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ABSTRACT

Hypersonic vehicle research and development has grown recently in the aerospace industry due
to the powerful potential of operating a vehicle that flies at substantially higher speeds than typical
aircraft. From a guidance, navigation and control perspective, hypersonic vehicles are particularly
interesting due both to inherent vehicle complexities as well as practical concerns that only arise
at high Mach numbers. Challenges inherent to the vehicle include nonlinearities, a wide range
of operating conditions, high elasticity, high temperatures and parametric uncertainty. Although
these challenges have by no means fully been explored in the literature, in the realm of control
theory, they are somewhat common. Hypersonic vehicle control is difficult however, because in
addition to these more traditional complexities a control designer must also deal with problems
very specific to flying at high speeds such as: inlet unstart, overcoming sensing deficiencies at
high speeds and creating an implementable digital control framework for a plant with extremely
fast dynamics. This dissertation develops three novel theoretical approaches for addressing these
challenges through advances in the nonlinear dynamic inversion adaptive control technique.

Although hypersonic vehicle control is the motivation and often the application that the control
algorithms in this dissertation are tested on, several of the theoretical developments apply to a
general class of nonlinear continuous time systems. First, in order to address the problem of inlet
unstart, two state constraint mechanisms which integrate into the nonlinear dynamic inversion
adaptive control framework are presented. These state constraining control laws require full state
feedback and are capable of restricting the outputs of nonlinear systems containing parameter
uncertainty to specific regions of the state-space. The first state constraint mechanism achieves
this objective using sliding mode control and the second uses bounding functions to smoothly
adjust the control and adaptive laws and drive the states toward the origin when constraints are

approached. Stability is proven using Lyapunov analysis and these techniques are demonstrated in
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a nonlinear simulation of a hypersonic vehicle.

Second, an observer-based feedback controller is developed that allows for a nonlinear system
to track a reference trajectory with bounded errors and without measuring multiple states. Again,
the technique used is nonlinear dynamic inversion adaptive control, but because of uncertainty in
the system state, it is not assumed that the nonlinear control effectiveness matrix can be canceled
perfectly. A nonlinear observer is implemented to estimate the values of the unknown states. This
observer allows for the closed-loop stability of the system to be proven through Lyapunov anal-
ysis. It is shown that parametric uncertainty can successfully be accounted for using an adaptive
mechanism and that all tracking and estimation errors are uniformly ultimately bounded.

Finally, a sampled-data nonlinear dynamic inversion adaptive control architecture is intro-
duced. Despite the prevalence of digital controllers in practice, a nonlinear dynamic inversion
adaptive control scheme in a sampled-data setting has not previously been developed. The method
presented in this dissertation has the capability of extending the benefits of nonlinear dynamic in-
version adaptive control - robust control of nonlinear systems with respect to model uncertainty -

to more practical platforms.
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NOMENCLATURE

@ angle-of-attack

6] sideslip angle

v flight path angle

5; trim condition for control surface ¢;

c mean aerodynamic chord length

q dynamic pressure

(670 Opr G0 O] deflection of left elevon, right elevon, left ruddervator, right
ruddervator

[5a O 5r] deflection of aileron, elevator, rudder

[0 0 Y] Euler angles

[FTI Fr, FTZ] components of thrust force along the body fixed axes

L I, I. I.] moment of inertia components about body fixed axes

[Ndis Egis h] vehicle displacment vector

p q 7] body-axis angular rates

b span

Ch aerodynamic drag coefficient

Cr, aerodynamic lift coefficient

Cy aerodynamic sideforce coefficient

Cy roll moment coefficient

C, roll damping coefficient

Cn pitch moment coefficient
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Qoo p

3

S

NDI
DOF
GHV
PID
SMSC
BFSC
SISO
MIMO

UUB

pitch damping coefficient

yaw moment coefficient

yaw damping coefficient

drag force

thrust force vector

acceleration due to gravity
engine angular momentum

lift force

vehicle mass

moment vector due to thrust
engine power

planform area

total velocity

x-coordinate of the center of gravity
side force

Nonlinear Dynamic Inversion
Degree-of-Freedom

Generic Hypersonic Vehicle
Proportional-Integral-Derivative
Sliding Mode State Constraint
Bounding Function State Constraint
Single-Input-Single-Output
Multi-Input-Multi-Output

Uniformly Ultimately Bounded
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EnKF Ensemble Kalman Filter

EKF Extended Kalman Filter
LMM Linear Multistep Methods
ARMA Autoregressive Moving Average
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1. INTRODUCTION

1.1 Motivation

Although adaptive control became widely accepted in the early 1980’s [1,2] it today remains
an extremely useful control technique for handling systems with varying or unknown parameters
as well as a rich field for research. Control theory in general, but specifically adaptive control, has
begun to branch off from linear representations of dynamic systems to the handling of nonlinear
representations. On the positive side, nonlinear models allow for a designer to avoid techniques
such as gain scheduling and to develop concise algorithms capable of controlling a system in any
region of the state-space. On the negative side, accurate nonlinear models can be very hard to
obtain. Therefore, the ability to handle parametric uncertainty becomes crucial. This has made
adaptive control an excellent candidate for overcoming the deficiencies of model inaccuracy in
nonlinear control systems [3,4]. In cases where not only the open-loop dynamics but the control
effectiveness of the system is nonlinear as well, nonlinear dynamic inversion (NDI) adaptive con-
trol has proven to be a useful technique [5]. In this dissertation, the primary motivation for the
investigation of nonlinear dynamic inversion adaptive control techniques, as well as many of the
other issues presented, is the control of hypersonic vehicles.

The first complexity of hypersonic vehicle control that serves as motivation for this dissertation
is the problem of inlet unstart. Inlet unstart is a phenomenon only seen in supersonic jet inlets. It
occurs when air flow through the inlet is altered in such a way that the shock wave system is
disrupted and then expelled from the inlet. Often, it occurs suddenly and has a violent effect
on the aircraft: a nearly instantaneous large drop in thrust, an increase in drag, and the potential
induction of large undesirable moments. Inlet unstart occurs in one of two ways. In a started inlet
with a normal shock at the throat of the nozzle, any increase in back pressure will drive the shock

forward into the contraction section, where it cannot be stabilized because the shock Mach number



is greater than the throat value. This leads to a dangerous loss of thrust. The second cause of unstart
is flow asymmetries that prevent the flow from passing through the throat of the inlet, which are
typically caused by the vehicle operating at too steep of an angle-of-attack or sideslip angle [6, 7].

In this dissertation, this second cause is addressed as the following questions are explored:

1. Can state constraint control techniques that restrict what values of angle-of-attack and sideslip

angle can be achieved be used to prevent inlet unstart?

2. In the event of an inlet unstart, what measures can be taken to maintain control effectiveness

and return the vehicle to a safe region of the state-space?

Two different methods that extend state constraint enforcement to an NDI adaptive control frame-
work will be presented, the first in Section 2 and the second in Section 3. The stability of these
techniques is rigorously proven. Furthermore, it is shown that these controllers are capable of
restricting the system to its constraint set in the presence of unacceptable command signals or
external disturbances.

The second motivational issue of this dissertation is the control of nonlinear systems in in-
stances where the full state vector cannot be measured. In the case of hypersonic vehicle control,
an issue often neglected in the literature is the difficultly that exists in attaining full state feedback.
The high operating temperature of these vehicles limits which type of sensors can be used and
in particular, external vanes used to measure aerodynamic angles are unavailable [8]. Therefore
the vehicle’s angle-of-attack and sideslip angle, crucial information for successful flight control,
cannot be measured directly and instead must be estimated. The inability to measure the complete
state vector invalidates the common assumption in dynamic inversion control techniques that the
state dependent portions of the control effectiveness matrix can be canceled perfectly. This adds
significant complexity to the control design. In order to handle this complication the following

questions are addressed:

1. How can the unmeasured states be estimated such that an NDI adaptive control law based on

2



the estimated values can rigorously be proven to stabilize the system?

2. What assumptions must be made about the control effectiveness matrix to implement an NDI

adaptive control law without full state measurements?

The third motivational issue is the fact that sampled-data control laws synthesized in a con-
tinuous time framework are vulnerable to the destabilizing effect of sampling if it is not properly
accounted for. For sampled-data systems that are nonlinear, the inability to model the system
with an exact discrete time representation presents another challenge in achieving stabilization [9].
Therefore, a discussion of nonlinear discretization methods is given and a sampled-data approach
to NDI adaptive control is developed that is capable of extending this technique to more practical

systems. In reference to hypersonic vehicle control, the following two questions are examined:

1. How does the performance of the sampled-data NDI control law compare with that of a

continuous NDI control law implemented with a sampler and a zero-order hold?

2. How slow can the controller sample such that a plant with extremely fast dynamics and

parametric uncertainty can still be accurately controlled?

1.2 Literature Review

In this section a literature review on nonlinear hypersonic vehicle control with an emphasis on
adaptive control and dynamic inversion control is conducted. Additional references on state con-
straint mechanisms, output feedback adaptive controllers, and nonlinear sampled-data controllers
are reviewed in their corresponding sections of the dissertation as well.

Nonlinear dynamic inversion control is a technique commonly used when nonlinear models
of the system are available and the system is affine in control. Given an accurate model, this
method allows for stable control over a wide range of operating conditions without the need for
linearization and extensive gain scheduling. Since accurate nonlinear models can be difficult to

attain, even in continuous time, NDI control is often combined with an adaptive controller in order



to improve robustness with respect to model and parameter uncertainties. Several studies have
been done to test the robustness properties of NDI controllers when used on air vehicles and NDI
adaptive control has been shown to be effective on highly nonlinear aircraft applications [10, 11].
It has also been extended to fault tolerant frameworks such that the controller can safely adjust to
actuator failure [12].

In the following references some variation of NDI control was utilized in the control of hyper-
sonic vehicles. Wang and Stengel [13] looked at controlling a longitudinal model of a hypersonic
vehicle using a stochastic nonlinear dynamic inversion technique. A genetic algorithm was imple-
mented to design the structure of the dynamic inversion and Monte Carlo simulation was used to
test its performance. Rollins, et al. developed an adaptive dynamic inversion control architecture
for controlling a full 6 degree-of-freedom (DOF) hypersonic vehicle model. Full state measure-
ment was assumed and the paper examined vehicle response to inlet unstart [14]. Sigthorsson,
et al. developed an output feedback controller for the flexible longitudinal hypersonic vehicle
model created in [15] that successfully controls the vehicle despite being unable to measure the
flexible modes [16]. Johnson, et. al developed a guidance and control architecture for hypersonic
ascent and entry vehicles and applied it to a six degree-of-freedom X-33 simulation. A trajec-
tory generation algorithm and neural network based dynamic inversion controller were developed.
Pseudo-control hedging was used as well [17]. Yang, et. al. presented a nonlinear dynamic in-
version controller capable of controlling a rigid-body longitudinal model of a hypersonic vehicle.
Unknown external disturbances are included in the dynamics of every state and a nonlinear ob-
server is used to handle disturbances and parameter uncertainties [18]. The majority of the NDI
controllers described above rely on full state measurement and do not prevent the system from
violating important state constraints. This dissertation offers novel approaches that resolve these
practical hypersonic vehicle control concerns.

Other adaptive control frameworks capable of handling nonlinear systems have also been used

in the control of hypersonic vehicles. Sun, et. al presented a nonlinear controller capable of



controlling the flexible, longitudinal hypersonic vehicle model developed in [15]. Without using
dynamic inversion and by taking advantage of aeropropulsive and elevator-to-lift coupling, this
paper reduces the control problem to a set of linear algebraic equations. A nonlinear disturbance
observer is used to handle parametric uncertainty and an H-infinity controller is included in order
to suppress undesired dynamics due to the flexible modes [19]. Serrani and Bolender developed
a nonlinear adaptive controller capable of controlling a 6-DOF rigid body model of a hypersonic
vehicle. The inner loop uses dynamic inversion adaptive control to ensure that the forward veloc-
ity (u) and the angular rates (p, ¢, r) track their reference trajectories. The outer loop is composed
of three robust controllers that generate reference trajectories for the lateral velocity (v), altitude
and heading angle. Actuator dynamics are included in the simulation model and dynamic con-
trol allocation is used to account for discrepancy between the commanded and actual deflection
values [20]. Sun, et. al present a nonlinear back-stepping approach to controlling a rigid-body
longitudinal model of a hypersonic vehicle. A nonlinear observer is used for disturbance rejec-
tion and to handle parametric uncertainty. Simulation studies show the ability of this controller
to track altitude and velocity step commands [21]. Zong, et. al. developed an adaptive controller
for a flexible longitudinal model of a hypersonic vehicle. It focuses on the velocity and altitude
subsystems and designs a controller capable of tracking reference trajectories in these two states
in the presence of actuator dynamics and constraints. In order to account for uncertainty in the
dynamics, a neural network is used to approximate the basis functions that are used in the adap-
tive law. The rigid body modes are proven to be stable via Lyapunov analysis; the flexible body
modes are included and evaluated through simulation [22]. Xu presented an adaptive controller
capable of controlling a flexible longitudinal model of a hypersonic vehicle. Nonlinear actuator
dynamics as well as an input dead-zone are included in the model. The vehicle attitude is con-
trolled using dynamic surface control, which is similar to back-stepping. Parameter uncertainty
is handled using a neural network based adaptive controller [23]. Mu, et. al. developed a neural

network based control approach to controlling a longitudinal model of a hypersonic vehicle. A



sliding-mode baseline controller is developed and then integrated with an artificial neural network
to account for parametric uncertainties and disturbances. The controller is designed for tracking
velocity and altitude commands [24]. Balas, et. al. presented a direct adaptive controller designed
for a linear longitudinal hypersonic vehicle model but tested in simulation on a nonlinear model.
The coupling between the elevator and fuel-equivalence ratio is examined and accounted for in
the control design [25]. By using alternative approaches to NDI, the class of systems that these
references address can often be restrictive. The general class of nonlinear systems addressed in

this dissertation is described in the next section.
1.3 Baseline Tracking NDI Adaptive Controller

The motivational issues described in Section 1.1 are addressed in this dissertation by build-
ing upon a previously developed NDI adaptive control framework capable of tracking a reference
model. This baseline tracking NDI adaptive controller will be referred to through out the disserta-
tion, often for comparative purposes. For completeness and in order to ensure proper understanding
of these comparison cases, the baseline controller is derived and its stability is proven.

In this dissertation, the class of systems of interest is made up of nonlinear, affine-in-control

systems with dynamics that can be represented by the equations

T = f(x)+ g(z)Au (1.1)

y=Czx (1.2)

where x € R" is the system state, © € R™ is the control, the vector f(z) € R™ represents the
nonlinear open-loop dynamics of the system which are assumed to be bounded for bounded z, and
g(x)A € R"*™ represents the control effectiveness of the system. It is assumed that f(z) and the
constant matrix A € R™ " are unknown but that A has full rank. The matrix g(x) € R™*™ is

considered known. In the output equation (1.2), y € RP represents the outputs which are desired



to be controlled such that ng, > m > p. The matrix C' € RP*"s is constant, known, and assumed to
have full rank. It is also assumed that the product C'g(x)A has full rank for all = and that full state
feedback is available.

The control objective is for the system outputs to track a linear reference model y,,, € R? with
dynamics defined by

ym = Amym + er (13)

where r € RP is a reference input signal. The matrix A,, € RP*?P is Hurwitz, and B,, € RP*P_ Itis
assumed that the reference input signal 7 is continuous and bounded. The system tracking error is

defined as

€E=Ym — Y (14)

1.3.1 Tracking Error Dynamics

In order to prove that the closed-loop system is stable, it will be useful to formulate the system’s
tracking error dynamics. The first step towards achieving this is taking a derivative of Equation
(1.4) with respect to time,

€= Un—Y

¢ = jm — Cf(z) — Cg(z)Au (1.5)

It is assumed that the matrix A can be decomposed as

A=1+0A (1.6)

where [ is the identity matrix and JA € R™ ™ is characterized by 0 < 0A < I, that is no
eigenvalue of A has a magnitude greater than 1. In order to account for the uncertainty in the

matrix A, the estimate A is defined as

A=1+0A (1.7)



where §A € R™*™. The error dynamics are finalized by adding and subtracting g(x)f\u to the

right hand side of equation (1.5). Defining 6A = dA — A leaves
é = tm — Cf(z) — Cg(x)Au + Cg(z)dAu (1.8)

1.3.2 Control Law Development

The baseline tracking NDI adaptive control law is given by
u = [Cg(x)A]! (y'm — Cf(z) + Ke — u> (1.9)

where the notation (-)' represents the right-handed pseudo-inverse if m > p and the true inverse if
m = p. The vector v € RP is an adaptive signal used to account for parameter uncertainty. The
vector f () : R™ — R™ is an estimated model of the plant dynamics, and K € RP*? is a positive
definite error feedback gain matrices such that X = K7 > (. Substituting the control law (1.9)

into Equation (1.8) results in

¢ =—Cf(z)+ Cf(x) — Ke + v+ Cg(z)dAu (1.10)

It is assumed that the difference C' f (x) — C'f(z) can be parameterized as
Cf(z)—Cf(x) = W'b(x) (1.11)

where, W € R"»*? is a matrix of unknown constant weights and b(x) € R"™ is a vector of known,
potentially nonlinear, basis functions that is assumed to be bounded for all bounded x. In order to

account for the uncertainty in the open-loop dynamics f(z), the adaptive signal v is defined as

v =WTh(z) (1.12)



where W is an estimate of the unknown weight matrix W and is updated through an adaptive law.

Defining W=Ww-— W, Equation (1.10) can be rewritten as
¢ =—WTb(z) — Ke + Cg(z)dAu (1.13)

1.3.3 Adaptive Law Development

The adaptive laws of the baseline tracking NDI adaptive controller, which are used to update

the estimated matrices W and 6A, are given by

W = Ty Proj,, (W, b(z)eT) (1.14)

SA = TaProjy, (6A, —g(z)TCTeu?) (1.15)

where I'yy € R™*™ and T'y € R™™ and T'; = I'7 > 0 for i = W, A are adaptive gain matrices.

The operator Proj,, represents the matrix projection operator and is defined as
PrOjM<é)> Y) = [Proj(éla y1)> ...PI‘Oj (én7 yn)] (116)

where © € Rt — [él,ég,...éb], Y € R™ = [y, 1s,...;s), and Proj represents the vector
projection operator. In adaptive systems, S} typically represents a matrix of estimates of some

unknown constant parameters © € R*?. The vector projection operator is defined as,

(

Yi — W%h(éi% if h(éz) >0, szVh<éi> >0

Proj(0;, i) = (1.17)

Yi, otherwise



where 0; € R, yi € R, h(éz) : R* — R is a convex function, and

T

Vh(0:) = |on(6;) /06, ... Oh(b;)/d6;,

The projection operator is constructed so that a known maximum bound can be set for each of the
vectors, HAZ [26,27]. For the class of systems of interest in this development, this corresponds to
known bounds on the norm of the columns of the unknown parameter matrices, /V[7 and §A. The
bounds are selected based on one’s knowledge of the uncertainty in the system. If the uncertainty
is assumed to be unbounded there may not be enough actuator authority to guarantee that control
objectives are met. Therefore, it is assumed that there is some understanding of the uncertainty
in the system, and that knowledge is reflected in the controller by bounding the weights through
the projection operator. The following lemmas, given in [26], describe important properties of the

projection operator that makes it useful in the field of adaptive control.

Lemma 1.3.1. Let él € R® be the estimate of an unknown constant vector 0; € R* which is
contained in the convex set )y defined as 2y = {0 € R*|h(0) < 0} such that € . The

following condition holds

. T .
(0= 6:) (Proj(di,y) —y) <0 (1.18)
Proof. See Appendix A. [

Remark 1.3.1. Let © € R**® = [0, 0,, ...0;]. Given the definitions of © and Y used in (1.16), it is

straightforward to show using Lemma 1.3.1 that

A

tr ((é — 0)T(Proj,;(0,Y) — Y)) <0 (1.19)

where ¢r(+) is the trace operator.

Lemma 1.3.2. Given the convex function h(0) : R* — R, if an initial value problem, i.e. adaptive

10



control algorithm with adaptive law and initial conditions, is defined by

~

1. 6; = Proj(6:,y)
2. 0;(t=0)eQ 2 {0 eRn(H) <1}
then HAZ € Qy forallt > 0.
Proof. See Appendix A. [

Additionally, it is shown in Appendix B that through the use of the projection operator in the
adaptive law for SA, the total estimate A is guaranteed to be invertible at all times as required by

the control law (1.9).
1.3.4 Stability Analysis

Theorem 1. Consider the nonlinear dynamical system defined in (1.1), the reference model defined
in (1.3), the baseline tracking NDI adaptive control law defined in (1.9) and the adaptive laws
definedin (1.14) and (1.15). Given a continuous and bounded reference input signal, r, the tracking

errore — 0 ast — oo.

