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ABSTRACT

TIME AND STATE DEPEN DENT PARAMETERIZED M ODEL
REFERENCE ADAPTIVE CONTROL

Ok u mzegnep
Master oQAerScepace Engéneer éng
SupervisorAssist. Prof. DrAl i T¢r ker Kut ay

August 2019142 pages

Unknown external disturbances or nonlinear dynamics, could affect both the stability
and the performance of the of the air vehicles adversely. Unavoidable structure of this
reality occurrance in real life applications, led the researches to design adaptiod

which could eliminate the deficiencies of the nominal controller. So that, the main aim

of the total controller, to satisfy the robustness and performance of the controller could

be established.

Model following controller, and the model refereramaptive controllers are the ones
which determine a reference model, and satisfy the system model responses track the
reference model. The performance of the model reference adaptive controller depends

on the success in prediction of the uncertaintiestimesd above.



The prediction is done, by the multiplication of basis functions and adaptive weight
coefficients. The convergence of the predicted weights to their true values means
accurate uncertainty prediction. Concurrent adaptive learning, elimirREes
restriction for parameter convergence, enhances the performance of the model
reference adaptive controller. Data storage in concurrent adaptive learning is based on

singular value maximizing.

Chebsyhev polynomials and Fourier series are used asdpeadent basis functions,

and state dependent function for the state dependent basis functions, in uncertainty
prediction. The adaptive weight update law is defined for both types of uncertainties,
depending on the Lyapunov stability theorem. The timestate dependent model
reference adaptive controller gives the best reference model tracking results,
compared to the ones which use solely time or state dependent basis functions, and

the related weight update laws.

Keywords: Adaptive Learning, Time tate Dependent Uncertainty Parametrization,

Fourier Series, Chebsyhev polynomials, Concurrent Adaptive Learning

Vi
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CHAPTER 1

INTRODUCTION

1.1. Motivation

The uncertainties and unmodelled dynamics appearing in both the system model and
its environment, causes nonlinearity and time varying structure in the figimgle.

The need for control system to eliminate mentioned uncertainties aiseslaptive
autopilot system design for a slender delta wing air vehicle is the purpose of this study.
A control system should satisfy two main characteristics. During theatesystem
design procedure, the crites@ould be satisfied such that the system is both stable
and performs properly. Stability, in other words boundedness of the signal vectors has
to be satisfied, since the control actuation system has physicahtions.
Performance, in other words tracking the reference model accurately in an acceptable
time interval has to be satisfied, since the aim of the controller is to eliminate the
difference between the outputs of the reference model and the plant. @utput
convergence to zero causes the reference model tracking accurately. Throughout the
process, the system performance and robustness should be calibrated within the

bandwith of the control system.

Unexpected disturbance like gust or turbulence, andawk dynamics of the system

like nonlinearity or unmodelled dynamics could cause threat to the system for both
being stable and performing properly. Adaptive control has emerged in order to
eliminate such unexpected disturbance or unknown dynamics effiedte system
being stable and performing properly. The system is regulated by the control system
by applying control input. Disturbance to the system could be categorized in two
classes, such as matched disturbance and dismatched disturbaazedV

disturbancemeans that disturbance enters to the systeire control input application



point. Dismatched disturbance is the one which cannot be observed in the control input
application point. In this study, matched disturbance will be studied. By the
application of adaptive control input to the system where the matched disturbance
enters to the system, the unexpected disturbance could be removed. Adaptive control
input, namely eyis composed by the multiplication of constant adaptive weights and
the basisdnction. The basis function is the first step for prediction of the unknown
disturbance structure. Since it is difficult to determine the disturbance thoroughly by
the approximation of basis function at first step, the adaptive control inpshauld

be updated by multiplying the basis function with the constant adaptive weights. So
the second step for prediction of the unknown disturbance structure is, determination
of constant adaptive weight coefficients. The adaptive weight coefficients are updated
at each time step during the simulation. Convergence or being restricted in a domain
region of the adaptive weight coefficients means that, the unknown disturbance
structure is predicted approximately. Elimination of the disturbance process gets
through twosteps. First the disturbance structure should be predicted approximately,
second by the application of the control input that disturbance should be removed. By
the adaptive control input structure composition process as mentioned, the first step,
namely dsturbance structure prediction is being done. Since the disturbance is
matched, by the application of control input, the second step, namely removal of the
disturbance is fulfilled. Since the adaptive weight coefficients of the basis function
converges tdheir true values or remain in a limited domain region throughout the
simulation, it is a time dependent process to remove a disturbance when it enters to
the system. Control input signals determine the amount of control surface deflection
needed to apply the air vehicle which has been exposed to the unknown disturbance.
As mentioned, both the nonlinearities and unmodelled dynamics of the system and the
physical environment could be included in the unknown disturbance definition. The
magnitude of the aptive control surface deflection, namely should be limited in

a domain region, since the control surface deflection has physical limits. The control
system being stable is determined so. The disturbance elimination is done by the

composition and theapplication of the adaptive control input. Adaptive control input



structure is constructed during the simulation, by the update of the adaptive weight
coefficients. The time passed through the process and the approximation level of the
disturbance, are suess criteria for this time dependent process. As time passed
shortens and the approximation level of the disturbance increases, the disturbance
determination and elimination gets better. This determines the performance of the
control system.

So, since irthe real flight conditions, modelling nonlinearities and unmodelled parts
of air vehicles thoroughly is not possible, it is important to design control systems.
Adaptive control is a special working area of control system design. It is dedicated to
remove unexpected disturbances or unmodelled parts of the system, which is not
included in the design process of the air vehicle. The capability of adaptive control
system to meet the deficient modeling of air vehicles in real flight conditions, has
caught attetion by so many researches. Many theses and articles have been written
about adaptive autopilot design. Making a contribution to the adaptive autopilot design

has been the major motivation for this thesis work.
1.2.Literature Review

Automatic control, namelydaptive control is a widely studied area since it performs

in real flight conditions. Highly agile missiles, fighter aircrafts, or other autonomous
air vehicles operate in highly dynamic air conditions. Like the case givEBor&
Ramrath, 2008) air performance capabilities are enhanced in modern fighter aircraft
for the purpose of air superiority. Nonlinear flight conditions like highly complex
dynamics, such as high angle of attack wing rock motion, or constant amplitude and
definite frequency determined sustained lateral oscillations could be required for the
purpose mentioned. IrfAditya, 2015) the complex interactions between the
aerodynamics, structural dynamics and propulsion system of an air breathing
hypersonic vehicle is identified by the direct piie control model designed. As
statedif Ka s n a k o YKauDworak & dszewski, 2013F.A. Faruqi & Vu,
2002) (Farhan A Farugi, 1990MIMO, multi input multi output methods are usually



preferred for missiles, helicopters, and multirotor vehicles where dynamical couplings
are dominant. Ir{Noriega, 2016)generic adaptive autopilot is designed deneral
aviation aircraft for use in several makes and models to remove internal and external
disturbances. Adaptive autopilot has evolved to eliminate such unmodelled

nonlinearities and disturbances.

The controller parameters are adjusted in MRAC, whscimadel reference adaptive
controller, with the aim of satisfying the plant system behaves as the reference model
by yielding the same output to the application of the same reference (Kpuil,

Tosun, & Isik, n.d.) (Burak, 2016) The adaptive law of weight update uses the
difference between the outputs of the reference modetrenglant. The decrease in

the error means that the uncertainty is predicted approximately. The adaptive law of
weight update is constructed by the principle of Lyapunov Stability Theorem.
Tracking error and adaptive weight convergence is guaranteea byeight update

law. (Calise, Sharma, & Corban, 2008)

As stated in(l.M. Y. Mareels, 1988)(Boyd & Sastry, 1986) PE, rsistent of
excitation, and sufficient richness is introduced in the adaptive control context to
guarantee the exponential convergence of adaptive algorithms. PE, persistent of
excitation is a restriction criteria put for reference input command entaritige
system. Adaptive weight convergence, without diverging is the main aim of the PE
criteria application, so uncertainty prediction will be done accurately. Uncertainty
prediction is a time process. So, especially if, system state dependent appooximati
function is used for uncertainty parametrization, then it will be better to excite the
reference command input, for better learning the uncertainty entering to the system.
This will enhance exponentially bounded transient performance of the systert. But,
will put a restriction on the reference input command, which is hard to monitor or
control. On the other end, if time dependent periodic FS; Fourier series or CP,
Chebyshev polynomials is used as the approximation function, then since the value of
theapproximation function will change at each time step, it will learn the uncertainty

without putting a restriction on the reference command input. To sum up, PE



condition, firstly guarantees robustness of the control system, by violating adaptive
weight divergence. Secondly, satisfies uncertainty elimination, by supplying adaptive
weight convergence to the real values. By the way, FS, Fourier series expansion
method usage as the approximation function, firstly guarantees robustness of the
control system, byipdating adaptive weights according to the Lyapunov stability
theorem. Secondly, satisfies uncertainty elimination, by supplying that the adaptive
weights converge to the actual values or weights stay in a limited range. As stated in
(Chowdhary, 201Q)( Gi ri sh Chowdhary, Tansel Y¢cel
2014) (Maximilian, M,Chowdhary G, n.d.) (Chowdiary & Johnson, 2011)
(Quindlen, Chowdhary, & How, 2015)CCAL, concurrent adaptive learning can
guarantee convergence of the error in tracking output to zero and error in weight
prediction to zero, by satisfying the linear independence of the stored data; also
eliminates both the requirement of the systenestekcitation persistently and the PE
restriction criteria on the reference command input. Especially if the approximation
function used to predict the uncertainty is state dependent, then using CCAL,
concurrent adaptive learning algorithm in the adaptregght update process would

be better, rather than PE, persistent of excitation, restriction on the reference command
input. CCAL, will use recorded data with the current data at the same time step of the
simulation, so adaptive weight convergence wilshgsfied as the simulation works.

The key point in the CCAL algorithm, is to increase the quality of the adaptive weight
update law, by controlling the recorded data in terms of its spectral properties. It will
record the current data on the recorded ,datdy if the new data will increase the
minimum value of the singular value of the recorded data. This method is named as

SVM, singular value maximizing.

System state dependent uncertainty parametrization, and time dependent uncertainty
parametrizationr@ two ways for prediction of uncertainty. (Qu, 2003) (Asadi &
Shandiz, 2017) (Polycarpou & Mears, 1998)here are examples of state dependent
uncertainty parametrization, and(ibhoorKi Ahn, BeomSoo Kim, 2015)(Haddad,
Hayakawa, & Stasko, 2010§Tyukin, Prokhorov, Member, & Leeuwen, 2007)



examplesof time dependent uncertainty parametrization could be found. Since
uncertainty elimination is done in two basic steps. Firstly, uncertainty parametrization,
and then in order to eliminate uncertainty effect on the system, secondly, adaptive
weight updatdaw should be determined. Adaptive weight update law could also be
categorized according to whether the uncertainty parametrization is done dependent
on the system states or dependent on time.

