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Reliability and Models of Subjective Motion
Incongruence Ratings in Urban Driving Simulations

Maurice Kolff , Joost Venrooij , Markus Schwienbacher, Daan M. Pool , Member, IEEE,
and Max Mulder , Senior Member, IEEE

Abstract—In moving-base driving simulators, the sensation of
the inertial car motion provided by the motion system is controlled
by the motion cueing algorithm (MCA). Due to the difficulty of
reproducing the inertial motion in urban simulations, accurate
prediction tools for subjective evaluation of the simulator’s inertial
motion are required. In this article, an open-loop driving experi-
ment in an urban scenario is discussed, in which 60 participants
evaluated the motion cueing through an overall rating and a con-
tinuous rating method. Three MCAs were tested that represent
different levels of motion cueing quality. It is investigated under
which conditions the continuous rating method provides reliable
data in urban scenarios through the estimation of Cronbach’s alpha
and McDonald’s omega. Results show that the better the motion
cueing is rated, the lower the reliability of that rating data is, and
the less the continuous rating and overall rating correlate. This
suggests that subjective ratings for motion quality are dominated
by (moments of) incongruent motion, while congruent motion is less
important. Furthermore, through a forward regression approach,
it is shown that participants’ rating behavior can be described by
a first-order low-pass filtered response to the lateral specific force
mismatch (66.0%), as well as a similar response to the longitudinal
specific force mismatch (34.0%). By this better understanding of
the acquired ratings in urban driving simulations, including their
reliability and predictability, incongruences can be more accurately
targeted and reduced.

Index Terms—Driving simulators, measurement reliability,
motion cueing, subjective ratings, urban driving.

I. INTRODUCTION

URBAN driving is an important use-case in driving simu-
lation due to its high importance in vehicle development.

Especially for the design of autonomous vehicles, driving in
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urban environments proves to be one of the most challenging
use-cases. Interactions with the surroundings have a higher level
of complexity [1] and the likelihood of motion sickness due
to the vehicle movements increases [2], [3], [4] compared to
other scenarios. Driving simulators offer a unique ability to
support the development of vehicle technologies by creating safe
and repeatable test conditions [5]. Many driving simulators are
equipped with a motion system to recreate the inertial motion
of the simulated vehicle as closely as possible through the
reproduction of its specific forces and rotational rates. This
conversion is performed by the motion cueing algorithm (MCA).
Especially for urban driving, with its characteristic sharp curves,
roundabouts, and lane changes (strong lateral motion) and fre-
quent decelerations/accelerations (strong longitudinal motion)
[6], the workspace-constrained motion system can often not
(fully) reproduce the reference motion [7], such that mismatches
occur. Not all mismatches are necessarily problematic, however,
since some can go unnoticed by the driver [8]. Only when a
driver notices a deviation between their expectation of the real
vehicle motion and what they actually perceive can the simulator
motion be considered incongruent [9]. In an urban simulation,
the presence of incongruences combined with the strong visual
stimuli can induce relatively high simulator sickness levels [10].
Understanding which mismatches lead to incongruences is there-
fore paramount for improving these simulations.

Evaluating the (in)congruence of motion is most commonly
based on subjective evaluations obtained from drivers. Such
subjective ratings provide a direct measurement of the perceived
quality of the presented motion cueing. Thus, they are crucial
when design choices in motion cueing have to be made for
(upcoming) driving simulator experiments, such as selecting a
simulator, motion cueing algorithm, and/or MCA parameters.
Several different subjective rating methods exist. For example,
it is possible to extract an overall rating that summarizes a single
maneuver [9] or a whole drive [11], [12]. A problem with these
subjective rating methods is that they can only be obtained when
the motion cueing is tested by human test drivers. In practice, it
is not realistic to obtain statistically relevant rating data for all
possible variations of motion cueings. Furthermore, some novel
MCAs in development might not even be testable in a simulator
yet. Only with an understanding of the relative importance of
the various mismatch channels can attempts to improve the
motion cueing be performed with a focus on the most criti-
cal mismatches. Thus, predicting subjective ratings would be
a crucial development, which requires predictive models on
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the expected subjective rating data. However, the subjective
rating methods that are generally applied in simulator driving
experiments (e.g., maneuver-based and overall ratings) are often
not of sufficiently high resolution that they can be used for
extracting predictive models. Cleij et al. [9] therefore introduced
a continuous rating method: while being driven around, drivers
continuously give a rating that aims to reflect their impression
at each point in time. The method has since been used in [13]
(same scenario as [9]), [14], [15], [16] (rural scenarios), [17]
(rural-urban scenario), and [18] (used for predictive modeling).
These continuous ratings, with their high temporal resolution,
do allow for modeling how objective motion mismatches relate
to perceived motion incongruences. Thus, they are the missing
link in predicting motion cueing quality for driving simulator
experiments.

Cleij et al. [9] showed that for a scenario with three basic ma-
neuvers (braking/acceleration, cornering, and these combined),
participants are generally able to successfully perform the con-
tinuous rating task and provide useful data. The latter was inves-
tigated by estimating the reliability of the data through the esti-
mation of Cronbach’s alpha, although the relationship between
the (in)congruence of the motion and the associated reliability
has not yet been investigated. Furthermore, Cleij et al.[9] showed
that the worst-rated segment of the maneuver correlates most
with the overall rating of that maneuver. This gives rise to the
hypothesis that incongruent motion generally shapes the overall
impression of drivers more than congruent motion. Whether
this holds for longer drives (containing multiple maneuvers),
where the worst-rated maneuver would also correlate most to the
overall rating of this complete drive, is unknown, as the overall
ratings could be biased through short-term memory effects, such
as the serial position effect [19] or the peak-and-end-rule [20].
Finally, Cleij et al.[9] showed that their continuous rating data
can be described by a moving average filter of weighted lateral
and vertical specific force, as well as roll and yaw rotational rate
mismatches terms. However, Ellensohn et al. [21] showed that
such moving average dynamics are not sufficient to predict the
ratings in a more complex and longer rural scenario. It is, thus,
unknown what model structure should be used for realistic urban
scenarios, and what relative weightings best describe the data,
as this could be different for each scenario. Due to the strong
longitudinal motions in urban driving, it can be hypothesized
that these motions strongly affect the ratings, in contrast to the
findings of Cleij et al. [9].

