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ABSTRACT 

Including whole-body motion in a flight simulator improve"s 
perform~nce for a variety of tasks requiring a pilot to 
compensate for the effects of unexpected disturbances. A 
possible mechanism for this improvement is that whole-body motion 
provides high derivative vehicle state information which allows 
the pilot to generate more lead in responding to the"" external 
disturbances. In developing new motion simulation algorithms for 
an advanced g-cuing system we were, therefore, surprised to 
discover that an algorithm based on aircraft roll acceleration 
produced little or no performance improvement. On the other 
hand, algorithms based on roll position or roll velocity produced 
performance equivalent to whole-body motion. This paper 
describes the analysis and modeling conducted at both the sensory 
system and manual control performance levels to explain the above 
results. 

INTRODUCTION 

The Air Force Aerospace Medical Research Laboratory and the 
Aeronautical Systems Division are jOintly investigating motion 
and force cuing al ternatives to whole-body motion. This paper 
summar izes the progress on an investigation of the capabil i ty of 
an advanced g-cuing system to provide rotational motion 
information to a pilot performing a flight control task. Human 
performance modeling is being conducted to explore hypotheses 
concerning the underlying sensory and performance mechanisms. 
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METHODS 

Motion Cuing Devices 

Two motion cuing devices were used: (1) the Advanced Low 
Cost G-Cuing System (ALCOGS), and (2) the Roll-Axis Tracking 
Simulator (RATS). The ALCOGS includes hydraulically-actuated 
seat pan, backrest, and seat belt elements mounted in an aircraft 
seat frame [1]. In the studies reported here, the one-piece seat 
pan was the only active cuing element. The RATS is a whole-body, 
roll-axis motion device. The axis of rotation is through the 
buttocks of the subject. 

Drive Algorithm Development 

Pressure Matching Algorithm. The initial approach was to 
develop a means of driving the ALCOGS seat pan such that the 
pressure produced on the human buttocks matched those one would 
experience in the' RATS. Using small force-sensing strain gauges 
located under the ischial tuberosities of the buttocks, we 
measured the pressures produced by sinusoidal roll motion in the 
RATS. A multiple regression perfol=med on data collected over a 
range of amplitudes and frequencies suggested that buttocks 
pressures were a function of RATS roll angle and roll 
acceleration: 

" 
PSIButtocks = -.~64 ¢RATS + .~~42 ¢RATS (1) 

where PSI = pressure in lbs/in2, ¢ = roll angle in degi and i = 
roll acceleration i~ deg/sec2 • For data collected under a 
similar sinusoidal motion in theALCOGS, buttocks pressures were 
a simple function of seat pan roll angle: 

PSIButtocks = .~8l ¢ALCOGS ( 2) 

Setting the equations equal to one another and solving for the 
ALCOGS seat pan angle (in deg) results in the following pressure 
matching algorithm: . 

" 
¢ALCOGS = K(-.79 ¢RATS + .~52 ¢RATS) (3) 

K values only up to ~.4 (4~% of RATS pressures) were used to 
prevent the ALCOGS seat pan from striking its limits of travel. 

The results obtained while testing this algorithm (see 
Primary Data Reduction Section), suggested that drive algorithms 
based on the separate derivatives of roll motion would be of 
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interest. 
developed. 

Therefore, the following algorithms were also 

Single Derivative Algori,thms. Pure position (Equation 4) 

and pure acceleration (Equation 5) algorithms were derived by 

setting either the acceleration or position coefficient of 

Equation 3 to zero. Since matching buttocks pressure was not a 

concern here, the equations are shown below in terms of the 

Simulated aircraft motion parameters: 

.. 
¢ALCOGS = .02 ¢Simulated Aircraft 

¢ALCOGS = ± .32 ¢Simulated Aircraft 

(4) 

(5) 

.. 
where ¢= roll angle in deg, and ¢= roll acceleration in deg/sec2 • 

As shown in Equation 5, both sign relationships were investigated 

with the position algorithm. 

A velocity algorithm was also developed in which ALCOGS seat 

pan angle was made proportional to simulated aircraft roll 

velocity: 
. 

¢ALCOGS = ± .23 ¢Simulated Aircraft (6) 

. 
where ¢ = roll velocity in deg/sec. Both sign relationships were 

investigated with this algorithm, as well. 

Drive Algori,thm Testi,ng 

The utility of the algorithms was evaluated by comparing 

human performance on a roll-axis tracking task under static 

(visual cue only) and g-seat motion conditions (visual and g-seat 

cues). The visual display consisted of an aircraft symbol and a 

dotted reference line which subtended a 9 deg field-of-view. The 

task waS to maintain zero roll angle (keep the symbol and 

reference aligned) in the presence of strong turbulence using a 

side-mounted, force-sensing control stick. 

