U

J =
1
2

∆U>H∆U + ∆U>hQP

s.t. AQP∆U ≤ b. (22)

For QPs, a range of fast and reliable real-time solvers
exists [185], [186], [187]. Even without using a terminal set,
the algorithm is reported to rarely experience infeasibility
[51], [54].

To enable faster computations, most early works performed
small simplifications of the presented LTI MPC MCA [49],
[50], [51], [52], [55], [56], [57], [58], [59], [60], [61], [62],
[63], [64], [65], [66], [67], [68]. By dividing DoFs into two
tilt-coordinated pairs, i.e., longitudinal/pitch and lateral/roll, as
well as two single DoFs being vertical and yaw, it becomes
possible to run separate MPCs with reduced complexity for
the four subproblems. The issue with these simplifications is
that the combined control signals from the separate MPCs
may lead to constraint violations due to the approximation of
independent DoFs. In the presence of a yaw-table, resulting
large yaw motions do not allow to decouple longitudinal and
lateral motions. To solve this, [69] and [60] optimize a 1-DoF
yaw model and a complete 4-DoF tilt coordination model,
where the latter deals with lateral, longitudinal, roll and pitch
motions together. This leads to a linear, but time-varying, MPC
MCA.

Having presented the LTI MPC MCA baseline formulation,
in the following, we delve deeper into how existing research
has advanced MPC-based MCAs. Specifically, we identify
decoupling the vestibular systems, tilt rate limiting, stability
and recursive feasibility, actuator constraints, nonlinear MPC,
approaches to reduce computational load, and hybrid MCAs
as important streams in literature. While these approaches and
directions have managed to solve crucial issues of MPC-based
MCAs to a sufficient extent, the open challenges of evaluating
and comparing MCAs, cost function design and tuning, real-
time capability, and vehicle motion reference prediction are
detailed and discussed as key challenges in Sec. V.

2) Vestibular System and Tilt Rate Limiting: The human
perception model is usually considered with coupled otolith
organs and semicircular channels (see (13)). By decoupling
them, i.e., modeling otoliths and semicircular channels sepa-
rately in two MPCs running in parallel, angular velocities due
to reference rotations can be taken into account independent
of angular velocities due to tilt coordination [70]. Hence,
tuning can be performed without simultaneously considering
these two perception channels. Building on this principle, a
tilt rate limit block can be added [71] that only constrains
rotational motions due to tilt coordination, as these should
stay under the human perception threshold. Reference rotations
from the vehicle model should be perceivable. For this, two
MPC-based MCAs are used again, where one is responsible
for tilt coordination and linear specific forces, the other one
for rotational motions. The prior uses the otolith organ and
semicircular canal mathematical models and the latter only
the semicircular canal model. However, it is still an open
research question wether tilt rate limiting leads to an increase
in perceived cueing quality [188], as low tilt rates may also
lead to false cues.

3) Stability and Recursive Feasibility: A multitude of MPC
approaches add terminal constraints and terminal cost to



JACUMET et al.: REVIEW ON OPTIMIZATION-BASED MOTION CUEING ALGORITHMS FOR DRIVING SIMULATION 7359

their MPC formulation to guarantee stability and recursive
feasibility of (11) [181], [189]. The latter refers to the property
that if a feasible solution to the optimization problem (11)
exists at the current step, a feasible solution will also exist at
subsequent steps. Guaranteeing this is a challenging task for
complex driving simulator systems [83], [84]. The MPC MCA
formulation in [83] uses an LQR terminal condition, which
was not allowing real-time use. The MPC MCAs in [48] and
[85] use the origin as the terminal set. Less restrictive terminal
constraint sets are used in [49] and [50], which require the
terminal state to be in the set of simulator states from which
it is possible to bring the simulator to a standstill using only
decelerations below the human’s perception threshold. This
way, false cues, i.e., cues with opposite sign to the reference
motion, are avoided. As the human perception threshold on
specific forces is quite low (see Sec. II-C), this type of
terminal constraint set is very restrictive and limits the usage of
available workspace, deteriorating the motion cueing quality.
To circumvent this issue, a braking law is introduced in [83]
and [84] and used in for example [58], [61], [63], [69], [79],
[86], [87], which is particularly efficient with short prediction
horizons. For each DoF ξ ∈ {px, py, pz, ϕ, θ, ψ}, the constraint

ξmin < ξ + cvTbrake,ξ ξ̇ +
1
2

T 2
brake,ξ ξ̈ < ξmax (23)

is added, meaning that only those ξ, ξ̇, ξ̈ are allowed, for
which braking to a standstill within boundaries is possible. The
coefficient cv must be chosen in 0 < cv < 0.5 for the simulator
to stay inside the workspace and allow a smooth deceleration.
The time to brake Tbrake,ξ is calculated as Tbrake,ξ =

vmax,ξ

abrake,ξ
,

where abrake,ξ is either selected as the maximum simulator
deceleration or the human perception threshold in the respec-
tive DoF. By adding (23) to the MPC, feasibility of the
problem is guaranteed at the cost of a further reduced allowed
workspace.

In general, the ideal terminal constraint is a Maximal Con-
trol Invariant (MCI) set, as it is the largest set that guarantees
recursive feasibility [181], [182]. Hence, more workspace can
be utilized and the motion of the algorithm feels less con-
servative. The calculation of MCI sets for MCAs is difficult,
however, due to the high dimensionality of the problem [190].
Hence, the authors of [88] propose a simplification of MCI sets
by using periodic-controlled invariant sets, which they derived
in [89]. In essence, this presents an inner approximation of
the MCI that is described by a lower number of constraints
that need to be added to the optimization problem, while still
guaranteeing feasibility. Nevertheless, downsides reported are
conservative behavior, as well as the algorithm not working
for hexapods or more complex system models with delays and
nonlinearities [88]. The approach is extended in [64] to deal
with system models that include delays. This is achieved by the
more restrictive choice of an admissible controlled invariance
set under the delay-free system dynamics as the terminal
constraint set. A maximal admissible set is used in [90].

Due to the added complexity of the MPC MCA and
tightened available workspace, even in the vast majority of
very recent works, no stability and feasibility conditions are
considered [46], [47], [48], [73], [74], [77], [78], [81], [91],

[92], [93], [136]. Instead, these works rely on a sufficiently
long prediction horizon to avoid stability issues.

