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EXECUTIVE SUMMARY 

This report describes the research being conducted in the area of cueing 

algorithms for the control of flight simulator motion systems. The research that has been 

conducted to date is summarized along with the proposed research to be completed. The 

research discussed is being conducted in four phases: linear optimal cueing alg01ithm 

development, vestibular and human perceptual system modeling, nonlinear cueing 

algotithm development, and cueing algorithm performance testing. The first two phases 

of research have been completed, the third is nearly complete, and fourth is cmTently in 

progress. 

Introduction 

The objective of a motion system, when used in conjunction with a visual system, 

is to stimulate the pilot so that he can perceive the required motion cues necessary to fly 

the simulator within the same performance and control activity as the aircraft. An 

example of a motion system is the six-degree-of-freedom hexapod shown in Figure E.l. 

Figure E.1. Six-Degree-of-Freedom Hexapod Motion System. 
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Platfonn motion allows the pilot to react more quickly to simulated aircraft 

motion as compared to visual stimuli alone, thus enabling him to co1Tect (and reduce the 

magnitude) of any deviation sooner than having to wait for the information visually. 

Without motion cues the pilot's perception of the simulated vehicle motion is degraded 

and the aircraft response feels slower. 

The vehicle simulation structure for a motion system is shown in Figure E.2. The 

operator control inputs dJive a mathematical model of the vehicle dynamics, generating 

the vehicle states. The desired motion cues and platfo!Tn states are produced by passing 

the vehicle states through the motion cueing algo!ithm. The desired platfo!Tn states are 

then transformed from degree-of-freedom space to actuator space, generating the desired 

commands to the six actuators. The actuator motion commands serve as input to the 

closed-loop platfo!Tn dynamics, resulting in actual simulator motion. 

Shnulator Vehicle Dynantlcs 
Control Input Model 

Vehicle States 

Motion Cueing 
Algorithm 

Desired 
Platforn1 States 

Kinentatic 
Transformation 

Actuator Extension 
Conunands 

Platform Platforn1 
DynamJcs Motion 

Figure E.2. Vehicle Simulation Structure. 
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The motion cueing algorithm generates the desired motion cues that are 

constrained within the physical limits of the motion system. The magnitude of the cues is 

reduced by scaling and limiting the vehicle states. The duration of the cues is limited by 

a technique known as washout. Washout involves returning the platform state to a 

neutral position following the initial, or "onset" portion of a motion cue, thus "washing 

out" the resulting cue at levels below the pilot's perceptual threshold. This is 

accomplished by passing the vehicle state through a high-pass filter, removing long-

duration (low-frequency) motion components. Figure E.3 shows the response of a 

washout filter to an acceleration ramp to step input. Early approaches to washout 

filtering used simple (first- and second-order) linear filters in which the ratio of onset to 

washout duration was fixed. Nonlinear approaches were later developed where this ratio 

varied with time. 
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.Figure E.3. Response of a Washout Filter to a Ramp to Step Input. 
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The otolith organs in the human vestibular system sense both acceleration and 

tilting of the pilot's head with respect to the gravity vector. Since the otoliths cannot 

discriminate between acceleration and tilt, this phenomenon, known as tilt coordination, 

can be used to advantage in motion simulation. For long-term specific force simulation, 

acceleration cues simulated by high-pass washout filters are augmented by tilting the 

motion platform at a rate below the pilot's perceptual threshold. This additional cue 

results from passing the vehicle acceleration through a low-pass filter to produce the 

desired long-duration tilt cue. Tilt coordination is implemented in a motion cueing 

algotithm by adding additional filters in the longitudinal (pitch/surge) and lateral 

(roll/sway) modes that produce the additional cues. For this reason four separate modes 

are implemented in a motion cueing alg01ithm: longitudinal, lateral, yaw, and heave. 

Linear Optimal Motion Cueing Algorithm 

Two viable approaches to motion cueing were identified from p1ior research. The 

first technique is a modification of the coordinated adaptive washout algorithm, or 

"adaptive algotithm" developed at NASA. The objective of this alg01ithm is to adjust the 

motion platform response based upon its cmTent motion states by minimizing a cost 

function in real time. The cost function is minimized by continuously adjusting a set of 

adaptive parameters by the method of steepest descent. This technique has at its basis the 

minimization of state ell"or between the aircraft and simulator. 

The second technique is the "optimal algotithm" that was implemented at the 

University of Toronto Institute of Aerospace Studies (UTIAS). For this alg01ithm, 

optimal control techniques are used to develop a matrix of transfer functions that relate 

the desired simulator motion input to the aircraft input such that a cost function 
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constraining the pilot sensation error (between simulator and aircraft) is minimized. The 

stmcture of this problem is illustrated in Figure E.4. 

- Vestibular 
System 

Aircraft Pilot 

Aircraft 
' 

Sensation 
States uA_ Error e 

• 

Simulator 

W(s) 
States us Platform ...... Vestibular 

- Dynamics System -
Simulator Pilot 

Figure E.4. Optimal Algorithm Problem Structure. 

Mathematical models of the human vestibular system are used in the filter 

development. The algorithm generates the linear, time-invariant filters by an off-line 

program, and these filters are then implemented on-line. 

Previous optimal algorithm developments have been based upon different 

rotational degree-of-freedom control inputs. A variation of the optimal algorithm was 

formulated using simulated aircraft angular velocity as input. Models of the human 

vestibular sensation system, i.e. the semicircular canals and otoliths, were incorporated 

within the algorithm. Compaiisons of cueing responses showed a significant 

improvement over a formulation using angular acceleration input. Results also compared 

favorably with the coordinated adaptive washout algorithm, yielding similar results for 

ix 



angular velocity cues while eliminating false cues produced by the adaptive algmithm 

and reducing the tilt rate for longitudinal cues. 

Vestibular System Modeling 

Literature studies in motion sensation and the vestibular system have been 

conducted to develop sensation models of the semicircular canals and otoliths most 

consistent with both expetimental and theoretical analyses. From these studies, the 

following transfer function that best relates the afferent response of the semicircular 

canals to the acceleration stimulus is proposed: 

AFR(s) 

a(s) 
80s (1+0.06s) 

3
.4

4 
(1+80s) (1+5.73s )(1+0.005s) 

This transfer function consists of a second-order torsion-pendulum operator representing 

the canal dynamics that is augmented with adaptation and lead mechanisms that arise 

from the mechano-neural transduction system. 

Several existing models were reviewed that charactetize the specific force 

response dynamics. ExpeJimental research in the ocular torsion response of human 

subjects resulted in a second-order model with a first-order lead component, with a sho1t 

time constant of 0.66 seconds. From this model and physiological knowledge, a first-

order lead-lag model of the afferent dynamics was estimated. Physiological experiments 

measuring the afferent response resulted in an otolith mechanics time constant of 0.016 

seconds. Based upon these results, the following otolith model was synthesized: 

AFR(s) 

f(s) 

(10s + 1) 
33.3-~--~-

(Ss + l)(0.016s + 1) 

The physiological experiments also resulted in models containing a fractional 

exponent te1m in the transfer function. Time responses were detived for these models 
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using fractional calculus with a series approximation. The responses from these models 

are compared to the response obtained from the proposed model. This comparison 

illustrates that the proposed model is a reasonable approximation to the more complex 

physiological models. 

Integrated Human Perception Model 

Literature studies of the characteristics of visually induced motion sensation 

(nmmally known as vection) and the visual-vestibular interaction have also been 

conducted. The purpose of these studies was to develop a model of human motion 

perception that includes both visual and vestibular stimuli and incorporates the 

interaction between the stimuli. 

The general characteristics of visually induced self-motion in the absence of 

confirming vestibular stimuli as supported in the literature is summarized. Several 

experiments are also described that quantify the latency of the onset of vection. 

Existing models were reviewed that charactetize the visual-vestibular interaction. 

It was revealed that a simple linear summation of the cues failed to predict the perceived 

response, suggesting that each cue must be weighted based on the amount of inter-cue 

conflict. It was also suggested that the visual estimate of self-motion is an optokinetic 

influence that is fotmed by filteting the difference between the cues through a first-order 

low-pass filter. 

A visual-vestibular interaction model for rotational motion is proposed. The 

model incorporates mathematical models of the semicircular canals and visual sensory 

dynamics. The model also includes a conflict signal estimator that controls the 

optokinetic influence gain. This conflict estimator includes the effect of the latency to 
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onset of vection. A model for translational motion is also proposed, incorporating a 

mathematical model of the otolith dynamics. Model responses with either separate visual 

or vestibular cues and responses to confirming cues are examined. 

Nonlinear Motion Cueing Algorithm 

A novel approach to motion cueing is proposed, combining features of the 

adaptive and optimal algorithms, and incorporating the revised vestibular models and the 

proposed integrated motion perception model. The structure for this algorithm is 

illustrated in Figure E.S. 

The algmithm is formulated as an optimal control problem. The system equation 

is developed by the same technique as the linear optimal alg01ithm. A nonlinear control 

law that is based on the motion platform and perceptual eITor states is applied to generate 

a coefficient a in real time. This coefficient a represents a prescribed degree of stability 

in the closed-loop system that is used to solve the Riccati equation in real time: 

(A+ al)P(a) + P(a)(A +al)- P(a)BR;'BTP(a) + R; = 0 

The solution to the Riccati equation P (a) results in a nonlinear cueing filter 

than can be adjusted in real time based on the system states. The order of these filters 

varies from 5•h-order for the single-degree-of-freedom yaw and heave filters to l l 1h-order 

for the two-degree-of-freedom longitudinal and lateral filters. 
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Figure E.5. Problem Structure for Nonlinear Optimal Cueing Algorithm. 

The initial solution to the Riccati equation is generated by the same off-line 

MATLAB routine used to solve the equation for the linear optimal algorithm. For the 

real time solution, a technique is desired such that operations computationally intensive 

in real time (e.g. matrix inversion) are not pe1formed. Based on this, a neurocomputing 

approach is chosen to solve the Riccati equation in real time: 

where V (t) represents the computational result of P, with the effor signal e(t) given as 
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with z (t) representing a pattern of excitatory input signals. The constant µ is a learning 

parameter used to scale the rate of convergence. 

Results for the single-degree-of-freedom yaw mode reveal that the nonlinear 

algmithm improves the motion cues by reducing the magnitude of negative cues and 

producing a faster washout response. The single-degree-of-freedom heave mode 

responses show a reduction in the peak onset displacement command that, when scaling 

the response within the motion platform limits, will yield an increased onset cue. The 

neurocomputing solver yields responses that are robust with respect to the closed-loop 

eigenvalues, with less computational burden as compared to a second neurocomputing 

solver evaluated. 

Results for the two-degree-of-freedom yaw mode show that the inclusion of the 

integrated perception model in the linear algorithm produces an improved specific force 

response with no washout. Application of the nonlinear algorithm does not change the 

specific force response, but yields a reduction in the translational displacement command 

with an increase in the angular tilt. The benefit of this change will be further 

investigated. 