Proof. In order to prove the stability of the baseline tracking NDI controller, the following candi-

date Lyapunov Function is chosen

V= (eTe 4 tr (WD W) + tr(aﬂrglaﬂ)) (1.20)

N | —

A derivative of (1.20) is taken with respect to time along the system trajectories
V = eTé+ tr(WITy W) + tr(SAT '6AT) (1.21)

Substituting in the error dynamics, Equation (1.13), and applying the trace identity a”b = tr(ba’),

11



results in
V=—elKe+tr (WT(F;VI/VV — b(m)eT)> +tr (5/~\(I’X15j\T + ueTC'g(x))> (1.22)
Substituting the adaptive laws (1.14) and (1.15) and utilizing Lemma 1.3.1 leaves
V<—e'Ke<0 (1.23)

which implies that e, W, and §A are bounded and that fooo el Kedt exists and is finite. Since the
reference signal r is assumed to be continuous and bounded, this implies that y,,, b(x), u, and é
are bounded as well which implies that e is uniformly continuous in time. Therefore, Barbalat’s

Lemma [28] implies that e — 0 as ¢ — oo. ]

Remark 1.3.2. A significant limitation of the above approach is that it does not formally address the
issue of actuator saturation limits. The projection operator is useful in ensuring that the adaptive
signals remain small but the control law given in Equation (1.9) makes it clear that the magnitude
of the control signal will still be heavily dependent on the specific system dynamics. Nevertheless,
NDI adaptive control is well suited for the control of hypersonic vehicles as a very small change
in control surface deflection angle will have a significant influence on the vehicle at large Mach
numbers. Additionally, although no theoretical guarantees are made about saturation limits, such
limits are included in all simulation studies shown in this dissertation and it is demonstrated that

even when achieving complex maneuvers they are not encountered.
1.4 Introduction to the Generic Hypersonic Vehicle Model

The primary dynamical model used in this dissertation is a high fidelity, nonlinear, six degree-
of-freedom hypersonic vehicle simulation known as the generic hypersonic vehicle (GHV). The
GHYV is a Simulink based model of a hypersonic aircraft, developed at the Air Force Research

Laboratory for the purpose of testing control algorithms. The aerodynamic and thrust forces and

12



moments acting on the vehicle are modeled using look-up tables that were generated using shock-
expansion methods with a viscous correction. The equations of motion for the generic hypersonic
vehicle were derived using a Lagrangian approach by Billamoria and Schmidt [29]. The derivation
utilizes an Earth-centered inertial frame with a rotating, spherical Earth. The following simplifying

assumptions were made:
1. The vehicle is assumed to be inelastic
2. The vehicle is assumed to have no rotors

3. Terms involving fluid flow were dropped as they are accounted for in aerodynamic and en-

gine lookup table data
4. Wind-related terms are neglected

The state vector for the GHV, x € R?, and the total control vector, @ € R, are given by

T
T = {VT ¢ z, Z‘T:| (1.24)

T
P = [¢ 0 14 (1.25)

T
Ty = [ﬁ a] (1.26)

T
T, = {p q r} (1.27)

T

u= |:(5th Opr Op1 Oy 5t,l:| (1.28)

In this model, the total velocity, V7, is controlled using a proportional-integral-derivative (PID)
controller with the intention of maintaining airspeed. The input to the controller is the desired total
velocity, and the output is the air-fuel equivalence ratio. This equivalence ratio is then translated
into a throttle command, d;,. For the work presented in this dissertation, the PID controller is

considered separate from the NDI adaptive controller of interest. The throttle control signal will be
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manifested implicitly in the thrust force and moment terms of the equations of motion. Therefore,
the control vector definition is modified such that the control law development only applies to the

control surface deflections

W= 165, Op1 Opp Opy (1.29)

The dynamics of the generic hypersonic vehicle model are given by the following first-order dif-
ferential equations,

Total Velocity Dynamics:

Vi = == cos(a) cos(f) — - + a1 (1.30)

Kinematic Equations:

1 tan#sing tanf cos¢
=g CoS @ —sing | Tr (1.31)

0 singsect cosgpsect
Aerodynamic Angle Dynamics:

—((Y + Fr,) cos B+ mgs — (Fr, cosa — Fr,sina)sin f3)

- mVrp
m(—L +mgs — Fr, sina + Fr, cos a) 1)
sin «v 0 —cos
+ Ty
— tan 3 cos « 1 — tan fsin «
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Moment Equations:

Ia: 0 _Izz —dzPq + ([z - Iy)QT bCE
T, = 0 I, 0 — (I, — L)pr + L.(p* — r*) | + Mz + 45 |cC,,
_[acz 0 [z [xzqr + (Iy - [x)pq an

(1.33)

where

g1 = g (—cos(a) cos(B) sin(#) + sin(B)sin(¢) cos(#) + sin(a) cos(5) cos(¢) cos())  (1.34)
g2 = g(cos(a) sin(B) sin(6) + cos(B) sin(¢) cos(0) — sin(a) sin(B) cos(¢p) cos(d))  (1.35)

g3 = g(sin(a) sin(#) + cos(«) cos(¢) cos(6)) (1.36)

and where the following decompositions can be formed,

L=Cyq8 (1.37)
D = CpgsS (1.38)
Y = CyqS (1.39)

bC, b(Ci(ev, B) + 5=(Ci,p))

.. | = |e (C;n(a, B) + ﬁC’mqq + Cm,5> + Hu (1.40)

bC., b(C) (e, B) + 5t (Cn, 1))

The vehicle moment’s dependence on angle-of-attack and sideslip angle is described by the poly-
nomials C)(a, 3), C! («, 8) and C’,(c, 3). The constant C,, 5 represents the effect of the control

surface deflections on the total pitch moment at the trim condition and is given by,

oC,, OCh

00y

oC,,
0oy,

oC,,

Om,5 = 851:,7«

(670 =050) + (670 =051) + (61 = 010) + (6:0=0:1)  (1.41)
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and the control effectiveness term H € R3** is given by

9Cy 9Cy aC, oC,

ba&fﬂ‘ ba6f,l baét,r b[)&t,l

H = |79Cm ~9Cm ~9Cm —0Cm
C‘%fm 035f,l €61, 086“

0Cn aC,, 9C,, a8C,,

baéf,,« ba(sf’l baét,r. b86t71

For the sake of brevity, these dynamics are rewritten in vector form as

&= [f(z) + g(z)u

V| [ ferte)

b | s

| | )

i || fel@) ]

where,

1, 0

gr(x) =10 I,

-1, 0

1.4.1 Simulation Example

u
_gT(I)_
—1
_[xz
0 (gSH)
I

(1.42)

(1.43)

(1.44)

(1.45)

A simulation example is shown to demonstrate the effectiveness of the baseline tracking NDI

adaptive control law. In this example, the control objective was to track an angle-of-attack and

sideslip angle trajectory. In order to achieve this objective, the system dynamics were broken

down into a subsystem of position-level dynamics and a subsystem of velocity-level dynamics.
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The position-level subsystem has dynamics of the form

0 Pa
iy = ¢ = fo(@) + gp(2)A | g4
G ry

5]

oo o

and the velocity-level subsystem has dynamics of the form

Oy
p
(SfJ
Ty = [q| = fv(m) + gv<x)Av
5t,r
r
Ot,l

T
yv:[p q 'r’]

where, using the notation of Equation (1.44)

1
mVrp

0
0
0
(Y + Fr,) cos B+ mgs — (Fr, cosa — Fr, sina) sin 3)

mVTlcos,B (—L +mgs — Fr, sina + Fr, cos «)
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(1.47)

(1.48)

(1.49)

(1.50)



[ 1 tanfsing tan#cos ¢ ]
0 cos ¢ — sin ¢
9p() 0 singsec  cosgsect (1.51)
sin « 0 — cos
| —tan Scosa 1 —tan fsina
fol@) = fi(2) (1.52)
9o(x) = g, () (1.53)

Due to the fact that g, (z) is made up of known trigonometric functions, it is assumed that A, = I3
is known perfectly. Although A, is equal to the identity matrix, the initial estimate A, (¢ = t,) was

set to

(1.54)

The weight estimate matrices were initialized as Wp(t =0) = Wv(t =0)=0.

Note that for the position-level subsystem, the control vector is made up of the desired body-
axis angular rates and for the velocity-level subsystem, the control vector is made up of the control
surface complement of the GHYV, two elevons and two ruddervators. The desired angular rates are
calculated using (1.9) and the position-level subsystem dynamics and are then fed into the velocity-
level subsystem which tries to track them by once again using (1.9), as shown in Figure 1.1. To
make the simulation more realistic, second-order actuator dynamics with damping ratio { = 0.7

and natural frequency w,, = 25H z were included and position and rate limits were placed on the
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Figure 1.1: Breakdown of the position-level and velocity-level subsystems of the GHV.

actuators of 30 deg and 100 deg /s, respectively. In addition, a time delay of 0.01s was included in

the simulation. The initial flight condition was a velocity of Mach 6 and altitude of 80, 000 f¢.

1.4.2 Results

Using the baseline NDI adaptive controller, the generic hypersonic vehicle was commanded to
track a 4 deg angle-of-attack doublet followed by a 2 deg sideslip angle doublet. Time histories
of the aerodynamic angles, total velocity, and control surface deflections are shown in Figure
1.2 demonstrating successful completion of the control objective. The Euler angle and body-axis

angular rate trajectories are shown in Figure 1.3 and the evolution of the adaptive parameters W

and A are shown in Figure 1.4.
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Baseline Tracking NDI Adaptive Controller
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Figure 1.2: Baseline Tracking NDI Controller. Time histories of sideslip angle, angle-of-attack,
total velocity and the control surface deflections.
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Figure 1.3: Baseline Tracking NDI Controller. Time histories of Euler angles and body-axis angu-
lar rates.
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Figure 1.4: Baseline Tracking NDI Controller. Time histories of the adaptive signals.
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2. NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL WITH STATE
CONSTRAINTS USING SLIDING MODE CONTROL*

2.1 Introduction

There are many situations in control systems theory, and particularly in flight control, where
it is useful (if not imperative) to restrict which regions of the state-space the system can access.
This has led to the integration of state constraint techniques with existing control architectures.
When looking at aircraft control, this safety region is often referred to as the flight envelope. State
constraining augmentation systems have been shown to be capable of preventing pilots from com-
manding an aircraft to enter the stall region by limiting angle-of-attack [30] and have also been
used to limit the amount of g-force that can be applied to a vehicle [31]. In addition, it has been
shown that supersonic and hypersonic vehicles are susceptible to a phenomenon known as inlet
unstart if the vehicle flies at medium or large values of angle-of-attack or sideslip angle [32]. Inlet
unstart can be defined as a disruption of the airflow through the inlet which can lead to a loss of
thrust as well as the induction of large undesirable moments and departure from controlled flight.
State constraint control techniques that can restrict the values of angle-of-attack and sideslip angle
that can be achieved could potentially be used to prevent inlet unstart. Although the state con-
straint methods developed in this dissertation are motivated by the problem of inlet unstart, they
are applicable to a general class of nonlinear systems.

Enforcing state constraints has been developed in the fields of linear control theory [33], opti-
mal control [34-36], model-predictive control [37], and adaptive control [38—41]. In this section,

a sliding mode controller is presented which was motivated by the work done in [38] and [39].

*Part of this Section is reprinted with permission from "Enforcing State Constraints on a Model of a Hyper-
sonic Vehicle" by Douglas Famularo, John Valasek, Jonathan A. Muse and Michael A. Bolender in AIAA Guidance,
Navigation and Control Conference (San Diego, California), January 2016.
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In [38], an adaptive controller is developed which uses a neural approximation to handle unknown
nonlinearities. As the state exits a certain region of the state-space, these approximations become
poor and the controller uses a modulation function containing the saturation function in order to
change modes, restrict the system states, and maintain stability. In [39] a state limiting adaptive
controller that also uses a modulation function with the saturation function to change modes is
developed and shown to enforce state constraints on uncertain systems with dynamics representing
the decoupled fast responses of aircraft. The saturation-based modulation function concept allows
for such sliding mode controllers to smoothly transition between “tracking mode" and “state con-
straining mode". The method presented in this section takes advantage of this technique in order to
achieve smooth transitions, however its implementation in an NDI framework leads to significant
changes in the overall development. Unlike the two papers previously discussed, the modulation
function defined here depends primarily on the reference trajectory that the system is being com-
manded to follow. This allows for the controller to differentiate between commanded trajectories
that are safe and those which exceed some constraint. A slight modification is made in the modula-
tion function definition such that state constraints are still enforced in the presence of disturbances.
The development of this approach is an expansion of the concept first presented in [42].

The control objective is to stabilize the system tracking error while maintaining that the system
outputs remain in a predefined constraint set. Through the use of a modulation function, the control
and adaptive laws alter their behavior as an output approaches a particular region of the state-space
and it is proven through Lyapunov analysis that such alterations restrict the output from exceeding
its constraint. Furthermore, if the system is given a reference command that is well within the safe
region of the state-space, the controller presented in this section reduces to the tracking controller
described in Section 1.3. Following the derivation of the controller and the stability analysis, the
sliding mode state constraint (SMSC) controller is implemented in the GHV simulation and it is
shown that it is capable of restricting what values of angle-of-attack and sideslip angle the vehicle

can achieve.
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2.2 Problem Statement

Consider the class of systems described in Section 1 that is composed of nonlinear, affine-in-

control systems with dynamics that can be represented by the equations

T = f(x)+ g(x)Au 2.1

Y= Cx (22)

where © € R" is the system state, v € R™ is the control, the vector f(z) € R™ represents the
nonlinear open-loop dynamics of the system which are assumed to be bounded for bounded x, and
g(x)A € R™*™ represents the control effectiveness of the system. It is assumed that f(z) and the
constant matrix A € R™*"™ are unknown but that A has full rank. The matrix g(x) € R™*™ is
considered known. In the output equation (2.2), y € RP? represents the outputs which are desired
to be controlled and/or constrained such that n, > m > p. The matrix C' € RP*™s is constant,
known, and assumed to have full rank. In order to utilize a dynamic inversion control law, the
scope is limited to systems where the product C'g(x)A has full rank for all x.

For the state constraint controller presented in this section it is assumed that full state feedback
is available. The control objective is to stabilize the system tracking error while maintaining that
y € Y where Y is a predefined constraint set for the outputs of interest. The system tracking error

1s defined as

€= 1Ym —Y (2.3)

where y,,, represents a reference model signal for the system outputs. It is assumed that the system
outputs are selected such that if the tracking error is bounded it can be concluded that the full state

vector x is bounded as well. The desired reference model dynamics are given by

ym = Amym + er (24)

25



where y,, € R? and r € RP? is a reference input signal. The matrix A,, € RP*? is Hurwitz, and
B,, € RP*P_Tt is assumed that the reference input signal r is continuous and bounded such that

there exists a known constant C,,, where

|Ymll < Cr ||| < Cm (2.5)

Note that the constant C),, does not restrict the reference model to remain within the predefined
constraint set, i.e. ¥, may be in the set Y but it need not be. Given the definitions and derivation

of Section 1.3.1 the error dynamics can be expressed as

é = tm — Cf(z) — Cg(x)Au + Cg(z)dAu (2.6)

2.3 Control Law Development

In this section the SMSC controller is introduced and it is shown that either the system’s track-
ing error e or threshold error ey, is uniformly ultimately bounded for all ¢ > 0. The threshold error

is defined as

€th = Yth — Y 2.7)

where

ymax,i + 52' if |ymax,i - yz| < |ymzn,z - yz|
Ythi = (2.8)

Yming — 0;  if ’ymznz —yi| < |yma:p,i — yi
The definition (2.8) describes how the pre-defined parameters ¥,,4,.; + 0; and Y, ; — 6; form the
p—dimensional hypercube Y, inside of which it is desired that the outputs remain. The variables
d; > 0 are tuning parameters that define the size of the transitional space in which the controller
slides from “tracking mode" to “state-constraining mode". Therefore, a smaller hypercube, Y —AY
is defined with boundaries defined by the parameters y,,q,.; and yn ;. A two-dimensional generic

example of such hypercubes is shown in Figure 2.1. Note that the parameters that define Y and
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Y — AY need not be symmetric. The mechanism used for sliding between the different control

o N ]

4r 1| Ymin,1 = —4
3l Y T AY 1 |Ymaz,1 = 12
ol | Ymin,2 = —4

Ymazx,2 = 4
r ) (51 =0.5
ool 1100 = 0.75

AL J

ol J

3b J

4l J

5L J

s 2 0 2 4 & 8 10 12

Figure 2.1: Two dimensional example of the hypercube that defines the output constraint set for
two generic outputs, y; and ys.

modes is known as a modulation function and is defined as

1 if Ymi < Ymin,i — 05 OF Yi < Ymin,i — 0;

(=Ym,i + Ymin,i) /0 I Yming — 0i < Ymi < Yming AN Yrmini — 0 < Yi < Ymaz,i + 6
mi(Ym,i) = 4 0 i Yming < Ymii < Ymazi A Ymini — 08 < Yi < Ymaz,i + 0
(Ymi = Ymaz,i)/0i I Ymazi < Ymi < Ymaz,i + 6 and Yrmini — 6 < Yi < Ymaa,i + 0

1 if ymax,i + 6z S ym,i or ymax,i + 61 S Y;

\

(2.9)
The modulation function’s dependency on the reference model is useful because it allows for the

controller to differentiate between commanded trajectories that are safe, and those which exceed

27



some constraint. The additional dependency on the true outputs, i.e. m; = 1 if y; < Ypnin; — 0; Or
Yi > Ymaz,i +0; is included as a safety measure to handle disturbances. With this added precaution,
the SMSC controller is capable of enforcing state constraints both when an unacceptably large
command is given and in the presence of disturbances. Both will be demonstrated in simulation.
Equation (2.9) is but one of many possible modulation function options for achieving the control
objective. Here, the transition from O to 1 and from 1 to 0 occurs linearly. This transition however,
can take place in a multitude of ways as long as m;(y,, ;) remains piecewise differentiable [39].
In order to ensure that the tracking error dynamics given in Equation (2.6) remain stable, the

SMSC control law is given by
u = [Cg(z)A]! (ym —Cf(x) + (I — M)(Kie —v) + M(Ksem — VSC)> (2.10)

where the notation (-)' represents the right-handed pseudo-inverse if m > p and the true inverse if

m = p. The matrix M € R™ " in the control law is a diagonal matrix of the form

m1<ym71) 0 oo 0
0 ma(Ym 0
M 2(Ym.2) @.11)
0 0 mp(ym,p)_

The vector v € R” is an adaptive signal used to account for parameter uncertainty and vgc € R” is

a state constraint signal. The vector f (z) : R™ — R" is an estimated model of the plant dynamics,

and K; € RP*? for i = 1, 2 are diagonal error feedback gain matrices such that K; = K! > 0.
Substituting the SMSC control law, Equation (2.10), into the tracking error dynamics, Equation

(2.6), results in
¢ =—Cf(z)+ Cf(z) — (I — M)(Kye —v) — M(Kaey — vse) + Cg(z)dAu (2.12)
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As shown in Section 1, it is assumed that the difference C'f(z) — C'f(z) can be parameterized as
Cf(z) — Cf(z) = Wb(x) (2.13)

where W € R™*? is a matrix of unknown constant weights and b(x) € R™ is a vector of known,
potentially nonlinear, basis functions that is assumed to be bounded for all bounded x. In order to

account for the uncertainty in the open-loop dynamics f(x), the adaptive signal v is defined as
v =W7Th(x) (2.14)

where IV is an estimate of the unknown weight matrix W and is updated through an adaptive law.

This allows for Equation (2.12) to be rewritten as
€= —WTb(x) — (I — M)Kie — M(Ksey, — vse + v) + Cglz)dAu

where W = W — W. The adaptive laws which are used to update the estimated matrices W and

SA are given by

W = Tw Projy, (W, b(z)[e" (I — M) + ¢& M]) (2.15)

JA = TaProjy (0A, —g(2)TCT (I — M)e + Megy)u™) (2.16)

where 'y € R and 'y € R™*™ and I'; = I'7' > 0 for i = W, A are adaptive gain matrices.

The state constraint signal vg¢ is defined as

vsc = vV + Kscsat(ewg/em) + bsc
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where Kgo € RP*P is a time-varying gain matrix defined as

= Y + (1 = mi(Ymyi)) Kies| ifi=7
KSC,ij - (217)

0 otherwise

if mi(Ymi) > €m

* M (Yrm,i)

0 otherwise

and where ¢, 1s a tuning parameter that ensures m; does not grow very large. The matrix Kg¢

acts upon a vector that utilizes the saturation function and is defined as

T

sat(ew/€m) = sat(em/€m1) sat(ewma/€ma) .. sat(ewnp/€mnp) (2.18)
Z}—h if|% <1

sat(en,i/€ni) = ’ ’ (2.19)

sign(ew, ;) otherwise

The saturation function is used to smoothen the transition from “tracking mode" to ‘“‘state-constraining
mode" and helps to prevent chattering in the control signal. The variables €, ; > 0 are tuning pa-
rameters which moderate the behavior of the saturation functions and bg~ € RP is a vector to be
defined. With the control law now completely defined, the tracking error dynamics can be finalized

as
e =—WTb(z) — (I — M)Kie — M(Ksey, — Kgosat(en/em) — bsc) + Cglz)sAu  (2.20)

2.4 Stability Analysis

Theorem 2. Consider the nonlinear dynamical system defined in (2.1), the reference model defined

in (2.4), the SMSC control law defined in (2.10) and the adaptive laws defined in (2.15) and (2.16).
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Given a continuous and bounded reference input signal, r, and assuming finite initial conditions,
either the tracking error e or the threshold error ey, is bounded for all t > 0, which implies that
the control signal is bounded as well. Furthermore, if the steady-state value of the reference model

Ym.ss € Y — AY then e is asymptotically stable and if y,, ss ¢ Y then ey, is asymptotically stable.
Proof. To prove the stability of the SMSC controller the following candidate Lyapunov function

1s chosen

V= (eT(I — M)e + €5 Mey, + tr(WTT3' W) + tr((sAF;%sAT)) 2.21)

N | —

A derivative of (2.21) is taken with respect to time along the system trajectories. Note that M =
M'y,, where M’ € R"*" is a diagonal matrix with m}(y.,;) = dm;/dy,,; along the diagonal.
Also note that when m; # 0, é;,; = —v;. The derivative is given by
V=el(I-M)é-— %eTM’Yme — el My + %eﬁM’Ymeth + tr(WTF;Vlﬁ) + tr(éATFX15/§T)
(2.22)
where Y;,, € RP*? is a diagonal matrix with the vector ,, along the diagonal. Substituting in the
error dynamics given by Equation (2.20) and deriving a new expression for the output dynamics

using y = v,, — ¢, Equation (2.22) can be rewritten as

V =el'(I - M) (—WTb(x) — (I — M)Kie — M(Kaey, — Ksosat(ewg/€em) — bse) + C’g(:c)é[\u)
—eh M (y'm +Whh(z) + (I — M)Kye + M (Ksey, — Ksesat(ewm/emn) — bse) — C’g(:v)é]&u)
1 . 1 . —~ /‘\ ~ X
- §eTM'Yme + §ez;lM’Ymeth +tr(WITH W) + tr(SATT 16AT)
(2.23)
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Applying the trace identity a’b = tr(ba’), results in

. 1 .
V =el'(I — M) (—(I — M)K e — M(Kyey, — Kscsat(em/em) — bsc)) — 5eTM’Yme

— e;FhM (Ym + (I — M) Kye + M (Kaey, — Ksesat(em/emn) — bse)) + §€Z;1M/Ym€th

Tt (’WT(P;VIW = b (T = M)+ eh, M) + tr (SAT(6AT + ule? (1 = M) + €, M]Cg(a)))

(2.24)

Substituting the adaptive laws (2.15) and (2.16) and utilizing the properties of the projection oper-

ator leaves

. 1 .
V <el'(I — M) (—(I — M)Kie — M(Kyey, — Kscsat(em/em) — bsc)) — 5eTMYme

— ez,;M (Ym + (I — M) Kie + M (Ksey, — Ksosat(eg,/em) — bsc)) + §etThM'Ymeth

(2.25)

In order to complete the proof, the system is analyzed across three cases: M = 0, M = I, and
0 < M < I. These cases correspond to very specific scenarios where all of the reference states
are either inside their independent constraint sets, i.e. y,, € Y — AY , outside their independent
constraint sets, i.e. y,, ¢ Y, or transitioning between the two sets. In general, at any given time
m;i(Ym,;) may equal zero for some ¢ and have a non-zero value for others. However due to the
fact that M, K, K5, M’ and Ym are diagonal, the analysis shown here can be performed almost
identically on an output-by-output basis and therefore analysis of the three cases mentioned above

is sufficient.