4) Actuator Constraints: The MPC-schemes so far included
rotational and translational limitations only as block con-
straints in Cartesian workspace coordinates, as shown in (21).
The advantage of such formulations lies in their efficient
handling by solvers. Additionally, simulators are often char-
acterized by these values in their specification sheets and in
research publications. However, due to a coupling of simulator
DoFs in structures like the often used hexapod, workspace
limitations are a function of the simulator configuration. This
can lead to relatively large deviations between commonly
used box constraints approximation of workspace and the real
limitations of the simulator motion envelope due to limitations
in joint coordinates. Effectively, this requires a downscaling of
the box constraints to ensure that the actuator constraints are
not reached. By adding constraints on the position q, velocity
q̇, and acceleration q̈ of the actuators, i.e.,

qmin ≤ qn ≤ qmax for n = 1, 2, . . .,N,
q̇min ≤ q̇n ≤ q̇max for n = 1, 2, . . .,N, (24)
q̈min ≤ q̈n ≤ q̈max for n = 1, 2, . . .,N,

the actual motion platform limitations, instead of the approxi-
mated box constraints (21), are considered in the optimization.
An inverse kinematic problem derives the acceleration, veloc-
ity, and position of the joints, i.e., on actuator level, based on
the acceleration ẅ =

�
a β̈

�>, velocity ẇ =
�
v β̇
�>, and position

w =
�
p β
�> on workspace level. For parallel robot structures,

the inverse kinematics are in general described by:

q = f IK(w), (25a)

q̇ = J−1
q (w)ẇ, (25b)

q̈ = J−1
q (w)ẅ + J̇−1

q (w)ẇ, (25c)

where J−1
q is the inverse Jacobian matrix and f IK a nonlinear

function. The entries of the inverse Jacobian matrix are nonlin-
ear in the current workspace configuration w [191]. Therefore,
a consequence of including (24) in the MPC formulation is
that the nonlinear kinematic relations (25) between actuator
space and workspace of the motion system must be com-
puted. Solving the resulting nonlinear MPC poses a significant
challenge for CL optimization, as the algorithms need to
be real-time capable [67]. Before examining nonlinear MPC
MCAs in the next subsection, different works that propose
simplifications to solve only a linear problem when including
actuator constraints are presented.

Garrett and Best [57] propose a linearization approach for
hexapod-structure driving simulators. To this end, the Jacobian
matrix, describing the kinematic transformation from actuator
space to workspace, is kept constant such that the resulting
equation for actuator velocities is linearized, giving:

q̇n = J−1
q (wk)„ ƒ‚ …

const. over Nc

ẇn. (26)
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The actuator positions are obtained by a forward Euler inte-
gration, giving the desired linear relationship:

qn+1 = qn + Tsamp J−1
q (wk)„ ƒ‚ …

const. over Nc

ẇn. (27)

with the sampling time Tsamp. Due to their use of a decoupled
system model, safety margins of 5−10% had to be introduced
to avoid constraint violations. Building on that, [93] extends
the linearization approach to the acceleration level,

q̈n = J−1
q (wk)ẅn + J̇q

−1(w)|w=wk ẇn, (28)

as well as to simulator systems with redundant DoFs. To ease
computation, instead of (28), joint accelerations are computed
through a finite difference approach in [94]:

q̈n+1 =
q̇n+1 − q̇n

Tsamp
. (29)

As limitations on position level are commonly most con-
straining for hexapod structures [146], the MPC MCA in [54]
drops constraints on velocity and acceleration level to reduce
complexity.

An alternative way to handle the nonlinearities of the
simulator motion system when using actuator constraints is
suggested in [67] and extended by the same authors in [48].
Similar to [93], the works in [67] and [48] use linearized
inverse kinematics, but then include the actuator states directly
into the system model, leading to a linear time-varying MPC
formulation, as the entries of J−1(wn), now appearing in the
augmented state matrices, change dependent on the current
hexapod configuration wn over the prediction horizon. Com-
pared to the previous linear time-invariant MPC formulations
without actuator states in the system model and hence overly
conservative workspace box constraints, an increase in motion
cueing quality and workspace usage is reported. Due to the
high computational load of the time-varying algorithm, an
application to real-time CL simulator rides in more complex
scenarios shows challenging [85]. For the use in an urban
driving scenario [85], the authors therefore exclude the actu-
ator constraints again, making the problem time-invariant and
hence also real-time capable. In [46], the nonlinear problem
formulation for a 6-DoF driving simulator is discretized with
a multiple shooting technique, linearized, and brought to a QP
problem using a warm-start technique and the ACADO toolkit
[192] to achieve real-time capability.

5) Nonlinear MPC MCA: Nonlinear MPC MCA gener-
alizes linear MPC MCA by explicitly considering nonlinear
system dynamics, nonlinear constraints, or possibly nonlinear
cost functions in the optimization problem (11). Nonlinear
MPC achieves better control performance for systems with
nonlinearities. Few fully nonlinear MPC MCA approaches
are described in literature, which, besides slight modifications
to improve cueing quality, mainly differ in the used numer-
ical methods and the complexity of the driving simulators.
Nonlinear relations between DoFs of the motion system are
considered for the first time in [76] (see Fig. 3). The inverse
kinematics are not linearized; hence, nonlinear constraints on
actuator level are used. A quadratic cost function similar to
(20) was chosen with a short prediction window, and the

ACADO framework was used to solve the nonlinear MPC
problem. The algorithm was not real-time capable, but handled
workspace exploitation and constraint satisfaction well con-
sidering the complex 9-DoF simulator. By performing minor
simplifications and a more efficient implementation, the same
authors report real-time capability for a horizon length of 0.3 s,
i.e., Np = 30 in [95].

In [82] a nonlinear least squares objective with linear
constraints for a serial 8-DoF kinematic structure is presented,
using a Real Time Iteration [193] scheme based on sequential
quadratic programming implemented in CasADi’s HPMPC
solver [194]. The authors of [96] provide a full nonlinear
MPC formulation for a hexapod using MAT-MPC [195]. In
[97], using a gradient-based augmented Lagrangian approach
implemented in the GRAMPC software [196], real-time capabil-
ity for a 7-DoF system is achieved. The same authors improved
the algorithm in [47] by adding adaptive weights in the cost
function to suppress false cues and a better prediction of the
future reference to be tracked.

Instead of choosing the controlled variables on workspace
level

�
u =

�
a β̇

�>�, they can alternatively be selected on
actuator level, i.e., u = q̈ [93]. This allows a direct linear
incorporation of actuator limits on acceleration, velocity, and
position level, as the inverse kinematics of parallel robots do
not need to be computed first. Hence, the simulator motion
envelope description transforms from a complex, time-variant
formulation into independent and constant upper and lower
boundaries for the six actuators of the hexapod. The actuator-
based optimization approach presented in [93] is only applied
to non-redundant simulator structures, as a description of
the optimization problem for redundant structures becomes
significantly more complex. Another downside is that in order
to get the translational accelerations and rotational velocities in
workspace coordinates required for the objective function, the
direct kinematics of the parallel structure is required. Their
calculation leads to a computationally expensive, nonlinear
system of equations:

ẇ = Jq q̇, ẅ = Jq

�
q̈ − J̇−1

q ẇ
�
, (30)

with Jq being the same Jacobian matrix as in the inverse
kinematics (25). To address this, [93] introduces two approxi-
mations of the direct kinematics, leading to a quadratic and a
linear relation between actuator space and workspace, allowing
for a simplified nonlinear and linear MPC formulation.

