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ABSTRACT

INFORMATION RECOVERY-BASED MODEL REFERENCE ADAPTIVE
CONTROL FOR FAST ADAPTATION AND IMPROVED TRANSIENTS
WITH AEROSPACE APPLICATIONS

Yayla, Metehan
Ph.D., Department of Aerospace Engineering
Supervisor: Assist. Prof. Dr. Ali Tiirker Kutay

February 2023, 152 pages

This thesis proposes improvements to Filter-based Model Reference Adaptive Control
(MRAC) architectures for uncertain dynamical systems. Standard MRAC cannot
guarantee closed-loop stability in the presence of bounded perturbations without
restrictive persistent excitation of system signals. Robust modifications have been
introduced to increase the robustness of standard MRAC and/or guarantee stability
without persistent excitation, but little improvement has been achieved in guaranteed
transient response. Recently, filter-based solutions have been introduced, among
which CMRAC has gained a significant reputation due to its simplicity in application,
superior adaptation performance to external disturbances, and improvements on
transient performance. However, filter-based methods suffer from losing information
during filtering, which can degrade adaptation performance, and assume the
uncertainty lies in the span of the control input, which may not hold for many
practical systems. This thesis proposes a method to recover information lost during
filtering in filter-based adaptive controllers, extending it to cover systems with
unknown control effectiveness, and introducing a command governor-based adaptive

controller architecture to guarantee strict tracking performance in the presence of



unmatched uncertainty. The proposed information recovery-based model reference
adaptive controller (IR-MRAC) is illustrated with an energy-based longitudinal
flight controller architecture, which successfully decouples velocity and altitude
responses while benefiting from all the advantages of an energy-based controller. The
proposed command governor-based adaptive controller is extended to the lateral flight
control problem to achieve the desired tracking performance in the presence of both
matched and unmatched uncertainties. Closed-loop stability analyses of all proposed
methods are illustrated through rigorous Lyapunov’s stability analysis, with numerical
examples and software-in-the-loop simulations used to validate the proposed methods

in a more realistic environment.

Keywords: filter-based adaptive control, closed-loop stability, guaranteed transient

performance, low-pass filter, robustness, unmatched uncertainty, command governor
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0z

HIZLI ADAPTASYON VE GELISTIRILMIS GECIS PERFORMANSI ICIN
BiLGI KURTARMA TABANLI MODEL REFERANS UYARLAMALI
KONTROL VE HAVACILIKTAKI UYGULAMALARI

Yayla, Metehan
Doktora, Havacilik ve Uzay Miihendisligi Boliimii

Tez Yoneticisi: Dr. Ogr. Uyesi. Ali Tiirker Kutay

Subat 2023 , 152 sayfa

Bu tez, belirsiz dinamik sistemler i¢in filtre tabanli Model Referans Uyarlamali
Kontrol (MRUK) mimarilerinde 1iyilestirmeler onermektedir. Standart MRUK,
bozucu etkilerin varliginda sistem sinyallerinin siirekli uyarimini gerektirmeden
kapali dongii kararliligini garanti edemez. Giirbliz modifikasyonlar, standart
MRUK’un giirbiizliik seviyesini artirmak ve siirekli uyarim gerektirmeden kararlilig
garanti etmek i¢in tamitilmistir, ancak garanti edilen gecis performansina az bir
iyilestirme saglanmigstir. Son zamanlarda filtre tabanli ¢oziimler tanitilmistir. Bunlarin
arasinda Kompozit MRUK (KMRUK), basit uygulama, harici bozuculara karg: tistiin
adaptasyon ve basarili gecis performansi noktalarinda iyilestirmeler sagladig: icin
onemli bir itibar kazanmistir. Ancak, filtreleme sirasinda kaybedilen bilgi nedeniyle
adaptasyon performansinin azalabilecegi ve belirsizligin kontrol girdisi araliginda
oldugunu varsaydigindan, filtre tabanli yontemler bircok pratik sistem icin gegerli

olmayabilir.
Bu tez, filtre tabanli uyarlamal1 kontrolciilerde filtreleme sirasinda kaybedilen bilgiyi
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kurtarmak icin bir yontem onermektedir. Bu yontem, bilinmeyen kontrol etkililigi
olan sistemleri de kapsayacak sekilde genisletilmistir. Ayrica, eslesmeyen belirsizlik
durumunda iistiin takip performansini garanti etmek i¢in bir komut yoneticisi tabanli
uyarlamali kontrol mimarisi tanitmaktadir. Onerilen bilgi kurtarma tabanli model
referans uyarlamali kontrolcii (BK-MRUK), enerji tabanli bir uzunlamasina ugus
kontrol mimarisi ile gosterilmekte olup, hiz ve irtifa yanitlarim1 basariyla ayirmakta
ve enerji tabanli bir kontroldriin tiim avantajlarindan yararlanmaktadir. Onerilen
komut yoneticisi tabanli uyarlamali kontrolcii, eslesen ve eslesmeyen belirsizliklerin
birlikte oldugu durumlarda, istenen takip performansin elde etmek i¢in yanlamasina
ucus kontrolii problemine genigletilmistir. Tiim Onerilen yontemlerin kapali dongii
kararhilik analizleri, Lyapunov kararlilik analizi ile gosterilmekte olup, Onerilen
yontemlerin daha gercek¢i bir ortamda dogrulanmasi igin sayisal ornekler ve

yazilim-dongii simiilasyonlar1 kullanilmaktadir.

Anahtar Kelimeler: filtre tabanli uyarlamali kontrol, kapali dongii kararlilik,
gecis performansi, algak gecirgen filtre, giirbiizliik, eslesmemis belirsizlik, komut

diizenleyici
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CHAPTER 1

INTRODUCTION

1.1 Problem Definition and Literature

In this section, three main issues are highlighted in adaptive control to be addressed
in the thesis; ) Lost information during low-pass filtering in Composite/Combined
Model Reference Adaptive Control, i) High adaptive learning rates for better
tracking performance, 7ii) Control of uncertain systems with a state-dependent

unmatched uncertainty.

1.1.1 Filter-based Adaptive Controller

Model Reference Adaptive Control (MRAC) architectures achieve a desired level
of closed-loop stability and performance for uncertain dynamical systems with
online adaptive weight update laws.  Without restrictive persistent excitation
(PE) of system signals, Standard MRAC framework cannot guarantee closed-loop
stability in the presence of bounded perturbations using only instantaneous data
[1,2]. To increase the robustness of standard MRAC and/or guarantee stability
without PE, well-established robust modifications are introduced in literature [3-9].
Although these modifications improve the robustness of the adaptive controller, little
improvements are achieved in the guaranteed transient response. This is an expected
result as most of these modifications accommodate only the tracking error in the
adaptation. However, it has been widely studied that including the uncertainty
estimation error in the adaptive law enhances the transient performance significantly.
A few modifications extracting additional information on the uncertainty estimation

error are introduced in the literature such as Composite MRAC [10] with its

1



extension to MIMO systems [11], Concurrent Learning MRAC (CL-MRAC) [12],
and g-modification [13]. Motivating from these studies, many other modified adaptive
laws have been introduced in the literature. Specifically, Glushchenko et al [14]
employs Recursive Least Squares (RLS)-based system identification algorithm in
adaptive control architecture. Yet, they assume the existence of state derivative
information as direct measurement, which is usually not available for feedback.
It is also the main deficiency of Concurrent Learning Model Reference Adaptive
Control (CL-MRAC) [12]. In order to overcome this drawback, filter-based solutions
are utilized, and information about uncertainty estimation error is extracted using
low-pass filters [15-23]. In addition, filter-based methods can successfully limit the
frequency range in the control signals. However, it is important to note that filtering
methods may suffer from losing information during filtering if the low-pass filters are
poorly designed. Hence, the designer should be careful about selecting the bandwidth
of the filters.

1.1.2 High Adaptive Gain for Better Tracking

It is well practiced that high-adaptation gains in the adaptive control improve the
tracking performance. Thus, it is always desired to set the adaptive gain as high
as possible. However, high adaptation gains also decrease the robustness of the
closed-loop system in the presence of time-delays, unmodeled dynamics, actuation
constraints, and external disturbances with relatively high-frequency (e.g. turbulence,
gust). Many studies are introduced in the literature to highlight this fact and
suppress the resultant undesired behavior. Yucelen and Haddad [24] introduced a
low-frequency learning modification to the standard model reference adaptive control
so that the estimated parameters are enforced to stay bounded around their low-pass
filtered signals. In this way, high-frequency oscillations in the adaptive input are
limited in control, which allows using higher adaptation gains. In the optimal
control modification [6], high adaptive gains are allowed at the expense of sacrificed
performance. The authors illustrated the efficacy of the proposed method with larger
time-delay margins in the presence of high adaptive gains. Unlike these modifications
having constant learning rate, there are studies in which the adaptation gain is adjusted

with time [14, 25] that improves the tracking performance for uncertain systems
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with input delay and unmodeled dynamics. In these methods, however, learning
rate vanishes if the basis is not sufficiently and/or persistently exciting. Thus, the

adaptation is terminated.

1.1.3 Systems with Unmatched Uncertainty

Many MRAC frameworks in the literature (e.g. [3-10, 13]), including all the
aforementioned studies, have been restricted to systems with uncertainties lying on
the span of the control input, which are called matched uncertainties. However, this
assumption may not hold for many practical systems with unmatched uncertainties
(e.g. magnetic levitation [26]). Although the original nonlinear system does not have
an unmatched uncertainty, a nominal linear system (possibly obtained by linearization
of the nonlinear model) may introduce an unmatched content if the nominal system
is incorrect. In fact, this scenario is highly likely to occur if the the actual plant
is not modeled using high-fidelity tools. For instance, in case the system matrix
A and input matrix B are unknown for a linear system © = Ax + Bu, it is not
possible to guarantee the matching conditions hold, which might induce unmatched
uncertainty to be handled in the controller. In practice, if the nature of the uncertainty
upon the system is not only matched but also unmatched (e.g., a portion of the
uncertainties that are not reachable with the control input), then vast majority of
the works on adaptive control does not necessarily guarantee stability (unless the
effect of unmatched uncertainties are sufficiently small and/or ignorable), and hence,
desired performance cannot be strictly achieved. A few notable contributions are
available addressing this point including, for example, [27-38]. Specifically, the
authors of [27] and [28] utilize the controller gain optimization using the linear matrix
inequality (LMI) tools in the controller design to satisfy the desired boundedness
constraints of the tracking errors. Similarly, the authors of [29] use LMI tools
to analyze the performance and stability of the adaptive control framework. They
investigate the tolerable unmatched uncertainty by the control input and degradation
in the performance due to unmatched uncertainty upon the system. The authors
of [30] combine the adaptive backstepping technique with the sliding mode control
method for output tracking in semi-strict feedback systems. Furthermore, the

authors of [31] propose an integral sliding surface that benefits from the radial
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basis functions (RBF) neural networks. With the proposed method, their integral
sliding mode controller partially suppresses the effects of the unmatched uncertainty
and enhances overall system robustness. The authors of [32] utilize a different
adaptive control framework based on low-pass filtered input command and fast state
estimation scheme. The authors of [33] present an indirect certainty equivalence
adaptive control (CEAC) framework that uses fast identification model and command
filtered backstepping controller. Authors of [39] claim that they achieved guaranteed
parameter convergence for the systems with an unmatched uncertainty. However,
their results are far-fetched from the truth as so-called ‘unmatched uncertainty’ lies
in the range space of control input in their system description. In study [40], another
CEAC solution is proposed to deal with unmatched uncertainties. Yet, their solution
is restricted to nonlinear systems with relative degree two. In studies [32] and [33],
high adaptation gains may need to be employed to effectively suppress the effects of
uncertainties since they only rely on instantaneous data, which can be highly prone to
issues such as poor closed-loop system performance or even instability in the presence
of unmodeled dynamics, actuation constraints, or measurement noise to name but a
few examples. Authors of [34] introduce an uncertainty identification method for
both matched and unmatched uncertainties. They utilize a hybrid adaptive control
architecture for a class of unmatched uncertainties. However, tracking performance
is not guaranteed before the identification phase. Furthermore, in studies [32] and
[34], there are no performance recovery mechanisms which leads to performance
degradation as the unmatched uncertainty is increased. In addition, the proposed
method in [33] covers the systems with single input, only. Authors of [35] proposed
a command governor-based adaptive controller to suppress the undesired effects
of unmatched disturbances using backstepping control method. Similarly, authors
of [37] proposes a disturbance observer-based hybrid control system to deal with
unmatched disturbances. In both studies [35] and [37], authors considered only
bounded time-varying unmatched disturbances, which is a simpler and easier problem
to solve compared to state-dependent unmatched uncertainties. Lastly, authors of
[38] introduces a robust control method to deal with unmatched uncertainties using
fuzzy-set theory with deterministic control robust control input. As there is no
performance recovery mechanism in this study, performance degradation may arise

in the presence of large unmatched uncertainties.



1.1.4 Energy-based Longitudinal Flight Control

For the last decades, many automatic flight control systems (AFCS) have been
designed relying on the classical control theory which uses Single Input-Single
Output (SISO) design methods (see [41-46]). In traditional SISO controllers, each
control channel is reserved to the control of one flight variable. Hence, the overall
control approach is able to realize only one function at a time. Furthermore, SISO
design methods inherently assume that the controlled states are barely coupled. In
a conventional longitudinal flight controller, autothrottle is assigned to control the
airspeed using thrust and autopilot is responsible for the flight path angle control (or
altitude hold) using the elevator. Such a task sharing causes a basic conceptual flaw
in autothrottle control system that one of the most important state variables -flight
path angle- is left out in determining the required thrust. In addition, the autopilot
control system has the basic deficiency of not knowing the airplane’s steady state
climb and descent limits. One solution to suppress the effects of cross-couplings
could be using high feedback gains which may result in excessive control activity
and high fuel consumption [47]. Yet, under certain flight conditions, autopilot may
cause speed instabilities during flight path control at constant throttle. Similarly,
autothrottle may result in unstable flight path response at constant elevator deflection.
Because of these reasons, a desired flight path and airspeed responses can only be
achieved if both autothrottle and autopilot work in coordination. However, it requires
a significant amount of man-hours and flight testing to the coordinated co-operation
of autopilot and autothrottle [48]. Another issue with the SISO AFCS designs is their
inability to control the energy-state of the aircraft. Satisfactory energy-management is
possible with fully integrated longitudinal flight control algorithm taking the aircraft
performance and flight envelope into account. As depicted earlier, traditional SISO
AFCS designs suffer from coordination between autothrottle and autopilot control
systems, and insufficiency of envelope protection covering the entire flight regime.
Sadly, this was a contributing factor in an Airbus A330 crash (see [49,50] for details).
Even the latest generation SISO designs have not satisfactorily solved the energy
management, flight envelope protection, and control coupling issues. Recognizing
that, NASA and Boeing has developed an energy based flight controller, Total Energy
Control System (TECS), to offer solutions to these problems [51].
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Unlike conventional SISO AFCS designs, TECS employs Multi Input-Multi Output
(MIMO) control to achieve the desired flight performance in a much simpler manner.
MIMO TECS strategy relies on the Hamiltonian and Lagrangian of the aircraft.
Note that the Hamiltonian corresponds to total mechanical energy of the aircraft
if the generalized coordinates are expressed in the inertial frame. In that case, the
Hamiltonian can be stated as the summation of kinetic energy and potential energy of
the aircraft. It can be depicted from the aircraft performance considerations that the
engine is the only source to adjust the required power, which is necessary to realize
the desired longitudinal acceleration and flight path commands. Hence, the throttle
channel is assigned to the control of the total energy of the aircraft. Assuming that the
additional drag due to elevator deflection is negligible, the elevator has a conservative
effect on the aircraft total energy. So, the elevator is assigned to distribute the total
energy between kinetic and potential energy. Since the elevator has a conservative
effect on the aircraft energy whereas the thrust directly affects it, it can be inferred
that the elevator and throttle command responses are orthogonal to each other in
terms of total energy and its distribution. Therefore, it becomes quite possible to
achieve desired decoupled speed and flight path responses as the control of the aircraft
total energy and its distribution are decoupled, as well. A few success of the TECS
architecture over the conventional SISO AFCS design can be listed as follows: i)
Functional overlap is eliminated. i) generic and reusable design with minimal aircraft
specific information is achieved. iii) Consistent operation at each flight condition and
over combination of flight modes is ensured. iv) Pilot-like control strategy is achieved
with efficient energy management strategy. Block diagram representation of TECS

core architecture is shown in Figure 1.1.

Total Energy-based Control System (TECS) first introduced by Lambregts to address
the problems with conventional SISO AFCS designs [52]. In the later studies, the
author described the engine control unit integration into TECS architecture [53].
Also in [54], operational aspects of the TECS such as operational design objectives,
operational features, operation with limited control variables are discussed. Unlike
other energy based flight control methods (e.g. [55]), TECS does not require aircraft
specific information at its core part. Efficiency, simplicity, and success of the TECS

has been shown experimentally with several studies. Specifically, a small UAV
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Figure 1.1: TECS Core Architecture

platform is used in [56] to validate the performance of the basic TECS architecture.
Furthermore, flight test results for Boeing 737 has been presented in [57]. Wang et al.
employed TECS algorithm in a fault-tolerant control scheme [58]. Brigido et al. uses
TECS in conjunction with adaptive control to compensate the discrepancy in trimmed
thrust values due to erroneous drag estimation [59], and present their experiment
results in [60]. They are able to achieve better throttle management with their
proposed architecture. Lamp et al. accommodate the airbrakes into TECS concept,
and tested the modified scheme on a motor glider [61]. Another experimental study
is conducted by Chudy et al. on a general aviation aircraft [62] to show the simplicity
of implementation of the basic TECS architecture over the conventional SISO AFCS.
Lamp et al. modified the fundamental TECS Core by adding an airbrake, changing the
speed and flight path prioritization, and converting the structure from P/-control to
P-control to improve the automatic landing performance via maintaining the desired
glide slope [63]. Apart from these experimental studies, Lai and Ting proposed an
optimal energy control system for a fixed wing UAV [64]. They combine the the
pilot-like energy management property of TECS scheme and LQG optimal control
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theory, and presented their results on a flight simulator software X-plane. Shevchenko
integrated a drag correction unit into TECS structure [65] through energy balance
equation. With their modified TECS structure, a better energy-management strategy
under atmospheric disturbances is achieved which reduces the risks at terminal
flight phases such as takeoff and landing. Kurdjukov et al proposed a modified
TECS core architecture with a correction unit to handle the cases with highly
nonlinear aerodynamics such as presence of substantial wind gusts [47]. Degaspare
and Kienitz successfully extended the basic TECS structure by incorporating the
engine parameters into throttle control channel, and investigates the robustness and
performance characteristics of their architecture in the presence of engine model
uncertainties [66]. Lastly, Argyle and Beard extends the standard linear TECS
formulation to the nonlinear formulation [67]. Furthermore, they include an adaptive

element to improve the accuracy of the aerodynamics model.

Although TECS started a new era of the flight control solutions, designing controller
gains are usually performed using classical design methodologies. Yet, there exist few
works on designing TECS more systematically. Voth and Ly proposed constrained
parameter optimization based low-order robust and optimal controller design method
for the inner loop of the TECS [68]. Nuriwati and Sasongko investigate the
effects of TECS Core gains on the altitude and velocity tracking performances,
and compared their results on the simulation with a conventional SISO AFCS
[69]. Faleiro and Lambregts applied the eigenstructure assignment method to the
TECS core [49]. Viswanathan et al. proposed an adaptive TECS architecture by
combining the L-adaptive output feedback control and basic TECS architecture [70].
Although desired transient performance in the energy rate is achieved in [70], their
solution suffers from the high filter gains in L;-adaptive control. This can also be
observed from unacceptably high rates in the throttle and elevator control commands.
Looye proposed a multi-objective optimization based robust controller design using
nonlinear dynamic inversion for the TECS [71,72]. Rysdyk and Agarwal proposed an
approximate dynamic inversion based adaptive TECS in which they apply adaptation

to eliminate the effects of residual errors due to approximate inversion [73].

Decoupled altitude and velocity control over the entire flight regime is attainable

with TECS architecture if and only if the Hamiltonian and Lagrangian control loops



operate at the same bandwidth. Otherwise, energy will be added and subtracted due
to asynchronous control from the variable that is commanded to be held constant.
If this point is addressed properly, the elevator and thrust control becomes perfectly
coordinated, which yields fully decoupled velocity and altitude command responses.
Although in theory, the TECS gains can be selected freely so that the energy and
energy distribution dynamics are identical, it is evident that these will alter from
their nominal values during the operation due to presence of unmodeled dynamics,
uncertainties in the plant model, external disturbances (e.g. wind, turbulence, gust).
Briefly, for an ideal energy state management of an aircraft in the presence of

uncertainties, the controller should

e successfully suppress the effects of uncertainties on the energy states of the
aircraft
e ensure the Hamiltonian and Lagrangian control loops operate at the same

bandwidth

Although there exist several works incorporating adaptive control in TECS
architecture [59,70,73], the attention was on the compensation of the erroneous drag

estimation, not on the coordinated longitudinal control.

1.2 Motivation

In general, desired tracking performance in standard model reference adaptive control
is achievable with high adaptive gains. However, robustness of the closed-loop
system against time-delay and unmodeled dynamics is usually degraded. Filter-based
MRAC approaches offer a solution to this problem by incorporating the uncertainty
estimation into adaptive law provided that the low-pass filter bandwidth is properly
adjusted. If not, the lost information during filtering will cause degradation in the
tracking and adaptation performances. Furthermore, a vast majority of the adaptive
control studies in the literature focus on the systems with matched uncertainties, only.

Hence, the motivation of the thesis becomes to introduce an adaptive controller that

e recovers the lost information in filter-based adaptive controllers

e achieves the desired tracking performance without high adaptation gains
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e handles the systems with both matched and unmatched uncertainties

with illustrations on the aerospace applications. Furthermore, the coordinated
longitudinal flight problem with energy-based controllers is addressed. As mentioned
earlier, no controller architecture is studied in the literature that ensures the

coordinated aircraft energy management in the presence of system uncertainties.

1.3 Contributions and Novelties

To this extent, an information recovery-based model reference adaptive controller
(IR-MRAC) is proposed that achieves better tracking even if the low-pass filter is
poorly designed with an inadequate bandwidth in filter-based methods. With the
proposed architecture, the high frequency content of the uncertainty estimation is
included into the adaptation to recover the lost information due to low-pass filtering.
Simultaneously, a non-vanishing time-varying learning rate is introduced to eliminate
the adverse effects of included high-frequency signals. In this respect, time-varying
learning rate works as a stability augmentation system that suppresses the undesired
high-frequency oscillations in the adaptive control input. One may include the
high-frequency content by simply increasing the bandwidth of the low-pass filter in
the conventional filter-based adaptive controllers. In that case, the signals with high
frequencies have the same level of importance as those with low frequencies, which
might result in undesired oscillations in the closed-loop response. On the other hand,
IR-MRAC allows to adjust the contributions from low-frequency and high-frequency
contents, separately. Hence, high-frequency signals are included in the adaptation
in a frequency-selective framework. With this flexibility, the designer may adjust
the weight of high-frequency signals on the adaptation. To the best knowledge of
the author, there is no study addressing the lost information recovery in filter-based

adaptive controllers.

In addition, a new Command Governor-based Model Reference Adaptive Control
architecture is introduced and analyzed for uncertain dynamical systems with not
only matched but also unmatched uncertainties. Using the unmatched uncertainty

approximation obtained through RBF neural networks, the command governor
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signal is designed to achieve the desired command following performance of the
user-defined subset of the accessible states. With this Command Governor-based
MRAC, the tracking error of the selected states can be made arbitrarily small
by judiciously tuning the design parameters. In addition to the analysis of the
closed-loop system stability using methods from Lyapunov theory, findings are
also illustrated through numerical examples. Specifically, the major contribution
is the guaranteed tracking performance for arbitrary state-dependent matched and

unmatched uncertainties.