Comparisons of the responses of degree-of-freedom commands will be made 

between the nonlinear algolithm and the adaptive algolithm. Compaiisons will be made 

of specific force at the pilot's head and platform angular velocity, as well as responses 

filtered through the revised vestibular system models and the integrated perception 

model. 
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Cueing Algorithm Piloted Performance Testing 

The effectiveness of the nonlinear algorithm as compared to the cmTent adaptive 

and optimal algorithms will be assessed in piloted simulations. Testing will be conducted 

on two motion systems at the NASA Langley Research Center: the Visual Motion 

Simulator (VMS) and the Cockpit Motion Facility (CMF). Preliminary testing is 

cmTently being perf01med on the VMS with the adaptive and linear optimal algorithms. 

Final testing and evaluation will be conducted on the CMF with the proposed algorithm. 

A group of pilots will execute a set of maneuvers on the CMF. The pilot control 

inputs (throttle, elevator, aileron, and rudder) will be sampled. Accelerometer 

measurements for specific force and angular acceleration at the platform motion-base 

centroid in six degrees of freedom will be recorded. The simulated aircraft input for 

acceleration and velocity computed at the motion-base centroid will also be sampled for 

each maneuver. 

Pilot perception (as computed from the proposed vestibular models and the 

proposed integrated perception model) will be recorded for each maneuver. From pilot 

control inputs, power spectral density, crossover frequency, and phase angle will be 

analyzed to quantify the effect of motion platform response upon pilot performance. Each 

maneuver will also be evaluated subjectively by the pilot, using the Cooper-Harper rating 

scale as a metric. From these data, the fidelity of each algorithm will be benchmarked in 

replicating pilot performance and workload of actual aircraft maneuvers. 

In addition to the Link Foundation Fellowship, this work has also been suppotied 

by the NASA Langley Research Center in Hampton, Virginia. 
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NOMENCLATURE 

Symbols 

a 

A,B,C,D,H 

A' 

d,e,8,y,J.., 

E{ } 

E 

e 

F 

Fr 

f 

J 

g 

J 

K 

acceleration of a point 

otolith sensation model break frequencies 

coordinates of the upper beating block of the j-th actuator 

coordinates of the lower beating block of the j-th actuator 

matrices of the state-space model of a control system 

system mallix of the standard form optimal control system 

coefficients of the nonlinear scaling polynomial 

NASA adaptive algorithm washout parameters 

mathematical mean of a statistical variable 

objective function or energy norm for neurocomputing solvers 

pilot sensation or perceptual eJTor 

matrix of activation functions for neurocomputing solver l 

reference frame 

specific force 

sensed specific force 

gain sensitivities in the otolith and semicircular canals models 

acceleration due to gravity 

system cost function 

matlix that relates the states of the optimal control 
system with the input to the controlled plant 
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Ksub 

L 

p 

R 

s 

s 

Ts 

U,V,Y,Z,A 

u 

u' 

w 

W(s) 

x 

a 

NASA adaptive algolithm steepest descent parameters 

displacement of the i-th motion platform actuator 

transformation matrix from simulator into ine1tial frame 

cholesky factor of the Riccati equation solution 

solution of the algebraic Riccati equation 

weighting mal!ices in a cost function (tracking form) 

weighting matrices for nonlinear algorithm control law 

weighting matrices in a cost function (standard form) 

radius vector 

simulator centroid displacement 

Laplace variable 

slopes of the nonlinear gain polynomial 

transfmmation matrix from angular velocity to Euler angle rates 

coefficients in the semicircular canal sensation model 

matrices of activation states for neurocomputing solvers 

input to a control system 

input to the standard form optimal control system 

white noise 

optimal algorithm transfer function matrix 

system state vector 

output of the pilot's vestibular system 

presclibed degree of stability for nonlinear algmithm 

xviii 



Euler angles p = [¢ e !fl ]T 

y 

1), p 

µ 

A, 

regularization parameter for neurocomputing solver 1 

steepest descent coefficients for neurocomputing solver 1 

learning parameter for neurocomputing solver 2 

lagrangian multiplier for neurocomputing solver 1 

time constants in the semicircular and otolith sensation models 

Ol angular velocity about the body frame ro = [p q r ]T 

sensed angular velocity 

Subscripts 

In most cases, subscripts indicate to what the main symbol is related. 

()A relates to aircraft 

()co relates to center of gravity of aircraft 

( )d relates to simulator states included in the cost function 

( )1 relates to inertial reference frame 

( ) 0 relates to white noise input states 

( ) 010 relates to otolith model 

( )ps relates to pilot in the simulator 

( )s relates to simulator 

( )sR relates to simulator rotation 

( )sec relates to semicircular canals sensation model 

( )sT relates to simulator tilt coordination channel 

( )v relates to pilot's vestibular model 

( )x,y,z x,y, or z components 
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Superscripts 

In most cases, supersciipts indicate which reference frame the main symbol is in 

()A in aircraft reference frame FrA 

( )1 in ine1tial reference frame Fr1 

( )
8 in simulator reference frame Frs 
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1 BACKGROUND INFORMATION 

1.1 Effect of Simulator Motion on Human Performance 

Gundry1 noted that there is less evidence suppo11ing motion improving pilot 

performance in low gain, open loop maneuvers. As the maneuver task becomes more 

demanding, i.e. high gain and closed loop, motion cues become more imp011ant. 

Buckingham2 showed that the absence of motion leads to a dramatic reduction in pilot 

pe1formance and perceived handling qualities. Meiry3 observed that the presence of 

maneuver motion with stable platform dynamics does little to improve control. For 

unstable dynamics, however, maneuver motion allowed the operator to control the 

platform, even in unstable regions where control by visual cues alone was impossible. 

Gundry4 reported that Douvillier, et al, Fedderson, Mathney, Pen·y and Naish, and 

Tremblay, et al. observed when motion was provided, there was an increase in high

frequency, low-amplitude control movements that appear more like movements observed 

du1ing flight as compared to control activity in a fixed-base simulator. Gundry noted that 

Perry and Naish compared pilot control activity of both fixed-base and moving-base 

simulation of a flight through heavy turbulence, and observed a considerable reduction in 

the roll disturbance with motion present. The presence of motion produced pilot output 

with more rapid and accurate control. These results show that when an aircraft is 

subjected to turbulence in flight, the pilot uses roll and pitch motion as information to 

correct his attitude. It is observed that platform motion in response to external 

disturbance and maneuvering allows the operator to control the platf01m using similar 

sensory cues used in flight. 

Hall5 noted that platform motion remains the only currently available technology 

that can provide motion cueing of both direction and magnitude without requiring 
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additional learning, because the pilot's proprioceptive sensors are stimulated in the sho1t 

te1m in the same manner as in flight. The presence of motion will allow the pilot to 

achieve a task closer to that seen in the aircraft since he uses a similar set of sensory cues, 

especially when forced to operate in a high gain manner. Hall then summarizes that 

motion becomes Jess important when the vehicle is easy to fly, the task can be performed 

with low pilot workload and gain, and disturbance motion is either absent or does not 

require con-ective action. Platform motion becomes increasingly important as task 

difficulty and pilot control gain increase, and are essential in the absence of good, wide 

field of view visual cues (e.g. flying in clouds, at night), and necessary for high gain tasks 

even with strong visual cues. Hall concludes that motion cueing is essential when a pilot 

must either react quickly in response to an unexpected disturbance, or when the pilot 

must control a vehicle with low stability. 

1.2 Reference Frames 

A series of reference frames are used in the definition of the motion cueing 

algorithms. These reference frames are defined below and are shown in Figure 1.1. 

Frame FrcG 

The aircraft center of gravity reference frame FrcG has its origin at the center of 

gravity of the aircraft. Frame FrCG has an mientation for XCG, Y co, and Zea that is 

parallel to reference frames Frs and FrA. 

Frames Frs and Fr A 

The simulator reference frame Frs has its origin at the centroid of the simulator 

payload platform, i.e. the centroid of the upper bearing attachment points. It is fixed with 

respect to the simulator payload platform. Xs points forward and Zs points downward 
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with respect to the simulator cockpit, and Y s points toward the pilot's right hand side. 

The x-y plane is parallel to the floor of the cockpit. The aircraft reference frame Fr A has 

its origin at the same relative cockpit location as the simulator reference frame Frs. FrA 

has the same orientation for XA, YA• and ZA with respect to the cockpit as the simulator 

frame Frs. 

Frames Frps and FrrA 

This is a frame attached to the simulator pilot's head with its origin located at a 

point midway between his left and right vestibular systems. Frame Frps has an 

01ientation for Xrs, Yps, and Zps that is parallel to FrA and Frs. Frame FrrA is attached to 

the aircraft pilot's head with its origin located at a point midway between his left and 

right vestibular systems. Frame FrrA has the same orientation for XpA, YrA, and ZpA as 

Frps. 

Frame Fr1 

The inertial reference frame Fr1 is eaith-fixed with Z1 aligned with the gravity 

vector g. Its 01igin is located at the center of the fixed platf01m motion base. X1 points 

forward and Y1 points to the right hand side with respect to the simulator pilot. 

Reference Frame Locations 

In Figure l. l are four vectors that define the relative location of the reference 

frames. R1 defines the location of Frs with respect to Fr,. Rs defines the location of Frrs 

with respect to Frs. Similarly, RA defines the location of FrrA with respect to FrA, where 

RA = Rs. RcG defines the location of FrA with respect to FrCG. 
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Figure 1.1. Reference Frame Locations. 
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1.3 Coordinate Transformations 

The orientation between the body-fixed reference frame Frs and the ine1tial 

reference frame Fr1 can be specified by three Euler angles: p =[\fl e V'r that define a 

sequence of rotations that can·y Frs into Fr1. A vector V expressed in the two frames can 

be related by the transformation matrix L1s (Fr1 to Frs) or Ls1 (Frs to Fr1), with 

vs =Lis V1 and V1 =LSI vs' where LIS = L"~I = L~I' and 

[

cose cos V' sin \fl sine cos V' -cos¢ sin V' cos \fl sine cos V' +sin \fl sin V'l 
Ls1 = cosesinl/f sin\flsinesinl/f+cos\flcosl/f cos¢sinesinV1-sin¢cos!/f 

-sine sin\flcose cos\flcose 

(1.1) 

The angular velocity of Frs with respect to Fr1 can be related to the Euler angle 

rates p by the following expression. Let <o~ represent the components of this angular 

velocity in frame Frs, then p =Ts <o~, where 

and <o~ = T~1 p , where 

sin \fl tan e cos¢ tan el 
cos\fl -sin¢ 

sin¢sece cos\flsecl:l 

0 

cos¢ 

-sin¢ 

-sine l 
sin\flcose 

cos\flcosB 

(1.2) 

(1.3) 

Note that in this example the body-fixed aircraft reference frame FrA can replace the 

body-fixed simulator reference frame Fr8• 
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Figure 1.2. Geometry of a Six-Degree-of-Freedom Synergistic Motion-Base. 
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1.4 Actuator Extensions 

The geometry of a six-degree-of-freedom synergistic motion-base is given in 

Figure 1.2. The relevant vectors relating the locations of the upper and lower bearings of 

the j-th actuator are shown below in Figure 1.3. 

01 

Figure 1.3. Vectors for the j-th actuator. 