6) Approaches to Reduce Computational Load: Different
approaches, apart from linearizing the simulator kinematics,
have been presented to deal with the challenging topic of real-
time capability in MPC MCA formulations. Previous work
[63], [83], [98] has focused on designing an MCA based on
explicit MPC [197]. Explicit MPC pre-computes the control
law for all possible states, resulting in a piecewise affine
function that can be evaluated in real-time with neglectable
computational effort. Due to an exponential increase of com-
plexity with problem dimensionality, none of the works [63],
[83], [98] achieve a prediction horizon of more than Np = 2
steps, even for a reduced set of used DoFs. Therefore, these
existing approaches cannot compete with implicit MPCs. In
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[98], an explicit MPC formulation is applied to warm-start an
implicit MPC, leading to a reduction of computation times of
the implicit algorithm by 30%.

As the length of the prediction horizon significantly
influences the computational burden, [99] suggests a short
prediction horizon MPC MCA, where exponential weighting is
applied to lower the negative impact of the shorter prediction
horizon on performance and stability [198]. The algorithms in
[56], [59], [73], [78], and [82] use a move blocking-strategy
[199], giving a non-uniform step size to reduce computational
time by using a lower number of steps in the prediction
horizon. Towards the end of the horizon, samples are taken
less frequently, as points further away may have a higher
uncertainty and can thus be considered less important in the
optimization. Similarly, the step times can be geometrically
increased over the prediction horizon [69]. In a different
approach to deal with the real-time capability issues, the
linear QP may be solved using a continuous-time recurrent
neural network-based gradient method as a QP solver [77].
Last, Seefried [100] presents a method using B-splines that
implicitly fulfill constraints. Even in the case of a premature
stoppage of the optimization due to real-time constraints, the
outcome never violates constraints. Still, real-time capability
was not achieved.

7) Hybrid MCAs: Additionally, a range of so-called hybrid
MCAs exists [79], [90], [136], [200], where different MCAs
are combined with the goal of leveraging the advantages and
canceling out the weaknesses of the respective approaches.

Most notably, in [136] (see Fig. 3), a filter-based and an
open-loop optimization-based MCA are combined. For a pre-
defined route to be simulated, an OL optimization-based MCA
pre-computes an optimal motion cueing for a representative
reference vehicle drive. In order to have a similar quality
of motion cueing in specific CL drives, the results from the
OL algorithm are used as a baseline for the CL simulation.
Differences in driving behavior between the reference and CL
driver are corrected by a filter-based MCA. The signal sent
to the simulator motion system is therefore a superposition of
the OL computed baseline with the corrective CL signals.

The main advantages of this hybrid approach are that no
driver input prediction is necessary, which is often computa-
tionally expensive and inaccurate. Also, to some extent, the
high motion cueing quality and workspace usage of not real-
time capable optimization-based MCAs can be transferred
to CL drives. The main downside of the presented hybrid
algorithm is that it can only be used in highly controlled
drives with little variance, i.e., one where the route is pre-
defined, contains only single lane roads with speed limits,
as well as no interaction with other road users. Otherwise,
the reference drive is insufficiently representative, i.e., the CL
driver will show different behavior than the reference driver,
rendering the optimal motion cueing calculated by the open-
loop optimization-based MCA irrelevant.

To summarize the literature on closed-loop MPC-based
MCAs, Tab. I shows the key developments and main works in
this field. It allows to rapidly asses the relevant components
included in the respective MPC MCA (nonlinear OCP, actuator
constraints, vestibular system, DOFs, subjective evaluation), as

TABLE I
COMPARISON OF KEY WORKS IN THE FIELD OF CLOSED-LOOP MPC-

BASED MCAS ALONG THEIR MAIN CONTRIBUTION. NL = NONLIN-
EAR; AC = ACTUATOR CONSTRAINTS; VS = VESTIBULAR SYSTEM;

VS1: [201]; VS2: [32]; VS3: [202], [203]; SE = SUBJEC-
TIVE EVALUATION; S/F = STABILITY/RECURSIVE FEASI-

BILITY; fS : SAMPLING RATE; †: EXTENSIVE USE OF
MOVE BLOCKING/SUBSAMPLING, ∗: SIGNIFICANTLY

SHORTER CONTROL HORIZON

well as the prediction horizon, control rate, and wether real
time capability was achieved. Additionally, the main contribu-
tion of each of the works is presented in the last column. This
allows a comparative analysis based on the included objective
criteria. Clearly, subjective evaluations of the various MCAs
are rare, Telban and Cardullo’s [32] vestibular model (VS2) is
most used, stability and feasibility guarantees are not common,
and real-time capability is oftentimes achieved by means of
subsampling or significantly shorter control horizons.

B. Closed-loop Learning-based MCAs

Learning based MCAs have emerged only recently and are
still in their infancy. However, applying learning to MCAs is
a promising direction. In the few existing approaches [124],
[125], [126], [127], [128], [129], [130], [131], [132], Neural
Networks (NNs) perform either partial tasks of filter-based or
optimization-based MCAs, or act as a full MCA themselves.
Partial tasks are taken over by NNs in [124] and [125],
where a feedforward NN is trained based on the output of
three differently tuned CWAs, representing good parameters
for slow, medium, and fast driving. Subsequently, the trained
NN replaces the filters in a CWA, enabling a fast computation
without a conservative, worst-case focused CWA tuning.
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Koyuncu et al. [126] use a nonlinear autoregressive network
to learn the behavior of a linear OL optimization-based MCA,
as these algorithms give the highest motion fidelity. The
resulting fully NN-based MCA can compute motions in real-
time, hence allowing CL use with an approximated model of
the OL MCA. While the cueing quality was higher than with a
benchmark CWA, generalization of the NN-MCA was limited.
Additionally, using supervised learning, the cueing quality is
limited to that of the linear OL MCA which the NN imitates.
Similarly, using a differentiable predictive control framework,
[130] trains a NN to mimic a nonlinear MPC MCA including
a nonlinear actuator-space model.

