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Providing adequate simulator motion cues for simulated upset and stall scenarios remains
challenging. This paper evaluates the potential of novel optimization-based motion cueing
algorithms for upset and stall simulation. An offline analysis is performed to compare three
Model Predictive Control (MPC) algorithms with varying prediction horizon lengths and
prediction strategies (i.e., "Oracle", "Perfect", and "Constant") against two baseline classical
washout algorithm implementations from literature. The analysis is performed for a symmetric
stall scenario flown with TU Delft’s Cessna Citation II laboratory aircraft. Overall, the analysis
shows that the objective motion cueing quality expressed in terms of the Root Mean Square
Error (RMSE) improves by 29.8% (for specific forces) and 18.7% (for rotational velocities)
with the "Oracle" and "Perfect" MPC implementations compared to the reference classical
washout results. For the "Constant" MPC algorithm, which in fact does not include any explicit
prediction across the MPC algorithm’s future prediction window, only a marginal improvement
in motion quality was found. Overall, these results imply that, assuming a sufficient future
reference motion prediction can be achieved, optimization-based motion cueing algorithms have
the potential to provide significantly better motion cueing quality compared to classical motion
cueing algorithms.

Nomenclature

𝑓 = specific force, m/s2 w = weight vector, -
𝒇 = specific force vector, m/s2 𝑾 = weight matrix, -
𝑓𝑐 = continuous time function, - 𝒙 = simulator state, m and deg and m/s and deg/s
ℎ = height, m 𝒙𝑟 = simulator position substate, m and deg
𝐽 = cost function, - 𝒙𝑣 = simulator velocity substate, m/s and deg/s
𝐾𝑐𝑤 = motion filter gain, - 𝒚 = simulator inertial signal, m/s2 and deg/s and deg/s2

𝑞 = pitch rate, deg/s 𝒚̂ = reference inertial signal, m/s2 and deg/s and deg/s2

𝑞𝑖 = simulator’s 𝑖th actuator length, m 𝛼 = angle of attack, deg
𝒒 = simulator actuator length vector, m 𝜶 = angular acceleration vector, rad/s2

𝑡 = time, s 𝜁ℎ𝑝 = second-order high-pass motion filter damping, -
𝑡𝑠 = sampling time, s 𝜁𝑙 𝑝 = second-order low-pass motion filter damping, -
𝑇𝐻 = prediction horizon length, s 𝜔 = angular rate, rad/s or deg/s
𝑇𝑆 = scenario length, s 𝝎 = angular rate vector, rad/s or deg/s
𝒖 = simulator control input, m/s2 and deg/s 𝜔𝑏 = first-order high-pass motion filter frequency, rad/s
𝑉𝐼 𝐴𝑆 = indicated airspeed, m/s 𝜔ℎ𝑝 = second-order high-pass motion filter frequency, rad/s
w = weight, - 𝜔𝑙 𝑝 = second-order low-pass motion filter frequency, rad/s
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I. Introduction
Accidents that are caused by Loss of Control In-Flight (LOC-I) remain one of the largest contributors to worldwide

commercial aviation fatalities according to the International Air Transport Association [1]. LOC-I accidents include
situations in which the flight crew was unable to maintain control of the aircraft, leading to an unrecoverable deviation
from the intended flight path. Recommendations made in 2009 by the Royal Aeronautical Society’s International
Committee for Aviation Training in Extended Envelopes intended to decrease the number of LOC-I accidents were
adopted by the International Civil Aviation Organization [2, 3]. These resulted in the current Upset Prevention and
Recovery Training (UPRT) syllabus that is part of the pilot training curriculum, as formalized by the European Union
Aviation Safety Agency [4] and Federal Aviation Administration [5].

UPRT is partially performed in Flight Simulator Training Devices (FSTDs), which typically include a hexapod
motion system driven by some form of a classical washout (CW) motion cueing algorithm (MCA) [6]. However, the
current options in FSTDs are limited and special care should be taken to prevent negative training due to the simulator
exceeding its fidelity envelope [7]. One of the difficulties of UPRT in FSTDs is providing realistic motion cues in the
simulator [8]. The challenges of upset and stall motion cueing arise mainly due to the much larger amplitude and longer
duration aircraft cues compared to normal flight, potentially leading to larger and sustained specific forces and angular
rates needing to be presented. The first challenge is to leave sufficient motion space for other cues when sustained
specific forces are cued [9]. The second challenge is the minimization of false specific force cues when large-amplitude
angular motion is cued [9, 10]. The third and final challenge is to minimize the false cues that inevitably occur due to
high-frequency washout of a CW MCA [10]. Research intended to improve motion cueing for upset and stall simulation
[8–14] has so far not led to significant industry changes or moving away from the CW MCA.

