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Assessment of Flight Simulator Fidelity in Multiaxis
Tasks Including Visual Cue Quality

R. A. Hess¤ and W. Siwakosit†

University of California, Davis, California 95616-5294

A technique for analytical assessment of � ight simulator � delity is presented as an extension of a methodology
previously introduced in the literature. The assessment is based on a computer simulation of the pilot and vehicle
and is inherently task dependent. A simple model of visual cue quality is introduced that is based on the classical
concept of human operator visual remnant. The complete assessment procedure now includes proprioceptive,
vestibular, and visual cue modeling. Inverse dynamic analysis is employed that allows the use of compensatory
models of the human pilot in multiaxis tasks. The methodology is exercised by considering a simple rotorcraft
lateral and vertical repositioning task in which visual and motion cue quality is varied.

Nomenclature
[A; B; = state-space quadruple de� ning closed-loop
C; D] pilot/vehicle system
[AG ; BG; = state-space quadruple de� ning inverse
CG; DG ] dynamics � lter G
di = number of times expression for i th pilot/vehicle

response variable must be differentiated
for tracking command to appear explicitly

d var = parameter controlling multiplicative noise
in visual cue model

E; F = matrices involved in de� nition of inverse dynamics
system

e¡¿0s = time delay in pilot model
G = transfer function matrix de� ning inverse dynamics

� lter
GD = transfer function matrix describing pilot/vehicle

response to tracking command inputs with
inverse dynamic system

h = rotorcraft height in repositioning task, ft
hcom = rotorcraft height command, ft
he = rotorcraft heigth error, hc ¡ h, ft
K Pm = gain on structural model vestibular signal
P = state-space quadruple [A, B, C, D]
qi = polynomial whose reciprocal describes

inverse dynamics between i th pilot/vehicle
response variable and i th tracking command

ts = sampling period in visual cue model
V = vector of input tracking commands in

inverse dynamics system
Ye = gain and low-frequency integration on structural

model visual error signal
YFS = force-feel system dynamics in structural model

of pilot
YNM = neuromuscular system dynamics in

structural model of pilot
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YPF = proprioceptivefeedback dynamics in
structural model of pilot

y = rotorcraft lateral displacement in repositioning
task, ft

ycom = rotorcraft lateral displacement command, ft
ye = rotorcraft lateral displacement error, yc ¡ y, ft
±A = lateral cyclic input measured at pilot’s hand, in.
±C = collective input measured at pilot’s hand, in.
Á = vehicle roll attitude, rad

Introduction

F LIGHT simulation facilities constitute an important tool for
both pilot training and � ight control research. The � delity of

the simulator is of prime importance in the successful use of these
facilities. Here, simulation � delity can be de� ned as “the degree to
whichcharacteristicsof perceivablestates induceadequatepilotpsy-
chomotorand cognitivebehaviorfor a giventask andenvironment.”1

Assessment of simulator � delity is usually undertakenthrough sub-
jective pilot � delity ratings and comments, for example, Refs. 2
and 3. However, analytical approaches to � delity assessment are
also needed. The research summarized here builds on the analyti-
cal framework introducedand developedin Refs. 4–6. In particular,
a mechanism for including visual cue quality is introduced with
origins in the classical treatment of human operator remnant, for
example, Ref. 7. Furthermore,well-developedcompensatorytrack-
ing models of the human pilot behavior are utilized with the aid of
an inverse dynamic analysis technique similar to that employed in
Ref. 6, but now rendered computationallyef� cient.

The use of compensatory tracking models is not a minor issue.
These models and their parameterization have been the subject of
considerableresearch over the past four decades. With such models
the analyst can predict the basic form of pilot equalization given
the dynamics of the vehicle and a hypothesized manual feedback
topology.7;8 The primarydrawbackto theuseof compensatorymod-
els arises in computer simulation of discrete tracking tasks such
as those characterizing many low-altitude rotorcraft maneuvers. In
such computer simulations, unrealistic control activity and vehi-
cle angular velocities are typically predictedat maneuver initiation.
This has led some researchers to propose dual-mode pilot models
in which pilot dynamics are different at the beginning of a maneu-
ver than at its conclusion.9 Although such models possess a certain
amount of face validity, theirparameterizationis dif� cult, especially
if they are to be used in predictive fashion.