Next, an adaptive energy-based longitudinal flight control framework is proposed.
Uncertainties on the Lagrangian channel is eliminated with an adaptive element
in the pitch stability augmentation system, in which the fast system states are
regulated. Thus, uncertainties in the energy distribution channel is successfully
removed, and short period mode characteristics are improved. For the coordination
between Hamiltonian and Lagrangian controls, an adaptive outer energy management
loop is designed. Remaining uncertainties on the energy sources and/or energy
draining components are addressed in this controller. Furthermore, bandwidth of both
Lagrangian and Hamiltonian control loops are determined with a reference model.
As a result, proper suppression of uncertainties immediately results in the desired
decoupled airspeed and altitude responses. The main contribution is to introduce
an adaptive energy management module ensuring that the energy is added to (or
subtracted from) the system and remaining energy is distributed properly to achieve

the desired and decoupled tracking performance.

Lastly, the aircraft lateral flight control problem is re-visited. Specifically, it is
allowed that the nominal system to be freely chosen without any concern on the
matching assumption in model reference adaptive controller. Proposed command
governor-based MRAC approach is utilized to eliminate the effects of matched and
unmatched uncertainties. As a result, the same command tracking performance is
achieved throughout the entire flight envelope with a single reference model and
nominal controller. Thus, necessity for the gain scheduling is eliminated and the
effects of uncertainties are suppressed successfully. Specifically, with this form of
lateral flight controller, assumptions on the system reduce to: i) Controllability of the

system and i) Sign of the control gain.
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1.4 The Outline of the Thesis

Chapter 2 presents the notation and definitions used in the thesis. Furthermore, a
review for standard MRAC is included. In addition, Composite/Combined MRAC
architecture is revisited as the contributions of the thesis are mainly based on these
two frameworks. In Chapter 3, a new adaptive control architecture is proposed
to recover the lost information in filter-based adaptive controllers. Chapter 4
extends the Information Recovery-based MRAC (IR-MRAC) to cover the systems
with unknown control effectiveness. In Chapter 5, a command-governor based
adaptive control framework is introduced for the dynamical systems with matched
and unmatched uncertainties. In Chapter 6, a nonlinear energy-based flight controller
is presented. Well-known Total Energy Control System (TECS) is extended to
nonlinear formulation for coordinated longitudinal flight. In Chapter 7, lateral flight
control problem is re-visited with relaxed matching assumption, and hence, allowing
unmatched content in the adaptive control system. Command governor-based MRAC,
which is proposed in Chapter 5, is utilized as a command following performance

recovery mechanism. Lastly, Chapter 8 concludes the thesis.
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CHAPTER 2

PRELIMINARIES

2.1 Notation and Definitions

Notation used in this thesis is fairly standard. Specifically, R, denotes the set of

strictly positive real numbers, ‘2’ denotes equality by definition, A > 0 denotes that

A is a positive definite matrix, ()" denotes inverse, (-)” denotes transpose, (- )Jr

denotes the Moore—Penrose inverse, ‘Vec( . ) denotes the column stacking operator,
‘tr( . ) > denotes the trace operator, Ay, (A) returns the minimum eigenvalue of matrix

A, and o0y (A) returns the maximum singular value of matrix A. Furthermore, for

) € R™*" with

=1,-,m
j=1,---,n

a;; € R, the Euclidean vector norm ||z||, the induced matrix norm || A||, and Frobenius

the vector © = [z; --- xn}T € R™ and matrix A = [a;]

[

matrix norm ||A|| are defined as

> a2, Al £ 4/tr(ATA).
=1

A 2 \/Amax (ATA) = 0ax(A)

Kronecker product is denoted by ‘®’ and ‘A’ denotes the logical ‘AND’ operator.
For the vector § € R* and convex function f : R¥ — R, the gradient operator
T
: _ |ar® af(6) W i :
VfO)is Vf(O) = {6_01 W} . Lastly, ‘0 indicates the completion of
a mathematical proof. N (-) denotes the null space, for § € R, the set Ns(y(t))

denotes the d-neighborhood of the signal y(¢) € R™

Ns(y(t)) = {x(t) € R" : [lo(t) — y(0)[| < 0}

Finally, definition of the projection operator is presented. For this purpose, let the

A

Boolean Ly be Ly, = f(0) > 0 Ay"Vf(8) > 0. Then, the projection operator for
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the vectors 6,y € R” is

VEO)(VFO)T
Proj(0,y) 2 {7 VIO uf ()
Y otherwise .

if L, is true

In this thesis, the convex function f (-) is taken as

1)679 — 62
0 é (89 + max
f0) - ,

max

where 0., € R, is a projection norm bound imposedon § € R" andey € R, isa

projection tolerance bound.

Fo(C;al® @ @) denotes the frame F, with its unit vectors @,”, @.”, @\" which
has an origin at point C. ul-( ) denotes i*" unit vector of frame Fb. C(@b denotes
the transformation matrix from frame F, to frame F,. Representation of vector
X in frame F; is denoted by [X] ®© — xo, ﬂj(a/ D = [ﬁj(a)](b) corresponds
to representation of j** unit vector of frame F, in frame F;,. Representation of

(a/a) _ /) _ &
j — UJ.

every unit vector in its own frame is always the same; i.e. u
VA/ 7.(B) = DoTa/p denotes the derivative of position vector 74,5 with respect to
frame F,. cpm(w®) = & denotes the cross-product matrix generated by w(®) which
is column-matrix representation of vector & in frame Fj. 0pyin () and opax () return

the minimum and maximum singular value of inside argument, respectively.

Definition 2.1. [Persistent Excitation] The signal w(t) € R™ is said to be persistently
exciting over an excitation period of T if and only if there exist positive constants

T, 8 € Ry such that the following inequality holds:

t
| w0 s = Bl ER,
t—T1
for ¥Vt € R where I,,, is the n X n identity matrix.

Definition 2.2. [Sufficient Excitation] The signal w(t) € R"™ is said to be sufficiently
exciting at time t = T, if there exists a positive constant € R, such that the

following inequality holds:

t
/ w(s)w? (s)ds = Bluxn, t=T, Ry

to
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2.2 Standard Model Reference Adaptive Control

In this section, mathematical background of the standard model reference adaptive

control is briefly described. Consider the following nonlinear uncertain system:
i(t) = Az(t) + B [u(®) + A(z(t)], x(to) = o (2.1)

where x(t) € D, C R™ denotes the state vector, u(t) € D, C R™ is the control
input, system matrix A € R"*" and input matrix B € R™*" are known constant
matrices. Furthermore, the pair (A, B) is assumed to be controllable and input matrix
B has full column rank. D, is sufficiently large compact set, D,, is admissible control
set, and A : R® — R™ is the mapping for the unknown matched uncertainty. In
addition, full state measurement is available for feedback control, and the plant is not

over-actuated; that is n > m.

The main objective in model reference adaptive controllers is to achieve the desired

state tracking performance, which is characterized by the reference model:
. (t) = Ay (t) + Bor(t), () = 0 (2.2)

where z,(t) € R" is the reference state vector, r(t) € R? is the bounded and
piecewise continuous reference command signal with its dimension being less than
or equal to that of the control input; i.e. ¢ < m. B, € R™*? denotes the reference

model input matrix, and system matrix A, € R™*" is designed to be Hurwitz.

Assumption 2.1. [Matching Condition] Reference model system matrix A, and input
matrix B, satisfies the relations:
A, =A—- BK,
B, = BK,

with K, € R"™*" and K, € R™*? being feedback and feedforward controller gains,

respectively.

Remark 2.1. Assumption 2.1 is a well-known and widely accepted assumption in
model reference adaptive control theory [1,74,75]. Since the system matrices A and

B are known, it is possible to design feedback gain K, and feedforward gain K, so
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that the desired closed-loop system performance is achieved for the nominal system.

Assumption 2.2. [Structured Matched Uncertainty] The uncertainty A(x) in the
plant dynamics in Eq 2.1 can be represented by the linear combination of known

basis vector-function ¢ : R® — R® as:
Ax) = W(x)
where W € R**™ is the unknown constant weight matrix.

Remark 2.2. Many uncertainties in physical systems can be parametrized as in
Assumption 2, (e.g. nonlinear wing-rock dynamics [76]). However, for the case
where the basis vector-function ¢(x) is unknown, Assumption 2.2 can be relaxed

using universal approximators such as Radial Basis Functions (RBF) [77] as follows:
A(z) = WTe(x) +&(x)

where the residual £(x) can be made arbitrarily small by increasing the size of the
regressor RBF vector-function ¢(z); ie. ||e(x)|| < e, Yo € D, with arbitrarily
small residual bound of <. Thus, the proposed algorithm can be readily extended for

unstructured matched uncertainties.

As the reference model system matrix A, is Hurwitz, the following Lyapunov

equation holds for any given positive definite matrix Q = Q7 = 0:
ATP+ PA, = -Q (2.3)
with P = PT - ( being positive definite solution [78].
Nominal control input w,, () has feedback and feedforward parts given as follows:
un(t) = —Kpx(t) + K,r(t) (2.4)

The overall control input consists of the nominal controller in Eq 2.4 and adaptive

controller to be in the following form:
u(t) = up(t) — uqq(t) (2.5)
where the adaptive control input wu,,4(t) is given by

Uaa(t) = W (1) () (2.6)
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with W () € R®*™ being online estimation of unknown constant weight W € R**™.

Combining Eq 2.4, Eq 2.5, and Eq 2.6 yields the resultant control input as follows:
u(t) = —Kya(t) + Kor(t) = W (1)(x) @7

Substituting the control input in Eq 2.7 into the uncertain system dynamics with

Assumption 2.2 results in the following closed-loop system dynamics:

i(t) = Ax(t) + B [u(t) + A(z(t))]
#(t) = Ax(t) + B[ — K,a(t) + K,r(t) — W (t)p(x) + WTe(x)] (2.8)
i(t) = Ayz(t) + Bor(t) + BWT (t)o(x)

where W (t) £ W — W (t) is the online weight estimation error. State tracking error
e(t) is defined to be the difference between the reference model states and plant states;
that is, e(t) = x,.(t) — z(t), Vt > to. Then, the state tracking error dynamics can be
obtained using Eq 2.2 and Eq 2.8 as the following:

e(t) = a,(t) — i(t)

- (2.9)
&(t) = Ave(t) — BWT (#)é()

Finally, the weight update law in standard model reference adaptive control

formulation is given by:

A

W(t) = Wy(t) = —Té(x)e(t)' PB (2.10)
where I' = I'" = 0 is the user-defined learning rate matrix with I' € R***.

Remark 2.3. The closed-loop stability of the standard model reference adaptive
control system can be shown using radially unbounded Lyapunov function
Vb(e, W) = el Pe + tr(WTF*1W) > 0 with Vb(e, W) = —e’'Qe < 0 using the
system trajectories along Eq 2.9 and Eq 2.10. Note that V), (0, 0) = 0and V), (e, W) >
0, for all (e, W) # (0,0), Vt € R,. Since V), (e, W) is lower-bounded by zero, and
its derivative V, (e, W) < 0is less than or equal to zero, Lyapunov function V), (e, W)
approaches to a finite limit as t — co. Hence, the boundedness of tracking error e(t)
and weight estimation error W (t) is guaranteed. Since e(t) and x,.(t) are bounded,
system states x(t) and basis vector-function ¢(x) immediately become bounded. With

bounded e(t), x(t), ¢(x), and W (t), time derivative of tracking error dynamics é(t)
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becomes bounded which ensures the boundedness of Y, (6, W) = —2eT'Q¢, vt € R.,.
It then follows from Barbalat’s Lemma [79] that lim,_, V, (e(t), W(t)) = 0 which
implies the asymptotic stability of tracking error e(t); that is, lim,_,. e(t) = 0. If
the basis vector-function ¢(x) is persistently exciting, then the estimated parameters

converge to their ideal values, as well; that is, W(t) — W ast — oo. Readers may

refer to Ref [74] for the details.

Remark 2.4. If the structure of the uncertainty is unknown and universal
approximators are used to parametrize the uncertainty as suggested in Remark 2.2,
the boundedness of the online weight estimations is not guaranteed by the standard
MRAC. To increase the robustness (e.g. in the unstructured uncertainty case),
many robust modifications are introduced in the literature including but not limited
to o-modification [3], e-modification [4], optimal control based modification [6],
Kalman filter modification [9], and q-modification [13]. Furthermore, it is common
practice to include the projection operator [80] to bound the parameters within the

prescribed convex set.

2.3 Combined/Composite Model Reference Adaptive Control

It is well known that the standard MRAC requires high learning rates for fast
adaptation. Although adaptive control with high gains enables fast adaptation, it
might degrade the transient performance by inducing high-frequency oscillations
in the system and even cause instabilities in the presence of large uncertainties
and sudden changes in the system dynamics. That’s why improving the transient
performance in adaptive control has always been an attractive problem [6, 11,
24, 81-85]. As seen from these studies, and references therein, including the
uncertainty estimation error in the adaptation law enhances the transient performance
significantly. This fact was first utilized in the study of Slotine and Li [10], called
‘Composite Model Reference Adaptive Control’. Almost at the same time, quite a
similar approach was introduced by Duarte and Narendra [86] as ‘Combined Model
Reference Adaptive Control’. Later in Lavretsky’s work [11], these two approaches
are generalized to cover the multi-input multi-output systems. In this section,

improved formulation of Composite/Combined MRAC proposed by Lavretsky [11]
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is revisited. As Lavretsky does in his study, these two methods are called as CMRAC

to acknowledge both studies.

2.3.1 Filtering System Dynamics

Basically, CMRAC starts with filtering the uncertain system dynamics in Eq 2.1 as:
ty(z,t) = Axp(x,t) + Blus(t) + Ap(z, t)] (2.11)

with subscript © f” indicating that the signal is filtered through the low-pass filters:

g =wp(z—wp),  24(to) = z(to)
iy =wp(u—uyg),  uplto) = ulto)
ir=wr(r—rp),  rslto) =r(t) (2.12)
or = w6 — ¢r), ¢ (to) = ¢(o)
v =wi(—1y),  Uy(to) = ¥(xo)

where wy € Ry is the cut-off frequency that determines the bandwidth of the low-pass
filters, r(t) is bounded and piecewise continuous exogenous reference signal. Basis
function 5 is introduced in Chapter 5. Wherever appropriate, the arguments ‘¢’ for
time dependency and ‘x’ for state dependency are dropped consistently for ease of

exposition. Rearranging Eq 2.11 yields:
B[y — Azg] —uy = Ap = Wy (2.13)

with BT denoting the left-pseudo inverse of input matrix B. Note that the signals z,

us, ¢f, Ty and (éf are all accessible through Eq 2.12.

2.3.2 CMRAC Update Law

Once the low-pass filters are applied to the uncertain system dynamics, the
low-frequency content of uncertainty, Ay, becomes an available signal for control
purposes as all the signals in the left-hand side of Eq 2.13 are available. The idea in

CMRAC is to use the low-frequency content of the matched uncertainty in the update
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law by constructing its estimation as follows:

(2.14)

where W(t) is the online estimation of unknown constant weight matrix . Then,

one can define the low-frequency uncertainty estimation error as the following:

AféAf—Af:WTQbf—WTQSf :WT¢f (2153-)
Ap = Biy — Avg] —up — W'y (2.15b)

The modified update law in CMRAC is given by
W =T[— ¢e" PB +v.6;Af] (2.16)
where A 7 1s available with Eq 2.15b and 7. € R, is a positive scalar learning rate.

Remark 2.5. Asymptotic stability of the closed-loop system with CMRAC weight
update law in Eq 2.16 can be shown as the following. Time derivative of the radially
unbounded Lyapunov function V. (e, W) = %eTpe + %tr(VT/TF_lVNV) along the
system trajectories in Eq 2.9 and Eq 2.16 is given by V, (e, W) = —% TQe —
%tr(WTgbfgb?W) which is also equal to Vc(e,W) = —1e"Qe — YllAfE <
—%eTQe — %HA #II2. With this result, boundedness of the Lyapunov function V.
is guaranteed which implies the boundedness of the state tracking error e(t) and
weight estimation error W(t) Next, following the similar discussions made in
Remark 2.3, one can show the boundedness of V. (e, W) = —%eTQé — %A?( —
WT¢f + WT@) using Eq 2.12 and Eq 2.16. It then follows from Barbalat’s
Lemma [79] that lim;_,, V. (e(t), W(t)) = 0 which implies the asymptotic stability
of the state tracking error ¢(t) and filtered uncertainty estimation error A;(t); that
is, limy_,o e(t) = 0 and lim,_, ., Af(t) = 0. Comparing CMRAC result with that of
standard adaptive control in Remark 2.3, it can be realized that CMRAC modification
enhances the stability since V. <V, < 0. However, it should be emphasized that
the parameter convergence is still not guaranteed with CMRAC since the asymptotic
stability of A ¢ does not imply the asymptotic stability of weight estimation error W

unless the basis function ¢ is persistently exciting.
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Remark 2.6. Contribution of the CMRAC weight update law in Eq 2.16 is three fold:

e Adaptive parameters are updated in the direction that minimizes the
low-frequency estimation of the uncertainty Ay. In that respect, the CMRAC
modification can be considered analogous to g-modification [13].

o CMRAC update law enforces the adaptive estimation to be a low-frequency
signal.  Hence, CMRAC works similar to low-frequency learning-based
adaptive control [24] as the high frequency content in the adaptive parameters
is suppressed in both frameworks.

e Since the signals in CMRAC mainly contain low-frequency content, it allows
to use relatively high gains in the modification term which accelerates the
adaptation as in the optimal control based adaptive control modification [6]

and low-frequency learning MRAC [24].

2.3.3 CMRAC Extension to Systems with Unknown Control Effectiveness

In this case, the nonlinear uncertain dynamical system of interest is as follows:
@(t) = Az(t) + BA [u(t) + A(z(t))], (o) = z0o (2.17)

where A is a diagonal positive definite constant matrix that represents the unknown
control effectiveness. The matched uncertainty is assumed to be structured and can
be represented as in Assumption 2.2. For the same reference model in Eq 2.2, the

tracking error dynamics becomes:
é(t) = Ave(t) — BAWT (t)¢(x) (2.18)
Filtering the uncertain system dynamics yields:

ip(x,t) = Azg(x,t) + BAup(t) + Ap(z,t)]
= Az y(z,t) + BA[uy(t) + Wy (z,1)]

Manipulating and rearranging the resultant equation gives:

y £ A[Uf + WT¢f} =Bt [Itf - AZL’f]

21



with BT being pseudo-inverse of B. Its estimated form is defined as:
y £ A[Uf + WTgbf]
where A and W are being online estimations of unknown control effectiveness matrix
A and unknown ideal matched weight matrix W, respectively. Corresponding error is
ey 2Y =Y = Afugp + W] — Aluy + W]
= Aup + AW g, — AW ¢, £ AW ¢,
= Aug +WT¢s) + AW ¢,

Then, the update laws for the evolution of A and W are given as in the following

bilinear predictor form [11]:

W = —T[¢e"PB — ~,¢ e
(g %e0rey] (2.19)

~

A= FA%ey(uf + WT¢f)T

with 7. € R, being positive scalar constant and I'y being a positive definite matrix.

Remark 2.7. Stability of the closed-loop system with dynamics in Eq 2.17, control
input in Eq 2.7, and adaptive weight update laws in Eq 2.19 can be illustrated using

the following Lyapunov function:
VY = %eTPe + %tr(VVTF_IVVA) + %tr (ATFXIZX)
Its time derivative along the system trajectories in Eq 2.18 and Eq 2.19 results in:
V=c"PAe— " PBAWT ¢+ tr (W T WA) + tr (ATT'A)
__ %eTQe — tr(AWT 6" PB) — tr (AWTT-W) — tr (ATT;'A)

=— %eTQe — tr(AWT e PB) + tr { AW [¢eT PB — y.seT] } — tr(ATT;A)

= — %eTQe — Ytr (AWT@e)T/) —tr (/NXTl“le\)

1
=— éeTQe — etr (eyeg)

1
< = S Amin(@)llellz = vellev [z < 0

which implies the uniform ultimate boundedness of the error signals e(t), W (t), and
A(t), Yt > to. It can also be shown using Barbalat’s Lemma [79, 87] that e(t) and
ey (t) converge to zero asymptotically; that is, e(t), ey (t) — 0 as t — oo. Since the
Lyapunov function is radially unbounded, these results hold globally. Readers may

also refer to Ref [11] for the detailed proof.
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2.4 The Projection Operator

Definition 2.3. A set D C R” is a convex set if:
A+ (1— Ny €D, VreD, VyeD, 0< A< 1

Thus, for any chosen points x,y € D, all the points on the line connecting x and y

are also in the set D.

Definition 2.4. A function f : R¥ — R is convex function if:

JOC+(L=Ny) SAf(@) +(1-Nflp), 0<A<I

Lemma 2.1. Let f : R* — R be a convex function. Then, the subset Q3 is convex for

any constant 3 > 0 such that Qg := {0 € R* : f(0) < B} (Lemma 3 in [88]).

The projection operator for vectors 0,y € R is given by [80]:

y if £(6) <0
Proj(0,y,f) = qy if f(0) >0AyTVf(H) <0 (220)
Yy — Wﬁ@%y f(6) otherwise
T
where Vf(6,) := <ag éf) age(f) e %ﬁ?) is evaluated at 6. It can equivalently

be expressed as:

y— THOCIO y1(6) i () > 0 Ay F(0) > 0

Y otherwise

Proj(6, y. f) = (2.21)

Lemma 2.2. Let § € R¥ be a vector, f : R* — R be a convex function, € be
a convex set such that )y = {9 eRF: f(0) < O}, Qy be a convex set given by
Q= {9 cRF: f(9) < 1}. Projection operator is given as in Eqn. (2.20). Further
let Oy := 0(t = 0) be the initial value for 0(t) such that 0y € Q. If the vector 0(t) is
updated according to the law 0(t) = Proj (0, y, f), then 0(t) is bounded and ensured
to be O(t) € Oy, VYt > 0. (Lemma 9 in [80]).
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In this thesis, the convex function f(+) is chosen to be:

2
ol - v

1) 2ev + €2

(2.22)

where € > (0 and v > ( are scalar constants which determine the boundaries of convex
sets {2y and €2;. An illustrative trajectory for Lemma 2.2 is given in Figure 2.1 where

0* is a point on the boundary of the convex set {)1;i.e. f(6*) = 1.

Y

Proj (6", )

Vi)

Figure 2.1: An Example to Trajectory Behavior Under Projection

Remark 2.8. From Lemma 2.2, 0(t) € R” satisfies the following condition:
10O =10 <e+v,  VE=0 (2.23)

provided that the initial value 0y is such that 0y € €. Hence, the vector 0(t) is

uniformly ultimately bounded.

Lemma 2.3. Let f(-) : R¥ — R be a continuously differentiable convex function.
Consider the convex set {), 1= {(9 eRF: f(0) < 1}. Let 0* be an interior point of

the convex set §y; i.e. f(0*) < 1. Then,
(6" =0)" (y — Proj6.y, ) <0, V8 e

Readers may refer to Ref [80] for the details.
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CHAPTER 3

INFORMATION RECOVERY IN FILTER-BASED MODEL REFERENCE
ADAPTIVE CONTROL

3.1 Problem Definition

In this chapter, following uncertain dynamical systems are considered:

i(t) = Az(t) + B [u(®) + A(z(t)], (to) = zo

Chapter 2 highlighted both Standard MRAC and Combined/Composite MRAC
frameworks for the uncertain systems of interest. Superiority of CMRAC over
Standard MRAC has been stated in Remark 2.6. Although CMRAC and its further
modifications (e.g. Refs [15, 16, 20, 85, 89]) contributed a lot to the robustness
and performance , all these filter-based solutions suffer from losing information
during filtering. Thus, the adaptation performance might be degraded if the system
experiences high-frequency variations such as abrupt changes in the weight (e.g.
payload drop for an aircraft), actuator failures, and so on. Furthermore, a relatively
small cut-off frequency w; for low-pass filters in Eq 2.12 may cause problems such as
instabilities due to time-delay because of the nature of low-pass filters. In this chapter,
these issues are addressed, and a new model reference adaptive control architecture is
proposed that compensates the information lost during filtering by incorporating the

high-frequency content of the filtered signals into adaptation.