In Figure 1.3 Os and 01 are the centroids of the payload platfo1m and fixed platform 

respectively, and are respectively the migins for Frs and Fr1. It can be seen that the 

relation among those vectors is 

(1.4) 

Then the actuator length vector can be found from 

(1.5) 

The expression of 11 in the inertial reference frame Fr1 is desired: 

tJ =A!+ R1 -n: 
= Ls1Af + RI - n; (1.6) 
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where A~ are the coordinates of the upper bearing attachment point of the j-th actuator in 

Frs and B; are the coordinates of the lower bearing attachment point of the j-th actuator 

in Fr1• The actuator extensions can then be found from 

t.tf =if (t )- lf ( 0) 
= (Ls1 (t )- Ls1 (O))Af + (R, (t)- R1 (0)) 

(1.7) 

Usually the actuator extension is computed from a neutral platfo1m position, where 

Ls1 (0) = I ( I is the identity mahix), and R1 = 0, therefore 

(1.8) 

1.5 Nonlinear Input Scaling 

Limiting and scaling are applied to both aircraft translational input signals a~ 

and rotational input signals ro1. Limiting and scaling modify the amplitude of the input 

uniformly across all frequencies. Limiting is a nonlinear process that clips the signal so 

that it is limited to be less than a given magnitude. Limiting and scaling can be used to 

reduce the motion response of a flight simulator. A nonlinear scaling algorithm was 

developed by Wu6 and has been implemented in the simulator motion cueing algorithms. 

When the magnitude of input to the simulator motion system is small, the gain is 

desired to be relatively high otherwise the output may be below the pilot's perception 

threshold. When the magnitude of input is high, the gain is desired to be relatively low 

otherwise the simulator may attempt to go beyond the hardware limits. Let us define the 

input as x and the output as y. Now define x"""' as the expected maximum input and y""" 

as the maximum output, and s0 and s1 as the slopes at x = 0 and x = x"'" respectively. 

Four desired characteristics for the nonlinear scaling are expressed as: 
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(!) x=O~y=O; 

(2) x = x"'" ~ y = Ymxx ; 

(3) lL0 =So ; 

(4) lL .. _ =SI; 

A third-order polynomial is then employed to provide functions with all the desired 

characteristics. This polynomial will be of the form y == c3x
3 + c2x

2 + c1x + c0 , where 

C0 =0 

C1::::: So 

C2::::: x;~x (3Ymax - 2SoXmax - Slxrnax) 

C3::::: x;~x (So-'0 max - 2Ymax + S1~\'.ni..v:) 

One example of this nonlinear gain is shown in Figure 1.4, with parameters set as xma, = 

10, Yn"" = 6, s0 = 1.0, s1 = 0.1. 

Nonlinear Scaling 
6,~~~~-~~~-~~~~--~~~-· 

5 

4 ... 

' '/ 

2 /' 

I 

'/ 

/;/ - ' - - '- - ' 

•/ 
I 

'/. 
/ 

/. 

0 ~~~~~~~ 

0 2345678910 

Input X 

Figure 1.4. Nonlinear Scaling. 

1.6 Specific Force at the Pilot's Head 

The purpose of the motion cueing algorithm is to create a specific force vector 

and an angular velocity vector at the pilot's location in the simulator that approximates 
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the sensation that the pilot would experience in an actual aircraft. The relation between 

the specific force acting on the simulator pilot and the specific force at the origin of the 

simulator reference frame can be found from 

s s Both fps and ro8 are used to compute sensed responses using the vestibular models 

discussed in Section 3. Similar expressions can be obtained for the specific force and 

angular velocity at the aircraft pilot's head. 
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2 LINEAR OPTIMAL MOTION CUEING ALGORITHM 

Two viable approaches to motion cueing have been identified from research 

conducted by Wu and Cardullo7
• The first technique is a modification of the coordinated 

adaptive washout algmithm developed by Parrish, et al. 8
, hereafter referred to as the 

"adaptive algmithm". The second technique is the "optimal algmithm", based on that 

which was first developed by Sivan, et al.9
, and later implemented by Reid and Nahon 10

• 

2.1 Coordinated Adaptive Washout Algorithm 

The intent of the adaptive algorithm is to adjust the response of the simulator 

washout filters in real time according to the cuJTent state of the simulator. The block 

diagram for this algmithm is shown in Figure 2.1. There are separate filte1ing channels 

for the translational and rotational degrees of freedom with a crossover path to provide 

the steady state or tilt coordination cues. 

The aircraft acceleration vector a~ is first limited and the nonlinear scaling is 

applied. The aircraft specific force r; is then computed and transformed from the 

simulator frame Frs into the ine1tial frame Fr,. Next the gravity vector is subtracted to 

produce the ine1tial acceleration a~, which is passed through a translational channel with 

an adaptive gain It to produce a simulator translational acceleration command S' . This 

acceleration is integrated to produce the velocity S' , which is then integrated to produce 

the simulator translational position command S' . Both the velocity and displacement are 

employed as feedback. 

The aircraft angular velocity vector ro~ is limited and scaled similar to the 

translational channel, with the resulting vector being transformed to the Euler angular 

rate vector p A. This vector is passed through the rotational channel with an adaptive 
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gain 8 to produce the vector Psa . The tilt coordination rate PST is formed from the 

acceleration a~ being passed through the crossover channel with a fixed gain y. The 

summation of PST and Psa will yield Ps, which is then integrated to generate Ps, the 

simulator angular position command. 

Ls1 and Ts can be formed by Equations (1.1) and (1.2). Then the simulator 

translational position S1 and the angular position Ps are used to transform the simulator 

motion from degree-of-freedom space to actuator space, generating the actuator 

commands required to achieve the desired platform motion. 

The control equations for the longitudinal mode for the adaptive algorithm are 

presented below. The control law is given by the following expressions: 

(2.1) 

where d.,, ex, and Y., are fixed parameters, and Ax and 8x are the adaptive parameters 

that are continuously adjusted in an attempt to minimize the instantaneous value of the 

cost function. The cost function is defined as 

J =.!_(a' _ s' )2 + Wx (8 _8 )2 + b,, (s' )2 + C, (s' )2 
"2A<x 2AS 2-' 2" (2.2) 

where Wx , b,, , and C, are constant weights that penalize the difference in response 

between the aircraft and simulator, as well as restraining the translational velocity and 

displacement in the simulator. 

The adaptive parameters A, and 8x are adjusted by steepest descent as given by 
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(2.3) . oJ ox = - K•, oox + K,•, ( o,o - o,) 
x 

where K;,,, K0,,, K•,, and K,., are constants. The first light-hand side term of each 

equation defines that the change of the adaptive parameter is toward a minimum and 

together with the second term defining the rate of change. The second term also restrains 

the deviation of either A.., or 8, from their original values. 

Wu6 made two modifications from the miginal development proposed by PatTish8
. 

The first modification was the inclusion of the nonlinear scaling described in the last 

section. The second modification was the addition of a 0.5 rad/sec2 limit on the tilt 

channel angular acceleration that eliminated simulator translational acceleration spikes 

observed in the original development. 
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Figure 2.1. Coordinated Adaptive Washout Algorithm. 
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2.2 Linear Optimal Algorithm Description 

In developing a set of optimal washout filters, the problem is to determine a mattix 

of linear transfer functions W(s) that relates the simulator motion input to the aircraft 

motion input so that a cost function constraining the sensation eJTor between the aircraft 

and simulator pilot is minimized. The structure of the problem is illustrated in Figure 2.2. 

- Vestibular 
System 

Aircraft Pilot 

Aircraft Sensation 
States uA- Errore 

' 

Simulator 

W(s) 
States u8 Platform .... Vestibular - -Dynamics System 

Simulator Pilot 

Figure 2.2. Optimal Algorithm Problem Structure. 

A mathematical model of the human vestibular system is used in the filter 

development. The optimal algorithm generates the optimized transfer functions W(s) by 

an off-line program, which are then implemented on-line. W(s) will relate the simulator 

motion states to the aircraft states by Us = W(s) x uA. The simulator states Us are then 

used to generate the desired motion-base commands. 
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W(s) is optimized by minimizing the cost function 

J = E{J,~ (eTQe + x!R0x0 + u~Ru8 )dt} 

where e is the sensation etrnr between the aircraft and simulator pilots, u8 represents the 

simulator inputs, and x0 represents additional states that define the simulator motion. Q 

and R0 are positive semi-definite matrices, and R is a positive definite mattix. The 

parameters in these matrices determine the weight of each tetm in the cost function. 

In the original development the optimal washout was performed in the pilot head 

reference frame Frps. Reid and Nahon 10 noted that this frame selection was chosen to 

eliminate sensation cross-couplings that made the calculation of W(s) more complicated. 

Wu6 demonstrated that this location of the center of rotation at the pilot's head resulted in 

excessively large actuator extensions in some input cases. He suggested that the optimal 

algorithm be reformulated in the simulator reference frame Frs with the center of rotation 

located at the centroid of the simulator. 

The question has arisen as to what aircraft and simulator control inputs are the 

most appropriate for the optimal algorithm. The previous developments9
•
10 suggested a 

control input for either the longitudinal or lateral mode with linear acceleration and 

angular displacement as control inputs. Wu6 developed an approach using linear 

acceleration and angular acceleration for the longitudinal mode. This approach showed 

advantages in controlling additional modes that were not available in the 01iginal 

development. In addition, since the semicircular canals behave as a transducer for 

angular velocity input in the range of normal head movements, an approach using angular 

velocity as input may also be desired. In this research an optimal algorithm based on 

simulated aircraft angular velocity inputs is developed. 
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2.3 Linear Optimal Algorithm Development 

The algorithm development with angular velocity input for the longitudinal 

(pitch/surge) mode is given below. The input u is formulated as 

u=[:J=[:;J (2.4) 

The sensed rotational motion q is then related to the input 111 by the semicircular canals 

model 

(2.5) 

Note that the sh01t time constant r 2 must be included in the model, otherwise the system 

equation becomes non-realizable. Equation (2.5) can be rewritten as 

and can be defined in state space notation as 

x1_3 = ( x1 x2 x,Y 
x,_3 = AsccX1-J + Bsccll 

q = CsccX1-3 + Dsccll 

where in observer canonical form, 

Ascc =[=i 
-To 

1 OJ [T, -T2T3 OJ 
0 1 , Bscc = -'I;T; 0 , 

0 0 -I;r; 0 

Cscc=(l 0 0), Dscc =(T; OJ 
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The sensed specific force J, is now related to the stimulus specific force/, by the otolith 

model 

(2.8) 

For the center of rotation at the centroid of the motion platform, the specific force is 

f, = a_,+ g8 + R5/i (2.9) 

where R5, is the radius from the motion platform centroid to the pilot's head. In terms of 

the inputs 111 and 112 , Eqn. (2.9) can be transformed into the Laplace domain: 

(2.10) 

Substituting (2.10) into (2.8) results in 

, _ (s+A,,) [ ( l ) ] f,(s)-G0 ( )( ) 112 + g--R5,s 111 
s+B0 s+B1 s 

_ (s+A,,) [( l ) J - G 0 ( )( ) g - - R5,s l u 
s + B0 s + B1 s 

(2.11) 

