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Summary

Desdemona is a new prototype disorientation simulator kvbém generate acceleration profiles. In this report the
design of an optimal controller for Desdemona is describfd optimal controller calculates the optimal move-
ments of Desdemona within the limits of Desdemona. The ditinhs are caused by maximum displacement of
the joints and a maximum in the power/torque of the motorgrela dynamic model is used to calculate the power
and torque of the motors. The optimal controller optimiZes complete trajectory if it is known beforehand or
until a limited time horizon if the trajectory can only beiested for a limited time horizon.

The optimal controller is realized and tested for Desdemaitia one degree of freedom (d.o.f.), calldg-
namic flight simulatoalso with two d.o.f. where the central yaw and the verticadige are controlled. And finally
with three d.o.f where yaw of the cabin is also included. & tho.f. is one then the optimization can be solved for
the case the trajectory can only be estimated for a certai@ tiorizon. This is the case for example witian in
the loop

The results show that the optimization works especiallyifoited d.o.f. An increased number of d.o.f. makes
the problem much harder to solve, which causes a decreasaformance. The performance can be increased
by choosing smart initial values. Initial values for theioptation can be generated with the existing controllers.
The results of the optimization will be better or equal to tesults of the initial values from the controller. This
makes the optimization method an interesting extensioth®existing controllers. For Desdemonadgsamic
flight simulatorthis is shown.

The off-line optimization is ready to be implemented for slations. Some work has to be done for realizing
the on-line optimization. The path of the simulated modslteebe estimated in the future and the calculation time
has to be reduced.
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Nomenclature

Symbols

B

Dd

Acceleration in the origin of the cabin , see equation (3.2)

Desired acceleration in the cabin , see equation (3.1)

Torque of the motors

Maximum torque of the motors

Twist from £ to j seen from coordinates

Coriolis matrix

n-axis of the coordination frame. Withasz,y,z

Cost function in the analytical optimization

Feasibility function, the part in the cost function thatnegent the constraints
Gravity , see equation (3.2)

Gravity constant

Matrix that expresses a general change of Cartesian c@egdifrom coordinates ton
Step-size (sample time) with as the sampled itenbf,q...)

Generalized inertia matrix of bodyexpressed in coordinate frarfie

Inertia in directionn of elementn

Cost function

Jacobian matrix (linear relationship between the joinbeities and the end-effectartwist)
Discrete time step

End cost

Modulus of the path of Desdemona , page 46

Mass matrix

Modulus of the estimated path in the future , page 46

Mass of element,

Conservative force

nt" Coordinates frame



P Translation vector

Prhae Maximum power of the motors

Q (Weighing matrix)Matrix which give to some extent the imgaorce of the optimization per d.o.f. of the
path
q Joints of Desdemona

¢» max Maximum positiong,, can have

R Rotation matrix

S Path of Desdemona , see equation (3.2)
Sa Desired path , page 7

Sa.perc Perceivedsy

Spere  Perceiveds

T. Calculation time
Ty Horizon Time

%4 Potential energy
Ng Sampled n

Abbreviations and used terms

d.o.f. degree of freedom

dom Domain

ips Neural discharge rate (impulses per second)
Iteration A iteration is one step in the optimization roetin
MPC  Model Predictive Control

RMS Root Mean Square

Run  Arunis a complete optimization, which includes a nundféterations
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Chapter 1

Introduction

Human beings sense movements of their bodies. The intatjjebf the sensed movements is a complex process
and a broad research topic. For new research topics Desdemdaveloped, it is a new kind of motion platform.
With Desdemona it is possible to do research on the humasepgoa model and to use the gained knowledge for
applied research and applications. Some examples areathangy for flying a plane, driving a car and steering a
ship.
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Figure 1.1: Desdemona at TNO

Current motion platforms are limited in their simulationsafstained acceleration. Desdemona has an innov-
ative kinematic design (see figure 1.1) so that it is lesstdichthan conventional simulators. Because the control
system of existing motion platforms are not optimal for Deedna, a new kind of controller is discussed in this
report.
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1.1 Desdemona in comparison with other disorientation simulators

TheJ most common motion platform is the Stewart six-pod platfowhich allows all six degrees of freedom.
Despite the fact that accelerations can be induced only $twoet time, for many applications such as training for
transport aircraft this platform is sufficient. However fighter aircraft with pulling high sustained G-loads, this
platform is not sufficient for realistic mission reheardalesent developments show that for flight simulation with
higher G-loads, centrifuges are built with roll and pitchtiops of the gondola. Problem with these simulators
is that they are able to simulate the G-load, but that theesponding angular accelerations during the onset,
introduce conflicting motion information to the pilot’s aljjorium system. This may lead to unwanted side effects
such as disorientation and motion sickness. Desdemonasganch simulator, which combines the possibilities of
common Stewart platform with the possibility of the sustairG-load, however, without the co-varying rotational
accelerations.

Figure 1.2: Desdemona movements

The Desdemona concept was developed by TNO Human Factoosdperation with AMST Systemtechnik
[2]. Figure 1.2 shows the concept. It consists of a fully giteldl cockpit, which allows for unlimited rotation in all
directions. The pilot with his head in the center of rotaticontrols the (flight) instruments and has a view outside
via up-to-date visuals. For simulation purposes differeatiels and databases are available. The cockpit can move
along an 8 meter horizontal track. The cockpit can also mevtcally over 2 meter. Finally, the horizontal track
is rotated around a vertical axis, which means that cegirifiis also possible. The working principle of a normal
centrifuge is a variation on the angular velocity with camsteccentricity resulting in a varying G-load. However,
keeping the angular velocity constant and varying the amaofugccentricity is another way of varying the G-load.
Desdemona applies both with a maximal G-load of 3g. The mia@macteristic of the concept, i.e. the variation
of the G-load by varying the eccentricity, has consequefaresimulation. It means that the onset of a sustained
G-load is not necessarily accompanied with a strong angulegleration, as is the case in the conventional cen-
trifuge. It is possible to start the rotator subliminal ughe desired speed with the cockpit in the center position,
and subsequently move the cockpit away from the axis witkiarting the angular velocity. It is obvious that one
should take into account the linear Coriolis accelerataunsng the movement of the cockpit on the track. This

1This part is mainly based oh [2]



DESCRIPTION OF THE PROBLEM 3

example also shows the difficulty of controlling Desdemohas possible to simulate a transversal acceleration
by moving the cockpit on the horizontal track while possitdiating the horizontal track. The choice depends on
the magnitude and the duration of the desired acceleration.

1.2 Description of the problem

The control problem of the Desdemona is significantly défeérfrom that of the Steward platform, because the
directions of movement of the Steward platform are in gdrteeasame as the model movements. Desdemona on
the other hand can also use rotation to simulate a lineatexatien.

To find the optimal acceleration and rotation path, an ogdtouatroller is needed. The optimal path is defined
asthe path that is as close as possible to the desired.pathoptimal controller decides which movements of Des-
demona give the best simulation of the desired path witgakbnstraints such as maximum power in account.

In this report an optimal controller is designed for the sasewhich the acceleration trajectory is known and
unknown beforehand.

1.3 Outline

The outline of this report is as follows. In chapter 2, theegtiyes of this report are given. Then in chapter 3 the
optimization problem is defined which forms the basis of th#éization. In chapter 4 the numerical optimization
methods are discussed and the problem is solved for the rasist &iff-line case. Then in chapter 5 the numerical
optimization is redefined to make it more practically apgtie. In chapter 6 the human perception model is
included. In chapter 7 an on-line optimization for Desdemas dynamic flight simulator is done. Finally, in
chapter 8 conclusions and recommendations of this reseaearawn.
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Chapter 2

Objectives

Desdemona combines the degrees of freedom (d.o.fs) of éfagetsimulator, used for sustained G-load simula-

tion, with additional d.o.f.’s to give it the full 6 d.o.f. nion cueing possibilities of a standard hexapod simulator.
In centrifuge mode, Desdemona rotates around its centnahy@ while in hexapod mode this axis, in combination

with the main arm, is used to simulate linear acceleratiomboth modes, attitude is simulated with the gimbaled

system. The combination of a centrifuge and hexapod simulatode provides huge advantages in simulations of
highly agile maneuvers with sustained G-load (e.g.: F16=irmimulation, unusual attitude recoveries, etc.). The
main objective of this report is to design an optimal motiaeiag and control algorithm that takes full advantage
of the available d.o.f’s of Desdemona.

Goal

The simulation of high frequency, agile motion in hexapoddm@ combination with, or followed by, sustained
G-loads in centrifuge mode requires advanced motion cueidgcontrol algorithms. Although algorithms for the
centrifuge and hexapod mode are developed by AMST sepgrateilgorithm that combines the two has not yet
been developed. The goal of this work is to develop an optaoatrol algorithm that combines the centrifuge and
hexapod capabilities of Desdemona during the simulatidnigsfly agile maneuvers (high frequency accelerations)
in combination with, or followed by, sustained G-loads (lbquency accelerations). In this scope, optimal is
defined as:

e minimization of the perception of differences in the sintaia
e minimization of false cues,

¢ within the limits of Desdemona (structural limits and drliraits).

Although pre-defined maneuvers will be used first, the ulténkbong-term goal is an optimal control algorithm
that can be implemented in pilot-in-the-loop simulationich will result in maneuvers that are hard to predict
beforehand).

Methods

In order to reach the stated goal, the following sub-goasiafined:

e Study of literature on: modeling and simulation of robotymdmics, optimal control concepts, Desdemona
specifications, motion cueing in conventional flight sintiala,

e Developing a dynamic simulation model of Desdemona,

e evaluating suitable optimal control concepts,
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defining an optimization cost function (incorporating pption of difference, false cues, drive performance
parameters, etc.)

developing & implementing of optimal control algorithmsthre dynamic simulation model

evaluating the optimal control algorithm, especially tbptimal’ motion characteristics during the transition
from hexapod motion types to centrifuge motion types (aé versa).

Working towards a real-time optimal control algorithm thah be used duringran in the loopimulations.



Chapter 3

Problem definition for an optimal
controller

The main goal of the optimal controller is to find optimal mments for the jointg(¢) of Desdemona within the
physical constraints such as motor power, dimensions etc.

To define the optimal control problem, the path and the eritbroe defined first and then the physical con-
straints. At the end of this chapter a simplified model of Ba@sdna will be outlined.

3.1 Defining the path to be followed

Desdemona is a simulator, in which one feels the acceleréton the simulated model. The model gives output
information on the rotation speedt) and the translation acceleratig(¥) and gravityG(t). The calculated path
from the model is the desired path for Desdemona and is iteticaith:

wa(t)
Salt) = ( p'd(t)d+ G(t) ) (3.1)

The mechanical part of Desdemona has to follow that path.nTdvement of Desdemona can be written in the
same way as the movement of the model, but now as functioregbthts and it derivatives(t), ¢(¢), ().

w(a(t), 4(0) ) 52)

w

Where omega can be extracted from the twist (se€f also A .j’e‘”th = andp can be calculated

with equation A.18. The gravity vect@#(q(¢)) can be calculated with the help of the rotation matrix (SEEOA.