The procedure employed in Ref. 6 allowed the use of com-
pensatory models by creating outer-loop position commands that
produced desired pilot/vehicle trajectories in the tasks being stud-
ied. A technique for formalizing and automating this procedure is
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Fig. 1 Inverse dynamics analysis.

summarized in the following section, with a particular emphasis on
multiaxis tasks.

Inverse Dynamic Analysis
Assume that a state-spacemodel of the closed-loop,pilot/vehicle

system has been obtained. This would be created using compen-
satory tracking models of the pilot in inner loops, with appropriate
pilot compensation in outer loops. An example of doing this for a
simple single-axis task is given in Ref. 6. The state-spacequadruple
for the closed-loop system can be given as

P D [A; B; C; D] (1)

Figure 1 shows the structure of the inverse dynamic system to
be discussed. The � lter matrix denoted G produces a decoupled
systembetween the trackingcommandsand thepilot/vehiclesystem
responses. The transfer function matrix between commands and
responses can be represented by a diagonal matrix whose elements
are simple, low-order transfer functions. By the use of a technique
introduced in Ref. 10, a state-spacequadruple [AG , BG , CG , DG ] of
the � lter matrix G can be obtained as

AG D A ¡ BE¡1
R ; BG D BE¡1

R

CG D ¡E¡1
R F; DG D E¡1

R (2)

where E¡1
R is the right inverse of the matrix E. Matrices E and F are

de� ned as

Ei D ai0Ci A.di ¡ 1/B; Fi D
di

j D 0

ai j Ci A.di ¡ j/ (3)

where di is the number of times one has to differentiate the ex-
pression for the i th vehicle response before a tracking command
explicitly appears. The vector expression for the vehicle responses
Y.s/ to the vector expression for tracking commands V.s/ can be
given by

Y.s/ D diag[1=qi .s/]V.s/ (4)

where

qi .s/ D ai0sdi C ai1s.di ¡ 1/ C ¢ ¢ ¢ C ai j s
.di ¡ j/ C ¢ ¢ ¢ C aidi (5)

and the polynomialqi .s/ is selected by the analyst, that is, once the
value of di is obtained for each tracking command/response pair,
the coef� cients of qi .s/ can be selected. Thus, for example, the
(decoupled) transfer function between pilot/vehicle response yi .s/
and tracking command vi .s/ is given by

yi .s/ D [1=qi .s/]vi .s/ (6)

The mechanism that provides the tracking/response relations such
as that in Eq. (6) is the � lter transfer function matrix G, whose
realization as a transfer function matrix can be obtained from the
state-space quadruple of Eq. (2). The process just described has

been automated in a MATLAB® M-� le. To obtain the � nal diagonal
transfer function matrix with elements approximating unity, the i th
tracking command must be multiplied by qi .s/ with the � nal ele-
ments having been made proper by the addition of an appropriate
number of stable, high-frequency poles. As a � nal note, the dif� -
culties associatedwith applying dynamic inversion to systems with
nonminimum phase dynamics pose no problems here. The unsta-
ble poles appearing in G are replaced by their mirror images with
respect to the imaginary axis. The resulting phase errors in the el-
ements of G are minimized in the frequency range of interest for
manual control (0.1–10 rad/s) by time delays on the desired inputs.

Modeling Visual Cue Quality
Model

The model for visual cue quality is based on the classical concept
of human operator remnant and was developed with an eye toward
ef� cient computer simulation of the resulting pilot/vehicle system.
Thus, it was desired to minimize model parameterizationwhile still
allowing the resulting structure to produce effective remnant spec-
tral characteristics that approximated those resulting from classical
human-in-the-looptracking experiments, and that produced effects
in human operatordynamic characteristicssimilar to those obtained
in experiment, for example, Ref. 11.

Reference12 surveyedpertinentliteratureregardingthe effectsof
variation in displayquality on measured human operatordescribing
functions in laboratory tracking tasks. Citing six studies (Refs. 11,
13–17), it was shown that reduction in display quality of various
types resulted in 1) an increase in the effective time delay in the
human operator describing function and 2) an increase in tracking
error in the task(s) at hand. Reference 12 demonstrated that the in-
crease in time delay could be attributed to a gain reduction in the
propriopceptive feedback used by the human operator, that is, the
delay increasemay not be associatedwith the visual process, per se.
However, it was felt that a baseline delay increase associated with
the visual processwhen using degradeddisplayswould be a reason-
able modeling assumption. With this in mind, the two operations
considered to be essential to a visual cue model were 1) sampling
and 2) noise corruption.