The roll dynamics were represented by the transfer function: 

V(s) 
5 20 1 -.072 

= 16 ~ S+5 - 5+20 • se (7) 

At very low frequencies, a control input of one pound produced a 

simulated roll rate of 16 deg/sec. The lag at 5 rad/sec 

represents the roll response of a fighter-type air~raft; the lag 

at 20 rad/sec approximates the response of the moving-base 
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simulator; and-the delay of 0.072 seconds represents the combined 
effects of digital frame time, sample-and-hold, antialiasing 
filters, plus the effective delay of the g-seat hydraulic and 
servo systems.. (Regardless of whether a subject was performing 
the tracking task in the ALCOGS or RATS under static or visual 
plus motion conditions, the dynamics and delays were identical). 

The external forcing function was generated as a sum of 
thirteen sine waves, with frequencies and amplitudes selected to 
approximate a random disturbance process having a power spectral 
density of the form: 

<P K 
ii = (s+2)2 

(8) 

and an rms value of .88 pounds equivalent control force.. The 
sinusoids were randomly phased with respect to each other, and 
from trial-to-trial, to minimize the predictability of the 
disturbance waveform. This forcing function added to the pilot's 
control input and thus served as a direct disturbance to vehicle 
roll angle. 

Under g-seat motion conditions the seat pan of the ALCOGS 
was dr iven in roll using Equations 3-6. Because the research 
reported here consisted of a series of pilot studies, the 
"experimental design" included both within and between subject 
treatments and the number of subjects in each algorithm group was 
not the' same. (See Table 1, below). With the exception of the 
acceleration algor~thm, the data for each group represents 
asymptotic performance after 32 or more 3 minute training trials 
conducted over several days. In all cases, mean-squared or root
mean-squared (RMS) tracking error was provided to the subjects 
after each trial. 

The tracking performance data collected under whole-body 
motion in the RATS also represented asymptotic performance. The 
task dynamics, visual display, control stick, etc. were identical 
to those used in the ALCOGS. The RATS drive algorithm, however, 
matthedthe roll angle of the simulated aircraft in a 1:1 
fashion. 

PRIMARY DATA REDUCTION 

Formal analysis was performed on data obtained under the 
following cuing conditions: 

a. "Static" (visual display of roll angle error; no ALCOGS 
motion) 

b. "position" (visual plus ALCOGS seat pan angle 
proportional to simulated aircraft roll angle) 
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c. "Velocity" (visual plus ~LCOGS· seat pan angle 
proportional to simulated aircraft roll velocity) 

d. "Acceleration" (visual plus ALCOGS seat pan angle 
proportional to simulated aircraft roll acceleration) 

e. "Combined" (visual plus ALCOGS seat pan angle 
proportional to a linear combination of simulated 
aircraft roll angle and roll acceleration). 

Error Itandard deviation (SD) scores were computed for each 
data trial. These scores were averaged across trials for each 
subject; the subject means were then averaged to yield group 
means for each experimental conditiort. Table la shows, for each 
cuing condition, the average tracking error SD score, the 
standard deviation of the subject means, and the number of 
subjects providing data. Note that the inter-subject variability 
was less than 2121% of the group mean, even for the conditions with 
only two subjects~ 

The acceleration and combined algor i thms yielded a modest 
reduction in the tracking error score (about 15%) compared to 
static performance. ' On the other hand, the position and velocity 
algorithms yielded reductions of about 5121% and 65%, respectively, 
and were essentially equivalent to performance in the RATS (mean 
RMS error = 2.3 degrees). 

Differences between pairs of group means were tested for 
statistical 'significance by means of a t-test appropriate to 
unequal sample sizes.; Differences significant at an alpha level 
greater than 121.1215 are considered "not significant" for this 
discussion. Table lb shows that the mean error SO scores 
obtained for the position .and velocity cuing conditions were 
significantly different from each other and from the scores 
obtained for the remaining cuing conditions. Differences among 
the static, acceleration, and combined conditions were generally 
not significant. 