The goal of Desdemona is to follow the path of the model. Theréhat Desdemona makes can be written as:
AS(q(t),q(t),d(t),t) = Sa(t)—S(q(t), ¢(t), d(t)). The error that the pilot will observe is natS(q(t), ¢(t), G(t),t)
because the vestibular nerve system in combination withvigheal input does not give an exact impression of
AS(q(t),q(t),d(t),t). Itis important to keep this in mind designing the optimunmtroller. This fact will be
discussed later (chapter 6 ). But at this point it will be assd that the pilot is observingy.S(q(¢), ¢(t), §(t), t) as
fault in the path.

3.2 Physical bounds of Desdemona

Some of the movements of Desdemona are physically limitedulse of the finite stroke of the joints. This
limitation is given in equation (313). The joints of the veal sledge and heave, respectivelyt) andgs(t), are
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Sq

4
4

Desdemona

Optimization

Error

Figure 3.1: Optimal control problem

limited because they are the only two translation jointse dthers are unbounded joint rotation movements.

—gamax < ¢2(t) < gamax
(3.3)
—gsmax < g3(t) < gsmax

Other bounds on the velocities and accelerations preveage faechanical stress and vibrations to occur in the
system.

7q.m,am § Q(t) S szzr
.. .. . 3.4
—Admazx S Q(t) S dmaz ( )

Desdemona is actuated by a number of motors and every matdinfited power and torque.

_Pi mazx S Tz(t)QZ(t) S Pz max
’ ’ 3.5
—Tmaz < T(t) < Trmaz ( )

The power and torque relations are calculated in section A.4

3.3 Time horizon

Time horizon {3,) is defined as the amount of time in the future for which therddgath,S,(¢), is known.

The time horizons depend on the purpose the Desdemona isTiseylcan be grouped in two categoriezan in

the loopandno man in the loogffor example a roller coaster). If Desdemona works witén in the loopthe time
horizon will be short although it is possible to predict a fe@conds. This depends of course on the model which
Desdemona is simulating. For example the path of a car whkidhiving on a road with no side lanes is easier to
predict then a car on a road with side lanes. If there imao in the looghen the time horizon runs till the end of
the simulation, because the path is predefined.

3.4 Mathematical formulation of the optimization problem

Figurel 3.1 shows the optimization problem. The problem aardiculated off-line for cases where there is no
man in the loop In case there is man in the loogsimulation, then the state at the end of the time horizonl(fina
state) of Desdemona is important, since future simulaticore need to be avoidédBecause the patfi; can not

be calculated in advance, the optimization should be dofieeon

The definition of the problem is divided an on-line and offdioptimization.

1with man in the loogihe simulation time is longer than the time horizon and the pblresdemona is optimized with several optimizations
which start after each other. An end cost avoids that at thleoémn optimization Desdemona comes in a certain position wiiats the
accelerations that can be simulated. This can happen if a gitobk occurs or if the vertical sledge reach the end of th&oartrack. In
chapter 7 this is discussed
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The off-line optimization problem can be written as:

te
min J:/ AS(q(1),4(t), 4(), )T QAS(q(t), d(t), (1), t) dt (3.6)
to
subject to the Dynamical systeriiit) = f(q(t), q(t), 7(q(t), q(t),G(t))) (see section A.4), and the constraints:
le2(t)] = gzmax <0
lg3(t)] = gzmax <0
‘Q(t)| - Qmam S 0
‘q(t)| - q.maa: <0
7= mmax <0
|7:(H)@ )" |- Pimax <0 (3.7)

where@ is a semi-positive definite weighing matrix. The elementthef matrix give to some extent the impor-
tance of the optimization per direction of the pajlandr are calculated in A.27 and A.26

The on-line (real time) optimization problem can be written

min J = K(q(te), 4(te), te) +/ T AS(g(s), d(s).d(5). )T QAS(g(s). d(s), d(s), 5) ds (3.8)

q to
And is subjected to the same constants as in the off-linenigpdition. WhereX (q, ¢, t.) gives the inverse of
the quality of the state of Desdemona atQuality of the state is defined as the possible accelesab@sdemona
can simulate at that point. If Desdemona is in a singulartgben & will be large and if Desdemona can simulate
all accelerations theK will be small.

3.5 Example of the optimization

3.5.1 Introduction
The problem of finding the right path for Desdemona can be radiieeasier by reducing it to a problem with two
degrees of freedom. The problem itself will be the same "fireddptimal path”.

In this example only jointg,; andg, are considered. The other joints are fixed and for the fixetd plae inertia
is zero. The acceleration that the pilot should feel is ta®a cosine in thg direction of the cockpit. At this point
the other accelerations (false cues) are not include inpitimzation. The patty,; can be defined by:

g = cos(wt) (3.9

Su(t) = (3.10)

oW OO OO

For the error only the acceleration in thgdirection is taken into account. Thus

o
o
o
o
o
o

000000
o000 00
=1000000
000010
000000
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The constraints which are mentioned in paragraph 3.2 aig. val

The optimal controller should calculate the movements efjtiints. The expectation is that if the frequency
of 4 is high enough, the linear sled will make sine movements haddtation of the central yaw will remain zero.
But for low frequencies the linear sled will not have enoughce to move. It will reach the end of the vertical
axis. Desdemona will use the central yaw to generate anexetieln in they direction of the cockpit by centrifugal
acceleration.

3.5.2 Mathematical formulation

The problem can be formulated as:

te

min J = . AS(q(t), (t), 4(t), )T QAS(q(t), 4(t),(t), ) dt (3.11)
l2(t)| = gamax <0
‘Q(t” - ‘jm,am S 0
G(t)] = dmaz <0
IT(®)] = Tmax <0
IT®)q(t)" | = Pmax <0

The S and ther vector are calculated in appendix B

3.5.3 Outline of analytical solution

One of the basic methods to solve optimal problems isMim@mum Principle of Pontryagifl8]. To solve the
optimal problem with the minimunprinciple of Pontryagin the dynamic equation has to be rewritten as a first
order differential equation and the constraints are résriais extra cost. The solution of the problem can then be
rewritten a8 ODE'’s (ordinary differential equations) where 4 ODE’s hawvenitial value and 4 a final value. This

is done in Appendik B.1.

The ODE’s can not be solved analytically with symbolic cotgpygprograms like Maple. It is possible to solve
the equations numerically with the Matlab functiode45which is based on an explicRunge-Kuttg7]. The
difficulty is that the method can only handle initial valu&o the initial values have to be chosen in such a way
thatp (the co-state, see section B.1) is zera.aFor somer, and some trivial weight functions of the cost function
this is possible. With thélewtonmethod [11] a solution could be found. This is one of the nuca¢methods to
solve an optimal problem, that will be described in the néveter.



Chapter 4

Numerical optimization

4.1 Introduction to numerical optimization

In this section the analytical optimization problem will Edefined as a numerical optimization problem. This
numerical problem will be compared to other standard opttidon problems to determine the right numerical
optimization method. After that, the optimization methaodi gheir limitations will be discussed. At the end of this
chapter the example from section 3.5.3 is solved using nicaieptimization.

4.2 Redefining the analytical optimization to a numerical problem

The off-line optimization problem is given in equation [3.6or the numerical case the cost function has to be
written in a discrete form because integrating and diffeaging are done in continues time and discrete time
differently.
The integral of the joint vectorg(k) is calculated with the discrete method Runge-kutta [7], wljék) is taken
as input.
Thereafter the cost function and the constraints are beleddrl. The integral in the cost function can be replaced
with a sum operator, since the integral only integratesrdtsovalues. This is elaborated in section|D.2.

The input for the discrete cost functiondss R >N, where) is the number of d.o.f of, and N the number
of time steps. All the time steps have to be optimized, tltoeeethe number of parameters which have to be opti-
mized isM x N.

The discrete optimization problem can now be written as:

+

min J = Z AS(q(k), (k), d(K), (k)T QAS(q(k), 4(k), 4(k), k) (4.1)
k=to
subject to
lg2(k)| = g2max <0
lgs(k)| = gzmax <0
|Q(k)| - q.TVL(L"I: S 0
|q(k)| - (jmaw S 0
IT(q(k), 4(k),4(k))|—  mmax <0

|7i(a(k), 4(k), 4(k))d: (k)" | = Pimax <0 (4.2)
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Another way of writingJ is

7= 3 k). k)P 4.3)
k=to
with
F(t(R) (R) = VOAS(a(k), d(K), d(k), F) (4.4)

and/Q such that Q)" v/Q = Q

4.3 Classifying the numerical optimization problem

The optimization problem can be grouped in two differed s#ag17]. The first group is where the cost function
depends on integer values. Examples where the cost furdgtjeends on an integer are routing in batch processes
or path-length problems. The second group, is where thefgnstion depends on parameters with a real value,
can be separated in the following subgroups.

Linear programming problem The cost function is linear or affife
Quadratic programming problem The cost function is quadratic and the constraints arediaeaffine.
Nonlinear optimization problem The cost function is nonlinear, non-convex.

Convex optimization The cost function is a convex function. (A convex functiors lme local optimum (the
global minimum), see section C.1.3)

The numerical Desdemona optimization problem can be plaxcte group nonlinear optimization problems.
The numerical cost function defined in 4.1 is nonlinear andguadratic becausAS is not linear and the cost
function is not a quadratic function of the inputs. Anotheason is that the cost function is non-convex and we
expect local minima. A nonlinear optimization problems bangrouped in several classes. From equation 4.3 it
is obvious that the Desdemona problem has the form whichllisdca least-squares (data-fitting) problem. The
least-squares (data-fitting) problem has the from of:

lein J(I) = fl(x) +f2(l‘) + "'+fn(x)

4.4 Methods for solving nonlinear least-squares optimization problems

Most of the numerical optimization techniques work in conation with theNewtonmethod (see appendix C.2).
TheNewtonmethod in combination with the line search algorithm is ciele for nonlinear least-squares optimiza-
tion problems because it is used|in [17] and [8], in [9] thigimoel is also mentioned as option. In [4] this method
is described for solving a Model Predictive Control (MPCdlgem. A MPC problem is a online optimization
problem. A global overview of the complete optimization hwet can be found in section D.1.1.

4.4.1 Methods with direction determination and line search

Each iteration step of these methods consists of a diredtermination followed by a line search, i.e., an opti-
mization along this determined direction. The basic idda ishoose a search directidp at an initial pointzy,
and then to minimize the objective function J(x) along a line

Th41 =Tk +drgs s€ER

Wherex;, andd, are vector and is a scalar.
Now a one dimensional minimization problem can be obtained.

min J(z(k) +d(k)s)

1Example: the functiorf (z) = Az + Bis linear if B = 0 and affine ifB # 0
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The starting point for the next iteration is then given by
z(k+1) = z(k) + d(k)sop (k)

where
sopt(k) = min J (x(k) + d(k)s)

The search direction can be calculated withNesvtonmethodd (k) = —H ~!(z(k)) V7 J(z(k)), or any other
guasi-Newtonmethod.
For the determination of the step sizesadre several methods available [17].

4.5 Limitations to the numerical optimization

The goal of every optimization is to find fast the global minim of the optimization problem. This is a difficult
problem because as stated before our optimization protdeambonlinear and non-convex problem. This is also
mentioned in [4] for solving a nonlinear MPC problem (whisltomparable to our problem)The solution of this
problem requires the consideration (and at least partidution) of a non-convex, nonlinear problem (NLP) which
gives rise to a lot of computational difficulties related ke texpense and reliability of solving the NLP online
Reference [13] shows that the minimum number of computatiequired to compute the global minimum of a
general differentiable function in variables, within an accuracy ef grows like,

(i) (4.5)

roughly speaking, the complexity of a search ovemadimensionak-grid. If the function is convex, then the

function becomes
1
n log (5) (4.6)

Taking e.g.< equal to10~2 andn = 10, then we have the following complexity measures: for the-oonvex
function103° and for convex function equal to 30. This result shows thairaeonvex problem is hard to solve.