This article presents four contributions. First, it investigates
whether the continuous rating method of [9] yields useful re-
sults for a realistic urban driving scenario. Second, it examines
whether a general relation exists between the maximum of the
continuous ratings in each maneuver and the overall ratings for a
long and realistic urban scenario, in contrast to the short scenario
described in [9]. Third, the relation between the ratings and their
reliability is investigated through the estimation of Cronbach’s
alpha and McDonald’s omega. The latter has shown to provide
better estimates of reliability, as Cronbach’s alpha is known
to underestimate reliability [22]. Fourth, a predictive model is
developed, which was fit on the mismatch signals; these signals
are selected based on their contribution to the fit.

Fig. 1. Block diagram of the rating process. PMI = perceived motion incon-
gruence, MIR = motion incongruence rating. In the present experiment, the
latter is extracted using a continuous rating R(t) and an overall rating ORPH.

To support these contributions, this article uses data from
a driving simulator experiment in a realistic urban scenario
with 60 participants, in which both continuous and overall
ratings were recorded [23]. Three MCA settings were tested:
1) a classical washout algorithm without tilt-coordination, with
large mismatches in the longitudinal and lateral specific forces,
expected to provide low motion cueing quality; 2) the same
algorithm with tilt-coordination, with smaller specific force mis-
matches (medium quality); 3) an optimization-based algorithm
with perfect prediction capabilities, best able to reproduce the
specific forces on a simulator (highest quality). This wide range
of motion cueing settings allows for a better understanding of the
impact of (in)congruent motion on reliability and predictability.

The rest of this article is organized as follows. Section II
introduces the rating task, reliability estimates, and the mod-
eling method. The experiment setup is explained in Section III.
Results are presented in Section IV, followed by a discussion in
Section V. Finally, Section VI concludes this article.

II. METHODS

A. Rating Task

In the experiment, participants were driven around passively
(referred to as “open-loop”), rather than driving themselves.
Their task was to evaluate how well the perceived inertial motion
in the simulator matched to what they would expect to feel from
the simulated vehicle, i.e., their perceived motion incongruence
(PMI) [24]. A block diagram of the human rating process in such
tasks is shown in Fig. 1. As participants do not know exactly
what the vehicle would feel like in a particular situation, they
must form an internal representation [25] of the expected motion
based on nonmotion cues (such as the visuals) of the simulation.
This internal representation can be affected by the participant’s
level of experience with the task (driving) and with the vehicle
that is simulated. While the simulator motion is identical for all
test drivers, the expected motion signal can thus be different for
each participant. The simulator motion is perceived through the
human vestibular and proprioceptive systems, indicated as “sen-
sory system.” The internal representation and sensory system
combined are indicated in [9] as the “perceptual system (PS)”.
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The PMI defines a participant’s impression of what is
(in)congruent, and would be the most useful quantity to measure.
It is, however, internal to the human and not directly measur-
able. Instead, Cleij et al. [9] proposed to measure a subjective
motion incongruence rating (MIR) that represents the PMI. The
response system (RS) between the PMI and MIR can include
the rating strategy, which can vary between drivers, as well as
any dynamics of the rating interface. In the case of continuous
ratings, the MIR is typically given through a rotary knob that can
be adjusted at any time, resulting in a time signal R(t). After
each run, an overall rating representing the overall impression
is given verbally, yielding a single rating measurement ORPH.
The subscript PH denotes posthoc, as the rating is taken after
the completion of the drive. For both methods, the MIR varies
between 0 and 10, in steps of 1, where 0 indicates “fully congru-
ent motion” and 10 indicates “highly incongruent motion” [14],
[15], [16], [17]. Based on earlier experience with participants,
it is expected that, especially for the continuous ratings, the RS
can be affected by a number of rating strategy effects.

1) Task motivation describes the willingness to focus (on the
motion) and actively perform the (rating) task [26], [27].

2) Cueing reference refers to what values drivers apply for the
given incongruences, which depends on which PMI-level
they associate with the maximum (10) MIR score. In [9],
participants were shown the full range of the incongru-
ences before the experiment. In the present experiment,
they were presented with a false cue in the training sessions
to anchor to the highest MIR (10).

3) Anticipation can occur when incongruences of upcoming
maneuvers are expected based on previous drives or from
recognizing that a certain MCA setting is active.

4) Task understanding of the participant that only the PMI is
to be evaluated, and no other motion-related phenomena
(e.g., visual motion, engine sound, or vibrations).

B. Reliability

Recordings of continuous ratings over various conditions
yield a collection of rating time signals Rcjp(t), with c the
condition, j the condition repetition and p the participant. If
along one of these elements the average is taken, this element is
taken out of the subscript, such that, for example,R(t) represents
the rating of the average participant across all repetitions in a
given condition.