Periodic sampling (with a zero-order hold) is capable of produc-
ing an increase in effective time delay approximately equal to half
the sampling interval,18 whereas noise corruption is capable of in-
creasing tracking error. The model itself is intended to capture the
effects of visual information display in a control theoretic context
and, as such, represents the interface between the display medium
and the resulting stimuli to the human pilot. Figure 2 compares a
single-axis tracking task employing the injected-errorremnant with
the tracking structure using a serial visual cue model. The visual
cue model is shown separately to distinguish it from the transfer
function representationof the pilot. The relativelysimple visual cue
model that includedtheseoperationsand that was capableof closely
approximating measured remnant spectral characteristics is shown
in Fig. 3.

In themodel of Fig. 3, the displayederror,denotedas model input,
is fed through a sample and hold element, with the sampling period

Fig. 2 Comparison of injected-remnant tracking structure with visual
cue model structure.
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ts. As Fig. 2 indicates, the resulting discrete signal is multiplied by
a magnitude-limitedrandom number, with variancedvar, and is then
� ltered. The resulting � ltered signal is added to the output of the
sample and hold element to produce the model output.

Comparison with Classical Remnant Models

A computer simulation of a compensatory tracking task was cre-
ated with the human operator represented by the structural model
of the human pilot.6 Two sets of vehicle dynamics were chosen, 1/s
and 1/s2 . The visual model sampling period ts was chosen to pro-
vide a sampling frequency approximately 50 times the closed-loop
pilot/vehicle bandwidth, which is approximately 2 rad/s. Thus,

t s D 2¼=2:50 D 0:0628 s ¼ 0:06 s (7)

The variance dvar was then selected as that which scaled the result-
ing effective remnant power spectral density (PSD) so that accept-
able matches to measured remnant PSDs reported in the literature
could be obtained. The effective remnant was created as the ran-
dom signal that reproducedthe output of the visual cue model when
added to the displayed error. Figure 4 shows a portion of the visual
model input and output time histories in the computer simulation
of the pilot/vehicle system with 1/s vehicle dynamics. The track-
ing command was a random signal. Figures 5 and 6 compare the
PSDs of these effective remnant signals with those from Ref. 11 for
the two-vehicle dynamics. Note that the magnitudes of the PSDs
are calculated as 10log10j ¢ j. Acceptable matches are seen to result.
Note speci� cally that the PSD of the effective remnant scales with
the mean square value of the displayederror just as the case with the
experimental results of Ref. 11. Figure 7 shows the effect of varying
dvar on the PSD of the effective remnant. The parameter dvar is
thus seen to play a role similar to the noise–signal ratio of injected
observationnoise in algorithmicmodels of the human operatorsuch
as the optimal control model.8

Fig. 3 Visual cue model.

Fig. 4 Visual model input–output time histories.

Fig. 5 Comparison of PSD of effective remnant from visual cue model
with that from experiment; vehicle dynamics = 1/s:

Fig. 6 Comparison of the PSD of effective remnant from visual cue
model with that from experiment; vehicle dynamics = 1/s2 .

Fig. 7 PSD of effective remnant from visual cue model for different
values of dvar.
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Fig. 8 Structural model of the human pilot.

Fidelity Assessment with the Structural Pilot Model
Analytical assessment or prediction of simulator � delity is un-

dertaken in exactly the same manner as discussed in Ref. 6. The
handling qualities sensitivity function (HQSF) is the magnitude of
a transfer function derived from the structural model of the human
pilot that is shown in single-axisform in Fig. 8. The HQSF is de� ned
as

HQSF D jUM =C. j!/j (8)

A MATLAB-based computer-aided design package referred to as
PVDNL is utilized in creating the pilot model and in calculating the
HQSF that is plottedvs ! on linear scales.19 As discussedin Ref. 6, a
� delity metric can be de� ned using the differences in areas beneath
the HQSF curves for a nominal vehicle and the vehicle as simulated
across all inner-loop axes being controlled by the pilot. Hence,

� delity metric D 1
n

n

i D 1

1area

normalizing area
i

(9)

where n is the total number of inner-loop axes being controlled by
the pilot, i refers to the i th axis of control, and 1 area refers to the
area between the HQSF curve for the nominal or � ight vehicle and
that for the vehicle as being simulated, and normalizing area refers
to the area beneath the HQSF for the nominal or � ight vehicle.