In a nonlinear and non-convex problem the ubkvtonmethod always finds local minima instead of global
minima; this is unavoidable [17][9][3]. The only method teo@ this is to start optimizing with different initial
values so that several local minima will be found, and holbhetaertainty is never present) the lowest is the global
minimum.

The duration of the optimization is something which shouldysmall. This is specially imported for real time
applications (like model predictive control). The maindironsuming operation is the calculation of derivative of
the cost function which has to be calculated inewtonmethod. The calculations can be done in two ways. The
best (fastest) method is to find an expression for the dematut this is not always possible, in which the deriv-
ative has to be determined by numerically. It can be done byingithe input of the cost function and to calculate
the output. This is a time consuming operation but the only tedind the derivative of our optimization probIBm

4.6 Converting a constrained to an unconstrained optimal problem

Nonlinear inequality constraints usually make the optatian problem more difficult. One common way to tackle
the nonlinear inequality problem is to incorporate the t@sts function in the objective function, using a barrier
function.

2|n the case of the dynamic flight simulator it is possible to gile the derivative symbolical because of some trivial sifiplions (see
section 7)
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If the optimization function has the constrajyt:) < 0 then the basic idea of the barrier function is to introduce a
feasibility functionJ .. of the form

[0 gx)<0
Ireas(v) = { oo g(x)—0
and add this function to the original cost function
mzz'n [J(x) + Jreas(x)]

In this way the cost function will increase significantlylitinequality constraints is not met, an example is:

1

Jreas = B

with 3 > 1

4.7 Example of numerical optimization

The example which was drawn up analytically (see sectio/3Bi§ now solved numerically. The patly (eq. 3.9)
will be redefined, namelyj = 5 cos(2t)

The constraints will be included using a feasibility fuocti It is taken the same as in the analytical optimization
(eq. B.13).

The used parameters arkf; = 1. = 1 My = 2.2 = 2 (the other elements of Desdemona are assumed
weightlessla = 0.1 b = le 3 ¢ = le=5 (These parameters are taken as example, they are noticdalisthe
step-size is takef.1 sec and the total time is 5 sec.

The initialsq(to), (to)) are taken random just &$to), G(t1), - - ., G(t.). Now the optimization can be done,
using 40 iterations in combination with the line search rodth

This optimization has been done 500 times (runs), every iitmdifferent initial values. This is done because
the line search method finds a local optimum and this way ittwed to find the global minimum. These runs are
sorted on performance (see figure/4.1), where the perforgniartbe cost function without feasibility function . It
can be seen that the initial values have an influence on thedisalts of the optimization.

In figure[ 4.2 the results are given for run 300, so there are 289 runs with a better performance. The movement
Desdemona is making is rotating and making small sinus mewsraround the origin with the vertical sledge. It
can be seen that the acceleratighare almost the same &5. The values of joint vectog, are bounded. The
runs with a better performance have a similar behavior/tlfebecomes smaller ang remains small. The main
difference is that the size df.S is smaller in the beginning of a run. This is due to bettefahitalues.

The numerical optimal control is thus working properly.
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run

Figure 4.1: This is a plot of the 500 optimization runs. (A rsithe final result of an optimization which consists of
40 iterations) These runs are sorted on their performanicerernthe performance is given as the root mean square
(RMS) of the cost function without feasibility function. iBhis plotted on the y-axis). The initial values are taken
randomly every run.
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Figure 4.2: In (a) theS (doted line) andS,; (Solid line) are plotted. In (b) the vectdy (solid line) andgs
the (doted line) are plotted. In (c) and (d) the vecjprand respectively, are plotted. The initial velocity is
G = [63.6 degree/s 1.13m/s] (These results are not based on real parameters).



Chapter 5

Practical extensions of the numerical
optimization

In the previous chapter the optimization problem is sohadlie most basic case. In this chapter the optimization
problem is redefined to make it a more practical applicableropation problem. Therefore the feasibility function
is changed and the initial values of Desdemay(a(), ¢(o)) are included as optimization parameter. The sample
times and stop criteria are chosen more carefully. At thedadrtkis chapter some more realistic paths are defined
and Desdemona is optimized with real parameters for the haldfaree d.o.f. cases.

In this chapter the following terminology is used: witim, a complete optimization. A complete optimization
consists of a number of iterations. The performance of ag@iven as the root mean Square (RMS)S.

RMS(AS) = \/M (5.1)

These RMS sorted with the best run first is plotted in the negtigns for a number of runs to compare several
different optimization configurations.

5.1 Barrier functions

The barrier function (see section 4.6) is taken quadrattbénexample (sectidn 3.5 or 4.7). This is not a realistic
barrier function because it results in costs when there igason for. This results in unwanted restriction of the
joins and motor. This can be seen fgrin figure 5.1.a. ifj; = 2 then it is not near the end of the track but there is
already a cost.

A good cost function is a cost function where the cost is lo@ eonstant if the constraints are not violated,
if the constraints are (almost) violated then the cost fiencthould increase significantly. The function should be
continuous which is important when taking the derivativéh@Newtonmethod.

An example of a good barrier function is given in eq.|5.2 andlmaseen in figure 5.1.b.

[ (@2 =372 g2 >3.7
era,s(QQ) = { 0 |QQ‘ <37 (52)

To evaluate the cost function the experiment from sectiGnigtrepeated, but now with the barrier function
which is given in equation 5.2. The results are given in figu& The number of runs is chosen in such away
the calculation time is reasonable and the results can kiégdsstatistically and the number of iterations is taken
big enough so that the results are satisfying. Further mx¢hapter there is discussed how to determine the right
number.

In figure/ 5.2 it can be seen that the cost of the optimizatiah wi'if’ barrier function is lower then the cost
of the optimization with a quadratic barrier function. Sertlcan be concluded that the 'if’ barrier function gives
better results then the quadratic barrier function.
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Figure 5.1: Two differen types of barrier functions. (a) isj@adratic function and (b) is a combination of a
guadratic function and an 'if’ statement.
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Figure 5.2: Two experiments with different barrier funao One run consists of an optimization with 40 itera-
tions. The result (y-axis) of one run is the root mean squaMS) of (AS). In total 500 runs have been done
which are sorted with the lowest cost first. The solid lindisrtesult of the optimization with a quadratic feasibility
function, this experiment is the same as in figure 4.1. Therdihe gives the result for an optimization with a
feasibility function which is given in equation 5.2.

5.2 Optimizing initial position and speed of Desdemona

Every profile has an optimal for the initial position and sphe€his can be seen in the example (figure 4.2) where
the initial position and speed aren’t optimal which resirita relatively large differenceAS) in the beginning of
the path.

The initial position and speed can be optimized by includtnig the optimization problem. Therefore the
numerical optimization problem from section 4.2 is redefingéhe original the cost functiod only depends on
d(+). The new cost function includegt, ), ¢(to), the new optimization problem is thug(q(to), ¢(t0), ¢(+)).

To evaluate the new optimization problem, the original aed optimization problem (section 4.7) are solved
again. The original optimization problem was solved withité@ations (number of iteration steps which are done
in one run, see section 4.4.1), the new problem is solvedvorcases: 40 and 50 iterations.
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Figure 5.3: Three experiments are plotted, the originablerm and the optimization which include(ty ), (o).
The optimization is done with 40 iterations (40 itr) and withiterations (50 itr). The results (y-axis) of one run
is the root mean square (RMS) @k ).

The results can be found in figure 5.3. It can be seen that tbémts which optimize the initia(0), ¢(0) give
better results than the original solution. If the cost ig¢arthen 1.5n/s? then the new optimization problem need
50 iterations for getting the same performance. It can berstood intuitively that the new optimization prob-
lem needs more iterations for some cases, because the tlaegeamber of variables will make the optimization
problem harder. This is also shown in the next section.

5.3 Optimizing with different step size

The numerical optimization problem works with a sampledsicer of S;(¢) andg(t). The numerical integration
method also works with a certain sample frequency for théicoous time ODE. These three sample frequencies
can be chosen independently of each other. This is becaesaihple frequency of the iteration methgd,(,.)
should be taken carefully to ensure numerical stabilitye $ample frequency fdf,(¢) is fss, and forg(t) is fs,.
They should be at least twice as big as bandwidth of resgbgtiy (¢) andg(t) because of the so callédyquist
criteria [5]. Another reason for choosing the step size;@f) carefully, is that the larger the step size (the lower
fs4) the smaller the number of parameters which have to be apniThis results in easier problems.

The optimization problem is rewritten so that it is possiisl®ptimize the problem with three different sample
times. For the conversion between two sample times somevlave to be re-sampled in a way such that there
is no information lost. Therefore the new samples shoulddserately interpolated. The conversion to a smaller
step size is done by adding samples with valuand applying an anti-aliasing (lowpass) filter to the re-skah
value (with compensation for the filter's delay). For theension to a larger step size first a anti-aliasing filter is
applied and after that some sample are deleted. This taohiggiescribed in [5]. The new cost function is given
schematically in sectidn D.2.

[ hu[s] | computing time [s]|

0.1 101.6
0.2 52.1
0.5 22.3
1.0 12.5

Table 5.1: The average computing time (simulated with a AMibl@n 1800) that is needed for one optimization
run is given categorized per sample time.

To get an idea of the influence of different sampling frequesitwo experiments are done. The first experiment
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Figure 5.4: Four experiments optimizing with differentgstazes, in the legends the sample time is given. The
results (y-axis) of one run is the root mean square (RMSNG)

is the same as the original experiment (sedtion 4.7) but nitwdifferent step size and number of iterations (see
for the definition of iteration section 4.4.1). The step 9£&,(k) is taken ass, = 0.1s and the step size of the
numerical integration method is changedig. = 0.05s. The step-size of the numerical integration is not changed
during the experiment. The step sizejk) is changed during the experiment betwégn= 1s andh; = 0.1s
(original optimization problem). The optimization is dowéh 20 iterations.

In figure 5.4 and table 5.1 the results are given. The origiptimization problem with sample tinig;, = 0.1s
has the worst performance. This can be seen from the higlandstomputing time. This is due to the number of
variables which have to be optimized. The fewer variables larger the step size) that have to be optimized, the
easier (faster) it is to optimize. The is that the sampleudesgy ofg can not be taken to low because then it is not
possible to include the high frequency accelerations. Willdbe shown in the next experiment.

From the previous paragraph it is clear that for a last ogétidn the lowest possible sample frequency (@j
should be determined prior to the optimization. When the pabesdemona is a linear function of the states of the
joints S(q(t),4(t), 4(t),t), then the sample frequencies®andq can be taken the same. But because Desdemona
is nonlinear this is not the caseThe only relation is that the higher the frequenciesjfit) the higher the sample
frequency has to be fax(t).