Casel: M =0

If M = 0then M’ = 0 as well and the Lyapunov function derivative (2.25) simplifies to
V< —e"Kie<0 (2.26)
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which implies that, assuming finite initial values, e, e, W and §A are bounded whenever M = 0.
Furthermore, if M = 0 in steady-state, the inequality (2.26) implies that e, €4, 55, Wss and 5]\83
are bounded and that fooo el Ke,dt exists and is finite. The subscript “ss" signifies the steady-state
value. Since the reference signal 7 is assumed to be continuous and bounded this implies that
and ég are bounded as well, which implies that e, is uniformly continuous in time. Therefore,

Barbalat’s Lemma implies that if M = 0 ast — oo, thene — 0 ast — oo.

Case2: M =1
If instead M = I it once again implies that M/’ = 0 and the Lyapunov function derivative (2.25)

can be rewritten as
V S —65LK26HL - 63;(’ym — Kgcsat(eth/eth) - bsc) (227)

It will be shown that b = 0if M = I. Consider the scenario where sat(esw, ;/€ini) = sign(ewm.i/€tn.i)-

The inequality (2.27) can then be rearranged as

V< —el Koey, — |ed | (Ymsign(eth) + ]ym]> <0 (2.28)
T
where for any vector v € R", the absolute value notation |v| signifies [|U1| lva| ... !Uv!] and
T
sign(ey,) = {sz’gn(eth,l) sign(emz) .. sign(ethyp)}

This implies that whenever M = I the threshold error e, is driven to a set where
|etnil < € Vi (2.29)

at which point |sat (e, ;/€n:)| < 1 for all 4. This also implies that W and §A are bounded when-
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ever M = I. Furthermore, if M = [ in steady-state then the inequality (2.28) reduces to
V < —el Koey, <0 (2.30)

which implies that e, e, ss, WSS and 6/~\85 are bounded. Using a similar argument to the one made
above and invoking Barbalat’s Lemma, the expression (2.30) implies that if M = [ ast — oo then

e, — 0ast — oo.

Case3: 0 < M <[

Finally, we examine the case where 0 < M < I, that is, when the controller is transitioning be-
tween “tracking mode" and “‘state-constraining mode". Once again we begin by considering the
scenario where sat (e, i/ €mi) = Sign(eswmn.i/€m. ;). The Lyapunov function derivative (2.25) can be

rewritten as

' 1 : 1 :
V <ef(I — M) (—(I — M)K e — M(Kyey, — Kscsign(em) — bsc)) — 5eTM’Yme + §etThM’Ymeth

— lefu| M (Sign(em) (9m + (I — M)Kie4) — MKgc) — ef, M*(Kaey, — bsc)

2.31)

where Sign(e;,) is a diagonal matrix with the vector sign(e;;,) along the diagonal. It was shown
above that when the modulation function m;(y,, ;) is equal to zero, the tracking error e is tightly

bounded. Therefore, we assume that whenever 0 < 1m;(Yn.i) < €m,
|€tn,il i (Ym.i) < €mbi (2.32)
In addition, we assume that when 0 < 1m;(Yp:) < €,
M (Ym,i) 2 M (Y ) (1 — M (Ym,)) 20
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Therefore, if 0 < m;(ym.;) < €, for all 7, the Lyapunov function derivative reduces to
: T 2 Lopyo Lo T ap-
V<—e(I—-M)7~>Kpe— 3¢ M'Y,.e + EethM Yinewm — e, MU,
which can be rewritten as
V< —el'(I — M)*Ke + %(yth — ) T MY (s — Ym) — €5 Mt
Note that whenever 0 < M < I, the difference v, ; — Y ; 1 by definition bounded by
Ytni — Ymil < 0
Therefore, due to the inequalities (2.5) and (2.32) the following inequality holds
ettt (L ) sunc

where

5maw = Inax 51
7
This implies that whenever 0 < M < ¢,,[ the tracking error e is driven to a set where

(3 + €m) 6:Cni

2
12 <
feil” < (1 — €)%Ky 4

(2.33)

(2.34)

(2.35)

(2.36)

(2.37)

If instead, €,, < m;(ym;) < 1 for all 4, then by substituting in the definition of Kgc given in

35



Equation (2.17) the Lyapunov function derivative becomes

) 1 .
V<—el(I-M?Kie+e' (I —M)(—M(Kaey, — Ksesign(em) — bsc)) — §eTM’Yme

1 .
—el M'Y e, — el M*(Kyey, — bse)

2
(2.38)
This can be rearranged as,
. 1 . =P =
V< —el(I - MP?Kie— el M*Kyey, + §(yth — Ym) MY (it — Ym) + Z%’ + Z nibsc,i
i=1 i=1
(2.39)
where
Vi = €i(1 - mz(ymz))< - mi(Qm,i)(KZ,iieth,i - Ksc,iiSign(eth,z’))) (2.40)
i = eoni; (Ymi) + € (Ym.i) (1 — M3 (Ymi)) (2.41)
To account for the terms 7; which may be greater than zero, the vector bgc is defined as
—Z— if €, < Mi(Ym,i) < land~y; >0
bsci = ' (2.42)
0 otherwise
which implies that if €,/ < M < [,
- 1
V< —el(I - M)?Kie — e}, M*Kaey, + 5POmazrCin (2.43)

The inequalities (2.36) and (2.43) imply that whenever 0 < M < I, either the tracking error e is
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bounded according to (2.37) or the threshold error e, is bounded according to

e

2
Cth.i <
| th,z| >~ 62 {:»72,7;7;

(2.44)

To handle the situation when |sat (e ;/€mn,i)| < 1 the tuning parameter €, ; is set to be less than
or equal to the right hand side of (2.44) for all . This implies that W and SA are bounded as well.

It has now been shown that assuming finite initial values the tracking error or threshold error
remain bounded regardless of the value that M takes. This implies that the chosen outputs y are
bounded for all £ > 0 which was assumed above to imply that the full state vector x is bounded.
The state being bounded implies that all signals in the control law (2.10) are bounded as well. It
was also shown that if M/ = 0 in steady-state then e is asymptotically stable and if M = [ in
steady-state then ey, is asymptotically stable. Finally, recall that these conclusions can be drawn
on an output-by-output basis such that if M contains both zero and non-zero entries along the

diagonal, the stability analysis still holds. This concludes the proof. [

2.5 Generic Hypersonic Vehicle Simulation

The SMSC controller developed above was implemented and tested in the nonlinear Generic
Hypersonic Vehicle simulation. The motivation for this simulation study was the issue of inlet
unstart; a sudden breakdown of the shock system in an inlet which can lead to departure from
controlled flight in supersonic and hypersonic air vehicles. Although inlet unstart is still a topic
of current research, one known cause for the phenomenon is that it can occur when the vehicle
flies at medium to large values of angle-of-attack or sideslip angle. Therefore, the state constraint
mechanism developed in this section was used to restrict what values of angle-of-attack and sideslip
angle the GHV could achieve and prevent inlet unstart from occurring.

In order to achieve the control objective of restricting position-level states, the system dynamics

were broken down into a subsystem of position-level dynamics and a subsystem of velocity-level
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dynamics. The position-level subsystem has dynamics of the form

¢
9 Pa
ip = || = fo(@) + gp(x)Ap | gq (2.45)
(63 Tq
5]
T
Yp = [a 5} (2.46)

where the dynamics f,(z) and g,(x) are defined in Section 1. Note that for this subsystem the
control vector is made up of the desired body-axis angular rates. This control signal is calculated
using the SMSC controller defined in Section 2.3 and taking into account the constraints on angle-

of-attack and sideslip angle. The velocity-level subsystem has dynamics of the form

Ofr
p
. O,
Ty = |g| = folx) + go(z)A, (2.47)
515,7‘
T
_6t7l_
T
Yo = [p q 7’] (2.48)

where again the dynamics f,(z) and g,(z) are given in Section 1. For this subsystem the control
vector is made up of the control surfaces of the GHV, two elevons () and two ruddervators (d; ;).
Since there are no constraints on the velocity-level outputs this control signal is calculated using
the tracking NDI control law derived in Section 1.3. This is equivalent to setting m;(y,, ;) = 0 for
allt > 0,2 =p,q,r.

Parametric uncertainty was assumed in the moments of inertia of the vehicle as well as the lift,

38



drag, sideforce and various moment coefficients which are contained in the functions f,(x) and
fo(z). Except for the moment of inertia parameters, the initial estimate of the various aerodynamic
coefficients differed by at least 20% of the truth value. Given the notation used in Section 1 to
describe the parametric uncertainty in the GHV simulation, this is equivalent to |C'x| < |0.8Cx]|
or |C'x| > |1.2Cx| VX. The basis functions used in the adaptive laws are denoted as b,(z) and

b, (z) for the position-level and velocity-level subsystem respectively and are given by

T
_ q q q 2 q q
bp(l‘)— |:VT(?OSﬁ VT((:ZOSBOC VTgos,Ba VLT % :| (249)
T
[T e R |

T
yli) = {ai /311 i=23 (2.51)

In order to make the simulation more realistic, second-order actuator dynamics with damping ratio
¢ = 0.7 and natural frequency w,, = 25H z were included and position and rate limits were placed
on the actuators of 30deg and 100 deg /s, respectively. In addition, a time delay of 0.01s was
included in the simulation. The initial flight condition was a velocity of Mach 6 and altitude of
80,000 ft. The constraints placed on the vehicle’s angle-of-attack and sideslip angle were selected
based on wind tunnel testing of a 10.5-inch HIFiRE 6 model at the Department of Aeronautics,
U.S. Air Force Academy [32]. From their experiments, the recorded values at which an inlet
unstart will occur are 14.5 deg and —5.7 deg for angle-of-attack and £5.4 deg for sideslip angle.

Therefore, in order to include a safety buffer the output threshold values were set as

Umaz  Amin 604 Bmaa: ﬁmin 55} = |:13 -4 05 4 —4 05 deg (252)

Note that in general these constraint parameters may vary greatly with varying vehicle and inlet
geometries.

The following gain and controller parameters were kept constant through out all presented
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simulation trials. For the velocity-level subsystem, the reference model was defined as

Dd
ymﬂ) = _10ym,v + 10 qd (253)

Td

The feedback gain K , using the notation used for the SMSC controller or K, using the notation

used for in the tracking controller of Section 1 were set as

75 0 0
Kl,v = Kv = 0 7.5 0 (254)
0O 0 75

Note that because no constraints were set for the velocity-level subsystem, there is no need to
define the matrix K5 ,. The adaptive gains were setas Iy , = (le — 5)I4 and
(16 - 5)] 7 0

Dy = (2.55)
0 (16 — 3)[10

where Iy represents the N x N identity matrix. Although A, = I the initial estimate A, (¢ = 0)
was set to 1.1/,. The weight estimate matrix was initialized as /V[ZJ(t = 0) = 0. For the position-

level subsystem, the reference model was defined as

. Qemd
Ymp = —Ymp + (256)

B emd
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The feedback gains were iteratively tuned and set to

10
Kip =Ky = (2.57)

0 4

Because ¢,(x) is made up of known trigonometric functions, it is assumed that A, = I3 is known
perfectly. The adaptive gain matrix was set as I'yy,,, = (le — 4)/; and the weight estimate matrix
was initialized as Wp(t = 0) = 0. The remaining controller parameters were set as €, o, = €5 =

0.05deg and ¢, = 0.2.
2.5.1 Results: Commanding an Unacceptable Reference Trajectory

Two test cases were examined in order to demonstrate the effectiveness of the SMSC controller
when dealing with unacceptably large reference trajectory commands. In the first test case 6 deg
doublets were commanded and in the second test case 10 deg doublets were commanded. Note
that according to (2.52), these commands violate the constraints cv,;,, Bmin and Biq. but not
Qmaz- The purpose of choosing such commands was to demonstrate the controllers’ ability to
handle both symmetric and asymmetric constraint sets.

Each test case was also examined using the tracking controller which had no state constraint
mechanism. No inlet unstart model was included in the simulation when generating the results
in this section and therefore adverse effects are not seen when « and [ exceed their constraints in
these comparative cases. They are useful however for studying how the control signal and velocity-

level states are affected by the use of the SMSC controller.

Test Case 1: 6 degree Doublet Command
Figures 2.2 and 2.4 show the time histories for the position-level outputs « and 3, as well as the
control surface deflections and total velocity. The Euler angle and velocity-level outputs are shown

in Figures 2.3 and 2.5. The results shown in Figure 2.3 indicate that the SMSC controller induced
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a larger pitch rate than the tracking controller in achieving the angle-of-attack based control objec-
tive. Otherwise, when commanding a 6 deg doublet in angle-of-attack the signals are fairly similar
across both controllers. Greater variation is seen across controllers in Figures 2.4 and 2.5 where
sideslip angle is being commanded. In successfully restricting /3, the control surface deflections
vary significantly from those of the tracking control law. In addition, the SMSC control law led to a
much larger roll rate command and therefore larger roll angle (although well within the acceptable
range for hypersonic air vehicles) when compared to the tracking controller. In both examples that

were investigated in Test Case 1, the control objective was achieved.

Test Case 2: 10 degree Doublet Command

The second test case contained two more challenging examples as 10 deg doublets were com-
manded despite the constraint set given in (2.52) remaining constant. The time histories are sepa-
rated as they were for Test Case 1: Sideslip angle, angle-of-attack, the control surface deflections
and total velocity are shown in Figures 2.6 and 2.8 while Euler angle and velocity-level outputs are
shown in Figures 2.7 and 2.9. In this test case some chattering is seen in the signals generated using
SMSC control law, in particular when sideslip angle was commanded. Therefore, when command-
ing the system to enter a region of the state-space that significantly violates the constraint set extra
care must be taken if utilizing the SMSC controller. Nevertheless, in both examples shown, the
SMSC controller achieves the control objective despite the large command signal without violating
actuator limitations.

Note that in Figure 2.8, the tracking control law led to a large drop in airspeed while the vehicle
is flying at a large sideslip angle. In actuality, flying at such a sideslip angle would lead to an inlet
unstart in most hypersonic vehicles. By constraining what values of sideslip angle the vehicle can
achieve, not only can inlet unstart be prevented but the vehicle is able to maintain airspeed. Also
note that as in Case 1, Figure 2.9 indicates that the SMSC controller led to a larger roll rate and

roll angle than the tracking controller.
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2.5.2 Results: Disturbance Rejection

In order to successfully prevent inlet unstart, a state constraint mechanism must be able to
restrict the system outputs not only when a large trajectory is commanded, but also in the presence
of disturbances. The SMSC controller can successfully reject disturbances due to the modulation
function’s additional dependency on the true outputs, i.e. m; = 1if y; < Ypin; — 0; Or y; >
Ymaz,i + 0;. In order to demonstrate this capability, 5 deg doublet trajectories were commanded in
both sideslip angle and angle-of-attack. During the angle-of-attack trajectory simulation, show in
Figure 2.10, a 1250(b f disturbance force lasting one second was applied to the vehicle att = 17sec
in the positive z (down) direction. During the sideslip angle trajectory simulation, show in Figure
2.11, a 2000[bf disturbance force lasting one second was applied to the vehicle at ¢ = 20sec in
the negative y direction. The disturbance forces were implemented as exogenous forces acting on
the center of mass of the vehicle in the Simulink block containing the true plant dynamics. No
information about the disturbance force timing or magnitude was provided to the controller. In
both cases, the vehicle was restricted from entering a region of the state-space within which inlet
unstart would occur. When the same disturbance was applied to the vehicle using the tracking
controller, a constraint violation occurred in both examples at the moment in time indicated in the
Figures. This demonstrates the SMSC controller’s capability to enforce state constraints not only

when large command signals are applied but also in the presence of disturbances.
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Figure 2.2: Response to 6 degree doublet command in angle-of-attack. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 2.3: Response to 6 degree doublet command in angle-of-attack. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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Figure 2.4: Response to 6 degree doublet command in sideslip angle. Time histories are shown of
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Figure 2.6: Response to 10 degree doublet command in angle-of-attack. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 2.7: Response to 10 degree doublet command in angle-of-attack. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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Figure 2.8: Response to 10 degree doublet command in sideslip angle. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 2.9: Response to 10 degree doublet command in sideslip angle. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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3. NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL WITH STATE
CONSTRAINTS USING BOUNDING FUNCTIONS

3.1 Introduction

In this section the second technique capable of enforcing state constraints in a nonlinear dy-
namic inversion adaptive control framework is presented in order to address the research issues
described in Section 2. Specifically, when developing and implementing new control algorithms
the need to restrict dynamical systems within certain regions of the state-space is an important
consideration. In the case of hypersonic vehicles, for example, state constraint enforcement can
prevent inlet unstart from occurring. In integrating such mechanisms with an NDI adaptive control
algorithm, the control techniques presented in this section and the previous one allow for suc-
cessful state constraint enforcement when dealing with nonlinear systems with models containing
significant parametric uncertainty.

The method developed in this section enforces state constraints using a bounding function tech-
nique first developed in [40] for linear systems with unknown nonlinear disturbances. The bound-
ing functions used in this technique allow for significant flexibility in designing how the controller
transitions between “tracking mode" and “‘state constraining mode". Such flexibility allows for this
technique to potentially lessen chattering in the control signal to an even greater extent than the
sliding mode controllers of Section 2. It also allows for the use of more complex constraint sets,
which will be discussed below. Other instances of using state-dependent functions in the control
law that become prevalent as the state approaches a constraint bound have been developed in [43]
and [44]. In these papers, Barrier Lyapunov functions are analyzed to ensure that these additional
functions in the control law will remain less than infinity. In [43], this method is used to directly
enforce state constraints in nonlinear systems in strict feedback form. In [44], a neural network

adaptive controller is introduced for a class of uncertain nonlinear systems. The Barrier Lyapunov
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function method is used to ensure that the system states remain within a constraint set, and there-
fore ensures that the neural network approximation of the unknown nonlinear dynamics remains
valid. Alternatively, the state-dependent functions used in the presented method are bounded by
definition and the control algorithm applies to a wider class of nonlinear affine-in-control systems
- no specific feedback structure is required. Because the bounding functions depend on the states
themselves, this technique is capable of enforcing state constraints both when an unacceptably
large command is given and in the presence of disturbances.

As in Section 2, the control objective is to stabilize the system tracking error while maintaining
that the system outputs remain in a predefined constraint set. Stability of the bounding function
state constraint (BFSC) controller is proven with three theorems that are based on Lyapunov anal-
ysis. The first theorem proves that, through use of the BFSC control technique, the system states
and the tracking error are bounded for a bounded input signal. Through the second theorem, it
is proven that if the steady-state value of the reference model is within the constraint set, perfect
tracking will occur. As with the SMSC controller, at times when no state constraints are in danger
of being exceeded the controller developed in this section reduces to the tracking controller de-
scribed in Section 1.3. The final theorem once again examines the system regardless of where the
steady-state value of the reference model lies and produces a conservative, analytical bound for the
system output and tracking error. Following the derivation of the controller and the stability anal-
ysis, the BFSC controller is implemented in the GHV simulation and it is shown that it is capable
of restricting the values of angle-of-attack and sideslip angle the vehicle can achieve.

Due to its ability to significantly lessen chattering in the control signal while enforcing state
constraints, the BFSC controller was also tested in an inlet unstart recovery feasibility study. A
simplified inlet unstart model, which will be described in detail in this section, was included in
the GHV simulation. This testing is referred to as a feasibility study because the included model
lacks some of the significant aerodynamic effects of inlet unstart. This is primarily due to the fact

that inlet unstart is still a current research topic and actual aerodynamic data is difficult to obtain
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for export control reasons. Nevertheless, it was demonstrated that using this simplistic model the
BFSC controller could not only be used to prevent inlet unstart but also to perform important

maneuvers necessary to recover from one as well.
3.2 Problem Statement

Consider the nonlinear, affine-in-control class of systems with dynamics that can be represented
by the equations

&= f(x)+g(x)Au (3.1
Y= Ca (3.2)

where © € R" is the system state, v € R™ is the control, the vector f(z) € R™ represents the
nonlinear open-loop dynamics of the system which are assumed to be bounded for bounded z, and
g(x)A € R™*™ represents the control effectiveness of the system. It is assumed that f(x) and the
constant matrix A € R ™ are unknown but that A has full rank. The matrix g(z) € R™*™ is
considered known. In the output equation (3.2), y € RP? represents the outputs which are desired
to be controlled and/or constrained such that n, > m > p. The matrix C' € RP*"™s is constant,
known, and assumed to have full rank. In order to utilize a dynamic inversion control law, we limit
the scope to systems where the product C'g(x)A has full rank for all x.

For the state constraint controller presented in this section it is assumed that full state feedback
is available. As in Section 2, the control objective is to stabilize the system tracking error while
maintaining that y remains within a predefined constraint set. The system tracking error is defined

as

€= Ym —Y (3.3)

where y,,, represents a reference model signal for the system outputs. It is assumed that the system

outputs are selected such that if the tracking error is bounded it can be concluded that the full state
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vector x is bounded as well. The desired reference model dynamics are given by

ym = Amym + er (34)

where y,, € R? and r € RP? is a reference input signal. The matrix A,, € RP*? is Hurwitz, and
B,, € RP*P_ 1Tt is assumed that the reference input signal r is continuous and bounded such that

there exists a known constant C,,, where

[Ymll < Con Nl < Con (3.5)

Note that the constant C,,, does not restrict the reference model to remain within the predefined
constraint set. With the definitions and derivation of Section 1.3.1 the error dynamics can be
expressed as

é = tm — Cf(2) — Cg(x)Au + Cg(x)sAu (3.6)

3.3 Bounding Functions

The bounding function state constraint controller utilizes specifically designed functions which
activate when an output approaches a predefined constraint value, and smoothly adjust the control

and adaptive laws accordingly. The general definition for a bounding function f(+) is given below.

Definition 3.3.1. f; : R — R is a bounding function if it is continuously differentiable and satisfies

the following properties:
o fi(a)=0, VYa<b
o fi(a) >0, Va>b
o fy(a) > 00, a— 0
° f;(a) is locally Lipschitz and monotonically increasing.
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where a is a scalar dependent variable, f,(a) is the derivative of f,(a) with respect to a, and b is a

designer chosen constraint.

For each output which is desired to be controlled and/or constrained, a bounding function is con-
structed which corresponds to that output’s predefined threshold values and is denoted as f;,; (7).
The control objective can theoretically be achieved with any bounding function that satisfies the
above definition. Although alternative methods are available, one specific process for constructing

bounding functions that produce the desired behavior is presented.
3.3.1 A Method for Constructing Bounding Functions

The proposed bounding function is given by

grém(y? ) if Ythyi = Ymin,i — 0i

sz(?/lz) = (3.7)

gr;m(y? ) i Yni = Ymaa, + 0
\

where y,, ; 1s again defined by (2.8). To allow for more flexibility in the design and for asymmetric
constraint sets, a separate bounding function is used to handle the maximum output bound and the

minimum output bound. Both of these functions are constructed as

(

0 if y? < yJQz

] |
Toa) =4 fw?) if 2 < 2 < vl (38)

\eXp(pZy?)— b ify? >yl
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for j = {min,max}. The polynomial ftj; .(y?) is chosen to transitionally activate the bounding
function when the output is between the predetermined regions y;; and y;, ;. The parameter 0; is
chosen based on how quickly one desires the bounding function to transition from 0 to an expo-
nential function, and the parameter p{ > () affects the growth rate of the bounding function.