The larger the value of the metric de� ned by Eq. (9), the poorer
is the predicted simulator � delity. In both area calculations just de-
� ned, the pilot model parameters are based on the nominal vehicle
and left unchangedwhen the simulatedvehicle is analyzedvia com-
puter simulation.

Example
Nominal Vehicle and Pilot Models

At this juncture, a simple example of the assessment technique
describedin the precedingsectionsis in order.The vehiclemodel is a
linear, simpli� ed versionof the hover dynamics of an unaugmented
BO-105 rotorcraft as taken from Ref. 20. The vehicle dynamics are

Pw
Pv
Pp
PÁ

D

0 0 0 0

0 ¡0:036 ¡1:76 32:2

0 ¡0:063 ¡9:91 0

0 0 1 0

w

v

p

Á

C

¡11:1 0:0086

¡0:059 0:807

¡0:13 2:8

0 0

±C

±A

The amount of coupling between vertical and lateral axes is quite
small in this model and is created by off-axis control inputs.Table 1
gives the dynamics of the two motion systems to be compared in
the analysis.They have been categorizedas large-motionand small-
motion systems as described in Ref. 21. The large-motion system

Table 1 Motion system de� nitions

Axis Large motion Small motion

Vertical 0:8.0/2/[0.707,0.3]a 0:13.0/2 /[0.707,0.9]
Lateral 0:5.0/2 /[0.707,0.5] 0:45.0/2 /[0.707,0.9]
Roll 0:4.0/2 /[0.707,0.5] 0.25(0)/(0.81)

aEqual to 0:8s2=[s2 C 2.0:707/.0:3/s C .0:3/2].

Fig. 9 Hover lateral and vertical repositioning task.

Fig. 10 Pilot/vehicle system for the task of Fig. 9.

Fig. 11 Pilot models of Fig. 10.

is comparable to the NASA Ames Research Center vertical motion
simulator (VMS), whereas the small-motion system is representa-
tive of hexapod motion devices.

The � ight task is shown in Fig. 9 and represents a 100-ft lateral
and vertical repositioningtask initiatedand completedin a condition
of stabilizedhover. Figure 10 is a block diagram of the pilot/vehicle
system to be modeled. For the sake of clarity, the visual cue model
and motion system dynamics have been omitted. Figure 11 shows
the pilot model blocks of Fig. 10 in more detail. The inclusion of
Ásensed in the inner-feedback roll-attitude loop in Fig. 10 deserves
some comment. The vestibular feedback implicit in the structural
model of Fig. 8 derives from the study in Ref. 22. There it was
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Table 2 Pilot model parameters

Elements Values

Inner-loop
Common

¿0 0.2
YNM 100/[0.707,10]

Roll axis
Ye 22.95(0.4)/(0)
YFS 625/[0.707,25]
K Pm 3.11

Heave axis
Ye 0.829
TFS 10/(0)(10)
K Pm 0.13

Outer-loop
Lateral axis,

Ác=ye D Y py 0.238(0.2)/(10)
Heave axis,

Phc=he D Yph 1.0

demonstrated that inclusion of a feedback loop involving the � rst
derivative of the inner-loop vehicle response variable being con-
trolled by the pilot could explain measured human pilot dynamic
characteristicswhen motion cues were present.The utility of outer-
loop motion quantities such as lateral acceleration could not, how-
ever, be directly explained by this model. Here it is hypothesized
that lateral accelerationcan serve as a surrogatecue for roll attitude,
thus reducing the visual workload associatedwith the roll-axis task.
This surrogatecue was blendedwith the visuallysensed roll attitude
as follows:

Ásensed D 0:75Ávisual C 0:25.1=32:2/ Ry (10)

where Ásensed is an output from the visual model. The four-to-
one variation in gain values in Eq. (10), is of course, conjecture.
However, the impact of this assumption on � delity assessment is
mitigated by the gain values remaining invariant in the analysis to
follow.