Effects of g-seat quing on operator frequency response are 
shown in Figure 1; position and velocity cuing are compared with 
static in Figure la, whereas acceleration and combined cuing 
effects are shown' in Figure lb. A value of zero dB for the 
amplitude ratio ("gain") represents one pound of control force 
per ~egree of roll' angle err?r; zero dB remnant signifies 1 
pound of control power per rad1an/second. ' 

*Because the for cing function was a zero-mean process, the 
'error SO score is approximately equal to the RMS tracking error. 
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TABLE 1. ANALYSIS OF THE TRACKING ERROR SD SCORES 

a) Group Means 

cuing Mean Std Dev 

Static 6.9 9.51 
Position 3.9 9.59 
Velocity 2.1 9.29 
Acceleration 5.2 9.99 
Combined 4.8 9.21 

b) Alpha Level of Significance 
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G-seat cuing with the position drive algorithm yielded 
larger operator gain at low frequencies, more phase lead at high 
frequencies, and less remnant at low frequencies. The velocity 
drive law yielded even larger gain and phase lead, and a remnant 
spectrum comparable to that of the position drive law. The 
acceleration and combined drive algorithms had much smaller 
effects on the frequency response. Overall, the frequency 
response trends shown in Figure I a~e consistent with the trends 
of the tracking error scores. 

A follow-up exper iment indicated that the subjects could 
perform the tracking task with positional ALCOGS cuing alone 
(i.e., no visual cues), and that error scores were nearly as low 
(mean RMS error = 3.7 degrees) as those obtained with concurrent 
ALCOGS and visual cuing. 

In summary, the following exper imental trends were revealed 
by the study on g-seat cuing: 

1. A modest reduction in tracking error score with either 
the acceleration or the combined acceleration and 
position drive laws. 

2. Substantially improved performance with the position 
and velocity g-seat drive laws. 

3. Lower tracking error scores with velocity than with 
position cuing. 

4. Ability to track almost as well with position g-cuing 
alone (i.e., no visual cuing) as with combined visual 
and position g-cuing. 

MODEL ~ALYSIS 

Model analysis of the foregoing experimental results was 
conducted as part of the overall goal of developing a theoretical 
framework for predicting the pilot I s use of combined visual and 
non-visual cues. A concurrent· and more specific goal was to 
develop a model for the p~ycho-physiological mechanisms 
responsible for the observed relationship between g-sea.t cuing 
algorithm and tracking performance. The optimal control model 
(OCM) for pilot/vehicle systems was used for this analysis. 

Model Description 

The reader is assumed to be familiar with the general 
structure of the OCM. Figure 2 shows a block diagram.of the task 
environment as modeled for this analysis. The first block 
contains the equations of motion of the simulated aircraft in the 
roll axis, plus the first-order approximation to the RATS 
dynamics. Six "outputs", (perceptual quantities) are considered: 
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tracking error and error rate for visual perception, and tracking 
error,error rate, error acceleration, and error acceleration rate 
for haptic cuing. The visual outputs are delayed by 8.872 seconds 
(approximated in the model formulation by a first-order Pade) to 
mimic the delays present in the laboratory simulation. The 
delayed outputs ev and ev represent the,visual cues acted on by 
the pilot model. 

The remaining four outputs of the· dynamics block are 
processed by the g-seat drive algorithm, a second-order model of 
the g-seat dynamics, and a lead-lag model for mechanoreceptor 
transduction. To be consistent with our treatment of visual-cue 
processing, we assume that the pilot perceives both the primary 
receptor output "m" and its first derivative "m". We shall refer 
to these two cues as the "motion cues". 

Relevant phYSiological and psychological literature was 
reviewed in order to derive a math model for transduction of 
haptic cues [2-19]. This literature covered a variety of 
receptor types, biological species, and experimental 
preparations. Consequently, the lead-lag model shown in Figur~ 2 
does not reflect a particular sen~ory mechanism, but rather an 
average effect of (presumably) multiple mechanisms involved in 
the sensory process. 

On the basis of largely qualitative information, we'derived 
a lead-lag model for receptor response having a pole at 5 rad/sec 
(based on the minimum 8.2 second time constant found in the 
literature search) and a zero at 9.5 rad/sec (an educated guess 
based on published time histories). Lacking any meaningful data 
on bandwidth limitations, we did not associate any low-pass 
characteristics with this receptor model. 

There is some psychophysical evidence to indicate that the 
human I s reaction time to haptic stimuli are about 48 msec less 
than the reaction time to visual stimuli [18,19]. The 
formulation shown in Figure 2 accounted for this difference. 

The only task-to-task variation relevant to the model. of 
Figure 2 was the drive algorithm, which was changed to match the 
form of the experimental drive algorithm. The position, velocity, 
and acceleration drive algorithms were modeled as unity gains on 
either error, error rate, or error acceleration1 and the combined 
algorithm was represented as an appropriately weighted sum of 
error and error acceleration. Since the experimental drive 
algori thms were considered sufficient to provide g-seat cuing 
well above sensory threshold levels, perceptual thresholds were 
not considered in this mo~eling exercise, and "display" scaling 
was therefore unimportant. 

