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Abstract

Motion cueing for helicopter hover is difficult: small simulators require considerable attenuation, render-
ing motion cues not useful for stabilization, and large simulators are typically not cost effective. Industrial
serial robot-based simulators provide large motion capabilities at a moderate cost, but have two distinct
disadvantages. First, they are highly dimensional systems with a non-convex motion space, such that effi-
cient use of the entire space is not trivial. Second, they are typically non-stiff structures with a large mass
at the end effector, resulting in oscillatory dynamical properties. We recently developed a novel Model
Predictive Motion Cueing Algorithm (MPMCA) that resolves both problems effectively for pre-recorded in-
ertial reference signals. The MPMCA requires an accurate prediction of the future course of the reference
inertial signals, which is trivial for pre-recorded maneuvers, but not for real-time human-in-the-loop simu-
lations. In this paper, we present a model-based prediction method, which predicts pilot control inputs and
the subsequent helicopter inertial signals during a helicopter hover simulation in real-time. The method is
tested in a human-in-the-loop experiment and compared with the Classic Washout Algorithm. The results

demonstrate that the MPMCA is a promising new approach to motion cueing.

1. Introduction

The training of helicopter pilots, both novice and ad-
vanced, for hover and low-speed maneuvers on a
simulator is challenging, but worth pursuing given
the obvious safety and cost related advantages over
training on an actual helicopter.” Simulated train-
ing requires accurate motion feedback, because pi-
lots rely heavily on motion at low speeds for stabi-
lization®34 and improved maneuvering accuracy.>
Most hover and low-speed maneuvers exceed the
motion range offered by conventional Stewart plat-
forms. Thus, a Motion Cueing Algorithm (MCA) is
necessary to attenuate the motion by scaling and
filtering. The distorted motion might cause the pi-
lot to learn the wrong control strategy, preventing
positive transfer of training to the actual rotorcraft.
Hence, one typically needs a large, expensive simu-
lator for effective helicopter pilot training.>
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Simulators based on industrial serial robots pro-
vide a potentially large motion space at moder-
ate cost,® but have two distinct disadvantages that
have not been resolved thus far. First, they are
highly dimensional, overactuated systems with a
non-convex motion space, such that efficient use
of the full motion capabilities is not trivial.”® Sec-
ond, they are typically non-stiff structures with a
large mass at the end effector, resulting in oscilla-
tory motions perceivable by the human,® rendering
cues that cannot be used for stabilization.

Recently, an MCA based on Model Predictive Con-
trol (MPC), was developed for the serial robot-based
CyberMotion Simulator (CMS) at the Max Planck In-
stitute for Biological Cybernetics (MPI-BC) that po-
tentially solves both problems.™ A Model Predictive
Motion Cueing Algorithm (MPMCA) calculates a sim-
ulator trajectory that optimizes a user-defined cost
function over a finite time horizon, based on a pre-
diction of the future reference signals, satisfying the
limits of the motion system. The reference signals
are the inertial signals (specific forces and angular
velocities) of the simulated vehicle. The cueing be-
havior itself is determined by the complexity of the
simulator model, correctness of the prediction, and
weighting factors in the selected cost function.™

A hardware-in-the-loop experiment with pre-
recorded low-speed helicopter maneuvers™
demonstrated that the novel method is able to 1)
effectively make use of the entire motion space and
2) greatly reduce the effects of oscillatory dynamics.
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It is, however, unclear how the method performs
in a human-in-the-loop simulation, because the
method relies on an accurate prediction of the
future reference signal, which is non-trivial given
the random nature of helicopter hover maneuvers.
That is, in hover, the pilot is predominantly cor-
recting for disturbances caused by random control
errors of the pilot jtself, which are hard to predict.™

The objective of this paper is to extend the previ-
ous work™ to an actual human-in-the-loop simula-
tion, which requires a prediction method to be de-
veloped. We will describe two prediction methods:
a model-free and a model-based approach, which
differ considerably in their ease-of-implementation
and predictive capabilities. The cueing performance
of the methods is compared in computer simula-
tions and the method providing the best objective
cueing performance, the model-based approach, is
tested in a human-in-the-loop experiment.

The paper is structured as follows. First, the
simulated helicopter hover task and the simula-
tion framework is introduced. Then, the MPMCA is
briefly introduced, after which we extensively de-
scribe the method to reduce the effects of the os-
cillatory dynamics. The two prediction methods are
described in detail, after which we present the re-
sults of three experiments. The paper ends with a
discussion and conclusions. A supplementary video
is provided for additional insight into the method."

2. Simulated helicopter hover

2.1. Simulation overview

In this study, we will consider a simulated helicopter
hover task. The pilot is required to hover an identi-
fied linear model of the Robinson R44 Raven-Il he-
licopter in front of three hover boards giving visual
cues useful for hover. The pilot is seated in the CMS,
sees the visual from a projection system and gives
control inputs through Pro Flight Trainer PUMA USB
controls, see Fig. 1.
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Figure 1: Overview of the simulation framework.

The R44 dynamics run on a MATLAB Simulink xPC

target together with the Prediction Module (PM),
which calculates the prediction and sends it to the
MPMCA, running on a Linux system, which controls
the CMS motion system. An Inertial Measurement
Unit (IMU) is mounted close to the head position for
verification of the method.

