<]
TUDelft

Delft University of Technology

Document Version
Final published version

Licence
CCBY

Citation (APA)

Kolff, M. J. C., Jacumet, R., Wagner, S., Wollherr, D., & Leibold, M. (2025). A Frequency-Aware Model Predictive
Control Motion Cueing Algorithm. In Proceedings of the Driving Simulation Conferences (Vol. 10, pp. 131-138). Driving
Simulation Association. https://doi.org/10.82157/dsa/2025/16

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright

In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.

Unless copyright is transferred by contract or statute, it remains with the copyright holder.

Sharing and reuse

Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.82157/dsa/2025/16

DSC 2025 Europe*" Kolff et al.

A Frequency-Aware Model Predictive Control
Motion Cueing Algorithm

Maurice Kolff', Robert Jacumet?2, Sebastian Wagner?, Dirk Wollherr3, Marion Leibold?®

Abstract - This paper presents a Model Predictive Control framework for driving simulator motion cueing including
effective control of the frequency-domain characteristics of the simulator motion. By transforming the predicted
output sequence using the Discrete Fourier Transform (DFT) matrix method, the controller can penalize or amplify
specific frequency components. The method is first demonstrated using a discrete-frequency multisine reference
use-case, followed by a realistic multi degree-of-freedom driving simulation use-case. Although its inclusion adds
additional constraints on the prediction horizon and the simulation sample time, the frequency-aware motion cue-
ing algorithm enhances the frequency response in both use-cases, thus providing an effective control over the
frequency characteristics of the simulator motion. This leads to a better integration of frequency-dependent motion
characteristics, a more effective use of the simulator motion workspace, and is expected to provide an improved
human perception of the motion.
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1. Introduction

Over the last decade, Model-Predictive Control
(MPC) has gained significance in Motion Cueing Al-
gorithms (MCAs) for driving simulators (Dagdelen,
et al., 2009). With the ability to predict the simula-
tor system behavior over a defined horizon, MPC al-
lows for the generation of simulator motion cues that
maximize perceptual fidelity while adhering to sim-
ulator platform limitations (Bruschetta, Maran, and
Beghi, 2017b). The recent surge in MPC applica-
tions has been driven by advancements in compu-
tational power and the increasing complexity of mo-
tion simulators, which demand more sophisticated al-
gorithms to deliver realistic driving experiences com-
pared the traditional filter-based approaches. In fact,
MPC-based MCAs have been shown to allow for
a better motion cueing quality, i.e., a higher per-
ceived level of realism, compared to filter-based ap-
proaches (Biemelt, et al., 2021; Cleij, et al., 2019).

A critical aspect of motion cueing quality, however,
is the frequency of the generated motion cues, be-
cause the vestibular system is highly sensitive to spe-
cific frequency ranges (Telban, Cardullo, and Kelly,
2005). Therefore, ensuring the correct balance, as
well as the consistency of frequency components
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can be essential for the motion simulation. Although
the relevance of frequency components is acknowl-
edged in filter-based MCAs (Ellensohn, et al., 2019),
MPC-based MCAs optimize the motion purely in the
time domain, eventually leading to degraded perfor-
mance in certain frequency bands. It would thus be
highly beneficial to extend the existing MPC formula-
tions, such that the frequency response of the sim-
ulator motion can be directly controlled. Whereas
frequency-aware MPC has been proposed before
(Grandia, et al., 2019; Stickan, et al., 2019), and the
Fourier transform has been introduced in driving sim-
ulation to improve the MPC performance (Fang, Wau-
tier, and Kemeny, 2022), to the best of our knowl-
edge, an actual MPC formulation including frequency
control within the context of driving simulation does
not yet exist.