*The OCM will scale its response strategy optimally with regard 
to display scaling. 
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Independent model parameters relating to inherent 
limitations of the human operator were selected in a manner 
consistent with previous application of' the OCM to laboratory 
tracking tasks. The following "nominal values" were assigned: 

o time delay for visual cues: ~.2 seconds 

o motor time constant: ~.l second 

o observation noise/signal ratio for visual cues: -2~ dB 

o motor noise/signal ratio: -5~ dB 

In addition, observation nOise/signal ratios of -22.7 dB were 
assigned to the two motion cues to provide a good match to the 
tracking error score obtained with the position drive algorithm; 
this noise/signal ratio was maintained for analysis of the 
remaining cuing algorithms. 

While Figure 2 may reflect a new way of treating g-seat 
cuing, it does not imply a change in the basic structure of the 
human operator model. That is, the relationships shown in Figure 
2 were implemented within the existing OCM by appropriate 
definitions of systems dynamics and display variables no 
changes to the computer program were requi~ed. 

We refer to the model of Figure 2 as the "receptor model" in 
the sense that it includes an explicit submodel for 
mechanoreceptor transduction. An al ternative "noise model" was 
explored in which the receptor submodel was omitted and, instead, 
information provided by the g-seat was modeled directly. That 
is, the, subject was as'sumed to perceive g-seat displacement and 
g-seat rate with associated observjtion noise/signal tatios of 
-15 dB and -25 dB, respectively. As was the case; with the 
receptor model, only the g-seat drive algorithm was changed from 
task-to-task; other independent parameters of the pilot model 
were held fixed for al~ experimental "condiiions. 

The rece~tdr and noise models. are similar in that both 
present high-quality rate information related to g-seat motion 
and poor-quality displacement information. The receptor model 
accomplishes this quality differential by the way in which it 
linearly combines position ,and rate information. The noise model 
accomplishes a similar effect by assigning different perceptual 
noises to position and rate information. Because we assume that 
the subject peiceives the first derivative of the receptor 

*These noises where selected to provide a good match to the 
position-drive results. 

744 



output, the 
information 
treatment. 

receptor model also provides g-seat acceleration 
a quantity we have not included in the noise 

Principal Model Results 

Comparisons of model predictions with experimental tracking

error SD scores are shown in Figures 3a and 3b for the "receptor" 

and "noise" models, respectively. Th~ solid symbols indicate the 

group means, and the vertical bars indicate the standard 

deviations of the subject means. 
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The two model treatments yielded similar results, with the 

noise model providing slightly better matches to the position and 

velocity drive conditions. The' model reproduced the major 

experimental trends: namely, that (1) position and velocity 

drive algorithms result in substantially improved performance 

compared to static tracking, and (2) the acceleration ,and 

combined algorithms result in only marginally improved 

performance relative to static. 

Al though not shown in Figure 3, the model also predicted 

that the subjects would be able to perform the task with position 

g-seat cuing alone (no visual cues), and that RMS error would be 

substantially lower than with visual cues only. This prediction 

agreed with the follow-up study. 
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There were some discrepancies .. between predicted and 
exper imental results, however. Al though the model predicted that 
the velocity algori thm would yield lower tracking errors .than the 
posi tion algor i thm, the model underestimated the magnitude of 
this performance difference. The model also predicted that the 
acceleration algorithm woulq be superior to the combine~ 
algorithm, whereas the reverse trend was f.ound experimentally. 
Finally, the model underestimated tracking errors for the more 
difficult configurations. 

Predicted and measured operator frequency response are shown 
in Figure 4. To minimize cl utter, data from the position and 
velocity conditions are shown in one graph, whereas acceleration 
and combined conditions are represented in another. For 
convenience, static response is plotted in all graphs. 
Predictions obtained with the receptor model are shown in Figures 
4a and 4b; results of the noise model are given in 4c and 4d. 

The two models predicted the same overall performance 
trends. They correctly predicted that the position and velocity 
cuing algorithms would have a greater influence on operator 
frequency response, compared to visual-only cuing, than would the 
acceleration and combined response. Furthermore, the effects of 
position and velocity cuing on operator gain and phase shift were 
matched in some detail. The rank ordering of the remnant 
response across cuing conditions was also predicted. 