A current trend in the automotive simulator research industry is the use of MCAs based on Model Predictive Control
(MPC) [15–22]. This type of ‘optimization-based’ MCA uses a reference motion to find the optimal simulator control
input for a certain horizon and set of constraints, i.e., an optimal control problem (OCP). To do this, every time step, a
reference motion prediction should be made by predicting the driver or pilot control input, or the specific forces and
angular motion directly. With this prediction, the OCP is solved by the algorithm, resulting in a control input trajectory
of equal length of the prediction horizon. In this way, the algorithm can anticipate future aircraft motions and better
utilize the available simulator motion space, thereby potentially enhancing motion cueing fidelity. However, this type of
MCA is not yet applied to flight simulation or upset and stall simulation in particular.

(a) Cessna Citation II laboratory aircraft (PH-LAB). (b) The SIMONA Research Simulator (SRS).

Fig. 1 TU Delft’s main research facilities considered in this paper.

This paper evaluates the potential and usefulness of optimization-based MCAs that implement MPC for use in
upset and stall simulation, with as its main objective to improve motion cueing fidelity. In this paper, this is done for
the example test case of replicating quasi-steady symmetric stall maneuvers flown with TU Delft’s Cessna Citation
II laboratory aircraft, see Fig. 1a in TU Delft’s SIMONA Research Simulator (SRS), see Fig. 1b. For this, an offline
MPC-based MCA is implemented, whose resulting simulator motion is compared to two reference CW MCAs in
an objective motion cueing fidelity analysis. Since this approach solves the MPC problem in an offline fashion, as
the total duration of the reference motion is known, the most optimal motion cueing improvements attainable with
optimization-based cueing are explored. Three versions of the MPC-based MCA are compared in the analysis: two
algorithms that assume perfect knowledge of the future reference motion for either the entire scenario (‘Oracle’) or
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across a limited 6-second prediction horizon (‘Perfect’), while the third assumes no changes in the future reference
(‘Constant’). The root mean square error (RMSE) and Pearson’s correlation coefficient (PCC) [19, 23, 24] are used as
objective motion cueing metrics for comparing the motion cueing performance of the different tested classical and
optimization-based motion cueing algorithms.

The structure of the paper is as follows. First, Section II introduces the stall scenario that is evaluated in this paper.
Section III presents the baseline CW and the different MPC-based motion cueing algorithms and their parametrization.
The offline analysis results are presented in Section IV and the work’s implications, main conclusions, limitations, and
next steps are discussed in Section V. The paper’s main conclusions are summarized in Section VI.

II. Upset Flight Test Data
The analysis presented in this paper focuses on one specific upset maneuver of a Cessna Citation II aircraft, which

will also be tested in an upcoming pilot-in-the-loop simulator experiment. The maneuver is based on real flight test data
obtained with TU Delft’s PH-LAB laboratory aircraft. This maneuver is a symmetric stall maneuver, as previously
considered in [25, 26], which only includes motion in the three symmetrical degrees-of-freedom (DOF); i.e., pitch,
vertical (heave) and horizontal-translational (surge). A selection of aircraft motion states across the stall scenario is
depicted in Fig. 2. For this study, the stall maneuver’s specific force time traces are filtered using a third-order low-pass
filter, applied through zero-phase digital filtering, see 𝑓𝑥, 𝑓 𝑖𝑙𝑡 and 𝑓𝑧, 𝑓 𝑖𝑙𝑡 in Fig. 2. The reasoning for implementing this
filtering is that the original high-frequency buffet components are structurally taxing on the motion system, necessitating
the use of input motion scaling affecting the motion in 𝑓𝑥 and 𝑓𝑧 . Moreover, the high-frequency buffet motion is usually
well represented by a CW MCA, and the low-frequency motion included in the stall is of more interest for assessing the
potential benefits of MPC-based MCAs in this study. The filtered load factor in this 15-second scenario is seen to range
between 0.4 g and 1.2 g and a maximum angle of attack of 16 deg is reached. Not shown in Fig. 2, the stall maneuver is
extended for 11 s at its beginning to position the simulator smoothly into the maneuver begin state. Similarly, after the
maneuver, 11 s are added to transition the simulator into its neutral state. In this paper, this scenario is used to compare
the pitch, surge, and heave motion obtained with the different tested MCAs.

III. Motion Cueing Algorithms

A. Classical Motion Cueing Algorithm
As a reference for the motion cueing quality obtained with optimization-based algorithms with different prediction

strategies, their results are compared to motion signals obtained with representative Classical Washout (CW) algorithms
previously used for similar maneuvers. In this paper, two different CW settings are considered:

• CW𝐼 : the CW parameters originally used by Imbrechts et al. [26]
• CW𝐺: the CW parameters originally used by Grant and Schroeder [27]
The CW parameter settings corresponding to CW𝐼 and CW𝐺 are listed in Table 1 and 2, respectively. For the

parameters used by Grant and Schroeder [27], the pitch and roll fidelity are close to high-fidelity and the translational
motion is low-fidelity according to the Sinacori-Schroeder motion fidelity criterion [28]. Compared to the parameters
used by Grant and Schroeder [27], the parameters used by Imbrechts et al. [26] (CW𝐼 ) result in higher fidelity for
translational motion and lower fidelity for the angular pitching motion.