1.3. Contribution of This Thesis

The need for operation in wide spectrum air conditions of agile aircrafts, autonomous
vehicles and missiles, has required the emergency of adaptive control in 1950s. The
main idea of the adaptive control is to regulate the system behaviour according to the
changing environment and system dynamics. Change in environment and system
dynamics results in unmodelled nonlinearities or unknown linear parts of the system.
Unmodelled nonlinearities, namely disturbances, could be predicted with the usage of
proper bais functions multiplied with constant adaptive weights. Unknown linear
parts of the system, namely plant model, could be determined or predicted if the
system model is known exactly or not. Adaptive control could be classified as direct
adaptive controlleend indirect adaptive controller according to the need for plant
model parameter estimation. In direct adaptive controller, the plant is known but the
disturbances are predicted with the usage of adaptive elements. In indirect adaptive
controller, plant radel parameter estimation is done online and then controller
parameters are computed based on the estimated plant model. One of the most famous
type of direct adaptive controller is MRAC. MRAC is constructed to regulate the
system behaviour according toetikhanging environment and system dynamics. In
order to do this, first a reference model is specified, and then the adaptive control
satisfies the system to react as the specified model. The name of the controller is MFC,
with the inclusion of adaptive efeents it is named as MRAC. In this thesis also,

MRAC is used as the adaptive controller. The common point between the MFC and



MRAC, is having reference model. The two controllers differ such that, MRAC has
adaptive control parameters. Control parameteegd te be adjusted during the flight,
since having extremely nonlinear dynamics results in change in aircraft dynamics
during the flight. As the adaptive term implies, adaptive control parameters namely,
the weights of the network are adjusted continuobiglhe adaptation law. In the case
that, the difference between the outputs of the model and the plant converges to zero,
the desirable response of the system could be achieved. The adaptation law is derived
according to the term which is the differencéween the outputs of the model and

the plant. The derivation is done according to the Lyapunov stability theorem. To sum
up, agile aircrafts have extremely nonlinear dynamics during flight. Nonlinearities
which is not modelled or linearities of the systetmich is not known could exist in

both environment and system model. Nonlinearities which is not modelled appearing
in the environment could be defined as disturbances, and linearities of the system
which is not known could be defined as uncertainty imfplaodel. To make the
controller stable and satisfy transient performance characteristics, disturbances acting
on and uncertainties of the system model should be eliminated. The need for the
elimination of the existence of uncertainties in both the enmeart and plant models,
caused the design of adaptive controller. Indirect adaptive controller is designed to
predict both the disturbances appearing in the environment, and the uncertainties or
unknown dynamics in plant model. Direct adaptive controllelesigned to predict

only the disturbances appearing in the environment, the plant model dynamics is
assumed to be known. As an example MRAC could be given, which uses adaptive
controller parameters. Adaptive controller parameters are updated during the
simulation. So, during the design process of the adaptive controller, parametrization
of the uncertainty and update law of the adaptive weights are two basic steps. As
mentioned, during the update law of the adaptive weights Lyapunov stability theorem
is taken as the basis. Uncertainty parametrization is done by approximation functions
depending on whether the uncertainty is structured or unstructured. In the case that
uncertainty could be parametrized with the usage of known functions depending on

either thesystem states or time, it could be defined as structured uncertainty. On the



other hand, if uncertainty could only be approximated with the usage of basis functions
multiplied by constant adaptive weight coefficients, then it could be defined as
unstructwed uncertainty. Basis functions used in prediction could also be dependent
on system states or time. Since unstructured uncertainty needs prediction algorithm,
rather than the structured uncertainty, many approximation methods have been studied
in the adative controller design study area. NN, neural networks, for instance are used
as universal approximators in order to predict unstructured uncertainties. As an
advantage, the functions being continuous and integrable, and defined on a compact
domain and tavithin any tolerance makes the prediction of uncertainty process more
accurate. As a disadvantage, tuning work of the structure and parameters makes NN
usage as the approximator function harder. Since tuning of the structure and
par amet er s iare alspesstdne slaje depdhdest usually, as in the case in
(Blumel, Hughes, & White, 2000jSuresh, Omkar, Mani, & Sundararajan, 2008)

In this thesis, it is proposed that, both uncertainty parametrization and adaptive weight
update law should be done according to the dependency of the uncertainty on the time
or system state variables, withqaying attention to the structure of the uncertainty
whether structured or unstructured. If the uncertainty entering to the system externally,
i.e. disturbance is structured, then the basis function should be in terms of the variable,
which determines théype of the structure for the uncertainty. If the dependent
variable for the structured uncertainty is time, then the basis function should also
depend on time, if system state variables, vice versa. Uncertainty parametrization step
should be done depemdj on the variable type. Adaptive weight update law should
also be done accordingly. If the uncertainty entering to the system externally, i.e.
disturbance is unstructured but dependent on time variable, then the basis function
should be selected as Fourgeries based basis function, or Chebyshev polynomials
of the first kind, which is dependent on the time. Adaptive weight update law should
also be done accordingly. If both time dependent unstructured uncertainty and state
variable dependent structuredcertainty enters to the system, then as the uncertainty

parametrization method, linear combination of time dependent approximation basis



functions, like Fourier series and state variable dependent approximation basis
functions should be constructed. Aladaptive weight update law should be applied
to each kind of approximation function separately.

1.4.Thesis Structure

In chapter 1, motivation, literature review, thesis contribution, and thesis structure is

given.

In chapter 2, MFC is given. Sample system nhodesign of model following

controller, and simulation example are given.

In chapter 3, MRAC is given. Design process for model reference adaptive control,
simulation with MRAC for the challenging case, concurrent adaptive learning added
MRAC, law of updte for concurrent learning, and algorithm of the data selection

procedure for the stored history stack is given.

In chapter 4, time and state dependent parameterized MRAC is given. Time dependent
uncertainty parametrization, Chebyshev polynomials basBA®) Fourier series
based MRAC, Fourier series based MRAC design using a sample system model,
weight update law for time dependent uncertainty parametrization, state dependent
uncertainty parametrization, weight update law for state dependent uncertainty
parametrization, time and state dependent combined uncertainty parametrization,
weight update law for time and state dependent combined uncertainty parametrization,

stability proof is given.

In the fifth chapter 5, simulation results is given. ComparisdiRAC and FS TSD
CCAL MRAC, comparison of FSBMRAC and FS TSD CCAL MRAC, comparison
of FS TD CCAL MRAC and FS TSD CCAL MRAC, comparison of all controllers,
max disturbance elimination, FS TD CCAL MRAC (Disturbation factor=2), FS TSD
CCAL MRAC (Disturbatiorfactor=2&100) is given. Also, comparison of disturbance

and control input, concurrent adaptive learning effect is given.

In the sixth chapter 6, conclusion is given.






CHAPTER 2

MODEL FOLLOWING CONTROL

Model following control is a method of modern control theory, wherein the plant
behaves as the reference model in terms of output, to obtain the response desired. The
desired response output of a dynamical system can be determined by sqitingees

of the system model in steady state conditions and in transient condj&afs. &

Ishida, 2016) The modelollowing system has been studieg $everal researchers.

(S &Y, 2016) (Sato, 2009)(Inoue et al., 2015)

In this chapter, firstly definition cd sample system model is done which is a basis for
the upcoming study. Secondly, the structure of the MFC is presented and the design

is given.
2.1. Sample of System Model

A simple system model is defined (@ezer, 2014)for the reason of discussing the
methods for controller design given in this study. The number of the states of the
system is two. The input directly affects the first state, and the second state is obtained
by taking the integral of the first state. The systmodel is mathematically defined

as,

. ‘ -y 2.1)

The equations model the rolling motion for a slender delta wing exposed to the wing
rock dynamics defined ifYucelen & Johnson, 2012Roll rate, the first state, is

symbolized byw 0 X2, and the roll angle for the slender delta wing, the second state

11



is byw 0O X2, input by the control system on the system model i®hby, X2. The
state space model of tRel is in the form of,

g6 0w 0600 1 woh (2.2)

wherethe system matriis symbolized by A:g ?[ , and the input matrix is by B =

1pT , andthe state vector is by 0 X2 . The matched disturbantew 6 o on

the system s formed by 0 which isthe external disturbancand @O which

is the dynamics of theing rock.

1 0, the external disturbancis a random disturbance dependent on time. The
system is subjected to this disturbame order to represent unexpected random events

occurring in the air during flight, like wind, or gust.

T dwo 7 0 1 ®o 2.3)

The dynamics of wingock given in(Yucelen & Johnson, 20123,

T W | 0 ® ] WW | W | W (2.4)

The dynamics of wing rock motion is modelled in the equati@d), by the
multiplication of constant aerodynamic coefficients and the nonlinear functions
depending on the system states. The constant aerodynamic coefficient values are,
T PIT T® L T[T TSLQ G [T TUTT @and| T8t ¢ pas given in
(Yucelen & Johnson, 2012)

The vector form for the wing rock dynamics equation could be shown as follows,

12



o |
11, Y
I@*)%lm":
uw U

with| 7 Y andQwo T 'Y

Up to this point, first the linear system model of which structure is known is formed
as the system model. Secondly, totally random external disturbance of which structure
is unknown and dependent on time is added to the system externally. Thirdly,ghe win
rock dynamics which is multiplication of unknown constant aerodynamics
coefficients and system states dependent known functions is added to the system

externally.

Control input is applied on the system by the usage of actuator mechanism So, it could
alo be modelled. Control actuator system is the dynamic model which determines the
relationship between the commanded and actuated control input. In this study, linear
differential equation having the degree of two is used to model the actuator dynamics.

Theactuator dynamics representation is,

w O0wo 606 0. (2.6)

wherethe state vector for control actuator system is defined a®x 2 , and the
, . , A o . 00 .
commanded input on the system is defined a© X2. w 0 6o S the state

vector which is set up with the control input actuabed and its derivatived 0 .

Y

. o T :
The system matrix for the control actuatoras, ! -1 and the input

o T . .
matrix iso .1 , is the control actuator system natural frequency-and the

13



damping ratio. The selected values for the control actuator system modegl is as
v Tt OMand- T.

The combined state matrixrfgystem and control actuator model is,

JWo. T p Tt 000 Tt
1@ 0y pTTT T w9 T oo
o on T T T P 60 Tt
UOOU m 1T C—1 00 1 (2.7)
P
Ty wob
Tt
Tt

The compact form of the combined system state could be represented mathematically

as,

wWo 00O 660 61 Owo (2.8)

whered X 2 is the system matrix belonging to the plamtX 2 is the input

matrix to the plant, and X 2 s the input matrix representing the disturbance.

The compound system 2.8) could be examined whether controllable or not by

determining the rank belonging to the controllability matrix,

6 6 006 0606 06 (2.9)

The controllability matrixdoX 2  being full rank, means that the controllability of

the compound system is available.
2.2.Model Following Control Design

The system dynamics for the system model and for the control actuator is obtained.
The reference model determination is the second step in designing M@ich is

the natural frequency desireand — which is the damping ratio, are the criteria
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parameters to determine the reference model. The system transient response exhibiting
these criteria parameters, form the dynamics desired for the reference model.

The reference model could be constructed by using second order linear differential
equationand with the usage of natural frequency desired and the damping ratio. On
the other hand, it could also be constructed by placing the poles belonging to the
system model eigenvalues to the desired pole locations as long as the system model is
controllable. This method is named as full state feedback control. The formula
belonging to Ackermann is used in the calculation of the gains in this pr(©gssa,

2002) The number of the states for the plan{ar8) is four. Rateof roll angle, roll

angle, control input actuated, and derivative of control input actuated are the states,
respectively. In model following design process, the eigenvalue positions of only the
rigid body motion model dynamics will be changed. The oridowations of the poles

for the control actuator will be sustained. So two desired criteria for the system model

should be determined.