The structural model parameters resulting from application of
PVDNL for the inner loops controlling vehicle roll and heave are
given in Table 2. The pilot outer-loop compensation elements Y py

and Y pÁ are also given in Table 2 along with the dynamics of the
force-feel systems in the cyclic and collective cockpit inceptors.
The inner- and outer-loop crossover frequencies for each axis were
selected as 2 and 1 rad/s, respectively.

Visual cue models were employed in the input channel for each
structural model inner-visual loop of Fig. 10, that is, Áe and Phe . In
the outer visual loops, visual cue modelswere employed in the error
channels for each variable created by the outer-loop compensation.
For example, consider the compensation for the outer-loopelement
of the lateral axis given in Table 2 where an (s C 0:2) factor ap-
pears in numerator of the Ác=ye transfer function. This implies that
in creating Ác, the pilot employs an internally generated signal pro-
portional to ye.t/ C0:2 Pye.t/. In simulating the pilot/vehicle system,
separate visual cue models were employed for ye.t/ and Pye.t/.

The commandtrajectoriesfor the lateralandverticalrepositioning
task were identical and were given by

ydes.t/ D hdes.t/ D 100
16 [cos.3 ¢ ¼ ¢ t=10/ ¡ 9 cos.¼ ¢ t=10/ C 8] ft

(11)

The visual model parameters for the nominal or � ight vehicle are
given in the third and fourth columnsof the � rst row of Table 3. Note
that the parameter dvar is a factor of 10 smaller than the value used
in obtaining the PSD plots of Figs. 5 and 6. The reason for using this
smaller value is that � ve visually sensed variables are involved in
the rotorcraft simulation, that is, Áe; ye; Pye; he and Phe , whereas only
a single variable was involved in the computer simulation of the
single-axis task that yielded Figs. 5 and 6. Selection of dvar D 0:1
was somewhat arbitrary and based on obtaining stable simulations
with realistic pilot control inputs. Also note that, for simplicity and

Table 3 Con� guration de� nitions

Fidelity
Con� guration Motion dvar ts, s del m, s del v, s metric

Nominal Perfect 0.1 0.06 0 0 0
1 Large 0.1 0.06 0.05 0.05 0.21
2 Small 0.1 0.06 0.05 0.05 0.47
3 Large 0.25 0.06 0.05 0.05 0.28
4 Small 0.25 0.06 0.05 0.05 0.53
5 Large 0.1/0.25a 0.06 0.05 0.05 0.30
6 Small 0.1/0.25 0.06 0.05 0.05 0.47
7 Large 0.1 0.06 0.025 0.075 0.24
8 Large 0.1 0.06 0.075 0.025 0.25
9 Large 0.1 0.06 0.035 0.1 Unstable
10 Large 0.1 0.06 0.1 0.035 0.29
11 Large 0.1 0.06 0.045 0.125 Unstable
12 Large 0.1 0.06 0.125 0.045 0.28
13 Static 0.1 0.06 N/A 0.05 Unstable
aHere 0.1 on position variables, 0.25 on rate variables.

Fig. 12 Lateral cyclic control input from computer simulation with
nominal pilot/vehicle system.

with the exception of translational rate cues Phe and Pye in con� gura-
tions 5 and 6, the same value of dvar was used in all of the visual
models.

Figures12and13 showthe lateralcyclicandcollectivecommands
from the pilot models when the commands of Eq. (11) were applied
to the systemofFig. 10.These time historiesare qualitativelysimilar
to thoseobtainedin � ight test or pilot-in-the-loopsimulation, that is,
the fundamental waveforms appear as one or two period sinusoids
corrupted by noise. Figure 14 shows the vehicle lateral response.
The heave or vertical response was nearly identical to that shown in
Fig. 14.

Figures 15 and 16 show the HQSFs from the roll and heave inner-
loop structuralpilot models. The HQSFs for cases with and without
the visual model are shown in each Figs. 15 and 16 for the sake
of comparison. The jagged appearance of the HQSFs for the cases
when the visualmodel is in place is a result of the noise injectionand
limiting that occurs within the visual model, as indicated in Fig. 3.

Varying Simulation Parameters

Table 3 shows 13 con� gurations representing conditions that
could lead to reduction of simulator � delity. The � fth and sixth
columns represent time delays that may accrue in the motion delm
and visual del v systems. The conditions represented in Table 3 in-
volve variation in motion dynamics (large vs small-motion systems
and motion time delays), visual cue quality (dvar), and temporal
mismatches between motion and visual cues (unequal del m and
del v values).