(s+A,,) J 
( s + B0 )( s + B1) u 

Note that in Eqn. (2. l l) the system equation becomes realizable with the inclusion 

of the otolith break frequency B" which was neglected by both Reid and Nahon 10 and 

Wu6 in their respective optimal algmithm formulations. Rearranging and taking 

derivatives on both sides results in the differential equation 

f, (x) +(Bo+ B,)f, + B0BJ, = 

G0 [ R5, (B0 + B, - A,, )1i1 + (g + R5,B0B1 )111 + gA,,f u1dt + 1i2 + A,,112] 
(2.12) 
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which can be rewritten as 

and can then be defined in state space notation as 

X4_8 = [x4 x5 X6 X1 Xg r 
X4_s = AoTOX4-8 + BornU 

J, = CornX4_s + DornU 

where 

0 l 0 0 0 c 0 

-b -a l 0 0 d-ac 0 

Aorn = 0 0 0 0 0 ' Born= e 0 

0 0 0 0 l 0 f 
0 0 0 -b -a 0 h-af 

The representations in Eqns. (2.7) and (2.14) can be combined to form 

representation for the human vestibular model: 

x x x 2 J 4 
T ' [ q ] Xs] • Y1 = , 

f, 

where 

x1_8 = Avx,_8 + Bvu 

y, =Cvx1_8+Dvu 

(2.13) 

(2.14) 

a single 

(2.15) 

It is assumed that the same sensation model can be applied to both the pilot in the 

aircraft and the pilot in the simulator as shown in Figure 2.2. We then define the state 

e1rnr x, = x, - x. and the pilot sensation ell'or e, resulting in 
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x. = Avx, + BvUs - BvuA 

e = Cvx, + Dvu8 - DvuA 
(2.16) 

It is also necessary for the control algorithm to explicitly access motion states 

such as the linear velocity and displacement of the simulator, which are desired to appear 

in the cost function. For this purpose additional terms are included in the state equations: 

xd = [x9 X10 X11 X12)T 

= [fJf a,dt 3 ff a,dt
2 f a,dt er 

xd = Adxd + BduS 

where 

0 l 0 0 0 0 

0 0 l 0 0 0 
Ad= 

0 0 0 o' Bd = 
0 l 

0 0 0 0 l 0 

The aircraft input u A consists of filtered white noise, and can be expressed as 

x0 = A,,x0 + B,.w 

UA =Xn 

where w, and W2 are the first-order filter break frequencies, and 

=[-w, O ] =[w'] A
0 

, B
0 0 -W2 W2 

(2.17) 

(2.18) 

The state equations given in Eqns. (2.16), (2.17), and (2.18) can be combined to fmm the 

desired system equation 
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x=Ax+Bus +Hw (2.19) 

y = (e xd f = Cx +Dus 

with the cost function 

(2.20) 

Eqn. (2.20) implies that three variables are to be constrained in the cost function: 

the sensation e1rnr e along with the additional terms xd and Us which together define the 

linear and angular motion of the platfmm. The cost function constrains both the 

sensation effor and the platform motion. 

The system equation and cost function can be transformed to the standard optimal 

control form as shown in Kwakemaak and Sivan 11 and noted in Reid and Nahon 10 by the 

following equations: 

x = A'x +Bu'+ Hw 

J = E {(' ( x TR; x + u'TR2u')d1} 
(2.21) 

where 

G = , R1 = C GC, R12 = C GD, R2 = R + D GD, [
Q 0] T T T 

0 Rd 

A, A BR"1RT , R"1RT = - 2 12' U=Us+ 2 12X, 

The cost function of Eqn. (2.21) is minimized when 

(2.22) 

where Pis the solution of the algebraic Riccati equation 

(2.23) 
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Substituting Eqn. (2.22) into (2.21) and solving for Us, 

(2.24) 

and defining a matiix K, 

K = P;' (BTP + R[2 ). (2.25) 

where Us = - Kx . K can be partitioned c011'esponding to the pmiition of x in Eqn. (2.19): 

(2.26) 

Noting that x0 = uA, remove the states coll'esponding to the Xn partition from Eqn. (16): 

(2.27) 

After taking the Laplace transform of Eqns. (2.26) and (2.27), the following equations are 

obtained: 

Us (s)= W(s)xuA (s) (2.28) 

where W(s) = [K, 

W(s) is a matrix of the optimized open-loop transfer functions linking the 

simulator inputs u8 to the aircraft inputs uA. The block diagram for the on-line optimal 

algorithm implementation is shown in Figure 2.3. The aircraft inputs are first 

transformed fonn the simulator frame Frs to the inertial frame Fri. A nonlinear scaling in 

combination with a limiting as described earlier is then applied to scale the aircraft 

inputs. 
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Figure 2.3. Optimal Algorithm Implementation. 
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The optimal filter matrix W(s) is computed using a set of MATLAB scripts. The 

weighting matrices Q, R, and Rd given in the cost function of Eqn. (2.20) are selected 

and adjusted to produce the desired motion-base commands. From these weights and the 

vestibular models the standard optimal control mattices of Eqn. (2.21) are computed. 

The algebraic Riccati equation of Eqn. (2.23) is solved with the MATLAB function 

"care". The solution forW(s) is then computed. Common poles and zeros are cancelled 

in each transfer function, yielding a set of seventh-order filters for the longitudinal mode. 

These filters are then used in a SIMULINK model that generates the linear acceleration 

and angular velocity responses. 
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2.4 Algorithm Evaluation 

Compmisons of longitudinal degree-of-freedom commands are made between the 

optimal algmithm with angular velocity input and the optimal algmithm with angular 

acceleration input proposed by Wu6
. Test mns are generated with single degree-of

freedom aircraft inputs. Both algorithms incorporate the vestibular models desc1ibed in 

the previous section and employ identical polynomial coefficients for scaling the aircraft 

input. The cost function weights are kept the same for both algotithms and tuned to 

produce optimum responses for both pitch and surge inputs. The translational break 

frequency as given in Eqn. (15) was increased from 1 rad/s to 4n rad/sin both algorithms 

to minimize an onset false cue for responses to a surge step input. 

Figure 2.4 compares specific force responses in the x-axis for an aircraft surge 

ramp to step input of 1 m/s2 magnitude and 3 m/s2/s slope. Note that the responses are 

nearly identical with no onset false cue. Figure 2.5 compares responses to a pitch 

acceleration doublet input of 0.05 rad/s2 magnitude for a 5-second duration. Note that for 

the angular acceleration algorithm the pulse doublet is directly input to the rotational 

filter W 11, producing a discontinuity at the doublet transition points. For the angular 

acceleration the pulse doublet is first integrated to a smooth ttiangular angular velocity 

which is then input to the filter W11 . 

Objective comparison of responses to calibrated aircraft inputs for the optimal 

algmithm with angular velocity input are made with the adaptive algorithm. For both 

algorithms a time step of 0.025 seconds (an update rate of 40 Hz) was chosen to match 

the NASA aircraft simulations. Polynomial scaling coefficients for each algmithm are 

tuned separately to optimize pe1fo1mance within the actuator stroke limits of the motion 
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system. Compatisons are made of specific force at the pilot's head and platform angular 

velocity, as well as responses filtered through vestibular system models. 

The specific force responses to a ramp to step surge input of magnitude l m/s2 

and slope 3 m/s2/s are shown in Figure 2.6. The adaptive algotithm produces a 

significant false cue (-0.5 m/s2
) at onset, after which the peak is followed by a "sag" 

(decrease followed by increase) for about 5 seconds until a steady magnitude is reached. 

The optimal algmithm produces no false cue with a smooth ramp at onset followed by a 

smaller peak magnitude and faster washout. The sensed specific force responses show 

the simulator pilot response from the optimal algo1ithm, while reduced in magnitude, 

closely tracks the shape of the sensed response of the aircraft pilot. The adaptive 

algorithm does not track the shape of the aircraft pilot sensed response as well, especially 

for the duration where the sag occum:d. 

Angular velocity (pitch) responses due to tilt coordination generated by the surge 

cue are shown in Figure 2.7. The responses show a lower peak velocity at onset for the 

optimal algorithm by about l deg/s but followed by a negative peak of about l deg/s 

before the platform settles to zero velocity. The adaptive algorithm settles to zero 

velocity with no negative peak. 

Figure 2.8 shows the angular velocity responses to a pitch acceleration doublet 

input of 0.1 rad/s2 magnitude for a 5-second duration. The algotithm responses are nearly 

identical; each response is a propottionately reduced magnitude of the aircraft angular 

velocity input. 

Figure 2.9 shows the specific force response in the z-axis due to the pitch cue. 

Note that the response for the optimal algorithm is smaller in magnitude (and closer to 
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the aircraft response) as compared to the adaptive algorithm response; this is consistent 

with the slightly larger pitch cue shown in Figure 2.8. 

Actuator extension commands for the two alg01ithms are computed from the 

kinematic transformation equations and are compared. Figure 2.10 shows the leg 

extensions for the ramp to step surge input that is shown in Figure 2.6. Note that the two 

algorithms have different extension commands that result from the differences in degree

of-freedom commands for each algorithm. Figure 2. ll compares the leg extensions for 

the doublet pitch input that is shown in Figure 2.8. Note that the actuator extensions are 

similar, as were the degree-of-freedom commands. 

Algorithm degree-of-freedom and leg extension commands are also computed for 

test mns for each alg01ithm in the lateral, yaw, and heave modes. 
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3 VESTIBULAR SYSTEM MODELING 

The purpose of this study is to develop vestibular system sensation models that 

are most consistent with both experimental and theoretical analyses and can be readily 

implemented into a motion cueing algotithm. This study is based on the literature 

presented by several researchers who investigated the physiology of the semicircular 

canals and the otolith organs, and also studied rotational and linear motion sensation. 

3.1 Semicircular Canals Model 

Zacharias 12 noted that Steinhausen first developed a linear second order model of 

canal dynamics to explain the observed characteristics of vestibular induced eye 

movements in fish (pike). This model was further refined by the "torsion-pendulum" 

model of Van Egmond, et al. 13
, and is later developed from a systems approach by 

Mayne 14
• The transfer function for this overdamped system is 

e, (s) - '!'1'!'2 

a(s) - (l+r1s)(l+r2s) 
(3.1) 

where a is the angular acceleration of the head with respect to an ine1tial axis, and e, 1s 

the angular displacement of the endolymph with respect to the head, and r 1 » r 2 • 

Schmid, et al 15
, showed that e, and the cupula deflection ¢, are related by¢,. =-ae,, 

where a is a constant. 

Further studies showed that rotational sensation is more complex than the torsion-

pendulum model. Young and Oman 16 formulated an adaptation operator and cascaded it 

with the torsion-pendulum model to resolve the conflicts between the sensed response 

predicted by the torsion-pendulum model and the perceptual response measured in 

experiments. The addition of adaptation results in the following transfer function: 
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1/1,(s) =K r.s 1 
a(s) (1+r.s)(l+r,s)(l+r2s) 

(3.2) 

where the gain K noted by Zacharias12 is equal to ar1r 2 • 

Zachatias12 noted several experiments suggesting an additional lead component. 