The desired locations of the eigenvalues of the rigid body dynamics, as the desired
criteria, are determined by usingetroots belonging to the characteristic equation

representing the desirable dynamics,

L1 i1 (2.10)
The roots of the characteristic equation are, B S B3 S and_
-1 =1 1 . The roots of the characteristic equation for the control
actuator system are -1 -1 1, _ —1 -] 1

The desirable eigenvalues belonging to the reference model are determined by the
roots of the two characteristic equation. To sum up, the reference model characteristic

equation should be as,

i _ 0 _ i _ i _ m (2.11)
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As mentioned above the formula belonging to Ackermann is used in the calculation

of the gains for a system which is available for the feedback of the full states. The

system model havinthe same characteristic equation with the specified model is the

aim. The Ackermannds formula for a system mc

as,

0 nnmnp 6 0 O o O o O © ‘O

(2.12)

The controllability matrix in(2.9) is represented as matiix and the identity matrix
as’O . The gain vector calculatedasX 2 s the vector representing the gain of
feedback to acquire the dynamics of the dpmtimodel. The representation for the
reference model could be given as,

W 0 0 00U wod o6V 10 (2.13

4370 A

0 X2 isthe system matrix belonging to the reference modelpand2 is the
input matrix.co 0 X 2 s the state vector belonging to the reference model, and

i 0 X2 for the reference command.

The natural frequency and the damping ratioirddsfor the reference model are
selected as, M1 o) — 18 1.XThe formula belonging to Ackermann is

used to calculate the gains for full state feedback controller to acquire the reference
model, asy T® Y @11t 8Since the states lweiging to the control actuator
system are chosen to sustain the responses for the open loop case, the eigenvalues
representing these states are hold at their initial locations. So the last two gains of the

gain vector is zero.
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The combination of the equai (2.8) for the plant dynamics, and the equat{@ri3)
for the reference model can be shown as,

o W 0 o m . 6 , . m .,
w 0 o « W O 0 0 . 10 (219
w 0 T 0 T o]

The combined equatiof2.14) state vector iso X 2 . The rewritten form of the

more compact form of this equation can be shown,

w 0 0 w 6 06 60 6 160 (2.15)

0 X2 ,isthe system matrix belonging to the compound systemx 2 | is
the matrix for input by the control system on the system modeband 2 s the

reference command input matrix.

As an addition of integral state, the integral of the difference between the reference

roll angle, and the plant roll angle is taken. The calculated integral state is as,

W o mT pm PN ® ® @ (2.16)
The integral state could be defined as,
w o W w Qo (2.17)

The roll angle of the syste(R.1) is represented as the staiein (2.17), and the roll

angle of the reference model is represented as thesstate(2.13).
The form of the combined equati¢214) added the integral state is given as,

) 0 T w 6 0

wo o ‘ 6 0 io (218
T
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The design of the MFC is based on this mathematical representation which is the open
loop equation belonging to the total system. The compactly rewritten form of the

equationis,

w 0w 06 60 0610 (2.19)

where, the state vectordsX 2 , the systemmatrix i3 X 2, the matrix for input
by the control system on the system moded isXx 2 , and the nput matrix for

reference command in the open loop system equation ¥2

The open loop system formulized(2t19), The states are, rate of roll angie o , roll
anglew 0, control input actuated 0, derivative of control input actuated o,
rate of reference roll angte 0, reference roll angle (t), reference control input
actuatedw 0, derivative of the reference control input actuaéed 6 , and the
integral of the difference» 0 . Since the measurability of the real statesviilable,

also all states belonging to the ogeanp system equation could be get for feedback.

Theoptimality is chosen as the calculation method for the gain of feedback belonging
to the MFC. The determined cost function is minimized during the optimization

process. The performance vector in quadratic form is the basis for the cost function.
The chosesystem states and control inputs are combined linearly in order to construct

the performance vector. The selection of the performance vector is as,

Go D O o O ® 6 @ 6 & 6 (2.20)

whereaX 2 . The selected weights are used to penalize the linearly combined

states in performance vector.

~ ~

0 Qo O 0 0 0 0 X2 ,isthe weightmatrix. For
the aim of determining the optimal controller gain, the cost function which is to be

minimized is,
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0 a 60d¢ Q0O (2.21)

The cost function given irf2.21), can also be expressed as the linear quadratic

regulation function is as,

0 G O0OMO 6 006 O Chom o6 0 QO (222

a 0, which is the performance vector is linear combination of system states as given,

a0 Owo 0o ¢ (2.23)
O O =
where 0 L L P X2 is the selector matrix from the system
T ] T

Tt

states, andO X2 is the selector matrix for the system commanded

control input. By inserting2.23) into (2.21), the rewritten form of the cost function is

get as,
0 66 06 0 0 Bawd V6 6 QO (2.24)
which yields,
0 « 060 6 000 6wo 06 ¢ QO (2.25)
If the terms in(2.25) are collected as,
U W o00UVLOWO O 00uv©O0o o (2.26)

co 060006 6 Q6
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If the equations i1§2.22), and(2.26) are compared term byrta, the weight matrices
could be related with the equations as,

w 606 @w 0VOOLO 600 (2.27)

where® § 'Y ho | 'Yandow [ 'Y

With the usage of the minimization function which is solved optimally, the input by
the control system on the system model is calculated as,

60 0mo (2.28)

The total gainb X 2 for the MFC is given in the equatiof2.28). The linear
guadratic regulation method is used in the computatiotihe ultimate gain of the

controllerv . As the procedure of this method, the Riccati equation is solved firstly,

0w o w0 w 0w 0 0 W (2.29)

is solved. The solution of the Riccati equationdi® 2 . Then, the calculation of

the gain of the controller is done by the equation,

0 W O0 W 0 (2.30)

In the end, the design is concluded.

The equation for the closed loop of the MFC, is determined by substituting the

commanded input of the control system on the system mode(2\28) as,
WO Oo0wo o VW O 6 i 0

0 6 LwoO 0160 (2.31)
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The system matrix for the closed loopisX 2, and the closed loop input matrix
iSO X2
Figure 2.1 gives the block diagram for the MFC. As seen, the reference command

directly drives the reference model, and to compute the control input commanded

the compound state vector is multiplieg the gain of the controllar.

X
-
-
1 U, CONTROL
—»] REFERENCE =O_" - »| x | ACTUATOR PLANT ™
MODEL r Xy SYSTEM
x:,.
i
X

Figure2.1 Model Following Control

The weight matrix given ir{2.21), used in the calculation of the cost function to

calculate the optimal controller gain is selected@szer, 2014)

Nmﬁ) LSRR L S L S | SR 6
L U PTMTM T T
5 nTt m p T LI T[.:. (2.32)
T M Mo T TE
lm  nm mmpmrnmm
U n© nn n oV

The resulting controller gain of the MFC {§ezer, 2014a)

L (RO UV p (B O LB p o (2.33)
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The computation for the gain of the controller concludes the MFC design for the

sample system model.
2.3.Simulation Example

The equatior{2.7) gives the model for the plant belonging to the slender delta wing
combined with the actuator model and the disturbance infhg. system block
diagram subjected to the external disturbance,ahyos of wing rock, and

measurement noise inputs is giverFigure2.2.

r(t) o (t) CONTROL u(t) ()

=+ wmrc —* ACTUATOR =?—' B p—=»O—>| [t

SYSTEM
Sex(t) ‘ :

E
X2 + @ady + g X000 + @yl |x + agxg

x(t)

L

F 3

Gor (x(t))

My, (L]

Figure2.2 MFC with dynamics ofving rock, external disturbance and measurement

noise

For the MFC controller performance observation, two types of reference command
step is applied. Step command is the first one and sine wave is the second one. The
step command applied to the MFC colie system, is a step sequence as given in
Figure2.3, the sine wave command applied to the MFC controlled system is as given

in Figure2.4.

As mentioned in(2.1), two parts constitute the disturbance applying on the system
Random external disturbance is the first part of the disturbance. Theiligssigust
subjection upon the delta wing is modelled with this input of external disturbance. The

random external disturbance is function of time only and makes peak arb@ind

22



degrees and +10 degrees. This means that in case of that amount of guaihnoec

upon the system, to remove the unexpected disturbance effect upon the system, the
controller should apply exact opposite amount of control surface deflection command.
Figure2.5 shows the random external disturbance.

Wing rock dynamics is the second part of the disturbance applying upon the system.
The angle of roll and rates of roll for the delta wing could be affected by the wing rock
dynamics whib produces external moment upon the system The mathematical
relation expressing the disturbance of the wing tock w 0 in terms of the system
stateds given in(2.4) as,

T ®wo | w | ® | W | WW | ® (2.34)

Figure2.6 shows the wing rock dynamics applying upon the system.

It is modelled by the assumption that the noise disturbing the evaluation of the roll
rate of the system 0 is a Gaussian distribetl random signal which has zero mean

andp 1 i wMvariance, as shown Figure2.7.
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Figure2.4 Sine Wave Command Input
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Figure2.5. Random External Disturbance vs time
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Figure2.6. Wing Rock Dynamics vs time
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Figure2.8 MFC Response to Step Command Input Under the Effect of Wing Rock

Dynamics, Random External Disturbance and Noise
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Figure2.9 MFC Response to Sine wave Command Input Under the Effect of Wing

Rock Dynamics, Random External Disturbance and Noise

Figure 2.8 shows that, the reply of the MFC controlled system being exposed to the
dynamics of wing rock, random external disturbance and noise, is fluctuating around
the reference model response. It Idobe acceptable since not diverging from the
reference model response, however needs to be further enhanced. The random external
disturbance used in MFC, has 20 variance and simulated at 0.1 timEigtep2.4

shows the command which is sine wave applied to the MFC controlled system. The
reply of the MFC controlled system is seenFigure 2.9, which is exposed to the
random external disturbance, dynamics of wing rock, and noise, and subjected to the
command input which is sine wave that is giveffrigure2.4. As the case ifrigure

2.8 the system could pursue the reference model response with the impact of MFC,
without diverging from the path. The ithbetween the reference roll angle and

commanded sine wave is a result of designed controller. Though the shift, with the
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impact of MFC, the behaviour of the model belonging to the system resembles to the
behaviour of the reference model as a responsketoeference input, which could
eliminate the effects of random external disturbance, dynamics of wing rock, and
noise. Though, since the fluctuations seeffrigure 2.9, it could be said that MFC
should be further developed to eliminate the disturbances occurring on the system

model.
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CHAPTER 3

MODEL REFERENCE ADAP TIVE CONTROL

MRAC, model reference adaptive controller, is one of the most utilized adaptive
controller type used for modern control applications. Samples of MRAC design could
be seenirfJain & M.J, 2013)(Eugene Lavretsky, n.d(Stepanyan & Krishnakumar,
2014) (Liu, Tao, & Joshi, 201Q)Arabi, Yucelen, & Gruenwald, 2018)

As in the MFC, model following controller, MRAC, also uses the reference model, as

to be a preedent for the system model. The term which is the difference between the
outputs of the reference model and the plant model is aimed to converge to zero as
much as possible. For the aim of excluding the difference between the outputs of the
models, due tthe uncertainties in the system model and environmental disturbances,
adaptive elements are determined. The adaptive elements are updated according to the

law of weight update during the simulation.

In the primary MRAC, the parametrization of the unceitais done using the known
functions dependent on the system variables. In this manner, it is assumed that the

uncertainty is structured and the parametrization is done using the system variables.

This section is formed by four sections. MRAC design metlsogiven in3.1,
simulation with MRAC for the case challenging is giverBi@, concurrent learning
model reference adaptive control method and the update law of weight regarding with
the proposed method is givendrBand3.4, algorithm of data selection for the stored

data memory during the concurrent adaptive legrisrgiven in3.4.1
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3.1.Model Reference Adaptive Control

The mathematical representation corresponding the MRAC applied upon a general
system model is given in this d®n. Consider the general mathematical

representation for the system model as the one giv@&ilinas,

w0 0w 600 3¢ (3.2)

w0 X2 is the vector representing the stated 6 X2 is the input of the control
system. It is assumed that the general system has single inpudtXani the input
of the control systems 0 X 2 is the external disturbance upon the system. The

structure of the disturbance is assumed to be in the farm of

30 wl G ¢ (3.2)

For the disturbance estimatiom (3.2),T « ¢ symbolizes the parametrization of
the uncertainty. In MRAC, in this section, the parametrization of the uncertainty is
done as being dependent on the system states. The constant ideal weights are

represented by , which are the weights of the correspomdparametrization.