In the experiment described in the current article, each run
lasted 255 s, with continuous rating data being recorded at
100 Hz (Δt = 10 ms); each recording Rcjp contains N =
25, 500 samples. In psychometric theory, the total score is the
sum of the run itemsXcjp =

∑
t Rcjp(t), whereσ2

Xcp
is the vari-

ance of total scores over multiple repetitions. Theoretically, if
an infinite number of identical and independent repetitions were
performed by a participant, the average of all total scores would
result in the true score, i.e., the expected value of the rating:
Tcp = E[Xcjp]. Each separate test result is bound to end up with
a random, stochastic measurement error Ecjp = Xcjp − Tcp.
Reliability is defined by how much of the test score variance
can be explained by the true score variance [22]. As the true

Fig. 2. Proposed human rating model structure in open-loop driving. The
rectangle layers represent the various mismatch channels present in the model.

score cannot be determined, only estimations of a lower bound
of reliability can be made. Here, the most common method (for
continuous ratings [9], [17], [21]) is by determining Cronbach’s
alpha, which represents a reliability value for each participant
p [28]

αcp =
J

J − 1

∑
j σ

2
cjp

σ2
Xcp

. (1)

Here, J is the total number of repetitions and σ2
cjp is the variance

of the individual samples. The coefficient α is unbounded on
the lower side, i.e., [−∞ < α ≤ 1], where the upper bound of 1
indicates full reliability. The main assumption in the derivation
of Cronbach’s alpha is “tau-equivalence” [22], meaning that all
repetitions of a single condition share the same true score. Due
to this constraining assumption, the use of Cronbach’s alpha
has been criticized [22] as it can lead to underestimations of
reliability. As an alternative, McDonald’s omega [22], [29], as
introduced in [30], is calculated as

Ωcp =

(∑
j λcjp

)2

(∑
j λcjp

)2

+
∑

j

(
1− λ2

cjp

) (2)

where λcjp are the factor loadings. McDonald’s omega is in
the same range as Cronbach’s alpha. As a crucial difference,
however, McDonald’s omega allows the variation of the true
scores, i.e., does not require the assumption of tau-equivalence.
This provides a more accurate estimation on reliability than
Cronbach’s alpha. Due to the true score variation, McDonald’s
omega is always equal to or higher than Cronbach’s alpha [22].
The factor loadings λcjp were determined using factoran in
MATLAB R2018b, yielding Ωcp using (2).

C. Predictive Model

1) Model Selection: To develop a response system model
(see Fig. 2), a multiple-input-single-output (MISO) autoregres-
sive exogenous (ARX) model is fitted. Its polynomial relation-
ships Bm(z)

A(z) , with the discrete-time complex variable z, repre-
sent the linear transfer functions Hm(z) between the measured
mismatch signals P̃m(t) (inputs) and a modeled rating signal
R̃(t) (output)

R̃(t) =
1

A(z)
ε(t) +

∑
m

Bm(z)

A(z)
P̃m(t) (3)
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with polynomials of the form

A(z) = 1 + a1z
−1 + a2z

−2 + . . .+ ana
z−na (4)

Bm(z) = bm,1z
−1 + bm,2z

−2 + . . .+ bm,nb
z−nb . (5)

Here, m represents the channel of the mismatch, e.g., m ∈
[fx, fy, . . .]; na and nb are the orders of the dynamics and ε(t)
is the error term reflecting the noise to the system.

The signals P̃m(t) are formed by a model of the perceptual
system (P̃S), with the mismatches ΔS̃m(t) between the vehicle
motion S̃veh,m(t) and the simulator motion S̃sim,m(t) as inputs.
The absolute value represents that both positive and negative
mismatches result in an increase of the rating value. Km repre-
sents the gains of the mismatch signals.

To express the fit quality, the variance-accounted-for (VAF)
is determined using e(t) = R(t)− R̃(t)

VAF =
[
1− σ2

e(t)/σ
2
R(t)

]
· 100%. (6)

The σ2
(·)-terms indicate the variances. The VAF indicates how

much of the variance of the difference between the modeled
and measured signals can be explained by the measured signal
variance [31]. A value of 100% indicates a perfect fit, whereas
it is unbounded on the lower side, i.e., [−∞ < VAF ≤ 100%].

To only select and include the most influential mismatch
signals ranked on their contribution to the model quality of P̃S, a
forward regression (FR) algorithm is used [32]. At the start of the
selection, the mismatch signals in the translational acceleration
and jerk, as well as the rotational velocity, acceleration, and jerk
are considered as possible candidates. These signals only relate
to the mismatches in the inertial motion. Any mismatches in
the visual motion channels (i.e., the realism of the visuals) are
not explicitly considered, as the prime research motivation lies
in understanding incongruences as a function of inertial motion
mismatches. However, note that the definition of incongruence
considers the difference between the perceived simulator motion
and what the participants would expect to perceive in the real
vehicle. In reality, this expected motion is primarily based on
what the participant sees through the visuals of the simulation.
Thus, this visual information is implicitly incorporated in the
perception of motion incongruence.

Starting with an empty model, each mismatch signal is fit
separately to the data. The signal that provides the highest
VAF is selected. In the second iteration, all other remaining
signals are tested in combination with the signal of the first
iteration, selecting the second signal for the model. This process
is repeated until no term provides at least an increase of 1% VAF.
This method allows for testing all mismatch signals, such that
only the most influential signals are included in the model, and
unnecessary model complexity is avoided.

The time delay in P̃S is modeled by a term z−τ/Δt, where τ is
the time delay constant. As the ARX-structure cannot estimate
a time delay, the FR method is repeated for delay constants
ranging between 0 and 2.5 s with steps of 0.05 s, considering
the delay of 1.45 s found by [9]. The method is again repeated
with orders N = na = nb ranging from 1 upwards until less
than a 1% increase in VAF is observed.

Fig. 3. Top–down view of the driven route with urban maneuvers with accel-
eration (ACC), corners (CR), decelerations (DEC), lane changes (LC), and a
roundabout (RBT).