In the following experiment it will be shown that there is #at®nship between the step-sizeqk) and the
frequency inSy(k). The following step sizes are usefdy, = 0.1s, h;,» = 0.05s andh; = 1s. The frequency of
the accelerations if;(k) is changed from 2 to 5ad/s, the results are shown in figure 5.5. If the frequency pf
is above 3 rad/s the cost is increasing enormously. Thiseédaa too low sample frequency fgtk). So it can be
concluded that the frequency 8f,(k) has an influence on the needgs,.

5.4 Different stopping criterions

In previous experiments the number of iterations in a oatidn run is fixed. This is not a logic stop criteria
because if the optimization method finds the (local) optimaorfewer steps, the additional steps do not doesn't
benefit the performance. Therefore the optimization shbaldtopped if the optimum is reached. If the optimiza-
tion has reached its optimum then the change in the costifumwill remain small in the next iteration steps. So,
a good extension of the stop criteria is adding a minimumHeradhange of the cost function. If the cost function
is changing less then the minimum, the optimization will tepped.

This extended stop criterium has been tested in the follgwkperiment. The minimum change for the stop
criteria is taker0).1. The results are given in figure 5.6. The performance is althessame hence the extra stop

1t is possible for some nonlinear filter cases to calculateotitput frequency for a given input frequency. But for Desdeanthis is not
possible, due to used sinuses and limiters in the transfetifum
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Figure 5.5: Four times the experiment of section 4.7 is doitie four differentS, (k). The Sq(k) in equation 3.9
is defined agj = 5 cos(wk) with w changing between 2 and 5 rad/s. The results (y-axis) of omésrthe root
mean square (RMS) of\5).

criterium is not influencing the results. But there i8@% saving of computing time, hence the extended stop
criterium is useful.
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Figure 5.6: Different stopping criterions, the resultstuf briginal experiment (section 4.7) with 40 iterations and
the same experiment with extra stop criterium. The extrp stiterium will stop the optimization if the changing
of cost function(inclusive feasibility function) is beldvl. The results (y-axis) of one run is the root mean square
(RMS) of (AS).

5.5 Evaluating different profiles

The final step in the two degrees optimization problem is tolzioe the new techniques described in this chapter.
Another step is to use the real parameters (see section éx.8jrhensioning Desdemona and the motors. This
optimization problem is tested with some realistic paths.

To get an idea of the performance of Desdemona the two degneaniic model assumes that the degrees of
freedom which are not used have become rigid connectionsedns that the mass and inertia (see selction A.5) of
the whole Desdemona are taken into account.
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In this optimization problem all the constraints (see s#t8.4) will be taken into account. For the feasibility
function the barrier function in the form of equation5.2 i®sen. The parameters which determine the bounds of
the constraints can be found in section A.5.

5.5.1 Cosine path

To be able to compare the new realistic system with previgpsm@ments the original cosine path will be used for
the first experiment. The initial position is also optimizedd the stop criterium is taking the change of the cost
function in account. The results for the best run is givendor® 5.7. The result is good because the constraints
are met andb is very close taS,

5.5.2 Catapult start

This profile describes the start of an airplane from a aitaafrier. It is a very strong acceleration in ong)(
direction. The optimization also optimized the initial i as well. The results for the best run is given in figure
5.8. As can be seen there is a difference betw#and.S, although the flanks of are steep.

5.5.3 Triple pulse

The initial position is also optimized, and the stop criteriis taking the change of the cost function in account.
The results for the best run (figure 5.9) are the same as thkse$the catapult start, there is a difference between
S andS, but the flanks are steep.

5.5.4 Fastcare

In this experiment the data from a real car is used. The aat&das are measured during 35 second while the car
is doing the track from figure 5.10.
The best run is given in figure 5.11. As can be seen the reselgomd.
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Figure 5.7: The best results for the cosines experimenta)lthg S (doted line) andS; (Solid line) are plotted.

(b) and (c) are the positions of the joints and ¢, respectively are plotted. In (d) and (e) the normalizeddorc
and power respectively are plotted. They are normalized\bgtidg the force and power by its maximum allowed
value. If the normalized force or power is larger than onentbne of of the motors will be damaged. The initial

velocity isg = [109.5 degree/s 0.18 m/s]
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Figure 5.8: The best results for the catapult start. In (a)SHdoted line) andS; (Solid line) are plotted. (b)
and (c) are the positions of the joints are plotted. In (d) é)dthe normalized force and power respectively
are plotted. It is normalized by dividing the force and powespectively by its maximum allowed value. If the
normalized force or power is larger, then one, than one ohtbéors will be damaged. The initial velocity is

G = [—82.6degree/s —0.04m/s]
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Figure 5.9: The best results for the double pulse experinteiia) theS (doted line) and,; (Solid line) are plotted.
(b) and (c) the positions of the joints are plotted. In (d) é)dthe normalized force and power respectively are
plotted. It is normalized by dividing the force and powerpedtively by its maximum allowed value. If the
normalized force or power is larger then one, than the mauglisbe damaged. The initial velocities are is

¢d=1[2.82rad/s —0.11m/s]
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Figure 5.10: The track of the fast care, done in 35 seconds
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Figure 5.11: The best results for the fast care experimar{@)itheS (doted line) ands; (Solid line) are plotted.

(b) and (c) the positions of the joints are plotted. In (d) #eythe normalized force and power respectively
are plotted. It is normalized by dividing the the force anavporespectively by its maximum allowed value. If
the normalized force or power is larger then one, than theoraatill be damaged. The initial velocities are is

G =[—9.4degree/s —0.4m/s]
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5.6 Desdemona with three degrees of freedom

A logical step to make the optimization problem more reglistto increase the number of d.o.f. Therefggghe
yaw of the cabin is included. With this extra d.o.f. it is pibés to place the cabin in every position in thg e,
plane of the fixed world and to simulate any desired accetergtrofile (that is within bounds). In this section
the same experiments are done as in section 5.5. All the iexgets optimize also the initial position, and the
stop criterium is taking the change of the cost function icoamt. In the pattt, the linear translation im, e,
direction are defined, the rotation is not taken into accodifte rotation is not taken into account because for
example the catapult start path demands for almost 2 seeoratsceleration afom /s which resultin a linear 40
meter displacement or a combination of a small displaceruattotation. Desdemona isn’'t 40 meter long, so we
expect the optimal controller to force Desdemona to stastirg. ) is defined so that the rotation isn’t included
in the optimization.

The results of the experiments are discuss in section 5.8.

5.6.1 Cosine path

To be able to compare the new realistic system with previgpsmments the original cosines path will be used for
the first experiment. The results for the best run is givengarg 5.12. The result is good because the constraints
are met and is very close taS,.

5.6.2 Catapult Start

This profile is from the start of an airplane from a aircraftrie. It is very strong acceleration in ong,f direction.

The optimization also optimized the initial position. Theight matrix@ (see sectioh 3.4) is taken so that an error
in e, direction result in a three times larger cost tham,jrdirection. The results for the best run is given in figure
5.13. It can be seen that the results aren't so good as thedgree problem, this is to be expected because it is
a much harder problem. The false ci#& ) is smaller then the wanted acceleratiéfy X which is one of the basic
requirements to make the simulation realistic.

5.6.3 Double pulse

This is just a test profile with twice an step acceleratiorhiet, direction. The results for the best run is given in
figure[5.14. The weight matrig) (see sectioh 3.4) is taken so that an errot jrdirection result in a three times
larger cost then ir,, direction.

5.6.4 Fastcar

In this experiment the data from a real care is used (the choiig) the track from figurle 5.10). The results for the
best run is given in figure 5.15. It can be seen there is a laffpgahce betweels andS,;. But on the other hand
Sq is high frequent, and hence difficult to follow.
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Figure 5.12: The best results for the three d.o.f. cosingsrxent. In (a) and (b) th, and respectivelys,,
are plotted. In (c), (d) and (e) the positions of the joiptsg, respectivelyys are plotted. The constraints are not
plotted but they are all met. The initial velocities &fe ¢2 g5] = [37.3degree/s — 1.0m/s 0.5 degree/s]
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Figure 5.13: The best results for the three degree catapuiesperiment. In (a) and (b) tig, and.S, respectively
are plotted. In (c), (d) and (e) the positions of the joiptsg. andgs respectively are plotted. The constraints are
not plotted but they are all met. The initial velocities &feqgz g5] = [-74.9degree/s —1.5m/s 10.0 degree/s]



DESDEMONA WITH THREE DEGREES OF FREEDOM 31

pl aat j es_THREE/ DUB_THREE_ out put _Sx. eps |pl aatj es_THREE/ DUB_THREE_out put _Sy. eps

(@) (b)

pl aat j es_THREE/ DUB_THREE_ out put _gl. eps |pl aatjes_THREE/ DUB_THREE_out put _g2. eps

(© (d)

pl aat j es_THREE/ DUB_THREE_ out put _g5. eps

()

Figure 5.14: The best results for the three degree catapuiesperiment. In (a) and (b) tig, and.S, respectively
are plotted. In (c), (d) and (e) the positions of the joints;: andgs respectively are plotted. The constraints are not
plotted but they are all met. The initial velocities &g ¢o ¢s] = [-52.9 degree/s —1.5m/s — 39.2degree/s]
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pl aat j es_THREE/ AUTO THREE_out put _Sx. eps |pl aat j es_ THREE/ AUTO_THREE_out put _Sy. eps

(@) (b)

pl aat j es_THREE/ AUTO THREE_out put _qgl. eps |pl aat j es_ THREE/ AUTO_THREE_out put _g2. eps

(© (d)

pl aat j es_THREE/ AUTO THREE out put _g5. eps

()

Figure 5.15: The best results for the fast care experimar(a)land (b) the5,, and.S, respectively are plotted. In
(c), (d) and (e) the positions of the joinjs, ¢o andgs respectively are plotted. The constraints are not plotted b
they are all met. The initial velocities af@ ¢» ¢s] = [7.8degree/s —1.7m/s — 6.5degree/s]
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5.7 Improving the performance

In previous section Desdemona simulated with three d.twé. résults can be increased by simplifying the dynamic
model of Desdemona and by taking initial values not randdsatyby selecting promising values. This is explained
in this section.

Simplifying the dynamic model

The parameters of the dynamic are given in appendix A.5. Emec of mass is not always in the origin of
Desdemona coordinates. This makes the dynamic model morpler because it increases the number of joints
that are influencing each other torques. By assuming theetiteicof the mass is always in the origin, some small
errors are introduced in the optimization. The result i$ tha calculation time is shorter. The fact that some small
errors are introduced can be eliminated by an extra optiinizavith the full dynamic model at the end. Thus this
method is increasing the performance.

Smart Guess

All the experiments are until now done with random initialues (randormy(0), ¢(0), ¢(+)). But due to other
research about Desdemona there are ideas of good performing iniaksal Some experiments are done with
these inial values. The idea is that a initial values thathmsen with prior knowledge give better results.

For example, if we expect afl; in thee, direction, where at the begin no accelerations and lateedugh
acceleration occur, then three groups of sensible initishmeters can be chosen, see table 5.2.

2 | @14
0 T -
1 0|0
small| T | |

Table 5.2: The three possible initial parameters. Theeans a large value. The acceleration will be low for a
limited time and thereafter high. This can be found from ¢iguaB.5

5.7.1 Catapult start

The catapult start is repeated but now with a simplified dyinamnd smartly guessed initials valug§)), (0):
[91 92 g5] = [0degree — 0.01m 0degree]

(41 G2 5] = [86degree/s — 1.4m/s 0degree/s]

The results are given in figure 5.16. The optimization with $implified dynamics is done first and thereafter an
optimization with the real dynamic is done to ensure theltgsue applicable to the Desdemona.