0 0 which is he input of the control systeisicomputed by the algebraic subtraction

of the adaptive controller from the nominal controller as,

0o 0 0 o0 ¢ (3.3)

with nominal control inpud 0 X2, and for adaptive control inp6é 0 X2.

In the calculation of the nominal inpat 0, a fulkstate feedback method is used.

The full-state feedback controlles,i

0 0 Lo U 0Io (3.4)
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0 X2 is the controller gaini ¢ X2, is the reference command input to the

system’OX2 s the reference input matrix.

Since the aim is to satisfy thidite system model which is closed loop controlled with
the nominal input behaves as the specified modiel,gainof the controller 0 is
calculated for the sake. In other words, the replhe closed loop system controlled

with nominal input without any disturbances, is equal to the reference model response

which is desired.
Hence, the system equation for the specified model used for the MRAC is as,
W o 0 6L w o0 O6L 0o (3.5)

WO O0wo 0610

w 0 X2 which is he specified model state, has the same dimension with the
system stateReference model system mato 0 OO0 X2 , and reference

model input matrbc6 60 'OX2 , are as seen from the specified model equation.

In order to exclude the disturbance from the system, the adaptive controller is
designed.The purpose of the adaptive controller is to exclude the disturbance upon
the system. So, it is expected that the adaptive input and the disturbance have the same
form of structure, so as the adaptive input could cancel the disturbance. The
disturbance imssumed to have structured uncertainty, such that it is parametrized as
multiplication of known function and the weight coefficients. The known function
depends on system states, and the weight coefficients is stated by a vector which
parameterizes each mponent of the known function. Since as mentioned the
adaptive input should be in the same form of disturbance structure, it should also be
in the form of multiplication of weight coefficients with the known function which
depends on system states. In tb@se, since the weights are not known by the
controller, it is assumed that the ideal weight coefficients exists and they should be

estimated. The formulation for the adaptive controller is,
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6 0 ®of at (36)

The dimension of the predicted weigw 0 is the same with the ideal weights and

adaptive controller updates these weights at each step during the simulation.

The update law of the weightssed in MRAC is,

wo 3 0CO6 06 (3.7)

The learning rate for the update law of the weights is represeni:difny3.7). The
learning rate determines the structure of the design. The increase in the v3Jjue of
causes the adaptation mechanism try to update the weight coefficient faster. As a result
of this, it estimates the disturbance on the system faster. The decrease in the value of
3, causes the stiffness of learning the disturbance mechanism get to be tougher. This
results, increase in the time duration in learning the disturbance structure. So, the

design slection multiplie 3, is defined as the rate of learning for the adaptation.

The term of the difference between the outputs of the reference model and the plant
model is represented ¢Qas given in(3.7). The mathematical relation for the

calculation ofQis given as,

Qo @0 @c¢ (3.8)

whereQo0 X2 . This term also drives the adaptation mechanism. As the term of
the difference between the outputs of the reference model and the plant model
decreases, e converges to zero neighbourhood. This means that weight coefficient
estimation of theideal weights has become successful in the uncertainty
parametrization process. On the other hand, the incre€sdrines the weight update

law in the way to increase the coefficients in order to estimate the disturbance more

faster.
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The constant matxid in (3.7) is computed by using the equation of Lyapunov which
IS,

As shown in(3.9), in the Lyapunov equatio0 , system matrix of the reference model
is used. The matri'Yis a symmetric matrix with all positive eigenvalues, whgl i
design selection matrix. Any positive definite matrix could be selected to manage the

MRAC adaptation mechanism.

The stability proof of Lyapunov theorem is omitted in this section. A simple
explanation for the proof of stability of the basic MRAC, ihigh parametrization of
the uncertainty is done by using familiar functions that depend on the states of the

system can be found {iYucelen, 2012)

The block diagram for the MRAC is shown,Rigure3.1.

Adaptive Controller
uaa(t) = WH(x(t)
Neminal Controller Plant
r(t) ™ o . .
un(t) = —K,x(t) + K. Hr(t) () = Ax(t) + Bult)
x(t)
Reference Model Disturbance
. —
% (t) = Apx, () + Byr(t) Aty | ACx(t)) = WE(x(t))
x(t) ¥ x(t)
e (t)
L J
Weight Updater W(t)

W = rB(x(t))e(t)"PB

Figure3.1 MRAC Block Diagram
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As seen from the figure, the update law of the weight is driven by the term of
difference betweenthe outputs of the reference model and the plant mdd.
adaptive control input is also driven by update law of weight, and updated with the
new weight concurrently. For the aim of excluding the disturbance applying upon the
system, the algebraic diffence of the nominal control input and the adaptive control
input is get. It is assumed that the uncertainty parametrization is known, and
constructed with the known functions that depends on the system states. So, both the
update law of weight and the gd&ve control input uses the states of the system as
the feedback.

The general overview of the MRAC is given in this section. The case in which the
defined sample system model exposed to challenging disturbance, and controlled with

MRAC is given in the upgming section.
3.2.Simulation with MRAC for the Challenging Case

The achievement of the MRAC method under the case that is challenging, such that
external disturbance, dynamics of wing rock and noise on the rate of roll angle for the
slender delta wing is exaned in this section. Wing rock dynamics is function of
system states, as given#). Since as the parametrization of the uncertainty, MRAC
uses known functions thdepend on system states, wing rock dynamics equation is a
good example as the basis function construction. The wing rock dynamics equation is
constructed by the multiplication of constant ideal weights and known function of
system states, while the paranmttion function in MRAC is also constructed by the
same function that depend on system states. Determination of the function coefficients

will be done in the sections related with the update law of the weight.
Theequation of the dynamics of wing rock filne defined delta wing is,
1 0 wf wo (3.10)
o | ® | DWW | W | w
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The vector form of the functioh w o in (3.10) that depends on the states of the

systemis,

Q\
PN Il
I . . n
T (l t IS(*‘ S(A‘ N
(AN CAY]
L & U

(3.11)

The vector of the ideal weights of which elements match the elements in the system

state function vector is

w (3.12)

The mathematical value for the ideal weights is taken f(¥ocelen & Johnson,
2012) as giverR.1

Y N N (3.13)

TP TPIMUNT TIQ ¢ TTEI T WULTEIC P L
The system equation with the dynamics of wing rock is,

wo o0w 06060 w wo | ¢ (3.14)

The system matrix A, and the input matrix B corresponding the roll dynamics of a

slender delta wing are,

==

T (3.15

© A

1 ™1 oMand- 1 1 are he selected values of the natural frequency

desired and the damping ratio for the reference modwa. formulabelonging to
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Ackermannis used to calculatehé specified model and the gains of the nominal

controller as given in(2.12). The gains are,

The state space equation for the reference model is,

W 0 g:[ ﬁn&bxn{ﬁ)cpoob pn@xniﬁ)cpgio (317)
wo o TEX T®G, 5 T®G, '
D Tt Tt

So the compact form of the specified model is,

0o dwo Bic (318

The nominal controller used in the MRAC s,

0 0 Lo U 0Ic (3.19)

where the selection matrix is,

=]

0 (3.20)

The nominal controller numerical representation is,

The adaptive control input for the MRAC is computed with,

6 6 & of a¢ (322
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It is assumed that the vector of parametrizdtioo 0 is known. The representation
of the vector with the dimension s w0 X2 . The representatiorof the

parametrizatiorweightingsvector with the dimension i X2  8The law of the
weight update could be used in the computation of the estimated weights. The law of

the weight update is as,

w O 3 0CO 06 (3.23)

The representation of the learning ratevith the dimensionin the law of weight
update is3 X2 and is chosen as a design selec{iGezer, 2014b)The learning

rate for the MRAC desigim this study is chosen as,

pmm T M T T,
T pU T T T,
3 1 T Tm PpT T U™ (324)
'm m m pm "
ln nm m m op¥

The selection of learning rate is a design criteria, since it effects the weight upelate
directly. As the rate of learning rises more than the required value, then robustness of
the system model declines. The further rise, could also cause instability of the system
under defined disturbances. On the other hand, the decrease in leamiegda the

adaptation to be insensitive to the disturbances.

The Lyapunov equation given {8.9) is used in the calculation ofi¢ matrix0 in
(3.23). Another design selection in the Lyapunov equation isvtheatrix used. The

selected matrix is agiGezer, 2014b)

PTMTTT

Y m Tetp (329

37



The selection of they matrix effects the sensitivity level of the adaptation upon the
term of error. The term of error is defined as the difference between the outputs of the
reference model and the plant system. Each diagonal elementYmth&ix effects

the correspondinglement of the error vector. The states of the delta slender wing are
rate of roll and angle of roll respectively. By regulating the elements on the diagonal
of theY matrix, the magnitude of the effect and the type of the state to effect the
adaptationlaw could be determined. As a design selection, in this study, it is
determined as the value (8.25).

For examining the challenging case, twessétinputs are used.hiEse inputs are stair
step command shown kigure2.3, and the sine wave command showFigure2.4.

The simulations are done including 0 which is the random external disturbance
shown inFigure3.4,] w0 which is dynamics of wing rock defined(®10), and

the noise in roll rate measurement defined.®h

The block diagram of the MRAC controlled system is giveRigure3.. The control
actuator system is not shown in the figure. It is also radtided to the design of the
controller. However, the control actuator system with the properties defiret] ia

used in the simulations.

Since the measurement thie states is assumed to be fast enough, the measurement

dynamics is neglected.

Figure 3.7 gives the reply of the MRAC exposed to the given disturbances upon the
stepcommand inputFigure 3.8 gives the reply of the MRAC exposed to the given

disturbances upon the sine wave command input.
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Figure3.8. MRAC Response to Sine Wave Command Input under the Effect of

Dynamics of Wing Rock, RandoBxternal Disturbance and Noise

As it is seen from botRigure 3.7, andFigure 3.8, the response of the slender delta
wing controlled with MRAC, exposed to the effect of random external disturbance,
dynamics of wing roclard noise is far away from the reference model response. So,

it is not acceptable behaviour in terms of performarfdde controller, though could

be reasonable in terms of stability since the response is not diverging under the effects
of mentioned disturbances. The reason of poor performance of the MRAC in this study
is proposed that, the uncertainty parametrizatidlRAC has not been done in terms

of the structure of the uncertainty. In fact, the divergence is caused from the inclusion
of the unexpected random external disturbance which depends on time. But in MRAC,
the parametrization of the uncertainty is daméerms of the system variables. In this
thesis, it is proposed that each uncertainty should be predicted in terms of its own

structure. Such that if it is in terms of time, then the uncertainty parametrization should
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also be done likewise, if it is in t@s of state variables, vice versa. The examples will
be given in the following sections in detail.

3.3.Concurrent Learning Model Reference Adaptive Control

The superiority of a control system is its capability to capture the system plant model
accurately. Howeer the coupled dynamics occuring due to the aerodynamic
interactions of the body parts of the air vehicle, unmodelled dynamics like the
measurement dynamics, nonlinearities, could cause unknown plant dynamics.
Additionally, from the environmental perspiet, the events occuring in the open air

is unpredictable, like the turbulences, or measurement noise, or any other unexpected
external disturbances. So, both the plant and the environmental dynamics is prone to
deficiencies in terms of modelling. Adaptiventroller or the adaptive element
inclusion to the basic controller has emerged in order to eliminate this gap in
modelling, and lead the controller to do its mission thoroughly, like preserving that

the system model is stable and performs properly.