The transition polynomial takes the form

ftj,z(yzz): Jl,z(yz) +¢2z(yz) +¢31(y1) +¢4z<yz)+¢%,z (39)

The constants gbo i f—” are solved for by looking at the desired boundary conditions for the

bounding function. These boundary conditions are

i) = 153 = 1 (yj ) =0 (3.10)
1) = exp(ply?) — &), (3.11)
fii(ina) = Pl exp(pivy) (3.12)
bi(Win) = (o) exp(p}y?) (3.13)

where the prime symbol in Equations (3.10)—(3.13) represents differentiation with respect to y?.

By taking two derivatives of the general form of the transitional function ft]; J(y2),

V(2) = 461:(12)% + 360,0(y2)? + 203,4(y2) + b (3.14)

t”z](yz) = 12601, (y})* + 662,(y7) + 203, (3.15)

and applying the six given boundary conditions, Equations (3.10)—(3.13), one is left with six linear
equations which can be used to solve for the six ¢;;’s as long as J; # 0. Note that because the
bounding functions depend on the true outputs y;, this technique is capable of enforcing state con-

straints when both an unacceptably large command is given, and in the presence of disturbances.
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Unlike the SMSC controller this technique does not specifically recognize which command sig-
nals are outside of the constraint set. Instead, the controller alters its behavior if, in tracking the
reference signal, the true output gets too close to a constraint boundary.

More complicated constraint sets are easily applicable with this bounding function construction
technique. In addition to including both a maximum and minimum bound, this could include more
sophisticated structures where the desired bounds are determined based on the current operating
condition of the system. In this scenario, a bounding function with the same behavior but different
coefficients would be needed to handle the other constraint boundaries. One way to deal with
this is to calculate the bounding function value that gets implemented in the control law in real
time based on which constraint, maximum or minimum for example, is most in danger of being
exceeded such as in the definition (3.7). Because the function construction process described in
this section is nothing more than a set of six linear equations, calculating the bounding functions

in real time is computationally inexpensive.
3.4 Control Law Development

The control law for the BFSC controller is given by
u= [Cg(@) AN (4 — C (@) + Ke+v— Fl(y)ljn+ Kyn)) (3.16)

where K € RP*P is a diagonal error feedback gain matrix such that K = K7 > 0, the vector v €

R? is an adaptive signal used to account for parameter uncertainty, and the matrix F/(y) € RP*P is

defined as _ _
f£71(y%)
T WD 0 e 0
13.2(3)
0 e i 0
Fly)=| i) | (3.17)
1)
i 0 0 TG
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Once again, it is assumed that C'f(z) — C'f(2) can be parameterized as in (2.13) and the adaptive
signal v is defined as in (2.14). Therefore, substituting the BFSC control law (3.16) into the system

error dynamics given in (3.6) results in
6 =—Ke+ F/(y)[im + Kym] — WTb(x) + g(z)dAu (3.18)
The adaptive laws used to update the estimated matrices W and 5A are given by

/W = FWProjM(W, b(z) (e" — yTF’(y))> (3.19)

5/;\ = I's\Proj,, <6f\, g(x)ToT (—euT + F'(y)yuT)> (3.20)

where ['yy € R™*™ and 'y € R™™ and I'; = I'/' > 0 for i = W, A are adaptive gain matrices

and the matrix F”(y) is defined as

foayi) 0 ... 0
0 Lo(y2) L 0
F’(y) _ | fb,2.(?/2) | | 321
0 0 fona) |

3.5 Stability Analysis

In this section it is shown that using the BFSC control architecture defined above, the system
outputs and the tracking error are bounded for a bounded input signal. The size of this bound will
depend on, among other things, the steady-state value of the reference model. This is a direct result
of the state constraint mechanism. If the steady-state value of the reference model is outside of a
predetermined constraint set, perfect tracking is not desired. Instead, the system should remain at
the boundary of its constraint set.

Three theorems are presented in order to prove the stability of the system. Theorem 3 states
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that the closed-loop signals will be bounded regardless of if the steady-state value of the reference
model is within or without the constraint set. Theorem 4 states that if the steady-state value of
the reference model is within the constraint set, the tracking error will be asymptotically stable.
Finally, Theorem 5 analyzes the system regardless of where the steady-state value of the refer-
ence model lies and a conservative, analytical bound for the system output and tracking error is

produced.

Theorem 3. Consider the nonlinear dynamical system given in Equation (3.1), the reference model
defined in Equation (3.4), the control law defined in Equation (3.16), and the adaptive laws defined
in Equations (3.19) and (3.20). Suppose that the reference input signal, r, is bounded, then the

tracking error, e, and the system outputs, vy, are bounded.

Proof. In order to prove the stability of the BFSC controller, the following candidate Lyapunov

function is chosen

V= % (eTe +tr(WITy W) + tr(SAT;'6AT) + ) fb,i(y?)> (3.22)

i=1

The derivative of (3.22) is taken with respect to time along the system trajectories, resulting in

V= eTe + tr(WITR W) + tr(SAT'OAT) + > i fy (v2)s (3.23)
=1
Using the matrix F’(y), defined above, the summation can be rewritten as,

V =ele+ tr(WITyW) + tr(SACAT) + 4T F' (y)y (3.24)

Substituting in the error dynamics from Equation (3.18) and calculating the output dynamics using
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Y = UYm — e leads to

V =cT (—=Ke + F/ () [ijm + Kym]) — " WTb(z) + " Cg(z)sAu
+ Y F'(y) (9 + Ke — FL) [ + Kyml) + y" F'(y) W b(x) (3.25)
YT (y)Cy()dAu + tr(WTT W) + tr(SAT; 6AT)

Applying the trace identity a’b = tr(ba’’), Equation (3.25) is rewritten

V =e' (=Ke + Fl(y) [ + Kyn)) + tT(WT(File —b(z)e" + B(x)y" F'(y)))
+ YT F' () G + K — FL () + Kym]) + tr(GAT3 AT + ue? Cg(w) — uy” F'(y)Cg(x)))

(3.26)

The adaptive laws, given in Equations (3.19) and (3.20), ensure that the second and fourth terms in

Equation (3.26) will be less than or equal to zero. Therefore, the following inequality holds
V < e (=Ke+ Fl()im + Kym)) +y" F'(y) ( + Ke = FL )l + Kyml) — (3.27)

By utilizing the definition of the tracking error, e = v, — vy, the inequality (3.27) can be rearranged

as

V<—e'Ke—y"Fy)Ky+ e (Fl(y) = F'(y) + FL ) F'(Y)) [ + Kyn

+yh (F'(y) = F' W) FLY)) W + Kym]

(3.28)

By definition of the matrices F’(y) and F(y), it can be shown that

Fi(y) = F'(y) + Fil(y) F'(y) = 0

F'(y) — F'(y)Fi(y) = F.(y)
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Therefore, (3.28) can be simplified to
V< —e"'Ke—y"F'(y)Ky+ 9L F (1) [tm + Ktm) (3.29)

Let y,,,ss be the steady-state value of the reference model. The following is equivalent to (3.29),

V<—e"Ke—y"F(y)Ky + vy FL(Y) Kmss + Y2 FLY)0m + Y2 FL(y) Ky
(3.30)
F/( )Kymss

ymss

Recall that since F’(y) is a positive semi-definite diagonal matrix and K is a positive definite

diagonal matrix, their product will also be a positive semi-definite matrix. Therefore, if
y' F (y)Ky > ymssF/< VK Ymss + HyTF,( ) + yTF,( VK Y — ymsSF/( )Kymssnz (3.31)

then V < 0. Since ¥,, and g, are bounded given a bounded input signal and F!(y) is bounded by

definition, this implies that y is bounded and therefore e is also bounded, as intended. [

The following theorem demonstrates that if the steady-state value of the reference model does not
violate any state constraint, perfect tracking will occur as ¢ — oo. As with the SMSC control
law, a similar analysis could be performed to show that the same conclusion can be drawn on an
output-by-output basis. In other words, perfect tracking is ensured for any individual output whose

steady-state reference signal value does not violate its individual constraint.

Theorem 4. Suppose all of the conditions in Theorem 3 are met. Let ros € R™ and Yss =
—A;nl B,.rss, where 1 is the steady-state value of the reference input signal and 1,5 is the steady-

state value of the reference model. If 3 o*, 3* € R such that

llr(t) — TSSHZ < a*exp(—p*t), tel0,00) (3.32)
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and if the condition y; < (Amax(K)/Amin(K)) Y7 es implies that f}(y?) = 0, then e — 0 as

t — oo.

Proof. Since 3 o*, 5* € R such that ||r(t) — TSSHZ < a* exp(—[*t) at all times and the reference

dynamics in Equation (2.4) are stable, it can be shown that 3 ay, 5y € R such that

1 E2 ) + Y PO K Y = Yo FL () K s, < o exp(=ot), ¢ € [0,00)  (3.33)

The expression for the Lyapunov function derivative given by the inequality (3.30) can now be

rewritten as
V< —e"Ke—y"F'(y)Ky + yL  FL () Kmss + g exp(—Bot) (3.34)

Evaluating the second and third terms of the inequality (3.34), the following relationship can be

established

—y" F'(2) Kz + 4} FL(2) K ymss < —Amin Zfbl UDYE + Amaz(K) Y F3 (U702 s
- (3.35)
Due to the condition given in the theorem statement that y7 < (Apaz(K)/Amin(K)) 475 implies
that f; ,(z7) = 0, the second and third terms in the inequality (3.34) always combine to be less

than or equal to zero. Therefore, the Lyapunov function derivative can be reduced to
V< —e"Ke+ ag exp(—/pot) (3.36)

It follows that,

t
V= v0+/ Vdr (3.37)
0
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where Vy = V(¢ = 0). Utilizing the inequality (3.36) leaves,
t
V<Vy+ / (—eTKe + ap exp(—ﬁot)) dr (3.38)
0
which, upon integration, results in

t
V<V- / e’ Kedr + % (1 — exp(—pot)) (3.39)
0

0

Because V' > 0, the following inequality holds

t
0<V <V — / e’ Kedr + % (1 — exp(—Lot)) (3.40)
0 0
t
0< / T Kedr <V + % (1 — exp(—fot)) (3.41)
0 0

for all ¢ > 0. This implies that fooo el Ke dt exists and is finite. Because y and e are bounded, u
and ¢ are bounded for all £ > 0 which implies that e is uniformly continuous in time. Therefore,

Barbalat’s Lemma implies that e — 0 as ¢ — oo as intended. [

The final theorem of the section places an analytical upper bound on the system outputs regard-
less of the steady-state value of the reference model. In this theorem, it will be shown that altering
the bounding functions, f;;(y?), can tighten the bounds on the outputs, y;. This insight can be used

to improve constraint enforcement performance.

Theorem 5. Suppose all of the conditions in Theorem 3 are met. Also, suppose that the projection
operator bounds are chosen such that the unknown ideal weights satisfy |W|p < HWHFW”
and ||6A|lp < ||0A| Fnaar Where H(\)H Fomaz IS the maximum allowable Frobenius norm of W
and A respectively. If, at the initial time, ¢ = 0 and Ymin; < Yi < Ymaaz,i> then each of the
bounding functions fy ;(y?) implemented in the control and adaptive laws, Equations (3.16),(3.19),

and (3.20), are bounded for all t > 0 by
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1 4 — 4 . n
(W) < = | —=—IW 3,0 + ~———=—I0A||%,,., + " F + Y maz|fyi(y?
fb7 (y ) =9 <>\mzn<FW) ” ||F,maz )\mzn(FA> || ”F,ma;t ¢ <¢)¢ ;y§<¢i[fb, (y )]
(3.42)
where ¢ € RP is defined such that
)\mm(K)¢TF/(¢)¢ = ‘ygym + Amaa:(K)yZy;ym’max (343)

and where | - | oz is the maximum value of the argument for all t > 0. Since, by definition,

Jvi(y?) — oo as y? — oo, the bound (3.42) implies an upper bound on the system outputs.

Proof. Consider the inequality (3.29) which describes a relationship regarding the derivative of the

Lyapunov Function used in Theorems 3 and 4,

V< —e"Ke—y"F'(y)Ky + yLFLY) [m + Ky (3.44)

Because K is a diagonal positive definite matrix, the following inequality also holds:

V < ~Anin(K) (e + y"F ()y) + o FU2)Gm + Amae (K Y2 FLY)ym (3.45)

Next, conditions are derived that ensure V is less than or equal to zero. First, if

)‘min(K)yTF/(wy > ’?JZ@F; (y)ym + Amaz<K)y?nF;(y)ym|maw (3.46)

then V < 0. Considering the definition of ¢ given in Equation (3.43), y; > ¢, for all i implies that

V < 0. Using this definition, it can also be seen that if

efe > ¢ F'(¢)¢ (3.47)
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then also, V < 0. The projection operator ensures that the adaptive weights are bounded by
Wl < 1Wilrmes and [[0A]1 7 < O8] s (3.48)
which implies that V < 0 outside of the compact set €2, where

sy, W,68) = {(e,y, W, 04) : llell2 < VGTF (0)0
ﬂ{(e,y,w, OA) s y; < ¢y, forall i}
M{(e,y.W.68) : [ Wl < [W )

ﬂ{(67yawv5]\) : ||6‘/N\||F < ||5A||F7m@1’}

Because V < 0 outside of the compact set 2, V' cannot grow outside of this set. Therefore, ' has
the following upper bound

V< maxr V
(e,x,W ,6A)eQ

for all ¢ > 0 which, given the definition of the Lyapunov function in Equation (3.22), can be

rewritten as

1 . . R _ n
V< maz S | e+ tr(WITRW) + tr(SATT6A) + > fra(y)) (3.49)
(e,x,W,6A)eQ 2 i=1

This implies that

<
V_2

1 (HW”%‘,max |’5A||%,ma$

T - 9
o) Dwn(Ta) ¢ F(d)¢ + ;g?gi[fb,i(yi)]> (3.50)

Note that for both 1V and oA, the triangle inequality can be invoked such that

—~ o~ o~ —~

IO =1 = Olle < [1Ce+TOe < 20l pmas
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Therefore,

V< % (#(FW) 16A e + 0" F' ()6 + Y maz[fii(y7)]

= 4

7 e+ 5 :
i=1 Y; <¢;

(3.51)

Since the Lyapunov function, Equation (3.22), implies that f3;(y?) < V, it can be stated that

1 4 —~ 4 N n
(W) < = | —=— W3 + ————||6A||3 + ¢ F’ +Y  mazx[fyi(y?
fb, (yz) =9 (Amzn(FW) ” ||F,max )\mm(FA> || ”F,maz ¢ (¢)¢ ;y§<¢i [fb, (y )]
(3.52)
for all 7, as intended. ]

Remark 3.5.1. Because a finite bound for the bounding functions has been established, a bound for
the outputs, y;, is also established in the form of the vector ¢. It can be seen from Equation (3.43)
that the size of this bound depends on the derivative of the respective bounding function, f3;(y?).
The faster the bounding function grows after y? > yJQZ for j = {min, max}, the tighter the state
will be bound to its constraint. The parameters pf > (), defined in Equation (3.8), directly affect
the growth rate of the bounding function and therefore can be used to tighten the constraint. As pf

increases, the bound on the state y; tightens.
3.6 Generic Hypersonic Vehicle Simulation

The BFSC controller developed above was implemented and tested in the nonlinear Generic
Hypersonic Vehicle simulation. The results presented in this section were developed by putting
the BFSC controller through the same litany of tests that the SMSC controller was put through in
Section 2. In Section 3.7, results will be presented which were developed after augmenting the
GHYV simulation with a simplified inlet unstart model and testing the BFSC controller’s ability to
both prevent and help with the recovery from an inlet unstart.

As was done in Section 2, the system dynamics were broken down into a subsystem of position-

68



level dynamics and a subsystem of velocity-level dynamics as follows

¢
0 Pa
Tp = ¢ = fpo(@) + gp(2)Ay | g4 (3.53)
(8% rq
5]
T
Yp = [Oz 5] (3.54)
_(5”_
p
. Of,
Ty = || = folx) + go(x)Ay } (3.55)
7" t,r
_6t’l_
T
Yv = [p q T:| (3.56)

In all of the results presented in this section the following simulation parameters were kept

identical to those presented in Section 2:

e Reference model dynamics

Parametric uncertainty in the dynamical model

Basis functions used in the adaptive laws

Adaptive gain matrices

Initial values for the adaptive parameters

Actuator dynamics and saturation limits

Time delay
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The initial flight condition was a velocity of Mach 6 and altitude of 80,000f¢. The predefined
constraint set on angle-of-attack and sideslip angle in order to prevent inlet unstart was again
chosen according to [32]. To reiterate, this corresponds to an inlet unstart occurring at 14.5 deg
and —5.7 deg for angle-of-attack and £5.4 deg for sideslip angle. The output threshold limits used

in the construction of the bounding functions are given by

Amaz  Omin 504 Bmaac Bmz'n 55} = |:13 -4 05 4 —4 05 deg (357)

The following gain and controller parameters were kept constant through out all presented

simulation trials. For the velocity-level subsystem, the feedback gain K, was set as

75 0 0
Ky=10 75 0
0O 0 75

For the position-level subsystem, the feedback gain K, was set as

The parameters required for the BFSC controller were set as p™" = pm* = 2 and pg‘m = pg*t =

(07

3.
3.6.1 Results: Commanding an Unacceptable Reference Trajectory

The same two test cases used for the SMSC controller in Section 2 were examined in order
to demonstrate the effectiveness of the BFSC controller when dealing with unacceptably large
reference trajectory commands. In the first test case 6 deg doublets were commanded and in the

second test case 10 deg doublets were commanded.
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Each test case presented was also examined using the tracking controller which had no state
constraint mechanism. While producing the results presented in this section, no inlet unstart model
was included in the simulation and therefore, adverse effects are not seen when o and [ exceed
their constraints in these comparative cases.

Test Case 1: 6 degree Doublet Command

In the first test case, 6 deg doublets were commanded in both angle-of-attack and sideslip angle.
Figures 3.1 and 3.3 show the time histories for the position-level outputs o and /3, as well as the
control surface deflections and total velocity. The Euler angle and velocity-level outputs are shown
in Figures 3.2 and 3.4. As with the SMSC controller, the BFSC controller had little trouble when
restricting angle-of-attack in response to a 6 deg doublet command. In commanding sideslip angle,
as shown in Figures 3.3 and 3.4, the BFSC controller showed improvement in performance when
compared with the SMSC controller. There is less chattering in the control surface deflections and
the large induced roll rate is not seen. In fact a larger roll rate and roll angle were required by the
tracking controller than by the state constraining controller. In both examples that were explored

in Test Case 1, the control objective was achieved.

Test Case 2: 10 degree Doublet Command

The second test case contained two more challenging examples as 10 deg doublets were com-
manded despite the constraint set given in (3.57) remaining constant. The time histories are sepa-
rated as they were for Test Case 1: Sideslip angle, angle-of-attack, the control surface deflections
and total velocity are shown in Figures 3.5 and 3.7 while Euler angle and velocity-level outputs
are shown in Figures 3.6 and 3.8. In this test case the BFSC controller’s ability to lessen chattering
in the control signal when compared with sliding mode techniques is clear. By constructing the
bounding functions according to the method given in Section 3.3.1, and by tuning the transition

polynomials f; ;(y?), the change from “tracking mode" to “state constraint" mode occurs smoothly.
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In Figure 3.8 it can be seen that the large roll rate is again avoided by restricting the outputs through
the BFSC control technique. In both examples shown, the control objective is achieved despite the

10 deg command signal.
3.6.2 Results: Disturbance Rejection

As with the SMSC control law, in order to validate the BFESC controller as a successful state
constraint technique it must be shown that it can reject disturbances in addition to handling unac-
ceptable input commands. In order to demonstrate this capability, 5 deg doublet trajectories were
commanded in both sideslip angle and angle-of-attack. During the angle-of-attack trajectory sim-
ulation, show in Figure 3.9, a 1250[bf disturbance force lasting one second was applied to the
vehicle at t = 17sec in the positive z (down) direction. During the sideslip angle trajectory sim-
ulation, show in Figure 3.10, a 2000/bf disturbance force lasting one second was applied to the
vehicle at t = 20sec in the negative y direction. In both cases, the vehicle was restricted from
entering a region of the state-space within which inlet unstart would occur. When the same dis-
turbance was applied to the vehicle using the tracking controller, a constraint violation occurred
in both examples at the moment in time indicated in the Figures. Again, an improvement is seen
in the results generated using the BFSC control law when compared with the SMSC controller.
Although both controllers successfully rejected the disturbance without inducing an inlet unstart,
the BFSC control law is able to maintain more separation with the constraint boundary than the
SMSC controller while also producing less chatter in the control signal. This demonstrates the
BFSC controller’s capability to enforce state constraints not only when large command signals are

applied but also in the presence of disturbances.
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Figure 3.1: Response to 6 degree doublet command in angle-of-attack. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 3.2: Response to 6 degree doublet command in angle-of-attack. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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Figure 3.4: Response to 6 degree doublet command in sideslip angle. Time histories are shown of
the vehicle’s Euler angles and body-fixed angular rates.
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Figure 3.5: Response to 10 degree doublet command in angle-of-attack. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 3.6: Response to 10 degree doublet command in angle-of-attack. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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Figure 3.7: Response to 10 degree doublet command in sideslip angle. Time histories are shown
of sideslip angle, angle-of-attack, the control surface deflections and total velocity.
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Figure 3.8: Response to 10 degree doublet command in sideslip angle. Time histories are shown
of the vehicle’s Euler angles and body-fixed angular rates.
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Figure 3.9: Longitudinal Disturbance Rejection Example. Time histories are shown of angle-of-
attack and the control surface deflections.
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Figure 3.10: Lateral/Directional Disturbance Rejection Example. Time histories are shown of
sideslip angle and the control surface deflections.
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3.7 Prevention and Recovery from Inlet Unstart: A Simulation Study

A simulation study was designed in order to demonstrate how enforcing state constraints can
potentially be used for both prevention of and recovery from an inlet unstart. A complete solution
to the inlet unstart problem would, in addition to the vehicle states, focus on the aerodynamic
effects on the inlet itself and would likely include some type of throttle constraints or actuation
in the inlet. The objective is to prevent the vehicle from leaving the region of the state-space that
would trigger an unstart and, in the extreme conditions where the prevention technique fails, to
maintain control effectiveness and quickly drive the vehicle into a safer flight envelope so that the
engine restarts. The BFSC technique described above can be utilized in both situations. To explain
how the BFSC controller can also be used to recover from an inlet unstart, the unstart model used

in the simulation is now introduced.
3.7.1 Modeling Inlet Unstart

A simplified inlet unstart model was included in the GHV simulation to test the performance
of the BFSC technique in the event of an inlet unstart. The model is hysteresis-based and depends
solely on angle-of-attack, sideslip angle and freestream Mach number. Starting in a nominal flight
condition, the inlet will unstart if the vehicle leaves the region of the af-space marked by the
blue outer ellipsoid in Figure 3.11. To regain normal engine function the vehicle must re-enter the
region marked by the inner ellipsoid outlined in red. Once restarted, the vehicle is again free to

traverse the inter-ellipsoid region with full thrust and nominal performance.
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Figure 3.11: Inlet unstart model

In this model, the boundary of the outer ellipsoid is defined based on the constraint set given
in [32] and used in Section 3.6. Note that the size parameters of this ellipsoid, and even perhaps
its shape, are highly dependent upon specific vehicle geometries. As a result, the susceptibility of
any given vehicle to inlet unstart may vary significantly.