Very recently, deep reinforcement learning (DRL) based
MCAs were proposed by Scheidel et al. [127], [128], [129].
A Proximal Policy Optimization (PPO) algorithm [204] in an
actor-critic implementation trains a NN prior to the study,
which then generates the simulator controls in real time using
only the forward propagation through the NN during CL usage.
After the proof of concept [127], the work [128] adds a
vestibular system, enables more general maneuvers and tunes
hyperparameters using a Bayesian optimization, achieving a
higher cueing quality than a benchmark CWA. In the most
recent work [129], the approach is extended from a simplified
2-DoF setup to a full 6-DoF description, achieving comparable
performance to an NMPC while being real-time capable.
Building on [127], the authors of [131] and [132] achieve a
significantly improved training speed and sample efficiency by
replacing the PPO with an analytic policy gradient approach
or combining the PPO with MPC.

For learning-based approaches to become an established
form of MCA, these algorithms must see improvements in
stability during training and application, as well as in their
generalization capabilities. Additionally, so far, no reports of
participant studies conducted with learning-based MCAs exist.
Hence, no subjective assessment of cueing quality achieved by
these MCAs is given.

C. Open-Loop Optimal Control-Based MCAs

In contrast to CL algorithms, OL algorithms do not run
in real-time and therefore do not allow for the driver to
actively control the system. Whereas most driving simulation
experiments require CL control, there are several reasons why
OL algorithms have been extensively studied in the literature.

First, especially directly after its introduction [49], MPC
could not yet be employed in CL driving due to the too high
computational load. Therefore, these algorithms were designed
to be applied in a CL context but run OL, as it allowed for
testing for the potential benefits of MPC cueing and further
development of the algorithms.

Second, even in cases where CL control does run in real-
time, OL can still be preferred. Examples are studies that focus
on the quality evaluation of the simulator motion, i.e., for
MCA research purposes. Here, OL control allows for more
invasive rating methods. An example is the continuous rating
method of [205], in which subjects rate the motion cueing
continuously during a drive by turning a knob, resulting in
rating information with a high-temporal resolution. This would

not allow for CL driving simultaneously, as one hand needs
to continuously control the rotating dial for rating.

Finally, within the context of quality evaluations, OL MCA
can also be employed to provide an upper benchmark of the
motion cueing quality. As a vehicle reference drive is used
to pre-calculate the simulator motion, all future vehicle states
are readily known and predicting them is not necessary. The
MCAs can then solve a single OCP to compute the simulator
control signals u[0:NSim] over the whole simulation length with
NSim time steps. To this end, the whole reference vehicle
motion yV

[0:NSim] is used as an input, which is taken from a
pre-recorded vehicle drive in the simulation. Therefore, the
calculated control signals u make optimal use of the simulator
motion space, theoretically giving the best possible motion
cueing [97]. Due to its knowledge of all future states, the
algorithm is referred to as Oracle [74]. The inclusion of a full
“prediction” of all future states in an Oracle MCA, compared
to an CL MPC without reference prediction, has shown to have
a large effect on the subjective ratings of test drivers [80].

As the real-time requirement is lifted, also more complex
dynamics can be incorporated in the algorithm, such as the
full non-linear (redundant) simulator motion system dynamics
with actuator constraints and/or the vestibular system [133],
[134], [135], [136], [137], [138], [139], [140]. This makes
these OL optimization-based MCAs especially suitable for
learning-based MCAs to learn from [126]. The drawbacks
of these “full” models and the long prediction horizon is
that the calculation time can be long (e.g., several hours
for a 5 minute drive are reported in [135] and [142]). To
mitigate this issue, [140] proposed a Fast Fourier Transform
approach to efficiently compute the infinite horizon optimal
control signals. A range of comparison studies have indeed
shown the significant motion cueing quality increase when
compared to filter-based [134], [135], [142] or MPC-based
MCAs [80], [101]. Furthermore, within the Oracle context, OL
optimization-based algorithms have also led to the observation
of (novel) motion cueing strategies, even without explicit
instruction to the algorithm to do so. Examples are pre-
positioning and velocity buffering [142].

A final use-case for OL methods is where CL driving is
not the goal in the first place, such as in self-driving cars or
autonomous driving. In that case, OL algorithms do not restrict
the experiment in any way. Research in autonomous driving
currently considers investigations in driving comfort [206] as
well as motion sickness [207] using driving simulators. In both
cases, OL MCAs can be employed with the large benefit of
providing a higher motion cueing quality and thus increasing
the experiment validity.

V. CHALLENGES OF OPTIMIZATION-BASED MCAS AND
FUTURE WORK

Clearly, a wide range of optimization-based MCA formu-
lations, ideas and solutions exist. In this section, we focus
on four current challenges of optimization-based algorithms
in driving simulation. The aim is to provide concrete steps
for future work to improve the comparability between MCAs
in order to identify and establish best practices, to advance
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algorithm usability, and to prioritize increased motion cueing
fidelity.

These challenges are based on a critical analysis of the
literature, as well as practical experience obtained at BMW’s
driving simulation center. The comparisons are made mostly
qualitatively and are based on the presented results of the
respective works from literature. Subsection V-A directly
discusses the limitations when quantitatively comparing MCAs
across literature, building the basis for the following analysis
and discussion.

A. Comparing Motion Cueing Algorithms

Evaluating and comparing MCAs is done either regarding
their structure, components, and achieved computation times,
or with regards to the achieved motion cueing quality. Table I
provides such an evaluation and comparison with respect
to structure, components, and achieved computation times.
A central issue for advancing MCAs in a targeted manner,
however, results from the inability to systematically and quan-
titatively compare different algorithms regarding their cueing
performance. This impedes the identification of improvements
and best practices, therefore slowing MCA development.

Objective and subjective performance metrics exist to quan-
tify motion cueing quality, which both come with their own
(dis)advantages. On one hand, subjective evaluations rely on
real simulator hardware, where a sufficiently large number of
participants is asked to provide ratings of their (subjective)
perception of motion realism. While this is generally the
best metric regarding wether the MCA achieved its ultimate
goal, i.e., providing motions perceived as realistic by study
participants, performing participant studies is time consuming
and very costly. This leads to only a small number of works
providing a subjective evaluation of their MCA implementa-
tion, as can be seen in Tab. I. On the other hand, objective
metrics, such as the correlation coefficient (CC) or the root
mean square error (RSME) between the vehicle reference
and simulator motion, are easy to obtain and are therefore
more commonly used to evaluate MCA performance [208].
However, their disadvantage is that better values in objective
criteria do not necessarily coincide with improved participant
ratings of realism [104], [141], [209], and can thus not always
be relied upon.

Another crucial problem regarding the comparison of MCAs
is that both subjective and objective metrics do not allow
a comparative, quantitative performance analysis of different
MCAs across papers. Specifically, there are three major rea-
sons:

1) No universally agreed-upon evaluation framework or
standardized metrics exist and metrics such as the CC
or RMSE are by far not included in all papers [4]. This
means that a performance comparison of different MCAs
would only be possible between papers where the same,
non-standardized metrics are reported.