Depending on the case whether the parametrization of the uncertainty could linearly
be done with the known basis functions or not, the uncertainties could be structured
or unstructured. In the MRAC, if the uncertainty is structured, then, the adaptive
elements also constructed by the same parametrization function. If the uncertainty is
unstructured, but is continuous in a restricted domain, then multi layer Neural
Networks or other polynomial approximation techniques are used as the well known

regression teatiques.
The general representation of a structured or unstructured uncertainty is defined as,

where aconstant matrix of unknown gain is denotedibyandthe basis function used
to parameterize the uncertainty is denoted’C w0 . In (3.26), the uncertainty

parametrizationi( « 0)) could be either in terms of time only, or in terms of system
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state at first degree, and time in second degree. If it is in terms of system Btste at
degree, it is defined as in terms of system state, in this study.

If the uncertainty addition into the system is through the control channel, then the
uncertainty is defined as matched. So, the adaptive control input could cancel the
uncertainty, incase of appropriate adaptive control input determination. In MRAC,
appropriate adaptive control input determination is done by the same parametrization
function used in uncertainty parametrization, as give3.2v)

~

C 0 w Cac (3.27)

where’C w0 denotes the basis function used to parametrization of the uncertainty.
w denotes the weight matrix that needs to be updated according to Lyapunov stability
theorem at each time step of the simulation for the weight convergeoeergence

of the weightsr remaining in a compact domain means that the uncertainty could be

predicted approximately.

In MRAC, the main issue is to satisfy asymptotic command tracking, such that the
system responses in the same way with the reference model upon the reference
conmand input despite the uncertainties. This could be in case when the weights do
not converge. On the other hand, the weights could also converge, while the command
is tracked also. For the convergence of the weights, the necessary criteria that is to be
sdisfied is PE, meaning persistency of excitation. PE, puts restriction on the reference
command input, such that reference command input causes all the system states to be
excited. So, the convergence of the weights and thus uncertainty parametrization
would be successful. PE condition, both satisfies weight convergence and also
guarantees the boundedness of the parameters. However it is difficult to put criteria
on the input to the system which is hard to predict and monitor. It is stgedgene
Lavretsky, n.d.)that in linear systems, there is no need of PE for weight convergence,

if the input is summation of sinusoids with different frequencies. However Chowdhary

( ¥ v e - , dedades that in nonlinear systems, as a proposal, PE condition could be
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loosen, by the add@n of concurrent learning algorithm to the classical MRAC
scheme. In classical MRAC applications, the adaptive control input is calculated at
one step of the simulation and assumed to cancel the disturbance at each time step of
the simulation. On the oth&and, the convergence of the weight is not guaranteed in
this case. In order to solve this, many learning algorithms have evolved. These
algorithms work to form the adaptive control input iteratively to improve tracking
accuracy. So, online adaptive canitschemes are used by these algorithms to learn
the disturbance, and some of studies could be four({@earimutter, 1990)The
algorithm of concurrent learning, is based on usage of the previous and the current
data together to adapt the law of control weights. The main advantage ofahithalg

is that, if the recorded data is valuable enough to express the disturbance, then without
requiring PE condition, the convergence of the weights to their actual values or
remaining in a restricted region is available. The convergence of weighsirsedle

since it guarantees the performance in time that is transient be bounded exponentially
and the convergence of error exponentially, so both the system behaves as the

reference model, and the signals do not diverge.

%00 , is a vector signal that is boded is exciting persistently if for «6° ¢ there
exists’Y mand/ Tmsuchthat( ¥ve 2016)

%t % T Q1 I O (3.28)

where, %ot % tQfFY 8

This condition means that if the exogeneous reference input contains as many spectral
lines as the number of unknown parameters, then the states of the plant are excited
persistently. In concurrent adaptive learning, this excitation is satisfied witheut th
need of putting restriction on the reference input command, since uses the previous
and current data at the same time. The history stack is named for the past data. It is
expected that as many eleme%- X2 which are linearly independent as the

dimension of the basis of the uncertainty should be placed in the history si® . If
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% % 8 % denotes the history stack, then as the rank cond @ & X
& . should be satisfied. It is ensured that by the effect of WCC, the accumulated data
is valuably sufficient to form an appropriate basis for the linearly parametrized

uncertainty.

The main transcedence of WCC to PE condition is its easiness in practical application.
Calculation the rank of a matrix online is straight while PE condition is haahtom

in most cases. For linear systems, in the case that summation of sinusoids with
different frequencies is chosen to form the exogeneous reference command, the PE
conditions are satisfied. A single frequency could satisfy that gains of adaptive
contoller converge to their corresponding actual values exponentiaflyw e - ,. 201 6)
However for nonlinear systems this is difficult to apply. Since in real life cases
mostly, the exogeneous input could not be known before priorily, online assesment of
the PE condition is almost impossible. Additionaly, in real applications, excitation the
states persistently is not desirable due to adverse effects for instance fuel limitation or
inessential stress loads application. However, the WCC condition could be satisfied in

a limited time period without further exciatation effort.
3.4.Concurrent Learning Weight Update Law

The law of concurrent weight update is based on adding an augmentation term that is

recorded data based to the basic law of weight update, giy8128).

The recorded and current data are used at the same time, in concurrent learning
adaptive control, to ensure tracking the reference exponentially and convergence of
parameter without the neeflexcitation of the states persisten{ighowdhary, 201Q)
(Burak, 2016)

Adaptive law of the concurrent leang has the representation form,

® o 3 I ®CoO06 1 &f ¢ (3.29)
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where’Qepresents the recorded data point at timand

In order to evaluaté3.30), for the’Q data pointf & anda @ are required. In a

history stack, namelg, the basis vectdér w X2 is stored.

& refR ok BRBT @ x2 331

If Gin (3.31) representshehistory stack, theh @ £d¢XQ i. Meaning that, the stored
data stack includes as many linearly independent columns as the dimension of the

basis vector.

In other words, the number of the basis vectpitored in® must be at least the

dimension of the basis vectdrsi.e.ry i 8Besides the basis vectorw , the related

model error- @ needs to be defined for the evaluatiorf29). (Burak, 2016)

In case B has full column ranky utilizing left pseudo inverse @f, 3 @ can be

observed frong2.2),

O ando are known and only the estimation @bis required, for the aim of
estimating the uncertainty of systeirhe measurement afexplicitly is assumed to

be accessible in this thesis, so the estimatian ©favailable.

3.4.1.Data Selection Algrithm for the History Stack

It is stated in(3.3) that concurrent adaptive learning guarantees convergence of weight
without the necessity of the PE restriction. Concurrent adaptive learning does this,

with the usage of such an algorithm thatstores the upcoming data in the history
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stack, as long as it includes the same number of linearly independent parameters with
the basis of the uncertainty. So, the spectral features of the data should be taken into
account, during the fill of the histpstack. To satisfy the rank condition giverBid,

an algorithm should be constructed in order to avoid useless storage of the data, such
that the new coming dashould be stored only if it is dissimilar from the last recorded
data point. If it were possible to store all the data, then such an algorithm construction
would be needless, but the limited capacity of the hardware restricts the real life
applications. m (Chowdhary & Johnson, 2014he comparison of the functioning of
several data point selection algorithms, namely cyclic hisitagk, static history

stack, and singular value maximizing are giv@emparing them, singular value
maximizing approach is the one that provides the fastest parameter convergence. The
concept behind the singular value maximizing method is ttia, minimum
eigenvalue of- determines the rate of convergence of weight tlyrgoportionally

(Burak, 2016)t is formulated as,

I o, "‘ 7‘ 7
" w Gt - (3.33

It is inferred that, the convergence rate is dependent on the minimum
eigenvalue_  of the symmetric matril] B T f of which proof is given in
detail in(Chowdhary & Johnson, 2014Based on that, for the data selection, at any
(. time step, it is aimed to maximize the minimum eigenvi_  of the history
stack¢® 1 fr K . In the expressions, the indef the last stored point is

denoted by X. , the associated stored data stack column that is recorded{. the

time step is represented T ', where the entire stored data stack at the same time
instant is denoted kG . The uppermost allowabialue of p, which is the uppermost
stack span is denoted R andnl” i must be satisfied for the convergence of the

weights, wherd is the rank of the basis of uncertaifity¢ ve - ,. 2016)

The SVM algorithm adds any sufficiently different point to the stack until the stack is

full. Once the stack is full, the algorithm overwrites only if the upcoming data
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increases the minimum eigenvalue of the symmetric mLlt{iand soi*) when it is
replaced with one of the existing points. In order to assure whether the upcoming data

is sufficiently different from the existing data, the following rank condition is checked

i 0e & i OE® (3.34)

The algorithm of SVM is applied when this rank condition is satisfied. Hence,
maximization of the minimum singular value of the stored data stack with rich terms
is aimed during the stack constructidior saving data points, the SVM algorithm is
used in concurrent adaptive learning algorithm. The SVM algorithm flowchart is given

as,
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Figure3.9. Singular Value Maximizing Algorithm Flow Chart
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CHAPTER 4

TIME AND STATE DEPEN DENT PARAMETERIZED M ODEL REFERENCE
ADAPTIVE CONTROL

4.1. Time Dependent Uncertainty Parametrization

Uncertainty parametrization could be done in terms of time variable, such that the

basis functiom givenin (4.1), as the same function given3n

6 0 ®or ¢ @.1)

could be constructed in terms of time variable. Time dependent uncertainty
parametrization examples are givendii.l and4.1.2 as Chebyshev polynomials
based MRAC and Fourier series based MRAC, respectively. Weight update law for

time dependent uncertainty parametrization is givehim
4.1.1.Chebyshev Polynomials Based Model Reference Adaptive Control

If the exactexpression between the input and the output structures is not known, then
the uncertainty is defined as unstructurgttertainty. In case the uncertainty is
defined insidea restricted domain region and is continuous, then universal function
approximators like sigmoidal neural networks or radial basis functions can be used as
the approximation functions. Neural networkguire substantial amount of effort. So,

as an alternative and easier way, polynomial approximation is the other general
technigue to model the uncertainties. Function approximation could not give
satisfactory results, since without considering the degffethe polynomial, the
estimation is not ensured to converge to the true function. In theory, the precision of

approximation is directly proportional with the degree of polynomial. However, rising
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the degree of the approximating polynomial beyond a limauld produce

overparametrization.

Usage of Chebyshev polynomial of which terms are orthogonal as the basis functions
for the approximation of the unstructured uncertainty is a better way for elevation of
standard polynomial approximation, as stated ¥ v e - ,. Th2 baln@&gvantage of

an orthogonal function is its better approximationatalty compared to a regular
polynomial function. An available method for approximating functions with a series
of terms that are linearly independent is provided by orthogonal polynomial basis
function which satisfies faster convergence. In this secGebyshev polynomials

will be used as the approximating basis function in the case of unstructured uncertainty

Chebyshev polynomials has an important function in the approximation thsory,
forming a series of orthogonal polynomials. The polynomials detned for

GX pp 8n this thesisA T &)is used instead @jvariable.

Yo p
Yo @
Yo cw p (4.2)

YO 1T 0w

The explicitformulation for Chebyshev polynomials is defined as,

Yo AlON doé i (4.3)

The Chebyshev polynomials could also be represented by the following recurrence

relation fort  ph

Y WY Y (4.4)
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The orthogonality property could also be defined for the defined intak pp

multiplied by the facto p @ as,

—

T 0 Q
4 ®Yw L,
—— Qw ) - Q QaQn (45)
VMp C

“T QT

The advantage of the orthogonality property is that, the orthogonal terms are linearly
independent, and so could cover the uncertainty space more accurately. This causes
that basis polynomials of whidlerms are orthogonal converge faster with less terms

compared to the regular polynomials.