Table 1 CW filter settings used by Im-
brechts et al. (CW𝐼 ) [26]

𝑥 𝑦 𝑧 𝑝 𝑞 𝑟

𝐾𝑐𝑤 0.5 - 0.5 - 0.5 -
𝜔ℎ𝑝 1.2 - 2.0 - 1.0 -
𝜁ℎ𝑝 0.7 - 0.7 - 0.5 -
𝜔𝑏 0.0 - 0.3 - 0.0 -
𝜔𝑙𝑝 2.4 -
𝜁𝑙𝑝 0.7 -

Table 2 CW filter settings used by Grant
and Schroeder (CW𝐺) [27].

𝑥 𝑦 𝑧 𝑝 𝑞 𝑟

𝐾𝑐𝑤 0.4 0.3 0.5 0.6 0.6 0.3
𝜔ℎ𝑝 2.0 2.0 4.0 0.0 0.0 0.7
𝜁ℎ𝑝 0.7 0.7 1.0 0.0 0.0 0.7
𝜔𝑏 0.0 0.0 0.5 0.6 0.5 0.0
𝜔𝑙𝑝 2.0 2.5
𝜁𝑙𝑝 0.7 0.7
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Fig. 2 Altitude, true airspeed, Angle of Attack, attitude, specific force in 𝑥 and 𝑧 direction, and the pitch rate for
the Citation stall scenario.

B. Optimization-based Motion Cueing Algorithm

1. Hexapod motion system definition
In this paper, we investigate MPC-based MCAs implemented for a hexapod motion system as depicted in Fig. 3.

The naming of a hexapod simulator or motion base comes from the six parallel ‘legs’, or actuators, that connect the
system’s fixed base platform and moving upper platform. The fixed locations of the platform’s lower joint locations are
typically defined with respect to the Lower Gimbal Point (LGP) and the 𝐹𝐼,𝐿𝐺𝑃 reference frame, see Eq. (1):

𝑩 = [𝒃1, 𝒃2, 𝒃3, 𝒃4, 𝒃5, 𝒃6]⊤ ∈ R18 (1)

The simulator’s upper moving platform is also connected to all six actuators with universal joints. The location of
these joints with respect to the Upper Gimbal Point (UGP) in the moving 𝐹𝐵,𝑈𝐺𝑃 reference frame is again fixed and
is defined by the vector in Eq. (2). The length of the actuators determines the position and attitude of the simulator
platform. The length of the actuators is described by the vector in Eq. (3).

𝑷 = [ 𝒑1, 𝒑2, 𝒑3, 𝒑4, 𝒑5, 𝒑6]⊤ ∈ R18 (2)

4

D
ow

nl
oa

de
d 

by
 N

at
io

na
l A

er
os

pa
ce

 L
ab

 o
n 

A
pr

il 
10

, 2
02

5 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
5-

09
78

 



𝒒 = [𝑞1, 𝑞2, 𝑞3, 𝑞4, 𝑞5, 𝑞6]⊤ ∈ R6 (3)

To determine the length of the actuators, a method called inverse kinematics is used [29]. This method derives the
actuator lengths from the position of the UGP with respect to the LGP (here defined as 𝒓), the orientation of the upper
platform with respect to the inertial reference frame (rotation matrix 𝑹𝐹𝐵,𝑈𝐺𝑃 ,𝐹𝐼,𝐿𝐺𝑃

), and the base gimbal and platform
gimbal positions (𝑩 and 𝑷, respectively). This relation is presented in Eq. (4), whole the individual actuator lengths are
given by Eq. (5). A potential benefit of MPC-based cueing is that workspace constraints (i.e., on actuator positions 𝒒,
velocities and accelerations) can be explicitly accounted for in calculating the optimal cueing solution. This implies that
an MPC-based MCA requires an explicit model of the motion system’s kinematics and constraints.

𝒒 = ∥𝒓 − 𝑩 + (𝑹𝐹𝐵,𝑈𝐺𝑃 ,𝐹𝐼,𝐿𝐺𝑃
𝑷⊤)⊤∥ (4)

𝑞𝑖 = ∥𝒓 − 𝒃𝒊 + 𝑹𝐹𝐺,𝑈𝐺𝑃 ,𝐹𝐼,𝐿𝐺𝑃 𝑝𝑖 ∥ (5)

q1q2

q3
q4

q5

q6

FI,LGP
x

y

z

FI,UGP
xy

z

FB,UGP
xy

z

Fig. 3 Schematic hexapod system.
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k + 4
i = 4

...

...
k + N
i = N

... k = K

TH TS

Past Future

Begin of horizon
Reference signal
Predicted output

Past output
Predicted control input
Past control input

Fig. 4 Schematic representation of the offline MPC algorithm.