DISCUSSION 

Overall, the modeling philosophies explored here provided a 
good match to the important trends of the exper imental results. 
Specif ically, they accounted for the large effects of position 
and vel.ocity g-seat cuing, and the relatively small effects of 
acceleration and combined g-seat cuing, with a consistent set of 
independent model parameters. Whether· or not. this modeling 
philosophy can be generalized to other cuing algorithms and other 
types of motion (e.g., z-axis translational motion) remains to be 
determined. Of the various modeling philosophies explored in 
this study, the approach described here seems to be the most 
promising. 

Additional "analyses revealed appreciable performance 
differences between groups trained with the plus and minus sign 
on the position or velocity drive algorithins. (Tracking scores 
were substantially lower than· static cuing for either sign 

*The acceleration group was not trained to asymptote. Training 
curves indicate that this group, trained to asymptote, would have 
performed about the same as the group trained with the pressure
matching algorithm. 
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convention, however.) Preliminary modeling suggested that these 
effects could be accounted for by appropriate modeling of 
biomechanical coupling between seat pan and control stick. 

As we have noted, although gross trends were replicated, 
some of the finer details were not mimicked. To some extent, the 
performance compression seen in the model predictions may be due 
to the fact that, for this set of experiments, the model accounts 
for performance differences solely through task-related 
differences in perceptual cuing. Now, a recent review of a large 
body of experimental and model results suggests ~hat, for systems 
having high-order response characteristics and/or significant 
delays, motion cuing may provide a double benefit [29]. First, 
the subject may be able to construct a more accurate "internal 
model" of system response dynamics than is possible with only 
visual cuing; and, second, motion-related cues allow more 
accurate state reconstruction because of high-derivative and/or 
low-noise information. Only the second factor has been 
considered in the model analysis presented here -- the current 
model analysis assumes a perfect internal model for all cuing 
conditions. Although the oeM is currently able to treat 
deficient . internal models, further model development will be 
required if we are to predict how the operator's internal model 
is influenced by the cuing environment. 

As mentioned earlier, because of the desire to explore 
training issues, different subject groups were used for the 
various experimental conditions. These groups did not all 
receive the same amount of training, and, in the case of the 
acceleration and combined-algorithm groups, there were only two 
subjects per group. Given these factors, it is not surprising 
that a precision match across all conditions cannot be obtained 
with a single set of independent model parameters. 

The research reported here explored only the performance 
consequences of g-seat cuing and we have seen an approximate 
performance equivalence between haptic' cuing (given the 
appropriate drive scheme) and whole-body motion cuing). Of 
considerable interest is the utility of the g-seat as a device 
for training the pilot to use whole-body motion cues. Transfer
of-training studies regarding these sensory modalities are being 
evaluated at ASD/AFAMRL. 

SUMMARY 

A study was performed to 
advanced g-cuing system to 
laboratory roll-axis tracking 
explored: 

investigate the capability of an 
provide rotational cues in a 

task. Six cuing algorithms were 

1. "Static" (visual display pf roll error, no g-seat 
cuing) 
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2. "Position ll (visual plus seat pan angle proportional to 

simulated aircraft roll angle) 

3. "Velocity" (visual plus seat pan angle proportional to 

simulated aircraft roll rate) 

4. "Acceleration" (visual plus seat pan angle proportional 

to simulated aircraft roll acceleration) 

5. "Combined ll (visual plus seat pan angle proportional to 

a linear combination of simulated aircraft roll angle 
and roll acceleration) 

6. Visual plus whole-body roll-axis motion cues. 

The combined algorithm was designed to match the pressure pattern 

that would be felt in the whole-body moving-base Roll Axis 

Tracking Simulator (RATS). 

Performance with either the position or velocity g-cuing 

algori thm yielded tracking error scores that compared favorably 

with performance in the RATS and were substantially lower than 

scores obtained in the static cuing conditions. 'To our initial 

surprise, the combined algorithm provided only marginal 

improvement in tracking performance relative to static cuing, as 

did g-cuing with the pure acceleration drive law. A follow-up 

study indicated that subjects could perform the task well in the 

absence of visual cues when the g-seat was driven by the position 

algorithm. 

A review of the literature suggested that the various haptic 

sensor mechanisms could be represented mathematically by (1) a 

lead-lag network with a zero at rtl.5 and a pole at 5'rad/sec, and 

(2) an effective time delay 4rtl msec less than that associated 

with visual cues. When this receptor model was incorporated into 

the framework of the optimal control pilot model, the model was 

able to replicate the maj or exper imental trends, in terms of 

performance scores as well as operator frequency response, with a 

fixed set of values for independent operator-related model 

parameters. Similar results were obtained for a purely 

informational model receptor transduction~ 
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