To address this challenge, the present paper
presents a method to incorporate the frequency re-
sponse of the motion cues directly into the cost func-
tion of an MPC. This is achieved by applying the Dis-
crete Fourier Transform (DFT) in matrix form in the
MPC cost function. By transforming the time-domain
motion cueing signals into the frequency domain, the
DFT matrix enables the explicit representation and
control of frequency components in the MPC opti-
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mization process. This includes the possibility to pro-
vide consistency between the reference and simula-
tor motion in terms of their frequency response. Fur-
thermore, certain frequency bands can be specifi-
cally avoided or prioritized. Apart from its mathemat-
ical structure, the present paper also provides simu-
lation results of two use-cases.

The paper is structured as follows. Section 2 provides
the mathematical formulation for the incorporation of
frequency control in an MPC algorithm. Section 3
provides the simulation results. Section 4 discusses
implications, limitations, and future work. Finally, the
paper is concluded in Section 5.

2. Methods

This section presents how the DFT is incorporated
in an MPC-based MCA formulation to efficiently con-
trol the resulting frequencies. First, the cost func-
tion is appended with a frequency-domain tracking
term. Then, the resulting MPC is reformulated as a
quadratic program (QP) for which a range of fast and
reliable real-time solvers exists (Freund, 2004; Wang
and Boyd, 2010).

2.1. Frequency-Aware Cost Function

A simplified typical linear MPC MCA formulation is
given as (Beghi, Bruschetta, and Maran, 2012; Br-
uschetta, Maran, and Beghi, 2017a; Qazani, Asadi,
and Nahavandi, 2020)

H,—1
J :mUin Z (yS,n - yS,n)Qt(yS,n - yS,n) + u, Ru,,

n=0
(1a)
st.forn=0,...,H,—1:
Tpi1 = Az, + Buy, (1b)
Ysn = Cxy, + Du,, (1c)
rekX, ucl, (1d)

with yy the vehicle motion, ys the simulator mo-
tion, U = (uo,...,un,—1), n the prediction step, i,
the prediction horizon, and Q; and R the weighting
matrices of the respective terms. Moreover, the sys-
tem state « and the simulator control inputs « are
bound by the sets X and U, respectively. The cost
function J; in (1) solely considers the time domain
behavior.

To consider the frequencies of a real, time domain
signal y in the cost function, we take the DFT:

N-—1
Y=Y ye '®M, k=01, N-1
j=0

with the complex number i and Y;, € CV. A typical
numerical approach is to use the Fast Fourier Trans-
form (FFT). As numerical quadratic solvers generally
require a description of the system in matrix form, di-
rectly employing the FFT in the optimization scheme
is not feasible. Instead, it is possible to calculate the
DFT using matrix multiplication (Stickan, et al., 2019),
such that:

Y = Wi 5y, (2)
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with Y the DFT of y and where W is the DFT matrix,
defined as:

1 1 1 1
1 Q 02 QN-1
1 2 4 2(N-1
W — 1 O QO o0 ) ’
VN |: : : - :
1 QN-1 Q2(N-1) ... (N-1)?

(3)

with N being the total number of samples, W =
CN*N and Q being the primitive Nth root of unity:

Q=N (4)

When applying the DFT in the context of MPC, the
number of samples is most conveniently set equal to
the number of prediction steps, i.e., N = H,,. As long
as the prediction horizon H,, is constant, the DFT ma-
trix W will also be constant and thus does not have
to be calculated at each iteration step.

When performing the DFT of a real signal, the fre-
quency components Y}, are obtained for the positive
frequency bins

k=0, 1, VQVJ (5)

and, hence, depend on the sample size N = H,
and the sampling frequency f,. Thus, the amount of
frequencies that can be estimated and their granu-
larity depends on the prediction horizon. Generally,
the longer the prediction horizon, the more frequen-
cies can be determined. Furthermore, a larger pre-
diction horizon results in lower frequencies that can
be determined. The frequencies themselves depend
on the number of frequencies (and thus on the pre-
diction horizon), as well as the sampling rate. Thus,
the faster the MPC runs, the higher the frequencies
that can be determined. The further we look into the
future, the lower the frequencies we can fit in. So we
need an adequate Hp. Also it means that frequency
control at higher frequencies is more effective than of
low frequencies.