2. MPC algorithm
The basic principle of MPC-based MCAs is that every cycle 𝑘 of the algorithm’s sampling clock, an optimal control

problem is solved to calculate an optimal motion system command to be applied in the current time interval [𝑡𝑘 , 𝑡𝑘+1].
This optimal control problem determines the this control input by minimizing an objective function that penalizes the
difference between the predicted future reference signal and the predicted future output of the system, see Fig. 4. Note
that the future reference signal is, especially for real-time MPC-based MCAs, often a prediction and may never be truly
equal to the real future reference signal, as it is dependent on environmental factors and human pilot inputs. The length
in time of the future window accounted for in the optimal control problem is called the prediction horizon 𝑇𝐻 . After
solving the optimal control problem of the current time interval 𝑘 , the resulting system state of the next time interval
𝑘 + 1 becomes the initial condition for the optimal control problem solved to obtained the motion command for the next
time interval [𝑡𝑘+1, 𝑡𝑘+2].

The software implementation of the MPC-based MCA used in this paper was developed using the open-source
Offline Motion Simulation Framework (OMSF) [30, 31]. This Python-based library is designed to optimize simulator
trajectories for a certain reference motion, hence, an optimal control framework. Furthermore, the software tool allows
for simulator design parameters optimization, however, the latter is not relevant to this study. To efficiently solve the
numerical optimization problems, the OMSF uses the direct collocation parametrization method [32] to transform
a continuous-time optimal control problem (OCP) into discrete time. The OMSF depends on the CasADi symbolic
numeric optimization software framework [33] in combination with the Ipopt non-linear optimization software [34].
Moreover, the Ipopt-compatible Harwell Subroutine Library high-speed solvers [35] were used in this study.
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3. Cost function
The cost function that is used to optimize the optimal control problem can be divided into two parts and is similar to

the cost function used by Katliar et al. [30]. The first part is the inertial signal incongruence cost for the specific forces
𝑓 , rotational rates 𝜔, and rotational accelerations 𝛼. It penalizes the squared difference between the reference inertial
signal 𝑦̂ and the output inertial signal produced by the simulator 𝑦. This incongruence cost can be defined by Eq. (6).
The inertial signal weight matrix is defined by𝑊𝑦 , as found in Eq. (7).

𝐽𝑖𝑛𝑐 (𝑦, 𝑦̂) = | |𝑦 − 𝑦̂ | |2𝑊𝑦
(6)

𝑊𝑦 = 19×9 · [w 𝑓 ,w𝜔 ,w𝛼]⊤ (7)

The second part of the cost function is the simulator cost and penalizes the simulator state and control input. This
ensures washout to the neutral position of the simulator and minimum required control input to reach a certain state.
The simulator cost can be defined by Eq. (8). The state and control input weight matrices are defined by𝑊𝑥 and𝑊𝑢, as
found in Eq. (9) and Eq. (10), respectively.

𝐽𝑠𝑖𝑚 (𝑢, 𝑥) = | |𝑥 | |2𝑊𝑥
+ ||𝑢 | |2𝑊𝑢

(8)

𝑊𝑥 = 112×12 · w𝑥 (9)

𝑊𝑢 = 16×6 · w𝑢 (10)

The total optimized cost is defined by the sum of the incongruence cost and the simulator cost, resulting in the
expression seen in Eq. (11).

𝐽𝑡𝑜𝑡𝑎𝑙 (𝑦, 𝑦̂, 𝑢, 𝑥) = 𝐽𝑖𝑛𝑐 (𝑦, 𝑦̂) + 𝐽𝑠𝑖𝑚 (𝑢, 𝑥) (11)

4. Tested prediction types
In this paper, three offline MPC algorithm variants are tested, varying in the extent to which they can use future

motion cue signals in their optimization. In this paper, we use the symbol 𝑇𝐻 to refer to the MPC’s prediction horizon
length, while 𝑇𝑆 indicates the total scenario length, see also Fig. 4. The three tested prediction types are referred to as
the “Oracle”, the “Perfect”, and the “Constant” algorithms:

• The “Oracle” (ORC) has full knowledge of the entire reference signal from the flight test data, and employs a
prediction horizon length equal to the entire motion scenario. This results in a single MPC iteration, where 𝑇𝐻
equals 𝑇𝑆 , hence a single OCP. This, in combination with the perfect knowledge of the reference signal, will
result in the best obtainable control trajectory for a given motion scenario and the chosen set of parameters and
weights. Note that this algorithm is not feasible in an interactive, real-time situation, since perfect knowledge of
the reference signal for the entire motion scenario is generally not available.

• The “Perfect” (PFT) assumes perfect knowledge of the reference signal for the entire prediction horizon, 𝑇𝐻 ,
where 𝑇𝐻 is shorter than the scenario duration. This will result in the best obtainable control trajectory obtained
through MPC for a certain horizon length. This prediction strategy is not feasible in an interactive simulation,
since it will never be possible to perfectly predict the future reference signal for the entire prediction horizon.