2Mark, heb je nog referencies??todo
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pl aatj es_THREE/ CAT_THREE smart _Sx. eps pl aatj es_THREE/ CAT_THREE smart_Sy. eps

(@) (b)

pl aatj es_THREE/ CAT_THREE smart_ql. eps pl aatj es_THREE/ CAT_THREE smart_q2. eps

(© (d)

pl aatj es_THREE/ CAT_THREE smart _q5. eps

()

Figure 5.16: The best results for the smart catapult exgerimin (a) and (b) the, and.S, respectively are
plotted. In (c), (d) and (e) the positions of the joigts g2 and;s respectively are plotted. The constraints are not
plotted but they are all met. The initial velocities &fe ¢z g5] = [95.2degree/s —0.4m/s — 21.9degree/s]
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5.8 Discussion three d.o.f. results

The results are good for the cosines experiment (figure 5T2)s the method is working. For the other exper-
iments (figure 5.13, 5.14 and 5/15) the result are not as gbbis. is because the cost function is non-linear and
non-convex, which result in a large number of local mininrathe two degree optimizations cases the problem is
less nonlinear and therefore there are fewer local optimums

For finding a low local minimum you need a huge number of tridlkis number can be reduced by using
promising initial values and by simplifying the dynamic nebdBut then you need a way to find these values. An
example can can be found in section/5.7.

The cosines experiment has the best result, this is bechedevter the existing frequencies fy(¢) are, the
easier to solve the optimization problem. One reason is gauesample the problem, and solve easier (see section
5.3). Or in other words, a change at a certain time of the gaifitDesdemona will not only influence the error
(AS) at the same time interval but also in later intervals. Thiparticular the case #,(¢) contains only lower
frequencies since there is more correlation between twkEanext to each other.

Another difficulty is that the optimization has to deal witthage number of input variables, for the fast car
experiment (figure 5.15) 450 variables, which cause a hugglexity for the problem (see sectibn 4.5).

Thus the results could be expected because of the knowratioris and complexity (see section 4.5). Some
options give better results by choosing better initial ealuand to avoid high frequenciesSg(t)

If the optimization find a local minima, a method that possitln be used to find other local minima in the
neighborhood can be applied. The method redefinesif¢ as

Sdnew(’) = )\Sd() + (1 - A)S()

with A €< 0...1 > and S(¢) is the path from the previous found optimum. Then with a newingigation run

the Sy, (t) can be used to find other local minima. This method has beelemgnted with several and tested
with the three d.o.f. catapult start experiment (secti@nZ). The results is that the average performance decreases
Thus there can be concluded that the method is in our casesefatl fior improving the optimization performance.
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Chapter 6

Including human perception model

6.1 Introduction

As stated before, the main goal of Desdemona is to let theopemsDesdemona observe the same movements
as in the simulated vehicle. Sometimes a human observesatiffmovements than the human body it is making
due to measurement faults. Therefore it is not always nacgdisat Desdemona makes the same movements as
the simulated vehicle. By taking this into account it is pllesto filter out irrelevant movements (movements a
human doesn’t observe) and concentrate on the movemenis tluianan does percept. To achieve this, a human
perception model is included in the optimization problehnis ts given in figure 6.1.

Sq
Optimization Desdemona Humap
perseption

A 4
\ 4
\ 4

Error

o Human -
perseption

Figure 6.1: A schematic model of the optimization problerthwiuman perception model

6.2 Human perception

There are three main sensory systems involved in spati@h@ation and disorientation: the visual system, the
vestibular system (inner ear), the somatosensory systegat(of the pants”)[1]. To a smaller degree, the auditory
system is also involved. Of these, vision is by far the mogtdrtant sensory system providing spatial orientation
during flight. In the absence of vision, orientation must ke\d solely from the vestibular or somatosensory
systems, and these systems do not always provide accurtimrand position cues.

The primary role of the vestibular system is to enhance risitt provides angular and linear acceleration
information to stabilize the eyes when motion of the headtzody would otherwise result in blurred vision. It's
secondary role, in the absence of vision, is to provide aesefhgosition and motion.

The nerve system and brain are interpreting and combiniagnfiormation from the sensors and let a person
observe the movements which the person is making. But soresth person observe another movements that it is
making. This is due to measurement and interpretationdadlhis and other effects from the human perception
model are still a subject for ongoing research. An examptéas you don't feel constant rotations, or another
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example, if you sit in the train, you think it is leaving bustead it is nearby a train that is leaving
A fixed simulator involves virtual and auditory simulationcha moving simulator also involves the vestibular

and somatosensory simulation. This work only deals withntlewing part of Desdemona and in dialogue with
TNO there has been decided to include the vestibular syste¢heioptimization problem.

6.3 Vestibular system

Tubular ducts
containing endolymph

Semicircular
canals

Figure 6.2: The Vestibular system (from [12])

The vestibular system can be divided in the semi-circulaatsaand otoliths see 6.2. With these two perception
models it is possible to measure rotation and linear acatider. These models will be included in the cost function
of the optimization and the new optimization will minimizeeterror in perception.

6.3.1 The semi-circular canals

The semicircular canals are part of the vestibular systemer& are three semicircular canals located in the inner
ear on each side of the head. Fluid within the canals movatvelo the canal walls when angular accelerations
are applied to the head. This fluid movement bends sensorfilaanents in specialized portions of the canals,
which send nerve impulses to the brain resulting in the pdime of rotary motion. Each canal is oriented such
that it responds differently from the others to angular lregions in the pitch, roll and yaw spatial planes (see
figure! 6.3).

Lep

Figure 6.3: The pitch, roll and yaw canals (from [12])
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The relative responses from all three canals are integtatéde brain to determine the actual plane in which
the motion is occurring.
Dynamic model of the semi-circular canals
The model of the semi-circular canals are based on an ov@e@torsion-pendulum with transfer function

Hiovow) = neural discharge rate K (6.1)
T angular acceleration (1 + T jw)(1 + Tojw) '

The technique to measure the neural discharge rate (ingyp#sesecond, ips) of the primary neurons in the vestibu-
lar nerve, made the determination of the transfer functiothe semi canals possible [6]. The transfer function
becomes:

K(l + Tij)
(14 mjw)(1 + mojw)

With the following parameters given in the table 6.1.

Hscc(w) =

(6.2)

K | 2ips/m/s®
Tn 0.11s
T1 5.9s

Ty 0.005s

Table 6.1: The parameters of the model (eq] 6.2) of the semitar canals. (ips stands for the Neural discharge
rate (impulses per second)

Because in the used paththe angular displacement is given as omega and not as aatoatethe transfer
function Hy.. has to be differentiated. This is done with a lead filter [1d¢&use a pure differentiator is difficult

to implement. The transfer function of the lead filterjiléL where« is chosen larger than the bandwidth of
w+1

Desdemona (see section A.5) so the lead compensatfbn tlbese’influence in the relevant frequency domain.
The final transfer function can be found in eq.]6.3 and is gtbinh figure 6.4.

K(1+ 1pjw) Jw
1+ 7jw) (1 + mjw) Jw 1

Hscc(velocity) (w) = ( (63)

-20

Magnitude (dB)

Phase (deg)
(=)

-90 -2 -1 0 1 2
10 10 10 10 10

Figure 6.4: The frequent response of the semi-circularlsgfram [12])
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6.3.2 The otoliths

The otolith organs are one of the sensory components of thtiutar system. They translate gravitational and
inertial forces into spatial orientation information - sgeally, information about angular position (tilt) andhé&ar
motion of the head. The otolith organs (see figure 6.5) cortt-heavy hair-like cells that bend in response to
gravitational or linear acceleration forces. The bendifithe sensory hairs relative to the membranes / structures
to which they are attached are transformed into orientagignals to the brain. Inertial forces associated with the
movement of the human body, combined with gravity, act uperotolith organs.

{Oto\iihs—l
v/ RN fi 3

Otolithic membrane

Hair process

Hair cells
Supporting cells

Nerve fibers

Figure 6.5: The otholits (from [12])

Dynamic model of the otoliths

Considering their physical structure, each otolith can loelelled as an acceleration meter with over-damped
mass-spring-dashpot characteristics [6]. The transfestfon is given as:

Hopo(w) = neural discharge rate K (6.4)
T linear acceleration (14 myjw) (1 + Tojw) '

It has been very difficult to identify the time constants. Thain reason is the lack of adequate experimental
installations to generate necessary linear acceleratfionls Based on different arguments, researchers coedud
that the numerator of equation (6.4) should be extendedanfitist-order term [6] to:

K(1+ 1hjw)

(1 + Tjw)(1 + Tojw) (6.5

Hoto(w) -

with the following parameters given in table 6.2. The trandfinction is plotted in figure 6.6. It can be seen that
the otolith is most sensitive to movements between 0.1 arfeii@.

K | 3.4ips/m/s*
Tn 1s

T1 0.5s

Ty 0.016s

Table 6.2: The parameters of the model (eq. 6.5) of the b®lifips stand for the Neural discharge rate (impulses
per second, ips)

6.4 Including model of the semi-circular canals and the otoliths

Both the transfer functions are scaled so {iéfw — 0)| = 1to make it easier to interpret the results. The transfer
functions are rewritten as a state space model and are &ttindhe cost function. The new calculation scheme is
given in section D.2.
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Bode Diagram

Magnitude (dB)
'
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o

-90 - - .
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Figure 6.6: The bode plot of the otoliths transfer functign@.5.

6.5 Results
6.5.1 Catapult Start

This experiment is an extension from the experiment whichbdeen presented in section 5.6.2. The extension is
that the effect of the otoliths are now included, the semdtdar canals are not included because in the original
experiment the rotation is also not taken in to account. ‘Eselt is given in figurg 6.7 and 6.8. In figure 6.7 the
output of the otoliths are given. It can be seen that a thétlaschre sensitive for an abrupt change in the accelera-
tion (called jerk mation).

The results are better in comparison with the results froenséime experiment without human perception
model (see section 5.6.2). This is because the perceptidelissensitive for acceleration changing which results
in a steep acceleration pulse.

Sx(perc) Sy(perc)
40 T T T 40 T T T
—_S dx(perc) —_S dy(perc)
30 === Sx(perc) 30 === Sy(perc)
o 20f Yo
£ 1S
c c
i) i=]
s 10 =2
o . k5
Q ’ PR Q
8 e o 8
& OfF— = . ©
_lo L
-20 ” y
0 1 2 3 4
time
(@) (b)

Figure 6.7: The best results for the three d.o.f. catapatt sixperiment. In (a) and (b) th®; ,.,.. (perception,
perc) and respectivel§, ,.,. are plotted. This is the measured acceleration by the logolit
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pl aat j es_OOR/ CAT_OOR_out put _Sx. eps pl aat j es_OOR/ CAT_QOOR_out put _Sy. eps
@) (b)
pl aatj es_OOR/ CAT_OCR out put _ql. eps pl aatj es_OOR/ CAT_OCR out put _g2. eps

pl aatj es_OOR/ CAT_OCOR out put _g5. eps

(e)

Figure 6.8: The best results for the three d.o.f. catapait sxperiment. In (a) and (b) respectivély andS, are
plotted. In (c),(d) and (e) the positions of the joints respely ¢;, ¢; andgs are given. The constraints are not
plotted but they are all met. The initial velocities &fe g2 ¢5] = [—37.8 degree/s 0.1m/s — 12.7 degree/s].