2.2. lIdentified R44 helicopter model

The helicopter model used in this paper was iden-
tified from flight test data recorded from a Robin-
son R44 Raven Il helicopter in the hover trim condi-
tion.™ The model is a linear fully coupled 12 degree
of freedom (DOF) state-space model valid within the
frequency range of 0.3 to 16 rad/s:
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in which [6,,0p, 0y, dc] are cyclic roll, cyclic pitch,
pedals, and collective pitch control inputs, [u, v, w]
are the linear velocities, [p,q,r] are the angu-
lar velocities, [ay,ay,a.] are the linear accel-
erations, [¢,60] are the roll and pitch angles,
[Bie, B1s] are the rotor-flap/body coupling dynam-
ics, [x1,22,Mq,Y1,Y2,1p] are the lead-lag dynam-
ics and [v, Po, Bo, nc,| are the coning-inflow dynam-
ics.'> Matrix values are given in Ref. 14.

The inertial signals, to be followed by the MPMCA,
consist of the specific forces and angular velocities
as measured at the pilot head reference position.
The specific forces are the sum of the accelerations
of the helicopter and the contribution of gravity, re-
solved into the head reference frame:

6) f=—a-+Rig,

with @ = [agz,ay,a:]T, g = [0,0,9]" the grav-
itational specific force vector, and R}, the world
to head transformation matrix. The angular veloc-
ities are outputs of the model: w = [wy, wy,w;] =

[p,q,7].

3. Model predictive motion cueing

Recently, an MPMCA for real-time control of the
CMS was developed.™ The goal of the controller is



to accurately reproduce the reference inertial sig-
nal § = [fu, fy, [z @y Oy, @2] 7. At every control in-
terval, the MPMCA is given a prediction of the fu-
ture T, seconds of the reference signal y®* con-
sisting of NV equally spaced samples. The MPMCA
computes a sequence of N control inputs U =
[wo, w1, ..., un—1] which are the solution of the fol-
lowing optimization problem:

min J(X,U)
s.t. .’B()ZCE(),
(7) T = Flzp,up), k=0...N—1,
z, < xp < Ty, k=1...N,
u < ug <u, k=0...N -1,

in which the objective function J is defined as:
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and xy, is the simulator state at prediction time step
k, X = [xg,x1,...,xN] , & is a selected neu-
tral state, , x, u, and u are the lower and upper
bounds of the state and control input, and F' the
function defining the discrete-type dynamics of the
simulator.

The output function y defines the mapping from
the simulator state and control input to the result-
ing expected inertial signal y®, which might be differ-
ent from the actual inertial signal y™ measured by
the IMU at the pilot head location.

The optimal solution to (7) constitutes a trade-
off between the output error term weighted by the
symmetric positive-definite weighting matrix W,
and the washout, input, and terminal cost terms
weighted by Wy, Wy, and Wy, respectively.” The
selected numerical values of the weighting matri-
ces will determine 1) the importance of each output
signal with respect to other outputs, and 2) the rel-
ative importance of tracking the reference output
or maintaining a small distance to the neutral state.
The firstis determined only by values in the W, ma-
trix, while the latter is determined by values in both
the W, and W, matrices.

In this study, the prediction horizon 7}, was 4.9 s,
sampled at 12ms, such that N = 409. See Table 1 for
weighting matrix and washout position values.

4. Structural oscillations

The simulator, consisting of a long and slender
robot arm to which the heavy cabin is attached, be-
haves as a badly damped harmonic oscillator caus-
ing unintended accelerations. See Fig. 2 for a typi-
cal response of the simulator to a step input com-
manded by the MPMCA. The expected lateral spe-
cific force f, follows the reference doublet input fy
accurately, but the measured lateral specific force
Jy" is very different from f7. The high frequency
oscillations have amplitudes far exceeding the am-
plitude of the doublet itself and take more than 4
s to dampen out. To mitigate these oscillations, ™
we identify a model of the oscillatory dynamics and
include it in the simulator model, such that the
MPMCA avoids exciting these dynamics.

fy m/s?
o
j ‘

Figure 2: Typically observed oscillatory accelerations.

4.1. Measuring and modeling oscillations

The oscillatory dynamic were measured by pro-

viding a sum-of-sines forcing function as f to
the MPMCA. Measurements were performed sepa-
rately for the longitudinal, lateral, and vertical spe-
cific forces. The sum-of-sine signal consisted of 15
sines with frequencies wy between 0.3 and 45 rad/s,
with randomly chosen phase shifts. An estimate of
the oscillatory dynamics at frequencies wy was ob-
tained from the Best Linear Approximation (BLA)
method:"”
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Table 1: Washout position and weighting matrix values.

Wy diag([1, 1,0.5, 10, 10, 10])?
W diag([0.2,0.5,0.5,0.5,0.5,0.5,0.5,0.2])2
W,  diag([0.012,0,0.02,0.02,0.02,0.02,0.02,0.02, 0 *8])?

Wan

diag([0.012, 0,0.02, 0.02,0.02, 0.02, 0.02, 0.02, 0* *8])?

& [4.45,—1.15, —1.44,1.42,1.51,0.30, —1.51, 1.55, 0' *¥]




where Sﬁfm, Sﬁfe are the estimated cross-spectral

densities between each component of f f¢, and
™, and subscript o denoting the Oscillation Model
(OM). A linear transfer function model H, with two
zeros and two poles was then fit to estimate H,:

2
azs® +ayis+1

10) H, =

( ) O(S’ p) 5282—1—()184-1’

with p = [a1, ag, b1, bz, by minimizing:

log <H(§Ii?;)p) >

2

Fig. 3 shows ]:IO and H, for the lateral axis; a good
fit in the frequency domain was obtained, suggest-
ing that the order of H, was chosen correctly.
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Figure 3: Estimated dynamics for lateral structural oscil-
lations.