• The “Constant” (CST) assumes knowledge of the reference signal for the current time interval only. The remainder
of the horizon is then completed with a constant reference signal that is equal to that in the current time interval.
Contrary to the first two variants, this prediction strategy is feasible in an interactive setting [23], since it will only
require knowledge of the reference signal for the current time interval.

5. MPC parameter settings
MPC problems are well-known to have a large number of parameter settings that require tuning and can greatly

influence the algorithm’s optimal solution. For the evaluation of the three MPC-based MCAs in this paper, these
parameter settings were based on prior work (i.e., literature) and knowledge of the SRS’s motion system characteristics
where possible. A formal optimization of the MPC parameters is considered important future work. The total list of
parameters used in this paper is listed in Table 3.
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Table 3 MPC-based MCA parameter settings.

Setting (and applicable algorithm) Parameter Value

Prediction horizon settings Δ𝑡𝑖 0.05 s
(“Perfect”, “Constant”) 𝑁 200

Weight settings (“Oracle”,
𝑊𝑦 19×9 · [1, 1, 1, 10, 10, 10, 1, 1, 1]⊤

“Perfect”, “Constant”)
𝑊𝑥 112×12 · 0.01
𝑊𝑢 16×6 · 0.01

Simulator state constraints 𝑥 [𝑥𝑟 , 𝑥𝑣 ]⊤

(“Oracle”, “Perfect”, “Constant”) 𝑥 [𝑥𝑟 , 𝑥𝑣 ]⊤

Initial state constraints
𝑥𝑟,0 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤

(“Oracle”, “Perfect”, “Constant”)
𝑥𝑟,0 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤

𝑥𝑣,0 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

𝑥𝑣,0 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

Final state constraints
𝑥𝑟,𝑇 [−0.981 m, −1.031 m, −0.636 m, −25.9𝜋

180 rad, −23.7𝜋
180 rad, −41.6𝜋

180 rad]⊤

(“Oracle”, “Perfect”, “Constant”)
𝑥𝑟,𝑇 [1.259 m, 1.031 m, 0.678 m, 25.9𝜋

180 rad, 24.3𝜋
180 rad, 41.6𝜋

180 rad]⊤

𝑥𝑣,𝑇 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

𝑥𝑣,𝑇 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

𝑥𝑟 [−0.981 m, −1.031 m, −0.636 m, −25.9𝜋
180 rad, −23.7𝜋

180 rad, −41.6𝜋
180 rad]⊤

𝑥𝑟 [1.259 m, 1.031 m, 0.678 m, 25.9𝜋
180 rad, 24.3𝜋

180 rad, 41.6𝜋
180 rad]⊤

𝑥𝑣 [−1000 m, −1000 m, −1000 m, −1000 rad, −1000 rad, −1000 rad]⊤𝑠−1

State, control input and actuator
𝑥𝑣 [1000 m, 1000 m, 1000 m, 1000 rad, 1000 rad, 1000 rad]⊤𝑠−1

constraints (“Oracle”, “Perfect”,
𝑢 [−10 m, −10 m, −10 m, −2 rad, −2 rad, −2 rad]⊤𝑠−2

“Constant”)
𝑢 [10 m, 10 m, 10 m, 2 rad, 2 rad, 2 rad]⊤𝑠−2

𝑞 [2.131, 2.131, 2.131, 2.131, 2.131, 2.131]⊤𝑚
𝑞 [3.281, 3.281, 3.281, 3.281, 3.281, 3.281]⊤𝑚
¤𝑞 [−0.75, −0.75, −0.75, −0.75, −0.75, −0.75]⊤𝑚𝑠−1

¤𝑞 [0.75, 0.75, 0.75, 0.75, 0.75, 0.75]⊤𝑚𝑠−1

Interval final state constraints
x𝑟,𝑘,𝑁 [−0.981 m, −1.031 m, −0.636 m, −25.9𝜋

180 rad, −23.7𝜋
180 rad, −41.6𝜋

180 rad]⊤

(“Perfect”, “Constant”)
x𝑟,𝑘,𝑁 [1.259 m, 1.031 m, 0.678 m, 25.9𝜋

180 rad, 24.3𝜋
180 rad, 41.6𝜋

180 rad]⊤

x𝑣,𝑘,𝑁 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

x𝑣,𝑘,𝑁 [0 m, 0 m, 0 m, 0 rad, 0 rad, 0 rad]⊤𝑠−1

The MPC prediction horizon was implemented with a time step of 0.05 and a maximum number of 200 samples
(i.e., 10 s) for the "Perfect" and "Constant" algorithms. The weights used for the different MPC cost function terms were
based on literature [19, 20, 31]. The used state, control input and actuator constraints are directly derived from the
SRS’s motion system characteristics. Constraints that are not relevant to the current implementation for the SRS motion
system, as the solution will not be limited by its design, are set to non-limiting values (e.g., 1000 rad).