The unstructured uncertainty could be defined as an arbitrary furi@Qion The

function"Q0 could be approximated using Chebsyhev polynomials as,

Qo 01 o (4.6)

wherel I 1 81 isthe basis function formed by Chebsyhev polynomials
array up to degree ai p. The coefficients of the Chephev polynomials are
denoted byw O 0 8 U ,and are updated with the following update law of

weight.

w o0 3 0CO0 06 (4.7)
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The study is done with the firgt terms of the Chebsyhev polynomials of the first
kind, which is given in(4.2). In Figure 4.5, Chebsyhev polynomialbasedMRAC

graph, and irFigure 4.6, Chebsyhev polynomialbased time dependent concurrent
adaptive learning model reference adaptive control are given. Since they seem to be
giving the same results, Figure4.7, comparison of the two methods has been done,
and both of them seem to track the reference model clesplysed tdhe external
disturbancedynamics ofwing rock and noise, stimulatedth reference command.

The fluctuations could be due to thel ® term in the Chebsyhev polynomials
parameterization. Ifigure4.8, zoomed part of thEigure4.7 is given, and it is seen

that CP TD CCAL MRAC, gives less fluctuated results than the CPBMRAC. It could
be due to the reason that, the usage of the recorded data in concurrent adaptive learning

leads to faster learning of the uncertainty, than the sM&WC. Though, since the
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uncertainty parametrization is time dependent, as the basis function is formed with
Chebsyhev polynomials, the system states are perturbed at each time step of the
simulaion, and this made the similar benefit of t@ncurrent adaptive learning of
which the key point is to eliminate the PE requirement, for the convergence of the
weights, and so learning of the uncertainty. This situation led that both of the methods
causeto learn the uncertainty and make the system model track the reference model
closely. InFigure4.9, the roll turn rate of the delta wing, the first system siatef

(2.1) is inspected. As seen, again both the adaptive learning methods give similar
results, and cause the system model track the reference model closely. Again CP TD
CCAL MRAC, gives less fluctuatedesults than the CPBMRAC, due to its data
storage capability which leads to faster learning of the uncertainty and so does the

elimination from the system model.
4.1.2.Fourier Series Based Model Reference Adaptive Control

Fourier series could be used in the es@ntation of any periodic functiofGezer,

2014) Simple periodic functions usage in the formation of that function means the
representation of a function by Fourier series. Sine and cosine functions are these
periodic functions. Any periodic function is formed &iymming up these simple sine

and cosine functions multiplied by a fixed weighing factor.

The periodic disturbances could also be estimated by Fourier series. Meaning that,
Fourier series could be used in the parametrization of the uncertainty on the system
The trigonometric functions forming the Fourier series, sine and cosine functions, are
kept as the variable part of the adaptive input, and the weighing factors are used to
predict the disturbance acting on the system and cancel it. The proof of tihgy stab

for Fourier series based MRAC is given(ezer, 2014an detail.

If the function™Q0 repeats itself in a period, thenig named as periodic. The

repetitive structure of a functioc®06 could be shown as,
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In fact any function operating in a limited time duration could be accepted as a periodic
function, so the statement that only repetitive functions are periodic could be relaxed.
For instance, assume thaetfunctionQo 0 operating in a limited time duration

and so is not a periodic function, suchth@t)y o6 ox 10 . Then, the function

"Q0 could be represented with a Fourier series expansion which has enough long
period and series length. The representation for the Fourier series expansion is shown

as,

A v % w8 AR

Qo e &0 A w Al -0 «OE Q-0 (4.9)
TheFourier series coefficienare represented by the coefficiemtshtd ando . The

coefficient number is represented by ind€x and the ser& length by(. The

coefficients of the Fourier seri@s it anda could be computed by the equations

given,
il ' Q0 Q0
Yo, (4.10)
A <
@y . Q0 Al Q—Yc Qo0 (4.11)
P AL
@ , Q0 Ot Q—Yc Qo (4.12

The calculated coefficients are scalar constant for the given furi&ma
4.1.2.1.Fourier Series Based MRAC Design for Sample System Model

The Fourier series based MRAC design is done for the slender deiasystem

model given in(2.1),

A T T .. P . . o s .
wO pnwo - 00 wo I C (4.13)
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The same desired characteristic criteria are selected, for the reference model design.

The desired natural frequency and damping ratio for the reference model are selected

as] 1 wand—

The nominal controller of the plant is the same with the selected specified model in

ot her words

reference

model 6s

X 1. he reference model has the same fori3&3,

control

computed by using the fouta belonging to Ackermann. The computed gains for the

system to have the desirable closed loop response characterist{€ears, 2014b)

0

™ X T @

The nominal controller repsentation is,

)

" T
whereO )

Fourier series is used in the formation of adaptive control element. Combination of

sine and cosine terms with different frequencies is used in the formation of the Fourier

0

WO

L Oi o

(4.14)

(4.15)

series based basis function. The basis function vector for a series lefgth of

o
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The basis function has the dimensiom6f p. This dimension is formed by N terms

of cosine functions and terms of sine functions. and 1 term for bias.

For the design of the controller for delta wing system, the series length of the Fourier
series is selected @ p B(Gezer, 2014h)Therefore, the basis function has the

dimension of 21.

The Fourier series period is chosen ds ¢ T i 'Q ¢hat iso times longer than the

operation time of the simulation, whichustt ‘Q(@Gezer, 2014b)

So, both the series length, and the periodY should be determined for the
construction of the Fourier ser@&Bhen, the parameters of the adaptive controller

could be selected.

The learning rate for the update law of weight is chosen as,

3 cpun® (4.17)

The dimension of the identity matri® is¢ p 4.¢ p

The selection of, the design selection matrix for the Lyapunov equation {€&zzer,
2014b)

PTTTT

L (4.18)

The same selected matikused in MRAC design which is given &is used. The

adaptive control input is calculated as,

¢ worc (4.19)

The estimation of the ideal weights of the Fourier series, is represented as the weighing

vectorw ¢ .
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This vector could be shown as,

o ¢ @ @ 8 & & &8 & (4.20)

The update law of weight for MRAC,
WO 3 0CO 00 (4.21)

The block diagram representing the Fourier series based MRAC is givaguire
4.10.

MRAC includes the external disturbance, the dynamics of wing rock and measurement

noise in the rate of roll angle.
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¥ 0t)=A,x(t)+Brit)
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Ax(t)) = WB(x(t))
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Clock B(t) =|cosy
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T ’ "1'.'?!..\

Figure4.10. Fourier Series Based MRAC Block Diagram

As in the section o4.1.1, where the Chebyshev polynomials based adaptive learning
methods, CPBMRAC and CP TD CCAL MRAC, are compared thrdtighre 4.1

and Figure 4.9, in this section alsd-ourier series hsedadaptive learning methods,
FSBMRACand FS TD CCAL MRAC, are compared, throughure4.15 andFigure

4.19. As seen inFigure 4.15, and Figure 4.16, the Fourier series based adaptive
learning satisfies more closer reference model tracking than the Chebyshev
polynomials based adaptive learning results. This could be an indicator thagy Four
series has a faster learning capability than the Chebyshev polynomials, under the case
given in this study, due to its periodic structure. Although the dynamics of wing rock,

external disturbance, and the noise applying upon the system model areotdit pe
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disturbances, the Fourier series could learn the uncertainty with its periodic structure,
by exciting the system states all the time.
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Both FSBMRAC and FS TD CCAL MRAC, could lead the system model track the
reference model closefs seen irFigure4.17 andFigure4.18. In case of Chebyshev
polynomials usage as the basis function, it is seen thrBiggine4.7 andFigure 4.8,

that concurrent adaptive learning caused less fluctuatioens the solely model
reference adaptive control due to its data storage capability. However, in the case of
Fourier series usage as the basis function, it is seen thoFiguyle4.17 andFigure

4.18, solely FSBMRAC, could give closer reference model tracking even tharsthe F
TD CCAL MRAC, due to the faster learning capability of the Fourier seridsglre

4.19, the roll turn rate of the delta wing, the first system siatef (2.1) is inspected.
Again, it is seen that model reference adaptive control of which basis function is

Fourier series, could also be used insteatbaturrent adaptive learning method.
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4.1.3.Weight Update Law for Time Dependent Uncertainty Parametrization

The uncertainty parametrization is whether it is structured or unstructured could be
done with the basis functions. Adaptive control input is then constructed with the
multiplication of the basis function, such thatand the weighing factog) . Since he
uncertainty is approximated with the adaptive input, then by the application of the
adaptive input in the control input, the uncertainty could be removed from the system
model. The weighing factor in the adaptive control is updated at each time ttep of
simulation. The Lyapunov stability theorem dependent law, is used as the law of
weight update. The law of weight update for the time dependent uncertainty
parametrization used in this study is giver§4r22).

® o 3 1 0C006 1 of ¢ (4.22)

4.2.State Dependent Uncertainty Parametrization

Uncertainty parametrization could also be done in terms of system state variable, such
that the basis functidn given in(4.23)

o (4.23)

which is the same basis function used in the wing rock dynamics equation for the
defined delta wing, if3.10). So, the uncertainty parametrizati€ « ©0)) could be
either in terms of time only, or in terms of system state at first degree, and time in
second degree. If it is in terms of system statfirst degree, it is defined as in terms

of system state, in this study.
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Law of weight update for the system state dependent uncertainty parametrization is
given in4.2.1

4.2.1.Weight Update Law for State Dependent Uncertainty Parametrization

The law of weight update for the state dependent uncertainty parametrization used in
this study is given in4.24), of which detailed derivation is given {¥ucelen &
Haddad, 2012)

w O 31 WOCOOET WOT ®O W6 6 (4.24)

4.3.Combination of Time and State Dependent Uncertainty Parametrization

In 4.1, time dependent uncertainty parametrization is given, af@dtate dependent
uncertainty parametrization is given. In this section, as the contmbafithis thesis,
combination of time and state dependent uncertainty parametrization is defined, as the
part of the adaptive element, to be used in the simulations. In this thesis, it is proposed
that, whether structured or unstructured, each disturtstregd be predicted, in the
terms of itself variable. Such that, if the uncertainty is in terms of time, then the basis
function should also be constructed as in terms of time variable. If the uncertainty is
in terms of state variable, then the paramatian should also be in terms of state
variable. In case both time dependent and state dependent disturbance enters to the
system, separately, then each of them should be predicted with the basis function in
terms of its variable. Then the adaptive contnput, should be calculated as the
summation of each one. For instance for the system model gi&8 ithe external
disturbance applying upon the system is imef time variable, and the dynamics

of wing rock is in terms of state variable. So, each should be predicted separately. In
this section, Fourier series is used for time dependent uncertainty parametrization as

given in(4.25), and state variable dependent basis function as gi@ie).
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wherel , the series length is taken as 10; avithe Fourier series period is taken as

CTMQ®

Poae (4.26)

wherethe roll turn rate iso , and the roll turn of the slender delta wingasas given
in2.1

4.3.1.Weight Update Law for Combination of Time and State Dependent

Uncertainty Parametrization

In 4.1.3 weight update law for time dependent uncertainty parametrization, and in
4.2.1, weight update law for state dependent uncertainty paraat@n is given. In

this section, weight update law in case of combination of time and state dependent
uncertainty parametrization occurrance is given, as the proposal of this thesis. In case
both time dependent and state dependent disturbance erttegssistem, separately,

then the law of weight update for the adaptive element should be constructed
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separately for each of them. In this secti@®7) is the equationf the law of weight
update for the time dependent uncertainty parametrization(42®) is the equation
of the law of weight update for the state dependent uncertainty parametrization.