As anexampleof theareacalculationscalledout in Eq. (9), Fig. 17
shows the normalizing area for the roll-axis structural model HQSF
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Fig. 13 Collective control input from computer simulation with nom-
inal pilot/vehicle system.

Fig. 14 Lateral response time history from computer simulation with
nominal pilot/vehicle system.

Fig. 15 HQSFs for roll-axis structural model.

Fig. 16 HQSFs for heave-axis structural model.

Fig. 17 Normalizing area for roll-axis structural model HQSF.

and Fig. 18 shows the 1 area for the heave-axisHQSFs between the
nominal heave con� guration and that of con� guration 1 in Table 3.
The � nal column of Table 3 tabulates the value of the � delity metric
de� ned by Eq. (9). As Table 3 indicates, the computer simulation
of the pilot/vehicle system was unstable in three cases. This does
not imply that the actual piloted simulation would be unstable. Re-
call that the � delity assessment procedure freezes the pilot model
parameters at values appropriate to the nominal or � ight vehicle
(Table 2) and then applies this model in a computer simulation of
the system with simulator limitations.

Figures 19 and 20 graphicallycompare the � delity metrics for 12
of the 13 con� gurationsof Table 3. These comparisonspredict that,
for this task, large-motion systems will exhibit higher � delity than
small-motion systems in spite of differences in visual cue quality
(Fig. 19) and that in cases of temporal mismatches between motion
and visual cues, the visual should lead the motion (Fig. 20). The
contraindicationof this last conclusionfor con� gurations7 and 8 in
Fig. 20 is quite small, and the differencesnoted are probably within
the model’s margin of error. Also note in Table 3 that the static or
no-motion condition was unstable, indicating poor � delity. Finally,
a comparison of the � delity metrics for con� gurations 1 and 2 and
3 and 4 would suggest that motion system characteristicsdominate
visual system characteristics.

The results just summarized offer few surprises. Indeed, the
con� gurations of Table 3 were deliberately chosen to allow the
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Fig. 18 D area for heave-axis HQSFs between nominal heave con� g-
uration and that of con� guration 1 in Table 3.

Fig. 19 Comparison of � delity metrics for con� gurations 1–6 and
nominal con� guration of Table 3.

Fig. 20 Comparison of � delity metrics for con� gurations 7–12 and
nominal con� guration of Table 3.

analytical approach to quantify results that have been experimen-
tally veri� ed, albeit with vehicles and tasks differing in detail from
those studied here. Reference 21 demonstrated the superiority of
large-motion systems as compared to small or no-motion (static)
systems. Reference 23 indicated that visual cues should be syn-
chronous with motion cues, or at worst, the visual cues should lead
the motion cues. Finally, Ref. 3 demonstrated that motion system
dynamics had a considerable stronger effect upon � delity ratings
than did variations in visual scene characteristics.

Model De� ciencies
The model for assessing � ight simulator � delity discussedherein

is not without de� ciencies, and two are immediately apparent.First,
a means of correlating a given visual scene representation in a sim-
ulator to a speci� c set of dvar or ts values is yet to be established.
Second, a means of correlating the value of the � delity metric of
Eq. (9) with subjectivemeasuresof simulator � delity is needed.The
former de� ciency is shared with most, if not all, control theoretic
representations of human pilot behavior, although some progress
has been made in this area in terms of the optimal control model of
the human pilot, for example, Ref. 24. The latter de� ciency is less
formidable and can be attacked by comparing values of the � delity
metric with subjective measures of simulation � delity in analyzing
the results of pilot-in-the-loopsimulations reported in the literature,
for example Refs. 21 and 23.

Conclusions
A methodology for the analytical assessment of � ight simula-

tor � delity previously introduced in the literature has been ex-
tended to include a measure of visual cue quality. The method-
ology thus includes the effects of proprioceptive, vestibular, and
visual cues. In addition, inverse dynamics analysis allows the use
of well-established, compensatory models of human pilot behav-
ior, now extended to multiaxis tasks. Fidelity assessment is based
on a metric derived from pilot-model-basedHQSF. Exercise of the
methodologyon a simple example of a rotorcraftlateral and vertical
repositioningmaneuver indicated that � delity assessmentscould be
derived that were consonant with experimental results obtained in
pilot-in-the-loopsimulation studies.
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