C. Evaluation Metrics
In this paper, we focus on evaluating the motion cueing quality attained by the different tested algorithms from an

objective perspective, i.e., by quantitatively comparing the simulator output inertial signal as a result of the simulator
movement with respect to the reference aircraft signals. For this, we use two objective metrics – the root mean square
error (RMSE) and Pearson’s correlation coefficient (PCC) – that were are also used for comparing motion signals in
previous work [19, 23, 24, 36]. The RMSE is a measure to indicate the magnitude difference between two signals and is
depicted in Eq. (12). Due to the squared difference in this relation, large differences between two signals have relatively
more effect on the RMSE than small differences.

RMSE =

√︄∑𝑁
𝑘=1 ( 𝑦̂𝑘 − 𝑦𝑘)

2

𝑁
(12)

To identify the resemblance of two signals, meaning the shape similarity of signals, the PCC is used, as seen in
Eq. (13). For this measure, only the difference in the shape of the two signals that are compared has an influence on the

7

D
ow

nl
oa

de
d 

by
 N

at
io

na
l A

er
os

pa
ce

 L
ab

 o
n 

A
pr

il 
10

, 2
02

5 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
5-

09
78

 



value. The amplitude difference, in contrary to the RMSE, is not penalized. Therefore, the PCC is a good measure
to indicate smaller shape differences that are not properly reflected by the RMSE. Studies that also use the PCC to
objectively evaluate motion cueing can be found in [19, 24].

PCC =
1

𝑁 − 1

𝑁∑︁
𝑘=1

(
𝑦̂𝑘 − 𝜇 𝑦̂
𝜎𝑦̂

) (
𝑦𝑘 − 𝜇𝑦
𝜎𝑦

)
(13)

IV. Results

A. Motion Reproduction
The influence of the prediction strategy applied for the optimization-based algorithm is analyzed by comparing the

"Oracle", the "Perfect" and the "Constant" baseline conditions with the two CW settings defined in Section III.A. In
Fig. 5, the RMSE and PCC are shown for the various conditions. In this figure, it can be seen that the "Oracle" and
"Perfect" baseline conditions result in very similar objective motion cueing quality. Furthermore, these conditions
outperform all other conditions except for the pitch rate PCC, where the two CW conditions are marginally better. For
the "Oracle" and "Perfect" MPC MCAs, the RMSE values for the specific forces and rotational velocities are, however,
found to be 29.8% and 18.7% lower than for the CW algorithms. Looking at Fig. 6, which shows the 𝑓𝑥 , 𝑓𝑧 and 𝑞 time
traces for all MCAs compared to the reference aircraft data, these results can be visibly validated. For 𝑓𝑥 the "Oracle"
and "Perfect" conditions are closer to the reference signal due to increased pitch up tilt of the simulator. Additionally, in
𝑓𝑧 , the shape of the "Oracle" and "Perfect" output signal is more similar to the reference and shows larger amplitudes.
Finally, the pitch rate signal shape of the "Oracle" and "Perfect" conditions is particularly different from the reference
around 𝑡 = 20 s and during the final 20 seconds of the scenario. This explain the higher (better) PCC value for the
angular rates of the two CW references. However, less phase shift is present in the pitch rate for the "Perfect" condition
compared to the CW references, as for example seen at 𝑡 = 22 s in Fig. 6.

For the "Constant" condition, Fig. 5 shows that only the RMSE of the specific forces is better than the CW references
and it is slightly worse than the "Oracle" and "Perfect" conditions. The "Constant" RMSE for the angular rates and the
PCC for the specific forces and angular rates are the worst of all tested MCAs. This can be validated by inspecting
Fig. 6, which shows that the reasonable RMSE for the specific forces is due to the good pitch tilt coordination resulting
in a decent 𝑓𝑥 . However, the shape and amplitude of the "Constant" 𝑓𝑧 signal are very bad since there is almost no
motion, resulting in a low PCC value for the "Constant" specific forces. Finally, for the angular rates, more delay (at
𝑡 = 13 s) and false cues (at 𝑡 = 22 s) can be identified, resulting in the low RMSE and PCC values for the angular rates.

B. Motion Workspace Utilization
A crucial benefit of MPC-based MCAs over the CW is that MPC enables optimized maximum used of the available

simulator workspace at any given moment during a simulated scenario. For a CW, the scaling and filtering applied
to the complete scenario’s data is always tuned to ensure the singular worst-case instance of vehicle motion that
occurs somewhere in the scenario does not cause workspace excursions. To directly compare the simulator workspace
utilization between the different CW and MPC MCAs analyzed in this paper, Fig. 7 shows the envelopes of actuator
displacement as a function of scenario simulation time. The range of values captured by the presented envelopes show
the maximum and minimum extensions across all six hexapod actuators. Overall, Fig. 7 shows that for all three MPC
MCAs the maximum actuator displacement constraints – indicated with the horizontal black dashed lines – are respected
at all times, but that the optimization truly makes use of the full available workspace; at multiple moments during the
simulated stall scenario are the maximum allowed actuator displacements (almost) reached. This is a stark contrast with
the workspace utilization by the CW𝐼 and CW𝐺 MCAs, which show much reduced actuator displacements, except
around 𝑡 = 26 s where the stall recovery is performed.