It is important to note that this chapter builds on Section 2.3. A few definitions
and formulations which are already available in Chapter 2 are omitted to avoid the
repetitions. Hence, readers strongly advised to visit Chapter 2 before attempting this

chapter.
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3.2 Proposed Solution

Similar to the aforementioned studies, the low-frequency content of the uncertainty,
Ay, is utilized in the adaptation to improve the transient behavior. Consider the

following optimization problem:

min J
o " . o (3.1)
JW) = §||WT¢f($) —WT(t)ps(x)]* = SlAr = Asl? = §||Af||2

where the gradient of the cost function in Eq 3.1 is given by:

V5 (W) = —¢; [Af(l’) — W (t)py(x) ' —ppdt W = —¢; AT

Remark 3.1. Negative gradient of the cost function constructs the modification term
in CMRAC as it is a typical approach in gradient-descent based optimization. That

is, the modification term in CMRAC architecture can be written as
Wcmrac = _’YVJVV(W) = ’}/stA? = ’j/gbfﬁﬁ?w

In that respect, the dynamics of the modification term is analogous to an integrator

system with the input being a proportional feedback of the gradient term.

Assumption 3.1. Basis function ¢ € R’ is a sufficiently exciting signal. Hence, there

exists positive constants o,'[. € Ry, tg € R such that the following inequality holds:

t
[ o016 @r = als, =T >t
to

Remark 3.2. Assumption 3.1 ensures that basis function ¢ contains as many spectral
lines as there are unknown parameters. Note that basis function ¢ is an exogenous

signal to the low-pass filter system in Eq 2.12 with the transfer function of G(s) =

wr
stwy

. Then, filtered basis function ¢ has also the same number of spectral lines with
less energy than that of the original basis ¢ since G(s) is stable, minimum phase, and

strictly proper transfer function [87]. This implies the following:

/ ¢f(7_)¢?(7—>d7— t 5Is><s7 t= Te
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with 0 < B < a. The degradation in the richness of the signal (which is equivalent to
how small is 3 than o) depends on the cutoff frequency wy and spectrum of the basis
¢. Let the spectral measure of ¢ is given by Sy([w1 wa]) with wy < ws. Choosing the
filter design parameter wy to be larger than w, leads to relatively small degradation
in the richness of ¢ with [3 being closer to «. To give a practical example, one can
consider the longitudinal dynamics of an aircraft with basis being the system states;
i.e. 9(x) = w. In this case, choosing the cutoff frequency wy to be larger than the
natural frequency of the short period mode will be sufficient to preserve the richness
of the filtered basis ¢y = xy. Note that this is generally possible as prior information

about possible spectrum of the states are available from the nominal aircraft model.

Low-frequency content of the matched uncertainty A is manipulated as follows:
Arpy = Whosoy
t t t
mr e [ agofac— [ wroptae —wT [ o7
to to to
Note that the signal M is accessible as the low-frequency content of the uncertainty

Ay is available from Eq 2.14. Then, estimated form M and corresponding error M

are defined as:

t
MT 2 WT/ b} de
to
t
M2 M=M= ([ o7de) W = oW G2
to
=X

It should also be noted that the signal M is also available since both M and M are
accessible. Having defined the error signal M, the weight update law is decomposed

to have the following form:
W =Wy + W, with Wy=—(0"" +7,0,0%) 9" PB

where W, is the standard adaptive law with time-varying learning rate, W,, is the
proposed modification in the weight update law. Using the auxiliary error signal M

in Eq 3.2, the following modification term is proposed:
Wi = (07 4 76767) ™ (AT +1167A7 +2) (3.3)
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where 71, ¥2, Vv € Ry are user-defined design variables. Constructive proof of the
proposed weight update law will be provided in Theorem 3.1. Then, overall weight

update law becomes:

W= (07 4 76707) (= 9" PB + 9 AT + 719,AT + 7, M)  (3.4)

Theorem 3.1. Consider the uncertain system dynamics given in Eq 2.1, uncertainty
parametrization in Assumption 2.2, reference model dynamics in Eq 2.2, control input
in Eq 2.7, filter states in Eq 2.12, and adaptive law in Eq 3.4. Then, the state tracking
error e(t) is asymptotically stable for the closed-loop system. Furthermore, all the
closed-loop signals are bounded. If the basis function ¢ is sufficiently exciting, then

the zero-solution (e, W, A f) == (0, 0, O) is globally asymptotically stable.
Proof. Consider the following radially unbounded Lyapunov function:

. 1 1 o gy Laq &
V(e,W,Ay) = 5eTPe+ 5tr(WTr W) + §A}‘7mAf s
— 1 Tp ( . )
=50 Pn

with 7 2 [¢7 vec(W)" AT]" and P 2 diag(P, Lyxm @ I',7,,). Note that
V(0,0,0) = 0and V(e,W,A;) # 0 forall (e, W,Ay) # (0,0,0), Vt € R,. The
time derivative of Lyapunov function V(e, w,A f) along the system trajectories in

Eq 2.9 and Eq 3.4 is given as the following:

V =cPé + w(WIT W) + ATy, A,
—e"PAe — " PBW )+ tr(WIT W) 4 yte[AT (W s + W )]
Since the ideal weights are constant, the equality V' = — 1 holds. Then,
V =c"PAe — " PBW ¢ — tr(WIT-W) + ytr[AT (W65 + W7T4)]
. %eTQe — (W7 ¢e” PB) — w(WTT-1W)
=t (AW ) + ytr(A]W76)
. %eTQe — (W7 ¢e” PB) — (W T-1W)
~nts (W7667W) + 3t (W76, 57)

= %eTQe — [T (6T PB — s AT)] — tr[ W7 (T + 5 00567) W]

28



Substituting the update law in Eq 3.4 and using Assumption 3.1 and Remark 3.2, the

time derivative of the Lyapunov function can be upper-bounded by:

. 1 . . . .
V—_ EeTQe . ’yltr(WT¢f¢?W) — ”thr(WT(I)W)
1 N ~
< = SAmin(@)lell® = A1 = 72 Amin (P)WP
2 (3.6)
== S (@lell® = AP = 2BIW°

< —mlnl* <0

with 11 £ min {IXi(Q), 71,7268} € Ry. Positive definite Lyapunov function
V(n) > 0, V¥n # 0, with its negative definite time derivative V(n) < 0, ¥ # 0,
implies the zero solution 7(¢) = 0 is asymptotically stable; i.e. n(t) — 0 as ¢t — oc.
Specifically, for the positive definite Lyapunov candidate V(e, W, A;) given in Eq
3.5, the inequality V(e, W,Af) < 0 holds for all (e, W, Af) #+ (0,0,0) ensuring
that Lyapunov function V(e, W, A f) approaches to zero as ¢ — oo. Hence, the
asymptotic stability of state tracking error e(t) and weight estimation error W (t) is
constructed. Furthermore, asymptotic convergence of the weight estimation error W
yields A = (A — A) — 0 ast — oo. Since the Lyapunov function is radially
unbounded, this result is global, and that completes the proof of global asymptotic

stability of the zero-solution (e, W, A f) = (O, 0, 0).
|

Remark 3.3. If Assumption 3.1 is not satisfied, i.e. o = [ = 0, the closed-loop
stability of the proposed adaptive control system can be shown using radially
unbounded Lyapunov function given in Eq 3.5. Since V (e, W, A f) is lower-bounded
by zero, and inequality V(e, W,A f) < 0 holds for its derivative for = 0, Lyapunov
function V(e, W, A f) approaches to a finite limit as t — oo. Hence, the boundedness
of tracking error e(t), weight estimation error W(t), and low-frequency uncertainty
estimation error A;(t) is guaranteed. Since e(t) and x,.(t) are bounded, system states
x(t) and basis vector-function ¢(x) immediately become bounded. Note that low-pass
filters in Eq 2.12 are BIBO stable dynamical systems. Thus, the filtered states x ¢(t)
and ¢ (t) are also bounded. With bounded signals e(t), x(t), p(z), x¢(t), ¢f(t), and
W (t), state tracking error rate é(t) and adaptive weight estimation error rate W(t)

are bounded, which ensures the boundedness of 1')(6, W, A f), Vt € Ry. It then
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follows from Barbalat’s Lemma [79] that limtﬁmV(e(t), W(t),Af) = 0 which
implies the asymptotic stability of tracking error e(t) and low-frequency uncertainty
estimation error A;(t); that is, lim,_, e(t) = 0 and lim;_,oo As(t) = 0. All in
all, without sufficient excitation of filtered basis vector-function ¢¢, zero solution
(e(t),A #(t)) = (0,0) is asymprotically stable, and adaptive weight estimation
matrix W(t) is uniformly ultimately bounded. Since the Lyapunov function is radially

unbounded, these results hold globally.

Lemma 3.1. Convergence rate for the augmented error signal n(t), ¥t > to, is given

by the following inequality:

)|

t < 7max{kmax(P),)\max(ril)f‘/m}
In(®)l <e min {Amin(P), Amin (D1, Y

min{%/\min (Q)NlﬁQﬁ} (tto)\/maX{)\max<P)a )\max(r—l)

Proof.

Lyapunov function in Eq 3.5 can be bounded as follows:

Amax (P) [n()I7, vt >t 3.7

N | —

i (P) (1) <V (1)) <

Wherever appropriate, the arguments ‘¢’ for time dependency and ‘x’ for state
dependency are dropped consistently for ease of exposition. Next, using Eq 3.7,

lower-bound for the error vector 7 can be expressed as

2V
2
> Y ————
Let ji5 € R, be defined as p1p £ X 2“615). Also, recall the time derivative of the
Lyapunov function in Eq 3.6:
V< —ulln|? < —LV = V< —aV
- T Dmax (P) B

Using Comparison Lemma [79], one can obtain:
V(t) < et (ty)
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Eventually, the following inequality is obtained:

1 _
5)‘min (P) H77(t)H2 < V<t> < e_M(t_tO)V(tO)
1 _ 1 _
e—u2(t—t0)v(t0) _ §e—u2(t—to)nT<t0)pn(t0> < §e—ﬁt2(t—to)/\maLX (P) ||77(t0)||2
1

(b — | -
— 56 pa2(t tO)ﬁT(to)Pn(to) < 56 p2(t to))\maX (p) Hn(tO)HQ (3.8)

Ain (P) [n(t)]* < 720N (P) [In(to) I
)\max (p)

B2
Nl < e~ 7 (t—to) _

In(o)ll, — Vt=tg

where the positive constants Amax (P) , Amin (P) , 11, and p, are given by:

Amax (P) = max {)\max(P), Amax (T, ’Ym} = max {)\maX(P), ﬁ(r), ’ym}
>\min (P) = min {)\min(P), >‘min<F71>,’)/m} = min {/\min(P), m,’}/m}

= min {%)\min (@), 725}

2 min {%)\min (Q), M, ’725}

o= max { Amax (), Amax (I 1), Y }
3.9
Substituting the variables in Eq 3.9 into Eq 3.8 results in:
min % min( )x’Yl:’Y -
||7’I(t> || < 67 max{)\iax?P),Ajax(F*ij}/m} (t—to) [MaxX {)\max(P)a )\max(r 1)7 ’Vm} ||77(t0) ||
= min { Amin (P), Amin(I'71), Ym

That concludes the convergence rate derivation for the augmented error signal ().
|

Lemma 3.2. Transient performance bounds for state tracking error e(t), adaptive
weight estimation error W (t), and low-frequency uncertainty estimation error A (t)
are given for ¥t > ty as follows:
1
e < —————
e < 35
IW O < Amas (T) [ A (Pt 12 + A (T IW (20) I+ onl| & (10) ]

e (P) leCto) 2+ A (™) [W (t0) I + l| A 1)

A1 < = P (P et + A (O I 20+ 300 ]

m
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Proof.

Lyapunov function in Eq 3.5 can be bounded as follows:
1 1 T 1 N
3 min (P) e + 5Amin (T IW O + 5m A1 < V), >t

which gives the following relations:

s (P) D] < V(1)
(T IO < V() (3.10

Sl &SI < (o

From Theorem 3.1 and Remark 3.3, if the sufficient excitation condition does not
hold (i.e. « = § = 0), V(t) < 0 yields 0 < V(t) < V(t). Note that the initial value

of the Lyapunov function satisfies the following:

1 - 1«
V(to) < SAmax (P) lle(to)ll” + 5 Amax (T IW (o) 15 + Srml| A5 () IF - GB.1D)

N —

Finally, combining the results from Eq 3.10 and Eq 3.11 with A\, (F) = ﬁ
results in: o

1

e < 5y [P (P o)+ hae (DI o)+ B 10)

IV < Anax(T) A (P) leEo) 12 4 A (07 IV 20 [ + |3 (F0) |
IAAOI? < 2 P (P et A (T I (1l 3|00 ]

m

This concludes the proof of Lemma 2.
|

Remark 3.4. This remark elaborates the contributions and important aspects of
the proposed modification in Eq 3.4. First, it should be noted that the proposed
adaptive law acquires all the benefits of CMRAC listed in Remark 2.6. Additionally,
the proposed method exhibits significant improvements in terms of robustness.

Specifically,

o The term ‘y1¢ fﬁ? = 7 fgb?VNV’ adds a new update direction that minimizes

the low-frequency content of the uncertainty estimation error. One can show
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this through the following optimization problem:

. 1 . 1 . 1+
wing,  JW)= SIW s = Whell” = SlIAr = Afll* = Sl AP

Gradient of the cost function to be used in a simple gradient descent

optimization framework is given by:
A A T ~
VT, (W) = ¢, [Af _ WT¢f] = poTW 3.12)

where the signal Ay is available with Eq 2.14, W is the online estimation of the
unknown weight matrix W, and low-pass filtered basis function ¢ is computed
using Eq 2.12. Note that a few variations of this gradient descent-based term

appears in the literature, as well [14, 20, 90, 91 ].

o As the design parameter -y, tends to zero, modification term learning rate
(T + .t 0r07) ! tends to T. Furthermore, with v, = 0, the entire proposed
modification term approaches to the solution of optimizing solution in Eq 3.12,
which results in CMRAC in Eq 2.16. Hence, the proposed adaptive law can be
considered as a generalized form of CMRAC. That is,

if 72:7m:0 = X B T TiF
W =T[ = ¢e"PB + 71667 W]

o Time derivative of gradient of the cost function in Eq 3.12 is given by

d S . .
dt <V‘7W) = 20501 W — 901 Wy — 6561 Wi, (3.13)

It can be observed that proposed update law in Eq 3.4 contains the entire
derivative information given in Eq 3.13. Adding such a derivative information
to the traditional gradient-descent based optimization allows to shape the
transient behavior and increases the robustness of the optimization just like
the derivative action in traditional PID controllers. Each term contributes to
the robustness of the proposed solution in different manners. Specifically, the
termin Eq 3.13, ‘gﬁ fﬁ? ', compensates the information lost while filtering the
basis function ¢. Thus, high-frequency content of the basis vector-function ¢ is
included in the adaptation. Then, ‘¢ f(b?Wb . regulates the standard adaptive
law through design parameter ~,,. In that respect, this term can be considered

as proportional feedback control for the standard adaptive law behaving like a
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stability augmentation system. This is equivalent to re-adjusting the learning
rate I' so that the large values in the basis function ¢ does not affect the
adaptation adversely. The last term, ‘¢ fgb?Wm ", regulates the learning rate of
the modification term in a similar way to the regulation in the standard model
reference adaptive law. Time varying learning rate in Eq 3.4 contains these

regulation information in compact form.

e Last but not the least, term ‘M’ plays a vital role in ensuring the parameter
convergence; i.e. W(t) — W ast — oo. In that respect, this term acts like
an integral action in a traditional PID controllers as it analogously allows to

remove the steady state error in the weight estimations.

3.3 Inverse-free Weight Update Law

One may realize that the proposed update law in Eq 3.4 requires to take the inverse of
a (possibly large) matrix during the online operation. Clearly, this will introduce an
additional computational cost and cause practical issues. In order to eliminate these

drawbacks, an inverse-free form of the learning rate is introduced.

Lemma 3.3. Given I' = I'" = 0 is positive definite matrix, ~,, € R is a positive

constant, and ¢ € R?, the matrix (I + ~,,¢ f(ﬁ?) is invertible and its inverse is:

Tm

4 ntop-
(7" + ymepdy) =T 1+ tr (ymos¢T)

Tpsppl =0

Proof. Note that I' = I'"" > 0 and yn,¢s¢; = 0 with 7, > 0. This fact implies
(D™ + ym¢@7 ) is also a positive definite matrix; i.e. (I'™' + 7n¢7¢7) > 0. Then,
(T=" + ym¢¢}) is always invertible. Now, let £ ) 7. Note that £ has rank
one. In addition, let the inverse of (Ffl + E) be in the form of I' — vI'vy,,¢ fgb;‘ff.
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Then,
(I'+E)(I —vlED) =1
I —vET + ET —vETED =] (3.14)
vET — ET 4+ vETET = 0

Recall that ET'E' = tr(EF) E'. This fact can be shown as follows:
ETE = ;i P60} = Ymbs [1mdT07]6f = [1md[ T 156} = [1md}Tes| E
with (1,07 Tds) = ntr (¢FTds) = tr(ym@rotT) = tr(ET). Hence,
ETE = tr(EF)E
Substituting these results into Eq 3.14 results in:

vET — ET + vtr(ET)ET = [v — 1 + vtr(ET)|ET = 0

which can be satisfied for v £ 1++(EF) Eventually, the inverse of (F_l + E)
becomes:
_ 1
(T'+E) =T —w[El =T — ————TET
1+t (ET)

Substituting £ = v,,¢5¢} yields:

F _ ,Ym
1+ tr(ym@ ot T

This completes the proof. Reader may also refer to Refs [92], [93] for more detailed

(T 4 yopol) ™ = )r¢f¢§f r

information.

Block diagram of the proposed architecture can be seen in Figure 3.1.

3.4 Numerical Examples

Aircraft wing-rock dynamics [76] is considered as a numerical example:

. 101
xr=
0 0

A(x) = 0.2314z; + 0.6918z5 — 0.6254| 71 |25 + 0.095|25|25 + 0.2142

0

m—i—l

[u(t) + A(z)]
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Reference Model

7“’)*% in(t) = Avo(t) + Byr(t) } or(t)

~ - _ Adaptive Law

B -1 T~ - P ~ ~
—{ W= T'¢e" PB + (1'*‘ +ynlose ) (1;,‘0,071'm LPB 19519/ AT + 10547 +a,>,M)

STCA i

»| <5

P Gy =ws (v —y)
WT(t)o(x) Ap=B'iy — Azg] —us

M= [ os8Fd — (J), op0Fde) T

ip = wy(u—uy) >

by =ws (- )

o(t)

Low-pass Filters

\( Uncertain System
u(t) 2(t)

O (1) = Aat) + Blu(t) + Aw)] }
() |

up () 1

L]

Figure 3.1: Block Diagram of the Proposed Adaptive Controller

where control input u is the aileron deflection, states x; and x5 are roll angle and
roll rate, respectively. Reference model is constructed with feedback gain K, =
[2,46 2_22] and feedforward gain K, = 2.46. In addition, simulation parameters are
as follows: Lyapunov design matrix ) = I,,,, and low-pass filter cut-off frequency
wy = 8rad/s. All the states are initialized from zero. Simulation sampling frequency

is set to be 100 Hz.

Nominal controller response in the presence of uncertainties (without time delay)
is given in Figure 3.2. As seen from the figure, state tracking performance of the

nominal controller is not satisfactory.

In this section, three simulation cases are considered as numerical examples:

1. Simulations with the proposed adaptive controller with no time delay

2. Simulations comparing the proposed adaptive controller with the standard

adaptive controller and CMRAC

3. Simulations highlighting the effects of design parameters

3.4.1 Proposed adaptive controller with no time delay

Figure 3.3 illustrates the state tracking performance of the proposed adaptive control

architecture. Also, the control input and tracking error norm are given in Figure 3.4.
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Figure 3.2: State Tracking Performance of the Nominal Controller in Eq 2.4 with no

time delay
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Figure 3.3: State Tracking Performance of the Proposed Method in Eq 3.4 for I' = 10,
v1 = 1, 75 = 40, and 7,,, = 20 with no time delay

Evolution of the adaptive weights is illustrated in Figure 3.5. As seen clearly, adaptive
parameters converge to their ideal values. It can be seen in Figure 3.4 that the tracking

error converges to zero. Hence, the results are consistent with Theorem 3.1.
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Figure 3.5: Adaptive Weight Estimation Performance of the Proposed Method in Eq
34 forI' =10, v = 1, 7o = 40, and ~,, = 20 with no time delay (Dashed lines

indicate ideal values of unknown parameters )
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3.4.2 Comparison in the presence of time delay

In this case, an input time delay is introduced so that the system dynamics becomes:

= x + ! [u(t —tq) + A(x)]
0 0 1

A(z) = 0.23142; + 0.691875 — 0.6254|71 |75 + 0.095| 25|79 + 0.21427

with t; € R, being time-delay.

Standard MRAC update law in Eq 2.10, CMRAC update law in Eq 2.16, and the

proposed update law in Eq 3.4 can be re-written as follows:

W =W, = — T¢e’ PB (3.152)
W =W, + W, = — T¢e” PB + Dy,6,AT (3.15b)
W =W, + W, + W, = — T¢e” PB + Ty ¢;AT + Y (z,1) (3.15¢)

where ) (x,t) is defined as

1) 2 — m Lé:d T ( — deT PB + ~,,d ;AT + AT + oM
))(x ) 1—|—7mtr(¢f¢?1“) ¢f¢f ( (be g ¢f f '71¢f f Y2 )

Eqgns 3.15a-3.15c¢ illustrate that CMRAC adds a modification term to the standard

adaptive law, and the proposed modification adds another term, Y (z, t), to CMRAC
update law. In the comparative Figure 3.6, common adaptive gains in the update laws

3.15a-3.15c are kept the same to make a fair comparison.

In Figure 3.6, state tracking response of the proposed method is compared with
those of Standard MRAC and CMRAC in the presence of time delay of {; = 0.28
seconds. As seen from the figure, both CMRAC and Standard MRAC fails whereas

the proposed adaptive controller performs quite satisfactorily.

Lastly, for the design parameters ' = 10, 74 = 7. = 1, 7o = 40, and v, = 20,
time-delay margins of the adaptive control systems composed of weight update laws

in Eqns 3.15a-3.15¢ are given in Table 3.1.

3.4.3 Stabilization with ~,,

In this example, the effect of ~,, on the closed-loop stability is investigated. As

shown in Eq 3.4, design parameter -, regulates the learning rate of both standard
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Figure 3.6: State Tracking Performance Comparison for ' = 10, 74 = 7. = 1,
vo = 40, and 7,,, = 20 with time delay of t; = 0.28 seconds (Unstable behavior with
Standard Adaptive Control in Eq 2.10 and CMRAC in Eq 2.16)

Table 3.1: Time Delay Margins for Adaptive Systems

Standard | CMRAC | Proposed
(td)max | 0.0865 0.1241 0.2872

adaptive law and modification term. In that respect, 7,, behaves like a stability
augmentation that improves the robustness of the closed-loop system. Furthermore, it
is stated in Remark 3.3 that the proposed adaptive architecture converges to CMRAC
if v, = 2 = 0. Thus, two simulations with ,, = 20 and ~,, = 50 are compared
to illustrate the contribution that comes with design parameter +,,. It should be noted
that increasing -y, increases the feedback contribution in the regulated learning rates
(see Eq 3.4) as it is proportional to the corresponding feedback gain. Hence, a stable

response is achieved with larger ~,,, as illustrated in Figure 3.7.
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Figure 3.7: Tracking Comparison for I' = 10, 73 = 7. = 1, and 7, = 40 with time
delay of t; = 0.28 seconds

3.5 Software-in-the-Loop Simulations

In this section, software-in-the-loop (SITL) simulation results are presented to show
the efficacy of the proposed method with more realistic examples. To this end, an
adaptive flight controller is designed for the lateral dynamics of F-4 Phantom II
fighter aircraft, and simulations are performed on X-Plane flight simulator. The flight

scenario is to bank to the left and right by 30 degrees, successively.

Left Bank Right Bank
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3.5.1 X-Plane Flight Simulator

The principle of operation of X-Plane is based on the blade element theory. In the
physics engine, the velocity components on each blade element are computed. The
sources of these velocity components could be rotational motion, free-stream velocity,
propeller inflow (propwash), downwash and wake due to aerodynamic surfaces and
fuselage. Then, forces and moments on each element are calculated and converted
to translational and rotational accelerations which are used to generate the velocity
and position responses. As all these complexities are reflected in X-Plane, it makes

X-Plane a Federal Aviation Administration (FAA) certified flight simulator [94].