2) Different works use different simulators, different vehi-
cle models, different maneuvers and driving tasks,
(partly) different MCAs, different parameterizations of
the MCAs, and finally different participants (age, expe-
rience, gender, etc.). This makes it generally impossible

to draw conclusions on the qualitative and quanti-
tative motion cueing quality differences achieved by
different MCAs in different works. This restricts compar-
ative analysis of cueing performance between different
papers [210].

3) Even comparisons of MCAs within the same paper face
challenges. Objective metrics for cueing performance do
not necessarily coincide with perceived motion realism,
making qualitative statements of the form “MCA 1 is
better than MCA 2” difficult. Both objective and sub-
jective metrics do not allow for quantitative statements
regarding how much more realistic MCA 1 is perceived
than MCA 2.

Based on this, our suggestions for future work are twofold.
First, regarding MCA performance metrics, advanced objective
metrics are necessary. These must ensure that better objective
ratings coincide with better subjective participant ratings. This
requires further research on human motion perception in the
context of driving simulation. Until such metrics exist, authors
should also perform and report subjective evaluations, as it
is the participants’ ratings of realism that ultimately matter.
Second, to solve the issue that comparing MCAs across papers
is not possible, we suggest the development of a unified
benchmark framework. In such a framework, newly developed
MCAs are subjected to the same representative benchmark
vehicle drive, using the exact same generic model of a sim-
ulator, i.e., kinematics and motion capabilities. This would
allow to compare the achieved objective cueing quality across
different papers. Along with improved objective metrics, this
would allow to compare MCAs regarding their ability to
achieve perceived realism, and, therefore, would allow to
accelerate MCA development.

B. Cost Function Design and Tuning

The stability, convergence speed, and ultimately the motion
cueing quality depend on and are thus significantly influenced
by the cost function design and the weighting parameter
tuning. Furthermore, the time consuming process of tuning
the weights affects the usability of the algorithms.

1) Cost Function Tuning: The most commonly used form
of cost function is that shown in (20), where different works
leave out some of the four terms depending on the application.
Apart from selecting the terms that constitute the cost function,
a key challenge is to systematically determine how these parts
should be weighted with respect to each other. The tuning
of the weights is a time-consuming and cumbersome task,
often performed in a trial-and-error process. When choosing
the weights Q, R, S, and K in (20), the total sum of parameters
is ny + nx + 2 · nu, with ny the number of reference tracking
weights, nx the number of state weights, and nu the number
of input weights. Thus, the challenge in the tuning further
increases for increasing DoFs.

A common choice for the reference tracking matrix is
Q = diag[1 1 1 10 10 10] [54], [103], [104], [137], [142].
The three latter weights for the rotational rates are chosen ten
times higher, as this balances the resulting cost values. This is
due to the magnitude differences when considering the root-
mean square of the motion signals of specific forces (in m/s2)
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and rotational rates (in rad/s) for typical maneuvers [142].
Whereas this approach has been used as a rule of thumb with
relative success, there is no direct justification for its use from
a human perception standpoint.

The works [143], [205] have investigated deriving the rela-
tive importance of the motion channels to subjective ratings.
For example, for typical urban driving scenarios the subjective
rating is primarily caused by cueing errors in fy, fx, and
ωz [143], ordered by decreasing contribution. The relative
importance of these channels, combined with the magnitude
of the motion signals, may thus be transformed into weighting
factors Q. Although an initial experiment reported no direct
improvement in subjective ratings when using the adapted
weighting compared to the baseline weights, this method may
still hold potential due to its close connection to human percep-
tion. However, the rating models from [143] and [205] used to
determine the relative importance of motion channels appear
to be dependent on the chosen scenario. This might indicate
that this approach would benefit from separately determined
weight factors for each scenario, rather than choosing the same
baseline weighting set at all times.

The choice for the state weighting matrix R contributes
to realizing washout behavior and thus results in a trade-off

between motion cueing quality and workspace usage [73],
[157]. If the prediction is accurate and long enough, no
washout is needed and the weights of the state excitation term
can all be set to zero [73]. Practically, a non-zero term is still
beneficial to increase the convexity of the cost function [45],
[157], resulting in a lower computation time. A higher weight
R on the deviations of the simulator to the neutral position
increases robustness against prediction errors and differences
in drivers [73], but restricts workspace usage.

Besides choosing the weighting parameters, an investigation
is necessary on how these weights are best applied. Instead of
having fixed weights, in literature, adaptive MPC weights are
used to achieve a smoother platform motion near its limits
[46], to adapt the washout speed [106], or to optimize for
improved cueing quality. To adapt the weights, the authors of
[105] and [106] suggest fuzzy logic controllers.

In order to ease the cumbersome tuning process, a variety
of papers suggest to apply auto-tuning approaches for weight
optimization, i.e., evolutionary optimization techniques. For
example, weighting matrices are obtained by a whale or a
grey wolf optimization algorithm in [81] and [68], respectively.
Similarly, a GA tunes the nonlinear scaling for an MPC
MCA in [91] and a fuzzy controller in [105]. By employing
a multi-objective GA and, in a second step, an interactive
GA derives weights in [107]. Furthermore, a PSO has been
shown to yield improved results compared to a GA [108].
In [109], a combination of PSO and GA is used, including
human interaction to test the obtained weights. Alternatively,
the weighting parameters can be obtained through an auto-
tuning approach, where the optimal weights of the reference
tracking matrix Q are chosen by minimizing a cost function
before the actual optimization of the MCA takes place [74].

While a wide range of auto-tuning methodologies exists,
none of these methodologies have been subjectively evaluated
through a test subject study, however. A key challenge for

future work is thus that, even though the tuning is significantly
more important than the motion capabilities and size of the
simulator [211], no commonly agreed upon tuning framework
to target perceptual fidelity exists [4]. As a result, it is difficult
to compare methodologies and the current cost function imple-
mentations may not be properly tuned or designed towards
the human driver. Future work should therefore analyze the
change in test driver ratings when employing the different cost
function weights, e.g., obtained with auto-tuning approaches.
Besides considering stability, computation time, and objective
metrics for motion cueing quality when choosing the cost
function, also the resulting subjective ratings is paramount.

2) Human-Centric Cost Function Design and Tuning:
Many performance evaluations of MCAs in literature do not
include any feedback or ratings from test drivers (see Tab. I).
Instead, purely objective quality metrics are used [68], [85],
[93], such as the root mean square error or the correlation
between yV and yS . While objective metrics correlate with the
subjective ratings of test drivers [4], objective metrics have
not (yet) fully replaced the subjective evaluation methods.
Ultimately, it is the test drivers’ subjective evaluation of
cueing quality and realism that the MCA should be tuned
for. Therefore, another key challenge is that optimization-
based MCAs must leap towards incorporating the subjective
experience of the human at center of the optimization itself.