Due to the comparative lack of aerodynamic research on modeling inlet restart, the size of
the inner ellipsoid is chosen arbitrarily but conservatively. More aerodynamic research on how
freestream Mach number affects these unstart parameters is required for a higher fidelity model.
Since the inlet can reasonably be expected to perform as intended when the vehicle is straight
and level, the inner ellipsoid is chosen to be 70% smaller than the outer ellipsoid. This ellipsoid is
limited to 4.35° and —1.71° in angle-of-attack and 4+-1.62° in sideslip angle. It should also be noted

that the values above correspond to Mach 6 flight. The model is set up such that the size of the
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ellipsoids vary linearly with Mach number, but all simulation cases presented below use an initial
flight condition of Mach 6 and the ellipsoid sizes described above. The shape of these ellipsoids
is an attempt to capture the unstart characteristics when the reference dynamics are not only a
non-zero command in one specific state, but time-varying trajectories in multiple states. That is,
although the limits experimentally determined from the HIFiRE experiment were produced by
an uncoupled, independent study on the effects of angle-of-attack and sideslip angle, this model
allows for the triggering of an inlet unstart as a function of both angles, the values of which may not
exceed their respective, individual experimental limits. Although the specific implementation used
here is concerned directly with two particular states, similar concepts could easily be extended for
higher dimensional models.

The aerodynamic and propulsive consequences of the inlet unstart model should be addressed.
First, when an unstart is triggered, the vehicle experiences a complete and instantaneous loss
of thrust and an increase in the magnitude of aerodynamic drag. Conversely, when the inlet is
restarted, the vehicle experiences a restoration of thrust according to the equivalence ratio (throt-
tle) commanded by the controller. Since the apparent lack of thrust prompts an increase in the
commanded equivalence ratio, this command is typically saturated at maximum throttle by the
time the vehicle is posed for restart. Due again to insufficient information on the geometry-specific
flow characteristics and resulting changes in aerodynamic force and moment coefficients and sta-
bility derivatives, significant post-unstart changes in the plant dynamics are not modeled. These
changes are difficult to predict and, as a result, are not addressed in the simulation studies presented
below. Although a more thorough testing of the state constraint mechanism’s performance in the
event of an inlet unstart would include these effects, quantifiably substantiated by experiment or
computational fluid dynamics, the cases presented below still act as a feasibility study towards

solving the recovery problem.
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3.7.2 Prevention and Recovery Strategy

Given the inlet unstart model described above, the use of state constraints for the prevention
of inlet unstart is very intuitive. If the control law and bounding functions are designed such that
the angle-of-attack and sideslip angle of the GHV can never exit the outer ellipsoid of Figure
3.11, then theoretically, inlet unstart will not occur. This prevention approach is based on two
assumptions. The first assumption is that there is a known bound on any external disturbances that
can affect the system, a common assumption in control theory. This known bound on disturbances
can be reflected in the norm-bounds used by the projection operator. The second assumption is
perfect knowledge of the inlet unstart model, i.e. perfect knowledge of the sizes and shapes of the
ellipsoids of Figure 3.11. This requires extensive wind tunnel testing and modeling of each specific
vehicle and inlet. Other aerodynamic causes of inlet unstart add another layer of uncertainty. In
this study, it is assumed that the ellipsoids given above are correct and known perfectly, and, as
mentioned above, only exiting the outer ellipsoid, i.e. flying at large aerodynamic angles, can cause
inlet unstart.

The use of state constraints for recovery from inlet unstart is developed based on an analysis
of the BFSC control technique presented in this section when the system is initialized at a point
in the state-space that violates a constraint. It is straightforward to show both mathematically and
computationally that in these situations the system is very quickly driven within the constraint
bounds before any attempt to track the reference model is carried out. If, at the moment an inlet
unstart occurs, the bounding functions used in the control law are switched to reflect the inner
ellipsoid of Figure 3.11 instead of the outer ellipsoid, this is analogous to initializing the system
in violation of a constraint. If the vehicle maintains control effectiveness, the behavior described
above, i.e. quickly driving the system inside of the constraint set, will occur and the engine will
restart. This concept is demonstrated in Figure 3.12 representing a fictitious one-dimensional

system with state x. This figure is not based on actual dynamic simulation but can be looked at as a
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diagram demonstrating how this technique is supposed to affect the system. For a one-dimensional
system, the outer and inner ellipsoids of Figure 3.11 are analogous to the scalars, shown by the blue
and red lines in Figure 3.12 and arbitrarily set to 2 and 1, respectively. In Figure 3.12, when the
ellipsoid values are represented by a solid line, it indicates that the bounding function is being
calculated based on that constraint value. Therefore, until ¢ = 1 s, the upper ellipsoid is used to
calculate the bounding function as a preventative measure, and the state tracks its reference model.
Att = 0.95 s, a disturbance is introduced, driving the state above its upper limit which corresponds
to an unstart at ¢ = 1 s. The bounding function then switches to correspond to the lower ellipsoid
value, the state is quickly driven below this new constraint, the inlet restarts, and the state can once

again track its reference model.

One-Dimensional Recovery Example

22

—— State

— — Reference Model
—— Upper - Active

— — Upper - Inactive
—— Lower - Active

— — Lower - Inactive

Figure 3.12: One-dimensional example of the inlet unstart recovery technique. The bounding
function corresponds to whichever ellipsoid value is represented by a solid line at the current time.

One cause for concern with this recovery technique is if the stability analysis will still hold

given the instantaneous change in the bounding functions and, therefore, infinite derivative values.
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In general, switching the bounding functions should be done at times when the constraints are not
in danger of being exceeded and the bounding function is inactive, i.e. f,(y?) = 0. This will ensure
that the bounding function and its derivative are continuous and differentiable at all times. In the
presence of an unstart, this approach is implausible, as corrective action must be taken extremely
quickly. However, any real-life digital flight controller (even with an extremely fast sampling time
as would be expected on a hypersonic vehicle) would calculate the bounding function derivative
based on its analytical polynomial or exponential form given in Section 3.3.1 and therefore never
produce an unbounded derivative; no actual differentiation would be done on-line. For this reason,
it is assumed that switching the bounding functions in this way is valid and does not affect the

results of the stability analysis of Section 3.5.
3.7.3 Results: Inlet Unstart Prevention

In this section, results are shown which again display the BFSC controller’s capability to re-
ject disturbances, now with an inlet unstart model included in the simulation. A trajectory that
commands both angle-of-attack and sideslip angle was generated to purposefully drive the vehicle
to a region of the a-space that nearly triggers an inlet unstart as seen in Figure 3.13. During
the simulation trial, a 500/bf disturbance force lasting one second was applied in the positive z
(down) direction at t = 10.8s. The vehicle response is shown in Figure 3.14. This disturbance
was selected with the intention of making angle-of-attack more negative and even closer to the
region of state-space in which an unstart will occur. As was demonstrated in the example given in
Section 3.6.2, the BFSC controller is again able to take the proper corrective action to reject the
disturbance and prevent an unstart from occurring. The control surface deflection, total velocity,

and body-axis angular rate trajectories are also given in Figure 3.14.
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Figure 3.13: af3-Space plot of inlet unstart prevention example.
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Inlet Unstart Prevention Example
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Figure 3.14: Vehicle states during inlet unstart prevention example.

3.7.4 Results: Inlet Unstart Recovery

In this section, results are shown from a simulation example in which the same reference trajec-
tory was commanded, again intentionally driving the vehicle to a region of the state-space where
inlet unstart will very nearly be triggered. An excessively large disturbance force is applied to
the vehicle for which the preventative bounding functions were not tuned in order to purposefully
trigger an unstart and to test out the recovery technique. A 2500[bf disturbance force lasting one

second was applied in the positive z (down) direction at ¢ = 10.8s, triggering an unstart, as seen in
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Figure 3.15. The controller was augmented with a second set of bounding functions which were
set to activate in the event of an unstart and which corresponds to the inner red ellipse in the inlet
unstart model. This second set of recovery bounding functions were constructed using the method

presented in Section 3.3.1 with parameters,

[afm Crin 0t Biae Bivin 5;;} = {3.4 -1 05 1 —1 0.5} deg (3.58)
{gmm prme pg™ p;m“x] - [2 2 2.35 2.35} (3.59)

where the notation (-)* is used to differentiate the parameters of the recovery bounding functions
from those of the nominal preventative bounding functions.

Following the activation of the new bounding functions, the constrained states are rapidly
driven to the inner ellipse of the inlet unstart model as seen in Figure 3.16. The controller is
able to drive the vehicle back into a restarted state in 0.83s, leading to a restoration of thrust and
the bounding function parameters to their nominal values. In addition, following the engine restart,
both angle-of-attack and sideslip angle successfully track the desired trajectory until the end of the
simulation. As might be expected, large fluctuations are seen in the control surface deflections
during the unstart event, however saturation limits are not reached. Given the successful recovery
demonstration, these results substantiate the need for further testing on higher fidelity inlet unstart

models.
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Figure 3.15: a/3-Space plot of inlet unstart recovery example.
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Inlet Unstart Recovery Example
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Figure 3.16: Vehicle states during inlet unstart recovery example.
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4. OBSERVER-BASED NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL.:
LONGITUDINAL HYPERSONIC VEHICLE MODEL*

4.1 Introduction

This section introduces an observer-based feedback controller that is capable of controlling a
nonlinear longitudinal model of a hypersonic air vehicle without measuring angle-of-attack. The
control objective is to command and track a desired pitch attitude angle trajectory. Due to the
high speed and high operating temperature of these vehicles, external angle-of-attack vanes cannot
be used and an estimated value must be used in the control law. This practical concern is often
neglected in the literature and full state feedback is assumed.

As was shown in Sections 1-3, NDI controllers are effective because they can cancel out unde-
sirable nonlinear dynamics and replace them, driving the plant to track a stable reference model.
Due to the inability to directly measure angle-of-attack however, in this section it is not assumed
that the nonlinear control effectiveness matrix can be canceled perfectly by the control law a priori.

This section also presents the development of a nonlinear observer, used to produce an esti-
mated angle-of-attack signal. In practice, estimation of the vehicle’s aerodynamic angles would
likely be done using a nonlinear Kalman filtering technique. Unfortunately, proving stability of the
closed-loop system with this type of estimation can be exceedingly difficult. Additionally, angle-
of-attack could be directly calculated using know geometric relationships and sensor readings as
in [45]. This approach however is heavily dependent on accurate knowledge of the vehicle’s control
and stability derivatives and so cannot be used in cases with large parametric uncertainty or unfil-

tered measurement signals. The nonlinear observer developed in this section allows for a rigorous

*Part of this Section is reprinted with permission from "ObserverBased Feedback Adaptive Control for Nonlinear
Hypersonic Vehicles" by Douglas Famularo, John Valasek, Jonathan A. Muse and Michael A. Bolender in ATAA
Guidance, Navigation and Control Conference (Grapevine, Texas), January 2017.
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proof, ensuring that all closed-loop signals are uniformly ultimately bounded through Lyapunov
analysis. The estimated angle-of-attack produced by the observer is fed into the inversion based
control law and the adaptive laws. This approach was first developed in [46].

Observer-based or output feedback adaptive controllers have been developed for a handful
aerospace applications. In [47] an adaptive output feedback controller is developed to control a
linear model of a hypersonic vehicle. A procedure was developed for designing gain matrices such
that the transfer function of the system is guaranteed to be strictly positive real. A sliding mode
adaptive controller and sliding mode observer are developed in [8] for the purpose of controlling
the response of a longitudinal model of a hypersonic vehicle, with parametric uncertainty and with-
out full state feedback, to velocity and altitude step changes. In [48] an adaptive output feedback
control strategy for linear systems with nonlinear uncertainties is derived. It takes advantage of
the asymptotic properties of the algebraic Riccati Equation and proves ultimate boundedness of
the system states, observer states, and a designer developed reference model. A linear dynamic
inversion adaptive controller is developed in [49] for the application of a linear model of an un-
manned air vehicle that is robust with respect to nonlinear uncertainties. Additionally, in [50], a
neural network based adaptive control law using output feedback was developed in order to control
a class of nonlinear single-input-single-output (SISO) systems.

A variety of nonlinear observers have been studied in the literature as well. Often a technique
that can successfully estimate the states for one nonlinear system without complications arising
will not work nearly as well for a different system. In [51] the concept a of sliding mode observer
was developed for nonlinear systems and was shown to perform well in the presence of modeling
errors and measurement noise. An output feedback controller utilizing a high gain observer was de-
veloped in [52] in order to control multi-input-multi-output (MIMO) nonlinear uncertain systems.
A feedforward neural network compensator was used to account for system uncertainty. In [53] a
high gain observer with the gains chosen through an adaptive law to control uniformly observable,

nonlinear, SISO systems was developed. The ability to lessen the impact of noise sensitivity in
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high gain observers for nonlinear systems was examined through the use of adaptive gains and an
extended Kalman Filter in [54].

While they work very well in simulation, nonlinear observers often require high gains which
can lead to the practical drawbacks of either high noise amplification or the peaking phenomenon
[55], causing a high amplitude peak in the control signal. The choice to use an observer of this type
was made with the knowledge that due to the small magnitude of the system nonlinearities, and
assuming there are high quality sensors available to be used on hypersonic vehicles, gains would
not need to be enormously high and noise amplification would be avoidable. Despite this fact,
noisy state measurements were included in the GHV simulation studies and were shown to have
minimal effect on the capabilities of the observer to accurately estimate the aerodynamic angles or

of the vehicle to track its command signal.
4.2 Longitudinal Generic Hypersonic Vehicle Model

In Section 1, the full six degree-of-freedom model of the Generic Hypersonic vehicle was intro-
duced. For clarity, the simplified longitudinal model that is the focus of this section is now given

separately. This model is derived from the model in Section 1 and simplified by assuming,

The state vector for the longitudinal axis of the GHV, x € R*, and the control vector, u € R*,

are defined as,

T
T = [VT 0 « q} (4.1)

T
u= {5f,7" df1 Oy 5t,l:| 4.2)
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The dynamics of the longitudinal model are given by the following first-order differential equa-

tions:

Vi = fr cos(ar) — D_ gsin(7) (4.3)
m m
0=q (4.4)
1
& = —— (=L +mgcos(y) — Frysin(a) + Fr, cos(a)) + ¢ 4.5)
mVT

1
q= T (Mr + gSeCy) (4.6)

Yy

where the following decompositions can be formed,

L=0C.qS 4.7)

D = CpqS (4.8)

C = C" () + ——Cho g + Crns + Hu 4.9)
2V M :

The total pitch moment’s dependence on angle-of-attack is described by the polynomial C/ («).
The constant C,,, s represents the effect of the control surface deflections on the total pitch moment

at the trim condition and is given by,

- oC, < aC, < oC, < aC, <
Crns==—(0sr =0s,) + (05, =10 — (8¢ = Opr " (01 =0 4.10
s 65”( fr = Ofr) + 05”( fr=0p1) + @%( tr = Oty) + aét,z( 0 =0r)  (4.10)
and the control effectiveness term H € R'** is given by
H=|8Cn 8Cn 0Cn 9Cn (4.11)

85p, 00p; O0u. 00
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For the sake of brevity, these longitudinal dynamics are rewritten in vector form as

&= f(z)+ g(x)u (4.12)
-VT- - Jvr(x) - - 0 ]
0
_ Y, 4.13)
a falz)+q 0
a] | L) ] [9a(@)]
where,
() = (gSeH) (@.14)

Y

Consider the scenario, common to hypersonic flight control, where only V7, ¢, and 6 are available
for measurement while « is not. Before proceeding to the control law development, the following
assumptions are made about the vehicle operating conditions and the structure of the parametric

uncertainty in the system:

Assumption 4.2.1. The vehicle is operating within a known thrust profile such that

VT € [VT,min7 VT,max] (415)
| Fr]l < Frimae (4.16)
|Mr|| < Mpmaz (4.17)

for known Vr rin, Vo mazs Fromazs M1 maz and where the lift, drag, and pitching moment coefficient
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term C! can be approximated by

Cr = Cro+ Cric (4.18)
CD = CD0+CD10£+CD2052 (419)
Or/n = Cmo + leOé + CmQO./Q + CmgOéS (420)

where Cr;,Cpj, and Cy,, are constant ¥ 1, j, k and Cr,; > 0.

Assumption 4.2.2. There is bounded uncertainty in the system such that for the following param-

eters

1CLi — Cril < ACy; fori=0,1 (4.21)
|Cp;j — Cpjl < ACp; for j =0,1,2 (4.22)
1Coie — Coie] < AC for k =0,1,2,3 (4.23)
Crns — Cons| < AChn 5 (4.24)

1Cog — Crngl < ACg (4.25)

11, — I,| < A, (4.26)

~

where the (*) notation represents the estimated value of each respective vehicle parameter and
where AC,;, ACDj, AC, .k, Aémq and Afy are known constants ¥ 1, j, k. All other vehicle pa-

rameters contained in f(z) of Equation (4.12) are assumed to be known or measured perfectly.

Assumption 4.2.3. The control effectiveness term g,(x) is known well enough such that an estimate
of this term based on an estimated angle-of-attack and containing parameter uncertainty, §,(x.),

can be formed which obeys the following conditions
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1 1- gq(x)ﬁq_l(aﬁc)

L= (gg(x)gg ()" gq(2)97 " (xc)

0< quL12 < < quU12 (427)

0 < Aggr < gql)g, " (xe) < Aggu (4.28)

where, in order to avoid confusion with the moment of inertia matrix, 1,; is the M x M identity

matrix and g, () is the pseudo-inverse of §,(x.). The vector x. is given by

T
Lo = [VT 0 @ q] (4.29)

and represents a combination of the measured states and &, the estimation of o. The parameters

0 < Ag,r and 0 < Ag,u are known constants. For simplicity, define
Ag, = max(|1 — Agyrl, |1 — Aggeul) (4.30)
Assumption 4.2.4. The initial angle-of-attack estimation error is bounded such that
a(t = 0) = a(t = 0)| < Gomax 4.31)

where 0 ymqz > 0 is a known constant.

4.3 Control Law Development
4.3.1 Selecting the Command Signal

Because the control vector u directly influences the velocity level dynamics, achieving the con-

trol objective of tracking a pitch attitude angle trajectory must be done indirectly by commanding
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pitch rate. In other words, the desired pitch rate trajectory, g4, should be chosen such that if it is
successfully tracked, the vehicle will also successfully track the desired pitch attitude angle trajec-
tory, 0, which is assumed to be continuous and bounded. It is desired that the vehicle’s pitch rate

dynamics track a stable linear reference model with dynamics described by

Gm = qGm + bgqa (4.32)

where a, and 0, are designer chosen scalars and a, < 0. In order to prevent the vehicle from
exceeding a predefined pitch rate limit g; > 0, we differentiate between the designer chosen ideal
desired pitch angle trajectory 67 and the actual desired pitch angle trajectory 6,. In a nominal flight
condition where the vehicle pitch rate has a magnitude smaller than g,, the two trajectories will be
equivalent, i.e. ; = 0. If the pitch rate limit is in danger of being exceeded, 0; will be modified

accordingly. This allows for the definition of two tracking error terms

eq £ qm — q (4.33)

co 20, —0 (4.34)

Since the goal is to design g4 such that 6 follows a desired command, the pitch attitude angle error
dynamics should be analyzed. Desired pitch rate should be chosen such that these dynamics are

stabilizing and drive eg to zero if e, = 0. These dynamics are given by

éo=0,—0=10,—q (4.35)

Adding and subtracting the pitch rate reference signal leaves,

éo =00+ (Gm — Q) — @m (4.36)

o =04+ eq — m (4.37)
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Therefore, if the reference model chosen for ¢ is stable and can perfectly track a reference com-

mand signal, ¢4, then choosing a desired pitch angle and pitch rate of

0 = 9; (4.38)
qa = 0 + Koeg (4.39)

where Ky is a positive scalar gain leaves,
ep = —Kogeg + ¢4 (4.40)

which implies that es — 0 as long as ¢, — 0. In order to handle the predetermined pitch rate limit

d4 the desired pitch angle and pitch rate are modified slightly to include saturation limits such that

(

—Kgeg if 92 + Kypeg < —qq
O = < if — G < 05+ Kyep < G (4.41)

—Kyeg if 0%+ Kgeg > G4

\

(

—qq if 82 + Kyeg < —qy
qd = 92 + Kpeyg if —qy < (92 + Kpep < qq (4.42)
q4 if QZ + Koeg > qq

\

These saturation limits restrict the magnitude of the desired pitch rate and allow one to claim a
priori that g, is both stable and bounded. In practice, g; can be set such that the saturation limits

on ¢y are never encountered in nominal flight. However, the pitch angle error dynamics still must
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be analyzed in the presence of these saturation limits. This leaves,

(

—ngg + €q + qq if 92 + ngg < —Qq

€0 =\ —Kgeg + e, if —qq < 65+ Kpeg < da (4.43)

—Kpeg + €q — qq if 62 + Kgeg > qq-

\

With the appropriate desired pitch rate chosen as in (4.42), the control law can be developed with
the new objective of stabilizing the pitch rate tracking error. In doing so, bounded tracking of both

pitch rate and pitch angle will be achieved and the control objective will be met.
4.3.2 Control and Adaptive Laws

In order to achieve the modified control objective of tracking a desired pitch rate command, the

control law is derived by expanding the pitch rate dynamics

q= fy(z) + g4(z)u (4.44)
gsc ¢ gSe <
- 1~ . - k
g=Cyp+ I, (lea + 2VTCmqq) + I, ;kaa + g4(x)u (4.45)
where
1 _
Copo = - (Mg + @SeCho + qScCly5) (4.46)

Yy
If angle-of-attack was measured perfectly and if the model contained no parametric uncertainty,a

nonlinear dynamic inversion control law of the form,

Uideal = G () [~ fo(2) + Gm + Kqeq + 0] (4.47)

where K, is a constant positive scalar gain, would drive both e, and ey to zero and achieve the

control objective. Because perfect information is not available, the actual control law is based on
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(4.47) given the system unknowns

U= gq_l(xc) [_fq(xc) + Qm + (Kq + qu(xc))eq + &) + 151 + VQ} (448)

where fq(:cc) is an estimate of the pitch rate open-loop dynamics given by

. . gSe (. . © . 1SE o~ o
fq(xc) = qu + QT (leOé + mcmqéo + QT Z kaOék (4.49)
y Y k=2

The adaptive signals, 11 and 1, are time-varying signals, updated using an adaptive law, that ac-
count for parameter uncertainty and K (z.) is a time-varying positive gain term, specified in more
detail below.