With the addition of this component a model representing both the semicircular canal 

dynamics and the neural transduction dynamics is now established: 

(3.3) 

Fernandez and Goldberg17 determined average parameters for the semicircular 

canals of the squind monkey by direct measurement of the afferent ne1ves due to vaiious 

angular acceleration inputs of different amplitudes and frequencies. Their transfer 

function relates the afferent firing rate of the vestibular nerve to the angular acceleration 

input: 

AFR(s) 

a(s) 
80s (1+0.049s) 

KA-,--~~~~~~-,.-,--~-'-~~ 
(1+80s )(1+5.7 s)(l + 0.003s) 

(3.4) 

where the sensitivity KA was estimated at 3.44 (impulses/sec)/( deg/sec2
), and is 

different than the sensitivity K given in Eqn. (3.3). The model parameters were 

estimated with the exception of the shmt time constant, which was determined 

analytically based on the physiology of the endolymph. 

Parameters for man are difficult to measure because direct measurement of the 

afferent nerve outputs of the vestibular system cannot be done and therefore most 

experiments were based on subjective responses or nystagmus tests. Several expe1iments 

reported by Zacharias 12 (Van Egmond, et al., Meiry, Malcolm and Melvill Jones, Young 

and Oman) were performed to dete1mine parameters of the torsion-pendulum model, with 
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Young and Oman also estimating the adaptation time constant. Zacharias 12 repotted a 

value for '<L of 0.06 seconds from nystagmus tests pe1formed by Benson and Ormsby. 

From these results, a transfer function that can best relates the afferent response of 

the semicircular canals to the acceleration stimulus is proposed: 

AFR(s) 80s (1+0.06s) 
-~~ = 3.44..,.----,--,--~--c--~--,-

a ( s) (1+80s)(l+5.73s)(1+0.005s) 
(3.5) 

The frequency response of the transfer function given in Eqn. (3.5) with gain 

KA set equal to unity is shown in Figure 3.1. Both the torsion-pendulum model and the 

complete model with the lead and adaptation mechanisms included are shown. 

The sensory function of the semicircular canals can be described by observing the 

frequency response of the torsion-pendulum model. In the range of normal head 

movement from 0.05 to 5.0 Hz as noted by Mayne 14
, the gain response decreases by 20 

dB/decade with the phase close to minus 90 degrees. In this frequency range the 

semicircular canals function as "integrating accelerometers" or angular velocity 

transducers. At very low frequencies less than 0.01 Hz, the phase approaches zero 

degrees, thus functioning as an accelerometer. At very high frequencies greater than l 00 

Hz, the phase approaches minus 180 degrees, thus functioning as an angular displacement 

transducer. The effects of adaptation and lead on rotational sensation are apparent; 

adaptation influences the afferent response at low frequencies below 0.0 l Hz while the 

lead component influences high frequencies greater than 10 Hz. 
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Figure 3.1. Frequency Response of Semicircular Canals Transfer Function. 

For implementation into the optimal cueing algo!ithm, angular velocity is 

employed as a stimulus as given in Eqn. (2.5). In addition, numerical stability problems 

may result when integrating the transfer function due to the small magnitude of the short 

time constant T2 relative to the simulation time step. Solely neglecting the short time 

constant would result in an unrealizable transfer function, but the lead time constant TL 

could also be neglected since its order of magnitude is the same as the time step. For 

numerical integration the step size should be at least ten times smaller than the smallest 

time constant. The effect of both T2 and TL is also well above the range of normal head 

movements. For these reasons a reduced transfer function can be utilized: 

AFR (s) = 
3 44 

___ 8_0_s __ 

m(s) · (1+80s)(l+5.73s) 
(3.6) 
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3.2 Otolith Model 

Zachatias 12 rep01ted that Meiry first investigated subjective responses to linear 

motion, obtaining a transfer function relating perceived velocity v to stimulus velocity v: 

v(s) Kr,s 
v ( s) = ( r,s + l )( r2s + l) 

(3.7) 

Young and Meiry 18 noted that this model correctly predicted the phase of the 

perceived velocity and the time to detect motion under constant acceleration, but failed to 

predict the otoliths' response to sustained tilt angle as indicated by behavioral and 

physiological data. Young and Meiry then proposed the following revised model of 

specific force sensation that presumed the equivalence of both linear acceleration and tilt 

sensation: 

f (s) _ 0.4(13.2s+1) 
f (s) - (5.33s + l)(0.66s + 1) 

(3.8) 

Zacharias12 noted that a lumped parameter model of otolith motion could be used 

to represent the two lag time constants, similar to the torsion-pendulum model for the 

semicircular canals. Ormsby19 first developed this model, and Grant and Best, et al.20 

later refined the model as part of their theoretical analysis of the otolithic membrane. 

Grant and Best obtained the following transfer equation for the model: 

(3.9) 

where x is the relative displacement of the otoconial layer with respect to the head, p, is 

the density of the endolymph, p
0 

is the density of the otoconial membrane, with p
0 

> p,. 

For the otoliths, we again have an overdamped system with r, » r 2 • 
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From the Young-Meiry subjective model 18 and physiological knowledge of the 

otolith organ, Onnsby 19 estimated a model of the otolith afferent dynamics that neglected 

the short time constant: 

AFR(s) = 
45 

10s + 1 

f(s) 5s + 1 
(3.10) 

Fernandez and Goldberg21 studied the discharge of otolith neurons in response to 

sinusoidal force variations in the squinel monkey. Both regularly and inegularly 

discharging neurons were measured. Fernandez and Goldberg identified a ratio of 

regular to i11'egular units to be approximately three to one. The frequency responses 

resulted in a transfer function of the form 

( ) 
H.,(s) 

Gae HA s ( ) H,, s 
(3.11) 

In Eqn. (3.11), the term H,. is a velocity-sensitive operator with a fractional 

exponent that provides most of the gain enhancement and phase lead found p1imaiily in 

the iJTegular units. The value of k,, reflects the effectiveness of the lead operator and is 

closely related to the slope of the gain curve. The median parameters for both regular 

and in-egular units are given in Table 3.1. 

Table 3.1. Median Parameters for Regular and Irregular Units. 

k., kA '!°A '!°M Goe 
Regular 0.188 1.12 69 sec 16 msec 25.6 ips I g 
In·egular 0.440 1.90 101 sec 9 msec 20.5 ips I g 

Note that the gain terms for the Fernandez-Goldberg model are about one half of 

the gain value chosen by Ormsby. Due to the adaptation mechanism H,. in the 

Fernandez-Goldberg models, these gains would requit-e a long duration step input to be 
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realized in steady state. Hosman22 suggested a gain term of less magnitude than that used 

by Ormsby (Goe = 33.3) that provides an improved approximation to the Fernandez-

Goldberg responses. 

By using the long and lead time constants repo1ted by Ormsby, selecting the shmt 

time constant r,, from the Fernandez-Goldberg model, and including the gain suggested 

by Hosman, the following transfer function results for the afferent otolith dynamics: 

AFR(s) 

f(s) 

(lOs+l) 
33.3-~~-~-

(5s + l)(0.016s + 1) 
(3.12) 

The frequency response of the proposed transfer function in Eqn. (3.12) is 

compared to the frequency response of the Young-Meiry model of Eqn. (3.8) as shown in 

Figure 3.2. For comparison, both models are shown with the gain K = 0.4. 
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Figure 3.2. Frequency Response of Proposed and Young-Meiry Otolith Models. 
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Note that the gain and phase lag for the Young-Meiry model occur at a much 

lower frequency as compared to the proposed model. In the range of no1mal head 

movements from 0.05 to 5.0 Hz, the gain for the proposed model remains constant with 

the phase close to zero degrees. In this frequency range the otolith functions as a specific 

force transducer. 

Because of the fractional exponent in the transfer function of Eqn. (3.11), an 

elementary solution to its response cannot be readily obtained. However, an approximate 

solution to the response can be detived through the application of fractional calculus as 

desc1ibed by Miller and Ross23
• 

By first substituting the regular unit parameters into Eqn. (3.11) and then 

implementing partial fraction expansion, Eqn. (3.11) becomes 

H(s)= 1792.056 +674.058 so1ss 

s+ 62.5 s + 62.5 

0.044538 

s + 0.0145 

S0.188 

0.016752--
s + 0.0145 

(3.13) 

In Eqn. (3.13) there are two groups of two transfer functions, where each group is 

related to either the otolith mechanics time constant r M or the adaptation time constant 

r A, with one of the two transfer functions including an exponent that represents a 

fractional detivative. To derive a solution to the fractional exponent terms, the inverse 

Laplace transform is first obtained by applying fractional calculus: 

-v w at 
r;' s E " ( ) ( )' 

s-a = ,(v,a)=t ~r(v+k+l) (3.14) 

Eqn. (3.14) is an infinite seties. For v equal to zero, Eqn. (3.14) will reduce to the Taylor 

series expansion of the exponential function. When v is not equal to zero, E, (v, a) is a 
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transcendental function that can only be approximated. A recursion fo1mula is delived, 

where the solution to the function E, (v, a) is given as 

v ~·+I 2 nl 

E ( ) t at a e f,' -nu v+ld v,a = + + e u u 
' r(v+l) r(v+2) r(v+2) 0 (3.15) 

The first two terms of Eqn. (3.15) are analytical functions with the third term including 

an integral requi1ing an approximate solution. By using a selies approximation, the 

integral in Eqn. (3.15) can be evaluated as 

(3.16) 

where the constant C1 is equal to 1 forj = 0, (v + 1) for j = 1, and (v + 1 )v /2 ! forj = 2. 

By taking the inverse Laplace transfo1mation of Eqn. (3.13) and applying Eqns. 

(3.15) and (3.16) to the transfer functions with fractional exponents results in the impulse 

response h ( t): 

h (t) = l 792.056e-6251 + 674.058 E, (-0.188, -62.5) 

-0.044538e-<>014" -0.016752 E, (-0.188, -0.0145) 

From Eqn. (3.17), the regular unit response to a unit step input can be de!ived: 

x(t) = 25.601-28.673e-625
' + 3.073e--0·0144931 -10.786£, (-0.188,-62.5) 

(3.17) 

,--0.188 (3.18) 
+l.156E,(-0.188,-0.014493)+9.629 ( ) 

r -0.188+1 

A similar term is derived for the inegular unit response. 

Figure 3.3 compares a 1-g (9.81 m/s2
) step response for both the regular and 

inegular units to the response for the proposed model given in Eqn. (3.12). Note that the 

Iise time for the proposed model is faster than the regular unit, but slower than the 
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irregular unit. The steady state response for the proposed model is less than the irregular 

unit response but greater than the regular unit response, and approaches the regular unit 

response. The model more closely represents the population-dominant regular units with 

the added rise time and steady state effects found in the less prevalent irregular units. 
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4 INTEGRATED HUMAN PERCEPTION MODEL 

The purpose of this study is to develop a model of human motion perception that 

includes both vestibular and visual motion sensation and incorporates the interaction 

between the vestibular and visual stimuli. This model will be used for both 

implementation into the proposed motion cueing algorithm and will also be used to 

evaluate motion cueing responses. This study is based on the literature presented by 

several researchers who investigated both the characteristics of visually induced motion 

sensation and the visual-vestibular interaction. 