2) Parametric Model: The FR ARX method delivers trans-
fer functions Hm(z) in the z-domain to the most influential
mismatch channels. These are converted to transfer functions
Hm(s) using the bilinear transformation. To obtain more flex-
ibility in the model structure and to acquire explicit parameter
values, a parametric model is fitted using the same mismatch
channels as estimated by the FR method. As in the FR ARX
fit, a fixed A(z) term for all mismatch channels is assumed,
such that all mismatch channels pass through the same rating
response filter. The model is fitted in the time-domain through
the minimization of a cost function

arg minΘJ =
∑
t

[
R(t)− R̃(t|Θ)

]2
(7)

where Θ is the parameter set. In contrast to an ARX fit, this
method does not guarantee to find the global optimum. There-
fore, 50 iterations are performed with uniformly distributed
random numbers between 0 and 3 as initial conditions. The
parameter set leading to the lowest cost is then selected.

III. EXPERIMENT SETUP

A. Scenario

In the experiment [23], all participants experienced the same
recording of a drive through typical urban maneuvers (see
Fig. 3), consisting of lateral/yaw maneuvers [corners (CR), lane
changes (LC), and roundabout (RBT)] as well as longitudinal
maneuvers [accelerations (AC) and decelerations (DEC)]. As
later runs might induce more anticipation effects, the driving
direction (left/right arrows) was shown, together with the vehicle
velocity.

B. Apparatus

BMW Group’s Ruby Space simulator [see Fig. 4(a)] was used,
with nine degrees of freedom. It consists of a hexapod on a
tripod system, where the latter adds additional workspace in
longitudinal, lateral, and yaw directions. BMW’s iDrive navi-
gation knob on the center console was used by participants to
give the continuous rating [see Fig. 4(b)]. The 240◦ projection
screen showed the visuals and a “rating bar” [9], displaying the
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Fig. 4. Experiment setup (photos adapted from [16]). (a) Ruby Space simulator
while moving. (b) Test driver using the rating knob.

current continuous rating value. The size and color of the rating
bar changed from 0 (short, white) to 10 (long, red).

It was checked at the beginning of every experiment session
(i.e., for each new participant) whether the participant could
comfortably and fully rotate through the rating range (0–10)
with one hand movement, which all participants were able to
do without problems. During the experiment, participants could
rest their right arm on the center console. Feedback obtained
from the participants showed that they generally found the
knob easy and intuitive to operate. No comments or complaints
regarding discomfort and/or difficulty operating the rating knob
were made. A typical (fast) transition time of the rating recorded
in the experiment required 40 ms per rating step. The rating
knob was connected to the CAN bus of the simulator, which is
synced with the central simulation software, together with the
MCA control data and the motion system. This ensured that
the recorded rating signals were always synchronized with the
motion of the simulator.

C. Independent Variables

Three MCAs were tested, reflecting different levels of (ex-
pected) quality. First, a classical washout algorithm [34], [35]
was used, where the vehicle motion is distributed over the hexa-
pod (high-frequency) and tripod (low-frequency) channels, and
washed-out with second-order high-pass filters. There was no
tilt-coordination (NTC), such that large mismatches in thefx and
fy channels (see Fig. 5) are present. This is expected to result in
high ratings (i.e., highly incongruent), as tilt-coordination can be
used to improve the cueing of sustained longitudinal and lateral
specific forces, as long as the tilting rates are not noticeable [36].
Therefore, it is expected that this condition provides a reference
for “low” quality.

Second, a variant of the same classical washout algorithm
was used, with active tilt-coordination (CWA). Due to the tilt-
coordination, the sustained specific forces in fx and fy cause the
mismatches to be smaller. The yaw rate remains unaffected, as
shown in Fig. 5(f). The tilt-coordination was tuned aggressively
such that the roll rate could be noticeable [>3 deg/s [33], see
Fig. 5(b)] to obtain a better reproduction of lateral specific
force. The aim of this condition is to represent a state-of-the-art
algorithm that can potentially be used in real-time simulations.
The condition “CWA” is expected to represent “medium” quality
due to two inherent limitations: as it uses linear filters, a CWA
must always be tuned to account for the worst-case maneuver,
limiting the simulator motion in all other maneuvers. Second,

as the algorithm uses causal filters, it cannot incorporate future
states in the motion cueing.

As the third condition, an optimization-based algorithm was
tested [16], where the simulator motion along the complete
recorded drive was optimized offline, the Oracle (ORC). This
algorithm can only be used in open-loop simulations, but allows
for the investigation of how the available simulator workspace
may be fully exploited. As a result, this condition has the smallest
mismatches (see Fig. 5). Therefore, this condition is expected
to represent “high” quality. The rotational rates ωx and ωy were
below the perceptual threshold (<3 deg/s).

D. Participants and Procedures

A total of 60 subjects participated (50 men, 10 women), all
employees of the BMW Group with a European car driver’s
license B (M = 22.38 yrs, SD = 10.16 yrs) and an average
yearly driven distance of M = 18, 833 km (SD = 13, 207 km).
The average age was M = 40.1 yrs (SD = 10.1 yrs). 33 partici-
pants had previous experience in driving simulators. Participants
provided informed consent. The experiment was approved fol-
lowing BMW’s internal ethics review procedure.

The experiment started with two training runs, after which
participants drove with either CWA, NTC, or ORC. Each con-
dition was repeated three times, yielding nine runs. After every
third run, a five-minute break was taken. Ten participants were
unable to finish the experiment due to various reasons.