Fig. 4 shows the simulated response of H,, to

fy compared to f;", for a doublet reference on fy.
The fitted model reproduces f;" reasonably well, al-
though the measured oscillations persist for longer
than the simulated oscillations. Attempts to capture
this behavior by further lowering the damping ratio
in the model lead to considerably worse fits at the
doublet onsets. It seems that the oscillatory behav-
jor also involves considerable couplings in other di-
rections of motion. Accounting for these effects is
planned for future work.
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Figure 4: Simulated re-
sponse f; of H, to
doublet reference com-
pared to the measured re-
sponse.

Figure 5: Measured re-
sponse to doublet when
including H, in the simu-
lator model.

The transfer functions obtained for all axes are
listed in Tab. 2. They were rewritten into second-
order model form, to highlight damping ratios ¢,
and natural frequencies wy,:

(2) H, = wp 8% 4 20n(ns + @ _ [ @n].
@ 8%+ 2wnlas t Wi [Gny wil

Table 2: OM coefficients, natural frequencies and damp-
ing ratios. Coefficients a1, ag, b1, and by were multiplied
by 103.

Axis aj a2 by ba H,
0.04, 36.4
fa 0.8 22 1.7 106 5353
0.46, 58.6
fy 03 158 22 5.6 1556 271
0.41, 46.5
Iz 05 175 14 7.7 0.10, 27.0
4.2. Mitigating oscillations

The identified OMs were included in the model
of the serial robot dynamics, by augmenting the
discrete-time dynamics and output functions, F
and y, with a discretization of H,:

A
(13) Folad, ud) = [Oa X] i + [’% g] ul,
. 0 C] ., [Do 0] .
(14) yo(wlg’uk) = |:0 0:| T + |: 0 I:| ug,

with

(15) uf = [fiﬂf(’;g’ﬂ ,

where A,, B,, C,, D, are the discrete-time state-
space matrices corresponding to H,, and A,, B,
the discrete-time state-space matrices of the robot.
w® is not considerably affected by oscillations, and
is thus directly fed through in 5.

Fig. 5 shows a measured response of the real sys-
tem to a doublet reference signal, if the OM is in-
cluded in the MPMCA. The structural oscillations are
clearly reduced. Tab. 3 quantifies the improvements
by listing the Root Mean Square (RMS) errors be-
tween f°¢and f™, with and without OM, for the ref-
erence doublet of Fig. 4. The improvement is espe-
cially large in the lateral DOF, where the RMS error
was reduced by a factor of 4.

5. Prediction methods

The MPMCA requires an accurate prediction y® of
the future 7}, s of the reference output y. The re-
quirements on the accuracy of the prediction for



Table 3: RMS errors between f¢ and f™.

Axis RMS, m/s2
without OM  with OM

x 0.15 0.11

y 0.45 0.11

z 0.13 0.12

acceptable cueing are unknown. Predictions can
be generated with model-free prediction methods
(FPMs), model-based prediction methods (MPMs),
and methods that combine both approaches. First,
we discuss the potential (dis)advantages of each
method, and then present the two methods consid-
ered for further analysis in this paper.

5.1. Background

5.1.1. Model-free prediction methods

FPMs calculate P from current or past values of
y. Potential methods range from simple N-th or-
der polynomial extrapolation to more complex sta-
tistical signal forecasting methods. FPMs might, ar-
guably, be able to predict the near future reason-
ably well, but might perform worse further into the
future. To prevent clearly wrong far-future predic-
tions from affecting cueing behavior too much, it
might be beneficial to smoothly morph the extrapo-
lated signals into a predetermined value. One might
chose to let signals decay to zero, assuming that
transients are short, after which the vehicle returns
to a steady-state condition where inertial signals are
generally small or zero.

FPMs have certain potential advantages: 1) they
are easy to implement, as they work independently
from other elements in the simulation, 2) they typi-
cally require small computational effort, and 3) the
influence of each parameter in the method on the
predicted output is straightforwardly examined.

We foresee the following potential disadvan-
tages. First, they will not be able to predict strong
transients, such as the onset of turns or strong
wind gusts. Such transients are, however, exactly
the problematic areas for traditional MCAs we wish
to improve. Second, even though the effect of a pa-
rameter in the method on the predicted signal is
easily examined, its effect on the cueing behavior
and feel is not. Thus, these parameters need to be
‘tuned’ in human-in-the-loop experiments: a tedious
and time-consuming process.

5.1.2. Model-based prediction methods

MPMs attempt to predict the future by simulating
a model of the control task at hand. The model

may contain (simplified) models of the vehicle and
human control behavior. Simple methods may as-
sume the current human control inputs to re-
main constant and simulate the resulting vehicle
response. More complex methods might involve a
simplified model of human control dynamics, or
may even utilize non-trivial inputs, such as physi-
ological measurements, to predict human decision
taking when the human is free to decide which path
to follow in the virtual world.

MPMs have certain potential advantages. First,
the utilization of an accurate vehicle dynamics
model should result in ‘congruent’ inertial signals.
For example, a constant cyclic roll input will, de-
pending on the current state of the helicopter, re-
sult in different combinations of roll rate and lat-
eral acceleration: something a model-free method
cannot predict. Second, the method can also predict
transients, such as turn onsets, if it is aware of the
expected future path of the vehicle. Third, assuming
that cueing always improves if more accurate pre-
dictions are provided, ultimately with the best cue-
ing for a perfect prediction, then one can avoid a
considerable amount of tedious ‘tuning’ while de-
veloping the prediction method. That is, the pre-
dictive capabilities can be objectively validated with
pre-recorded data, and thus continuous testing on
human-in-the-loop simulations is not necessary.