3.5.2 Unstructured Matched Uncertainty with RBF Approximation

In this example, Assumption 2.2 is relaxed with a matched uncertainty

parametrization using RBF approximators as noted in Remark 2.2. That is,
Az) = WHd(z) + ()

with [[e(x)]| < eo, Yz € D,, where the residual bound ¢, can be made arbitrarily
small by increasing the size of RBF Neural Networks. The basis ® : R" — R""* is

constructed by augmenting the state vector and radial basis functions (RBfs) as:

@)= (11 ... 20 oi(2) dalx) ... du(x)].

where ¢;(z) € Rfori =1,...,sis given by

442 1 ,fore =1
i\T) = _
Cxp<_M> ,fOfiZQ,...,S

207
with ¢; € R"™ being the center of an RBF unit and ji; € R, being the width of the
it" kernel node [77]. State vector is added to the basis function to capture the linear
behavior in the uncertainty whereas the Radial Basis Functions are reserved for the
nonlinearities. For the unstructured parametrization of the matched uncertainty, 16
RBF elements are used. The centers ¢; for RBF are uniformly distributed over the
expected range of the x; — x9 — x3 — x4 space [—2,2] x [—2,2] x [-2,2] x [-2,2],
and width of the kernel unit is uniformly set to ji; = 1 fori = 2,...,s = 16. The

first element ¢; () is reserved for the bias unit; i.e. ¢1(x) = 1.
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3.5.3 Linear Lateral Dynamics of F-4 Phantom II

Linear equations of motion for the lateral dynamics of F-4 Phantom II at steady
wings-level trim conditions with true airspeed of V,, = 186 m/s and altitude of

h = 24000 ft are obtained using ‘Athena Vortex Lattice’ [95] as:

gl [ =147 00 —10 o075 [8] [ 00 —015
p| |-188 —7.52 289 0.0 | |p . 8.48 —0.96| |4,
1515 056 —7.61 0.0 | |r —0.18 3.94 | |4,

b 0.0 1.0 00 00| |¢ 0.0 00 | 2
B B \- TV -/ -V- \- VvV -J

24, 2y, 2B,

3 1000

Yp = = T, = Epxy

o) 0001

where [ is angle of sideslip [rad], p is roll rate [rad/s|, r is yaw rate [rad/s], and ¢
is roll angle [rad]. 0, € [—1,1] and 9, € [—1, 1] are aileron and rudder deflections,
respectively. Note that the control surface deflections are normalized using maximum

deflection of 20 degrees.

3.5.4 Nominal Controller Design

In order to increase the robustness and improve the tracking performance, integrator

states are introduced as follows:

Z(t): 5cmd(t> . ﬁ(t)

2(t) =r(t) — yp(t) = r(t) — Epay(t)
Then, augmented system dynamics can be expressed as follows:

xz

i p _ Ap 0 ‘Tp + Bp 5(1 + 0 chd
% ~E, 0| |z 01 |6 I\ | @emad
—— ~—~
2A 2. EY:] 2B,

t=Ax+ Bu—+ B,r

Reference model that captures the desired closed-loop behavior is defined as

T, = Ayx, + B,r

43



where the system matrix A, satisfies the matching condition A, = A— BK. Feedback

gain matrix K in the nominal controller u, (t) = — Kz (t) is designed to be:

% 1.14  1.15 —-0.81 414 =325 —-3.02
—-0.58 —-0.69 0.09 -1.32 4.7 0.97

Fastest mode of the lateral dynamics is the roll subsidence with frequency of 7.66

rad/s. Hence, the cutoff frequency of the low-pass filters is chosen to be w; = 8 rad/s.

3.5.5 SITL Simulation Results

In this section, SITL simulation results are presented for the lateral dynamics of F-4
Phantom fighter aircraft. The scenario is to perform successive bank maneuvers to
the left and right while keeping the sideslip close to zero in order to maintain the
coordinated flight. adaptation is not activated for the first 70 seconds, and only

nominal controller is employed. The proposed adaptive law is activated at ¢ = 70 s.

In Figure 3.8, state tracking performance is illustrated. It is clear that the coordinated

flight is achieved once the desired tracking performance (specifically in roll and yaw

rate channels) is maintained with activating the adaptation.

Adaptation OFF Adaptation ON

. p(t) [deg/s]

7(t) [deg/s

() [deg]

0 50 100 150
time [sec|

Figure 3.8: State Tracking Performance for X-Plane SITL Simulation with I' =
2 5ns Ym = 20,71 = 1, and v, = 20
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Note that the exact uncertainty A(x) is not available since the physics engine of the
flight simulator is unknown. However, one can still compute its filtered uncertainty
Ay¢(z,t) through Eq 2.14. In Figure 3.9, filtered uncertainty A¢(x,t) and estimated
uncertainty A(x, t) are presented for comparison purposes. As shown in the figure,
the estimated uncertainty successfully captures the filtered uncertainty in all control
channels. Furthermore, one can observe that the estimated uncertainty A(x, t) is
ahead of the filtered uncertainty A (z,t) in time, which is an expected result due to

time lag nature of the low-pass filter.

0.6 —

04}
0.2 ! ‘ll
0.2

-0.4 -

Uncertainty on Aileron Channel

06 \ \ |
0 50 100 150

0.2~

Uncertainty on Rudder Channel
(=3
I
'
v
|
v
|

0.2 \ \ |
0 50 100 150

time [sec]

Figure 3.9: Uncertainty Estimation for X-Plane SITL Simulation with I' = 217,,,,,
Ym = 20, Y1 = ]_, and Y2 = 20

Figure 3.10 illustrates the evolution of the adaptive weight estimations W(t) As it
can be seen, the adaptive parameters quickly stay bounded around nearly constant
values without any high-frequency oscillations thanks to fast adaptation capability
of the proposed architecture. Lastly, Figures 3.11-3.12 present the commanded and
actuated control history. As the adverse effects of the uncertainties are successfully
suppressed, high-frequency content in the aileron input is reduced as shown in Figure
3.11. Thus, one can deduce that the proposed controller performed satisfactorily well

in the presence of the actuator dynamics.
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Figure 3.10: RBF NN Weight Estimation for X-Plane SITL Simulation with [' =
21 %ns Ym = 20,71 = 1, and 5 = 20
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Figure 3.11: Aileron Control for X-Plane SITL Simulation with I' = 21, ..., 7 = 20,
Y1 = ]_, and Yo = 20
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Figure 3.12: Rudder Control for X-Plane SITL Simulation with I' = 21, ,,, 7, = 20
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CHAPTER 4

EXTENSION TO SYSTEMS WITH UNKNOWN CONTROL
EFFECTIVENESS

4.1 Problem Definition

In Chapter 3, an information recovery method in filter-based model reference
adaptive controllers is introduced for a class of uncertain nonlinear systems. The
information lost during filtering is recovered by including the high-frequency
content in the adaptation. Furthermore, a time-varying learning rate is proposed as
stability augmentation to suppress the undesired high-frequency oscillations in the
adaptation. However, the offered solution assumes the perfect knowledge of the
control effectiveness, which is not the case in general. In this chapter, the information
recovery results are extended to cover the uncertain systems with unknown control
effectiveness. Specifically, the following form of the uncertain dynamical systems

with unknown control effectiveness is considered:
i(t) = Az(t) + BA[u(t) +0(z)], =z(to) = xo (4.1)

where z(t) € D, C R™ denotes the state vector, u(t) € D, C R™ is the control input,
system matrix A € R™*™ and input matrix B € R"*™ are known constant matrices.
Unknown control effectiveness matrix A € R™*™ is assumed to be constant with
A = AT > 0. Furthermore, the pair (A, B) is assumed to be controllable and input
matrix B has full column rank; i.e. rank(B) = m. D, is sufficiently large compact
set, D,, is admissible control set, and 0 : R" x R, — R™ is the mapping for the
unknown matched uncertainty. In addition, full state measurement is available for

feedback control, and the plant is not over-actuated; that is, n > m.

The contol objective is to track the reference model in Eq 2.2 while achieving the
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uniform ultimate boundedness of all the closed-loop system signals. Furthermore,
the matched uncertainty J(z) is assumed to structured as in Assumption 2.2 and

expressed as the following:
5(z) = w' ¢y () (4.2)

where w € R**™ is constant unknown weight matrix, ¢, (x) € R*® is the known
basis vector-function. Lastly, it should be stated that the arguments ‘¢’ and ‘x’
denoting time and state dependency (resp) are omitted from the equations whenever
it is appropriate.
Remark 4.1. The uncertain systems in the form of
i(t) = Az(t) + B[Au(t) + 6(z)]
A _

can be expressed as in Eq 4.1 by replacing §(x) with §(x) & A=15(x), which yields

i(t) = Az(t) + BA[u(t) + ()]

4.2 System Description

Adding and subtracting ‘K,z (t)’ and ‘K,r(t)’ to the uncertain system dynamics in

Eq 4.1 results in:

i = (A— BK,)x+ BEK,7 + BA[lu+ A" K,o — AT K,r 4 6 ()]
= A,z + B,r + BA [u + A K — AT K + 5(3:)}
= Az + Byr + BA[u+ AT Kz — AT Kor + w” ¢y ()]

which can be re-written as
i = Ayx + Byr + BA[u+ A(z)] (4.3)
where the aggregated uncertainty A(z) is defined as

Ax) = [A‘lng —A K, wT} [IT(t) rT(t) ¢I(x)
2 WT¢(x,t)

with W1 & [A—le AR, wT] and ¢(z,1) £ [xT T T}T.
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Reference model that characterizes the desired closed-loop performance is given by
.YZT(to) = Tro (45)

T (t) = Ayx,.(t) + Br(t),
where Hurwitz reference system matrix A, and input matrix B, satisfy the matching

conditions in Assumption 2.1, and r(t) is an exogenous bounded reference tracking

(4.6)

command. The control input is chosen to be
u(t) = =W (t)o(x)

with T/ being an online estimation of unknown weight matrix . Then, denoting the
state tracking error e = x, — x, the tracking error dynamics can be obtained using Eq

4.3, Eq 4.5, and Eq 4.6 as follows:
é(t) = Aye(t) — BAWT¢(x) (4.7)

Next, low-pass filters in Eq 2.12 are applied to the uncertain system in Eq 4.3:
if:Arxf+BT7”f+BA[Uf+Af] 4.8)

with filtered uncertainty being A(z,t) = W7 ¢;(x,t). Rearranging the equation by

collecting all the known terms on the same side results in
Y(2,t) £ Afug(t) + W' (x,1)] “49)

= B [ig(2,1) - Aap(z.t)] - Korp(t) |
(4.10)

T

_ T
Y =[N AWT][u]
Note that filtered aggregated basis function @ is low-pass filtered form of the basis
function @ £ [T ¢7] T Next, following the idea in Ref [11], the estimated form ¥’

Eq 4.9 can also be written as
T
o] = 0" Dp(x,t)

(4.11)

Y(t) £
— 0T,

is introduced as follows
A) [ur(t) + W () gy (2, 1)]

The estimation error ey £ Y — Y is expressed as
€y = B! [:tf(x’ t) - ATxf(x’ t)} B KTTf(t) - A(t) [uf(t) + WT(t)¢f(x’ t)}
(4.12)

= Afus(t) + W s (x, )] = M) [up(t) + W (1) s ()]
= AUf — /A\Uf + AWT¢f — /A\VAVTQﬁf + AWT¢f — AWTgbf
= A[Uf + WT¢f] + AWT¢f = (:)Tq)f
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where the error signals W, /~X, and O are defined as

lI>

W W

O =
(>

>

W —
A—
O —

®>>

4.2.1 Secondary (Indirect) Weight Update Law

Assumption 4.1. Aggregated basis function ® € R?® is a sufficiently exciting signal
with 5 = s +n + q + m. Hence, there exists positive constants 7,, T, € R, such

that the following inequality holds:

¢
/ O(1)®T (7)dT = alsys, t="T,

to

Remark 4.2. Assumption 4.1 ensures that aggregated basis function ¢ contains as
many spectral lines as there are unknown parameters. Note that basis function ® is

an exogenous signal to the low-pass filter system in Eq 2.12 with the transfer function

of G(s) = . +w . Then, filtered basis function ¢ has also the same number of spectral
lines with less energy than that of the original basis ¢ since G(s) is stable, minimum

phase, and strictly proper transfer function [87]. This implies the following:

t

[ o0fer = ploe. 1-1.

0
with 0 < B < a. The degradation in the richness of the signal (which is equivalent to
how small is 3 than «) depends on the cutoff frequency wy and spectrum of the basis
®. Let the spectral measure of ¢ is given by Sy([wy wa]) with wy < wy. Choosing the
filter design parameter wy to be larger than w, leads to relatively small degradation

in the richness of ®; with 3 being closer to «.
Multiplying Eq 4.10 from the right by aggregated filtered basis ®; yields
T T T

t t t
MTé/ ch?df:/ @chfcb;fdg:@?“/ TS

to to to
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Note that the signal M is accessible as the signal Y is available from Eq 4.9. Then,

estimated form M and corresponding error M are defined as:

t
M" = @T/t O T de
0

t
~ ~ ~ ~ 4.1
MéM—M:(/@f@jfdg)@:///@ (“4.13)
to
ey A
It should also be noted that the signal M is also available since both M and M are
accessible through Eq 4.9 and Eq 4.13, respectively. Having defined the error signal

M, the secondary weight update law is proposed to have the following form:
O = (Ig' + 7,7 " (1 Prel + 11 ®sel + 72M) (4.14)

where 71, 72,7, € Ry are user-defined scalar design parameters, and ['g = I'5 > 0

is the positive definite learning rate.

Theorem 4.1. Consider the unknown signal Y in Eq 4.9-4.10 and its estimation Y in
Eq 4.11. Assume Assumption 4.1 holds. Then, weight update law in Eq 4.14 results

in global exponential stability of the zero solution (ey, C:)) (t)=0.

Proof. Consider the following Lyapunov function

_ 1 - _
V(ey,0) = %egey + itr(@TF(:)l@) (4.15)

Its time derivative becomes:

Y =cLr,éy — tr(67T5'0)
—tr(eL,éy ) — tr(67T5'0)
—tr[eZr, (670, + O7d,)] — tr(67T5'0)
(] 7,07 ®;) + (€] 7,67 d;) — u(67T5'0)
= — (e 7,07 @) + (e 7,07 ds) — r(67T5'0)
= — tr(®TOyyey) + tr(ely, 07 D) — tr(67T5'O)
= — (67D, DTO) + 7,tr (6T b pel) — r(67T5'0)
—tr(67dsef) — [T (1" + @, 07)6)

Substituting the secondary update law in Eq 4.14 results in

V(ey, (:)) = —fyle}T/ey — ’ygtr((:)T//{(:))
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Using Assumption 4.1 and Remark 4.2, time derivative of the Lyapunov function can

be bounded as:
Viey,0) < —mlley||* = B1lO[3 < —uV(ey,0) <0

with p = min{~;, =72} > 0. Positive definite Lyapunov function with its negative
definite derivative ensures the exponential stability of the zero solution (ey, (:)) = 0.

Since the Lyapunov function is radially unbounded, this result holds globally.
|

Remark 4.3. If Assumption 4.1 does not hold (i.e. [ = 0), time derivative of the

Lyapunov function becomes negative semi-definite:

V(ey,0) = —yietey <0

which ensures the asymptotic stability of the error signal ey, ie. ey(t) — 0 as
t — oo. However, asymptotic stability ey does not ensure the convergence of the

estimated weight matrix O 10 its ideal value.

Lemma 4.1. Given T'g = Ty = 0 is positive definite matrix, v, € R is a positive

constant, and Py € RS, the matrix (I’g)1 + v, ® f(I)?) is invertible and its inverse is:

ol ®,3T) ! = D — Ty To® Il = 0
(e s)) © 1ttr (1, ®07Te) 70

Proof. The proof can be constructed by following the same steps in proof of Lemma

3.3. Hence, it is omitted here.

Remark 4.4. If Assumption 4.1 does not hold (i.e. 3 = 0), the boundedness of 6 may
not be guaranteed in the presence of external disturbances. This is also the case if the
structure of the uncertainty is not known and universal approximators are employed
in the unstructured uncertainty framework. Hence, the Projection operator is utilized
as a robust modification to prevent the parameter drift:

6 = Proj {0, (Tg" +7,@0) ' (sybsef + 1Pl + M)} 416)

It can be shown that the results of Theorem 4.1 are not affected by the projection.

Remark 4.5. Assuming the aggregated basis function ® is sufficiently exciting, as

stated in Assumption 4.1, estimated parameters S) converge to their ideal values ©
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exponentially. That is, é(t) —Oast — oco. From© = [A AWT] T, it is clear that
the parameter convergence is also equivalent to the identification of the unknown
control effectiveness matrix N. Thus, one can obtain the online estimation of the
unknown control effectiveness matrix by taking the first m row of the estimated weight

matrix ©. This linear operation is simply denoted as follows:

~

A= HA(é)

where the extraction operator Hp : R¥*™ — R™*™ returns the first m row of its input

argument. Once can also identify the product Ny = W A" in a similar manner using

the operator Hyy : R¥*™ — RE=™>™ ywith N, = Hy (). Hence, the estimation

N is reachable from the following:

Ny = Hw (©) 4.17)

One can produce a gradient-descent based adaptive weight update law using the

estimation Nl as follows:
Ny = —TywProj{ Nyy, (Ny — Ny AT)A} (4.18)

where 'y, = T'%, = 01is a user-defined positive definite learning rate. With this update
law, the estimated weight matrix Ny is updated in the direction that minimizes the

following cost function:

T =N — NwA"|3

Lemma 4.2. Consider the results of Theorem 4.1, linear operator Hyy in Eq 4.17,
and update law in Eq 4.18. If Assumption 4.1 is satisfied, then the zero solution
(Nw(t) — W) = 0 is asymptotically stable.

Proof. Consider the following Lyapunov function:
1 & NTrq -
V= St (W = N) T (W — Niy)]
Let A £ A — A ]\71 £ N, — ]\71. Then, time derivative of the Lyapunov function
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along the trajectory in Eq 4.18 (with Lemma 2.3 being incorporated) results in:
V< (W= K" (N, — NywAT)A
—— (W =No)" (B = Ny + Ny = NgAT + Ny AT — Ny AT)A
—(W — Nu) WA + (W — Ny) N ATA — (W — Niyp)" (N, — N AT)A
Now, consider the last term only:
(W = Ny)" (N = NwAT)A = (W — Nyw)" (WAT — Ny AT)A
= (W = Nw)" (WA” — Ny AT) (A - A)
= (W — Nw)" (W — Ny ) (A"A — ATA)

!

Combining the results gives:
Y <(W - M) WA+ (W — Ky)" BywATA o
— (W = N) " (W = Np)ATA + (W = M) " (W = Ny )ATR

It is important to note that Ny is uniformly ultimately bounded due to projection
operator (see Lemma 2.2). Hence, adaptive law for A (will be stated later in Eq
4.21) ensures the boundedness of A from well-known o—modification [3]. Since
unknown matrices W and A are constant, corresponding error matrices W and A are
also constant. Thus, one can always find a constant upper-bound ¥ € R_. that satisfies
w[(W = N)" (VA + Ny ATA + (W — Ny )ATA)] 2 0(t) <

which yields:

V< —tu[(W = Ny)" (W = Nyw)ATA] + 9 w20

= —tw[A(W = Ny)" (W = Nyw)AT] + 9

Boundedness of ¢} ensures the boundedness of the error signal (W — NW)AT, as
well. Furthermore, if Assumption 4.1 is satisfied, ¥ — 0 as ¢ — oo from the results

of Theorem 4.1; that is,
Ot) =0 = A{t)—=0, N(t)—=0 = Jt)—0 as t—o0

Asymptotic stability of the error signal (W — Ny ) AT ensures Ny (t) — W ast — 0
since positive definite diagonal matrix A has full column rank. Finally, this result

constructs the asymptotic stability of the zero solution (NW(t) — W) =0.
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4.2.2 Primary (Direct) Weight Update Law

In this section, the results from secondary weight update law is integrated into a
direct adaptation to suppress the effects of matched uncertainty A(z,¢) and unknown
control effectiveness A. With the secondary adaptive law in Eq 4.16, an online
estimation A of unknown control effectiveness A can be achieved by extracting the
first m row as stated in Remark 4.5. However, an online estimation of unknown
weight matrix W is not available from the indirect adaptation. Although an estimation
for the product AW? is available from or = [f\ A/V[/’\T }, one cannot reach the
estimation W7 = /A\*lA/W\T since A is not guaranteed to be invertible for Vi > ¢.
Hence, a direct-indirect hybrid adaptive law is introduced to construct the control
input in Eq 4.6 with estimated weight W and ensure the closed-loop stability of the

uncertain dynamical system in Eq 4.3.

The following weight update laws are proposed for online estimations W and A:

W = —TProj{ W, 6¢"PB — ynisels — 74 (N — W)}
A =Dafey (ug + W7¢,)" =5 (A = Ny)] 4.21)
NW = —FWpI'Oj{Nw, (Nl — NwAT)A}

where 7y, 73,71 € Ry being scalar design parameters, ' = I'7 = 0,y = T} = 0,
and Ty = 'L, = 0 are user-defined positive definite learning rates, basis function ¢
is as in Eq 4.4, error signal ey is as in Eq 4.12, filtered signals wuy, ¢; are available
from Eq 2.12, P > 0 is the symmetric positive definite solution to Lyapunuv equation
2.3, Ny 2 Hy (é) is obtained using the extraction operator H (-) defined in Remark
4.5, and N is given by Eq 4.17.

Theorem 4.2. Consider the uncertain dynamical system in Eq 4.1, reference model in
Eq 4.5, control input in Eq 4.6, secondary weight update law in Eq 4.14, and primary
weight update laws in Eq 4.21. Then, all the system signals are uniformly ultimately
bounded. Furthermore, the zero solution (e, ey, W, A) = (O, 0,0, 0) is semi-globally
asymptotically stable if Assumption 4.1 holds.
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Proof. Consider the following Lyapunov function
V(e,W,A) :%GTPe + %tr[(WAl/Q)TF‘l(WAW)} + %tr([\Tr/—\l[\)

1,
— TP
51 P

(4.22)

where n = [¢T Vec(WAl/ 2)T vec( A) T] " denotes the aggregated error vector and
corresponding positive definite matrix is P £ diag(P, Lot I, ®FX1) with I; and
15 being identity matrices of appropriate dimensions. Let Nw 2 W — ANy . Then,
time derivative of the Lyapunov function along the system trajectories in Eq 4.7 and

Eq 4.21 yields:
V =cTP(Ae — BAWTg) — r(WIT-WA) — tr(ATT5'A)

=— 1eTQe — tr(WTqbeTPBA) — tr(WTF’ll/i/A) — tr([\TFle\)

2
=~ 1 Qe — ar(WTosehA) — e (W) 4+ e (W7 ANw) — r(A7T314)
= — %eTQe — yAtr(eye)T/) — ’74tI'(WTW) -+ ’)/4tI'(WTAN{/V) + ’Y,\’Ygtr [/N\T (A — NA)}

Now, consider the last term, only:

tw[AT(A = Ny)] =te[AT(A — Ny — A+ A)]

= —tr(ATA) + tr[AT(A = Ny)]
Substituting results in
V=— %eTQe — wAtr(eyeﬁT/) — 74tr(WTV~V) — ’}/)\’73U'(/~\T/~\)
+ pstr[AT (A — Np) | + qutr(WTANw)
<~ 2@l — llew 13— all W1~ rsl1A113

+ sl All2|A = Naflo +7al[ W lo[| ANy |5

From Young’s inequality [96],
IATA = Sl < kIR + 14 — F3
Similarly,
IVl < Ral13 + 1A R

Next, consider the term ‘||[A — N[5’ only:

1A = Nall = [[Ha(8) = Ha(O)l2 = |Ha(O)]|2
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Combining these results gives

1

V <- §>\min(Q)HeH§ - %HGYHg - %\73(1 - 7<?1)||/~\||§ - 74(1 - k’z)HWH%

’YA’Ys V4 o
HHA( )13 + | ANw |3
4k,

which ensures the boundedness of errors e, ey, W, and A for ki, ky, € (0,1).
Furthermore, these error signals asymptotically converge to compact sets as

summarized in Table 4.1.