IV. RESULTS

A. Differences in Ratings

For nine participants, the experiment could not be finished
(eight due to simulator sickness, one due to technical problems).
The data of these participants were discarded. Fig. 6 shows
the continuous ratings (left) and overall ratings (right) of the
remaining 51 participants. For the former, the lines indicate the
mean ratings over the participants and repetitions, R(t); the
shaded areas represent the standard deviation. Lower ratings
indicate better perceived motion cueing quality. The differences
between conditions were reported in detail in [23]. Here, we
summarize the main findings. Over the whole length of the drive,
the ratings of ORC are always lower than those for the CWA,
indicating that ORC was perceived as better. Only the corner
maneuvers (CR1-6) are statistically different through the means
of the ratings in those maneuvers. The NTC condition, i.e.,
the CWA condition without tilt-coordination, performs worst,
attaining the highest ratings of the whole experiment in the
roundabout. Between these latter two conditions, all maneu-
vers except for the first four (ACC, CR1, CR2, and LC1) are
significantly different. Similarly, for the overall ratings, the
ORC (μ = 2.44, σ = 1.04) is rated better than CWA (μ = 3.89,
σ = 1.79). NTC is rated the worst with μ = 5.18 and σ = 2.17,
which are significantly different [23]. The order of the ratings is
the same as for the continuous ratings, where the condition with
the smallest mismatches in the fx, fy , and ωz channels (ORC,
Fig. 5), performs best, followed by CWA and lastly NTC (with
the largest mismatches).
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Fig. 5. Mismatches of the three algorithms (NTC, CWA, ORC). Grey vertical lines indicate the maneuvers, with the gray text entries in (a) the urban maneuvers
from Fig. 3. The dashed horizontal lines in (b) and (d) indicate the rotational threshold of 3 deg/s [33], relevant for the use of tilt-coordination. (a) Longitudinal
specific force. (b) Lateral specific force. (c) Vertical specific force. (d) Body roll rate. (e) Body pitch rate. (f) Body yaw rate.

Fig. 6. Left: Averaged MIRs per MCA (as a function of time in seconds) with the standard deviation displayed as shaded areas. Right: Box plots of the three
distributions of the overall ratings; their means are indicated by horizontal lines.

B. Correlation Between Continuous and Overall Ratings

To better understand the relation between the continuous
(R(t)) and overall ratings (ORPH), the Pearson correlation ρ
between ORPH and the maximum of R(t) within each maneuver
(R̂man) is calculated [see Fig. 7(a), note that the horizontal axis
is sorted by the average correlation over the three conditions
for increased readability], similar as in [9]. Some maneuvers
correlate well (for CR6 and CR3 in NTC, ρ = 0.88) with the
overall ratings, similar to values as found in [9]. There is a clear
difference between the three conditions, where the lower rated
(i.e., better) condition ORC also correlates the least to its own
overall ratings and NTC correlates best. To further investigate
the relation between the rating and the correlation, the same
values of ρ are plotted as a function of the given rating in

Fig. 7(b). A positive linear relationship exists between the CR
and its correlation with the overall rating. The maneuver with
the highest correlation, CR4, predict the overall ratings through
the relationship ORPH = 2.0 + 0.8 · max[R(t)].

C. Reliability Estimates

Fig. 8 shows the estimated reliability coefficients for the
continuous MIR data for all participants, split over the three
conditions. The average reliabilities of NTC, CWA, and ORC
are for Ω: 0.79, 0.68, and 0.65 and for α: 0.74, 0.62, and 0.55,
respectively. The reliability values per participant are also shown
as a function of the corresponding average rating in that condi-
tion (hence, the rating averaged over time and averaged over
three runs). The overall trend shows that the higher the ratings,
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Fig. 7. Pearson correlation coefficients between the overall ratings (ORPH)
and the maximum of the continuous ratings within each maneuver (R̂man).
(a) Per maneuver. (b) Rating power.

Fig. 8. Reliability coefficients αp and Ωp of all subjects per condition,
showing that reliability decreases with lower ratings. The legend in Fig. 8(b)
also applies to the same elements visible in the other subfigures. (a) NTC.
(b) CWA. (c) ORC.

the more reliable the obtained data is. This again confirms
our expectation that more incongruent motion results in more
reliable data, and vice versa.

The figure contains both reliability metrics α and Ω, where Ω
is by definition equal or higher compared toα (see Section II-B).
The vertical bars show the difference between both metrics.
Differences are prominent (up to 0.3) for participants for whom
α is low, in line with predictions by [37]. The spread of the
reliability between participants also becomes larger for smaller
average ratings. It is thus at more congruent motion where the
use of Ω is beneficial, as it provides a significantly higher lower
bound of reliability, avoiding the false conclusion that some
participants’ data are unreliable at this point.

A regression of the form r = a− 1/(bR̄p + c) is fit to the
data, with a, b, and c the fit coefficients and R̄p, the average
rating (over time and repetitions) per participant p. This follows
the range of both α and Ω, i.e., [−∞ < r ≤ 1] and describes the
trend of the reliability values. This function allows for predicting
reliability based on measured ratings.

Reliability is also calculated for the overall ratings. For the
continuous ratings, the presented values represent within-subject
reliability. This cannot be calculated for the overall ratings, as per
subject and per condition, only one data point exists. Therefore,
the between-subject reliability is calculated, i.e., the reliability
of the whole group. The values forΩ are 0.91, 0.89, and 0.73, for
conditions NTC, CWA, and ORC, respectively. For the overall
ratings, the values of Ω for the between-subject reliability are
0.92, 0.81, and 0.72. These values also indicate a decrease in
reliability of the overall ratings, such that the decrease can be
considered inherent to the difficulty of rating congruent motion,
rather than a limitation in the continuous ratings.