For each motion channel m in the set of motion chan-
nels m € M = {w,,wy,w., fz, fy, f~} we define:

fk = %fsv

m=[mg mi ... mefl]T (6)

with the specific forces f and the rotational rates w,
which allows us to write the frequency domain values
M of each motion channel as:

M=Wm. (7)

The novel frequency-domain tracking (FDT) term
added to the cost function (1a) is:
Jp=ws Y wn(Ms— My)"F(Ms - My), (8)
meM
which equals:

Jr =wy Z Wy (Mg —my) WIFW (mgs — my)

meM
9)
with F = diag(fo, f1, ..., fu,—1) and where ()7 is
the Hermitian transpose. This formulation allows us
to select three types of weights:
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wy : relative importance assigned to the added
frequency cost term. It allows to trade-off fre-
quency vs. time domain considerations;

F : relative importance assigned to different fre-
quency components in the tracking error sig-
nal. The importance of each frequency com-
ponent can be taken from models of hu-
man perception, which, underlining the im-
portance of motion frequency, themselves
are also frequency-based (Telban, Cardullo,
and Kelly, 2005).

Wy reliative importance of the each motion chan-
nel m.

The resulting cost function term is therefore:

H,—1
J:wt Z (yS,n_ yV,n)TQt(yS,n_ yV,n)'i_uIRun

n=0

time-domain tracking

+ wy Z wm(mg — mV)TQf(mS — mv) . (10)
meM

frequency-domain tracking (FDT)
with Q; = WHFW,

This cost function thus aims to minimize the differ-
ence in Fourier transforms of the vehicle and simula-
tor motion. Alternatively, it is possible to construct a
cost function that penalizes or prioritizes certain fre-
quency bands in the simulator motion.

2.2. Quadratic Program Formulation

2.2.1. State Space Formulation

To represent the simulator’s motion system, a state
space system is used to represent a single motion
channel:

Tp+1 = Azn +Buna (11)
with:
1 At 0
A=|0 1 of,
0 0 O
3 A2
B=|’aAt |, (13)
1
c=[ 0 1],
D =0.

for a typical translational acceleration system with po-
sition, velocity, and acceleration as states, i.e., x =

[p, v, a]T.

The present state space system only provides the
calculation of the state at the next time stepn+1. As
in any typical MPC, the future states up to the pre-
diction horizon H, must be estimated to find the best
solution. This is done by the recursive application of
the system (Ellensohn, 2020). For example, for the
third time step, the system output equals:

ys3 = C(Azy + Buy), (14)
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which can be further expanded as:
ys,3 = C(A(Az1 + Buy) + Bug)
= C(A(A(Axqg + Bug) + Buy) + Bus)
The recursive relationships at the points ys =
[Ys.0. ¥s,1, Ys,2, ¥s,3, ---,Ys,H,], describing the sim-

ulator motion, can be captured by the matrices ® and
T, such that:

(15)

ys = Pro+ T'u (16)
where:
CA
CA?
P = . , (17)
CAHy
and:
CB 0 0 0
CAB CB 0 0
r— CA2B CAB CB 0
CAH%—lB CAH%—QB CAH%—?)B . C.B

(18)

2.2.2. Multiple DoF structure

For a system with multiple Degrees of Freedom
(DoFs) and reference signals to track, the total
state space representation can be obtained by using
block diagonal matrices of each individual DoF (Br-
uschetta, Cenedese, and Beghi, 2019). In a similar
manner, the matrix W for a multi-DoF system can be
constructed using a block diagonal matrix:

Wy, 0 0
0 ny 0
W = . . ) (19)
o 0 ... W,

and analogously for the frequency weighting matrix
F.

2.3. Cost Function Formulation

The general purpose of the MPC is then to find the
optimal sequence of inputs u to bring the sequence
of outputs ys as close as possible to the reference
signal.