Table 4.1: Compact Sets at which the Error Signals Converge Asymptotically

Error Compact Set
e D, :={e(t) : |le]3 < ﬁ“”ﬂ[x( M3+ WK)HANWH%
ey Dy = {ey(t) : [ley |3 < T IHA(O)13 + T |ANw |15}

=

Da = {AQ) : Al < g2y IHa(€

4k1yay3(1—Fk1) I3 + m||ANWH }
W Dy = {W(t) W13 < 2238 || Ha( )|| MHANW” }

4k1v4(1—k2)

It should be noted from Theorem 4.1 that ||, (©)||> and ||ANy ||, asymptotically
converge to the origin if Assumption 4.1 holds. Hence, compacts sets D., Dy, Dy,
and Dy, asymptotically shrink to the set {0}, which ensures the asymptotic stability
of e,ey, A, and W. That concludes the asymptotic stability of the zero solution

(e,ey, A, W) = (0,0,0,0).

|
4.3 Numerical Examples
4.3.1 Uncertain Roll Dynamics with Loss of Aileron Control
In this example, the first order roll dynamics of an aircraft [97] is considered:
p(t) = Lpp(t) + LeA[u(t) + A(p)],  p(to) = po (4.23)

where p(t) is the roll rate, u(t) is the aileron input, dynamic stability derivative L,

denoting the roll damping is L, = —1, input matrix is Ls = 1, and the uncertainty
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" andw = [0.2 1]".

, which yields ¢(p) = [1 p|p|

Unknown control effectiveness is represented by A. This numerical example can be

is given by A(p) = 0.2+ p|p

regarded as incorrect characterization of the roll mode time constant and existence of
constant wind disturbance trying to roll the aircraft. Unknown control effectiveness
is chosen to be A = 0.2 meaning that the aircraft experiences 80% loss in aileron
control. Reference model is constructed with A, = —2 and B, = 2. Positive definite
solution P is determined using () = 2. Low-pass filter cutoff frequency is wy = 1

rad/s. Sampling frequency is 100 Hz. In this example, 4 controllers are applied:

- (Nominal) Nominal controller in Eq 2.4

- (Std-MRAC) Standard MRAC in Eq 2.10

- (CMRAC) CMRAC in Eq 2.19

- (IR-CMRAC) Proposed CMRAC with Information Recovery in Eq 4.21

where the controller parameters are summarized in Table 4.2.

Table 4.2: Controller Parameters (N/A: Not Available)

Nominal | Std-MRAC | CMRAC | IR-CMRAC
K, 1 1 1 1
K, 2 2 2 2
r N/A 1 1 1
I'e N/A N/A N/A Isxs
Yy N/A N/A N/A 1
" N/A N/A N/A 1
Yo N/A N/A N/A 1
Vs N/A N/A N/A 1
Va4 N/A N/A N/A 1
Ya N/A N/A 10 10
N N/A N/A 1 1
Iy N/A N/A N/A 10

Figure 4.1 illustrates the response of nominal controller in Eq 2.4. As seen in the

figure, nominal controller is not able to track the command as desired.
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Figure 4.1: Example 1: Response of Nominal Controller in Eq 2.4

Then, adaptation is activated with standard MRAC law in Eq 2.10. Figure 4.2 shows
that better tracking performance is achieved with standard MRAC law. Although
parameters slowly converge to their ideal values, online estimation of unknown
control effectiveness is not available with standard MRAC. It is important to note

that this convergence is because of the persistent excitation of the regressor signal ¢.

0 20 40 60 0 20 40 60

Figure 4.2: Example 1: Response of Standard MRAC in Eq 2.10
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In Figure 4.3, adaptation is achieved with CMRAC update law in Eq 2.19. As denoted
by Remark 2.7, error signal ey asymptotically converges to zero (see Figure 4.4). It
is important to note that main contribution of CMRAC law over standard MRAC
vanishes as ey converges to zero. That is, evolution of A freezes and CMRAC
modification term becomes trivial with eyx = 0 (see update laws in Eq 2.19). It is

also important to highlight that A evolves completely in the wrong direction.

20
—u(t)

10} 1

A

_10t |

-2 : : -20 : :
0 20 40 60 0 20 40 60
= 3 =
—At)] —W(t)---W
A
2 OW —_——
1 51
) St alainineleeieiels [romzmmmeee -10 ! !
0 20 40 60 0 20 40 60
Figure 4.3: Example 1: Response of CMRAC in Eq 2.19

= 0.1 .

S 0.05f i
0 10 20 30 40 50 60

10
s 7
0 1 1 1 1 1

0 10 20 30 40 50 60

—2r ]

zi 1L -

0 1 1 1 1 1

0 10 20 30 40 50 60

time [s]

Figure 4.4: Example 1: Parameter Estimation Error with CMRAC in Eq 2.19
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Next, the proposed adaptive law in Eq 4.21 is employed. Figure 4.5 shows the ideal

state tracking performance (top left) and ideal parameter characterization (bottom

two subfigures) with the proposed method. As opposed to CMRAC framework,

asymptotic convergence of ey does not prevent the estimated parameter to evolve

in the desired direction.

0.5 : sl

Figure 4.5: Example 1: Response of the Proposed Controller in Eq 4.21
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=
0 t I I | |
0 10 20 30 40 50 60
time [s]

Figure 4.6: Example 1: Weight Estimation Error with Proposed Controller in Eq 4.21
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4.3.2 Systems with Integrator Dynamics

It is well-known that the standard MRAC suffers from degraded performance if the
system has an augmented integrator dynamics. In this example, the first order roll

dynamics in Eq 4.23 is considered with the following uncertainty:

A(p) = 0.2+ p|p| (4.24)

The integrator state x;(¢) is augmented to the system as follows:

o] [ o] [s0] | [5] ,. "
ol =1 o [mw| o Au®) +A@)] + | | ()

The nominal controller is designed to be:
un(t) = —Kop(t) + Kizi(t) = —[K, —K]xz(t) & —Kux(t)

with K, = 1.5 being a feedback gain and K; = 3 being an integral gain. 80% loss of
aileron control is assumed with A = 0.2. Reference model is designed by applying
the nominal controller to the nominal system without any uncertainty:

L,—L;K, L;K; 0

x,.(t) + r(t) (4.25)
-1 0 1

ar(t) =

Figure 4.7 presents the simulation results obtained through Standard MRAC with
two difference gains; I' = 10 and I' = 1000. As clearly seen, increasing the
learning rate I' does not improve the tracking performance, instead it induces high
frequency oscillations to the system. This result supports the initial statement that
the standard MRAC has poor adaptation performance for the systems having an

augmented integrator.

Figure 4.8 illustrates the tracking response of the nominal controller in Eq 2.4.
Compared to the nominal controller response in Figure 4.1, adding an integrator
slowly eliminates the steady state error, as expected. Yet, the command following

performance is still not acceptable.
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Figure 4.7: Example 2: Performance Comparison for Standard MRAC

0 10 20 30 40 50 60
time [s]

Figure 4.8: Example 2: Response of Nominal Controller in Eq 2.4

Next, standard MRAC is employed for the integrator augmented uncertain system.
It has been previously shown in Figure 4.7 that large learning rates induces
high-frequency oscillations in system states and control input. Hence, a relatively
small learning rate of ' = 1 is applied as indicated in Table 4.2. Figure 4.9 presents
the state tracking performance with standard MRAC. As seen in the figure, command
following performance is improved compared to nominal controller. However, it is

not possible to reach an estimation of unknown control effectiveness. In addition, fast
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adaptation is not achieved as the overshoot in the response vanishes slowly.

0 10 20 30 40 50 60
time [s]

Figure 4.9: Example 2: Response of Standard MRAC in Eq 2.10

Slow adaptation can also be visualized from Figure 4.10 as the estimated parameters
converge to their ideal values slowly. It is important to note that parameter
convergencec with standard MRAC is achieved in this example, just because the

regressor P is persistently exciting.

1.2 . .
—A(t) 100 —W(t)|
A W
T e
5k
0.8 1
0.6 - 1
5L
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-10t
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-15
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0 20 40 60 0 20 40 60
time [s] time [s]

Figure 4.10: Example 2: Response of Standard MRAC in Eq 2.10
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Next, CMRAC is applied to the integrator augmented uncertain system. Low-pass
filter cutoff frequency is chosen to be w; on purpose. This is to show CMRAC suffers
from losing information due to filtering. As clearly seen from Figure 4.11, CMRAC
slightly improves the damping in the response. However, not much improvement is

achieved in terms of command following performance.

92E \

0 10 20 30 40 50 60
time [s]

Figure 4.11: Example 2: Response of CMRAC in Eq 2.19

In addition, parameter estimation performance is also far away from the desired one
(see Figure 4.12). As aforementioned, CMRAC update law in Eq 2.19 turns into
standard MRAC law in Eq 2.10 as the error signal ey () converges to zero as t — 00.

Note that ey (t) = 0 for t > 10 as seen from Figure 4.15.

Then, the numerical simulation results are presented with the proposed information
recovery-based adaptive controller.  Figure 4.13 illustrates the state tracking
performance. As seen, ideal command following is achieved with fast-adaptation
feature of the proposed controller. In Figure 4.13, evolution of the adaptive weights
is shown. Both estimated parameters W and A converge to their ideal values as

theoretically shown by Theorem 4.2.
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Figure 4.12: Example 2: Response of CMRAC in Eq 2.19
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Figure 4.13: Example 2: Response of Proposed Controller in Eq 4.21

Lastly, Figure 4.15 highlights the improved parameter estimation performance of the
proposed controller against Composite MRAC. It is obvious from the figure that
Information Recovery-based CMRAC (IR-CMRAC) outperforms the conventional

CMRAC by achieving the parameter convergence even in the presence of small LPF

cutoff frequency of w; = 1 rad/s.
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Figure 4.14: Example 2: Response of Proposed Controller in Eq 4.21
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Figure 4.15: Example 2: Response of Proposed Controller in Eq 4.21
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CHAPTER 5

COMMAND GOVERNOR-BASED ADAPTIVE CONTROL FOR THE
SYSTEMS WITH MATCHED AND UNMATCHED UNCERTAINTIES

5.1 Introduction

In this chapter, a command governor-based adaptive control architecture is proposed
for stabilizing uncertain dynamical systems with not only matched but also
unmatched uncertainties and achieving desired command following performance of
a user-defined subset of the accessible states. In the proposed solution, composite
model reference adaptive control with information recovery is employed to attenuate
the effects of matched and unmatched uncertainties. Specifically, the matched
uncertainty is identified and its effect upon the system behavior is entirely suppressed.
Moreover, using the unmatched uncertainty approximation obtained through radial
basis function neural networks, the command governor signal is designed to achieve
the desired command following performance of the user-defined subset of the
accessible states. With this command governor-based Model Reference Adaptive
Control architecture, the tracking error of the selected states can be made arbitrarily
small by judiciously tuning the design parameters. In addition to the analysis of the
closed-loop system stability using methods from Lyapunov theory, the findings are

also illustrated through numerical examples.

Model Reference Adaptive Control (MRAC) architectures achieve a desired level of
closed-loop stability and performance for uncertain dynamical systems with online
adaptive weight update laws. Many MRAC frameworks rely on the matching
assumption between the reference model and plant to track the desired reference

command. Without restrictive persistent excitation (PE) of system signals, standard

71



MRAC framework cannot guarantee closed-loop stability in the presence of bounded
perturbations using only instantaneous data [1, 2]. To increase the robustness
of standard MRAC and/or guarantee stability without PE, well-established robust
modifications are introduced in literature [3]- [9]. Yet, these MRAC frameworks
have been restricted to uncertainties lying on the span of the control input, which
are called matched uncertainties. However, this assumption may not hold for many
practical systems with unmatched uncertainties, unmodeled dynamics and external
disturbances (e.g. magnetic levitation [26]). In this chapter, the motivation is to
guarantee the desired tracking performance in the presence of uncertainties lying

outside the span of the control input.

5.2 Problem Formulation

In this chapter, the following uncertain dynamical systems are considered:
i(t) = Az(t) + Blu(t) + A(z(t))] + DAL(z(t)), z(to) =29 (.1

where z(t) € D, C R" is the state vector where D, is sufficiently large compact set,
system matrix A € R™"™ and input matrix B € R"*™ are known, control input
is u(t) € U C R™ where U is the admissible control set, A(z(t)) € R™ and
A, (x(t)) € R™ are the Lipschitz continuous functions representing the unknown
matched and unmatched uncertainties, respectively. D € R" ™ lies in the left
null space of B; thatis, D € N(B?), BTD = DTB = 0. Note that D may not

necessarily be the orthogonal complement of B;ie. 1 < m, < (n —m).

Assumption 5.1. Throughout this chapter, the following assumptions are made:

a. The structure of the matched uncertainty is known. Hence, it can be

parameterized by the linear combinations of known basis functions as

A(:E(t)) = WTQS(:B(t)),

where W € R**™ is the unknown constant weight matrix, the known

vector-function ¢(x(t)) € R? is Lipschitz continuous over D,.

b. The structure of the unmatched uncertainty is unknown. But, it can be
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approximated by an RBF NN as [77]

Au((®)) = WG (a0) + =(a(t),

where W, € R**™u s the unknown constant weight matrix, the known basis
vector-function 1 (z(t)) € R** is Lipschitz continuous over D,, and € (x(t)) is
the residual error with ||e (z(t)) || < eo, Va(t) € D,.

As standard [77], the basis vector-function /() is constructed using RBFs as

V(@) = [g(z) ala) ... v ()]

where ¢;(x) € Rfori =1,...,s, is given by

1 ,fori =1
Yi(z) =

eXP(—%) Jfori=2,..., s,

with ¢; € R" being the center of an RBF unit and fi; € R, being the width of the i

kernel node. Under Assumption 5.1, uncertain system in Eq 5.1 can be re-written as:

i(t) = Az(t) + Blu(t) + W' ¢(z)] + DW. ¢ (z) + De(z,t) (5.2)

Assumption 5.2. Basis function ¢ is sufficiently exciting signals. Hence, there exist

positive constants «, T, € R that satisfies:

/tt (1) (T)dr = al, t="1T,

As elaborated in Remark 3.2, filtered signal ¢ is also sufficiently exciting with the

following inequality:

/tt gbf(T)gb?(T)dT = GBI, t="1T,, 0<f<a

The ideal reference model that captures the desired closed-loop command following

performance is given by

o (t) = A, (t) + Bor(t),  a0(to) = @, (5.3)

where z,.(t) € R" is the ideal reference state vector, A, € R™*" is the Hurwitz system
matrix, B, € R™** is the input matrix, and 7(¢) € R is a bounded and piecewise

continuous reference signal with k& < m, ||r(t)|| < ro, Vt > to.
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In order to analyze the effects of unmatched uncertainty upon the system behavior,
an auxiliary reference model is designed based on unmatched uncertainty estimation.
To this end, better unmatched uncertainty estimation allows better understanding the
effects of unmatched uncertainty on the control response. Hence, the information
recovery-based adaptive control architecture (proposed in Chapter 3) is employed for
fast adaptation with improved transient response. Next, the auxiliary reference model

is defined as the following:
T (t) = A (t) + By [r(8) + 2(8)] + DW () (2) —kae(t),  (54)

where x,,(t) € R™ is the auxiliary reference state vector, W, () € R¥*™« is the
online estimation of W, z(t) € R" is the command governor signal, k), € R, is
a constant, and e(t) = x,,(t) — x(t) is the tracking error signal. Reference model
system matrix A, and input matrix B, are chosen such that A, = A — BK, and
B, = BK,. The error feedback term in the auxiliary reference model in Eq 5.4
improves the transient performance (see, for example, [81, 83,98-100] that employ

similar reference model modifications).

Assumption 5.3. Unknown weight matrix W, lies inside the convex set §). on which

unmatched estimations Wu(t) are constrained by the projection operator [88].

Remark 5.1. Let 7 € R, be the projection norm bound to be used in projection

operator. Then, by Assumption 5.3, the existence of following bound is ensured.:

Wu(t)” < rank(VVu(t))7 < min (su,mu)7

W) <

Wu(t)HF < rank(Wu(t))
W ()],

thus — W, =

Wu(t)HF S min (Suamu)7 Yo-

The nominal control input consisting of a feedback part up(t) = K,x(t) and a

feedforward part ug(t) = K,r(t) is given by
up(t) = —K,x(t) + K,r(t) (5.5)

The overall control input with an adaptive part u.(t) 2 W7 (t)é(x) and a command
governor part u,(t) £ K,z(t) is given by
u(t) = un(t) = W (6)p(x) + K, 2(1)

. (5.6)
u(t) = —K,a(t) + Kor(t) — WhHt)e(z) + K,z(t).
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Using Eq 5.6 with the matched weight estimation error T (¢) £ W — W (t), uncertain

dynamical system Eq 5.1 can be written as
i(t) =A.x(t) + B, [r(t) + z(t)] + BWT (t)¢(x) + D[WIp(x) + ez, t)] (5.7

Now, let e,,,(t) £ z,.(t) — 2,,(t) be the auxiliary tracking error. Then, its dynamics

can be obtained using Eq 5.3 and Eq 5.4 as
em(t) =Aren(t) — Bz(t) — DWE ()0 (x) + kre(t). (5.8)
Furthermore, one can write the tracking error dynamics using Eq 5.4 and Eq 5.7 as

é(t) =(A, — kaI)e(t) — BWT (t)¢(x) — DW[ (t)¢(z) — De(z) (5.9

Remark 5.2. As the positive constant k), increases, robustness of the error dynamics
in Eq 5.9 increases against uncertainty estimation. This is because of the fact that the

eigenvalues of Hurwitz matrix A, shift to the left by amount of k.

5.3 Filtering System Dynamics

In this section, a set of low-pass filters is applied to the system dynamic to reach the
low-frequency content of matched and unmatched uncertainties separately. First, the
uncertain system dynamics in Eq 5.1 is multiplied by the left pseudo inverse of input

matrix B from the left:
B (t) = By Az(t) + [u(t) + Az)] (5.10)

Note that the left pseudo inverse of B is given by B4 = (BTB ) 7lBT, which yields
BiaD = (BTB)_lBTD = 0 since D" B = BT D = 0. Next, the low-pass filters in
Eq 2.12 is applied to get the following:

g, t) = WWoy(a,t) = By (t) - Bt Avg(t) —u(t)  (.1D)

Similarly, multiplying the uncertain system by D& = (DTD)_lDT from the left
and applying the same low-pass filters yield:

Ausla,t) = WEGs(a, 1) + e5(a,t) = Dhts(t) - DpAas(t)  (5.12)
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5.4 Adaptive Laws

From this point forward, the information recovery in Chapter 3 is exploited to the

adaptive law for the matched parameters:
X . -1 .~ ~ ~
W= (T 4+ 9m0s07) " (ImdsAF + 11¢rAT + 72 M — ¢e’ PB) (5.13)

As it can be seen, weight update law for the matched parameters is kept the same as
in Eq 3.4. Then, a new adaptive weight update law is introduced for the unmatched

parameters as:

Wu = Proj{Wu, (Tt + Mmiﬂfw?)il (umd}fﬁgj + ;Lﬂ/ffA;‘;f —¢e’PD)} (5.14)

where I', = '’ = 0 is positive definite learning rate, pi,,, 11 € R are user-defined
positive scalar design parameters, and W, is the online estimation of unknown

unmatched weight matrix IW,,. In addition, Au ¢ 1s stated as follows:
Au f £ Au f— Au f
with A, ; being defined as A, ; £ W ;.

For the uncertain dynamical system Eq 5.1 subject to Assumption 5.1, the goal is
to drive the user-defined subset of the accessible states y(t) = Cxz(t) to a close
neighborhood of that of the reference model y,(t) = Cux,.(t); y(t) € Ns(y.(t)).
To achieve this, both matched and unmatched uncertainties are estimated in the
adaptive control framework and the command governor signal is designed based on
backstepping technique using the unmatched estimations. The overall block diagram

is given in Figure 5.1.

Theorem 5.1. Consider the uncertain dynamical system in Eq 5.1, auxiliary reference
model in Eq 5.4, weight update laws in Eq 5.13 and Eq 5.14, and control input in Eq
5.6. Then, the tracking error e(t), and weight estimation errors W (t) and W, (t) are

uniformly ultimately bounded.
Proof.

Let n £ [eT vec(W)7  vec(W,)” A?{ Agf]T be the aggregated error vector.
Wherever appropriate, the arguments ‘¢’ for time dependency and ‘x’ for state

dependency are dropped consistently over an entire for ease of exposition.
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Figure 5.1: Block diagram for command governor-based adaptive control for

unmatched uncertainties.

Consider the Lyapunov candidate

1 L (W1 + S (0T ) 4 LAT A, 4 AT, A
Y, = §eTPe + §tr(WTF;nlW) + §tr(WuTF;1Wu) + §A?7mAf t §A5meA“f
1 T_
_ TP
277 n

where P £ diag(l; @ P, I, ® I';;)}, I3 @ Ty, Y, pim) With I, I, I3 being identity
matrices of appropriate dimensions. Note that V;(0) = 0, V() > 0,¥n # 0, and
Vi (n) is radially unbounded. Time derivative of the Lyapunov function along system

trajectories in Eq 5.8, Eq 5.13, and Eq 5.14 is given by:

V) =— %GTQG — kxe Pe + tr[VNVT( — ¢e’ PB + 7m¢5fA}F)]

—te[WT (T + vyt ) W] + e [W (= ve" PD + poihs AL )]
—tr[W (T, + by} ) W] + " PDe
Substituting the adaptive laws in Eq 5.13-Eq 5.14 and applying Lemma 2.3 yields:
. 1 S - -
Vi =— 5eTQe — kxe" Pe — ytr(ApAT) — otr(WTOW)
— /,thl’(A%ng’f) + el PDe
1 - -
< = (3@ BhainP)) el = 2B 1P = o (DT
— llB, g7 + €7 PDe

One can bound the last term by applying the Young’s inequality [96] to get the
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following:
1
¢ PDe < |le[|[|[PDlleo < ksllell® + =I1P D]’ (5.15)
3

with k3 € (a, b). Then, time derivative of the Lyapunov function can be bounded by:

. 1 W
Vi =~ <§)\min(Q) + ExAmin(P) — k3) H@HZ — 72 Amin (P) | H2
(5.16)

" " 1
— pllAugll* = vl Afll* + =l PDI%eg
4ks

where positive constant k3 is an arbitrary scalar with k3 € (0, 3 Amin (Q)+EkrxAmin(P)).
With this result, boundedness of error signals e(t), W (t), As(t), and A, f(t) is
guaranteed. By the definition T (t) = W — W (t), matched parameter estimation
W(t) becomes bounded since ideal weight matrix W is constant. Furthermore,
unmatched parameter estimation W, (t) is ensured to be bounded within a convex
set due to projection operator, which results in boundedness of unmatched weight

estimation error W, (t).
|

Remark 5.3. Theorem 5.1 ensures that the tracking error e(t) = x,,(t) — x(t)
is uniformly ultimately bounded. However, boundedness of the states x(t) is not

guaranteed since the auxiliary reference states x,,(t) are not bounded, yet.

5.5 Design of Command Governor

In Remark 5.3, it is noted that the auxiliary reference model states need to be bounded
to ensure boundedness of the actual states. In this section, a command governor
input procedure is systematically shown using backstepping technique to guarantee
boundedness of the auxiliary reference model. In return, boundedness of all the

system signals is established.

~

Let the unmatched uncertainty estimation be defined as A, (t,z) 2 W (t))(x).
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Then, multi-level low-pass filter structure that is used in this chapter is given by
Aua(t,2) = T [Au(t,2) = Auss (8, 2)]

utr (£, @) — Ayt ZL’)]

izt @) = A (t, )] (5.17)

w2(t, ) =T A
A

A
Auf,3 (t,x) =T%

Auf,p(t, x) =T} Auf,p—l(ta T) — Auf,p(ta 33)}

where Auf’l(to, xg) = Au(to, o), Auf’i(to, xg) = 0 fori = 2,...,p, diagonal matrix
[y > 0 is chosen such that Ay (I'f) < Tgax, With T .y being a design parameter.
This low-pass filter structure in command governor design allows to suppress the
undesired high-frequency oscillations possibly contained in estimated unmatched
signals which may cause problems if directly used in the control input such as rate

saturation of actuators and/or exciting unmodeled dynamics.