D. Model Predictions

1) ARX Forward Regression: Results of the ARX FR method
are shown in Fig. 9. Note that the method was applied for
the ratings of the three conditions separately (referred to as
models a-CWA, a-NTC, and a-ORC), as well as for all conditions
grouped together in a single rating signal (a-ALL). The estimated
time delay parameter τ was 0 s (a-NTC and a-ALL) and 0.05 s
(a-CWA and a-ORC), independent of the model order. For
N = 1, in all models except a-CWA, the mismatch signal P̃fy

(lateral specific force) forms the most important contribution
to the model followed by the longitudinal specific force mis-
match P̃fx . Model a-ORC contains an additional yaw rate term
P̃ωz

. The model fit on the CWA data (a-CWA) has a different
structure: its most important term is the yaw rate mismatch P̃ωz

,
followed by the longitudinal specific force and yaw acceleration
mismatches. Higher orders, as shown in Table I, do not provide
a meaningful contribution to the model fits in terms of VAF.

To calculate the relative contributions of the most important
terms to the (first-order) models, an influence factor is calculated
as

Im =
∑
t

P̃m(t)/
∑
t

P̃ (t) · 100% (8)

with P̃m(t) = Km|ΔS̃m(t)| (see Fig. 2), and m the mismatch
channel. This value represents the relative contributions of the
mismatches of the channels, such that the sum of all channels in
the model is always 100%. This metric was introduced by [9],
and thus, allows for a direct comparison to their reported values.
The values are shown in Table II under “ARX FR,” showing
similar contributions of P̃fy and P̃fx , except for a-CWA. In

the latter, the P̃ωz
also provides a strong contribution at 72.0%.

Note that although P̃αz
was included in the model a-CWA, its

contribution relative to the other terms is negligible.
When repeating the process for higher orders (i.e., N = 2,

N = 3), the same orders of contributions are obtained and
negligible increases in VAF are observed, such that it is con-
cluded that first-order dynamics are sufficient to explain the
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Fig. 9. VAF values of the ARX FR method, showing the consecutive contribution of the mismatch signals from left to right for the delay providing the highest
VAF. The vertical bars indicate a 1% cutoff rule, such that signals that provide a lower contribution (to the right of the bar) are not considered in further analyses.
(a) NTC. (b) CWA. (c) ORC. (d) ALL.

TABLE I
VAF VALUES OF THE ARX FR METHOD, SHOWING THE CONSECUTIVE

CONTRIBUTION OF THE MISMATCH SIGNAL FOR THE FIRST-, SECOND-, AND

THIRD-ORDER SYSTEMS

TABLE II
INFLUENCE FACTORS OF THE IDENTIFIED CHANNELS FOR THE ARX FR AND

PARAMETRIC MODELS, AS WELL AS REPORTED VALUES BY [9]

rating data and are thus used for further analysis. The bode
plots in Fig. 10(a)–(h) show the estimated first-order dynamics.
The responses resemble those of low-pass filters, such that
participants apply smoothing to form their ratings. Furthermore,
the phase responses in each model are generally equal, due
to the equal A(z) terms in all mismatch channels [as shown

TABLE III
ESTIMATED PARAMETERS FOR THE FOUR PARAMETRIC MODELS

in (3)]. These phase shifts are within 0◦ and −90◦, indicating
that the low-pass filters have positive gains: An increase of the
mismatches also leads to an increase in the rating. The phase
responses further reveal that possibly an additional response
exists at high frequencies, however, with negligible impact on
the magnitude (<10−3).

2) Parametric Model: The parametric models (denoted “p-”)
are based on the estimated dynamics of the ARX FR method.
The additional dynamics at high frequencies, as estimated by the
ARX FR method, are not included, as it provided only negligible
contributions to the magnitude of the estimated dynamics. In
addition, as the lack of a time delay cannot be readily explained,
a delay is still included in the parametric model; the model is fit
in the form

H(s) =
∑
m

K
˜Pm

ωc

s+ ωc
e−τs. (9)

Each mismatch channel has a gain K
˜Pm

, whereas ωc is the
cutoff frequency and τ the time delay constant, assumed equal
in all mismatch channels. The parameter sets that describe
the dynamics are Θ = [τ ωc K

˜Pfy
K

˜Pfx
]T for p-NTC and

p-ALL, Θ = [τ ωc K ˜Pfy
K

˜Pfx
K

˜Pωz
]T for model p-ORC, and

Θ = [τ ωcK ˜Pωz
K

˜Pfx
K

˜Pαz
]T for model p-CWA. The resulting

parameters are shown in Table III. Generally, similar values
are obtained between the models, indicative of the same rating
dynamics and similar weightings being applied by participants
between the various conditions.

Notable is that the time delay, as in the ARX FR, is estimated
as 0 s, although it is expected that humans would require a
processing delay [31]. The work of [9] also found a nonzero
delay of 1.45 s. Their applied model for the RS dynam-
ics was a moving average of the form (1 + z−1 + z−2 . . .+
z−Nma+1)/Nma with a window Nma of 300 samples (= 3 s).
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Fig. 10. Bode diagrams (magnitude (top row) and phase (bottom) of Hm(s) as a function of frequency in radians/sec) of the first-order ARX FR estimations,
showing low-pass filter dynamics in all mismatch channels. (a) NTC, magnitude. (b) CWA, magnitude. (c) ORC, magnitude. (d) ALL, magnitude. (e) NTC, phase.
(f) CWA, phase. (g) ORC, phase. (h) ALL, phase.

Fig. 11. Measured continuous (left) and overall (right) ratings of three conditions, each with the four applied models. Percentages in the legend indicate the VAF
values for the continuous rating models. (a) NTC. (b) CWA. (c) ORC.