Rewriting (10), using the recursive relation of (16):
J(u) = (®xg+Tu — yV)H(tht +wrQy)(Pxo+
Tu —yy) + v Ru.

=u'THQru + x(l){{)HQFu +u T Q®x(—
uHI‘HQyV — y{}TQI‘u + uff Ru+
1@ Q¥ry — vl @7 Qyy — Yy QP+

v Qyy,
(20)

with Q = w:Q: + w;Q for shorter notation. To then
solve the optimization problem, quadratic solvers typ-
ically require the cost function to be of the form:

J(u)=3u"Hu+ fu. (21)
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with H the Hessian and f the gradient vector. Note
that the first term, involving the Hessian H, depends
quadratically on w. When comparing with (20), only
the first term is of quadratic form, such that:

H =2(T% (w,Q; + w;Qs)T + R) (22)

The second to fifth terms of (20) depend linearly on
u, as does f in (24). Thus we find:

f= QFH(tht +wrQy)(Pro — Yv) (23)

The remaining terms in (20) do not depend on w at
all, meaning that when optimizing for u (the function
of the MPC), these terms are unaffected and can thus
be neglected from the cost function.

The specific challenge when incorporating frequency
control is that quadratic solvers can only handle a
completely real cost function. This is made clear by
the use of the transpose operator (-)" in (24), suit-
able only for real numbers, rather than the Hermitian
transpose ().

Considering the present case of complex-valued
components, the matrix H and vector f, which con-
tain both real and imaginary parts due to the fre-
quency components, must be rewritten. This can be
achieved by splitting the real and imaginary compo-
nents, and passing both as separate, but real com-
ponents to the cost function, i.e.,:

J(u,) = %UTTHTuT + £l u, (24)
Starting with H:
H,.o = Re (T [w,Q; +w; QT + R),  (25)
and
Hippog = Im (I‘H[tht +wrQyT + R])
= Im (T w;Q,T]),

as Q: and R are real-valued. The Hessian matrix
H, which is complex valued, can now be repre-
sented by mapping from complex to real space, con-
structing a real-valued matrix of its real and imag-
inary components (Stickan, et al., 2019), such that
H < CHpXHp N RQHPXQHP:

Hreal *Hima,g

imag real

(26)

Thus, instead of supplying the complex-valued H to
the cost function, the matrix in (27) can be used. Sim-
ilarly for f:

freal =Re (2FH(tht + ijf)((I)xO - yV)) ) (28)
and:
.fimag =Im (QFH(tht + waf)((I)xO - yV))

(29)
=Im (QFH(U}fo)(‘I)!EO — yv)> R
Similarly as for H, f can be expressed by:
fr= {fmlg } . (30)

Because of the mapping H and f to real space, the
input « must be mapped to real space as well.

u, = |:ureal:| (31)

Uimag
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As we only consider real, time-domain inputs, we can

write:
u
[OH,, ><1:| (32)

Thus, the zero-valued w;,,,q4 is only added to ensure
compatibility with H and f.

3. Results

This section analyzes the performance of the
frequency-aware MPC MCA. To this end, the pro-
posed algorithm is compared against a benchmark
MPC MCA that is not explicitly frequency-aware, i.e.,
does not contain the FDT in the cost function, but
is identical otherwise. First a multisine signal is used
as a reference for a simplified analysis. Afterwards,
the longitudinal motion of a reference vehicle drive is
used to extend the analysis.

3.1. Multisine Simulation Example

First, as an example, simulations of the presented
control problem are performed on a synthetic sum of
sinusoids (multisine) single DoF reference signal:

yy =5 cos(wit + g) + 0.2 - cos(wart + %) (33)

Multisines are ideal for investigating the frequency
behavior of a system (Kolff, et al., 2019; Kolff, et
al., 2023) as they contain discrete frequencies. How-
ever, in the present case of the frequency control,
the frequencies of the multisines must match the fre-
quencies that the DFT can estimate. The reference
signal therefore contained two discrete frequencies:
wy = 6.28319rad/s and w9 = 62.83 rad/s, which rep-
resent the first and tenth harmonics of the DFT with
H, = 250s and At = 0.004 s, representing one rela-
tively low and high frequency respectively. To simplify
the control task, the simulations were performed of-
fline using a recorded drive. The optimizations were
performed using Quadprog in Matlab R2025a. In the
control problem, the input was limited to 2 m/s2.