4.1 Visually Induced Motion Sensation 

The visually induced effect on self-motion perception is commonly known as 

vection. Circularvection refers to visually induced rotational motion, and linearvection 

refers to visually induced translational motion. One common experience of vection is the 

illusion of moving backwards when seated in a stationary train car as the adjacent train in 

the station begins to slowly move forward. 

The general charactetistics of visually induced self-motion in the absence of 

confirming vestibular stimuli as reported by Young24 and supported by other researchers 

is summarized. Young noted two distinct classes of visual cues for flight simulation: the 

foveal cues, the high acuity, high infmmation-dense central field cues that must be "read" 

to be interpreted, and the peripheral cues, the wide-field, lower acuity, rapidly moving 

cues that generate non-cognitive motion perception. These cues coll'espond respectively 

to the high static acuity, cone-filled fovea, and the high dynamic sensitivity, rod-filled 

petiphery of the retina. 

Brandt, et al. 25 demonstrated that the peripheral visual field is of piimary 

impo1tance in stimulating self-motion over the central visual field. Brandt, et al.26 also 
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demonstrated that background stimulation is dominant over foreground stimulation; 

movement in the background induces self-motion while if the foreground moved the 

stationary background inhibited circularvection. Held, et al.27 showed that the spatial 

frequency of the visual scene also dete1mines its effectiveness in generating self-motion. 

Young24 commented that the pelipheral visual field display should have a sufficient 

number of borders such as stars, clouds, or ground features to induce the perceived self

motion. Young24 also noted that the visual field velocity determines the magnitude of the 

self-motion up to a saturation velocity that most likely c01Tesponds to the blun-ing of the 

visual field associated with increased visual acuity. 

Young24 found that the approximate frequency response for both circularvection 

and linearvection is flat from static inputs up to a frequency of 0.1 Hz, beyond which it 

decreases at least as rapidly as a first-order filter. Be1thoz, et al.28 confirmed these results 

for forward linearvection, with similar results obtained by Van der Steen29 for yaw 

circularvection. 

The latency of the onset of visually induced motion has an impact on motion 

perception in flight simulation. Several experimenters have quantified this phenomenon. 

Brandt, et al.25 observed the latency to onset of circularvection to be about three to four 

seconds and independent of the stimulus magnitude. Howard and Howard30 

demonstrated that the latency is reduced with the presence of stationary objects in view 

and with fixation of the subject's gaze. With a stationary visual frame similar to the 

simulator cockpit video monitor and with fixation, they observed latencies of about 5 

seconds that were relatively unchanged with stimuli from 5 to 25 deg/sec. Berthoz, et 
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al. 28 observed latencies for linearvection of about 1 to 1.5 seconds for velocities measured 

between 0.2 and 1 m/sec. 

4.2 Visual-Vestibular Interaction Model 

Zacharias31 rep01ted that both psychophysical and neurophysiological studies 

support the theory that visual and vestibular cues are jointly processed to provide for a 

perceived sense of self-motion. Y oung32 noted that visual motion cues dominate the 

perception of velocity in the steady state and at frequencies below 0.1 Hz. At higher 

frequencies, the vestibular cues will tend to dominate. Confirming vestibular cues, in the 

direction opposite to the visual field, can produce a rapid onset of the visual self-motion 

that is sustained by vision after the vestibular cues have been washed out. When visual 

and vestibular motion cues are in conflict, either due to the direction of motion or to a 

difference in magnitude, the vestibular cues will initially dominate. Young32 first 

proposed that visual and vestibular cues are independently processed to produce two 

estimates of motion that are compared with one another to provide some measure of cue 

conflict. 

Zacharias31 developed a cue conflict model for yaw perception. For low conflict, 

i.e. when the cues are confirming, the perceived motion is calculated from a weighted 

sum of the two estimates. For high conflict, the weighting on the visual cue is reduced 

and that on the vestibular cue is increased until the conflict is reduced. Borah33 later 

developed a visual-vestibular interaction model that involved the implementation of an 

optimal estimator as a "central processor" representation of sensory inputs that included a 

modified version of the cue conflict model proposed by Zacharias. 
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Van der Steen29 proposed a self-motion perception model in which vestibular and 

visual stimuli are combined to desctibe perceived self-motion. This model is shown in 

Figure 4.1. The model can desctibe perceived self-motion induced by either vestibular or 

visual stimuli alone, or a combination of both. However, unlike the model proposed by 

Zacharias, cue conflict estimation is not considered. 

Van der Steen introduced the concept of a neural filter in the model. The neural 

filter transfers the afferent response of either the visual or vestibular sensor to a 

perceptual physical vmiable. The transfer function H,.,,, cascaded with the neural filter 

NF,.,,, represents the perceived self-motion estimate from vestibular stimuli. The visual 

receptors transfer function H,.,, cascaded with the neural filter NF,.,, represents the self-

motion estimate from visual stimuli. 

Optokinetic 

(01·is + ,,.---.,. Influence 
Hvis I+ NF,.;, x H"" - x .)' -

Perceived , 
. + Angular 

Sensation Neural 
~ >. Velocity 

-
Models Filters )I 

, 
+ 

(01·es1 

Hvesl 
,.... NF,.;,, -

Figure 4.1. Model for Self-Motion Perception with Optokinetic Influence. 

Van der Steen29 noted that psychophysical expe1iments concerning vection 

showed that the visual estimate of self-motion "attracts" the vestibular estimate of self-

motion. This "visual attractor" component uses the visual and vestibular system's 
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estimates of perceived self-motion. The difference between these cues is passed through 

a first-order low-pass filter HvA as shown in Figure 4.1 that represents the gradual build-

up of self-velocity, f01ming the optokinetic influence: 

l 
H\'A =---

1 + 'fvAS 
(4.1) 

The perceived self-motion the model yields is then the sum of the optokinetic influence 

and the vestibular system's estimates of perceived self-motion. 

A visual-vestibular interaction model for rotational motion is proposed and is 

shown in Figure 4.2. Using the concept suggested by Van der Steen, the vestibular model 

consists of the afferent dynamics cascaded with a neural filter gain, resulting in a 

perceived response to vestibular stimuli. The optokinetic influence proposed by Van der 

Steen is also implemented. The time constant 'fvA governing the optokinetic influence is 

chosen to be 1.592 seconds, which is equal to the 0.1 Hz low-pass filter break frequency 

noted by Young24
. 

As proposed by Zacharias31
, the visual cue is passed through an internal model of 

the vestibular dynamics to produce an "expected" vestibular signal that is then subtracted 

from the actual vestibular signal. To allow for long-te1m resolution of steady state 

conflict the absolute value of this e1rnr is passed through an adaptation operator to 

generate a conflict signal w,,, . The adaptation operator dete1mines how long a steady 

state inter-cue conflict should be allowed to continue by washing out the conflict signal. 
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Figure 4.2. Proposed Visual-Vestibular Model for Rotational Motion. 

From w"' the weighting of the optokinetic gain K is then computed by a modified 

cosine bell function suggested by Borah33
• The gain K varies between zero and one. A 

large conflict signal greater than the conflict threshold e will drive the visual gain to 

zero, whereas a small signal below the threshold value will dtive the gain to a value 

between zero and one, approaching one as w"' approaches zero. For w,,, < 0, the gain 

remains at one. As proposed by Borah the vestibular path gain remains fixed at unity. 

The conflict threshold e is chosen to equal the vestibular indifference motion threshold. 
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A time constant 'l"w = 8 seconds is chosen to produce the latency responses noted in the 

literature. 

In order to examine model responses to various stimuli, a MATLAB/SIMULINK 

representation of the proposed rotational model shown in Figure 4.2 was developed. 

Model responses to input with either a visual or vestibular cue, or responses to 

confoming visual and vestibular cues will be examined. 

Figure 4.3 shows the responses to a visual field step input of 10 deg/sec. Due to 

the large value of w,,, the cosine bell function will produce a gain of zero for nearly five 

seconds, resulting in a corresponding latency in the perceived angular velocity response. 

Once w,,, starts to decrease below the conflict threshold e the optokinetic gain will stait 

to vary between zero and one, resulting in the onset of self-motion. The gain rapidly rises 

to a value of one as w,,, approaches zero. The self-motion reaches its maximum value 

with a Iise time of about ten seconds, as governed by the optokinetic influence. 

Figure 4.4 shows the model responses to a visual field step input of 10 deg/sec, 

along with a fully confirming vestibular step input of the same magnitude. Note that 

there is no visual-vestibular error, therefore the optokinetic gain always remains at one. 

For this special case the revised model reduces to the Van der Steen model with the cue 

conflict estimator not conttibuting to the response. The perceived response shows a rapid 

onset due to the semicircular canals that quickly decays, with the optokinetic input then 

gradually increasing until the maximum response is achieved. 

A second model for translational motion is also proposed with a similar structure 

that incorporates a model of the otolith dynamics. A MATLAB/SIMULINK 

representation of the model is developed and model responses are examined. 
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5 NONLINEAR MOTION CUEING ALGORITHM 

A novel approach to motion cueing is proposed, combining features of the 

adaptive and optimal alg01ithms. This approach has been suggested by Ish-Shalom34
, and 

Cardullo and Kosut35 have proposed the algorithm structure. The algorithm would be 

formulated as an optimal control problem with a nonlinear control law, resulting in a set 

of nonlinear cueing filters. These cueing filters can then be adjusted in real time based on 

the motion platf01m and perceptual e1rnr states. This algoJithm will also incorporate the 

revised vestibular models and the proposed integrated motion perception model. The 

structure of the problem is illustrated in Figure 5.1. 
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- System 

Aircraft Pilot 

Aircraft , Sensation 
States uA Errore 

Simulator 
Nonlinear States us Platform Perceptual I+ Cueing + ~ 

Filters 
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Simulator Pilot 
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Figure 5.1. Problem Structure for Nonlinear Optimal Cueing Algorithm. 

5.1 Algorithm Formulation 

The system equation is developed by the same technique shown in Section 4. The 

parameters for the revised semicircular canals and otolith models will be used, and the 
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confitming case of the integrated perceptual model (with the optokinetic gain fixed at 

unity) will also be incorporated into each perceptual channel. The system equation and 

cost function are then transformed to the standard fmm: 

x = A'x +Bu'+ Hw (5.1) 

The cost function is augmented with an additional term e2
«

1 proposed by Anderson and 

Moore36 

(5.2) 

where R; is positive definite, R 2 is positive semi-definite, and the scalar coefficient a 

represents a minimum degree of stability in the closed-loop system where a > 0. 