If the same model structure is used on our data and the delay
τma = Nma/100 is estimated for maximization of the cross-
correlation between the ratings and moving averaged mismatch
signals, a similar value of τma = 1.88 s is obtained for all
conditions grouped together. This shows that although a phase
shift is present between the mismatches and ratings, the phase
of the estimated low-pass filter response currently captures all
of the phase present in the system.

3) Model Fits and Generalizability: The model fits are
shown in Fig. 11. Each figure shows the measured ratings of that
condition, as well as how well the four parametric models predict
the ratings in terms of VAF. Note that each condition has two
models that were fit on the ratings—the respective condition and
the p-ALL model. The two other conditions were fit on the other
two conditions and thus provide an insight in the generalizability
between the conditions. From these results, it is clear that the
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Fig. 12. Prediction quality of the “ALL” model for each subject.

model p-CWA generalizes the worst. However, for the CWA
data, the p-NTC, p-ORC, and p-ALL models provide reasonable
VAF values at 71.8%, 80.4%, and 76.9%, respectively. When
considering all three conditions, using only two model terms,
the model p-ALL explains most of the measured rating data
well. Thus, a surprisingly simple model description can be used
to predict the continuous rating data of all three conditions.

A notable exception is maneuver CR3, where all models
underestimate the actual ratings as given by the participants.
One explanation that followed from participant feedback is that
this corner is specifically tight and was taken at a relatively high
velocity, which might have resulted in measured ratings that are
higher than the models predict.

Note that the right of the figures also includes the mea-
sured overall ratings (“◦”-symbols), as well as the predicted
(“+”-symbols) overall ratings, using the relation ORPH = 2.0 +
0.8 · max[R̃(t)] . This again shows the generalizability of the
p-ALL model, which can predict the overall ratings of all three
conditions with reasonable accuracy.

4) Individual Predictions: The developed models deliver a
prediction for the “average” participant. However, to form an
indication on prediction power of individual ratings, Fig. 12
shows the VAF values calculated between the “ALL” model and
the three datasets together. On the individual level, individual
scaling differences in the rating strategy become prominent,
which lead to low VAF values. In three cases, the VAF is lower
than 0. Therefore, the values are manually set to a value of 0.
With an average VAF of 34.5%, these values are lower than the
model fits of the average rating data.

V. DISCUSSION

The presented experiment applied the continuous rating task
of Cleij et al. [9], who tested short drives each with a single
maneuver, in a realistic setting: a long scenario combining a large
number of maneuvers characteristic for urban driving. Overall,
the 51 participants were well able to distinguish the differences
in incongruences between the motion cueing conditions and
rate these accordingly. Whether the rating task provides useable
results is discussed below, in terms of how the continuous and
overall ratings correspond, their reliability, and the ability to
model and predict the acquired ratings.

A. Continuous and Overall Rating Correlations

Analyzing the correlation between the maximum of the con-
tinuous ratings per maneuver and the overall ratings revealed that
the most in congruent motion dominates a participant’s overall
impression of the provided simulator physical motion. Recency
effects, in which maneuvers occurring later in the scenario have a

stronger influence on the overall rating, were not observed. This
confirms the findings of [9], but also extends this finding for
longer-duration and realistic urban driving scenarios containing
a large number of maneuvers.

B. Reliability

Reliability estimates, mainly based on the estimation of Mc-
Donald’s omega, show that the urban driving scenario is gen-
erally rated in a consistent manner with reliability levels of α
(0.6− 0.8) similar as reported by [9], [14], [15], [17]. The most
striking result regarding reliability estimates of the continuous
MIR data is that they were found to be inversely related to the
rating power: the lower the ratings, i.e., the better the motion
is rated, generally the less reliable the ratings are. A possible
explanation is that it is easier for participants to point out that
something is wrong, incongruent, rather than that something
is right, congruent. This also explains why the worse-rated
maneuvers correlate more to the overall ratings.

This leads to a paradoxical situation, as the more one improves
the simulator motion cueing, the less reliable the subjective
assessment methods to confirm so become. This conclusion is
independent of the choice between Cronbach’s alpha and Mc-
Donald’s omega. However, in continuous rating studies where
reliability estimates are used as a cutoff requirement (such as
in [15]), i.e., by removing data that do not meet a certain value
of reliability, omega can be beneficial, as it is shown that for
more congruent motion, the difference between omega and alpha
becomes significant. Thus, it is at these points that alpha often
underestimates the reliability, which can lead to the wrongful
conclusion that certain rating data are unreliable. Generally, if
incongruences are to be further reduced, reliability can become
an issue, such that increasing the number of repetitions or
deliberately inducing incongruences in the motion are required
to boost reliability.

C. Model Predictions

In the model predictions, no effect of the reliability is di-
rectly observed. The four models (NTC, CWA, ORC, and ALL)
provide reasonable fits and a decent level of cross-validation
when predicting ratings of the other datasets. Overall, the system
identification results show that the ratings can be modeled by a
low-pass filter response and are dominated by the lateral specific
force mismatch. In [9], a similar finding was reported, with 37%
of the measured ratings attributed to this channel. In our case, this
contribution ranges from 63.0% to 69.1%. The lagged response
to the mismatches can likely be attributed to the rating dynamics.
For example, operating the rating knob to change the rating from
a 1 to a 7 requires rotating the rating knob through all in-between
rating values.

Similar as in [9], a contribution of the yaw rate mismatch was
found, but only in the CWA and ORC conditions. One expla-
nation, strengthened by participants’ comments, is that whereas
the lateral specific force mismatches were more prominent and
easier to identify, yaw motion mismatches were not. That is,
the yaw rate mismatches can be sensed, but are secondary
to the lateral specific force mismatches. NTC and CWA had
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identical yaw rate mismatches, but NTC also had large lateral
specific force mismatches, which therefore became dominant in
the rating. For ORC, the yaw rate mismatch was smaller and
might have been less noticeable, thus also resulting in a smaller
contribution.