As a basis, a variety of works have investigated how
different aspects of motion cueing relate to subjective ratings
given by test subjects [104], [143], [209]. Findings include
that false cues are experienced more problematic than missing
cues or cues with a scaling error [209]. So far, these aspects of
subjective perception have not been used in the design of an
optimization-based MCA, with all formulations currently not
distinguishing between error types. Quadratic cost functions,
optimizing for the quadratic cueing errors (yS

n−yV
n )>Q(yS

n−yV
n ),

do not capture the above considerations at all. The same holds
for the automatic tuning approaches, that only pay attention
to objective metrics.

Future work should therefore develop an alteration to the
current cost function design, in which the subjective evaluation
of the human test driver is better represented. This may be
done by penalizing specific error types, penalizing motion that
would be predicted to lead to high ratings (e.g., from [188]),
or by adapting the cost function weights, as discussed earlier.
Second, current vestibular models are adding complexity to
the MCAs without validated benefit in perceived realism [87],
[188]. However, model-based optimization approaches depend
on the availability of a model quantity that is directly relevant
to the control objective. Since the control objective here is
perceived motion realism, which existing vestibular system
models do not sufficiently capture, it is of utmost importance
to develop perceptual models that reflect this objective. There-
fore, we suggest adding more accurate and holistic models of
human motion perception, including, e.g., learning and adap-
tation effects or visual-vestibular interaction [212], [213]. As
the quality of simulator visualization is not physically limited
in the same manner as simulator motion, higher coherence in
visual cues creates inconsistencies between visual and motion
perception. Understanding the importance of consistency in
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both timing and magnitude across relevant sensory cues is
therefore expected to enable further improvements in motion
cueing strategies [212]. Following the more recent survey on
mathematical models of the vestibular system done by Momani
and Cardullo [213], we suggest replacing the vestibular model
by Telban and Cardullo [32] with the semicircular canal model
proposed by Grant et al. [214] and the otolith model derived by
Rabbitt and Damiano [215], [216], refined in [213]. Although
these models are significantly more complex, they provide
higher physiological accuracy and are therefore better suited
for capturing the relevant perceptual effects. Furthermore,
participant studies that quantify the relative contribution of
existing objective criteria to perceived motion realism are
expected to enable the construction of weighted composite
measures that more faithfully reflect perceived motion cueing
quality. Such an improved understanding and modeling of
human motion perception would also allow the development of
objective metrics that provide more information on the actually
achieved perceived motion cueing quality. Last, future work in
the direction of learning-based MCAs is advised to incorporate
subjective rating data into training these MCAs. Training an
MCA on subjective rating data enforces motions perceived as
realistic by participants, while simultaneously decreasing the
need for accurate models of human motion perception.

C. Real-Time Capability

MPC MCAs are computationally expensive. The combi-
nation of large system models (usually more than 30 states
from the vestibular and the simulator model), desired control
rates faster than 100 Hz (sometimes even 200 Hz or more
are required), and long prediction horizons makes deploying
these algorithms challenging with current computing hard-
ware. Therefore, careful selection of the employed solver and
the relevant design parameters of the MCA is needed.

1) Choice of Solver: The choice of solver plays a crucial
role for the computation time [184]. In [111], performance of
an interior point (IP) solver, namely HPMPC, and an active set
active set (AS) solver, qpOASES, are compared. For the same
prediction horizons, cueing quality was the same with both
solvers. However, as the complexity of HPMPC is O(N(nx +
nu)3), it shows superior to qpOASES, whose complexity is
scaling as O(N3). The solver HPIPM [217], i.e., the successor
of HPMPC, is employed within acados [218] by the same
authors in their recent work [184]. Furthermore, five solvers
were compared in [112], where the IP solver Knitro-IP
[219] was identified as most suitable, along with a direct col-
location scheme. IP solvers are known to be more suitable for
larger optimizations, converging in fewer iterations, whereas
AS-based solvers can be warm started, i.e., can exploit infor-
mation from the previous solution. The complexity of GRAMPC
scales linearly with the problem size as well, making such
solvers superior for the desired long prediction horizons.

Future work should look into the application of GPU-based
MPC MCA implementations, which are currently introduced
in robotics [220]. Additionally, a comparison of solvers for
use in MPC MCAs should be performed, paying particular
attention to the demands of driving simulation. The potential
improvements would allow to use more accurate models of

human motion perception, extended prediction horizons and/or
less expensive computation hardware, ultimately increasing
motion cueing quality and usability.

2) Choice of Prediction Horizon: The prediction horizon
significantly influences the computational complexity, motion
cueing quality, and feasibility of the optimization [45], [181].
Mainly, a trade-off between real-time capability and motion
cueing performance needs to be considered. Different sugges-
tions for the minimum length of prediction horizons can be
found in literature:
• Feasibility condition for Tp: Tp≥

vmax
abreak

max
≈0.5 − 1.5 s [62].

• Based on an acceptable motion quality loss compared to
an infinite horizon prediction: 2.5 − 3.5 s [45].

• Computed by different evolutionary algorithms as
≈ 4.5 − 6.5 s [221], [222], [223].

• At least 8 s in a racing context [56].
• Between 7 and 14 s to stop simulators using decelerations

below perception thresholds from maximal speed [69].
As it is the most sophisticated approach, taking into account

cueing quality and the driven maneuvers, we detail the
approach presented by Katliar et al. [45]. Assuming a perfect
prediction, the relationship of the cost value against the length
of the prediction horizon is analyzed, giving the relation

c(Tp)
c∞

− 1 =

�
Tp

c1

�−c2

, (31)

where c∞ and c(Tp) are the problem’s cost with an infinite
prediction horizon and a horizon of length Tp, respectively.
The parameters c1 and c2 depend on the driven scenario: c1,
known as the characteristic time, represents the prediction
horizon length required to achieve comparable performance
to c∞, thereby capturing the complexity of the maneuver. The
largest reported values in driving simulation are approximately
3.6 s for a roundabout and 3.4 s for urban drives, hence
being the most challenging according to [45]. With c2 being
around 2, a roughly quadratic decrease of normalized cost is
derived as a rule of thumb. This structured approach based on
empirical findings is used in, e.g., [74] to determine a suitable
horizon length Tp. It is not clear, however, how well (31)
can be generalized, as it is parameterized for a limited set of
maneuvers, as well as a specific simulator.