5.5.1 Command Governor Design for Second Order Systems

Consistent with the existing literature (e.g., see chapter 10 of [101]), the backstepping
design here starts with the second order system. Then, following the similar steps
in [35,36], it is extended to the higher order systems, recursively. Without loss of
generality, it can be assumed that the reference model matrices A, and B, are in

controllable canonical form. Hence,

0 1 0 dy
AT = ) B, = ) D= ’
—Qa1 —Qao b,« 0
where a1,a; € Ry, and b,,d; € R\ {0}. The objective is to drive the system state
x1(t) to a close neighborhood of the reference state x,, (t); i.e. x1(t) — Ns (z,,(t)).
Hence, the matrix C' pointing out the user-defined subset of accessible states becomes
C' = [1 0]. Next, auxiliary tracking error dynamics Eq 5.8 in open-form is

~ ~ ~

em1(t) =ema(t) — diAy(t, ) + kyer(t) + Toemi(t) — Toemi(t) + diAuey — diAyey

éma2(t) = — arem1(t) — agema(t) — brz(t) + kaea(t).

Remark 5.4. Boundedness of unmatched weight estimations Wu(t) is guaranteed

with Theorem 5.1. Furthermore, the basis vector-function (x) with Gaussian
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kernel units is bounded which results in boundedness of the unmatched uncertainty
estimation Au(t, x). Since the low-pass filter given in Eq 5.17 is BIBO stable, the
low-pass filtered signal Auﬁ i(t, x) is bounded. From Eq 5.17, it follows that its time

derivative Az (t, x) is also bounded.

~

Let & (t) 2 ema(t) — diAys1 + Doemi(t) be the new state variable. Then, state
dynamics for ((t) £ [e,1(t) & (1)] " can be written as

ém1(t) = = Toem1(t) + &1(t) — diqa
81 (t) = — A1em1 (t) — Clgemg(t) — br2<t) + k)\eg(t) (518)

~

+ T (—Toem(t) + Ei(t) — diqi) — diAuey +T1E:1(8) — T'1&(2)

where error ¢ is ¢; £ (Au - Auf,l - Z—ieﬂt)). Note that ¢; is bounded since A, and
Auf’l are bounded from Remark 4 and tracking error e;(¢) is bounded from Theorem
5.1, Vt > to. Choosing the command governor signal z(t) as

2(6) 267 { e (1) (—a1 + aalo — T3) + & [To + T — as)
(5.19)

~

+ kaea(t) — dy [Auf,] + asAyg + Fo@i] }

simplifies Eq 5.18 to the compact form given by

o em®] {me 1| em®] @] -
()= sol 1o -l law o™

Remark 5.5. With suitable design parameters 1y and 'y, boundedness of the state
vector ((t) is guaranteed since the non-vanishing perturbation ¢, is bounded [101].
With the bounded state ((t), boundedness of the auxiliary reference model states
T (t) is guaranteed. From Theorem 5.1, the tracking error e(t) = x,(t) — x(t)
is bounded. Hence, with the command governor input Eq 5.19, boundedness of the

actual system states x(t) is established.

5.5.2 Generalizations to Higher Order Systems

Command governor design can be recursively employed for the higher order systems

as this is a standard procedure in backstepping technique. In the 3"¢ order system
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case, for instance, the low-pass filter structure is employed up to 2"¢ level; i.e. p = 2.

Remark 5.6. From Remark 5.4, the signal Auﬁ 1 is bounded. Then, cascaded low-pass
filter signals Auﬁz and Auf;z are also bounded by following similar discussions made
in Remark 4. Hence, recursive composition of low-pass filter signals to any level

vields bounded filter signals.

Now, consider the following matrices that characterizes the auxiliary tracking error

dynamics Eq 5.8

0 1 0 0 dy
A=10 0 1/|,B=|0]|,D=|d],
—a; —ay —ag br 0
where a1, az,a3 € Ry, and b, dy,d> € R\ {0}. Again, the goal is to drive z;(t) to a
close neighborhood of z., (t); i.e. 21(t) — Nj (%m, (t)). Thus, C' = [1 0 0].

Auxiliary tracking error dynamics in open-form is
Em1(t) =ema(t) — diAy + kne1(t) + diAues — diAues + Toemt (t) — Toem ()
Ema(t) =ems(t) — daAy + kxea(t)
ems(t) = — arem1(t) — agema(t) — asems(t) — b.z(t) + kaes(t).
With the command governor signal z(t)
= ;l{eml (a1 + asl'o — aslg + T7) + kaes
+ & (—az+a3(To+Ty) =T =Ty (To +I1))
+ & (—as + (To + Ty +T2)) + dy (—a2Aues — azAys — Auf,z)
+ d2(_a3Auf,l - Auf,l) —Teq + (To+ 1) (72}
and state choices
E1(t) Zepa(t) — diAugy + Toepm (t) (5.20a)
Ex(t) Zems(t) — dyAusy — dyAuiy — T2em () + (Do + T1)E (), (5.20b)

A

the dynamics for ((t) £ [e,.1(t) & (1) 52(75)}T becomes
émi(t) = —Toem1(t) + E(1) + @1
Ei(t) = —Ti& (1) + &) + G (5.21)
Ey(t) = — Ty&y(t).
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In compact form, Eq 5.21 can be stated as

ém (1) Iy 1 0 emi (1) diqa
gl(t) - 0 —Fl 1 51 (t) + dgag 5
E(t) 0 0 =Ty |&®1 0

where the bounded errors ¢; and ¢ are

i L —d (Au — Aum) + ke (1)

@2 £kaea(t) + Toqi — da <Au - Auf,l) —d; (Auf,l — Auf,2> :

Remark 5.7. With suitable design parameters 'y, I'y and 'y, boundedness of state

((t) is guaranteed since perturbations q, and gy are bounded [101].

Remark 5.8. From Remark 5.7, e, (t) is bounded. Boundedness of the signals &, (t),
Auﬁ 1, and ey (t) guarantees the boundedness of the signal es(t) from Eq 5.20a.
Furthermore, with the bounded signals E(t), A1, Ay, em (1), and &, (t), the signal
ens(t) is bounded from Eq 5.20b. Hence, boundedness of the auxiliary tracking error
em(t) = Tp(t) — 2, (t) is established. Since x,,(t) is bounded, auxiliary states

xm(t) are also bounded. From Theorem 1, the tracking error e(t) = x,,(t) — () is

bounded. All in all, the system states x(t) become bounded with bounded x,,(t).

5.6 Numerical Examples

5.6.1 A Second-Order System

Consider the uncertain nonlinear dynamical system
)
2 4 1 0 (5.22)

82



where the system uncertainties are characterized by
Alz) = W' d(x)
T
W= |-123 078 —0.62 1.02]

¢(I):[1 [z1]2  |w2|To Ti’]T

Ay (7) = —0.6527 + 0.8sin(wy) + 0.37;.

Ideal reference model that characterizes the desired closed-loop behavior with the

natural frequency of w,, = 2 and damping ratio of £ = 1.4 is designed as

an=] " U law+
—ws  —28w, w

| )

yr(t) = (1),

Numerical simulation parameters are as follows. Adaptive learning rates are I' =
I'n =1and v, = 71 = 72 = 1 = 1, low-pass filter gain is ['y = 10, command
governor parameters are ['y = 'y = 10, and simulation sampling frequency is set to
100 Hz. Square reference command is passed through first order low-pass filter with
the filter gain of 1. All the system states, ideal and modified reference model states,

matched and unmatched weight estimations are initialized from zero.

Without command governor design, the system is unstable. This result emphasizes
the significance of command governor signal. Thus, the effects of matched and
unmatched weight estimations on the reference command following performance are

investigated.

Nominal controller in Eq 5.5 exhibits an unstable behavior for the uncertain system

as shown in Figure 5.2.

Figure 5.3 indicates the unstable response with standard MRAC in Eq 2.10. Hence, it
is clear from the figure that the unmatched uncertainty should be handled properly to

ensure the closed loop stability.

In order to suppress the effects of the unmatched uncertainty upon the system
behavior, the proposed command governor-based method is employed. The unknown

unmatched uncertainty A, (z) is approximated by RBF NN. The centers ¢; for RBF

83



50 60 70 80 90 100
| | | | | 1
50 60 70 80 90 100
time [s]

Figure 5.2: Unstable Closed-loop Response with the Nominal Controller in Eq 5.5

. xo(t)
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5F ‘ 3
T OM\/‘ l
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time [s]

Figure 5.3: Unstable Closed-loop Response with Standard MRAC with Eq 2.10

are uniformly distributed over the space of [—4, 4] x [—4, 4], and width of the kernel
unit is uniformly set to i; = 0.5, ¢« = 2,...,s, = 24. Figure 5.4 illustrates the
distribution with a 1D example. The first element v, () is reserved for the bias unit;

i.e. Y1 (z) = 1. Lastly, auxiliary reference model in Eq 5.4 is designed with k), = 15.

In Figure 5.5, reference command following performance is illustrated for the
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Figure 5.4: Visualization of Radial Basis Functions with i = 0.5

proposed command governor-based adaptive control architecture. As it can be seen,

the user-defined subset of accessible states y(t) = x1(t) can satisfactorily follow the

reference signal y,.(t) = x,, (1).

‘_xl(t) """ xmll(t) Zr1 (t) ---T‘(t)[’

|
|

0 10 20 30 40 50 60 70 80 90 100
time [s]

Figure 5.5: Tracking performance and control input u(t) with the Proposed Command

Governor-Based Adaptive Controller

The auxiliary tracking error e,,(t) and tracking error e(t) are given in Figure 5.6.
The tracking error e(t) stays in the close neighborhood of zero with the matched
parameter identification and unmatched parameter approximation. Furthermore,

reference command following error e, () is in close neighborhood of zero. Hence,
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reference command following is achieved satisfactorily; i.e. y(t) — Ns (y.-(t)).

—
e}
g
£a) —e1(t)
tgLO ex(t)]]
g
3 Ars e N
=
&
© -0.05 B
5 | | | | | | | | |
< 0 10 20 30 40 50 60 70 80 90 100
3 T
t 1 L : : —€ml (t) il
/= H ,': : - - '67712(t)
205 i i N i
ER s R — e— —
B 05 b i
ER
= L | | | | | | | | | i
0 10 20 30 40 50 60 70 80 90 100

Figure 5.6: Tracking error e(t) and auxiliary tracking error e,,(t) with the Proposed

Command Governor-Based Adaptive Controller

The evolution of the adaptive matched weights is given in Figure 5.7. Dashed
lines indicate the ideal unknown matched parameters whereas the solid lines are the
corresponding estimations. Figure 5.7 clearly illustrates that the estimated weights
are closely bounded around their ideal values. From Theorem 5.1, this bound can
be made arbitrarily small by decreasing the RBF residual bound ¢,, which can be

achieved by increasing the size of basis function .

Figure 5.8 illustrates the evolution of the unmatched weights. Since the unmatched
uncertainty is parametrized by RBF, ideal weights are not known. Hence, only the
adaptive weight evolution is shown in the figure. As seen, there is no high-frequency
oscillation in the estimations while achieving the satisfactory uncertainty estimation
as seen in Figure 5.9. With (almost) convergence in matched weights, matched

uncertainty is identified and estimations overlap with the actual uncertainty.
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Figure 5.7: Adaptive matched weight evolution

10 20 30 40 50 60 70 80 90 100
time [s]

Figure 5.8: Adaptive unmatched weight evolution
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Figure 5.9: Adaptation performance for both matched and unmatched uncertainties

5.6.2 A Third-Order System Case

Consider the uncertain dynamical system given by

010 0 1
zt)=10 0 1| x@)+ [0] [u(®)+ A(x)]+ [0] Au(z)
2 11 1 0

y(t) = . (t).
where the system uncertainties are characterized by
T
W = [—1.2 0.8 —0.6 1.0 0.4]
T
o(x) = [1 T1T T3 T :L’ga:%]

Ay (1) = —0.2627 — 0.321513 — 0.122,23

Nominal controller gains are chosen to be K, = [12,2 16.2 7,6} and K, = 10.2,
where the reference model matrices are A, = A — BK,, B, = BK,. Closed-loop

reference model gain is chosen to be k) = 25.

Simulation parameters are as follows. Adaptive controller gains are ' = I', = 1,
I'y=2,1'y =5,y =10, 79 = ¥ = sy = 0.1, 71 = p; = 1. Furthermore, low-pass

filter cut-off frequencies are wy; = 4, I'y = 10. Simulation sampling frequency is set
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to 100 Hz. All the system states, ideal and modified reference model states, matched
and unmatched weight estimations are initialized from zero. Centers ¢; are uniformly
distributed over z; — xo — x3 space of [—5, 5] x [=5, 5] x [—5, 5], and width of kernel
unit is uniformly setas zi; = 0.3,7 =1,...,s, = 38. 1D visualization of the selected

RBF structure is given in Figure 5.10. Bias unit is ¢ (z) = 1.

S

X

Figure 5.10: Visualization of Radial Basis Functions with ;i = 0.3

0 10 20 30 40 50 60 70 80 90 100
time 3]

Figure 5.11: Tracking performance and control input w(t).

Without command governor, the closed-loop system is unstable as in the 2"¢ order

example. Thus, the simulation results are only given for the command governor

89



employed cases. In Figure 5.11, the tracking performance is illustrated. The selected
system state y(t) = z;(t) can satisfactorily follow the desired one y,(t) = x,1(t).

The corresponding tracking errors are in Figure 5.12.

—
=}
= 0.05
£a) —e1(t)
& ex(t)
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0 10 20 30 40 50 60 70 80 90 100
time [s]

Figure 5.12: Tracking error e(t) and auxiliary tracking error e, (t).

The evolution of the adaptive matched weights is given in Figure 5.13. Dashed
lines indicate the ideal unknown matched parameters whereas the solid lines are the
corresponding estimations. Figure 5.13 clearly illustrates that the estimated weights
are closely bounded around their ideal values. From Theorem 5.1, this bound can
be made arbitrarily small by decreasing the RBF residual bound ¢,, which can be
achieved by increasing the size of basis function ). With (almost) convergence in
matched weights, matched uncertainty is identified and estimations overlap with the

actual uncertainty. This result can be seen in Figure 5.15.

Figure 5.14 illustrates the evolution of the unmatched weights. Since the unmatched
uncertainty is parametrized by RBF, ideal weights are not known. Hence, only the
adaptive weight evolution is shown in the figure. As seen, there is no high-frequency
oscillation in the estimations while achieving the satisfactory uncertainty estimation

as seen in Figure 5.15.
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Figure 5.13: Adaptive matched weight evolution.
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Figure 5.14: Adaptive unmatched weight evolution.
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Figure 5.15: Adaptation performance for both matched and unmatched uncertainties.
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CHAPTER 6

ENERGY-BASED ADAPTIVE FLIGHT CONTROLLER FOR IMPROVED
COORDINATED LONGITUDINAL CONTROL

6.1 Introduction

In this chapter, an adaptive energy-based longitudinal flight control framework is
proposed. Uncertainties on the Lagrangian channel is eliminated with an adaptive
element in the pitch stability augmentation system, in which the fast system states
are regulated. Thus, uncertainties in the energy distribution channel is successfully
removed, and short period mode characteristics are improved. For the coordination
between Hamiltonian and Lagrangian controls, an adaptive outer energy management
loop is designed. Remaining uncertainties on the energy sources and/or energy
draining components are addressed in this controller. Furthermore, bandwidth of both
Lagrangian and Hamiltonian control loops are determined with a reference model.
As a result, proper suppression of uncertainties immediately results in the desired
decoupled airspeed and altitude responses. Block diagram of the proposed control

architecture is given in Figure 6.1.

Energy

— ,|Management Om'(‘.r : -
Vo Lon Adaptive Aircraft
s, des

Control

Yemd | Flight Path Ocma Oe,cmd

Angle Control
Hs Ly v Inner Adaptive u,0,w,q

Pitch SAS

Figure 6.1: Block Diagram of the Proposed Longitudinal Flight Control Algorithm
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6.2 System Description

Nonlinear equations of motion for the longitudinal dynamics of an aircraft written in

its body frame are given by:

h = Vi sin(y) = usin(f) — w cos(f)

U= % [T — D cos(a) + Lsin(a) — Wsin(0)] — quw

0 = q 6.1)
W = % [—Dsin(a) — Lcos(a) + W cos(0)] + qu

q= i [Metrt + Mpiten]

where L is the lift force, D is the drag force, 7' is the thrust, My is the pitching
moment generated by the deflected elevator, My, is the pitching moment when no

control surfaces are deflected. These forces and moments are explicitly given as:

L = GooSresCr
D = qsoSre fCD
Metrt = GooSrefCmy, 0cC
Mpiten = @ooSrefCmC
where ¢ is the dynamic pressure, S,y is the reference wing area, C'r, Cp, and C,,
are lift, drag, and pitching moment coefficients (resp.), C,;_is the non-dimensional
control derivative, d. is the elevator deflection, and ¢ is the mean aerodynamic chord.

Wind frame states such as angle of attack «, flight path angle v, and airspeed V,, are

given in terms of body frame states as follows:

a = atany(w, u), v=0-a, Voo = Vu? + w?

The objective is to design an energy-based flight control algorithm to enhance the
coordination between the elevator and thrust controls so that the velocity and altitude
responses are satisfactorily decoupled and desired command following performance
is reached. First, an inner stability augmentation system (SAS) is designed to
improve the short period mode characteristics. Next, flight path angle control loop
is augmented. Finally, an energy-based velocity and altitude controllers close the

loops.
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6.3 Controller Design

6.3.1 Short Period Stability Augmentation

In the longitudinal dynamics of an aircraft, there are typically two oscillatory modes
which are separated in terms of time scale by an order. The slow one is called
the Phugoid mode whereas the faster one is the Short period. During the Phugoid
oscillations, it is commonly assumed the angle of attack («) of the aircraft remains
constant while the pitch attitude (6) and airspeed (V) are changing. Since the
oscillatory motion is slow, body pitch rate ¢ stays considerably small. On the other
hand, short period oscillations result in large body pitch rate ¢ which needs to be
damped by an external stability augmentation system (SAS), namely pitch SAS. In
the 2"¢ order approximation of the short period mode, the states can be chosen as
body pitch rate and angle of attack. One may also add the pitch attitude to short
period mode approximation to improve the quality of the pitch SAS [42]. In this
thesis, a 3" order approximated system is picked with the states Tsp = [a [ q} T,

and outputs y,, = [0 ¢ :
-C'Esp = Aspxsp + Bsp(se

Ysp = CspTsp
where the system matrix A,,, input matrix Bj,, and output matrix C§, are known
matrices for approximated short period dynamical system with their appropriate
dimensions. Note that for the given inputs, states, and outputs, the matrices B,

Csp. and O, By, are full rank matrices.

6.3.1.1 Nominal Controller Design

In the inner loop control, main concern is to achieve a desired damping and adequate
natural frequency in the pitch motion of the aircraft which is expressed by the

following dynamics:
O + 2Copawsp.aba + w2, 0a = W2, Oema (6.2)

In order to damp the short period mode oscillations effectively, it is important to select

the desired natural frequency wy, 4 to be larger than the natural frequency of the short
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period mode. Then, the desired pitch dynamics is used to construct the reference

model with its specific structure:

isp,d = Asp,dxsp,d + Bsp,decmd

Ysp,d = Csp,dxsp,d

(6.3)
Agpa= 10 0 1 , Ba=1]0
0 _wgp,d —2Csp,aWsp.d w?p,d
where Ay, 4 is a Hurwitz matrix, ygq = [fg da]  is the reference output, and

unspecified entries in Ay, 4 and B, 4 are chosen to satisfy the following matching

conditions:
Asp,d == Asp - Bssz;m Bsp,d = Bspkr

Then, inner loop nominal elevator control is design through dynamic inversion of the

short period dynamics:
ysp = spj:sp = Osp [Aspxsp + Bsp(se] - CspAspxsp + Osszp(Se - yd

where 74 s generated according to the desired pitch dynamics in Eq 6.2. Solving for

the elevator input results in nominal control:
5e,n = (Cspng)T [yd - CspAspxsp] (64)

with ()7 denoting the pseudo-inverse of its inner argument.  The matrix
(CypByp)" (CypByp) is nonsingular and (Cy, Bs,) has a unique pseudo-inverse matrix.
Note that with the designed elevator control in Eq 6.4, the unspecified entries in the

reference model (Eq 6.3) are immediately determined.

6.3.1.2 Inner Loop Adaptive Controller Design

So far, the perfect knowledge of the system is assumed which results in the nominal
control in Eq 6.4. Now, the system uncertainties and nonlinearities are introduced as

follows:

& = Az + Blu+ A(z)]
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where the system state is © = [u w 6 q} T, u = [5th 56] " is the vector of control
inputs, A and B are known matrices of appropriate dimensions, B = [ B Bg}
with B;’s have full column rank for ¢ = 1,2, and A(z) is the Lipschitz continuous
functions representing the unknown matched uncertainties. In the adaptive controller
design, the altitude is excluded from the system states as the heave mode of the aircraft

is negligibly slow compared to Phugoid and short period modes.

Assumption 6.1. The uncertainty A(x) can be expressed as linear combination of

known basis functions:
Az) = W (2)

where W € R**? is unknown constant weight matrix, and ®(z) € R**! is known

basis vector function.

Remark 6.1. Many nonlinear matched uncertainties can be parametrized as in
Assumption 6.1 (e.g. nonlinear wing-rock dynamics [102]). However, for the
case where the basis vector-function ¢(x) is unknown, the matched uncertainty
parametrization in Assumption 6.1 could be relaxed by considering A(z) =
WL b (x)+em(x), Va(t) € D, with D, being sufficiently large compact set. Thus,

the proposed algorithm can be readily extended for unstructured uncertainties.

Since the engine actuators are considerably slow compared to pitch dynamics, the
elevator input is going to be used to adapt all the system uncertainties as long as they

are reachable by the elevator control. So, the control inputs are separated as follows:
& = Az + Bi[6y, + 61(z)] + Ba[d, + da()]

Some part of the uncertainty in the throttle channel d; (z) can be suppressed directly
by the elevator as the same uncertainty may lie in the range space of B,. Further

decomposition of the uncertainty J; (x) yields
3151 (ili') = Bgélg(ﬂ')) -+ Bé‘dn(l’) (65)

where By = Bs, is the orthogonal complement of the elevator input matrix By; i.e.
BT By, = 0. Note that there may exists an uncertainty d1»(z) where the source is the
throttle, but the effect can directly be suppressed by the elevator. An example could

be the misalignment of the vertical position of the engine and center of gravity of the
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aircraft. In such a case, the thrust will cause a pitch up/down motion which can be
directly controlled with the elevator control. Then, the uncertainty decomposition in

Eq 6.5 is substituted into system dynamics as follows:
& = Az + B0y, + Ba [, + 05(2) + 612(x)] + Boubi1(x)

Next, the elevator control is designed with nominal control ¢., in Eq 6.4 and an

adaptive part v,4:
58 = 56,71 + Vad
Applying the elevator control the system yields

T :Amx + Bl(;th + BQ,mecmd + By [Uad + Ag(fﬂ)] + B2UA1 (ZE) 6.6
(6.6)

=Anx + Bnr + B [Uad + AQ($):| + By A1 ()

where the reference command is 7 = [6;, o] * and the uncertainties are Ay(z) 2
o(x) +012(x) and Ay (x) £ 611(2). From now on, the uncertainties A () and Ay (z)
are called as unmatched and matched uncertainties with respect to elevator control,
respectively. This is because the uncertainty A (z) lies in the null space of B which
means it cannot be suppressed directly via elevator control. Due to Assumption 6.1,

the uncertainties A (z) and Ay(x) can be expressed by

where W € R*2*! and W, € R**! represents the constant weight matrices for
matched and unmatched uncertainties, respectively. Next, consider the following

reference model that characterizes the desired closed-loop performance:
T = AT + Bt (6.7)
where the Hurwitz system matrix A,, and input B,, satisfy the following relations:

Ap = A— BK?
By, = BoK?

for some unknown matrices K} and K. Note that this relations is well-known

matching condition in model reference adaptive control literature [74]. In the inner
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loop stability augmentation control, the objective is to design an inner loop adaptive
controller so that the desired command following performance of the pitch response
of the uncertain system is achieved. That is, a subset of the system states y = C'x = 0
is desired to track the subset of the reference model states y,, = Cz,, = 6, in the

presence of uncertainties.