A notable difference is that an fx term is identified between
24.9% - 35.5%, which is 0% in [9]. The obtained values are
indeed realistic for an urban scenario in which strong accelera-
tions and decelerations are present. Significant is also that other
channels, such as ωx (which was tuned above the perceptual
threshold of 3 deg/s) and ωy , did not provide a meaningful
contribution, such that these were not noticeable or too short
to have a meaningful impact on the rating.

When only fitting on one condition, and validating on the
other, some generalizability issues are revealed. Due to its
different terms and associated weightings, the CWA condition
performs less in cross-validating the other two conditions. How-
ever, the ALL model (with only contributions of P̃fy and P̃fx),
which is fit to all data together, provides a reasonably good
quality of the fit on all conditions and could thus be used as a
general model for predicting incongruences, independent of the
motion cueing architecture.

D. Future Work

1) Experiment Differences: The present experiment investi-
gated the applicability of measuring and modeling continuous
and overall ratings in a realistic urban scenario. The main motiva-
tion for this investigation is to use the gained knowledge to make
predictions on the motion cueing of future driving simulation
experiments. This can, for example, be used to support decision-
making when selecting an appropriate simulator and motion
cueing settings, and offline tuning of MCA parameters. Other,
future experiments for which these evaluations are used might
be performed on the exact same urban scenario, on a different
urban scenario, or on a completely different scenario type (e.g.,
highway, rural). Therefore, it is suggested to investigate how the
ratings are affected under each of these three steps.

First, if the scenario would be exactly the same, future work
should investigate how ratings are affected by a different partici-
pant group and/or a different simulator or motion cueing settings.
Cleij [24] showed that when two experiments expose a different
range of motions (for example, by using a larger and a smaller
simulator), the obtained ratings of these experiments need to be
corrected for through a linear scaling factor. The next step, using
a different urban scenario could explicitly investigate whether
possibly the length or a different order in which maneuvers
are presented affects the provided ratings. Finally, extending
the results to completely different scenario types would be an
important step. For example, a highway scenario might have
more interaction with surrounding traffic, which could induce
different types of motion (e.g., more lane changes), which might
affect the balance between the mismatch channels. Furthermore,
maneuvers might be harder to rate, as their occurrence might be
harder to anticipate than the visually clear corner maneuvers in
an urban scenario. As a result, such scenarios might inherently
have a lower reliability.

2) Open-Loop Driving Experiments: A main motivation for
the presented work is to leverage continuous rating prediction
models, which can only be extracted from data collected in
open-loop driving experiments, for predicting the quality of
closed-loop driving simulator experiments. However, a cen-
tral assumption so far made in the existing continuous rating
literature is that open-loop ratings are also representative for
closed-loop driving. However, it is possible that differences
between open-loop and closed-loop driving occur due to percep-
tual differences [38], [39]. Thus, future work should explicitly
investigate whether motion cueing in closed-loop and open-loop
driving is in fact rated equivalently. Explicitly proving this would
further increase the validity of the continuous rating method for
closed-loop testing. An example for which the continuous rating
method may be applied effectively is studying the perceived
effects of masking of cues [40].

3) Error Types: In the present work, the mismatches in the
motion were analyzed through objective difference functions
between the vehicle reference and simulator motion. As a result,
the predictive models linearly depend on the overall magnitude
of the mismatch, without making any distinction between what
type of cueing error is present. However, humans may have
different sensitivities to different error types. For example, Grant
and Reid [41] defined three different types of errors for flight
simulation motion cueing: false cues, missing/scaling error cues,
and phase-error cues. In their definition, false cue motion results
in errors in the opposite direction of the true vehicle motion, or
a motion cue whereas no motion is expected from the vehicle.
A scaled cue is correct in its direction, but mismatched in mag-
nitude compared to the vehicle reference motion, of which the
missing cue is a special case (i.e., no simulator motion). Phase
errors were also defined by [41], in which the simulator’s motion
is shifted in time (i.e., leading or lagging) with respect to the
vehicle reference motion. Variations of these definitions exist,
such as defined in [18] and [24]. Grant and Reid [41] noted that
false cue motion was generally perceived as worse than scaled or
missing motion, although without providing experimental proof.
Following on preliminary investigations by [24], future research
should investigate explicitly how these error types compare and
if predictive rating models may be improved when different error
types are weighted independently in the rating model.

VI. CONCLUSION

The difficult tradeoff and selection of motion cueing set-
tings would greatly benefit from accurate prediction methods
of subjective ratings. This article describes the application of
continuous and overall motion incongruence ratings in a realistic
urban driving experiment through reliability and predictability.
From analyzing the correlation between the continuous and
overall ratings, it is concluded that incongruent motion strongly
determines the overall impression of drivers. This is explained
by the reliability of the acquired continuous ratings, which
is generally high, but inversely related to the incongruence
ratings: the more congruent the presented motion is, the less the
acquired ratings can be trusted. Reducing incongruent motion
thus requires more effort in the subjective confirmation. This is
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done either through the deliberate presentation of incongruent
motion cues or by increasing the number of repetitions. For
the rating data presented in this article, the reliability of the
data is sufficient, as the estimates are similar to values in lit-
erature and no effects on the predictability of the rating data
are observed. Nondelayed, first-order linear low-pass filtered
responses to the lateral (66.0%) and longitudinal (34.0%) spe-
cific force mismatches are sufficient to predict the measured
motion incongruence ratings in an urban scenario. Through this
model and the gained knowledge on its associated reliability,
incongruences can be more accurately targeted and reduced in
the development, selection, and tuning of future motion cueing.
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