The result of the MPC simulation, without the FDT
(i.e., wy = 0), is shown by the red line in Figure 1.
As this approach minimizes the absolute difference
between the reference and simulator signals only,
this leads to the situation where the MPC employs
a constant 2m/s? output to remain as close as pos-
sible to the reference signal, therefore ignoring the
high-frequency content of the reference signal. This
is likely to be detrimental for realism in driving simula-
tion, as the complete high-frequency content beyond
2m/s? is not produced.

The green line in Figure 1 shows the MPC with
FDT. The weighting to the frequency cost function
term was set to wy; = 10 to activate and priori-
tize the frequency-domain tracking. The time-domain
tracking weight was set to zero. The two frequency
components were weighted differently (F7 = 10,
F19 = 10,000), to represent a situation in which high-
frequency is strongly prioritized for in the simulation.
With this FDT, the MPC strategy is different. As a re-
sult, the controller deliberately provides a less strong
low-frequency motion, but at the crucial benefit of
providing the full high-frequency motion of wy, fit-
ting exactly within the acceleration limits of 2m/s2.
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DSC 2025 Europe*"

Kolff et al.

8 : : : : - :
Reference Signal
—MPC (No FDT) - w, = 10, w, = 0
6 MPC (With FDT) -w, = 0, w, =100 |

y(t), m/s®

time, s

Figure 1: Outputs of the MPC algorithms with and without FDT, highlighting the effectiveness in prioritizing high-
frequency oscillations in the case with FDT control for a multisine reference signal.

This allows for the complete reproduction of the high-
frequency motion, in contrast to the standard MPC
without DFT.

Figure 2 shows the Bode diagram of the three sig-
nals, with the magnitude in the top subfigure. Note
that the MPC without FDT, due to its partially con-
stant output, produces a uniform frequency spec-
trum, strongly differing from the discrete frequencies
in the reference signal. This is a result of the non-
multisine output signal of this MPC without FDT. In
contrast, the MPC with FDT indeed only produces the
motion of the two frequencies w; and wyy. Further-
more, the lower subfigure highlights the ability of the
MPC with FDT to also reproduce the multisines with
the correct phases; the phases of the input signal of
m/2 (90°) and /4 (45°), respectively corresponding
to the frequencies w; and wyy.

3.2. Vehicle Drive Evaluation

As a second evaluation of the method, a recording of
a realistic rural vehicle drive is used for the tracking
in two DoFs. Here, the reference signals are the lon-
gitudinal (f,) and lateral (f,) specific force recorded
in a previous driving simulation experiment in a rural
driving scenario, lasting 80s.

Similar to the multisine use-case, the two methods
(with and without FDT) are compared. In this case,
the MPC without FDT had weights w; = 10 and w; =
0. For the MPC with FDT, the best results were found
using a combination of time-domain and frequency-
domain tracking, i.e., w; = 2.5 and wy = 100. In
the present use-case, again a prioritization on the
high-frequency components is made. For this reason,
the applied frequency weights were of the linearly
increasing form F), = 5k/2N, where Fj, represents
the diagonal entries of the weighting matrix F. This
weighting function is shown in Figure 3.

The resulting output signals are shown in Figures 4a
(longitudinal specific force) and 4b (lateral specific
force), together with the reference signals. Correctly,
the MPC with FDT remains below the limits to avoid
a distortion in the frequency content, unlike the MPC

Stuttgart, 24-26 Sep 2025
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Figure 2: Bode diagram of the multisine reference
signal and the MPC methods with and without FDT
att =0.