@ o 3 f 0Co 006 1 of ¢ (4.27)

@O 31 GOCOUET @O 0O M & (4.29

So, the adaptive control input for the combination of time and state dependent

uncertainty parametrization is as giver(4r29),

60 0 wof ac (4.29)
where,

6 06 0 ¢ o ¢ (4.30)
Assume that 6 eliminates the time dependent uncertainty parametrized

disturbance, andd eliminates the state dependent uncertainty parametrized

disturbance. Then,

6 o6 ol ¢ (4.31)
where,

o 3 T 0Co 06 I of ¢ (4.32)
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. I N . . .ct N
T o p AlpyW E AIlD,,—Y OEp,,—Y E OEGW (4.33)
o) 0 wf ac (4.34)
where,
W O 31 wd6COOVO6T wodHI wWd wbd o6 (4.35)
I wo W 0 WW W W (4.36)

4.4. Stability Proof

The stability proof is done by usinfucelen & Johnson, 2012nd (Yucelen &
Haddad, 2012)The adaptive control for uncertainty suppression section is used for
the second referenc#/e begin bypresenting a simple formulation of the adaptive
control problem without loss of generalfyucelen & Johnson, 2012%pecifically,

consider the nonlinear uncertain dynamical system given by,

~ ~

w0 b 600 1 R @m R ovy (4.37)

wherew 0 N 'Y isthe state vector available for feedbazlg N 'Y isthe control

input restricted to the class of admissible controls consisting of measurable functions,
1dY © 'Y isanuncertaintyp N Y is a known system matrix, agd N 'Y

is a known control input matrix such thAtA@® 6 m and the pair 6f is

controllable.
Assumption 1. The uncertainty irf4.37) is parametrized as,

T ol 0 ®f ®o fhov'y (4.38)
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where @ N Y hd N 'Y are unknown weight matrixes, ard dY ©

YR dY © 'Y are known basis functions of the form[ 0

T oR of OMA o h
I ®o I oo wo R wo MHE woO  respectively.
It is assumed that the approximation efrpis bounded and the followirigequality
ishold# £ | wherg N Yis known positive constanfPatre, 2009)

Next, consider the ideal reference system capturing a desired closed loop dynamical

system performance given by,

~ ~
!

o dmdo 6ioh om wh ovy (4.39)

wherew 0 N 'Y is the state reference vectorp N 'Y is a bounded command
for tracking (ori 0 k Q& it & O Q&)Y & SYQE is the Hurwitz reference
system matrix, and N 'Y is the command input matrix. The objective of the
adaptive control problem is to construct a feedback contrad lawsuch that the state
vector w 0, asymptotically follows the reference state vectero subject to

Assumption 1.

For the pirpose of solving the adaptive control problem, consider the feedback control

law given by,
60 0 0 0 © (4.40)
whereé6 0 and6 0O are the nominal fetback control law and the adaptive

feedback control law, respectively. Let the nominal control law be given by,

60 OLmo 010 (4.41)
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where,0 N Y and0 N 'Y are the nominal feedback and the nominal
feedforward gains, respectively, suchthat 6 60 hé 60 , andA AD
mhold. Now, using4.40), (4.41) in (4.37) with the Assumption 1 yields,

WO 0w O6LWO LVLIOG 06 0 1 ac (4.42)
0 00 wo OLviIioOo 060 wi 0 wl wo T
oOowo 0io0 60 0 w! 0 wl wo T

Next, let theadaptive feedback control law be given by,

0 O w 0 0 w 0 wo (4.43
where® N 'Y ho N Y  arethe estimates of fto respectively, satisfying
the weight update laws,

w O 3 0C OO0 @ M w honY (4.44)

© O 3[ WO G o066 3 WO WO o 6h (4.45)
W ™ @ h o~y

wheres ¥ 'Y Y is the learning rate matrixQo T @06 @ 0 is the
system error state vector, aBd® 'Y Y s a solution of the Lyapunov
eqguation,

nm 60 06 Y (4.46)
where'Y N 'Y Y can be viewed as an additional learning rate. Since

Hurwitz, it follows from converse Lyapunov theory that there exists a uriique

satisfying for a givefiv8

Now, using(4.43) in (4.42) yields,
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w6 O0wo 0610 6 w o0 06 w 0o wo (4.47)
w o 6 w of wo |

w0 Owo 0610 6w Of 0 6w I wo f

and the system error dynamics is given by uéhgo) and as
Qo owo O0io
Owo O0io0 06w o0 0 6w I wo T (4.48)

0Qo6 6w of o 6w of wo fh
Qmn  Qh o~ 'Y

where 07T @ 0 ®,andQT @ © .
The weight update law given l§{$.44) and (4.45), can be derived using Lyapunov

analysis by considering the Lyapunov function candidate,

o o ho QIQOW 3 ®W 0w 3 ® (4.49)

Note thato mimdit 1t and o ‘o ho rtfor all ‘Cho o it 8Now,
differentiating(4.49) yields step by step,

First take the derivative of the first teith0 ‘®f (4.49) by the chain rule,

gbnﬁn Q0 'Q QIQ
Q0 6w oO0f 06 6w O o [ 0D
Q 60 6 Q6 6w oOf o B oOf wo T
QOo60D 6w 6] 60D OB O0f w6 0D (4.50)
Q 6006 Q0 Qo0& o6f 6 Q o0 G oOf wod T
Qo660 00 Q0 cQ o0 o 6 CcQ o0& of wo |

QOYD cQovG of 6o ¢Q o0& oOf wo |

78



Second take the derivative of the second ®@rta 3 @ of (4.49) by the chain rule,

(it is assumed thab W)
Q . . Q . . .
—. 00 3 W — 0l ®W 3 W W
Qo Qo
Ok 063 W o0 o0k 03 w o
e e L (4.51)
O 03 W 0 O 03 W O

CcOw 03 w O

Third take the derivative of the third tegnico 3 w of (4.49) by the chain rule,

Q . : [ . . .

— 0w 3 W —.0 1lw W 3 ® w

Qo
OWw 03 W 0 OWw 03 w O
e s s e s L (4.52)
OWw 03 W 0 OWW 03 w O

cOw 03 w O

By adding(4.50), (4.51), and(4.52), the differentiation 0{4.49) is get as given in
(4.53),

o T ho QOYD cQ o0d@ oOf 0 ¢Q o0 d o wo +
COd 03 ® O cod 03 @ O T (4.53)

where usindg4.44) and(4.45) in (4.53) results in,

o ‘o ho QOYD cQ ovd@ of 0 ¢Q o0 d o wo +
O 03 3r 0C 006 (4.54)

O 03 3 WO G 606 3 WO WO W66 T
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o Thio o QOYD ¢Q o0G o0 0 ¢Q 600G O wo +
o OF 0Q 006 (4.55)
O Of o Qo006 coiw Of WO T wd Wb 6 T
o Ch o Q oOYD

e L e w w (4.56)
COw O woT WO Wwo 0 T
@ o Fo Q OYD
O O WOl wd w 0066 (4.57)
O Of wdTl wd w 6606 |
@ o Fo Q OYD
d wdw 60606 606 ® 0Of o (4.58)
d wdw 66 606 ® oOf wo T
YAQOA ¢ 66 ® oOf oo (4.59)
¢ 606 ® oOf wod 00 i o P T

Further mor e, using Young(@5s9 giveséYgagelanl& t y i n t
Haddad, 2012)

q 86w o »o 86 % of 0o (4.60)

v .« [ e s -
., 00 w 0] wo — 00 w 0 wo b mh 18

Next, setting,  -hyields

®w Qohw ohd o (4.61)
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YAQOA - 00 ®w 0 wo T ,0 T
Sincef ®o a a AE O 08 AQE o A o
d AQE andA wo £ o cdf a AE & AQE , it follows that
[ . o
- 606 w1l O
, (4.62)
- 66" 1 & cd a AE a AE

Substituting(4.62) into (4.61) yields,
x (4.63)

®Qohw ol o WAQO A QAQOAE ©
&)

WAQO £ — — w [ h 0O Tt
QY )
Let v be given as,
i X9 (4.64)
Tw cw

wherewi _ Y -1 66 1 a& moir 66~ 1 o a
OT - 66 1 a , T a a ¢, andA 60& ¢ ,0 T and
recall that w © 1 o 18 Now, for AQe 0, it follows that

Qo ohw o mforall Qoho 0 6 N'O 'O andd 1 where
Of Qo ohd 0 VY @Y @Y dov Y (4.65)
Of CTw ol 60 Y oY ®Y daE O (4.66)

Finally, define
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Of Tw ohd 6 VY ®Y Y dw TQw o o |, where

is the maximum value such th& P O, and defineO i Qw o6ho o
Y Y ®Y do Qw ol o T, where (I A
00 _ 37

To show ultimate boundedness of the clokamp system(4.44) (v ), (4.45) (w ),

(4.48) (Q0), note thatO O 'O, since the approximatios & @ | @haoN
'Y holds in Y. Now, since ® Qoho o0ho 6 mo m for all
(Qohd 0 6 N0, 0 andO OO, it follows thatO is positively invariant.

Hence, if Qi mho 1 N O, then it follows from Corollary 4.4 ofH. K.
Khalil, Nonlinear Systems, Upper Saddle River, NJ: Prentice Hall,,12806that the

solution Qo fw o6hw o M mhto (4.44) (@), (445 (® ), (4.48) (Q0) is
ultimately bounded with respect t® 6 fro o o 0 with ultimate bound given by

| T hwhich yields

f 00 3 B (4.67)

Over the interval  oN THYho Qoho ohw o Tt since
Qo 6fw o N 'O O 8This implies that

© Qo 6w 06 wQmho mho T  OX 1% (4.68)

Using the inequalities 0 AQ& o G ho andw Qmhd mho

Ol T3 W T A A ® T in(4.68) gives

o o on B E (4.69)
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This completes the proof.

To sum up,

w Qo ohw o mo 1 (4.70)

which guarantees that the system error state v€otoand the weight errabp (t) are
Lyapunov stable, and hence are bounded far¥il¥ 8Sincel @ 0 is bounded for
all oX'Y hit follows from (4.48) that Qt) is bounded, and henae Qo o o is

bounded for albX'Y 8Now, it follows fromBarbalae 6 s | emma t hat ,

A ~

io Ed Qoo O mh (4.71)

which consequently shows thatd © 1maso © Hb.

For the case when the nonlinear uncertain dynamical system gi\{@r8Byincludes
bounded exogenous disturbances, measurement noise, and/or the unce@Bity in

cannot be perfectly parameterized, then Assumption 1 can be relaxed by considering

T U 0ol wd f dwhon O 4.72)
where @ 0 N 'Y is an unknown timearying weight matrix satisfying
A) O£ | and w O 1 with]l X2 and] X2 being unknown scalars,

fdoO oY is a known basis function of the formf ®
o o wMHh ® ,7dY @O O'Y s the system modelingrrer
satisfying& ohw & | with] N 'Y being an unknown scalar, af@l is a compact

subset ofY . In this case, the weight update law giver(4éy4) can be replaced by
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w o 301 R wo Q 006 2
. W E sy 4.7

wTm wh oY (4.73)

with 3 [ Ch N 'Y hto guarantee the uniform boundedness of the system error

state vectofQo and the weight erroto 6, whered i éd&otes the projection

operator.