Consistent with Fig. 6, Fig. 7 further shows highly similar workspace utilization and simulator movement for the
"Oracle" and "Perfect" MPC algorithms, which only differ at the recovery initiation. The solution obtained from the
"Constant" MPC algorithm is seen to result in very different utilization of the workspace; this shows the direct sensitivity
of MPC-based MCA results with respect to the quality of their internal prediction over 𝑇𝐻 .
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Fig. 5 RMSE and PCC for the inertial signal specific forces and angular rates as a result of different prediction
strategies. For the RMSE, the sum of the three RMSE values of the specific forces and of the angular rates are

presented. For the PCC, the average of the three PCC values is presented.
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Fig. 6 Reference inertial signal and the output inertial signal for the "Oracle", the "Perfect", the "Constant"
and the two CW conditions.
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Fig. 7 Used actuator space for the "Oracle", the "Perfect", the "Constant" and the two CW conditions.

C. MPC Optimization Analysis
To provide more insight into how MPC-based MCAs obtain an optimal motion cueing outcome at every simulation

time step using their cost function as defined by Eq. (11), Fig. 8 shows an explicit break down of the MPC’s cost function
for the "Oracle" MCA’s final result. The top figure in Fig. 8 shows the different contributions to the ‘incongruence cost’
defined in Eq. (6). The second and third figures show the two components of the ‘simulator cost’ defined in Eq. (8), i.e.,
corresponding to state deviations (𝑥) and the provided control inputs (𝑢), respectively. Finally, the bottom figure in
Fig. 8 shows the final result of Eq. (11), i.e., the total MPC cost attained throughout the scenario.

Overall, Fig. 8 shows that the total MPC cost increases throughout the simulated stall scenario, reaching its peak at
the moment when the stall recovery is initiated. This is expected, as especially the required vertical (heave) motion
amplitude increases during this scenario and can only be replicated on the SRS’s motion system with limited success.
Due to this, the total overall internal quality of the solution calculated by the MPC (𝐽𝑡𝑜𝑡𝑎𝑙) increases. Furthermore,
Fig. 8 also shows that the main contributor to the total MPC cost for this scenario is indeed the incongruence cost for
replication of 𝑓𝑧 (top figure, green time trace). The other cost terms are seen to all be orders of magnitude smaller
throughout the scenario. Naturally, a different tuning of the MPC weights would enable placing more emphasis on other
cost function terms, which would increase the magnitude of their contribution compared to the results shown in Fig. 8.

D. MPC Prediction Horizon Sensitivity
The influence of the prediction horizon length is studied by comparing horizon length ranging from 0.5 s to 10

s and comparing the RMSE and PCC with the "Oracle" condition. This can be seen in Fig. 9. From this figure, it
can be concluded that increasing the horizon length over 6 s has very little influence on the RMSE and PCC values.
Furthermore, the angular rates’ RMSE and PCC for the "Constant" condition, get worse with an increasing horizon
length. For the "Perfect" condition, the angular rates’ RMSE and PCC are also best for a horizon of 0.5 s, slightly worse
for a horizon of 1 to 5 seconds and finally, close to the "Oracle" condition for a horizon of 6 to 10 seconds.

V. Discussion
This paper focused on the offline comparison of two different Classical Washout (CW) and three different Model

Predictive Control (MPC) motion cueing algorithms (MCAs) for a symmetric stall scenario. Objective metrics for the
degree of motion reproduction and the utilization of the available workspace – as also considered in MPC MCA cost
functions – were considered for this comparison. The three different MPC implementations – "Oracle", "Perfect", and
"Constant" – varied in the ‘quality’ of their knowledge of the future vehicle motion and their MPC prediction horizon
implementation. Furthermore, an explicit analysis was included to verify the effect of choosing a certain MPC horizon
length for the "Perfect" and "Constant" algorithms.

The analysis in this paper showed very similar results for the "Oracle" and "Perfect" MPC implementations, especially
with a horizon length larger than 5 s for "Perfect", see Figure 5 and Figure 6. Both algorithms use perfect knowledge of
the reference vehicle motion, but the "Perfect" MPC does so over a limited horizon. The similarity in result for both
cases indicates that for the current scenario, the maximum tested horizon length of 10 s for "Perfect" is clearly sufficient
for enabling the MPC to fully utilize the available motion space for onset cues and possible pre-positioning. The reason
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11

D
ow

nl
oa

de
d 

by
 N

at
io

na
l A

er
os

pa
ce

 L
ab

 o
n 

A
pr

il 
10

, 2
02

5 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
5-

09
78

 



1.5

2.0
R

M
SE

(
f)

,m
/s

2

Oracle Perfect Constant

0.02

0.04

R
M

SE
(ω

),
de

g/
s

0.25

0.50

0.75

PC
C

(
f)

,−

2 4 6 8 10
horizon length, s

0.6

0.8

PC
C

(ω
),
−

Fig. 9 RMSE and PCC for different prediction horizon lengths, for the "Perfect" and "Constant" conditions.

why increasing the prediction horizon length over 5 s has little influence (see Figure 9) is that for the chosen scenario the
reference inertial signals do not contain motion cues that need longer simulator pre-positioning. The size of the motion
system, meaning the available actuator range, and the actuator velocity limit further contribute to this. A larger motion
system with higher actuator velocity limits could possibly benefit from longer knowledge of the reference signal because
it can simply reproduce more of the reference signal.