Anderson and Moore36 show that the system equation and cost function can be 

transformed to eliminate the exponential term, resulting in 

~=(A' +al)x + Bii + H'w 

j' = E {f,~ ( xTR; x + iiTR2ii )dt} 
(5.3) 

where x = e«'x and ii= e«'u'. We now wish to compute the simulator control input Us 

that minimizes the cost function given in Eqn. (5.3). For this problem, A'+ al is 

positive definite, (A' +al,B) is controllable and (A' +al, R;) is observable. Under 

these conditions, the cost function is minimized when 

Us =-K(a)x (5.4) 

where K(a)=R;'(BTP(a)+R 12 ), and P(a) is the solution of the algebraic Riccati 

equation 

(A'+ al)P(a) + P(a)(A' +al)- P(a)BR;'BTP(a) + R; = 0 (5.5) 
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Anderson and Moore note that for a> 0, the resulting closed-loop system 

x=[ A' -BK(a)Jx (5.6) 

is asymptotically stable, with the property that all the eigenvalues lie to the left of -a, 

i.e. the degree of stability of the closed-loop system is at least a. 

A nonlinear control law is chosen to make a dependent upon the system states: 

(5.7) 

where Q1 and Q2 are weighting matrices and are at least positive semi-definite. As the 

system states increase in magnitude, i.e. large perceptual e1Tors and platform motions, 

then a increases, resulting in faster control action and increased system stability. For 

small state magnitudes there will be limited control action. The actual nonlinear control 

law is then dete1mined by solving the Riccati equation of Eqn. (5.5) in real time as a 

function of a . 

5.2 Real Time Solution of the Riccati Equation 

Solving the nonlinear Riccati equation in real time is a computational challenge as 

a new solution is required at each time step. Since the solution to the preceding time step 

is available, it is advantageous to use this as an initial solution when computing the 

solution for the cmrnnt time step, thus reducing the computational burden. The initial 

Riccati equation solution to the linear optimal algo!ithm that is computed off-line in 

MATLAB is available and can be used as the initial solution for the first time step. To 

this end we desire a technique that assumes the initial solution is "close" to the final 

solution at a given time step. Three techniques have been chosen for evaluation: a 

Newton-Raphson method and two neurocomputing approaches. 
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Blackbum37 developed a method of solution by using a Newton-Raphson 

iteration. The Riccati equation given in Eqn. (5.5) is first generalized as 

G(P)=PSP-PA' -A'"P-R' a a I (5.8) 

where A: =A+ al and S = BTRi1B. If we map the square matrices G and P into 

column vectors 

g(P) = vec(G) = [G11 G21 

p = vec(P) =[Pi, P21 

... G ] 
"" (5.9) 

then it is shown that given an initial Riccati solution p ( k), the Newton-Raphson method 

can be then used to obtain a refined solution 

(5.10) 

where aG/aP is the Jacobian matrix, which is shown to be 

(5.11) 

and ®is the Kronecker product, where A ® B = aijB . 

Wang and Wu38 developed a neurocomputing approach to the problem. The 

problem is first considered as an unconstrained optimization problem 

where G(P) and H(P,L) are given by 

G(P) = g;i (P) = PSP - A~Tp - PA: - R; 

H(P,L)=llij(P,L)=LLT -P 
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and L is the Cholesky Factor of P, a lower triangular matrix with a positive diagonal. 

This additional constraint is added to obtain the unique symmeltic and positive definite 

solution to P. 

The dynamical equations of the recurrent neural network for solving the Riccati 

equation are given as 

v (t) = -11., [ v (1)SU (1) + U(1 )SV (1 )- A:u(1 )- U(1)A:T - y (1)] 

z (1) = -11, y ( t) z ( t) 
U (1) = F[ V (1)SV(1)- A~TV (1)- V (1 )A~T - R;] 
Y(1)=F[Z(1)Z(1)-V(1)) 

(5.14) 

where U (1), V (1), and Y (1) are square maltices of activation states and Z(1) is a 

lower triangular matrix of activation states. V (1) represents the computational result of 

P, while Z (1) represents the Cholesky factor L. The constants 11v and 11z are used to 

scale the convergence, with 11z <': 11v. 

The function Fis a matrix of activation functions. Wang and Wu38 noted that any 

non-decreasing activation function in F could be used. They also note that the activation 

function F and a convex objective function E are related by fii (<;)=deli (<;)/di;. 

Examples of activation functions include the least-squares function, where fiJ (I;)= K/; 

and eii ( <;) = K /; 2 /2, and the hyperbolic tangent function, where f,j (I;)= K tanh ({31;) and 

e;j ( <;) = ( K/ f3) In ( cosh (f31;)). The responses of these activation functions, along with 

their corresponding energy functions for K= I and f3 = I are shown in Figure 5.2. 
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Figure 5.2. Activation Functions with their Corresponding Energy Functions. 

Ham and Collins developed a second neurocomputing approach39
• A structured 

neural network is used for obtaining the computational solution V (1) and is shown in 

Figure 5.3. 

v 

v A'T 
u 

+ + 

z(t) + e(t) 

+ 
R' I 

Figure 5.3. Structured Neural Network for Solving the Riccati Equation. 
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The effor signal e (t) in Figure 5.3 is given as 

(5.15) 

where z (t) is an excitatory input signal. An energy function is then formulated as 

E(V) =Hell~ (where IHl2 is the Euclidean nmm), which is minimized using the method 

of steepest descent, resulting in a system of first-order matrix differential equations 

v (t) =µ[A: e(t)zT (t) + z(t)eT (t)A:T + e(t)zT (t )A:T 
2 

+ A: z (t )e T (t) - e (t )v T (t )s - Sv (t )e T (t) J 
(5.16) 

where µ > 0 is the learning rate parameter, and v (t) = V (t )z(t) as shown in Figure 5.3. 

Ham and Collins39 note that the external excitatory vector input signals z (t) are a set of 

linearly independent bi-polar vectors given as 

z<n=[l -1 ... -l],z<2>=[-l l ... -l],z<">=[-1 -1 ... l] (5.17) 

where each vector is presented once to the neural network in an iteration, i.e. for one 

iteration there is a total of n presentations of the bi-polar input vectors. 

The neurocomputing approaches offer some advantages over the Newton-

Raphson method for solutions to higher-order systems. Matrix inversion is not 

performed where singular solutions usually result for ill-conditioned systems. 

Eliminating both matrix inversion and computation of the Jacobian matrix as a Kronecker 

product in turn reduces the computational burden. For these reasons the neurocomputing 

approaches are further evaluated for implementation into the proposed alg01ithm. 
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5.3 Algorithm Evaluation Results 

Responses using the neurocomputing approach suggested by Wang and Wu38
, 

hereafter refetTed to as neurocomputing solver l, are first examined. The yaw mode 

responses for an angular acceleration pulse doublet input of 0.1 rad/s2 are shown in 

Figure 5.4. The responses generated by the nonlinear algmithm are compared to the 

commands generated by the linear optimal algmithm based upon the integrated 

perception model. The least-squares activation function with /< = 0.1 is used in 

computing the solution to the Riccati equation. Note that the onsets for both responses 

are approximately equal, but the negative angular velocity cue is reduced with the 

nonlinear algmithm. Figure 5.5 shows the presciibed degree of stability (a) and the 

objective or energy function E (as computed from Eqn. (5.12)) for the nonlinear 

algoiithm yaw response. The energy function reaches a large value at onset and 

approaches zero as the response is washed out. The scaling coefficients (riv, r/z) are 

(1, 10) with larger values producing unstable responses and smaller values resulting in 

smaller values of a with a reduced nonlinear affect to the response. 

For the heave mode based upon the integrated perception model, the off-line 

solution to the Riccati equation initially produced one closed-loop eigenvalue of zero, 

which results in the linear algorithm being very difficult to tune off-line. This eigenvalue 

is a result of including the optokinetic channel in the algmithm formulation; the 

fmmulation based on the vestibular model alone does not produce a zero eigenvalue. A 

state reduction using the MATLAB function "minreal" was perfo1med on the perceptual 

model, removing one state and in tum eliminating the closed-loop eigenvalue of zero. 
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Figure S.4. Nonlinear Algorithm Yaw Mode Responses, Neurcomputing Solver 1. 
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The heave mode responses for a square pulse input using neurocomputing solver 

l are shown in Figure 5.6. The activation function J,j(~)=Ktanh(,B~). with K= 0.1 

and ,B = l is used in computing the solution to the Riccati equation. With the least

squares activation function, the results were unchanged from the linear algorithm 

response. 

Note that with the nonlinear algotithm the onset cue is sustained. The command 

shows a small reduction in the peak onset displacement, while the displacement is 

sustained longer as the platfmm is returning to its neutral position. Figure 5.7 shows the 

prescribed degree of stability a and the objective function E for the heave response. 

Note that the variations shown for a will in turn affect the response shown in Figure 5.7. 

In this mode an upper limit of 0.12 is placed on a that will limit the magnitude of the 

sustained response. The energy function reaches a maximum value at onset when the 

limit on a is reached and approaches zero as the response is washed out. The scaling 

constants ( flv, f/z) are ( 0.1, l), with the same affect occmTing as with the yaw mode 

when their values are changed. 

A modification to neurocomputing solver l is desired that will improve solution 

of the Riccati equation for higher-order systems that are ill-conditioned or stiff. An 

approach suggested by Cichocki and Unbehauen40 augments the energy function with 

Lagrangian multipliers and regularization terms, which are intended to improve the 

accuracy and convergence of the solution. 
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Figure 5.7. Heave Mode Alpha and Energy Responses, Neurocomputing Solver 1. 
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With this approach the objective function becomes eij (.;) = K.; 2 /2 + ,iij.;-yA,ij/2 

where Aij is the Lagrange multiplier and K and y are constants. This results in the 

activation function .t;j(.;)=K.;+,iij that is applied to Eqn. (5.14). In addition to the 

dynamical equations of Eqn. (5.14), two additional systems of equations are required for 

computing the matrices of Lagrangian multipliers: 

Az(t)= Pz[Y(t)-rzAz(t)] 

Av (t) = Pv [ U (1 )- rvAv (t)] 
(5.18) 

The yaw mode eigenvalues that result from the initial solution to the Riccati 

equation differ by two orders of magnitude, from a minimum of -0.0125 to a maximum 

of -1. The yaw mode responses with the Lagrangian multipliers implemented are shown 

in Figure 5.6. An angular acceleration pulse doublet input of 0.1 rad/s2 as used in Figure 

5.3 is again applied. Note that the negative angular velocity cue is further decreased. 

The overshoot in the displacement command is also reduced with the response settling 

faster to the neutral state. The energy norm is about the same as Figure 5.4, with the 

magnitude of the additional Lagrangian and regularization energy being relatively 

negligible. The regularization parameters (Yv, y z) are (100, 1) with smaller values 

producing unstable responses and larger values resulting in a diminished effect of the 

additional energy terms. 
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Figure 5.8. Neurocomputing Solver 1 Yaw Responses with Lagrangian Multipliers. 

The heave mode eigenvalues that result from the off-line solution to the Riccati 

equation differ within two orders of magnitude, from a minimum of -0.2 to a maximum 

of - 62.8. The addition of the Lagrangian multipliers and regularization terms did not 

yield any noticeable difference as compared to the heave mode responses shown in 

Figures 5.6 and 5.7. 

Responses using the neurocomputing approach suggested by Ham and Collins39
, 

hereafter referred to as neurocomputing solver 2, are next investigated. The yaw mode 

responses for an angular acceleration doublet of 0.1 rad/s2 are shown in Figure 5.9. A 

learning rate parameter/-' = 0.05 is used in computing the solution to the Riccati equation. 