In practice, however, horizon lengths are usually simply
chosen as long as possible while still achieving real-time
performance. As shown in Tab. I, papers that report prediction
horizon lengths Tp ≥ 1 s either solve the problem at less than
100 Hz [82], [92], [111], [113], set very low control horizons,
i.e., Tc ≤ 0.1 s [46], [65], [67], [77], [114], or use move-
blocking techniques [56], [59], [69], [73].

An outstanding performance is reported in the algo-
rithms developed by Lamprecht et al. [47], [97]. In [47],
a prediction horizon of 4 seconds is applied along with
a 250 Hz sampling frequency for a nonlinear MPC MCA
on a 7-DOF simulator. To this end, the authors employ
GRAMPC [196], which is based on an augmented Lagrangian
formulation.

A key challenge for real-time optimization-based MCA is
to further increase the prediction and control horizons to fully
exploit large simulator workspaces and effectively pre-position
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the simulator. To do so, a critical analysis must be performed
on which simplifications in simulator and human perception
modeling can be done at which cost in cueing quality actually
perceived by study participants. For example, [112] showed
that adding a vestibular system in their NMPC increased
computation times by a factor of nearly 5, at limited RMSE
improvements. This understanding allows to effectively trade
off cueing quality and computational effort. To this end, also
the use of model order reduction techniques [224] is suggested
with the goal of finding reduced order models at little quality
loss, contributing to improved real-time capability.

Last, the recently proposed learning-based MCAs, where
a large portion of the computation is moved from online
computation to training a NN prior to the simulator study, hold
great potential to circumvent real-time limitations of MPC
MCA. Here, the focus will be on stable and shortened training
processes to allow more widespread use.

D. Vehicle Motion Reference Prediction

One of the strengths of optimization-based MCAs, in con-
trast to filter-based methods, is the possibility to explicitly
include and account for the future reference motion, i.e.,
the specific forces and angular accelerations that must be
recreated, rather than only the current states. This information
on future reference vehicle motion allows the CL optimization-
based MCA to preposition the simulator, more effectively
handle motion system boundaries and hence, fully exploit
the available workspace [47], [51], [92], [115]. However,
the future reference vehicle motion depends on the non-
deterministic actions of the driver and is thus inherently
unknown [47], [51], [116]. To use the driving simulator to
its full potential, it is thus necessary to accurately predict the
future reference vehicle motion, which is a major challenge.

Including accurate predictions of future vehicle states can
greatly leverage the motion cueing quality. Several studies
[74], [92], [111] in which the future reference motion was fully
known beforehand (which is only possible in OL driving),
showed a large increase in the cueing quality, which increases
further with longer prediction horizons [74], [144]. Even small
improvements in reference prediction quality can already lead
to significant motion cueing improvements [73], showing that
the inclusion of a proper reference prediction is crucial for
accurate motion cueing.

Early MPC-based MCAs approximated the future reference
by assuming the reference signals to stay constant over a
limited prediction, i.e., yV

[1:Np−1] = yV
0 . This means that no

available information from the road geometry, surrounding
traffic, traffic rules, the driving task, or the current vehicle
state is used. As these information sources are likely to
affect the driver’s future behavior, this shortcoming is often
acceptable only for small prediction horizons [54]. Due to the
simplicity in obtaining such predictions, however, even recent
MCAs employ constant reference signals [46], [62], [64], [85],
[117]. Whereas much work has been done into extending
the prediction horizon as much as possible, as described in
Subsec. V-C, little work exists on making the actual prediction
accurate, despite its enormous potential.

Apart from the additional computational effort required to
include a larger prediction horizon, one explanation for the
fact that including an actual reference prediction is not often
done is that the prediction itself is very difficult to make.
Although the future lateral and yaw motion may be extracted
from the road geometry, the longitudinal motion is more non-
deterministic as to where and how strongly the driver applies
the control inputs (accelerator and brake pedals). In literature,
the explicit reference prediction for optimization-based MCAs
has therefore only obtained a limited focus.

1) Model-Based Reference Prediction Approaches: One
possible method to predict the reference motion is through
the development of a prediction model for the driver behavior
and subsequent vehicle motion. These methods therefore rely
on modeling the driver, the vehicle, and the environment.

For example, when considering pre-defined routes on single-
lane roads, lateral and yaw dynamics typically have a low
mean variance between individual drives [136], [225], as the
driver must follow the geometry of the road. This coincides
with knowledge from vehicle dynamics modeling, where the
lateral acceleration and yaw velocity can be approximated by:

ay =
v2

x

R
and ψ̇ =

vx

R
, (32)

respectively, where R is the curve radius and vx the longitudi-
nal velocity [226], which is estimated using the present speed
limit. For example, the lateral specific force and yaw velocity
may be predicted using a prior recorded reference drive, or as
an average over a pool of drivers recorded on that route.

Whereas the lateral and yaw behavior typically follow a
more pre-defined nature due to the known road geometry,
the velocity and, more generally, the longitudinal motion is
difficult to predict, as drivers are largely free to decide when
and how strong they apply acceleration or deceleration behav-
ior [146], [225]. Hence, a similar approach through known
vehicle dynamics is not viable. The difference between the
vehicle velocity and the speed limit [227], [228], as well as the
current accelerator brake pedal deflections [229], may be used
to predict the probability that a driver will accelerate or brake.
These methods were developed for filter-based MCAs and
provide the likelihood that an acceleration will occur, but do
not predict the magnitude of the acceleration, nor acceleration
values over time, and can thus not be directly implemented in
optimization-based MCAs, where explicit motion signals (e.g.,
specific forces and rotational rates) over time are required.

Alternatively, it is possible to extract the reference motion
through a simplified kinematic car model that tries to follow
the center-line of the road chosen as the reference. With a more
sophisticated nonlinear single-track model and virtual driver
model, [92] achieves higher prediction quality. Additionally,
a longitudinal driver input prediction is done by assuming a
constant rate of change in gas and brake pedal position. To
acknowledge prediction errors, the tracking error weighting
matrix Q from (20) is exponentially decreased. In a recent
work [47], building up on [115], the driver is assumed to act
as an optimal controller on a kinematic single-track model,
performing the driving task by minimizing an unknown cost
function, which is then learned to predict the reference motion.
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Although a wide variety of options for predicting future
reference motion exist, there is still a lack of understanding
of which information on the environment, the vehicle, or the
driver provides accurate predictors. It is an open question
whether it is possible to develop mathematical models that
fully capture human driving behavior. In fact, a more complete
multivariate time-series forecasting (including surrounding
traffic and traffic rules, information on the driving task and the
vehicle motion envelope, or the current vehicle state) has not
been developed within the context of a CL optimization-based
MCA. Given the high impact that the “perfect” predictions had
in OL studies, it can be expected that a complete, multivariate
prediction model for CL optimization-based MCAs will yield
significant improvements over the state of the art.