For reference, the "Constant" MPC algorithm, which assumes the same aircraft rotational accelerations and specific
forces across the complete prediction horizon, was also included in the comparison made in this paper. This assumption
is seen to directly cause a lack of any pre-positioning action (as observed for "Oracle" and "Perfect") for the "Constant"
MPC. Furthermore, it is found that this "Constant" MPC reproduces almost no motion in heave (see 𝑓𝑧 in Figure 6).
This is explained by the (required) implementation of a terminal constraint, which forces the simulator state velocities
and angular rates to be zero at the end of the prediction horizon. The "Constant" MPC mostly optimizes for a match of
𝑓𝑥 , also by making use of considerable pitch tilt rates, see 𝜔𝑦 at 𝑡 = 22 s in Figure 6. Alleviating the terminal constraint
likely would improve, but not fully remove, these drawbacks for the "Constant" MPC algorithm.

For the considered symmetric stall scenario, all three MPC algorithms show larger pitch rates, and hence more tilt
coordination, than the two reference CW MCAs. The reason why more pitch tilt coordination is present for the "Oracle",
"Perfect" and "Constant" algorithms can be explained by the considered CW forward specific force gain, 𝐾 𝑓𝑥 . This gain
is set to 0.5 and 0.4 for the CW𝐼 and CW𝐺 conditions, respectively, meaning that at most the CW CWAs will try to
replicate the 𝑓𝑥 signal for more than 60% of the original vehicle’s inertial signal magnitude. This uniform scaling of
specific forces directly at the input is not performed for all MPC MCAs.

This paper presented a comparison of the motion cueing quality for three different MPC algorithms that all used the
same parameter (MPC weight) settings. A more precise sensitivity analysis of all weight parameters would be expected
to result in a different MPC cost breakdown as visualized in Fig. 8 and a further (minor) improvement of the presented
MPC results. Due to the large number of (correlated) weight parameters that need to be set, developing objective MPC
parameter tuning methodologies that can for example be applied to optimize MPC motion cueing for different scenarios,
is a crucial next step for MPC motion cueing algorithm research.

Overall, for the considered symmetric stall scenario, a consistent improvement in motion cueing accuracy of 29.8%
and 18.7% for RMSE( 𝑓 ) and RMSE(𝜔), respectively, was observed in our analysis. To also achieve this improved
cueing quality with an online MPC, an accurate prediction of the future vehicle motion along a prediction horizon
between 5-10 s would be needed. Furthermore, the influence of making the prediction horizon non-uniform in terms
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of its time resolution should be investigated. This may result in a less computationally heavy MPC problem, that is
more readily implemented in practice. Furthermore, the extent to which this clear difference in objective motion cueing
quality between MPC and CW MCAs also translates to a noticeable difference for pilots needs to be verified with a
pilot-in-the-loop evaluation. This is the crucial next step we aim to pursue in support of the further development of
optimization-based MCAs for UPRT simulation.

VI. Conclusions
This paper investigates the potential of optimization-based motion cueing algorithms for simulating aircraft upset

and stall maneuvers in moving-based flight simulators. In preparation for an upcoming pilot-in-the-loop evaluation in
TU Delft’s SIMONA Research Simulator of this novel approach to simulator motion cueing, this paper presents an
offline simulation analysis to compare motion cueing performance between optimization-based algorithms with different
prediction implementations and two classical washout algorithm settings from previous experiments. For this analysis,
objective metrics – i.e., the root mean square error (RMSE) and Pearson’s correlation coefficient (PCC) – are used to
compare the match between simulator motion signals and vehicle data for a simulated stall maneuver. The results show
that especially the "Oracle" or the "Perfect" optimization-based algorithms – which both assume perfect knowledge of
the future vehicle motion along the prediction horizon – show improved tracking of both the vehicle specific forces
and rotational rates (29.8% and 18.7% lower RMSE, respectively) compared to the classical filter-based algorithms.
Furthermore, for algorithms with a finite prediction horizon (i.e., "Perfect" and "Constant"), the horizon length should
be chosen between 6 and 10 seconds, as this range is computationally feasible and does not limit motion cueing fidelity.
Overall, the presented results indicate that optimization-based algorithms have the potential to achieve significantly
better motion quality compared to filter-based algorithms if reference motion is predicted at a sufficient level.
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