In order to analyze system stability, the effect of the control law on the pitch rate tracking error
dynamics must be examined. A full stability analysis will be completed in Section 4.5 but some

initial steps are done here in order to introduce the notation required for defining the adaptive law:

€q = qm —q (4.50)

€q = Gm — fo(x) = gg(x)u (4.51)
Substituting the control law (4.48) into (4.51) leaves,
éq = m — fo(@) = 9(@)3; " (o) | = fo(@e) + dm + (Ky + Kqi(we))eq + eg + 11 + ug] (4.52)
Equation (4.52) can be rearranged as

g =— fo(z) + fq(xC) —€p— V1 —Vy— gq(x)gq_l(‘%)([(q + Kp(ze))eq
(4.53)

- (gq(a:)gq_l(ajc) —1) _]?q(330) +gm t g+ v+ 1n
It will be useful to expand and examine the difference fq (x.) — fy(x). Given the definition of Cy
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in (4.46) and its estimate C'qo, this difference can be represented as

A . . Coo\ 352 [~ Coi Chok
— — _ mqg mq mk ~k N m
folwe) = fa(w) = (Cuo cqo)+( - ) o q+ch<§: ok -

k=1 Y Y

The following summation,

ak) (4.54)

is added to and subtracted from the right hand side of Equation (4.54). Note that this summation

is a combination of true, unknown parameters and the estimated aerodynamic angles. Its inclusion

is useful for analysis however it can not be calculated on-line. This allows for the difference

N

fo(x:) — fy(x) to be simplified further as

. 75¢ < .
Fulwd) = fula) = WTh(eo) + L5 37 Co (6 = o) (455)
Y k=1
where W is a constant vector made up of unknown weights given by
T
W= Wy Wy Ws Wiy Wi W43} (4.56)
1 1 CA’m CQ’m Cmo C’m CA'm C'm émz sz
W= ——  W,= 0+ Cms * Cms Wy = —ma _ Zma gy Imi
1 1y 1y I 1y L I Ly
and b(z.) is a vector of known basis functions given by
T
b(ze) = | My gSe Lq gSca GSca® gSea’ (4.57)
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With this simplified form, the tracking error dynamics, Equation (4.53), can be rewritten as

7S 3

=W7b(x,) q Z (6F —a¥) —eg— 11 — 10 — gq(m)gq_l(mc)(Kq + Kp(z.))eq
I

— (9q()9, ' (xc) — 1) [—fq(xc) + Gm + g+ 11+ 11

(4.58)
The adaptive signals v; and v, can be defined as
v+ vy = Whb(x,) (4.59)
v = Wby (z) (4.60)
vo = Wby (z) (4.61)
T
bi(x.) = {MT gse %SVETQ q] (4.62)
T
by(x.) = [qscd gSea? chd?’} (4.63)

where W is an estimate of the unknown weights W and is updated through an adaptive law. The
vector /Wl is made up of the first three entries of W and /Wg is made up of the final three entries
of W. They are separated for the purpose of analysis and can be implemented as a single signal,

v = 11 + 1. The estimated weights are updated through the adaptive law

W = T'ywProj,, (W b(e) (eq + 2(G — q))> (4.64)

where ¢ is the observer state for pitch rate which will be defined in more detail below and I'yy is a

positive definite gain matrix.

With the control and adaptive laws defined, a final expression for the pitch rate tracking error

dynamics can be established. Substituting (4.59) into (4.58) and defining W =W — W leaves
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: s qsc . -
ég =—WTh(z,) — Tcml(a — &) + 1 — €9 — 9q(2)gq o) (g + K (e))eq
y

(4.65)

. - qsc - .
- (g(Z(x)gq 1(‘7:0) - 1) _CqO - A—Cmqq +qmt+egt+1n
21, Vi

where

It will be shown that implementing the adaptive law above, Equation (4.64), allows for the closed-
loop system to compensate for uncertainty due to modeling errors in the parameters contained in
W. Uncertainty due to the inability to measure angle-of-attack will be handled through the use of

a nonlinear observer.
4.4 Nonlinear Observer Design

The observer design process requires the definition of two vectors, the output vector, y, and the

observer state vector Z:

T
y = Cr = [VT 0 q} (4.67)
T
&2 [VT i a q} (4.68)
where the matrix C'is given by

1000
C=10100 (4.69)

0001
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Note that the vector z. is used in the control law, Equation (4.48), and not the observer state vector
2. Therefore, the sole purpose of the observer states VT, q, and 0 is to generate an accurate estimate
& which can be fed to the control and adaptive laws. These other observer states will not influence

the system otherwise. The estimation error vector is defined as

A

TET—x

T
{VT 6 @& g] (4.70)

The design process will proceed as follows: the dynamics will be developed for each observer state
(‘;/T, é, etc.) by approximating the unknown dynamics and then adding an estimation correction
term. An expression for the estimation error dynamics of each state (17T, 5, etc.) will then be
derived. Finally, the entire estimation error dynamics, f, will be constructed as a vector differential

equation.
4.4.1 Total Velocity Observer Design

Recall that the dynamics for total velocity

: E D
Vi = —= cos(a) — = — gsin(7)
m m

The observer state V7 is therefore defined by

X F
Vi = =~ cos(d) —
m

D(a 5
ﬂ — gsm(ﬁ) + HVT(’y — Ci’) + HVTlvT (471)

where Hy,. is a row vector of constant observer-gains, Hy,., (x.) is a scalar time-varying observer-

gain, and because only the longitudinal dynamics are being addressed it is assumed that

2>
I
>
|
joN
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The estimation error for total velocity, Vr, has dynamics described by

B X . aS ~
V}:%HJG:—%#b@+wWﬁﬁv+Hw@—C@+H%J% (4.72)
where,
_(Fr  Fr qs A A .
oy = (m cos(&) - cos(a)) + - <C’Do CD0> g (sin(%) — sin(y)) (4.73)
7S A 7S 7S » .
nr = 2 (CDI - ODl) a+ L opya? - 265,02 (4.74)
m m m

Note that given Assumption 4.2.1, made above, the magnitude of the term dy can be bounded by

|0y | < Koo (4.75)

where Ky > 0 is a known constant.
4.4.2 Pitch Attitude Angle Observer State

For the pitch attitude angle 6, the observer state dynamics and estimation error dynamics can be

derived using the same process as above,

b= 4 (4.76)
0 =G+ Hy(y — C#) (4.77)
G=0—6=q+ Hyly— Ci) (4.78)

where Hy is a row vector containing constant observer-gains.
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4.4.3 Angle-of-Attack Observer Design

Recall the angle-of-attack dynamics

1
& = —— (=L +mgcos(y) — Frysin(«a) + Fr, cos(a)) + ¢
mVT

which can be rewritten as

< CquS /
&= T a+ fi(z)+q (4.79)
where
1
fi(x) = YV (=CrogS + mgcos(y) — Fry sin(a) + Fr, cos(a)) (4.80)
T

The dynamics for the angle-of-attack observer state are therefore defined as ,

éngs

m VT

a=—

G+ fi(x) + G+ Ho(y — C#) (4.81)

where H, is a row vector containing constant observer-gains. The estimation error for angle-of-

attack, o, has dynamics described by

G=d—d=— @+ G+ 00+ Hy(y—C7) (4.82)
mVT
where
_ AN DS L myp
5. = (cm cM) o filae) = faa) (4.83)

Note that given Assumptions 4.2.1 and 4.2.2, the magnitude of §,, can be bounded by
a5 . A
|6a| S —ACL1|CY‘ +K10 (484)
mVT

where K7, > 0 is a known constant.

109



4.4.4 Pitch Rate Observer Design

By taking a derivative with a respect to time of the expression ¢ = ¢,,, — €, and substituting in the

error dynamics (4.65), the dynamics for pitch rate can be expressed as

. o qsc A A
q =qm + WTb@C) + TCmI(O‘ — Q) — Mg + € + gq(l’)gq l(xC)(Kq + Kq1<IC))€q
! - (4.85)
o A C A .
+ (gq(x)gq 1(‘/L‘c) - 1) _CqO - qA—Cmqq + dm + €o + 141
21,Vr
For the observer state, the dynamics are approximated by assuming
a=0 gq(x)gq_l(xc) =1 W =0
and again an estimation correction term is added:
4= dm + (K, + Kgu(2.)eq + eg + Hy(y — C2) + Hy(2.)d (4.86)

where H,, is a row vector of constant observer-gains and H; (x.) is a scalar time-varying observer-

gain. The estimation error for pitch rate, ¢, has dynamics described by

N X it QSE ~ - A ~
q=4qg—q= —WTb(ifc)+TCm1a+ﬁq+(1—9q(l‘)9q 1(xc»qu(xC)eq_’_(sq‘i_Hq(y_Cx)"i‘qu(x6>q
y

(4.87)
where
1 s g5 .
og = (1 - gq(x)gq (ze) | Kyeq — Coo — —5——Cngq + Gm + €0 + 11 (4.88)
21,Vr
Note that given Assumptions 4.2.2 and 4.2.3, the magnitude of J, can be bounded by
0] < Koo + Kaileg| + Kasleo (4.89)
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where Ky, K51, and K59 are known constants.

4.4.5 Final Estimation Error Dynamics

Let each of the constant observer-gain vectors, H;, be written as H; = {hli ho; hsi] for 1 =

Vr, a, q, 0 such that

Hi(y — Cx) = hy Vi + hoif + haid

Combining Equations (4.72), (4.82), (4.87) and (4.78) allows for the full observer error dynamics

to be expressed in vector matrix form,

Vr —hiyy —hay, -2 Cpr —hsy, Vr
g “hiy  —hay 0 1 —hy| | 6
a —hia  —haa —7,?—5TCAYL1 1 —hsgal| | &
i (j i L _hlq _h2q %le _hSq 1L q i
oy nvr + Hyr (IC)VT
0 0
+ |+
Ou 0
_5q_ Mg + qu(QUC)q~ i

or written more compactly as,

i=Hof+ |-WTB+ (1 — 9¢(2)95 (xe)) K (xc)eq| +0+1
4

o o O

(4.90)

4.91)

By checking the principal minors of the matrix Hp, it can be shown that given Assumption 4.2.1

which assumed C' 1 > 0, the observer-gains hyyr, hoy and hs, can always be chosen such that

H0+Hg<—Q
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for a constant matrix Q = Q7 > 0. In addition, note that the norm of the vector § can be bounded

by
101l < 1Kol + [Kareq| + [ Kaaep] + | Ksal (4.93)
where
T
Ko = {Koo Ko K2o} (4.94)
g
K3 = d ACL (4.95)
mVT

4.5 Stability Analysis

In this section a Lyapunov stability analysis of the closed-loop system, based on the control algo-
rithm and nonlinear observer discussed above, will be presented. The following lemma is intro-
duced, which establishes a conservative bound on the magnitude of the true angle-of-attack as a

function of time.
Lemma 4.5.1. Consider the angle-of-attack dynamics given in Equation (4.5). Using only known
parameters and measured signals, the time-varying signal a(t) can be calculated such that

la(t)] < alt) VE>0 (4.96)

where a(t) evolves according to the differential equation

A | )
P |Cr1 CLIlQ(VT,mm)Sa + ( '(x) + |Q|) (4.97)

mVT,min

a(0) = &(0)| 4 &0 mace (4.98)
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and where,

: L (1 e
falw) = —— (1Cuo+ ACuosien(Cro)lgS +mg + | Fr] ) (4.99)

myvr

Proof. Recall the expression derived for the angle-of-attack dynamics in (4.79),

s CLIQS /
d=—— ot fulz) +a

Given that this expression is a first-order linear differential equation, an expression for «/(¢) can be

solved for explicitly as

t_ Cri1as Cr13s

alt) = e~ T o(0) + /0 el =TI (f (w(r) + (7)) dr (4.100)

Equation (4.100) implies that the following inequalities hold,

o ‘éLl _AéLl ‘q(VT,'min)St t _ ‘éLl_ACLl ‘q(VT,min)S
—e MV min a(O) — e
0

MV min (t=7) (J;(;(x) + |q|) dr < aft) (4.101)

B \éLlfﬁéLl\é(VT,min)St t 1CL1-ACL11a(Vr min)S (t-1) =
alt) <e VL min a(0) +/ e VL min ( ! (x) + ’q|) dr  (4.102)
0
The inequalities (4.101) and (4.102) are equivalent to
—a(t) < aft) < a(t) (4.103)

which is equivalent to (4.96). [

Remark 4.5.1. Recall Assumption 4.2.1 where it was stated that C',; > 0. This implies that the
signal a(t) is bounded if and only if (f’ (z) + |g|) is bounded. Since each term in the definition of

f!(z) is bounded, this implies that a(t) is bounded if and only if the pitch rate ¢ is bounded.

Remark 4.5.2. 1f it can be shown that the signal a(t) is uniformly ultimately bounded (UUB), as

will be claimed in Theorem 6, then any signal designed using this set to stabilize the system will
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be UUB as well.

Theorem 6. Consider the nonlinear dynamical GHV system described by (4.13), the desired pitch
rate command calculated by (4.42), the control law defined by (4.48), the adaptive law defined by
(4.64) and the nonlinear observer designed in Section 4.4. Suppose that the desired pitch attitude

angle input signal, 6%, is bounded and continuous. If the following inequality,

= 1 mVT

is satisfied for all t > 0, then the tracking errors, e, and ey, the estimation error T, the weight
estimation error W and the system states, x, are uniformly ultimately bounded.
Proof. In order to analyze the stability of the system and to show that all of the closed-loop signals

are UUB the following candidate Lyapunov function is chosen,

1 __ _
V=354 (24 e+ a? + W) (4.105)

[\V]

The derivative of (4.105) is taken with respect to time along system trajectories, resulting in
: ~T = T . . . 1T
V=I'T+7 T+elq+epg+aa+ W Ty W (4.106)

Substituting the pitch rate tracking error dynamics (4.65) and the estimation error dynamics (4.91)

into (4.106) and rearranging results in

V =i"Hoz + & HE% + 2370 + 24(1 — g,(2)3, " (x)) K1 (z)eq + 2871 + egéy

: qsc . .
+ ad + 6q< - Tcml(a —Q)+n, —ep— gq(x)gq 1(xc)(Kq + K (z.))eq
y
A A gSc . e 1S .
~ (00(0)3; (@) = 1) | ~Cop = 2 Congt ot | ) + T (DRI — bl ey + 20))
y VT

(4.107)
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Application of the adaptive law given in (4.64) and the Lyapunov condition given in (4.92) leaves

V < —7TQF + 2870 + 2G(1 — g4(2)d; " (we)) Kgn(we)eq + 2870 + egéy

: _ a5¢ 4 e (ya
+ ad + eq< fy Cri(a— &) +ng —eg — gq(2)g, " (2) (Ky + Kp(ze))eq 4.108)
A1 A QSE A .
~ (9,@)3; (2) = 1) | =Cop = Z=Cong + G+ €0 + 11| )
21,V

In order to define the time-varying feedback and observer-gains (K (x.), Hy1 (), and Hyr ()

the following terms from (4.108) are examined,

28"y + 2¢(1 - gq(m)g};l(xc))qu (ze)eq — gq(x)f};l(x6>Kq1 (xC)ez + €qlq
= QVT (UVT + Hypi(z )VT> +2q (ng + Hp (c)q) +24(1 — gy(x )gzzl(xC))Kﬂ(xC)eq

- gq(x)gq_l(xc)qu (xc)eg + €qTlq
(4.109)

where 7, and 7y 7 are defined in Equations (4.66) and (4.74) respectively. Using these definitions,

the following bounds can be set,

_— ) ) .
mvr(t) < Gyr(t) 2 % (A(Jma(t) + (Cpo + ACpo)a(t) — 0D2a2> (4.110)
qgSec > gsSc
M) S 10) £ 3 (|G + ACusign(Cn) (6" + a*(0)))+A2, 2 S o+
I, — Al = Iy =
@.111)

where a(t) is the signal defined in Lemma 4.5.1. Note that all of the terms that make up 7,7 (t)
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and 7),(t) are known. Equation (4.109) can be rearranged as

2f”~7T77 +2q(1 - gq(x)gq_l(xC))qu (zc)eq — gq(x)gq_l(xC)qu (370)63 + €47

~ ~ q
=2Vp <77VT + Hyri (%)VT) + [2% nq}
eq (4.112)
i [~ } 2Hq (z) (1- gq(x)gq_l(xC))qu () q
q €q A o
(1 - gq(x)ggl(xc»qu (ze)) _gq(x)gq 1<x6))Kq1 (ze) €q
Therefore, if the time-varying gains are defined as
Hyri(ze) = —7ijpr(t) (4.113)
5
Hy(z,) = —57773(75) (4.114)
K (xe) = 5vig(t) (4.115)

where v > 0 is a designer chosen constant scalar, then, according to Assumption 4.2.3, the follow-

ing bound holds

2§7T77 +2¢(1 — gq@)g;l(xc»[(ql(xc’)eq - gq(x)gt;l(xC)qu(xC)eg +egng <
2

. ) i i (4.116)
2 (v (O)Vrl =i ()| Val?) + V50, ||| = 5985,.7

€q €q
Noting that for any scalar ¢ and any positive scalar d > 0, the inequality ¢ — dc? < 1/4d holds, it

can be concluded that

1/1 1
~T ~ A—1 ~—1 2
257+ (1~ )5y (0 Kop (e = 9013 (20 Ko+ e < & (54 15— )
“4.117)

Incorporating the inequality (4.117) in the expression for the derivative of the Lyapunov function
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and defining ~* as

results in
' T~ | o~T . : : gsc A A1
V<—Qr+2T"0+7" +epéy + i + eq( — TC'm(Oz — &) —ep— gq(7)g, (vc)Kqeq
y
1 A qsc - .
— (9,(@);(70) = 1) | ~Coo = ~—Cing + G + €0 + 11 )
21, Vy

(4.118)

Using the bound established in (4.93), a bound can be placed on the term 277§ in the following
manner,

2575 < 2 (|| Kol| + | Kareq| + | Kozea| + | Kzal) || Z]| (4.119)

The product («v) can similarly be bounded in terms of |« and the error signals of interest:

ad = (— Cnas fl(z) + q) (4.120)
mVT
Cr1qS
a6 < ——28202 + || (| £4(2) lmas + leql + gm]) (.121)
mVT

where according to Assumptions 4.2.1 and 4.2.2 the constant | f/ () |4, is known. Finally a bound
in the form of (4.119) and (4.121) can be found for the following terms, which for the sake of

brevity will be referred to as e &,

S¢c R .
eqé :eq< - qTle(a — &) — eg — gq(2)g, " (ze) Kqeq

(4.122)

~

. gSc )
- (gq(x)gq 1(%) —1) [—qu - ;f—Cmqq + ¢ + €9+ 11
y VT

)
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— q VT,ma:c SE ~
00t < = A+ el |20 i) 1 e
y
— A Q(VT,maz)Sé2 A .
+ legl Adq | 1Coolmar + | =7 Clmq| (leg| + l@ml) + [Gm] + [eo] (4.123)
2[y‘/T,mzm

— IV maz) ST
W (Mrinos + Vi) S+ LR 111 ) )

where /me is a positive bound set by the projection operator and where, according to Assumption
4.2.1, ]C*qo\mm is a known constant. With the above bounds in place, (4.118) can be written

compactly as

. 1 . 1 1 C11qS i
V< =@ 4" = Kok~ 580Kyt — S a4 (1] . fe) eol) (4124
where C(||Z||, |, |eq], |es]) is defined by,

— - T ~ - — - — =T ~ S

[z} [mu maz maz maa| | 2] 2]l b

- || miz My maz 0 || || by
CUIZ[I, lal, legl, leal) = +2 (4.125)

€] M1z Moz sz Mag| | |eg] A bs

_|€0|_ | 714 0 may My | _|€9|_ _|€0|_ _b4_
CUIZI, e, legl, leal) = v Mev + 207 be (4.126)

and where M, = M g . The matrix entries m;; and vector entries by, are given in Appendix C.

Since the vector b, is bounded, the function ((||Z||, ||, |e,|, |es]) has a unique global maximum
if and only if the matrix M, is strictly negative definite, which can be tested for by checking if its
four principal minors alternate sign. The first principal minor must be negative. This is equivalent
to

1
Meq =my = —§Amm(Q) <0 (4.127)

which by definition of () is always satisfied.
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The second principal minor must be positive. This is equivalent to

Meo = myymay — miy > 0 (4.128)
1 Cr1qS . (1 Cngs\ &S* | Ao
( 2)\mm<Q)> < 2mVT) |K3’ - 2)‘mm(Q) 2mVT mQV%ACLl >0
(4.129)

If the condition given by (4.104) holds, the second principal minor will always be positive. From
here, it is straightforward to show that the designer chosen gains K, and K can always be chosen
such that the third and fourth principal minors have the appropriate sign as long as (4.104) holds.

Therefore, (4.124) can be rewritten as

_ 1 ) 1 1. . CriqS
V >~ 2)\mzn(Q)HxH +7 2 €0 2quLKq€q 2TTLVT

0 + |Clmaa (4.130)

where |(|nq. 1 the unique global maximum of the function ¢. This implies that V < 0 outside of

the compact set Sy where

T T 1 ~ 2 maz T *
oy (3, s eqse0, W) = { (3 s eqp0, ) < 3] < (Ielomas £ >}

Amin(Q)
{50 g0 ) ot < 2700 (Clnee 477
ﬂ {(f’a’eq’€97w) : |eq|2 < Z(Kngj};; 7*)}
ﬂ {(f,a,eq,eg,W) eg|? < 2(|C|m}2+ 7*)}

N {@ e o 1) 1T < [}

where ||W||mm depends on the bound set by the projection operator. The Lyapnuov function V'
cannot grow outside of this set. This implies that z, «, ¢4, eg, W are UUB and therefore so is the

state vector x. The fact that £ and « are bounded implies that & is bounded as well. This implies
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that the filter signal a(¢) and therefore, the time-varying observer and controller gains K (x.),

H,(x.), and Hyr(x.) are also bounded. Thus, all closed-loop signals are proven to be UUB. [

4.6 Simulation Setup and Results

The NDI adaptive control architecture and nonlinear observer were implemented in the GHV
simulation framework and a numerical example was explored. There were several objectives to
the simulation testing. The first goal was to accurately track a desired pitch angle command. The
second goal was to accurately estimate angle-of-attack using the nonlinear observer designed in
Section 4.4. The third and final goal was to avoid the common problems associated with high gain
nonlinear observers: the peaking phenomenon and large noise amplification.