Obviously, MPMs also have disadvantages. First,
if the vehicle dynamics are unstable, it is not pos-
sible to construct a prediction simulation with-
out a stabilizing controller. The stabilizing con-
troller should then resemble human control behav-
ior, which might be difficult to achieve. Second, if
the human decides to do something very different
from what is predicted, cueing might be unaccept-
ably bad and invoke motion sickness.

5.2. Implemented prediction methods

5.2.1. Exponential decay prediction

In this paper, we limit our scope to an easy-to-
compute FPM with only one parameter needing
manual selection. The Exponential Decay Prediction
(EDP) method predicts the current value of each in-
dividual inertial channel to decay to zero following
the exponential function:

(16) GP(tp;t) = g(t)e *'r,

with £, the prediction horizon time parameter run-
ning from 0 to 7}, and « determining the expo-
nential decay rate, which needs to be chosen by
the user. Fig 6 plots (16) for different values of a.
Note that for « = 0 the method reduces to the
‘constant’ prediction method, i.e., the signal is pre-
dicted to remain constant until 7},. The exponential



function was selected, because it contains only one
parameter, decays asymptotically to zero without
overshoot, and is continuous in all its derivatives.

ﬁr, m/s?

time, s

Figure 6: Exponential function (16) for different a.

5.2.2. Pilot Model Prediction

The model-based prediction method considered in
this paper consists of a “prediction simulation” run-
ning inside the main simulation, see Fig. 7. It is re-
ferred to here as the Pilot Model Prediction (PMP)
method. The main simulation runs at 6 ms intervals
in real-time, and the prediction simulation is exe-
cuted at every control interval 5 of the MPMCA, from
time-step k = j to j+ N, to calculate ¢P. In the pre-
diction simulation, a model of the pilot substitutes
for the human pilot in the main simulation.

Main simulation J T k N
) ‘ Y /’gf” o | | Frain,
Human H? . , A
Gi+2 | 9is | - | Frarn,
T
6m£+ | /’ Gjt1 | 9b. | Iy‘? ,
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Prediction simulation

Figure 7: Schematic overview of the Pilot Model Predic-
tion method, with the helicopter dynamics denoted H,
and the pilot dynamics denoted Y.

In Fig. 7, the pilot model Y appears twice: once in
the main simulation Y® and once in the prediction
simulation YP. The pilot model in the main simu-
lation receives the output of H® to obtain estimate
&} of the state of the human pilot. This state esti-
mate is necessary to initialize the prediction simula-
tion. The difference 84 between the human control
input d and the model control input ™ is added to
the control output of Y'P as a constant disturbance
signal, to ensure continuity between ¢ and y§+1.

The pilot model consists of four independent, lin-
ear control loops responding to helicopter states
and outputs perceivable to the human. The vertical

position and yaw heading are controlled by a single
loop. The lateral and longitudinal degrees of free-
dom are controlled by a inner loop on roll and pitch,
respectively, and an outer loop on translational ve-
locity. It was found that f%, 5, w} and w) were more
accurate, if the pilot was assumed to drive the veloc-
ity to zero, rather than the position.

The limited field of view in the simulator makes it
hard to see the intended hover spot, such that ef-
fective position feedback is impossible. Pilots were
found to slowly drift to a position away from the ini-
tial position, and then attempt to maintain the new
position, as if it was the intended position.

For some helicopter dynamics, models of pilot
control dynamics were identified from human-in-
the-loop experimental data.™ For others, we as-
sumed that the Crossover Model™ would hold and
designed the pilot model such that the combined
pilot-helicopter dynamics approximate a single in-
tegrator and a time delay around the crossover fre-
quency. The selection of the proper pilot model dy-
namics was guided by deriving the on-axis transfer
functions from the helicopter state space model.
The transfer functions were obtained by select-
ing the on-axis terms from the state-space ma-
trices.”™ For example, the on-axis dynamics from
0 to lateral outputs involves only the states

[U, Gy, P, QZS, 5155 Y1, Y2, T]P]

Vertical position controller The objective of the
vertical position controller is to hold a constant po-
sition by rejecting disturbances. We expect the pilot
to use a purely feedback control strategy, because
the disturbances are unpredictable.?° Fig. 8 depicts
the feedback organization adopted by the pilot.

Pilot
fz4 e z

H_T—) Yoo (s) = H5,(5) T

Figure 8: Pilot model block diagram for the vertical posi-
tion controller (yaw controller has identical structure). In
hover, the target signals f. and fy; are equal to zero.

The collective to vertical position dynamics are:

“s)
de(8)

The zero at 6.7 rad/s and the pole at 9.5 rad/s are
unlikely to influence the adopted pilot feedback dy-
namics, because they are close to each other and
considerably above the crossover frequency. Thus,
the feedback dynamics are assumed to take the
same form as those seen™ in pure second-order
systems of the form K/s(s + w), consisting of a

0.75(s + 6.7)
s(s +0.34)(s +9.5)°

(17) H;§ (s) =



Table 4: Pilot model parameter values.