Chapter 7

Predictive optimal control

7.1 The principle of on-line optimization

In some cases there is a need for on-line optimization. Amgaisman in the loog{see figure 7.1). Since human
behavior can not be predictefl; can not be determined prior to the optimization. Therefbeedptimization has
to be done online (see also B.4).

i S
> Vehicle d Optimization »| Desdemona
/\ dynamics
+

\ 4

Error

Figure 7.1: The calculation and horizon time.

The on-line optimization needs an estimated path with aetime horizonT}, to calculate the path of the
joints of Desdemona. The time necessary to calculate thmization is the calculation tim&, (see figuré 7.2).
The determined path of the joints of Desdemona will be usddg duringt = T, .. .27, and meanwhile the
on-line optimization will determine the path again for thexntime step.

| Relevant output |
Horizon time |
Calculation time

to Te 2T, Ts

Figure 7.2: The calculation and horizon time.

The time of calculation should be short, at most halfpf They only way to make an on-line optimization
is to configure Desdemona as a dynamic flight simulator, seraith this configuration it is possible to realize a
calculation that is short enough .
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7.2 Desdemona as a dynamic flight simulator

In the following part of this chapter, Desdemona is congdess a dynamic flight simulator. This means the
vertical sledge is fixed in its outer position and the hortabsledge is fixed in its lowest position. Desdemona
works like a centrifuge-based simulator. The main benefihefdynamic flight simulator configuration is that the
simulated acceleration can be higher than in other confiigmsof Desdemona [2].

The angle of the acceleration vector working on the pilotlsarchanged with the gimbles. The optimization
problem has to be redefined because the new goal is to optih@zzath of the acceleratianodulus

My = /53, + 53, + S5, (7.1)
M= /82452 +5? (7.2)

To give an impression of the possibilities of the dynamidiligimulator an off-line optimization is made for a
catapult start. The results are given in figure 7.3.
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Figure 7.3: The results of the off-line catapult start. Inr@dulusMy, M andM,,, are given.M,,,, represents
the original results of a non-optimized method (see secidr?). (b) shows the error betweés; and M, and
betweenM, and M,,,. In (c) and (d) respectively, andS, are plotted. (e) and (f) show the motor force and

power.
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7.3 The on-line control method

The goal of the on-line control method is to generate in riead the path of the joints by using an estimated path
(M.). Since the estimated path is used as a criteria in the giion it is important that the path is realistic. The
method to estimate the path depends on the vehicle to beatgduand the mission of the pilot. In this report it is
assumed that the path can be fully estimated. An overvielWeobptimization method is found in section DJ1.2.

In equation 3.8 an online optimization algorithm with endtds given. For the end cost of the dynamic flight
simulator value zero can be taken, because the movemeihts siiiulator are not limited. An example of limited
movements of Desdemona are its horizontal movements.

The cost function of the dynamic flight simulator is almos game as in equation 4.1. The discrete optimiza-
tion problem is written as:

min J = Z AM ((k),{(k), k)? (7.3)
4 k—to

whereAM (¢(k), §(k), k) = M.(k) — M(4(k), G(k)) and with constrains:

lg1(k)| = ¢imax <0

lg1(k)|— Gimax <0

IT(@1 (k)= ™max <0
IT(41(k))g1 (k)| —  Pmax <0 (7.4)

The torque depends @p, so the constrainigj and7 (g (k)) can be rewritten as one constraint.

Another way of writingJ is

T= 3" Far(), k), b)? (7.5)
k=to
with
f((Jl(k)»QI(k)ﬂk) = AM(Ql(k)7q(k)vk) (7-6)

M (41(k), G(k)) can be calculated by combining equation'B.5 and 7.2 and ttaergters, = —4, ¢, = 0 and
G2 = 0. Then

M (g (K), (k) = /(41 (k)2 + (441 (k)2)% + g2 (7.7)

The nature of the optimization problem described in the ipre/section is the same as the one described in
chapter 4. This is because both problems have the form ok&$gaares (data-fitting) problem and are nonlinear
and non-convex. Therefore, the same optimization algoriik in section 4.3 can be selected.

7.4 Reducing the optimization time

The calculation time can be reduced by speeding up the gation and by choosing the initial values smartly.
First a fast method of calculating the Jacobian is introduddereafter, the method to choose the initial values is
discussed.

7.4.1 Calculation of the Jacobian

The optimization method iterates to its optimum as exphiimesection C.2. Therefore the Jacobian has to be
calculated at every iteration. This can be done numerichllyin this case it is faster to calculate the Jacobian
analytically.
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The Jacobian can be calculated by integratingjittg with the explicit Euler method and M (k) with equa-
tion 7.7

AM(4(k), 4(k), k) = Mc(k) — M(q(k), (k)

Then the cost functiory (k) = (AM(q(k),(k),k))? can be calculated analytically. Thus the Jacobian is:
Jacobian(i, j) = S5, which results in:

0 1< ]
. 2 i(i 3 ey i .
Jacobian(i, j) = SR 2]\[/?;13( LHDL 5= J (7.8)
AM (i) R*4hqg(i)*® . .
AM@ R ng(0)* Ny

Thus for aN x N Jacobian matrix the number of calculationgi$.

7.4.2 Smart guessing of the initial values

The optimization time can be reduced by choosing the iniElies closely to the optimal values. Therefore a
small number of optimization (iteration) steps can be takéhout having a worse performance. The new initial
values ¢ (k)) can be calculated with a small error by neglecting the &cagbng, in equation 7.7. This can be
done becaus@/(¢(k), G(k)) mainly depends oi andg. The new equation i8/(4(k)) = /(4¢(k)%)% + g2 or
rewrittert ¢, (k) = 1/ 7VMUZW. The estimated path can be used to calcujatusg; (k) = VM (k)=

4
With a control loop it is possible to calculate the new ingiy) for the optimization and taking care of the constraint

|41 (k)| — G1max < 0 (see figure 7.4).This method is a common method to contraayo flight simulators.

A 4

1M, > g |

Optimization | ql'nin'al

—
A

qinit[al

Figure 7.4: The schematic representation of calculafingpat is used for the initial value of the optimization

7.5 On-line examples

The catapult start and roller coaster experiments disduissthis section both have the same calculatiQn=
0.4 sec, horizonT}, = 1 sec, and sample timé; = 0.1 sec.

As can be understood intuitively, larger horizons givedratesults. Experiments also verify this, but the results
of these are not displayed here.

The calculation time of the optimization algorithm has todmealler or equall. to be useful in practical
applications. When using akMD Athlon 180Qhe calculation time of the optimization algorithm is srealthan
T.. So, theAMD Athlon 1800s suitable to do this optimization in practice.

The control loop method from section 7.4.2 (see figure 7.4)iginally used in dynamic flight simulators for
calculating the central yaw [15]. To be able to compare theroped results with the original results, the latter are
also given.

Iwithout influencing the optimization resuligcan be assumed positive.
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7.5.1 Catapult start

For the on-line optimization example a path/{) is chosen that consists of a pulse superposition at a gunsta
acceleration. The results can be found in figure 7.5. Theageecalculation time aAMD Athlon 180needs is
0.23 second.

7.5.2 Roller coaster

The roller coaster experiment is given in figurel 7.6. Tiigis specified by measured data from a real roller coaster
to which halve of the gravity is added. This gravity is addedb¢ able to simulate accelerations that are smaller
then gravit@. Thereafter), is limited by the limits of Desdemona and filtered with a lovsgéilter of5hz. The
average calculation time aMD Athlon 180eeds is 0.23 second.

7.6 Discussion of the results

To evaluate the results two criteria will be considered:pgbdormance and the calculation time. Both criteria have
to be satisfied to be useful in a real time situation.

The performance of the optimal control algorithm is bettesrt the original control loop method (see section
7.4.2). This is due to the fact that the optimization mettdriticipating on the future. This results in a smaller
delay betweer/; and M.

The calculation time is small enough to make it applicableractical situations. To conclude, the optimization
method is a useful extension on current systems. When thepathe estimated for limited timé&x) in the future
then the method can be implemented. If the calculation fiinis reduced thefl}, can be reduced without a loss
of performance. This can be useful for cases in which it igadift to estimate the path.

2This way also allows for steeper acceleration to be made. [15]
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Figure 7.5: The results of the catapult start. In (a) modulis M and M, , are given. M,,, represents the
original results of a non-optimized method (see section2y.4(b) shows the error betweeWl; and M, and
betweenM, andM,,,. In (c) and (d) respectively, andS, are plotted. (e) and (f) show the motor force and

power.
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Figure 7.6: The results of the roller coaster experimeif&)modulusi,, M andM,,., are given.M,,,., represents
the original results of a non-optimized method (see secidr?). (b) shows the error betweés; and M, and
betweenM, andM,,,. In (c) and (d) respectively, andS, are plotted. (e) and (f) show the motor force and

power.
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Chapter 8

Conclusion and recommendations

8.1

Conclusions

For this research, first a literature study on modeling amdikition of robotic dynamics, optimal control concepts
and Desdemona specifications and motion cueing methodskascbnducted. Taking in regard the literature, an
optimization method has been implemented which includeslifierences in perception of the simulator, the false
cues (false cues are wrongly simulated accelerations)themnstructural and drive limits of Desdemona. Different
suitable optimal control concepts and cost functions haanlevaluated. The optimization method has been im-
plemented for Desdemona with one, two or three d.o.f.. Binalreal time optimal control algorithm which can
be used duringnan in the loosimulations has been developed for Desdemona in the coafignrof a dynamic
flight simulator.

We can draw the following Conclusions:

An analytical optimization is not possible for Desdemoné&wtivo d.o.f. without a numerical search algo-
rithm to the co-states. In practice numerical optimizadiorstead of analytical optimizations are used for
complex systems.

The optimization includes the transitions from hexapodiamotypes to centrifuge motion types, because
the optimization method only has one model for both kind ofiors.

The cost function is non-convex and therefore more than aced bptimum may exist. There is no general
rule that can be used to determine whether a local optimuisasaaglobal optimum.

It is time consuming to solve the optimization problem, hesait is a non-convex, non-linear problem.
Therefore huge calculations need to be done.

It is easier to optimize a low frequency reference signah taaigh frequency signal.

Smart guessing of the initial values makes the performanttedbecause the optimization algorithm starts
iterating from the initial values towards a local optimuminc the initial values are realistic, it is more
likely that the found local optimum has a good performance.

By assuming that the center of mass is located in the origia,ctlculation time will decrease and the
optimization converges to an optimum faster. It also resala small error in the dynamics, but this can be
corrected.

Human perception is sensitive to certain frequencies ebliracceleration. Including the human perception
model in the cost function gives better results, becauskesaihdase the cost function pays more attention to
those frequencies of the acceleration path.
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e Optimization the Desdemona configured with one instead rektld.o.f. needs less computing power, be-
cause the number of optimization variables is smaller aedd§mamics is less complex. The number of
joints directly influence the number of variables: a onefd.problem compared to a three d.o.f. problem
has three times fewer input variables for the optimizatibhe dynamic is less complex because there are
fewer joints which are coupled. Also the expression for tteeeration the pilot makes is less complex.