Remark 1. Even though the above analysis shows that the state weabor
asymptoticallyconverges to the reference state veatoo (in steadystate) 0 can

be far different fronw 0 in transient time. Higlgain learning rates can be used in
(4.44) in order to achieve fast adaptation and to minimize the distance bedn@en
and w O in transient time. However, update law with highin learning rates
possibly yield to higkfrequency oscillations especially during the transient system

respnse resulting in system instability for real applications.
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CHAPTER 5

SIMULATION RESULTS

In this thesis, it is proposed that in model reference adaptive control, each uncertainty
parametrization should be constructed in terms of the uncertainty parametrization type
that it is aimed to predict. In other words, the time dependent uncertaintly 5
predicted with the time dependent parametrized adaptive element, and the state
dependent uncertainty should be predicted also, with the state dependent parametrized
adaptive element. Then, the summation of these elements should be formed to be the
adaptive control input of the MRAC. To reach this result, MFC, MRAC, CPBMRAC,

CP TD CCAL MRAC, FSBMRAC, FS TD CCAL MRAC, FS TSD CCAL MRAC

are studied. The system model given2d, is presumed to be subjected to the
reference command input given kigure 2.3, and under the effect of external
disturbance which is random givenkigure2.5, and wing rock dynamics of which is

given in(2.4), and noise is added to th@lturn rate as given iRigure2.2. The results

of the simulations are given in this section, sequentially. Incomparison of MRAC

ard FS TSD CCAL MRAC, irb.2 comparison of FSBMRAC; and FS TSD CCAL
MRAC, in 5.3 comparison of FS TD CCAL MRAC and FS TSD CCAL MRAC, in
5.4comparison of all controllers, ;15 max disturbance elimination, in subpasts.1

FS TD CCAL MRAC in case of multiplication term of external disturbance and wing
rock dynamis is 2, in5.5.2FS TSD CCAL MRAC in case of multiplication term of
external disturbance and wing rock dynamics is 2, aBbil8FS TSD CCAL MRAC

in case of multiplication term of external disturbance and wing rock dynamics is 100

is given.
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5.1.Comparison of MRAC and FS TSD CCAL MRAC
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Figure5.1. Reference Command Input vs time
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Figure5.2. External Disturbance vs time
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Figure5.4. Noise vs time
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Error in Roll Turn (°)
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Figure5.9. Predicted Adaptive Weight Coefficients vs time

In this section comparison of MRAC and FS TD CCAL MRAC is done. As seen from
Figure5.5, andFigure5.6, roll turn rate, the response of the state variablef the
system model, slender delta wing, of which model equation is gived,isubjected

to the reference command input given Rigure 2.3, and under the disturbance
conditions given irFigure 2.2, is drawn. It is seen that MRAC gives some fluctuated
results compared to the FS TD CCAL MRAC, while closing the reference model
response. This could lskie to its lack of prediction capability of the time dependent
random external disturbance, due to the state dependent uncertainty parametrization
structure of the MRAC. As seen froligure5.7, andFigure5.8, roll turn, the reply

of the state variable» of the system model, is drawn. The shift in the response of the
MRAC from the reference model is more obvious in these figures, which is an
indication that the roll turn state is more prone to the disturbancesce it is the
direct integral of thev , as given i2.1), the disturbance effés are accumulated. As
seen inFigureb.9, the predicted adaptive weights stay in a more compact region, in
FS TD CCAL MRAC than the MRAC, which is andication of better uncertainty

parametrization.
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5.2.Comparison of FSBMRAC and FS TSD CCAL MRAC
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Figure5.10. Reference Command Input vs time
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Figure5.11. External Disturbance vs time
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Figure5.18. PredictedAdaptive Weight Coefficients vs time

In this section comparison o0FSBMRAC and FS TSD CCAL MRAC is done. As
seen fromFigure5.14, andFigure5.15, that, roll turn rate, the response of the state
variablew of the system model, is drawn. Though the higher uncertainty capability
of the FSBMRAC, due to thperiodic structure of the Fourier series, B& TSD
CCAL MRAC, gives close reference model tracking than the FSBMRAC. The
periodic structure of the Fourier series, could eliminate the need for the concurrent
adaptive learning, as could be seelfrigure4.17, such that the persistent excitation

of the learning mechanism of the adaptive control could show similar results with the
concurrent adaptive learning though itduadle data storage capability which could
enhance uncertainty prediction. Though the superior capability of the FSBMRAC, as
seen fromFigure 5.16, andFigure5.17, the slight difference between the results of
FSBMRAC and FS TSD CCAL MRAG;ould be explained as the lack of prediction
capability of the state dependent structured uncertainty the wing rock dynamics, due
to the solely time dependent uncertainty parametrization structure of the FSBMRAC.

As seenfrom Figure 5.18, the predicted adaptive weights stay in a more compact
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region, inFS TSD CCAL MRAC than the FSBMARC, which is an indication of better

uncertainty parametrization.

5.3.Comparison of FS TD CCAL MRAC and FS TSD CCAL MRAC
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Figure5.19. Reference Command vs time
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In this section comparison of FS TD CCAL MRAC and FS TSD CCAL MRAC is
done.Figure 5.23, andFigure 5.24, shows similar pattern as the results shown in
Figure5.14, andFigure5.15, which are the responses of the roll turn rate of the
system model. Similarlyfigure5.25 andFigure5.26. , shows similar pattern as the
results shown ifrigure5.16, andFigure5.17, which are the responses of the roll turn,

w, of the system model. The progress in uncertainty prediction success, through from
the FSBMRAC to FS TSD CCAL MRAC, is similar to, through frone thS TD

CCAL MRAC to FS TSD CCAL MRAC. As seen fgure4.17, FSBMRAC gives
similar results to the FS TD CCAL MRAC, due to its periodic structure. Thdrayh,

the figures througlrigure5.23 to Figure5.27, FS TSD CCAL MRAC gives closer
reference model tracking than the FS TD CCAL MRAC, since it could predict both
state dependent structured and time dependent random unstructured external
disturbance, due to having uncertainty parametrization structure foradbcdhem
separately. As seen iRigure 5.27, the predicted adaptive weights stay in a more
compact region, irS TSD CCAL MRAC than th&S TD CCAL MRAGC which is

an indcation of better uncertainty parametrization.
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5.4.Comparison of all Controllers
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Figure5.29. External Disturbance vs time
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Figure5.31. Noise vs time
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It is seen fronfigure5.32, that as proposed in this thesis, the best method at tracking
the reference model, is FS TSD CCAL MRAC, since each uncertainty is parametrized
in its own dependent variable. By the way, FSBMR@gies as close results as FS

TD CCAL MRAC, as was the case fiigure4.17. This could be explained such that,
concurrent adaptive learning expedites learning of thertaingy and elimination, by
storing valuable data. By the way, there should be similar property in Fourier series
characteristic, so that both of them show close tracking performance. In Fourier series
based MRAC, the parametrization part of the uncestamthe adaptive element is

time dependent, not dependent on system states. So, the part of the adaptive element
that is related with parametrization of uncertainty, which is constructed with the
periodic elements, is persistently excited, in order tonldhe uncertainty. The
learning mechanism of the adaptive control is active, so that it is prone to learn any
disturbance acting on the system and eliminate it. Chebyshev polynomial based
MRAC, however is not as successful as the Fourier series based MRA€en in
Figure5.32. This could be due to its structure being more suitable for state dependent
parameterization, though is preferred in this studlking the advantage of the series
structure of the Chebyshev polynomial, to use in the prediction of unstructured random
external time dependent disturbance. CP TD CCAL MRAC shows more fluctuations
diverging from the reference model, than the FS TD CCARARZ, due to thé\ T ©

term used ilChebyshev polynomial parameterization in this study. Since both of them
are used as time dependent uncertainty parametrization methods, they are expected to
predict especially time dependent external random disturbarmeevér, it is seen

that Fourier series is better than the Chebyshev polynomials in this case. It could also
be due to the periodic structure of the Fourier series to be good at time dependent
uncertainty prediction. Though the Chebyshev polynomials arstremted with the
linearly independent terms, to be good at uncertainty prediction, periodic structure
could be better way. Since it is time dependent, and is persistently excited at each time
step of the simulationFigure 5.32 shows that, the MRAC is slightly fluctuating
around the reference model, not seen from the figure though. Al§agune 5.34

MRAC is shifted around the reference model, compared to the other controllers. It
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could be due to the reason, that since the uncertainty parametrization part of the
MRAC is system state depemdgit is successful at prediction of the state dependent
uncertainty, such that the wing rock dynamics. However, it is not good at prediction
of time dependent random external disturbance, which is unstructured disturbance
case in this study. So, MRAC ddwpredict the structured state dependent uncertainty,
due to state dependent uncertainty parametrization part of the MRAC. However, it
could not predict the unstructured time dependent random external disturbance, which
is the key point of this study. Qia the random external disturbance is unstructured
and random, it is more realistic and chaotic case for this study than the structured wing
rock dynamics. So, this could be the reason why MRAC diverges from the reference
model more than the other contesH.

As seen fronFigure 5.33, andFigure 5.35, also FS TSD CCAL MRAC, gives the
leasterror, in tracking the reference model response. As seerHigure5.36, Figure
5.37, Figure5.38, the predicted adaptive weights stay in a more compact regib8, in
TSD CCAL MRAC than the other controllers, which is emdlication of better

uncertainty parametrization.

In Figureb.39, the comparison of control surface deflection for all controllers is given.
Since it is better to haveraquirement for lesser control surface deflection, resulting
in less energy consumption, and delayed material fatigue, it is seen that FS TSD CCAL

MRAC givesbettercontrol input deflection valuedan the other controllers

5.5.Max Disturbance Elimination

In this section, max disturbance elimination capabilities of the controllers are
examined. The aim of the study in this section is, to force the limits of the controller
system, under the excessive disturbance casg.5ld the response of the FS TD
CCAL MRAC is studied, under the case where, both the dynamics of wing rock and
the random external disturbance is multiplied by 25.,2 the response of the FS
TSD CCAL MRAC is studied, under the case where, both the dynamics of wing rock
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and the random external disturbance is multiplied by %.93 the response of the

FS TSD CCAL MRAC is studied, under the case where, both the dynamics of wing
rock and the random external disturbance is multiplied by 100. Of course, since it is
assumedhat the uncertainty acting to the system is matched, all the disturbance is
entering to the system through the control channel, which means that both the random
external disturbance and the wing rock dynamics, could be thought as the increase in
the aileon command input to the system. So, they are also in the terms of degrees. In
the max disturbance case, speculative disturbances are given upon the system without
considering the real physical limits of the control actuator system. The excessive
disturbanes, could be thought as unexpected excessive nonlinearities, which is hard

to occur in real life.
5.5.1.FS TD CCAL MRAC (Disturbation Factor=2)

In this section, the response of the FS TD CCAL MRAC is examined in case of
multiplication term of external disturbamcand wing rock=2. If random external
disturbance acts to the system as givelrigure5.40, and the wing rock dynamics as
given inFigure5.41, and the noise added to the roll turn rate as givéigiare5.42,

the results of the system response are get as given througfigtine 5.43, to the
Figure5.47. In case of increase in the multiplication term, the system model becomes
unstable, and the response of the system states could go to infinity. This is the indicator
that, the FS TD CCAL MRACgould eliminate up to the disturbances given through
the Figure5.40to theFigure5.42. Though the divergence is seerfFigure5.44, the
reference model tracking still continuesFagure 5.45, and Figure 5.46. In Figure

5.47, the predicted adaptive weight coefficients also diverge.
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Figure5.40. External Disturbance Added to Aileron Input vs time

Figure5.41. Wing Rock Disturbance Added to Aileron Input vs time
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Figure5.47. Predicted Adaptive Weight Coefficientstume
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