Param.  Value Unit \ Param. Value Unit
K,, —0.008 - Ky, 2.5 -
K, 0.008 - Ky, 3.3 -
K., 1.67 - Ky, 3.3 -
Ky, 1.0 - \ Ko, 1.0 -
Tu}’ 4 S Tvi 4 S
T2 0.15 s T,2 0.3 s
T% 0.55 S T 1.35 S
T¢g 5.0 S ng 5.0 S
T,, 3.0 S Ty, 0.9 S
Ty, 0.2 S \ T, 0.2 S
Téo 0.25 S To, 0.25 S
Tipe 0.25 S T, 0.25 S
s 0.1 s | 7a, 0.1 s
Whms 12.5 rad/s | Coms 0.3 -

gain, a lead, a time delay and neuromuscular sys-
tem (NMS) dynamics:

(18) Y..(s) = K, (T, s+ 1)e ™Y ms(s).

See Table 4 for parameter values. Fig. 9 shows
Bode plots of the helicopter and pilot dynamics,
and the open loop transfer function from which
the crossover frequency and phase margin can be
derived. The selected parameter values result in
a crossover frequency of 2.8 rad/s, which is rela-
tively high compared to values measured in exper-
iments without motion feedback.?' Here, pilots can
generate lead from the perceived physical motion
cues, thereby effectively reducing 7, allowing for a
higher gain, increasing the crossover frequency.>3
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Figure 9: Bode plots of the helicopter and pilot transfer
functions for the vertical position control loop.

The NMS dynamics model represents the com-
bined dynamics of the arms or legs of the pilot and
the control device.?* The NMS dynamics are mod-
eled as an underdamped mass-spring-damper sys-

tem, with identical parametrization for all DOFs:

2

wnms

19) Ynms(s) = .
(19) Yoms(s) 82 + 2CmsWnmsS + W2

Yaw controller The helicopter pedal to yaw posi-
tion transfer function is given as:

0.31
s(s+1.1)
The pilot will adopt the same control organization
as depicted in Fig. 8 for the vertical position loop.
The pilot feedback dynamics in response to this

second-order system will consist of a gain, a lead,
and a time delay, and NMS dynamics:

(1) Yy (s) = Ky (Ty,s + 1)e” ™Y ms(s).

(20) Hgi(s) =

The selected gain results in a crossover frequency
of 0.92 rad/s, see Fig. 10, which is lower than typ-
ical crossover values, which are usually measured
for joystick control devices and not for pedals oper-
ated by the feet.
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Figure 10: Bode plots of helicopter and pilot transfer
functions for the yaw position control loop.

Longitudinal and lateral controllers The pitch-
longitudinal and roll-lateral controllers have identi-
cal form, but different parameterizations. The pitch-
longitudinal controller consists of an outer loop re-
jecting disturbances in the forward velocity u, by
generating the pitch target 6; which is tracked by the
inner loop around 6, see Fig. 11.

The outer loop controller dynamics should equal-
ize the combined dynamics of 1) the inner loop
pitch controller, 2) the helicopter pitch dynamics,
and 3) the helicopter pitch to forward velocity dy-
namics. Here, we assume the combined dynamics
of the first two elements to be approximately equal
to a unity gain and a considerable lag. The heli-
copter pitch to forward velocity dynamics are ap-
proximately equal to:

_0.72(s — 3.7)(s +3.7)

(22) Hy(s) (s + 0.25)
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Figure 11: Pilot model block diagram for longitudinal ve-
locity and pitch attitude.

To the best of the authors’ knowledge, no stud-
ies investigated the feedback structure adopted by
human pilots when confronted with such system
dynamics. Therefore, we assume outer loop feed-
back dynamics that stabilize Hy by pole-zero can-
cellation, such that the combined open loop trans-
fer function approximates an integrator around the
crossover frequency.” The outer loop feedback
controller dynamics are given as:

(Tvés + 1)
(23) Yve (5) = Kve (Tvgs T 1)27
with 77,1 cancelling the pole at 0.25 rad/s, and T2
the zeros at 3.7 rad/s, see Table 4. ’
The pitch controller tracks the pitch target of the
outer loop controller with a combined feedforward
and feedback control strategy.?"23 The helicopter
cyclic pitch to pitch angle transfer function is:

(24)
3.4(s + 0.25)

H; (s) =

Experimental studies investigating human feedfor-
ward or feedback responses did not consider iden-
tical dynamics. A set of similar system dynamics was
considered in Ref. 24, whose results give reasons to
assume that the feedback dynamics will consist a
gain, a double lead, a time delay and NMS dynamics,
omitting argument s for aesthetic reasons:

(TgéS + 1)(T9§S + 1)

S

(25) Yy, = Ky

e eiTgeSYnmsa
with Tp: and Tj: placed close to the majority of the
poles and zeros of (24) to obtain single integrator
open loop dynamics around crossover.

The hover performance of the pilot model with-
out a feedforward element was found to be con-
siderably worse than actual human hover perfor-
mance. Therefore, a feedforward path consisting of
a gain, inverse system dynamics, and a time delay, 3
was included, which improved performance:

ERE
ng (T9t8 + 1)2

(26) Ygt(s) = th

(s +38)(s—0.5)(s?+ 1.1s 4+ 0.64)

Bode plots of all inner and outer loop pilot and heli-
copter transfer functions are shown in Fig. 12 for the
longitudinal and pitch controllers.
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Figure 12: Bode plots of helicopter and pilot transfer func-
tions for the outer and inner control loops on longitudi-
nal velocity and pitch angle. Bode plots for lateral velocity
and roll angle are similar.