There are two reasons why the nonlinear observer presented here can be effective with rela-
tively low gains and therefore will not lead to peaking or noise amplification. The first reason is
due to the specific aerodynamics associated with flying at hypersonic speeds. The nonlinear dis-
turbances represented in this paper by the vector ¢, and the scalars 7y and 7, typically have very
small magnitudes. It is the “role" of the Hurwitz matrix H and the time-varying gains to stabilize
the estimation error dynamics in the presence of these disturbances. If the nonlinearities are small,
it can play this role effectively without excessively high gains. The second reason is a practical
one and only addresses the issue of noise amplification: hypersonic vehicles are extremely expen-
sive to build and operate and because of this, they will be equipped with high quality sensors that
are unlikely to produce very noisy measurement signals. Despite this fact, significant measure-
ment noise was included in the presented simulation with the belief that performance should only
improve with better sensing capabilities.

Two different desired pitch rate trajectories were examined. The first trajectory commanded
called for the vehicle to ramp up to a pitch angle of 8.5 deg, hold that pitch angle for approxi-
mately 20s and then ramp back down to zero deg. The second trajectory commanded called for

the vehicle to track a pitch angle sinusoid with an amplitude of 8.5 deg and a frequency of approx-
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imately 11.5deg /s. The two velocity level measurement signals needed to drive the nonlinear
observer, pitch rate and total velocity, were corrupted by noise. For both trajectories tested a low
measurement noise case and a high measurement noise case were examined. The low noise case
was associated with zero mean white noise and a standard deviation of 7.07ft/s and 0.1 deg /s,
for total velocity and pitch rate respectively while the high noise case was associated with zero
mean white noise and a standard deviation of 10f%/s and 0.5deg/s, for total velocity and pitch
rate respectively. The observer-gains were selected such that the matrix Hp remains Hurwitz for
the entire simulation as required. These gain values can be found in Appendix D.

The bounded uncertainties described in Assumption 4.2.2 are given in Table 4.1 and the

Table 4.1: Longitudinal Aerodynamic Parameter Uncertainty Bounds

ACLo=0.005 AC,0=2c—4
AC; = 0.22 AC,,; = .005
ACpo = .002 AC,,» = .005
ACp; = 0.006 AC,,5 = .05
ACpy =0.015  AC,,, = .018
AL, =101bm ft*  AC,,; = .018

bounded uncertainties described in Assumption 4.2.3 and Assumption 4.2.4 are given by Ag, =
0.1 and &g mer = 1deg. Except for the moment of inertia bound, each uncertainty value listed is
at least 20% of the magnitude of the assumed value of the parameters it is associated with, that
is [AC'x| > 0.2|C'x| VX. The pitch rate reference model parameters were set to a, = —15 and
b, = 15. The other relevant control parameters were set as follows: the tracking gains were set
such that K, = 20 and Ky = 2 and the adaptive gain I'y; was set as a diagonal matrix with the

vector

le—=5 1le—=5 1 1 le—3
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along the diagonal. In order to make the simulation more realistic, second-order actuator dynamics
with damping ratio ¢ = 0.7 and natural frequency w,, = 25H z were included and position and rate
limits were placed on the actuators of 30 deg and 100 deg /s, respectively. In addition, a time
delay of 0.01s was included in the simulation. The initial flight condition was a velocity of Mach
6 and altitude of 80,000 f¢. The initial true angle-of-attack was 0 deg however the observer was
initialized such that &(0) = 0.5 deg.

For comparison purposes, the same litany of simulation tests were run using an ensemble
Kalman filter (EnKF) to estimate angle-of-attack instead of the nonlinear observer derived in this
paper. This filtering technique is a popular alternative to the extended Kalman filter (EKF) used for
the estimation of nonlinear systems. The EnKF has been referred to as a sequential Monte Carlo
method and has two major benefits when compared to the EKF: it does not require the propagation
of a state covariance matrix which can be computationally expensive for high order systems and it
also does not require a linearized model of the system [56]. For the results shown in this section,
the ensemble size was set to N = 100 members and the process noise covariance matrix used,

defined by Q; = F|wjw{ ] where wy, represents a vector of zero-mean white process noise is given

by
Elwip,) 0 0 0 50 0 0 0
0 Ew?,] 0 0 0 le—=5 0 O
Qr = ’ = (4.131)
0 0 Elw? ;] 0 0 0 0.01 0O
0 0 0 Elw?,] 0 0 0 4
The measurement noise covariance matrix is defined as R; = F|[vzvl] where vy represents a

vector of zero-mean white measurement noise. The EnKF update procedure requires that 12y be

non-singular. Therefore, despite assuming perfect measurement of the vehicle’s pitch angle, the
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measurement noise covariance matrix was set as

E [U%/T,k] 0 0 E [UVT,k;] 0 0
Ry = 0  E[2,)] o0 |= 0 le—6 0 (4.132)
0 0 E [vg i) 0 0 E [vg i)

where E[vi;,] and E[v] ] varied based on whether a low noise case or high noise case was being
examined. For completeness, a brief mathematical description of the comparative EnKF used in
this study is now given.

Consider a general nonlinear systems with dynamics described by the differential equation
(4.12). The EnKEF is initialized by randomly sampling the state many times. This is the initial
“ensemble” of members. Letting the i"* member of the ensemble at the (k — 1) time step be

defined as 7%, then at any time step the estimated mean and covariance can be approximated by

N
. 1 i
Bt =y ;1 o 4.133)
1 N
P =57 Y (&g — Epo1) (g — por)” (4.134)

=1

Each of the ensemble members is predicted forward in time according to

& = [(&_1) + 9(&h_1) (up—1 + wi_1) (4.135)

where wy, represents a vector of zero-mean white process noise with covariance defined by E[wyw? |
() s. Note that the EnKF requires no covariance prediction step.
After a measurement is taken, noise is added to the measurement vector such that an ensemble

of measurements is created of the same size as the ensemble of state estimates, that is

Y =y -+ (4.136)
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where vy, represents a vector of zero-mean white measurement noise with covariance defined by
Elvgvf] = Ry. Following the creation of the measurement ensemble, each state ensemble member

is updated according to

@, =2, + P, CT(CP_,C" + Ry) (v — C3y ) (4.137)

and a single state estimate vector is calculated according to (4.133).

Test Case 1: The first case tested was based on the ramp pitch angle trajectory described above.
Figure 4.1 shows the time histories of the state vector and the control surface deflections for the
low noise case and Figure 4.2 shows the results pertaining to the high noise case. The top plots in
these figures show the estimation performance of both the nonlinear observer and the EnKF. Both
estimation techniques are able to produce accurate estimates of angle-of-attack, leading to success-
ful tracking of the pitch rate reference model and therefore the pitch angle desired trajectory. In the
high noise case, the control surface deflections that were generated using the nonlinear observer
were affected slightly more by measurement noise than those generated using the EnKF, however

the difference is minimal and no peaking phenomenon is seen.
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Figure 4.1: Test Case 1. Low Noise Case. True and estimated angle-of-attack trajectories are
shown followed by the tracking performance of pitch angle and pitch rate, the vehicle total velocity,
and the control surface deflections.
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Figure 4.2: Test Case 1. High Noise Case. True and estimated angle-of-attack trajectories are
shown followed by the tracking performance of pitch angle and pitch rate, the vehicle total velocity,
and the control surface deflections.

Test Case 2: The second case tested was based on the sinusoidal pitch angle trajectory described
above. Figure 4.3 shows the time histories of the state vector and the control surface deflections
for the low noise case and Figure 4.4 shows the results pertaining to the high noise case. Again
it is seen that both nonlinear estimation techniques are able to accurately estimate angle-of-attack
and that the control objective is achieved despite parametric uncertainty in the model. The suc-
cessful implementation of these test cases demonstrates the nonlinear observer’s ability to perform

comparably to nonlinear Kalman filtering techniques while also being provably stable in the NDI
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adaptive control framework.
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Figure 4.3: Test Case 2. Low Noise Case. True and estimated angle-of-attack trajectories are
shown followed by the tracking performance of pitch angle and pitch rate, the vehicle total velocity,
and the control surface deflections.
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Figure 4.4: Test Case 2. High Noise Case. True and estimated angle-of-attack trajectories are
shown followed by the tracking performance of pitch angle and pitch rate, the vehicle total velocity,
and the control surface deflections.

4.7 Robustness Analysis

A simulation-based analysis was performed in order to test the robustness of the observer-
based NDI adaptive controller with respect to parameter uncertainty. Most nonlinear control tech-
niques lack neat analytical robustness measures. Instead, Monte Carlo approaches, such as the
one presented here, must be performed. In this analysis, the assumed values of the aerodynamic
coefficients Cr; and C,,, were systematically varied and the effect on estimation and tracking

performance was studied. In each episode of the study, the vehicle was commanded to track a
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pitch angle doublet maneuver with a magnitude that was randomly selected between 1 and 6 deg.
Each doublet command lasted for a total of 20s as seen in Figure 4.5. Similarly, the measurement
noise covariances were also varied randomly through out each episode. All measurement noise
had zero mean and the covariances were randomly selected values between 50 and 100( ft/s)? for
total velocity measurements and between 0.01 and 0.25(deg /s)? for pitch rate measurements.

For each assumed parameter value set (CL1, C’mq) the integrated square error of the angle-of-
attack estimation error and the pitch angle and pitch rate tracking errors were averaged across all
episodes and charted in Tables 4.2-4.4. Given an arbitrary error signal ex the integrated square
error is defined as

ty
ISE,, = / exdt (4.138)
0

The full process used to conduct the robustness analysis is summarized below.

Let IV, be the number of episodes performed for a given assumed parameter set (CL1, C’mq) and

define (C’gl, éﬁlq) as the best initial estimate of the aerodynamic parameters C; and C,,,.

1. Select Ay, and A,,, and define the assumed aerodynamic parameter set as

éLl — (1 —I— ALl)é(l),l

N

émq = (1 + Amq)c(oq

m

2. for1=1,2,... N

(a) Randomly select the pitch angle desired doublet maneuver magnitude between 1—6 deg
(b) Randomly select the total velocity measurement noise covariance between 50—100( f¢/s)?
(c) Randomly select the pitch rate measurement noise covariance between 0.01—0.25(deg /s)?

(d) Run the simulation
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(e) Calculate ISE;(i), ISE,, (i) and ISE, (i) according to (4.138)

3. Calculate the average integrated square error values ISE, ISE,., and ISE, according to

Nep
— 1
ISEc\ = 5 > ISE, (i) (4.139)
P =1

For the results given in Tables 4.2-4.4, N, was set to 30 and ¢y was 40s. Due to the fact that the
size of the robustness metric /SE, .. is heavily dependent on the simulation run time ¢ ¢, these tables
are best interpreted by comparing the relative values of the entries rather than the absolute values.
Tables 4.3 and 4.4 indicate that the tracking performance is robust with respect to the parameter
variation included in the study. The difference between the best and worst case scenario of 1SE.,
was just 2.2 deg” over the 40s simulation time. The absolute value of the average integrate square
error is large for the pitch rate tracking error compared with that of the pitch angle tracking error
due to the higher impact of noisy measurent signals on velocity-level states. However, once again
the difference between the best and worst case scenario is small: 5.3 deg® over the 40s simulation
time. The ability of the controller to compensate for such parameter uncertainty is due to the

adaptive control mechanism.
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Figure 4.5: Sample pitch angle trajectory used in robustness analysis. The varying doublet magni-
tudes were selected randomly.

Table 4.2: Longitudinal Controller Robustness Analysis. Average integrated square error of
the angle-of-attack estimation error over 40 seconds, /SE [deg?]

| [ Ap=—025 A =-0125 [ Ay =0 AL =0125 [ Ay =0.25 |

Apg=—025 | 1598 7.29 4.70 3.16 4.71
Apg = —0.125 || 15.92 7.3076 3.68 5.28 3.62
Ay =0 15.80 6.95 4.10 4.49 4.49
Ay =0.125 15.74 7.14 3.45 4.36 4.83
Apg =0.25 16.30 7.31 3.89 3.19 6.91
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Table 4.3: Longitudinal Controller Robustness Analysis. Average integrated square error of
the pitch angle tracking error over 40 seconds, ISE., [deg’]

| [ A =—025]Ap=—0125 [ Ay =0 Apy =0.125 [ Ay = 0.25 |

Ay =—025 | 1.46 1.53 2.69 1.47 1.53
Ay = —0.125 || 1.49 1.51 1.56 3.35 1.13
Apg =0 1.25 1.21 2.03 2.89 1.41
Ay = 0.125 1.22 1.35 1.34 2.48 1.40
Apg = 0.25 2.46 1.57 1.67 1.49 2.39

Table 4.4: Longitudinal Controller Robustness Analysis. Average integrated square error of
the pitch rate tracking error over 40 seconds, ISE., [(deg /s)?]

| | Ap=—025 A =—-0125 [ Ay =0 AL =0125 [ Ay =0.25 |

Apg=—025 | 13.18 11.51 14.42 11.76 10.55
Ay = —0.125 || 10.46 9.56 13.77 12.29 9.57

Apg =0 12.09 12.60 13.27 10.93 11.07
Ay =0.125 10.02 10.52 13.14 12.87 12.52
Ay =0.25 14.36 12.23 12.44 12.30 14.86
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5. OBSERVER-BASED NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL.:
SIX DEGREE-OF-FREEDOM HYPERSONIC VEHICLE MODEL

5.1 Introduction

In this section, the observer-based NDI adaptive control framework, developed in Section 4, is
extended to the full six degree-of-freedom GHV model defined in Section 1. The vehicle’s Euler
angles, body-axis rates and total velocity are assumed to be measured while both the angle-of-
attack and sideslip angle are not. The problem statement is briefly re-summarized: Due to the
high speed and high operating temperature of hypersonic vehicles, typical external sensors such as
angle-of-attack and sideslip angle vanes cannot be used. As in Section 4, it is not assumed that the
nonlinear control effectiveness matrix can be canceled perfectly due to imperfect state knowledge.
Additionally, a full-order nonlinear observer is developed similarly to the longitudinal analog. It
is shown that using the angle-of-attack and sideslip angle estimates produced by this observer,
all closed-loop signals are stable and bounded. This framework is tested in the GHV simulation
by commanding a trajectory that excites both the longitudinal and lateral/directional modes of the

vehicle and a robustness analysis is performed.
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5.2 Operating Condition and Uncertainty Assumptions

The state and control vector for the six degree-of-freedom GHV model are given by

T
$={VT d =z, xr}
T
o=[o 0 4]
T
xa:[ﬁ a}

T
vl

T
U= |:5f,r 5f,l 5t,r 5t,l:|

and the dynamics are described in Equations (1.30)-(1.45). The following assumptions are made

about the vehicle operating conditions and the total uncertainty in the system:

Assumption 5.2.1. The vehicle is operating within a known thrust profile such that

VT S [VT,miTw VT,max] (51)
”FT” S FT,max (52)
| Mr|| < M7 mas (5.3)

for known Vr in, Vimaz Frmazs M1 mae and where the lift, drag, sideforce and aerodynamic
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moment coefficients terms (C}, C! and C!,) can be approximated by

CL=Cro+ Cria+e€n(P) (5.4)
Cp = Cpo + Cpra + Cppa® + en(B) (5.5)
Cy = Cyo+ Cy18 + ey () (5.6)
3
Cr=> CuB + ) (5.7)
k=0
3
Cro =Y Crica® + €m(B) (5.8)
k=0
3
Ch = CuB* + €nl) (5.9)
k=0
where

for all i and €; represent known constants. The coefficients Cr;,Cp;, Cyi, Coiy Chi, and C,; are

constant ¥ i and Cry > 0 > Cy.

Assumption 5.2.2. There is bounded uncertainty in the system such that for the following param-

eters

ICi; — Cy| <AC;; fori=1LY j=0,1 (5.11)
|Cp; — Cpy| < ACp; for j =0,1,2 (5.12)
Ci; — Cij| < ACy; fori=t,m,n j=0,1,2,3 (5.13)
Cons — Consl < A5 (5.14)

IC; — Ci| < AC; fori = £y, mg,n, (5.15)

|I; — ]AZ| < AL fori=x,y, 2,12 (5.16)
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where the (*) notation represents the estimated value of each respective vehicle parameter and
where ACx and Alx are known constants ¥ X. All other vehicle parameters contained in f(x)

of Equation (1.43) are assumed to be known or measured perfectly.

Assumption 5.2.3. The control effectiveness term g,(x) has full row rank and is known well
enough such that an estimate of this term based on estimated aerodynamic angles (&, B ) and

containing parameter uncertainty, g,(x.), can be formed which obeys the following conditions

1 13 — g, (2)g " (w,
0 < Ag,ls < ’ TN 1 G

Ly = (9:(2)g, H(z))" gr(2)g, " ()

0 < AGrrls < g,(2)g; () < AGruls (5.18)

where, in order to avoid confusion with the moment of inertia matrix, 1,; is the M x M identity

matrix and G (x.) is the pseudo-inverse of §,(x.). The vector x.. is given by

T
To = [VT > 7, x] (5.19)

and represents a combination of the measured states and z,, the estimate of x,. The parameters

0 < Ag,r and 0 < Ag,y are known constants. For simplicity, define
Ag, = max(|1 — Ag.z|, |1 — Ag.v]) (5.20)
Assumption 5.2.4. The vehicle does not pass through any kinematic or dynamic singularities, i.e.

6(1)], 18(t)] < g vt > 0 (5.21)
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Furthermore, there exist known constants d; such that

1<

<d; fori=20,p (5.22)

cos(7)

Assumption 5.2.5. The initial aerodynamic angle estimation error is bounded such that

|fL‘a(0) - ja(0)| < :i'a,max (523)

T
where for any vector v € RP, the absolute value |v| signifies o] ue] oo |upl and T maz IS

a known constant vector with entries greater than or equal to zero.
5.3 Control Law Development
5.3.1 Selecting the Command Signal

Because the control vector directly influences the velocity level dynamics, achieving the control
objective of commanding an attitude angle trajectory must be done indirectly by commanding the
body-axis angular rates. In other words, an expression must be found for the desired rate trajectory,
x4, which forces the vehicle to achieve the desired attitude angle trajectory, ®;, which is assumed
to be continuous and bounded. It is desired that the vehicle’s angular rate dynamics follow a stable

linear reference model described by

:tr?m = Amzr,m + Bmxr,d (524)

where (A,,, B,,) are a controllable pair, A,, € R**3 is Hurwitz, and B,, € R3*3. Next, two

tracking error terms are defined

e, & Ty — Ty (5.25)

eqp 2 Py — D (5.26)
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Since the goal is to design z, 4 such that ¢ follows a desired command, the attitude angle error
dynamics should be analyzed. The desired rates should be chosen such that the attitude angle

dynamics are stabilizing and drive eg to zero if e, = (. These dynamics are given by

Let fo(r) = Agpx,. Adding and subtracting Agx, ,, leaves,

€ = qbd + A'ID (xr,m - xr) - Aéxr,m (528)

ép = Oy + Age, — AsTym (5.29)

Therefore, if the reference model chosen for z,. is stable and can perfectly track a reference com-

mand signal, choosing desired attitude angle and angular rate trajectories of

Dy = P (5.30)
Trg = Agl (cb;; + che@) (5.31)

where K4 > 0 is a diagonal matrix, leaves
éq> = —ch&p + Aq>€r (532)

which implies that e — 0 as long as e, — 0 as desired. Due to Assumption 5.2.4, the matrix Ag

is always invertible. The desired trajectories are modified slightly to include saturation limits such
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that

(—K¢(z’,i)eq,(z') if (A;(cbz; + cheq))) (i) < —Zrq(d)

(i) = { (i) if = i) < (451 (@) + Koca) ) (6) < 2ra(i) (5.33)

| —Kalii)eali) if (A;l@; + Kq>eq>)> (i) > Zra(d)

;

400 if (A;l(cbg + Kq>e<p)> (i) < —Zrali)

zrali) = (A;l(cbg + Kq>eq>)> (i) if — Zali) < (A;@g + Kq)e@)) (i) < Zpa(i) (5:34)

Zrali) if (A;l(cbg + K¢e¢)> (1) > Zrali)

\

where v(i) is the i*" element of an arbitrary vector v and Z,. 4() > 0 Vi are predetermined saturation
limits for p, ¢ and r. These saturation limits restrict the magnitude of the desired angular rates and
allow one to claim a priori that z, ,, is both stable and bounded. In practice, 7, 4 can be set such
that the saturation limits on z,. 4 are never encountered in nominal flight. Nevertheless, the attitude

angle error dynamics still must be analyzed in the presence of these saturation limits,

(

~Kali,i)ea(i) + Aye, + Aytna it (A" (9 + Kaca)) (i) < ~2ra(i)

éo(i) = § —Ky(i,)ea(i) + Ale, if — Z,4(i) < (A;l@;; + Kq)eq))) (i) < Zpali)

~Kalisi)ea(i) + Ay, — Aptpa i (A5" @5+ Koca) ) (i) > (i)
\

(5.35)
where A represents the 7" row of Ag. With the appropriate desired angular rates given by (5.34),
the control law can be developed with the new goal in mind of bounding the angular rate tracking
error. In doing so, bounded tracking of both the angular rates and the Euler angles will be realized

and the control objective will be met.
5.3.2 Control and Adaptive Laws

The control law development begins by examining the angular rate dynamics
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. = frlz) + g (x)u (5.36)

&, = I (Ing frr(2,) + M + GSG) + g (2)u (5.37)

where [ is the moment of inertia matrix, defined in full in (1.33), and

Lo (Io—Iy+1,) 12, +12-1,1, 0 0
IgZ—IIIZ I%Z—IZIZ
[M — 0 O IZ_Iy Iy (5.38)
I I
(2L ly+12,)  Lee(Iz—Iy+1:) 0 0
2, -I.1, 2,-I.1,
bq
qr
Frolzy) = (5.39)
pr
p2 . 7‘2

If the aerodynamic angles were measured perfectly and all of the vehicle parameters were known

perfectly as well, a dynamic inversion control law of the form,
Uideat = Gy (T) [= (@) + & + Kr€p + €0 (5.40)

where K. > 0 is a constant feedback gain matrix, would drive both e, and eg to zero and achieve
the desired control objective. Because perfect information is not available, the actual control law

will be based on (5.40) given the system unknowns

w = g (ze) [— Fo(@e) + Erm + (Ko + Ky (e))er + e + 11 + yz] (5.41)
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where f,(x.) is given by
folwe) = 17 (D freley) + M + 3SG) (5.42)

b Cuilt' + 57 Canp)
G = e Coitt' + 577 Congt) (5:43)

b(X2ig Cuill' + 507 Crr)
The adaptive signals v, and v are time-varying signals, updated using an adaptive law, that account
for parameter uncertainty and K, (x.) is a time-varying positive gain term, specified in more detail

below.