¢ If Desdemona is configured with only one d.o.f instead of nibas one d.o.f. (see previous point), then it
is easier to compute the optimization problem. In that chs@ptimization problem can be implemented as
a real time application for Desdemona as dynamic flight sitaul

8.2 Recommendations

As stated before, the on-line optimal control algorithm ethcan be used duringnan in the loopsimulations
has been implemented for Desdemona configured as a dynaghicdimulator. To implement the algorithm, an
estimator needs to be designed to predict the path in thesfuithe model for the estimator is dependent on the
simulated model. The time that needs to be estimated carndoeeaé by reducing the time of calculation of the
optimization algorithm. This could be done by optimizing implementation code.

The recommendation for off-line optimization of Desdemauithh more then one d.o.f is to apply an optimiza-
tion method with smart chosen initial values. The resultslvé better than or equal to the results produced by the
initial values. Implementing the optimization algorithmdspecially recommended for cases in which the results
of the initial values are not sufficient.

Including all the d.o.f. in the optimizing problem of the Diesnona will result in needs of huge computer
power and probably with poor performance. It is not alwaysessary to include all the d.o.f. of Desdemona in
the optimization, because by combining the optimized goand the desired patlyy), it is possible to calculate
the positions of the other joints. This has been done whe&mrena configured as a dynamic flight simulator.
Therefore, more research should be done to redefine theimatiom problem for Desdemona was configured with
(almost) all the d.o.f. to a configuration with a reduced nantf d.o.f.
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Appendix A

Notation and Model

A.1 Notation

The notation which is used in this report is based on [16F & geometrical and global method. In this appendix
some of the notations are explained and the parameters deDema are given.

A.1.1 The homogeneous transformation matrix

A general change Cartesian coordinates from coordinait@® 2 can be expressed with a matrix of the form:

R2 p2 )
H? = < 1 71 Al

In this matrix R is the rotation matrix angd the translation vector.
With a serial robot like Desdemona, it is possible to firstrkethe transformation matrices for each joint, and
then combine them. For exampt = Hj H".

Rotations around the x,y and z axis can be defined as followed.

1 0 0 0
‘ | 0 cos(a) —sin(a) 0
He ais (o) = 0 sin(a) cos(a) O (A-2)
0 0 0 1
cos(B) 0 sin(8) 0
0 1 0 0
Hy ais(0) = —sin(B) 0 cos(B) 0 (A-3)
0 0 0 1
cos(y) —sin(y) 0 0
sin cos 0 0
Hz aris (’Y) = é’}/) 0(7) 1 0 (A4)
0 0 0 1
Translations can be written as:
1 0 0 =z
01 0
Htranslation('rv Y, Z) = 0 0 1 Z (A5)
0 0 0 1
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A.1.2 Twist

The twist is defined a8 = [w v]T and can also be written in matrix notation.
Fid o frd it
177 = H{H; (A.6)

The indices irif,j’j mean a twist fronk to j expressed in from coordinatésThe coordinates from the twist can
also be changed with help from the adjoint matrix [18} = Ad,; T;”.

A.2 Model

In figurel A.1 the axis from Desdemona are defined. The numperfithe axis is done from earth to cabin with
the coordinate system of earth as number zero, and the cabiber six. The angleg have the same order of
numbering withg; as the angle between the earth and the central yaw. Thedraretfon matrices are defined
as:

Hlo = Hzazis(ql)

H21 - Htranslation (07 q2, O)

H?? - Htrunslation (07 Oa Q3)

Hzij: H:l:a,m's(CM) (A7)
Hé = Hzazis(q5)

Hg = Hyazis(qG)

The twists are defined as:

0 0o 10 0 0F

T%»;:[000010]T

722 = [0 000 0 1T

T}‘B =100 0 0 0F (A8)
Tt = 0o 010 0 0T

2° = 0 1 00 0 07T

The Jacobian matri¥™ gives the linear relationship between the joint velocites the end-effector twist.
This can be written a&""" = J"(q)q
The Jacobian matrix can be calculated with

T"(q) = (170 ... T (A.9)
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04 outer gimbleOs (Inner gimble)

Os (Inner gimble)Og (Cabin)

Figure A.1: The coordinates fram@) of Desdemona per part
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A.3 Calculating the path of Desdemona.

The path which Desdemona has to follow is given in transfesioceleration and rotation speeds in the origin of
the head. It is also possible to express the trajectory ofl&®asna in the same way. The expression is

N
5= < (1) + G(1) > (A.10)

wherew is the rotation of the head? the acceleration an@ the gravity.
To calculateP, first the twist and his derivative has to be calculated devid:

Tg° = HYHS (A.11)
T30 = AdpeTg"° (A.12)
6,0 6 b TG.,O y 9 TG,O i
Te (¢,9)ij = Z( (86 )’qk+ (a"’. )Jdk (A.13)
k=1 k Uk

Thep € R3 consists of the three upper e[ementsfbfe R* and can be calculated with the help of the
basic equation”® = HJPS. The acceleratior”® can then be expressed a8’ = H{P% or rewritten as:
PO = HYHSPO

HOHS « (H9)HS (A.14)
o (TYOHYHS (A.15)
- 0,0 ~ .
o Ty +Tg HIHS (A.16)
hence
. =00 - .
PO =T, P° 4+ T0P° (A.17)

~ -.0,0
For calculating the acceleration of poi® you need the twisTZ“GO’O and his derivativel'; . If you want the

acceleration seen from coordinate fraénhen the equation becomes:
.. + 6,0 ~6.0 -
(P =Ty P+ 15°P° (A.18)

The gravity vector can be calculated with:

G—{G6R3|<§>_H§ } (A.19)

o © o

whereg the gravity constant is.

A.4 Euler Lagrangian equations and Dynamic model

Definitions of the necessary quantities
The manipulator inertia matrixLP] can be calculated with:

M(q) = i(Ji)TIO=iJi (A.20)
i=1
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With 7% the generalized inertia matrix of bodyexpressed in coordinate frarfie The parameters can be found
at the end of this section.
The potential energy in the system can be calculated with

Vig) =) mighi(q) (A.21)
=1

wherem; andh;(q) as respectively the mass and the height ofithdink and g is the gravitational constant. Then

the conservative force can be defined as
oV (q)
N A.22

The Coriolis matrixC/(q, ¢) gives the Coriolis and centrifugal terms in the equation ofion.

n

Cij(a,q) = EZ <8M” (@) | OMarlq) _ OMiy (q)) i (A.23)

2 k=1 Iqk 8qj 9q;

Euler Lagrangian equations
To make a dynamical model of Desdemona the Euler Lagrangjaations are used. The Lagrangian for the rigid
body is written [10] in terms of the joint angles and velassti The Lagrangian is given in equation A.24 .

L(g.d) = 50" M(a)a ~ V(0 (.29

The equation of motion can be acquired by using the Lagrareggiation. (eq A.25).

d OL 0L
P = A T A.25
T a%oq  dq (A.25)
The equation of motion can now be rewritten as:
7= M(q)j+ C(g,4)q+ N(q,4q) (A.26)

where M (g)as the inertia matrixC'(q, ¢) as the Coriolis matrixC, N(q, ¢) as vector for the Conservative forces
and friction.

The power that is exchanged between the actuating mototharjdint can be calculated with = 77

The inverse dynamic model

The equation of motioh A.26 can be rewritten @s= f(q,q,7) which give the inverse dynamic equation as
function of 7.

Mt = M'M(q)i+M'C(q,q)i+ M N(g,d)
M7 — M~'C(q,4)q — M~*N(q,q) (A.27)

A.5 Parameters of Desdemona

All the parameters that are used in this report are mentiamékis section. In table AJl1 the motor limits are
given. In table A.2 and A.3 the mass and respectively inaméagiven. Table A.4 gives the limits of the body of
Desdemona.
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] This report is a public version, therefor this table is naiptihyed. For more information [2].

Table A.1: This are the effective motor limits.

] This report is a public version, therefor this table is napttyed. For more information [2].

Table A.2: This are the mass and the center of gravity in Desd@ coordinates (-’ is not important in the
dynamic model)

] This report is a public version, therefor this table is napttyed. For more information [2].

Table A.3: The moment of inertia in the origin of Desdemonardmate system. (-’ is not known or not important
in the dynamic model, and taken as zero). The units that & arg{kg m?]

The center of gravity and the origin of Desdemona coordisggtem are not the same in case of the Inner
gimble and cabin. For taking this effect into account the sriagewritten as a generalized mags, {,ss)"™ =

( 8 nSI )) and the coordinates are transfer to the same coordinatttge asoment of inertia.(7,,455)° =

(Angl)T I'™Adpo . Now the generalized inertia of the total body in the origilD@sdemona coordinates is

I = (Inass)? + ( ‘g 8 > WhereJ is the moment of inertia of the body

] This report is a public version, therefor this table is najptthyed. For more information [2].

Table A.4: The physical limits, due to limited dimensionsffisess and forces of Desdemona bodfar Desde-
mona as dynamic flight simulator (section 7) another maxirrswalid: ¢4, = 155.4°/s

This report is a public version, therefor the bandwidth &f tleckpit is not given.



Appendix B

Model with two degrees of freedom

In this appendix a model of Desdemona configured with onlyjaives ¢; andg. (the central yaw respectively
vertical sledge) will be defined. The other joints are fixedk this system it is possible to define a problem which
is similar to the full Desdemona, but because it has feweregsoof freedom, it is easier (faster) to solve the prob-
lem. The reason for choosirg andg, as joints is that both joins can generate an acceleratidmeia,tdirection

in the cockpit.

B.0.1 Basic equations
The equation of motion (eq. A.26) is for this case

_ (et +ie2 +ma(ge)? 0 gamagz  g2maq |\ . 0
T ( 0 my )17 —q2m2q1 0 i\ o (81
The twist vectofl;° (eq. A.8 )is.
0
0
e B.2
2 —q2q1 (B2)
G2
0
The acceleration vectd? (eq. A.18 )is.
—q2G1 *224142
P= 42 ‘0‘11‘12 (B.3)
0
The gravity vectoiG (eq. A.18)is.
0
G= ( 0 ) (B.4)
g
The path vectof is.
0
0
Q1
S = . . B.5
—q2q1 — 2G1G2 (85
G2 — Giq2

g
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B.1 Analytical optimization
B.1.1 The used theory

The analytical optimization is based on thnimum Principle of Pontryagiifil8]. It solves the following opti-
mization problem:

te
min J = K(z(t.)) Jr/ folz(t,to, xo,w),u(t),t) dt (B.6)
T to
subject to
& = f(x(t),u(t)) andz(ty) = zo
With the hamiltonian the condition for optimality can be dedd. An hamiltonian is defined a&: = p(t)” f(x(t), u(t))+

fo(t,z(t),u(t)) (with p(x(t),u(t)) as co-statef (z(t),u(t)) the dynamic system anfh (¢, z(t), u(t)) the cost
function)

Then with theMinimum Principle of Pontryagican be found that for an optimal control minimizing equation
B.6, the following equations hold.