6. MPMCA Cueing Example

So far, this paper presented many concepts novel to
motion cueing. Section 3 introduced the Model Pre-
dictive Controller, which calculates the optimal sim-
ulator trajectory based on a prediction of the future
inertial reference signal. Section 4 presented our ef-
forts to mitigate undesired accelerations due to the
oscillatory dynamics of the CMS. Then, Section 5
presented two methods for calculating the predic-
tion of future inertial reference signals. Before con-
tinuing the paper, we present data collected dur-
ing @ human-in-the-loop simulation, to provide in-
sight into the cueing obtained with the MPMCA if
the PMP method is used for prediction and the OM
is included in the controller. A supplementary video
is provided for additional insight into the method.™

6.1. Prediction

Fig. 13 compares the predicted inertial signals f2
and w} to the actual reference signals fx and w,,
plotted starting from the point in time when the
predictions were made. Predicted longitudinal spe-

cific forces, fr, see Fig. 13(a), resemble f, reason-
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Figure 13: Example of predicted inertial signals by the
PMP during a simulation. All colored lines resemble pre-
dictions.

ably well during the first 2 s of the horizon, but then
start to deviate, in approximately 50% of the cases.
Other predictions deviate directly from the start.
Note that the predicted accelerations converge to
a nonzero value, which is caused by 8¢, see Fig. 7.
In most cases, this improves the prediction, as fx
returns to zero very slowly.

Predicted roll rates, w}, see Fig. 13(a), are of-
ten correct in direction, magnitude and phase, es-
pecially during the first 2 s of the horizon. The
obtained results suggest that the inner loop con-
trollers resemble actual human behavior quite well,
while the outer loop controllers need improvement.

6.2. Cueing

Fig. 14 and 15 show the reference gy, expected y°,
and measured y™ inertial signals for each compo-
nent as produced by the MPMCA. The expected out-
put of the Classic Washout Algorithm (CWA) y°%?,
see Appendix A, that would result from applying the
same reference output, is shown for comparison.

6.2.1. Specific forces

The plotted measured specific forces f™ were low-
pass filtered with a second-order Butterworth filter
with a cutoff frequency of 2.5 Hz. Above 2.5 Hz, the
effects of the oscillatory dynamics of the CMS are
still clearly visible and would make it hard to see the

low-frequent differences that exist between f¢ and
™, see Fig. 14. These small differences are caused
by 1) the IMU placement: it cannot be exactly in the
head-reference point, it is approximately 20 cm be-
hind and to the right of the head, 2) possible dis-
crepancies in the kinematic model, 3) other electro-
mechanical effects in the system that might cause
undesired tilting of the cabin, such as play.

The expected specific forces of the MPMCA follow
the reference in the longitudinal and lateral DOFs
quite well, but not so good in the vertical DOF. That

is, most fluctuations in fx and fy are reproduced
in fy and f7 by forces in the same direction, with
similar magnitude, and generally in-phase; differ-
ences are often low-frequent offsets. Larger fluctu-
ations in fz are attenuated considerably, however,
and negatively affect the cueing of fw and fy, as
seen between 20 and 31 s and again between 42
and 52 seconds. Here, the MPMCA cannot repro-
duce all three specific forces simultaneously, and
sacrifices some dexterity in the horizontal plane, re-
sulting in some false cues in fs and f, in return
for more vertical motion capabilities. If desired, this
tendency can be reduced by increasing the weights
on f, and f,, or reducing the weight on f, in W,,.

Fig. 16(a) shows a detail of Fig. 14(a). Observe that
before 32 s, the oscillations in f;* are much larger
than after, even though f< contains similar fluctua-
tions. The OM is, apparently, able to cancel out cer-
tain vibrations, but not all. Possibly, the OM should
also consider potential couplings between excita-
tions in different directions.

6.2.2. Angular velocities

The reproduction of the angular velocities by the
MPMCA is very good in all DOFs, see Fig. 15. The ex-
pected and measured signals have almost identical
direction, gain, and the phase difference is small.

Fig. 15(c) shows that high frequent content in w,
is not reproduced in w$, even though the robot is
physically capable of producing high frequent yaw
motions with axis 1, which is aligned with the verti-
cal and located approximately 3 m behind the cabin.
The lack of high frequent content is then explained
by the large tangential acceleration that would re-
sult from large angular accelerations of axis 1. Ap-
parently, these cannot be compensated for by other
axes. wy and w;, are not affected, because these
motions can be produced with axes located much
closer to the head of the pilot.

Fig. 16(b) shows a detail of Fig. 15(a), from which
the phase differences can be observed better. The
expected roll rate appears to lag the reference by
approximately 100 ms, which is in part due to a
transport delay in the motion system of 48 ms. The
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Figure 16: Detail of example of cueing.

remainder is due to MPMCA attenuations, neces-
sary to keep the system within its limits or due to
the non-zero washout-term in the cost function.

7. Experiments

7.1. Experiment I: Oscillation model

A human-in-the-loop experiment was planned to
assess the importance of including the OM in the
MPMCA, by comparing hover performance for the
OM switched on and off. The experiment was
aborted after observing violent unstable oscilla-
tions in the lateral axis when the OM was switched
off, i.e., if structural oscillations were not prevented.

Fig. 17 shows a typical oscillation, which occurred
in the lateral DOF after 30 seconds of relatively
stable hover. At 29.7 s, the pilot gives a slightly

fuy m/s2, &y, deg

28 29 30 31 32 33 34

Figure 17: Example of an undamped oscillation occurring
when the OM is set to “off”. Control signal §,- was scaled
by a factor of 0.3 to improve visibility of other signals.

larger than normal control input, resulting in a small
change in fy, which is, however, amplified dramat-
ically by the actual system, see f,". The pilot re-
sponds with a corrective §,, command at 30.5 s re-
sulting in fy to change slightly in opposite direction.
Again, the actual system sees a much larger change
in specific force than expected. Between 29.5 and
32 s, the phase difference between the oscillations
in o, and f" is approximately 180 deg. Then, from
32 s onward, the phase difference is approximately
zero, and the oscillations grow rapidly. At 34 s, the
motion was terminated.