Furthermore, we suggest attempting to increase the length
of the prediction horizon in which a sufficiently accurate pre-
diction is achieved. The control schemes in [227], [228], and
[229] were developed for relatively small motion systems in
which a very large prediction horizon had no benefit, because
the potential for prepositioning was limited. Larger systems,
such as BMW’s Sapphire Space, need larger prediction hori-
zons to fully exploit their motion workspace. Predicting further
ahead might also reveal differences in the importance of the
different parts of the prediction. Events further ahead might be
less likely to occur or of less importance. For example, specific
traffic behavior 10 seconds ahead might be less important
to the current-time simulation compared to traffic behavior
5 seconds ahead. Using current methods, these would be
weighted equally.

Finally, there will always be uncertainty in the refer-
ence motion, which current optimization-based MCAs in
driving simulation do not incorporate in their optimization.
Further research is suggested to target how to model and
include the uncertainties of the future vehicle motion into the
optimization-based MCA formulations. To this end, existing
stochastic and robust MPC, or adaptive control strategies
based on the predicted uncertainty [230] can be introduced
in optimization-based MCAs.

2) Machine Learning-Based Reference Prediction: As an
alternative to the model-based approaches, machine learning
can be employed to predict the future reference signals. For
example, in [114], the authors made use of a feedforward
NN with one hidden layer to anticipate future longitudinal
specific force over a horizon of 2.5 seconds. Only the past
longitudinal specific force signals f x,[k−Nhist:k] are used as an
input to the NN. A slight increase in prediction quality was
reported in [118] by additionally feeding the NN the position
of the vehicle on the road. Fuzzy logic is added to the NNs in
[119]. Due to the feedforward NN not having a feedback-loop,
prediction accuracy is limited, especially for longer prediction
horizons [120]. To better deal with time-series data, [96],
[120] employed a recurrent neural network (RNN), which
performed better than the feed-forward neural networks, but
struggled with vanishing and exploding gradients [121]. The
same authors proposed a non-linear auto-regressive (NAR)
model with 100 time delays, leading to a higher accuracy,
where advantages lay on simplicity and fast training [120]. To

achieve an increased accuracy of future reference forecasting,
[122], [123] apply a long short-term memory (LSTM) model,
which can better capture long-term dependencies. It addition-
ally solves the problem of exploding or vanishing gradients
and memory limitations occurring in the use of RNNs [123].
Additionally, the authors of [122] propose the use of an echo
state network (ESN), that showed superior results in prediction
and training time compared to their LSTM approach.

Similar to most model-based approaches, these machine
learning approaches implement a univariate time series pre-
diction; i.e., single signals such as the reference longitudinal
specific force or yaw rate are predicted from their historical
data without consideration of other motion signals or any other
knowledge. In driving simulation, the behavior and trajectories
of all other agents, the exact states of the simulated vehicle,
traffic rules, the complete road and road infrastructure network,
as well as the driving task, are deterministic. Additionally,
information such as the gas/brake pedal deflection or data from
motion and eye trackers inside the mock-up might be available,
whereas the earlier discussed model-based approaches (e.g.,
[227], [228], [229]) have shown that these indeed provide
significant contributions to the future reference motion.

An outline for future research is thus the development
of multimodal machine-learning approaches. An example for
this is the Convolutional Long Short-Term Memory Neural
Network (CNN-LSTM) [231] employed in [121], where the
multivariate many-to-many time series prediction model takes
10 seconds of the recent historical longitudinal and heave
specific force data as input, as well as longitudinal velocity
data. It outputs the predicted time series values for these three
signals over a time horizon of 5 seconds. Its performance
exceeds that of the RNN [123] and feedforward NN with
time delay [114], as well es implementations of a Random
Forest Regression and Lasso Regression presented in [121].
This shows that by taking more signals as inputs to adequate
machine learning approaches, prediction quality enhances.

A further limitation of the existing works is that the data
used in training the various networks is often limited. Data
are often collected by a single driver, driving on the same
track or a very limited road network, for a duration rang-
ing 3 − 30 minutes. Hence the previous machine learning
approaches cannot be expected to generalize well, effectively
only allowing trained networks to be used in the specifically
trained maneuvers on the same or a very similar route. Future
work is thus suggested to focus on addressing these limitations
by leveraging larger and more diverse datasets, either by
combining existing data sets or by employing large, readily
available data sets. One of the main benefits of machine
learning techniques is the possibility to develop a model on
large data sets and investigate the incorporation of many
predictors without the explicit investigation into a specific
one. Combined, these might thus greatly enhance quality and
the robustness of machine learning models and leverage the
advantages of machine learning methods. By overcoming this
second challenge as well, machine learning-based methods
can thus provide robust and reliable tools for driver control
prediction in simulation environments.
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VI. CONCLUSION

In the last decade, the research focus of motion cueing
in driving simulation has shifted from filter-based MCAs
towards optimization-based MCAs. The use of optimization-
based MCAs is mainly motivated by their ability to handle
constraints explicitly, take simulator and vestibular dynamics
into account, and incorporate information on future vehicle
motion, potentially leading to improved workspace usage and
motion cueing quality. Despite these benefits over filter-based
approaches, MPC and other optimization-based algorithms
have still not become the industry standard. This paper pre-
sented an in-depth review of optimization-based MCAs for
driving simulation to answer why this is the case. Although
its technical foundations have been established over the years,
there is a lack of integration of what makes MPC great in
theory: 1) a proper, systematic, and human-centered design of
the cost function, 2) the ability to optimize for the motion in
real-time, 3) the ability to explicitly include an accurate refer-
ence prediction, and 4) having proper, standardized evaluation
methods. To make MPC the industry standard in driving simu-
lation, these four challenges need to be addressed to truly make
MPC stand out over filter-based approaches. By providing
this literature overview, identifying these key challenges, and
providing guidelines for future research, crucial advancements
for optimization-based algorithms can be achieved. We hope
that this work therefore spurs the development of the next
generation of MCAs, ultimately enhancing the realism and
utility of driving simulators across research and industry.

APPENDIX

Here, we shortly present MCAs that are developed for
specific use-cases or present further interesting ideas and did
not fit the main part.

Hvitfeldt et al. provide an adapted filter-based MCA [44]
and an optimization-based MCA [102] for winter conditions.
The authors in [200] propose a framework for switching
between different types of MCAs in order to make the best use
of their respective advantages. Schwarzhuber [232] focused on
MCAs in motorsport applications, i.e., replication of motion
perception in near-limit vehicle handling. In [72] the MPC
cost function is extended by a term aiming to replicate the
frequency content of the reference signal. Last, a framework
to improve tracking errors or modeled subjective ratings during
worst-case maneuvers is shown in [141].
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