25 T

o 1
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Frequency, rad/s

Figure 3: Weighting function representing the diago-
nal entries of the matrix F.
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(a) Longitudinal specific force (fz)
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time, s

(b) Lateral specific force (fy)

Figure 4: Outputs of the MPC algorithms with and without FDT, highlighting the effectiveness in prioritizing high-
frequency oscillations in the case with FDT control for a realistic use-case. The grey areas represent “snap-shots”
of a single optimization step, which are further analyzed in the Bode diagrams in Figure 5.

without FDT. Overall, the motion is scaled down.
This may be due to the additional input required
by the cost function to justify a frequency-domain
deviation, while scaling the motion does not im-
pair the frequency-domain consistency between the
reference and MPC output. Alternatively, an addi-
tional cost due to a frequency deviation may arise
from moving “back” closer to the reference, e.g., at
around 30s.

The grey areas represent a snapshot of the optimiza-
tion lasting the prediction horizon H,,. These points of
interests are further investigated through their Bode
diagrams to compare their frequency-domain behav-
ior. These are shown in Figures 5a (f;) and 5b (f,).
From both the magnitude and phase responses, it is
clear that the MPC with FDT indeed provides a fre-
quency response highly consistent with the reference
signal, whereas the MPC without FDT does not.

4. Discussion

This paper introduces a frequency-domain approach
for MPC in driving simulation. This is achieved by
transforming the predicted output of the simulator

-136-

motion to the frequency-domain using a DFT matrix.
The frequency cost term is then included alongside
the usual time-domain tracking cost, resulting in a
hybrid formulation that retains the standard predictive
structure. With this additional frequency control in the
MPC cost function, the controller can selectively sup-
press or amplify specific frequency components in
the simulator motion. The presented MPC application
can therefore greatly improve the frequency-domain
characteristics of the motion, which has been one of
the main drawbacks of existing MPC approaches in
driving simulation.

Implications

Including frequency tracking in the MPC formulation
imply that both the frequency content of the motion
cueing can be actively steered by controlling both the
magnitude and the phase of the MPC output. This
may have the benefit of a better control in periodic
motions, such as road curvature, lane-keeping oscil-
lations, steering corrections, or vibrations. How the
components in the frequency domain are handled de-
pends on the implementation of the DFT in the cost

Stuttgart, 24-26 Sep 2025
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Figure 5: Bode diagrams of the signals in the vehicle drive evaluation.

function. The presented implementation, where spe-
cific frequency bands are prioritized, is only one type
of application. This can, for example, be used to fo-
cus on and match those frequencies that are most
important for the human perception. Similarly, cer-
tain frequency bands in the MPC output can be ac-
tively avoided, e.g., to adhere to system constraints.
This cannot be guaranteed when using an approach
in which these frequency ranges are filtered before-
hand in the reference signal, as a non-FDT MPC
could then still produce motion in these frequency
ranges. With FDT, these frequency bands can be
actively avoided, liberating workspace for other fre-
quency ranges, and providing a key benefit over filter-
based approaches.

As another type of FDT implementation, rather than
minimizing the differences for specific frequency
ranges, it is possible to optimize for providing consis-
tency among the whole frequency range. This would
then optimize for making the difference between ve-
hicle and simulator motion as similar as possible for
all discrete frequencies. These different implementa-
tions will require a different structure of the FDT in
the MPC cost function. It is also recommended to in-
vestigate which weighting functions of the matrix F
are best suited for these different applications, rather
than the trial-and-error approach that was used for
the simulations used in the present paper.

4.2. Limitations

While DFT can thus improve the frequency-domain
characteristics of the MPC output, there are also
drawbacks to the approach. First, one primary con-
cern is the discretization inherent in the DFT. Be-
cause the frequency resolution is determined by the
prediction horizon length, the controller can only pe-
nalize content at specific discrete frequencies. This
poses a challenge if undesirable content appears at
discrete frequencies between the frequencies of the
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DFT, which would not be effectively penalized. A pos-
sible solution would be to let the discrete frequen-
cies represent frequency “bins” (Kolff, et al., 2019), in
which a whole range of frequencies around the dis-
crete frequencies are included and evaluated in the
cost function.