Similar oscillations were never observed if the
OM was switched on, and thus a thorough investi-
gation into the causality was not necessary. We be-
lieve the oscillations to be either pilot induced os-
cillations (PIO) resulting from delays and lag in the
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Figure 14: Example of cueing obtained by the MPMCA with PMP.
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Figure 15: Example of cueing obtained by the MPMCA with PMP.



entire simulation loop, aggravated by the oscilla-
tory properties of the simulator, or caused by biody-
namic feedthrough,?> where accelerations imposed
on the human arm (also a badly damped oscillatory
system) result in unintended control inputs to the
vehicle, that cause further accelerations and possi-
bly unstable behavior.

7.2. Experiment II: Prediction method

7.2.1. Experiment

A computer simulation experiment was performed
to compare the objective cueing performance of the
EDP and PMP methods. An experienced helicopter
pilot performed five trials of 60 s of hover in the sim-
ulator and his control signals were recorded. The
recorded control signals were then played back to
the Prediction Module, configured to use either the
PMP or the EDP for 13 different values of o, and ex-
pected output was recorded for comparison.

Two objective error metrics were considered.
First, the cost function output error term, evaluated
over the entire 60 s:

60/ts
@7) Jy = Y lly°(G) — 90wy
=0

which is a measure of the total cueing quality, and
second, the total normalized error for each channel
separately, as defined here for f,:

o/t (f() — 12(7))
@ e = L Gy

J=0

)

where ¢, is the simulation time step, equal to 6 ms.
The reported results are averaged over all five trials.

7.2.2. Results and discussion

Fig. 18(a) shows J,, as a function of «, note that re-
sults are plotted on a logarithmic scale. J,, is con-
siderably lower (better) for the PMP than for the
EDP method, for all values of «. At approximately
a = 2.5, the EDP method has a minimum total cost,
which might indeed be a good value for actual use.
Fig. 18(b) shows the total normalized error of each
channel as a function of « for the two prediction
approaches. It shows that especially the angular ve-
locities are cued much better with PMP than with
EDP, for all a. Specific forces are cued better for
0.1 < a < 1 with EDP, but for these values the
cueing of angular velocities is especially bad.
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Figure 18: Total cost and total normalized error as a func-
tion of «. Solid lines correspond to EDP, dashed lines to
PMP. Smaller values are better.

Future human-in-the-loop experiments should
reveal whether the clear differences in these ob-
jective metrics are indeed indicative of the cue-
ing quality perceived by humans. The results sug-
gest, however, that model-free methods such as the
EDP might provide acceptable cueing performance
if their parameters are selected properly. This selec-
tion process will not be trivial, as o apparently also
affects the trade-off between the different inertial
signals. That is, a particular o might work well for a
certain set of cost function weights, but not for an-
other, complicating the tuning process.

Experiment Ill: Comparison to Classic
Washout Algorithm

7.3.

7.3.1. Experiment

A human-in-the-loop helicopter hover experiment
was conducted to evaluate the functionality of the
MPMCA for a variety of pilots, and to determine
whether pilots achieve a comparable hover perfor-
mance level as that observed with the CWA that we
used in previous studies."® Based on the results of
Experiment Il, we selected the PMP method for use
with the MPMCA. See Appendix A for a detailed de-
scription of the CWA.

Subjects were instructed to perform a helicopter
hover task for 60 s and minimize the norm of the he-
licopter velocity vector. The first five seconds were
excluded, to limit the effect of starting transients.
The score, shown to the subject after each trial, rep-
resented the mean velocity vector norm:

60/ts
D te/u(h)? + 0(5)? + w(j)?.

J=5/ts

(29) D = 55

This error metric was selected, because the limited
FOV of the visual made it hard to perceive the ab-
solute location in space, especially in the longitudi-
nal direction. Thus, pilots did not attempt to move
back to the intended hover position after drifting



forward. A position error-based performance met-
ric would thus not be reflective of the stability of the
hover: a slight drift at the start of a trial followed by
a perfectly stable hover would result in a very high
score. The mean velocity vector norm reflects hover
performance better.

Four subjects performed the experiment: two pi-
lots with private pilot license, with 100 and 140 flight
hours on the Robinson R22 and R44, respectively,
and two non-pilots with approximately 20 hours of
simulator flight hours on the Robinson R44 model
used in this experiment. All subjects were male, the
average age was 29.5 years.

Before starting the experiment, subjects were
asked to perform as many training trials without
physical motion feedback as necessary, to reach a
stable level of performance. On average, subjects
performed 15 training trials. For each motion condi-
tion, subjects also performed as many trials as nec-
essary to obtain a stable level of performance, af-
ter which five repetitions were collected as the mea-
surement data.

7.3.2. Results

All subjects were able to maintain stable control
of the helicopter during all trials of all conditions.
The unstable oscillations, as reported in Section 7.1,
were not observed. Furthermore, no trials had to
be terminated due to MPMCA related problems. As
such, we consider the method sufficiently robust for
further experimental studies.