The adaptive input v,4 is designed to suppress the undesired effects of matched

uncertainty Ay(z) as follows:

vaa(t) = =W (1) () (6.8)

where W(t) is the online estimation of unknown matched parameters . The
tracking error e(t), weight estimation errors W (¢) and W, (t), and an auxiliary error

eo(t) are defined as follows:

A
e=T, — &

WEaw

lI>

B 7
W, — W,

lI>

W,
es = Ble
Then, the tracking error dynamics can be expressed using Eq 6.6 - 6.8 as:
é(t) = Apel(t) — BQWT(t)gb(x) — By, Ay ()
Multiplying from the left by BI yields the auxiliary error dynamics
By é(t) = By Ape(t) — By BoW (t)o(x) (6.9)
Now, consider the following Lyapunov candidate:
V(t) = %eQT Pres + %tr (WTF*W) (6.10)

where P, = P} = 0 is a positive definite constant matrix of appropriate dimensions.

In addition, consider the following Lyapunov equation:
AT P+ PA, = -Q (6.11)

with P = PT = ( being the unique solution for any Q) = Q7 = 0. Positive definite

matrix P, in Eq 6.10 is chosen to satisfy the following:

szng =P (6.12)
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Note that Bs has full column rank. Hence, the unique P can be obtained using left
pseudo inverse of By and right pseudo-inverse of B using Eq 6.11 and Eq 6.12.

Time derivative of Lyapunov candidate in Eq 6.10 becomes:
V(t) = T PApe — " PByW 6(x) — tr (WD) (6.13)
Choosing the adaptive weight update law as
W = —T¢(x)el PB,
result in the following inequality:

V(1) < =D @lell? 0

Remark 6.2. With positive definitive Lyapunov function having a negative
semi-definite time derivative, asymptotic stability of the auxiliary error is ensured,
ie. eo — 0ast — oo. However, boundedness of the adaptive parameters
is not guaranteed, yet. In order to bound the matched adaptive parameters,
a robust modification can be applied from the literature such as o-modification
[3], e-modification [4], projection operator [5, 80], and optimal control based
modification [6]. Well-known optimal control modification is chosen as it allows
to use high adaptation gains without causing high-frequency oscillations. Hence, the

adaptive weight update law becomes
W = —T(x) [T P — vg"WBI PA;}| B,

where the optimal control modification term adds a damping to the update law, and

v > 0 is a tuning parameter.

6.3.2 Outer Loop Control

As shown in the block diagram in Figure 6.1, reference altitude and velocity
commands are converted to flight path angle and throttle commands using the energy
principles. In this control loop, the objective is to design a control augmentation

(s)

system to track the desired flight path angle using the transfer function —*—

'chd(s) ’ FOI'

this purpose, P-controller is designed as follows:

K\ .
ecmd = (Kp + ) e Y £ Yemd — -

i
S
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With the proposed outer control loop for flight path tracking, a zero is introduced
in the closed loop dynamics at the location z = —[Ig—p Controller gains K; and kK,
should be chosen such that the introduced zero cancels a slow pole (if any), and outer
loop dynamics have a loop frequency at least five times smaller than that of pitch

dynamics wyy, 4 [103].

6.3.3 Energy Management and Outer-most Loop Control
6.3.3.1 PI Navigation Controller

In traditional SISO control architectures, altitude hold controller is closed over the
flight path angle loop, and velocity control loop is connected to the throttle channel.
As aforementioned, such a SISO assignment of the elevator and thrust may cause
catastrophic failures in aircraft operation. So far, only elevator channel is used
by closing the flight path angle control loop over the pitch SAS augmented plant
dynamics. Different from the SISO classical theory based literature, the altitude
and velocity loops are closed considering them together in an energy-based control

framework.

Regarding the aircraft as a point mass, the Hamiltonian function H becomes the total
mechanical energy of the aircraft if the generalized coordinates are expressed in the
inertial frame. Then, the Hamiltonian function coincides the total mechanical energy
function FE,,; of the aircraft, and it is defined as the summation of kinetic energy Fiy;,

and potential energy F,q:
1 2
H=FE,;= émV + mgh

Since the energy consuming and contributing factors in an aircraft are related to aerial

conditions, the velocity V' can be replaced with airspeed V.

Specific total energy (also known as energy height) is given by:

2
Hséi:&+h
mg 29

Furthermore, the Lagrangian is expressed as the difference between kinetic energy
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and potential energy:

1
L= §mV2 — mgh

Similar to the Hamiltonian, the specific Lagrangian is defined as:

L Ai_v_;_
T omg 29

Note that for a conservative system, total time-derivative of the Lagrangian along the
generalized coordinates is constant. Kinetic energy and potential energy may change,
but the Lagrangian remains the same. This fact implies that the aircraft cannot change
its energy height without adding or subtracting energy. Under the mild assumption
that the elevator deflection does not consume any energy, the Lagrangian can readily
be related to the elevator control as the system remains conservative. With flight path
angle control loop being closed, 7., becomes available to distribute the existing total
energy between kinetic energy and potential energy. Next, the specific total energy

rate and specific energy distribution rate are obtained as:

7{5 = mVooVC>o + mgh
L’S = mVOOVOo — mgiz

where

h = Vi sin(y)
] 1 (6.14)
Ve = . [T cos(a) — D] — gsin(7)

Now, having stated some necessary terminology, the navigation loop controller
design is initiated in which the flight path angle command and throttle command

are generated. First, the airspeed and altitude commands are converted to the specific

total energy and and specific Lagrangian commands as follows:

2

v

Hs,cmd = —omd + hcmd
29

Vind

29

Es,cmd - - hcmd

Using small perturbations around the equilibrium point and Eq 6.14, one can obtain

the linear dynamics for the specific total energy rate and specific total energy
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distribution rate as the following:

: Vi
H, = —LAT = ky,Vobu,
' ”‘}q (6.15)
Lo LAT — 2VpAy = kVobun — 2Vo Ay
mg

where
T = TO -+ AT, Y =" + A’}/, Voo = % + A‘/, AT = kthdth<mg)

For simplicity, the perturbed thrust is expressed as AT = k04, (mg) where kyy, is the
ratio of the maximum achievable thrust to aircraft weight, and d;;, denotes the percent
usage of the available thrust. This relation indicates that the additional thrust A7 is

equal to &y, percent of the available thrust.

Eq 6.15 will be the starting point of the energy-based navigation loop controller
design. Re-writing the Eq 6.15 in compact form yields:
HS 00 kth% 0 5th,cmd

Tout = . = Lout

LS 0 0 kthvb _2% A’7/cmd (616)
jjout = Aoutxout + Boutuout

where the state x,,; consists of the desired specific energy rate and specific energy

rate distribution states.

Remark 6.3. The system in Eq 6.16 indicates a few important features:

o Total energy of the aircraft can only be increased or decreased with the throttle

command O, cm-

o [f the existing total energy is going to be distributed without adding or

subtracting any energy, it can be achieved by flight path angle command A~ ..

e [fthe energy is going to be added or subtracted, and simultaneously distributed
between altitude and airspeed channels, they need to take place through
identical loop dynamics. This is because the throttle appears in both control
channels, but only responsible for changing the energy height of the aircraft.
Hence, the flight path angle command should work in synchronization with

throttle command.
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In order to achieve a desired coordinated longitudinal control, an outer reference
model is introduced to be tracked by the outer system states. Consider the following

reference model:

. %s,des —WH 0 Hs,des Wh 0 A/}L[s,cmd
o= | _ + (6.17)
Es,des 0 —wr 'Cs,des 0 wr AEs,cmd
éAr éB'r é""out

where AH g and AL .,q are given by:

A/71'[s,cmd = Hs,cmd - HO
A£s,cmd = ﬁs,cmd - £0

One can immediately realize that the outer reference model is an aggregated two
distinct low-pass filters with cutoff frequencies wy and wy. Ideally, these cutoff
frequencies should be equal to ensure the coordinated control of elevator and throttle.
However, if there exists a difference between specific energy rate and specific energy
distribution rate loop frequencies, wy and wy may be set different than each other to
compensate that difference. As it is a rule of thumb in successive loop closure control
design method, cutoff frequencies wy and wy, should be at least five times smaller

than that of engine dynamics and flight path angle control loop.

Using the outer system model in Eq 6.16 and reference model in Eq 6.17, one can

generate the throttle command and flight path angle command as follows:

d cm, Hs Af7L[scm
themd = _Kx,out +Kr,out emd +Kz,zz (618)

A7cmd ES A/v‘s,cmd
with the integrator state z being
z= Cout

A %s,des Hs
Cout = -

»Cs,des ['s
and integral gain K . is given by:
Ki,z = (Poutlgout)Jr Kz

It should be noted that K, = K > 0 is a symmetric positive definite design matrix

with diagonal entries, and F,,; is the unique symmetric positive definite solution to
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the Lyapunov equation

Azpout + PoutAr = _Qout

for any Q. = Zut > 0. Furthermore, feedback controller gain K, ,,; and

feedforward controller gain K, ,,; should satisfy the following matching conditions:

Ar - Aout - BoutK:r,out
Br = BoutKr,out

6.3.3.2 Outer Loop Adaptive Control

In the inner loop, an adaptive controller is employed only for the elevator channel to
adjust the short period mode characteristics as desired. It is also shown that some
uncertainties in the throttle channel can be projected onto elevator channel and can
be effectively suppressed by the elevator control. It should also be noted that such
uncertainties have relatively faster effects on the system response. Since the elevator
servo actuation takes place much faster than that of the throttle, it is effective to
suppress these uncertainties with elevator. However, there still exists an uncertainty
that is orthogonal to the elevator control. In this section, an outer loop adaptive

controller is designed to address the solution to eliminate these uncertainties.

Unsuppressed uncertainty is mainly acting on the velocity channel since the
remaining portion is handled in the inner loop adaptive controller. Hence, effect of the
uncertainty in the velocity channel will directly be visible in the total specific energy

and specific energy distribution states.

Considering the outer loop system model in Eq 6.16 and outer reference model in Eq

6.17, the uncertainty is introduced in the following manner:
:tout - Aoutxout + Bout [Auout + A(xout)]

where the matrix A represents the unknown control effectiveness matrix with diagonal
entries \; € R, and A, (7,) denotes the system uncertainty. Adding and

subtracting B¢ Ky out Tour aNd Byt Ky o7 our yields:

i'out = Arxout + Brrout + BoutA [uout + Aout (mout)] (619)
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where Aoui(Tout) =  OT0(Tout,Tows) Wwith unknown matrix of ©T =

T . .

AW A 'K, w, —A'K,,. and known basis vector function of
T .

0(Tout, Tout) = [wT(SEom), al Tgut] . Note that the outer uncertain system

dynamics in Eq 6.19 and outer reference model in Eq 6.17 form the standard adaptive
control structure [74]. Similar to the inner loop adaptive controller, the weight update

law is applied with optimum control modification as follows:

(':') = —FOO' eT Pout — VO'T(:')BT PoutA;l Bout

out out
where I', > 0 is the adaptation gain, and v > 0 is a design parameter.

Remark 6.4. Proposed outer energy control loop can be applied to any flight control
architectures that takes the commanded pitch/flight path angle and commanded
throttle as inputs. Such a control architecture covers a large class of longitudinal
flight controllers. To give examples; in a typical SISO architecture, error in the
altitude response converted either into flight path angle command or into pitch
command in the inner loops. Furthermore, the error in the airspeed is converted
into commanded throttle (see [41-43]). Similarly, TECS architecture generates a
commanded pitch and a commanded thrust as inputs to the pitch SAS augmented
inner loop (see Figure 1.1). Hence, the proposed architecture can easily be connected

as an outer-most loop for these flight control architectures.

Remark 6.5. Although the proof for the closed loop system stability is omitted in
this work, readers may refer to references [104—108] for the necessary tools and

strategies to design a stable hierarchical nonlinear adaptive controller.

6.4 Numerical Simulation

In the simulations, the nonlinear equations in Eq 6.1 are applied with the following

non-dimensional aerodynamic coefficients:

CL = ap + a1 + asa® + aza® + a4q
CD = bo + blaf + bgOé2

Con = co+ cra + co0® + ¢3¢
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with a; = {0.65, 6.03, —0.56, —20.9, —0.18} for i = 0,...,4, b, =
{0.05, 0.13, 1.42} fori = 0,...,2,and ¢; = {—0.07, —1.18, —1.32, 0.17}
fori = 0,...,3 being constant parameters which are obtained by CFD simulations.
The aircraft is trimmed at steady, straight, and level flight conditions at V, = 28 m/s
and flight level of h = 15000 ft. Thrust perturbation is AT = §;,500 N. Resulting

linear dynamical system is as follows:

o] [—0.005 —9.696 0378 —4384 0] [u] [ 491 —0.33]

0 0 0 0 1.000 0f |6 0 0

w| = |-0531 —1471 —1.120 28884 O |w|+| 0 —0.05 Oin
i 0.071 0  —0.418 —1.329 0] |q —0.64 14.41 O
(A [ 0150 28000 —0989 0 0| [h] | 0 0 |

In addition to linearization errors, additional uncertainty is introduced in the following

form:

Az) = Psq + ot (6.20)

Bo + Brq + P20 + Bso + Bac?

with 3; = {0.016, 1.3, —1.2, 1.3, 4.1, —0.08, 0.12} fort = 0,...,6 being
constant uncertainty parameters. It is important to note that all the simulation results
are presented as the difference between trim values. That is, the velocity response in

Figure 6.3 is the additional velocity on the trim velocity of 28 m/s.

In Figure 6.2 and Figure 6.3, the performance of the nominal controllers in Eq 6.4
and Eq 6.18 is illustrated in the absence of the uncertainty function in Eq 6.20.
Yet, uncertainties due to linearization still exist during the simulation with nonlinear
plant model. As seen in the figure, outer loop controller cannot adequately decouple
the velocity and altitude response, and an undesired motion is induced on the other
channel. On the other hand, short period mode is satisfactorily damped by the inner

control.

Once the uncertainty is introduced to the system, the closed-loop system becomes

unstable as seen in Figure 6.4 and Figure 6.5.

Now, only inner loop adaptation is activated in Figure 6.6 and Figure 6.7. Altitude

response is highly related to flight path angle management which is connected to
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Figure 6.2: Inner Loop Short Period Mode States of the Nominal Closed Loop System

without the Uncertainty
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Figure 6.3: Outer Loop Command Tracking Performance of the Nominal Closed

Loop System without the Uncertainty

the elevator channel. Since the inner loop adaptation successfully suppress the
uncertainties that is achievable by the elevator, altitude response in Figure 6.7 gets
pretty much closer to the nominal response in Figure 6.5. However, there exists a
significant difference between velocity tracking performance as the uncertainty in the
throttle channel is not completely addressed, yet. This is an expected result though,

as the major effects of the uncertainty in throttle channel appears dominantly in the
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Figure 6.4: Unstable Response for the Inner Loop Short Period Mode States with the

Nominal Controller in the Presence of the Uncertainty
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Figure 6.5: Unstable Outer Loop Command Tracking Performance with the Nominal

Controller in the Presence of the Uncertainty

velocity response.

As the last case, both inner and outer loop adaptive controllers are activated.
Corresponding tracking performance is illustrated in Figure 6.8 and Figure 6.9. As
clearly seen, outer loop adaptive controller cancels out the uncertainty left over the

throttle channel, and desired tracking performance is achieved at the outer loop states.
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Figure 6.6: Inner Loop Short Period Mode States with Only Inner Loop Adaptation

Activated in the Presence of the Uncertainty
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Figure 6.7: Outer Loop Command Tracking Performance with Only Inner Loop

Adaptation Activated in the Presence of the Uncertainty

Furthermore, no high frequency short period oscillations are observed in the pitch
response.
Figure 6.10 compares the control inputs between the following cases: i) nominal

controller without the uncertainty in Eq 6.20, 7i) only inner loop adaptation activated

110



057 /\'\W
Z
20 N
T 05" =
0 10 20 30 40 50 60 70 80 90 100
time (sec)

Figure 6.8: Inner Loop Short Period States with both Inner and Outer Adaptation

80 90 100

-10 - !
0 10 20

90 100

50 60 70 80

30 40
time (sec)

Figure 6.9: Outer Loop Tracking Performance with both Inner and Outer Adaptation

in the presence of uncertainty in Eq 6.20, 7i:) both inner and outer adaptations

activated in the presence of uncertainty in Eq 6.20.

6.5 Conclusion

In this chapter, an adaptive longitudinal flight control architecture is proposed based

on the energy principles. In the proposed flight control solution, elevator and
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Figure 6.10: Input comparison between nominal control, inner adaptation only, and

both inner and outer adaptation

thrust controls used together in a MIMO framework to control the energy state of
the aircraft in the presence of uncertainties. Eventually, satisfactory velocity and
altitude command following and decoupling performances are achieved. Specifically,
an outer loop adaptive controller is designed to regulate the energy state of the
aircraft. In the energy management module, commanded velocity and altitude are
converted into total specific energy and specific energy distribution states. Then, the
outer adaptive controller ensures that the aircraft energy state is able to track the
reference model that enforces the Hamiltonian and Lagrangian control loops operate
at the same bandwidth. Also, adaptation in the outer loop enhances the closed
loop system stability by eliminating the uncertainties on the Hamiltonian state of
the aircraft. Then, in order to distribute the total specific energy effectively over
the velocity and altitude channels, a sequence of flight path angle controller and
inner adaptive controller are designed. With these controllers, first, the commanded
flight path angle is converted to pitch attitude command. Then, adaptive pitch
stability augmentation system is utilized to track the commanded pitch despite the
plant uncertainties. Eventually, satisfactory velocity and altitude command following
performance is achieved with coordinated elevator and throttle control, short period

mode characteristics are improved, and effects of uncertainties upon the system
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behavior is effectively suppressed. Numerical simulations illustrate the efficacy
of the proposed control algorithm in terms of command following and decoupling

performances.
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CHAPTER 7

ADAPTIVE CONTROLLER DESIGN WITH IMPROVED TRANSIENTS
FOR THE LATERAL DYNAMICS OF A FIXED WING AIRCRAFT

7.1 Introduction

In this chapter, the gain scheduled lateral flight control problem is revisited in the
presence of system uncertainties. Basically, the gain scheduling control is a powerful
method to control nonlinear and/or parameter varying systems using well-developed
linear controller design tools. Gain scheduling makes it possible to respond quickly
to the variations in the operating conditions. However, typical gain scheduling
approach is not suitable for uncertain nonlinear systems as the linearization carry
little information about the plant dynamics [109]. A few notable contributions are
available in the literature [110-113]. Specifically, Fujimori et al [110] proposes a
fuzzy gain scheduled controller based on LMI optimization of an observer-based
dynamic controller. The authors of [111] eigenvalue assignment problem is revisited
for linear parameter varying systems in the context of gain scheduling. In both studies
[110] and [111], a linear system is considered without any uncertainty, which makes
them inapplicable to nonlinear systems with arbitrarily large uncertainties. To address
this, Jang et al [112] propose an adaptive gain scheduling controller for time-varying
systems. In their study, adaptive element is introduced to suppress the undesired
effects of unknown control effectiveness matrix. Other than control anomalies that
are captured by unknown control effectiveness matrix, no uncertainty exists upon
the system dynamics. Furthermore, plant dynamics is assumed to be known for
the nominal control effectiveness. Lastly, Zhang et al [113] propose an indirect
adaptive controller to solve the online identification of gain scheduling coefficients

and controller design problem. In their study, uncertain effects of structural damage
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and external disturbances are assumed to be bounded and independent from the
system states. This assumption restricts the class of applicable systems. In this study,
the variations in the plant dynamics are allowed to be state and parameter dependent,
time-varying, and switching. It is important to note that this chapter focuses on the
gain scheduling problem. However, re-formulated system dynamics can readily be

applied to parameter varying systems and switching systems.

7.2 Problem Formulation

Consider the uncertain nonlinear dynamical systems of the form

i(t) = Az, t)z(t) + Blu(t) + 6(z)], z(to) = zo (7.1)

where z(t) € D, C R™ is the state vector where D,, is sufficiently large compact set,
the system matrix A(z,t) € R™*" and input matrix B € R™*"™ are unknown. System
matrix A(z,t) is Lipschitz continuous in z and C! continuous in time, and input
matrix B is constant. The control input is u(t) € U C R™ where U is admissible
control set. The system is assumed to be underactuated; hence, m < n. ¢ (x) e R™
representing the unknown matched uncertainty is Lipschitz continuous in z. The pair
(A, B) is assumed to be controllable Vz € D,, and full state measurement is available

for feedback. Input matrix B has full column rank.

Unknown system and input matrices are decomposed as the following:

A(z,t) = Ag + 0A(z, 1)
B = ByA

(7.2)

where Ay € R™"™ and By € R™ " are known nominal values of system matrix
A(z,t) and input matrix B, respectively. JA(x,t) represents the unknown part of
the system matrix. In addition, A = diag()\1 PYRIREE )\m) denotes the unknown

control effectiveness matrix with \; € R

Then, the uncertain dynamical system in Eq 7.1 can be re-written as follows:
i(t) = Aox(t) + 0A(x, t)x(t) + BoA[u(t) + 6(x)] (7.3)
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Furthermore, the term ‘§A(x,t)x(t)” is decomposed as follows:
d0A(z,t)z(t) = Bovi(z,t) + Dova(z,t)

with D, denoting the orthogonal complement of nominal input matrix By; that is,
Bl Dy = D! By = 0. Manipulating yields:
BY Byvi (x,t) = BIoA(x,)x(t) =  wi(x,t) = (BYBy) ™~ BI6A(z,t)a(t)
DI Dovs(,t) = DYSA(z, )z(t) =  wy(a,t) = (DF Do)~ DTS A(x, t)a(t)
It should be noted that BY By is an invertible matrix since By has full column rank.
In addition, its orthogonal complement Dy € R™* (™~ also has full column rank
with rank(Dy) = n —m > 0. Hence, D! Dy is also invertible. One can realize that
(BY By) “'BT and (DI Do) ~! DT are equivalent to left pseudo inverses of By and Dy,
respectively. For the rest of this chapter, the Moore Penrose inverses of By and D are
defined as By = (B] By) “'BT and D} = (DF Do)leOT , respectively. Substituting
these into Eq 7.3 yields:

i = Aox + BoA[u + d(x) + A'BIsA(z, tx] + DoDISA(x, ) (7.4)
Nominal control input u,,(t) is designed to be
un(t) = —Kpx(t) + Kor(t) + K,2(t) (7.5)

where K, is constant feedback gain, K, is constant feedforward gain, z(t¢) is the
command governor signal (generated by following Section 5.5), and r(¢) is bounded
piecewise continuous reference signal with ||7(¢)|| < ro, V¥t > to. Overall control

input consisting a nominal part u,,(t) and an adaptive part u,q(t) is given by
u(t) = up(t) + uag(t) (7.6)
Reference model that characterizes the ideal tracking performance is defined as
z.(t) = Apx,(t) + Byr(t), x(to) = o (7.7)

where the reference system and input matrices are designed using feedback gain K,

and feedforward gain K, as:

A, = Ay — BoK,
B, = ByK,
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with A, being Hurwitz reference system matrix and B, being reference input matrix
of appropriate dimensions. Manipulating uncertain system dynamics in Eq 7.4 by

adding and subtracting ‘Byu,,(t)’ results in:

i(t) = Aox(t) + Boun(t) + BoA[uaa(t) + (I — A uy(t) + 6(x) +

(7.8)
A'BisA(z, t)x(t)] + DoDid Az, t)x(t)
Defining the matched uncertainty A,,, and unmatched uncertainty A, as
Ap(,t) 2 6(x) + (I — A Y, (t) + A BloA(z, t)x(t) 79)

Ay(x,t) & DISA(z, t)x(t)

simplifies the uncertain dynamical system representation as

i(t) = Ao (t) + Boun(t) + BoA[ua(t) + A (z,t)] + DoAy(z,t)  (7.10)

Assumption 7.1. Uncertainty component ‘A‘lBg5A(x, t)z(t)’ can be approximated

by linear combinations of RBF's as
A BISA(x, ) (t) = 67 (£)¢0(x) + em(a, 1)

where 0(t) is unknown time-varying weight matrix with appropriate dimensions and
satisfying the following bounds: ||0(t)||r < ,]|0(t)||r < 0, vt > 1, for unknown
positive scalars 9_,5 € R.. Nonlinear mapping ¢y : R™ — R*® is known and consists

of the following RBF elements:
2 (t) — Co,ll”
ot = (5L
with ¢p; € R™ being the center of an RBF unit and jip; € R, being the width
of the i'" kernel node for i = 1,2,...,s,, For the residual ¢,,(x,t), it holds that
llem(z,t)|| < emo € Ry, Vo € D,, Vt > to, where the residual bound €,y can

be made arbitrarily small by increasing the size of the RBF. Furthermore, matched

uncertainty 6(x) is assumed to be structured, and has the following form:
0(x) = Wy ds(x)

where Wy is constant unknown weight matrix and ¢s : R™ — R* is known basis

vector-function of appropriate dimensions.
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With Assumption 7.1, aggregated uncertainty A,,, in Eq 7.9 can be expressed as:
Ap(z,t) = WE() () + e(, 1)

with unknown weight and known basis being W (t) = (W7 (I —A~Y) 67(t)]

and ¢,,(z) £ [¢ o7 qﬁg]T, respectively.