Note that the negative angular velocity cue is reduced with the nonlinear algorithm. The 

displacement command shows a reduced peak magnitude along with a reduced overshoot. 
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The command returns to the neutral state (zero displacement) in the same time as the 

response from the linear algorithm, while the case with neurocomputing solver I requires 

more time to return to the neutral state. Figure 5.10 shows the prescribed degree of 

stability (a) and the objective or energy function E (as computed from Eqn. (5.15)) for 

the nonlinear algorithm yaw response. As with neurocomputing solver I, the energy 

function reaches a large value at onset and approaches zero as the response returns to the 

neutral state with time. 

The heave mode responses for a square pulse input using neurocomputing solver 

2 are shown in Figure 5.11. A learning rate parameterµ= 2 x 10·5 is used in computing 

the solution to the Riccati equation. As with neurocomputing solver I, the onset cue is 

sustained. The negative cue at the end of the pulse is reduced in magnitude as compared 

to the linear algorithm response. The displacement command shows a reduction in the 

peak onset displacement that can be used to advantage when scaling the response within 

the motion platform limits, i.e. a larger percentage of the onset cue will remain as 

compared to the linear case. Figure 5.12 shows the prescribed degree of stability a and 

the objective function E for the heave response. In this mode an upper limit of 0.12 is 

placed on a that will affect the magnitude of the sustained response; a reduction in this 

value increases the negative cue at the end of the pulse and in tum increases the peak 

magnitude of the command. 
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Figure 5.9. Nonlinea1· Algol'ithm Yaw Mode Responses, Neurcomputing Solver 2. 
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Figure 5.10. Yaw Mode Alpha and Energy Responses, Neurocomputing Solver 2. 

65 



N' 
(/) 

1 
c 
2 0 . 
~ 
Q) 

w 
0 
0 
<( 

Nonlinear Optimal Algorithm Hea\e Response 

- A/C Scaled by 0.5 
0 Optimal w/Vestib+Visual 
;- Nonlinear Optimal 

-0.5 '----~----'----'----~----'-----' 

0 5 10 15 
lime (sec) 

20 25 30 

0. 6 ~--~---~------~---~--~ 

~ .s 0.4 -c 
Q) 

~ 0.2 
~ 
Ci 
(/) 

0 
-0.2 '----~----L-----'----~----L------' 

0 5 10 15 
lime (sec) 

20 25 30 

Figure S.11. Nonlinear Algorithm Heave Responses, Neurocomputing Solver 2. 
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The systems of first-order differential equations given for neurocomputing solver 

1 in Eqns. (5.14) and (5.18) and for neurocomputing solver 2 in Eqn. (5.16) require a 

numerical integration algorithm. A se1ies of algmithms (Euler, 2"d-order Adams

Bashforth, 2nd_ and 4'"-order Runge-Kutta) have been evaluated for each neurocomputing 

solver. No improvement was noticed with the higher-order methods as compared to the 

Euler method for either algolithm. For neurocomputing solver 1, no improvement was 

noticed with more than ten iterations of the solver per time step of platform state 

computation. The results shown for neurocomputing solver 2 were accomplished by 

using one iteration of the solver per time step. 

The responses using neurocomputing solver 1 are sensitive to the magnitude and 

stiffness of the closed-loop eigenvalues, with the responses dependent upon the choice 

and structure of the activation functions. Neurocomputing solver 2 utilizes a structured 

network without activation functions; the responses are more robust with respect to the 

closed-loop eigenvalues. This solver also yields improved responses and convergence 

with less computational burden. For these reasons neurocomputing solver 2, proposed by 

Ham and Collins39
, is chosen for implementation in the motion system. 

A model of the nonlinear algorithm has been developed for the two-degree-of

freedom longitudinal mode as described in Section 2. The initial formulation with the 

integrated perception model resulted in a higher-order system (13'"-order) that is much 

larger than either yaw or heave (5'"-order). Two closed-loop eigenvalues of zero resulted 

from the linear algorithm solution. The first originated from the platform state (} noted in 

Eqn. (2.17). The second resulted from the optokinetic channel for the translational 

degree-of-freedom. Removal of the additional platform state combined with a state 
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reduction of the perceptual model eliminates the two closed-loop eigenvalues of zero, 

reducing the system to 11111-order. 

Figure 5.13 compares the linear algorithm response based upon the integrated 

perceptual model to the response based upon the vestibular models only. A ramp to step 

surge input of 0.5 m/s2 and slope 3 m/s2/s is applied to both models. Note that the 

specific force response with the perceptual model increases to the aircraft input after 

onset and does not wash out as a function of time, resulting from the steady-state tilt 

angle sustaining a constant magnitude. An increase in the pitch angular velocity or tilt 

rate is also observed. 
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The surge mode responses for a ramp to step input of 0.5 m/s2 and slope 3 m/s2/s 

are shown in Figure 5.14. A learning rate parameter µ = 10-10 is used in computing the 

solution to the Riccati equation. Note that the specific force response is unchanged from 

the response to the linear algmithm. An increase in the simulator angular velocity 

response is observed, with a faster return to zero magnitude. This results in an increase in 

the peak tilt angle, with the response settling faster to the steady-state tilt angle. A 

reduction in the simulator displacement of about ten per cent also results. The benefit of 

these changes needs to be futther investigated combined with the application of nonlinear 

scaling in producing actuator extensions within the motion platform limits. Figure 5.15 

shows the presctibed degree of stability a and the objective function E for the heave 

response. Note that the objective function approaches zero and converges as a 

approaches zero. 

Comparisons of degree-of-freedom commands will be made between the 

proposed algorithm and the adaptive algmithm. Polynomial scaling coefficients will be 

implemented for the nonlinear algorithm to optimize performance within the actuator 

extension limits of the motion system. Algmithm degree-of-freedom and actuator 

extension commands will be computed for test runs for each algmithm in the 

longitudinal, lateral, yaw, and heave modes. Compmisons will be made of specific force 

at the pilot's head and platform angular velocity, as well as responses filtered through the 

modified vestibular system models and the integrated perception model. 
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Figure 5.14. Surge and Tilt Responses for Perceptual-Based Nonlinear Algorithm. 
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Figure 5.15. Surge Mode Alpha and Energy Responses, Neurocomputing Solver 2. 
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6 CUEING ALGORITHM PILOTED PERFORMANCE TESTING 

The effectiveness of the nonlinear algorithm as compared to the adaptive and 

linear optimal algorithms will be assessed in piloted simulations. Testing will be 

conducted on two motion systems at the NASA Langley Research Center: the Visual 

Motion Simulator (VMS) and the Cockpit Motion Facility (CMF). Preliminary test ing is 

currently being performed on the VMS with the adaptive and linear optimal algorithms. 

As a result of these preliminary tests the nonlinear scaling coefficients will be adjusted 

for each algorithm. Final testing and evaluation will be conducted on the CMF with the 

nonlinear algorithm. 

6.1 Description of Motion Systems 

The Visual Motion Simulator (VMS), shown in Figure 6.1, is a general-purpose 

simulator consisting of a two-crewmember cockpit mounted on a 60-inch stroke six

degree-of-freedom synergistic motion base8
. Motion cues are provided in the simulator 

by the relative extension or retraction of the six hydraulic actuators of the motion base. 

Both the adaptive and linear optimal algorithms will be used to drive the motion base 

during preliminary testing. 

Figure 6.1. Visual Motion Simulator (VMS). 

71 



The cockpit of the VMS, shown in Figure 6.2, is designed to accommodate a 

generic transport aircraft configuration on the left side and a generic fighter or rotorcraft 

configuration on the right side. Both sides of the cockpit are outfitted with three heads

down CRT displays (primary flight display, navigation/map display, and engine display), 

a number of small standard electromechanical circular instruments and a control display 

unit mounted in the center. The left side contains a two-axis side stick control loader, and 

the right side contains a two-axis center stick. Both sides contain control loaded rudder 

systems. A center ai sle stand with throttle quadrant is also available. The cockpit is 

outfitted with four collimated window display systems to provide an out-the-window 

visual scene that is driven by an Evans and Sutherland ESIG 3000/GT computer 

generated image system. The left side of the cockpit was used during the cueing 

algorithm evaluation. 

Figure 6.2. Visual Motion Simulator Cockpit. 

The simulator includes a nonlinear mathematical model of a Boeing 757 aircraft, 

complete with landing gear dynamics, gust and wind models, radio navigation system 

models, and instrument and microwave landing system models. 
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The current adaptive and optimal algorithms along with the new algorithm will be 

implemented on a new motion system in the Cockpit Motion Facility (CMF)41
• The 

CMF, as shown in Figure 6.3, is made up of one motion system site and four fixed-base 

sites. The motion system site contains a six-degree-of-freedom state-of-the-art synergistic 

motion base with 76-inch extension actuators. The four fixed-base sites provide homes 

for the simulator cockpits when they are not resident on the motion system. Each cockpit 

has its own visual display system and all cockpits share Evans and Sutherland ESIG 3000 

or Harmony image generators. 

Figure 6.3. Cockpit Motion Facility (CMF). 
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6.2 Motion Platform Pilot Evaluation 

A group of pilots will execute a set of maneuvers on the CMF as listed below in 

Table 6.1. For each maneuver the simulated aircraft input is generated from manual pilot 

control. The pilot control inputs (throttle, elevator, aileron, and rudder) will be sampled 

for each maneuver. Accelerometer measurements for specific force and angular 

acceleration at the platform motion-base centroid in six degrees of freedom will be 

recorded for each maneuver. The simulated aircraft input for acceleration and velocity 

computed at the motion-base centroid will be sampled for each maneuver as specified in 

Table 6.1. 

Table 6.1. Pilot Evaluation Sampled and Recorded Test Data. 

Motion Simulated Pilot 
Maneuver Platform Aircraft Input Control 

Accelerometer In out 
rs • s aA VA ·A (OA thtl, el, s <Os A A (OA A 

ail, rdr 
Takeoff and Climb to Yes Yes Yes Yes Yes Yes Yes 
Altitude 
Heading Change Yes Yes Yes No Yes Yes Yes 
Airspeed Change Yes Yes Yes Yes Yes Yes Yes 
Pitch Doublet Yes Yes Yes No Yes Yes Yes 
Roll Doublet Yes Yes Yes No Yes Yes Yes 
Rudder (Yaw) Doublet Yes Yes Yes No Yes Yes Yes 
Tum andLand Yes Yes Yes Yes Yes Yes Yes 
(Without Turbulence) 
Turn and Land Yes Yes Yes Yes Yes Yes Yes 
(With Light Turbulence) 

Pilot perception (as computed from the revised vestibular models and the 

proposed integrated perception model) will be recorded for each maneuver. From pilot 

control inputs, power spectral density, crossover frequency, and phase angle will be 

analyzed to determine the effect of motion platfo1m response upon pilot performance. 

74 



The pilot will also evaluate each maneuver subjectively, using the Cooper-Harper rating 

scale as a me!lic, From these data, the fidelity of each algorithm will be benchmarked in 

replicating pilot perfotmance and workload of actual aircraft maneuvers. 
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