OH

Topt(t) = (Tp(popt(t),Iopt(t)vuom(t))T (B.7)
ZTopt(0) = o (B.8)
. OH
Popt(t) = _%(pozit(t)axom(t)auoz)t(t))T (B.9)
0K
Popt(te) = %(wom(tE))T (B.10)
If there exists an optimal solution then
OH
%(pom (t); Topt (1), topt (t)) =0

B.1.2 Solving the example with the Minimum Principle of Pontryagin
The problem statement is given in section] 3.5.

For getting the optimal problem in the same form as the MimmRrinciple of Pontryagin, it has to be rewritten
as a first order problem.
Therefore it is necessary to introduce= ¢ x € R* g € R%, g € R?| 2 = ( g ) } With « the dynamic of Des-

demona can be rewritten &) = f(z(t), 7(t)) and finally as first order differential equation.

(i)
24(t) (B.11)
fx(t), (1)
= R((z(t),u(t)) (B.12)

(%)

whereu = 7.

To avoid violation of the constraints, the error functifinis not only includingAS but also the constraints.
The extra addition in the cost function is called a feadipofliinction, which is explained for the numerical part in
section 4.6. To ensure the torque will be constrained af@agifunction is taken a$r? ander?, whereb ande
are weight coefficients. The position @f will be included asig3 (with a as weight coefficient). The rest of the
constraints are not taken into account. The total errortiandecomes:

freas = aqg + b7'12 + 6722 (B.13)
fo = (cos(wt) — Ra((a(t), u(t)) — (23)%02)" + freas (B.14)
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There are no final costs defined, thii$x(t.)) = 0

Now it is possible to calculate the ODE's for the example:

GQ1
. q g2 .
T = . = _ D3 -9 a2 M _242¢1
q 2(iz_14iz_24q22 M2)?b iz_1+iz_2+q22 M _2
—1 pa—2cos(wt)+44; g2 .9
2 2t cM_27 + 4142
p =
0
T1g2 M2 42° M 22421 _ M2q2q1
(2 (iz_1+iz_2+q22 M>)? + 4(¢z,1+¢z,2+q22Mz)2 Qiz,1+iz,2+q22M2 p3. .-
-2 -2 )
e —(qipat+4 <cos (wt) — 37 — 2q1q2) qi — 2aqs
o Mg . .9 .
1+ 2 e — 2¢2dapa + 8 (COS (wt) — 3 — 243 CI2) G241
_ __ _g2Moqaips
P2+ 2 ST
and

. < _1/2 (i(z,l—&-iz,g::—qgQMg)b ) )
= Mo (pa—2 cos(wt)+4¢% o
_1/2 1+cM32 -
The begin value is given by, (ty) = = and the end value by, (t.)=0.

Hence to solve the 8 nonlinear differential equations wigmd and 4 begin condition analytical is very difficult.
Therefore the the problem is rewritten as a numerical problEhis has been done in section 4.2.
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Appendix C

Optimization methods and definitions

In this appendix the properties of a convex function areryaed theNewtonoptimization method is explained.

C.1 Convex

C.1.1 Convex set

A setC in R is convex if for each pair, y € C and for all® € [0, 1] the next property holds:

1-0)x+0yecC

C.1.2 Convex function

A function J is convex if [3]

1. The domain dom(J) is a convex set

2. The next inequality holds for all, y € dom(J) and® € [0, 1]
J(1=0)z+0y) <(1-0)J(z)+06J(y)

Geometrically, this inequality means that the line segnbettveen [x, J(x)] and [y, J(y)], which is the chord
from x to y, lies above the graph of f (see figure. C.1)

Ly, J(y)]

[x,J(x)]

Figure C.1: 1 Graph of a convex function. The chord (i.eg Begment) between any two points on the graph lies
above the graph.
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C.1.3 First-order conditions

SupposeJ is differentiable (i.e., its gradier¥ J exists at each point in dom(J)). Then as can be seen in [3] J is
convex if and only if dom(J) is convex and

J(y) = J(x) + VI ()" (y — x) (C.1)

holds for allz, y € dom(J)
As one simple example, the inequality C.1 shows th&.if(xz) = 0, then for ally € domJ,J(y) > J(z), i.e.,
x is a global minimizer of the functiod. This example shows also that there is only one local minirf2im

C.2 Newton and Quasi-Newton methods

The Newtonmethod [17] is based on a second-order Taylor series exgran$ithe cost functiory. If the cost
function is.J(z) then the Taylor series aroung is

1
J(x) = J(xo) + VT J(20)(x — x0) + §(a: —20)T H(zo)(x — x0)
The higher order terms are neglected and the Jacobian égtadiV? J(z() and the Hessian i#l (o).

For the (local) minimum the derivative of the cost functisreero.

min J(z) = VJ(z) =0

T

Thus for the Taylor functioWV.J(z) = 0 = V.J(z0) + H(zo)(z — z0) = 0. An estimate for the optimum of the
original problem is given by
Topt = To — H(20)VJ(x0).

To improve the results we can repeat this procedure and sdtadewtors algorithm, which is characterized
by the following iteration step:
Tk+1 = Tk — H_l(xk)VTJ(xk)

The estimater;; will be good if the higher order terms in the Taylor seriessmall. The closer we are to the
optimumz,,., the smaller the higher order terms will be. This means tifahe initial guessr is close enough
to x,,¢, the approximation will become better each step and thei#igo converges.

The Newtonalgorithm does not always perform well, e.q. the inversibthe Hessian matrix may become
numerical ill-conditioned if the Hessian matrix is almowstgailar. Another problem is that the computation of the
Hessian matrixdd (x) is time consuming. Therefore there are several algoritlnasoid these problems [17].
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Implementation of the optimization
problem

In this chapter way of the optimization program works is disdl. First the off-line and on-line optimizations are
described and thereafter the used cost functions. In thedation the reference list from the used Matlab files is
given.

D.1 Optimization program

D.1.1 Off-line optimization

The implementation of the off-line optimization is giventime flow diagram of figure D.1.The program starts in
the block 'start’ where it loads some basic information likeass, max motor powes§,, etc. Then the program
goes to the block 'initial’ where it loads the initial valués the optimization. Thereafter the real optimization
takes place. Then a choice is made (in block 'Another optition?’) if the number of optimizations is enough or
if another run is required. If not, then the best optimizatigth the best result is displayed.

The most important part of the program is the optimizing feetefore some details are given (see the zoom in
figure/D.1). First the Jacobian (The Jacobian is explaineaion C.2) is calculated from the cost function(The
used cost functions can be found in section/D.2). Then thabjaa is used for the line optimization (see section
4.4.1). Then one optimization step (iteration) is done. h# stop criteria is satisfied then the optimization is
finished, or else another step is done.
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Start
A 4
, v
I 7/
Initial / Calculation the
7/ Jacobian
7/
7/
7 >
A 4 »
A 4
Optimizing
Line
\ optimalization
\
\
\
Another \
Yes optimization?, \ top Criteria
\ Satisfied?
\
\

Display

Figure D.1: The off-line optimization program
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D.1.2 on-line optimization

Start

[
»
A

y

Predicting path

Y

Estimate Input

A 4

Optimizing

A 4

Selecting relevant
Input for Desdemona

imulation
finished?

Yes

Display

Figure D.2: The on-line control program

The implementation of the on-line optimization is plotteckiflow diagram see figure D.2.The program starts
in the block 'start’ where it loads some basic informatid®limass, max motor powe,;, etc. Then the program
goes the block 'Predicting path’ where the path is predi@fgth the future. This path is used to estimate the input
for the optimization. (The optimization is described inaikin the previous section.) After the optimization the
relevant input for Desdemona is selected. If the simulation is nosfiad then the hole process is repeated, or
else the final results are displayed. One cycle costs time.

1with relevant is mentioned the input samples that are validetitme the optimization is finished unfil. in the future
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D.2 Different cost functions that are used in this report

An optimization problem is minimizing a cost function, irigtsection the implementation of used cost functions
are given. The related Matlab files are given at the end ofctiggpter.

The Basic cost function algorithm. The following steps aoael every time the cost function is calculated.
First the discretg andq are calculated. Then the pashis calculated and thereafter As last the cost function
(output) is calculated. Which is used by the optimizationhodtto evaluate the input.

This can be written in a short form as:

Input: ¢(0) 4(0) ¢
1. [¢, ¢]=integrationmethod§(0), G(0), §)
2. [S]=calculationS(g, 4, §)
3. [r]=calculationr(q, 4, §)
4. [J]=calculationcost(Sy, S, 7, ¢, ¢, §)
Output: J

Extended cost function. The following steps which are doreryetime the cost function is calculated. First
the discretey is resampled tg,(with the new sample frequendgis;;,.). In the nexst steg andg are calculated.
Then after resampeling every vector to the frequgigy the pathS is calculated and thereafter As last the cost
function (output) is calculated. Which is used by the optatizn method to evaluate the input
This can be written in a short form as:

Input: ¢(0) 4(0) ¢
. [ds]=resamplef)

=

2. [gs, ¢s|=integrationmethod§(0), ¢(0), Gs)
3. [¢ss:dss, dss|=resamplefs, gs, ds)

4. [S]=calculationS(gss, §ss, ss)

5. [r]=calculationT(gss, ¢ss, Gss)

6. [J]=calculationcost(Sy, S, T, Gss, Gss» Gss)

Output: J

The cost function with human perception model. The follayvére steps which are done every time the cost
function is calculated. First the discrejés resampled tg,(with the new sample frequengis;;.). In the next
stepq andg are calculated. Then after resampling every vector to thguiencyfss, the - and the paths are
calculated. Then the human perception model is includedeTable to calculate the human perception the step
site is reduced by resamplirf§} After calculating the human perception the step size imghd back by again
resampling and then the cost function is calculated (agifomérom the observed path).

This can be written in a short form as:

Input: ¢(0) 4(0) ¢
1. [Gs|=resample])
2. [gs, 4s]=integrationmethod§(0), ¢(0), §s)
3. [Gss1dss Gss|=resamplefs, gs, ds)
4. [r]=calculationT(gss, dss, Gss)

5. [S]=calculationS(gss, ss, Gss)
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6. [Ss]=resampleg)

7. [S_percs]=humanperseptioomodel(S;)

8. [S_perc]=resamplef _pers;)

9. [J]=calculationcost(S_percy, S_perc, T, qss, Gss, Gss)

Output: J

The Online cost function and Jacobian. The following arpstghich are done every time the cost function
is calculated. Firsf is calculated. Thereafter the pathis calculated and thereafter the jacobian. As last the cost
function (output) is calculated.

This can be written in a short form as:

Input: ¢(0) ¢
1. [¢1]=integrationmethod(d; (0), §1)
2. [S]=calculationS(g1, 41, ¢1)
3. [Jacobian]=calculationJacobianl/, 41, 1)
4. [J]=calculationcost(M,, M, T, 41, ¢1)
Output: J
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D.3 Reference list from the used files

In this section the structure and the filenames are giverhfopptimization program. It is the same structure for
on-line and off-line optimization but the code inside thedils different.

start mainfile. m
Loading parameters par aneters. m
Loading S; Load_Sd. m
Prepare the optimizing opti m zi ng_ini . m
Optimizing | sgnonl i n
cost function cost functi on. m

resample r esanpl e. m

ODE45 i nt egrati on_net hod. m

Sandr Spath. m

(Possible) Human perception modelHunman _per sept i on_nodel . m
(Possible) JacobianJacobi an. m

Calculation of the cost function The_cost. m

Display Output.m
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