All subjects reported that during the MPMCA tri-
als, they were able to perceive physical motion that
“makes sense” and was “smooth”. They furthermore
reported that they “were actively using the motion
cues”, but this cannot be confirmed with objective
metrics from the measured data. The CWA motion
was described as “very hard to perceive” and “rough
and bumpy”. The latter is most likely due to the
Cartesian controller attempting to avoid axes lim-
its and the uncompensated oscillatory dynamics of
the CMS. For all conditions, subjects reported it was
“hard to prevent drifting".

Fig. 19 shows the obtained scores, averaged over
the five measurement trials for each subject sepa-
rately, and averaged over all subjects. The limited
number of participants does not allow for a rigorous
statistical analysis. We nevertheless observe that, 1)
all participants obtained similar scores for both con-
ditions, and 2) scores averaged over all participants
are highly similar between the two MCAs.
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Figure 19: Mean velocity vector norm. Connected mark-
ers indicate results of individual subjects, solid lines indi-
cate results averaged over all subjects.

7.3.3. Discussion

First, it is important to stress that a thorough eval-
uation of MPMCA versus CWA motion feedback is
beyond the scope of this experiment. Instead, the
experiment successfully showed that the MPMCA
does not result in considerably worse hover perfor-
mance than our CWA implementation. The CWA im-
plementation cannot be improved further, given the
limited Cartesian motion capabilities required by
the CWA. As such, improving the MPMCA is clearly
a more promising way forward.

8. Discussion

This paper presented results from the first human-
in-the-loop helicopter hover experiment on a se-
rial robot-based simulator with an MPMCA. Three
experiments were presented, showing encouraging
results. Still, many improvements are to be made
and further experimental studies are necessary to
determine whether pilots can make effective use of
MPMCA motion cues. Here, we discuss the mostim-
portant points for improvement.

First, we believe it to be worthwhile to investi-
gate hybrid prediction methods that consist of sim-
ple linear filters whose form and parametrization
is guided by the pilot model approach. Such meth-
ods would not require complex and computation-
ally heavy prediction simulation schemes, but might
still provide acceptable prediction performance.

The model-based approach should, however, be
the first choice if the cueing performance is to be
maximized. The presented pilot model-based pre-
diction method can be improved considerably in
many different areas. The method is sensitive to
noise and rapidly changing control inputs, which
cause the prediction to change rapidly as well. State
estimation of the pilot model, based on measured
inputs and control signals, might resolve this prob-
lem. The form and parametrization of the pilot
model should be based on system identification



analyses with the actual helicopter dynamics, in-
stead of creative extrapolations of experimental re-
sults with similar dynamics. Once a reliable model
is obtained that works for most pilots, personalized
models can be identified from or during the human-
in-the-loop simulation.

Finally, improvements to the MPMCA can be
made, independent of the used prediction method.
The current washout position was manually se-
lected based on insight into the kinematic proper-
ties of the robot. An optimization-based approach
might reveal a better, but non-trivial, washout po-
sition. Furthermore, the currently selected output
error weights were not tuned based on subjective
or objective pilot feedback, which might further im-
prove the perceived quality of the motion feedback.
Note, however, that an almost perfect reproduction
of a well-controlled helicopter hover should not ex-
ceed the kinematic capabilities of the robot,™ in
which case the selected output error weights would
become irrelevant. That is, as the accuracy of the
prediction is further improved, the need for ‘tuning’
the cost function weights should decrease.

9. Conclusion

This paper presented results from human-in-the-
loop experiments with a novel Model Predictive Mo-
tion Cueing Algorithm (MPMCA). A central element
of the method, described in detail, is a model-based
prediction method, simulating a model of a human
pilot in control of a helicopter. Experimental re-
sults show that the method is capable of resolving
two important challenges associated with the use
of serial robot-based simulators. First, the MPMCA
is able to fully exploit the entire workspace of the
simulator, and reproduce the inertial reference sig-
nals with high accuracy. Second, the MPMCA is able
to drastically reduce unwanted oscillations in real-
time, resulting from the mechanical design of the
simulator, during human-in-the-loop simulations.

A. Appendix: CWA

The MCA referred to throughout this paper consists
of a CWA giving position and attitude setpoits to a
Cartesian Control Law (CCL) developed for the CMS.
The CCL transforms setpoints in Cartesian space to
setpoints for the individual axes of the serial robot.
The structure of the CWA was identical to the Uni-
versity of Toronto CWA2%27, The third-order specific
force high-pass filters were identical for all DOFs:

$3

(s +0.5)%2(s+0.3)°

(30) thf =

The specific force low-pass filters were:

0.075

G His = 550526 1 0.3)°

The angular velocity high-pass filters were:

S

(32) Hpp, = m

Based on the comments of a licensed helicopter pi-
lot, the scaling factors for the specific forces were
setto 0.1 in all DOFs. The scaling factors for angular
rates were set to 0.3 in all DOFs.

For this study, we used the CCL of Ref. 7, which
was later extended to use the linear rail. The CCL
extends the classic kinematic inversion formulation
to account for simulator joint and actuator con-
straints, by redefining it as a Task Priority inversion
problem.?® That is, the main task is divided into
three subtasks with different priorities, in order of
importance: 1) following the desired orientation, 2)
following the desired position, 3) accomplish both
tasks if the robot is not close to singularities.

Task Priority inversion avoids singularities and
joint position limits, but does not account for veloc-
ities and accelerations limits. Hence, an additional
saturation scheme is applied,2® which prevents the
control velocity vector from exceeding limits result-
ing from joint limits. Saturating the velocity vector,
instead of the individual joint commands, ensures
that the direction of the control vector remains un-
altered, preventing off-axis distortions of the mo-
tion.
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