A second limitation comes from the possible applica-
tion of the DFT method in real-time MPC. In time-
domain MPC techniques, the sample time At and
the prediction horizon H, are commonly based on
the available computational power. As both the sam-
ple time and the prediction horizon of the MPC de-
termine the frequencies of the DFT, obtaining the
DFT at specific frequencies restricts the values of
both the sample time and the prediction horizon. The
prediction horizon must for example be sufficiently
long to be able to estimate low enough frequencies.
The real-time performance of an MPC may also limit
the sample time At, and the prediction horizon H,,
which in return affect the frequencies of the DFT. A
restricted computational power may thus lead to in-
effective frequency-domain tracking. For these rea-
sons, the inclusion of frequency tracking in MPC may
only be recommended if there is a specific reason to
do so.

Third, the inclusion of the frequency-domain track-
ing inherently increases the computational effort to
solve the control problem. The transformation of the
frequency-domain cost into a real-valued quadratic
form, by splitting the frequency-domain terms into
real and imaginary parts, is a key step in making the
approach feasible. Nevertheless, this increases the
size of the H and f matrices, leading to an increase
in computational effort. For real-time control applica-
tions, this may limit the number of frequencies that
can be effectively included, requiring a careful selec-
tio? of the most relevant spectral components to pe-
nalize.
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4.3. Future Work

As a direction for future work, the frequency control
can be implemented on the input level as well. In the
current approach, the DFT MPC optimizes the inputs
in the time-domain (real inputs) to control the output
in the frequency-domain (complex values). Instead, it
is also possible to provide frequency-domain inputs
by allowing the input vector u to include imaginary
values as well, i.e., by making the inputs complex.
This may be especially useful if (part of) the refer-
ence signal is known to be periodic. A benefit of this
approach can be a reduced computational load, as
the MPC only needs to optimize for the most suitable
frequency-domain characteristics, rather than long
time series.

Another clear next step in future work is the eval-
uation of the motion by using human test drivers
to investigate whether the case with FDT is pre-
ferred. Furthermore, not only the perceptual fidelity
is of interest. Humans exhibit band-limited control,
meaning that they do not respond to all disturbances
equally across the frequency spectrum. Furthermore,
the ability of humans to adapt to situations is known
to depend on the frequency characteristics of the in-
and output signals (McRuer and Jex, 1967). Adding
frequency control in the cost function allows the
MPC to mirror these frequency-based characteris-
tics, which may thus be a crucial step to enhance
behavioral fidelity in MPC as well.

Investigating the control behavior would necessarily
imply testing the FDT method in real-time applica-
tions. Future work will need to investigate how the
prediction quality of the real-time simulation may af-
fect the frequency control. It is further possible that
different frequency components of the prediction may
be predicted with different certainties. For example,
engine vibrations are likely strongly linked to the road
type and type of engine.

5. Conclusion

This work introduces a frequency-domain cost func-
tion formulation for MPC that allows for control of
the simulator output motion in the frequency domain.
By penalizing selected frequency components us-
ing the DFT matrix method, the approach offers ex-
plicit control over the frequency contents of the sig-
nal, while remaining close to the standard MPC for-
mulation. The simulations results confirm that the
method can effectively suppress undesired frequen-
cies while maintaining accurate tracking, both for the
multisine reference as well as the realistic driving
use-case. Although future work is required to inves-
tigate the application in closed-loop driving simula-
tions with human participants, the presented meth-
ods provide a fundamental basis for frequency con-
trolin MPC, such as to optimize the motion for human
perception or to explicitly include the platform band-
width limitations in the optimization. Therefore, the
presented methodology provides a promising foun-
dation for frequency-based MPC, including applica-
tions in flight simulation and more general human-
centered control scenarios.
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