Assumption 7.2. Unmatched uncertainty A, (z,t) in Eq 7.9 can be approximated by

linear combinations of known radial basis functions (RBF) as
Ay, t) = Wy (H)du(2) + a2, 1)

where W, (t) € R***™ is unknown time-varying weight matrix satisfying the bounds

W) || < @y, [|[Wu(t)||p < b, with by, ©, € Ry being unknown positive scalars.

Known nonlinear mapping ¢,, : R™ — R*“ consists of following RBF elements:

=) — Cu,i||2)

d)U(x) = exp < 2ﬂ2 '

with ¢,; € R"™ being the center of an RBF unit and [i,; € R being the width
of the i'" kernel node for i = 1,2,...,s,. For the residual ¢,(x,t), it holds that
lew(z, t)|| < ew € Ry, Vo € D,, Yt > to, where the residual bound ¢,y can be

made arbitrarily small by increasing the size of the RBF.

With Assumption 7.1 and Assumption 7.2, uncertain dynamical system in Eq 7.10

can be re-written as:

T = Apx + Bou,, + BOA[uad +WEe, + 5m} + Dy {qubu + €u] (7.11)
Then, adaptive controller wu,q4(t) is designed to be:
Uad(t) = —W;‘g(t)qﬁm(x)
Applying the control input in Eq 7.6 to uncertain system in Eq 7.11 results in:
&= A+ Bo[r + z] + BiA WL, + en] + Do [WEdy + €] (7.12)

where Wm(t) 2 W, — W, (t) is the matched parameter estimation error. Next, the

auxiliary reference model is defined similar to Eq 5.4 as the following:
G (t) =A@ (t) + B, [r(t) + 2()] + DoW. (£)pu(x) — Erel(t), (7.13)
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Let e(t) = x,,(t) — z(t) be the auxiliary tracking error. Then, its dynamics becomes:
¢ =(A, — kyI)e — ByAWL ¢, — ByAen, — DoW. ¢, — De, (7.14)

where I € R"*" is the identity matrix, W, (t) £ W, — W, (t) is the unmatched weight
estimation error. In addition, the tracking error is defined as e,,(t) = () — 2, ().

Then, one can write the corresponding error dynamics as:

Em(t) =Avenm(t) — Boz(t) — DoWI (t)by(x) + kae(t). (7.15)

7.2.1 Adaptive Laws

Following the similar steps in Section 5.3, applying low-pass filter to uncertain system
dynamics in Eq 7.10 gives
Bii;(t) = BiAox () + tn,p (£) + Aftag p (£) + Do g (2, 1)] (1.16)
Dg;:ﬁf(t) = D(];Aozf(t) + Au7f($, t)
yielding
Y & Afuaar(t) + A g (2, 1)] = Blap(t) — BjAozs(t) — un(t) 217
Ay s(x,t) = Djirs(t) — DyAozy(t)

where the filtered signals are available from Eq 2.12 and followings:

Q'Sm,f =wr (¢m - ¢m7f)
Puf = sz% — buy) (7.18)

U, f = Wy (Un — tn,g)

uad,f = Wy (uad - uad,f)
Assumption 7.3. Let F(s) be the transfer function for the low-pass filter in Eq 7.18.

Let A, f = F(s){An} where A, = WL, + &, as given in Assumption 7.1. Then,
the following entity is bounded:

where 6,, € R, is an unknown positive scalar constant. Similarly, the following

bound for the filtered unmatched uncertainty holds with unknown constant 5, € R.:

1Ay = Wy Gusllr = lloullr < 6,
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Remark 7.1. Assumption 7.3 implies that time-varying learning weight matrices
Wi (t) and W, (t) have relatively low frequency content. Although it sounds
restrictive, Assumption 7.3 generally holds in many practical systems. For a gain
scheduling problem in aircraft flight control, for instance, scheduling parameters are
usually velocity, altitude, and mass of the aircraft [ref], which are varying slowly.
Furthermore, if the unknown weight matrices W,, and W, were to be constant, the
inequalities in Assumption 7.3 become equalities with 6,, = 0 and 6, = 0. Hence,
presented assumption already covers the uncertain systems that are parametrized by

unknown constant parameters.
Under the Assumption 7.3, Eq 7.17 can be re-written as:

Y 2 Aftags + Whbm s + om] = Biiy — BiAozs —u,

(7.19)
WY by + 0w = Diiy — D{Agzy
Next, the estimations of Y and W/ ¢, ; are defined as the followings:
Y £ Aluaas + W om
| /) (7.20)

W6, s £ Dii; — DjAozy

where Y, A, W,,, and W, are online estimations of Y, A, W,,, and W, respectively.
Adaptive laws for A, Wm, and Wu are given by:

W,, = T\ Proj {Wm — 6" PB + 16m, feig}

W, = I',Proj {Wu _6."PD + Wpu,ngf} (7.21)

A= Y1 'AProj {A, [ey (uad,f + W£¢m,f)T} }
where the error signals ey and A, ; are defined as

ey 2Y — Y = /~\(uad7f + W£¢m,f) + AW7Z;¢m,f + Aom

o ) i (7.22)
AugEDuy—W)opu=W/ s+ ou

Theorem 7.1. Consider the uncertain dynamical system in Eq 7.1 with decomposition
in Eq 7.2, control input in Eq 7.6, ideal reference model in Eq 7.7, auxiliary reference

model in Eq 7.13, and adaptive laws in Eq 7.21. Then, under Assumption 7.1, system
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—>

signals e(t), ey (), Wi (t), Wi (t), Wa(t), W, (1),

uniformly ultimately bounded.

t),A(t), and z, & WX, are
()’ () u ¥,

Proof. Consider the following Lyapunov function:

V= LTt Sa(WITSLA) ¢ Se(WIT) a23)

Its time derivative along the system trajectories in Eq 7.14 and Eq 7.21 can be

bounded as

. 1 ~
V< = (Ghuin(@) + Faduin(P) =k = kz ) ell” = e 2 = s (1 = k) 2

IPBoAlfeno  IPDollE » O G- P
n — *0||T A “w||T A
o WP Enn | WPDOIE B e G el + s el A
with 2, £ WX s, [Winllr < w?,, |[Wallr < w?. which can be simplified as

. 1 >
V< = (5hm0(@) + B hwin(P) = 1 = o) llel® = e | = s (1 = B |2l + ¢

A |[PBoAlZe; [P Doll% oz

er : A FEmo 2 Oy
where positive scalar constant ¢ is ¢ = Ty + = w0 T oms T

W || pl|A]| 2 + wiid|| T | 2| A . In addition, k5 € (0,1) and positive scalars

ki ke € Ry satisfy ki + ko < 3Anin(Q) + ExAmin(P). This result ensures the

boundedness of error signals e(t), ey (t), and Z,(t).
|

Remark 7.2. Theorem 7.1 ensures that the tracking error e(t) = x,,(t) — x(t) is
uniformly ultimately bounded. However, boundedness of the states x(t) cannot be
guaranteed since the auxiliary reference state x.,(t) is not bounded, yet. This is also
the case in Chapter 5. In order to guarantee the boundedness of system states x(t),
it is necessary to bound auxiliary state vector x,,(t). Hence, the command governor
input is designed as in Section 5.5. It is important to note that the command governor
signal is designed using ideal reference model in Eq 7.7 and auxiliary reference
model in Eq 7.13, which are exactly the same as the ones in Chapter 5. It means
the command governor input design will be the same as in Section 5.5, as well. Thus,

the details of command governor design is omitted to avoid the repetitions.
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7.3 Linearized Aircraft Lateral Dynamics

Linearized equations of motion for lateral dynamics of an aircraft can be stated as [42]

] v -1 & ol[8] [w o
T N’ N’ 0 N N. N/ N
=17 "7 P L (7.24)
10) 0 tanf, 0 1 0 0 0a
_p_ _L% L 0 L; P _Lgr Lga_ N
~—— N -~ ~ N——
:j?p S P =Tp éBp
with
Y
V= /
0 I Nj = Ng+ —=Lg
/ Tz [:vx
L= L+ 5N, r
I N =N+ L
L =L+ 7N, w
I Ni, = No, + 7 Ls,
b= Lo+ 72N -
I Nj, = Ny, + =L,
= Lo+ 5N -

where [ is sideslip angle [rad], r is angular velocity about body z,-axis [rad/s|, ¢
is roll angle [rad], p is angular velocity about body x,-axis, g is pitch angle [rad]
at trim condition, Uy is body velocity along xj-axis [m/s], d, is aileron control
input [rad|, ¢, is rudder control input [rad|, I,., I,., I.. are components of inertia
matrix, and Y, L,, IV, are dimensional stability derivatives. It is important to note
that both static and dynamic stability derivatives vary with respect to system states
and scheduling parameters such as airspeed, altitude, dynamic pressure, weight, etc.
Hence, matrices A, and B, vary with the flight condition. These variations are
considered unknown, and only constant nominal system matrix A,y and input matrix
B, are known for controller synthesis. In addition, actual nonlinear plant dynamics

involve nonlinear uncertainties such as modeling errors, linearization, etc. Hence, the

matched uncertainty ¢ is introduced to represent these nonlinearities:

jv"p@) =

123

Ap(xp, )y(t) + B, [u(t) + 5(%7)]

(7.25)



with 6(z,) = W ¢s, where the matched uncertainty §(x,) is defined as

_ ST o -
031 —003] [|8)r
—0.09  0.056 7|
023 0.018 6|7
o) | 01T 002] s 726)
0.04  —019| |lolp
—0.013  0.11 Iplp
0.036  0.14 6|
| 009 —023] |[sing]

7.3.1 State Transformation

In Chapter 5, command governor-based adaptive controller is designed assuming the
reference model is in controllable canonical form. In this way, backstepping control
implementation becomes more straight-forward due to integral chain structure of the
controllable canonical form (CCF). However, the pair (A,, B,) in Eq 7.24 is not in
CCF. Thus, it is challenging to find a reference model in CCF that still satisfies the

matching condition in Assumption 2.1.

Applying the matrix decomposition in Eq 7.2 and using the uncertainty definitions in

Eq 7.9 yields:
ip(t) = Apoxp(t) + Bpown(t) + BpoA[uaa(t) + A (2, t)] + DyAy(zp,t) (1.27)

which is equivalent to uncertain system representation in 7.10. Next, the state
transformation x £ T'z, is applied to get CCF representation [114]:

& =TAT " @+ TBptn, + TByo Afttag + A (2, )] + TDG Ay (z,8)  (7.28)
—— ~—— —— N~

éAO éBo éBo éDO

where Ay, By, and D are in the following forms:

0 1 0 0| (0 0] 0 1]
—a —a —a —a 10 00
A — 21 29 23 24 7 By — ’ Dy —
0 0 0 1 0 0 1 0
| —G41 —Qa2 —Qu3 —Gaq [0 1] [0 0]
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Ideal reference model is designed to be in the following form:

[ 0 1 0 0 | (0 0]
—? 2 0 0 2
A = |Ter T2 B = | (7.29)
0 0 0 1 0 0
0 0 —wy  —26ws | 0wl

where wy,ws € R, are desired natural frequencies and (;,(, € R, are desired

damping coefficients.

One can realize that the reference model selection in Eq 7.29 results in two decoupled

tracking error dynamics from Eq 7.15:

. 0 1 0 . e
Subsys 1. & = 2 o &1 — N 0 Ay + Ky
—wi —201w1 wy €2
- z - - - - (7.30)
. 0 1 0 ~ €3
Subsys 2. & = § — 29 — Ay + Ky
—w% —2C2(A)2 w% 0 €4

Hence, command governor input design for 2"¢ order systems in Section 5.5.1 is

directly applied for z(t) = [z, ZQ}T.

7.4 Numerical Simulation

7.4.1 System Description

For a typical flight control problem, forces and moments acting on the aircraft are
highly dependent on the dynamic pressure, which is a function of airspeed and air
density. Neglecting the effects of humidity, it is mostly possible to replace the air
density with flight altitude using standard atmosphere model [115]. Hence, one can
safely pick the airspeed and altitude as the scheduling variables to reflect the changes
in the plant dynamics as operating conditions change. In this example, the flight
altitude is kept (almost) constant at 2000 m. Nonlinear model of the aircraft shown
in Figure 7.1 is trimmed and linearized at steady, straight, level flight conditions for
different velocities ranging from 24 m/s to 38 m/s with a velocity increment of 1 m/s.
Hence, there exist 15 different linear models for the shown aircraft. Corresponding

system and input matrices are given in Appendix A.
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Nominal linear model is chosen to be the middle one, which is obtained at calibrated

Figure 7.1: Isometric View of Simulation Aircraft

airspeed (CAS) of 30 m/s. Corresponding matrices A, and B, are as follows:

Apo =

[_0.2
35
0

—1.9

1.0 03 0.03]

080 0 —22
003 0 1
42 0 —99)

) BpO =

Transformation matrix 7" for x = T'z,, is given by

yielding
[ 0.0
—3.61
Ay =
0.0
| 0.32

Reference model design parameters that determine the desired closed-loop behavior

are chosen as w; = wy = 1.6 rad/s, and (; = (» = 0.86. Then, feedback gain K, and

1.0
—0.38
0.0
3.24

0.0
-0.92
0.0
1.26

0.0973
—0.0002
0.0154

0.0
-5.39
1.0

~10.62]
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—0.0042

[ 0.11 —0.004]
0.2 0.74
0.0 0.0

| -394 24.83
0.0 |

~0.0029
0.0

0.0398 |

[0 0] 0

I

00 1

0 1] 0

;
0
0
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feedforward gain K, become:

—1.05 237 —-0.92 -—-5.39
032 324 382 787

256 0.0
0.0 2.56

Adaptive control gains utilized in the numerical simulations are as follows: k) =
Ff :Fm = 7N = M1 = 10,wf :F():E),Fl = 15,andFu :FA = 1.
Simulation sampling frequency is set to 100 Hz. All the estimated and filtered signals

are initialized from zero.

7.4.2 Results

In this part, a fighter aircraft performing successive bank maneuvers to the left and
right while experiencing an undamped Phugoid oscillations with period of 7 phugoia =
30 seconds is considered. Corresponding velocity profile is illustrated in Figure 7.2.
Since the velocity of the aircraft varies during Phugoid oscillations, linearized model

will differ at each velocity since aircraft velocity is one of the scheduling parameters.
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Figure 7.2: Velocity Variation during Phugoid Oscillations
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Nominal controller tracking response to roll commands is given in Figure 7.3. As

seen from the figure, the roll tracking performance is not acceptable.

EEL —zp(t) |
0 "'5cmd(t)~

20 2

[

B(t)

r(t) [deg/s]

-_wp3(t) )
- 'q‘bsmd (t) %

¢(t) [deg]

p(t) [deg/s]

0 20 40 60 80 100 120
time [s]

Figure 7.3: Command Tracking Performance of the Nominal Controller

Next, the standard MRAC is applied to suppress the effects of matched uncertainties,
while leaving the unmatched part of the uncertainty as it is. Figure 7.4 presents
the corresponding command tracking performance. Although the roll state tracks
the command better, it is not still within the acceptable limits. Furthermore,
excessive sideslip angles are encountered during bank maneuvers, which results in

uncoordinated turn maneuvers.

In Figure 7.5, estimated matched uncertainty is illustrated with Standard MRAC. It
is clear from the figure that estimated matched uncertainty is considerably aligned
with the actual matched uncertainty (see top two plots). However, undesired
high-frequency variations appear here and there in the matched uncertainty estimation
with Standard MRAC. In the presence of time-delays and/or actuation constraints,

these high-frequency variations may result in instability.

As the third controller, CMRAC is applied to the problem of interest. Corresponding
command tracking results and matched uncertainty estimation performance are

illustrated in Figure 7.6 and Figure 7.7, respectively. High-frequency oscillations that
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Figure 7.4: Command Tracking Performance of the Standard MRAC
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Figure 7.5: Matched Uncertainty Estimation for the Standard MRAC

are encountered in Standard MRAC are gone with the CMRAC as seen in Figure 7.7.
In addition, it is clear from the figure that estimated matched uncertainty overlaps with
the actual unknown uncertainty in CMRAC, which yields smooth systems signals. As

opposed to Standard MRAC, the success of CMRAC in suppressing the error signal
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ey is evident from the figure. However, the tracking performance is not acceptable
even with (almost) perfect estimation of the matched uncertainty due to presence
of unmatched uncertainties. Furthermore, bank maneuvers still induce unacceptably

large sideslip angles (see Figure 7.6).
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Figure 7.6: Command Tracking Performance of the CMRAC
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Figure 7.7: Matched Uncertainty Estimation for the CMRAC
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Lastly, the simulation results for the proposed Command Governor-based MRAC
(CG-MRAC) framework are presented. Figure 7.8 illustrates the corresponding
command tracking performance. As seen from the figure, desired tracking is
achieved as soon as the unmatched uncertainties are taken into account with command
governor. In addition, one can immediately observe that induced sideslip angles are

drastically decreased compared to aforementioned controllers.
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Figure 7.8: Command Tracking Performance of the Proposed CG-MRAC

Figure 7.9 compares the transformed states x, auxiliary reference model states z,,,
and ideal reference model states x,. As seen from the figure, transformed system
states overlap with the auxiliary reference model states. Additionally, auxiliary
reference model satisfactorily follows the ideal reference model in the controlled
output channels (sideslip and roll). Figure 7.10 illustrates the matched uncertainty
estimation performance of the Command Governor-based MRAC. One of the driving
errors for the weight update law in Eq 7.21 is the error signal ey. Hence, it
is expected from the adaptive law that error ey successfully suppressed. Indeed,
this is the case as seen in Figure 7.10. However, matched uncertainty estimation
performance is relatively degraded. Because, the driving tracking error in the
adaptive law is the difference between auxiliary reference states and system states

where it was the ideal reference model in standard MRAC and CMRAC. Yet,
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Figure 7.9: Transformed State Tracking Performance of the Proposed CG-MRAC

having relatively small error ey, ey = 0, is sufficient to reach the desired tracking
response. Figure 7.11 presents the unmatched uncertainty estimation performance
for CG-MRAC. Estimated unmatched uncertainty is almost aligned with the actual
unmatched uncertainty. In fact, the success in the unmatched uncertainty estimation
is the main reason to obtain the desired command tracking in Figure 7.8.
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Figure 7.10: Matched Uncertainty Estimation for the Proposed CG-MRAC
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CHAPTER 8

CONCLUSION

8.1 Concluding Remarks

The intent of this thesis is to introduce improvements to filter-based adaptive
controllers and novel adaptive control architectures. For this purpose, first an
information recovery system is presented in Chapter 3 for Combined/Composite
Model Reference Adaptive Controllers (CMRAC), called Information
Recovery-based Model Reference Adaptive Control (IR-MRAC). In the presence
of a poorly designed low-pass filter with an inappropriate bandwidth, command
tracking performance of CMRAC is degraded as the low-pass filter suppresses the
useful content for adaptation. With the proposed method, adverse effects of excessive
filtering is eliminated by including the high-frequency signals in the adaptation.
Furthermore, a time-varying learning rate is introduced to the adaptive laws that
works as stability augmentation systems for the uncertainty estimation dynamics.
Hence, undesired effects of included high-frequency signals are attenuated by the
time-varying gain. In addition, new directions are added to weight update laws
to achieve faster adaptation and parameter convergence without persistency of
excitation. In order to show the efficacy of IR-MRAC, both numerical and software
in-the-loop simulations are conducted, showing that it is practical and tractable in
real applications. Then, IR-MRAC is extended to cover the underactuated systems
with unknown control effectiveness in Chapter 4. Asymptotic stability of tracking
error and parameter estimation error is ensured by separate identification of unknown
control effectiveness and uncertain weight matrices with an indirect-direct adaptive
control architecture. Chapter 5 introduces a new adaptive control framework to deal

with systems having not only matched but also unmatched uncertainties. Specifically,
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a command governor input is designed for the command tracking performance
recovery that is affected by the unmatched uncertainty. Unlike the examples from the
literature, the proposed Command Governor-based MRAC (CG-MRAC) is capable
of dealing with arbitrary state-dependent matched and unmatched uncertainties,
which is much harder and general case than bounded unmatched time-varying
perturbations. CG-MRAC can also address the model reference adaptive control
problems with ideal reference models that does not satisfy the matching condition.
In this way, desired command tracking performance can be defined with more
flexible reference systems. Chapter 6 highlights the major issues in energy-based
longitudinal flight control problems. Specifically, energy management of the aircraft
should be properly carried out to achieve the desired and decoupled airspeed and
altitude responses. Contributions from the previous chapters to filter-based adaptive
controllers are applied to energy-based longitudinal flight control problem to ensure
both Hamiltonian and Lagrangian dynamics operate at the same bandwidth. As a
result, desired tracking performance is achieved in the presence of uncertainties.
Improvements with the proposed energy-based adaptive controller is illustrated
through high-fidelity nonlinear simulations of an unmanned aircraft (UAV). Lastly,
contributions to unmatched systems in Chapter 5 are exploited to solve the gain
scheduled lateral flight control problem in the presence of uncertainties in Chapter 7.
Mathematical representation of nonlinear uncertain system dynamics is re-formulated
assuming very little information is available for the aircraft model. In fact, the only
assumption appears to be known sign of the control gain. With CG-MRAC being
applied to the re-formulated uncertain system dynamics, the desired command
following performance is achieved. Although the chapter is mainly concentrated on
gain scheduling problem, new formulation of the system dynamics allows that the
proposed method can readily be extended for parameter varying nonlinear systems
and switched systems. The proposed lateral flight controller is also applied to a
nonlinear parameter varying dynamics of a UAV to emphasize the contributions of
the chapter. As a result, this dissertation has contributed a few improvements to
filter-based adaptive control theory for fast adaptation and parameter convergence,
and exemplified the contributions with real applications from the aerospace industry.
Efficacy of the proposed methods are illustrated through numerical simulations, and

rigorous closed-loop stability is established by Lyapunov’s stability theorem.
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8.2 Future Research Directions

Following studies could be the future research directions:

e The results can be extended to output feedback adaptive control.

e A rigorous mathematics can be carried out to tune newly introduced design
parameters. For instance, to what extend the high-frequency content should be
involved in the adaptation? With further transient analysis, the choice of newly

introduced learning rates can be clarified.

e An immediate extension to presented works becomes the adaptive control
uncertain systems with time-varying ideal parameters. In that regard, Swapping
Lemma can be used to extract more information about the time-varying

weights.

e Efficacy of the proposed method in the presence of unknown control
effectiveness is illustrated with several examples. These results can be extended
to cover the overactuated systems. This extensions opens new research

directions in the adaptive control allocation field.

e Results of Chapter 5 on unmatched systems can be extended to cover nonlinear
parameter varying systems and switching systems. A real world example could

be a damage in the aircraft structure.
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