In order to analyze system stability, the effect of the control law on the angular rate tracking
error dynamics must be examined. This analysis will be completed in Section 5.5 but some initial

steps can be done here in order to introduce the notation required for defining the adaptive law:

r = Ty — Ty (5.44)

Er = jJr,m - fr(x> - gr(x)u (545)
Substituting the control law (5.41) into (5.45) leaves,
€y = Bngn — fr(2) = go(2)5 () | = fr(@e) + Zpm + (Kp 4+ K1 (2))ey + €0 4 11 + 15| (5.46)

Adding and subtracting everything contained in the bracket of (5.46) except for (K, + K,1(z.))e,

results in

e, = —fr(;ﬂ) + fr(.ilﬁc) —€p — V] —Vy — gr(x)gr_l(xc)(Kr + Krl(xc))er
(5.47)

- (gT(w)gr_l(xC) - 13) _fr<xc) =+ l‘)r,m +ep + 11+ 11
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It will be useful to expand and examine the difference f,,(xc) — f-(z). By defining the term f,¢ as,

bClo
fro =171 My +GS |&(Cpuo + Cus) (5.48)
anO

and its estimate ﬁno, the difference can be written as

(I-1Coy — 171Cy) 1
A ; A g 7S P
fol@e) = fo(@) =(fro = fro) + (T Tag — T Tag) fr () + 2‘17T (172 Ca = 17Cong) 4
(f—léw . I‘ICM) br

Y, Cuf b(X, Cu + ela))
+17'3S &322 Cruat | — 17135 |2 (2, Cri + em(B))
b i C’mBZ b (Z?:l Crif8 + en(a))

(5.49)

The following vector
b Z?:l C&Bi
748 |eX0% | O’
b Z?:l Cmﬂi
is added to and subtracted from the right hand side of equation (5.49). Note that this vector is
a combination of true, unknown parameters and the estimated aerodynamic angles. Its inclusion

is useful for analysis however it can not be calculated on-line. This allows for the difference
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fr(z.) — f-(z) to be simplified further as

b (L) Calp = ) — ()
fr(l'C) - fT(l') = WTb(xC) + [71@51 c (Z?:l Orm'(é‘i - ) - Gm(ﬁ)
b (L1 CuilB = 5) = €n(a)

where W is a constant matrix made up of unknown weights given by

W= \Ww, Wy Wy Wy Wy Wi W53}

ngo bCEO
Wo =17 &(Cro + Crus) | =17 [(Cono + Cins)

bC’no bChro
»Cp 0 0 _b2cgp 0
Wy=I"1 0 &Cn 0 |-I"| 0 &Cu
0 0 bvCpn 0 0 bC,,

and b(x.) is a vector of known basis functions given by

b(xe) = |ME qS LaT fT(x,) qS2P" qszP" gszdT

2Vp T
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(5.51)

(5.52)

(5.53)

(5.54)

(5.55)

(5.56)

(5.57)



where

0 = (5.58)
With this simplified form, the tracking error dynamics, Equation (5.47), can be rewritten as

b (E?:l sz(Bl - 5Z) - Eg(&))
ér :WTb(xc) + [_1@5’ ¢ (Z?:1 sz‘(OAéi _ ozi) . Em(ﬁ)) —ep— U — Uy
b (Zle Cri( B = BY) — en(a)>

- gr(x)gr_l(xc) (KT + Krl(xc))er - (gr(Jf)g;l(ch) - 13) [_fr(xc) + i'r,m +ep + VvV + 1o

(5.59)
The adaptive signals v; and 15 can be defined as
v+ v = WTh(x,) (5.60)
v = Wb (z.) (5.61)
vy = Wiby(z) (5.62)
T

_ _ 7S

bi(z.) = [Mgi qS ;fo] (5.63)
T

by(e) = { T(z,) """ qi&g)T} (5.64)

where TV is the best estimate of the unknown weights . The estimated weights are updated

through the adaptive law

—~

W = TwProjy, (W b(ze) (e, + 2(dy — xr))T) (5.65)

where 2, is the observer state vector for the angular rates and I'yy is a positive definite gain matrix.

Substituting (5.60) into (5.59) and defining W =W — W leaves
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€ = — WTb(l’c) +17'gS c(Con(ad—a)—en(B)| T —€d — 90 ()3 (@) (K + Ko (2))er

mcfpp
- (gr(x)gr_l(xc) - 13) _fTO - I_lqs % Amqq + :tr,m +ep + 11
5 A
QbTTCnTT
(5.66)
where
b Z?:Q C&‘(Bi - 51>
m=17¢S |32, Cou(@’ — o)
by 0, Cui( BT — BY)
(5.67)

Z?:l bé@iﬁ i
- (gr(x)gril(xc) - 13) _filefrr(xr> - jil(js Z?:l éémzé/ +
Z?:l bémﬁl
It will be shown that implementing the adaptive law (5.65), allows for the closed-loop system to
compensate for uncertainty due to modeling errors in the parameters contained in /. Uncertainty

due to the inability to directly measure the aerodynamic angles will be handled through the use of

a nonlinear observer.
5.4 Nonlinear Observer Design

The observer design process requires the definition of two vectors: the output vector, y, and the

observer state vector Z:

145



T
y=Cx= [VT o7 xT} (5.68)

T
&= [VT o i, a;} (5.69)
where the matrix C'is given by
10 0 O
C=101; 0 0 (5.70)
0 0 0 13

The estimation error vector is defined as
T
iti—a= [VT d 7, x} (5.71)

The design process will proceed as follows: the dynamics will be developed for each observer state
(X>T, Ci> etc.) by approximating the unknown dynamics and then adding an estimation correction
term. An expression for the estimation error dynamics of each state (‘L/T, &), etc.) will then be
derived. Finally, the entire estimation error dynamics, :)f“, will be constructed as a vector differential

equation.
5.4.1 Total Velocity Observer Design

Recall that the dynamics for total velocity were given by

. F D
Vi = —L cos(a) cos(B) — = + ¢
m m

The observer state V. is therefore defined by

A FT A
—_— A —_—
Vi = oo cos(&) cos(f)

D(:{ 9 91(& B) + Hyy(y — C2) + Huy, (2) Vi (5.72)
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where Hy,. 1s a matrix of constant observer-gains for this state, Hy,, is a scalar time-varying

observer-gain and

(@, p) =g <— cos(&) cos(B) sin(0) + sin(B)sin(¢) cos() + sin(&) cos(B) cos(¢) cos(é))
(5.73)

The estimation error for total velocity, Vr, has dynamics described by

X X . S ~ R ~
VT = VT — VT = —%Opla + Nvr + (5\/ + HVT(y — C[E) + HVT1 (CL’C)VT (574)

F R -~ Fr 75 N
Sy = (ET cos(&) cos(B) — —co os(a) cos(ﬁ)) ad <CDO Cpo + 6D(5)> + (01— q1)
(5.75)
7S . 7S qS ~ .
nr =2 <CD1 - CDl) a+ L 0ppa? = L2062 (5.76)
m m m

Note that given Assumption 5.2.1, made above, the magnitude of the term ¢y, can be bounded by

|0y < Koo (5.77)

where K is a known constant.
5.4.2 Euler Angle Observer Design

For the Euler angle vector @, derivation of the observer dynamics is straightforward,

Ci) = A@l’r
b = Api, + He(y — Ci) (5.78)
=& b= Agd, + Holy — C2) (5.79)
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where Hg is a constant observer-gain matrix.
5.4.3 Aerodynamic Angle Observer Design

Recall the aerodynamic angle dynamics

i mLVT((Y + Fr,) cos 8+ mgs — (Fr, cosa — Fr, sina) sin 3)

mVTlcos,B(_L + mgs — Fr, sina + Fr, cosa)

sin «v 0 —cosQ
+ Ty
—tanfcosa 1 — tan B sin «
which can be rewritten as
' W 0 ) sin o 0 —cos
T, = qS T z, + fi(z) + x, (5.80)
0 m;f(fgsﬁ —tanfScosa 1 — tan 3 sin «

where

@) m%,T(((C’yo + ey (a))@S + Fr,) cos 8 +mgs — (Fr, cosa — Fp,_sin a) sin 3)
a T) =
L (—(Cro+ €(B))qS + mgs — Fr, sina + Fr, cosa)

mVr cos B8
(5.81)
The dynamics of the aerodynamic angle observer are given by
R Cyni—‘c,osﬁ 0 s sin & 0 —Ccos & R R
Tq=@qS T ) Tatfo(xe)+ R X T+ H,(y—C12)
0 —Cn —tanfcosa 1 — tan B sin &
mVr cos B
(5.82)
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where H, is a constant observer-gain matrix. The estimation error for the aerodynamic angles, z,,,

has dynamics described by

L. W 0 ~ sin & 0 —cos & . R
Tq = To—Tq =qS r ; Tot+ R R Tr+0,+H, (y—C17)
_=Cn1 _ _ A _ na
0 R tanfScosa 1 tan [ sin &
(5.83)
where
N / C'y1 COSi;SYI cos,BqS 0
5(1: a(xc) _fa<x)+ ) & c Lq
O mVT ( COSLBl _'_ Coglﬁ) qS
sin & — sin « 0 — COS (v + Ccos
+ A R x,. (5.84)
—tanfcosa+tanfBcosa 0  —tanfsina + tanfsina

Note that given Assumptions 5.2.1, 5.2.2 and 5.2.4, the magnitude of the vector ¢, can be bounded

by

1 1\
TICrl+ 180 ) o+ Kl
B B

(5.85)

. -
Wﬂﬁ&ﬁﬁ—Jﬁ%—thA@$+Oﬂ—
mVT

where K5y and K53 are known constants.
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5.4.4 Angular Rate Observer Design

By taking a derivative with a respect to time of the expression z, = ,,, — e, and substituting in

the error dynamics (5.66), the dynamics for the vehicle’s angular rates can be expressed as

-C'Er :jjr,m + /WVTb(xc> - I_lqs E(Oml (éé — ) — Em(ﬁ)) — Nr + €p + gr‘(m)gr_l(mc) (Kr + Krl (xc»er

=2

)
)
)
[;;Tapp

+ (gr(m)gr_l(xc) - 15) _frO - j_lqs QCTT Amqq + -C'Er,m +ep + 11
b2 A
mcnrr
(5.86)
For the observer, the dynamics are approximated by assuming
B, =0 9r(1)3; " (2) = L W=0
and again an estimation correction term is added:
Ty = G + (K + K1 (20))er + eo + Hy(y — C&) + Hyy ()7, (5.87)

where H, is a constant observer-gain matrix and H,,(x.) is a time-varying observer-gain matrix.

The estimation error for angular rates, ., has dynamics described by

bCl 0

Ty = i'r — Ty = — WTb($c> + [7165 0 Ele Tq+ N
(5.88)
bCi1 0

+ (13 - gr(x)gfl(:rc))Kﬂ(:rc)eT + 0, + Hr(y - Oi) + Hrl(x6>jr
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where

A
bey() QI’TTC'gpp

r— ]_qu Eﬁm(6> - (gr(x)gr_l(xc) - 13) Krer - frO - j—lqs %C’mqq + :tr,m +ep+ 11

~

ben () g

2Vr

(5.89)

Note that given the Assumptions 5.2.2 and 5.2.3, the norm of the vector d,. can be bounded by
16,1 < Ko + Kaillea| + Kaslle,| (5.90)

where K3, K31, and K33 are known constants.

5.4.5 Final Estimation Error Dynamics

Let each of the constant observer-gain matrices, /;, be written as H; = [hli ho; h?n.] for ¢ =
Vr, ®, a,r such that

Hi(y — Cx) = hy;Vp + hoy® + hyd, (5.91)
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Combining Equations (5.74), (5.79),(5.83), and (5.88) allows for the full observer error dynamics

to be expressed in vector matrix form,

Vi —hiyy  —hav, Ho(l,3) —hay, Vr
3 P Ap—hse | | @
‘%a _hla _h2a HO(3a 3) HO(37 4) - h3a 57(1
Iy —h1,  —hy,  Ho(4,3) —hs, i,
0 oy mvr + Hyp, (ze) Vr
0 0 0
+ + +
0 0q 0
__WTb(xC> + (13 — gr(x)gr_l(xc»Krl ($C>€T_ _6r_ | T + Hpi(70)Zr i
(5.92)
where
qs . gs Cv1 COSB 0
Hp(1,3) = — - Hp(3,3) = —
O( ) ) m [0 CDl} O( ) ) mVT 0 &y,
cosB
bCp 0
sin & 0 —Ccos (v L
H0(3,4) = . R 1'-’[0(47 3) =1 qS 0 cCn
—tanfcosa 1 — tan fsin &
bCp1 O
Equation (5.92) can be written more compactly as,
&= Hot + | =WTb(x) + (13 = g,(2)g7 ' (x0) Kna(w)e, |+ (599)

4

By checking the principal minors of the matrix Hy, it can be shown that given Assumption 5.2.1

the constant observer-gain matrices can always be chosen such that

Ho+ HY < —Q (5.94)
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for some constant matrix Q = Q7 > 0. In addition, note that the norm of the vector § can be

bounded by

161l < [ Koll + Kaillea|| + Kal[zall + [|Ks]l[ex] (5.95)
where
T
Ko = {Koo Koy K02:| (5.96)
K—ﬁ (I(ds — 1)Cpa| + ACL)" + |(1—i)0 |+iAé 2 (5.97)
2 = o B L1 L1 a Y1 a5 Y1 .
T

K3 = |:K23 K33:| (598)

5.5 Stability Analysis

In this section a stability analysis of the closed-loop system, using the control algorithm and

observer discussed in the previous sections, will be presented.

Lemma 5.5.1. Consider the aerodynamic angle dynamics given in Equation (1.32). Using only

known parameters and measured signals, the time-varying set Q,(t) can be calculated such that

zo(t) € Qu(t) VE>0 (5.99)
where
Q(t) 2 [=Xa(t), Xa(t)] (5.100)
and where X, evolves according to
Xa = Aa,maa:Xa(t) + Va,mazx (t) (5101)
Xa(0) = 24 (0)| + Zamaz (5.102)

153



The constant matrix A, yq. and the time-varying vector g ma.(t) are defined as

_ 1A =
Ammax _ q(Vj‘;mm)S _dg |CY1 + ACYl‘ ) 0 ) (5103)
mvrT min 0 _|OL1 _ AOL1|
_ 1 0 1
Vamaa(t) = fal2) + |z, (5.104)
\ /d% -1 1 /dzﬂ -1
L(‘SC‘ + ACysign(Cyo) + & | +mg + || F )
- m q Y yos1gn(Cy €y | +mg
fala)=|"" (Crot A mm(Cro) e 7 (5.105)
g <QS|CL0 + ACposign(Cro) + €| +mg + || Fr||
Proof. Recall Equation (5.80) which can be rewritten as
T = Ag()xa(t) + vy (t) (5.106)
where
7S |Cyicosf 0
Aty = 22| (5.107)
mVT O _ CLl
cos 3
sin o 0 —Ccos
va(t) = fi(z) + T, (5.108)
—tanfcosa 1 —tanfsina

Given that Equation (5.106) is a first-order linear differential equation, an expression for x, () can

be solved for explicitly as
t t t / /
2a(t) = o AT (0) 4+ / elr ATy (7)dr (5.109)
0
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Equation (5.109) implies that the following inequality holds,

where for two vectors a,b € RP, the expression a < b signifies a; < by, az < bs...a, < b,. The

previous inequality is equivalent to
X, < () <X, (5.111)

]

Remark 5.5.1. If Assumption 5.2.1 holds, the constant matrix A, .., is Hurwitz. Therefore, Equa-
tion (5.101) implies that X, is bounded if and only if v, e, 1S bounded. Since each element of
f1(z) is bounded, the definition of v 4., Equation (5.104), implies that v, ., is bounded if and

only if z,. is bounded.

Remark 5.5.2. If it can be shown that the set €2, (¢) is uniformly ultimately bounded, as will be
done in Theorem 7, then any signal designed using this set to stabilize the system will be UUB as

well.

Theorem 7. Consider the nonlinear dynamical GHV system described by (1.43), the desired angu-
lar rate command calculated by (5.34), the control law defined by (5.41), the adaptive law defined
by (5.65) and the nonlinear observer designed in Section 5.4. Suppose that the desired attitude

angle trajectory, @3, is bounded and continuous. If the following inequalities,

A /\mzn V
ACy; < C\/( 8@)) <”;ST> —1(ds — 1)C| (5.112)
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ACy, < dﬁo*\/(Am’g(Q)) (”;Zf) —|(dg — 1)Cy| (5.113)

e
C, = \/mln(\d—y;|,yCL1|) (5.114)

are satisfied for all t > 0, then the tracking errors, e, and eg, the estimation error T, the weight

estimation error W and the system states, x, are UUB.
Proof. In order to analyze the stability of the system and to show that all of the closed-loop signals

are UUB the following candidate Lyapunov function is chosen,

V=5 + (efer +eleq + 2Tz, + tr(WTF;VlW)) (5.115)

DN | —

Taking the derivative with respect to time along system trajectories leaves,
V=iTs+45 &+elé, +ebég + ali, + tr(WTH W) (5.116)
Substituting (5.66) and (5.93) into (5.116) and applying the trace identity a”b = tr(ba’) results in

V =i"Hoi + " Hb7 + 2376 + 227 (13 — g0 ()G, (2)) K (z)er) + 2370 + ehéa

bCui (B — B)
+ alia+ el (1765 | (@ — a) | + 1 = ea = go(@)3; (@) (K + Ko (2c)ey
%éﬂpp
- (gr(x)gr_l(xc) - 13) (_fr() - f_qu %é’mqq + ftr,m +ep + Vl))
QbTTCan

+tr (W7 (r;vl/vi? — bzl +2i7)))

(5.117)
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Next, application of the adaptive law given in (5.65) and the Lyapunov condition given in (5.94)
leaves

V < —3"Qx 42376 + 22T (15 — g- ()4, (w)) K (z)er) + 287 + ehéa

bCn (B — B)
+ x Tqt+ e, (I 'qS cCm(ad—a)| T —eo — gr(x)gr_l(xc)(Kr + Ko (zc))er

b2 A
2Vp Clpp

— (9237 (20) = 1) (= fro = IS | Z-Crngq| +rm + €0 +11))

N

2
—QQ/T Copr
(5.118)

In order to define the time-varying observer and feedback gains, the following terms are examined

2*%T77 + 2jT(13 - gr(x>g71($c))Krl (xc)er - ezgr(x>g;1<xc)Krl (xc)er + €Zﬁr =

2V <77VT + Hyri(z.) ) + 28T (n, 4+ Hoy(20)7,) 4+ 287 (15 — g, (2) 5 () ) Kor (xe)e

_eggr( )G, ( ) Ko (z )€r+€ N

(5.119)

where 7, and 7y are defined in Equations (5.67) and (5.76) respectively. Using these definitions

the following inequalities can be set,

nvr(t) < fvr(t) =

=%

(AéDlxa(Q) 4 (Cpg + ACp)X2(2) — éng2> (5.120)
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S0, b(|C + ACyusign(Ca) ) (187 + Xo (1))
() < 0e(t) 2 (1= ADT'GS | 322 &(|Coni + AC,uisign(Cng)|) (J&F + Xa(2)1])
S, b(|Chi + ACwsign(Cri)) (187 + Xa(1)7])
Z?:l béﬁiﬁi
+ AGy |~ () = TGS |03 eChdt | + 12| (5.121)

Z?:l bémBZ

where X, () is the j** element of X, and where AT is given by

A, 0 A,

Note that all of the terms that make up 7,7 (¢) and 7,.(f) are known. Equation (5.119) can be

rearranged as
2i"n + 25%?(13 — 9r (.r)gr_l(xc))Kﬂ (zc)er — efgr (x)gr_l(xJK'rl (z)er + eznr =

- - Z,
2Vr <77VT + Hyr (%)VT) + [277;{ n; }
e (5.122)

2H,1 () (13 — gr(2) g () K1 (20) | | T0

+ |77 el
[ } (L3 = g-(2)g, (@) K ()T —g0(2)g, () Ko () er
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If the time-varying gains are defined as

Hyri(ze) = —yi0p(t) (5.123)

5)
Hy(we) = =5y (6)7:(6)15 (5.124)
Ko () = 5 (8)77,(t) 15 (5.125)

where 7 > 0 is a designer chosen constant scalar, then, according to Assumption 5.2.3, the follow-

ing bound holds,

Zan + Qi'Z(lS_gT(x)g;l(xc))Krl (xc)er‘ - eggr(x)gvjl(xc)[(rl (xc)er + 677:777" S
2

- - Ty o x
2 (v (®)|Val = 1mt OVl + VIl || = 598817
e e

T

(5.126)

Noting that for any scalar c and any positive scalar d > 0, the inequality ¢ — dc® < 1/4d holds, it

can be concluded that

- - . o 1 /1 1
2xTn+2xZ(13 —9-(%)9; 1<J7C))Kr1 (ze)er —6f9r($)9r 1($c)Kr1 (%)6#6?% <-{5+ -
Y 2 4Ag7‘L
(5.127)

Incorporating the inequality (5.127) and defining v* as

cal(l, 1
7_7 2 4A§7‘L
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results in

bCun (B — )
V< —3'Qi 4+ 2576 + v + ebég + ald, + e <I_qu Cpi (& — )| —eo — gr(2)5 (2 Ke,
bCot (5 — )
s A
QbTTCpr
- (gr(m)g;1($c> — 13) (=fro—17"gS % Amqq + Ty + €0 + V1)>
s A
2”7TC’W7“

(5.128)

Using the bound established in (5.95), a bound can be placed on the term 227§ in the following

manner,
2870 < 2 (|| Kol + Kailleall + Kallzall + [ Ks|lllex]]) [17] (5.129)
The term z i, can similarly be bounded in terms of ||z, and the error signals of interest,
- T T T sin o 0 — Cos (v
Ty ke = 2y Aua + x, fo(2) + 2, T, (5.130)

—tanfcosa 1 —tanfsina

%Tfﬁa < )‘maw(Aa)HmaHQ + |zl (Hfé(xmmaw +4/2+ Qd%HerH +4/2+ Qd%er,mH) (5.131)

where according to Assumptions 5.2.1, 5.2.2, and 5.2.4 the constant || f/ (x)||,nqz 1S known. Finally

a bound in the form of (5.129) and (5.131) can be found for the following terms, which for the sake
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of brevity will be referred to as e’ ¢,

bCu (B — B)
e & =e, (I_lqs cC1 (&6 —a)| —€d— 9-(2)3; (2o) K ey
bOnl(B - ﬁ)

(5.132)
5 A
QI)TTCEpp
- (gr(x)gr_l(xc) - 13) <_]Er0 - f_qu %émqq + jfr,m + eqp + Vl))

N

b2
svy O

If K, is structured in the form K, = k.13 where £k, > 0 is a scalar, then the following bound holds

bCp
er & < — ke AGellel? + el | 17'a(Viman)S ||Con || 121 | + llexlllleal]

anl
b*Cy,
_ A Q(VT,ma:L‘)S F— ~
+ \/gAngerH [ frollmaz + =51 Chq (lerll + [lzrmll)
2VVT,maac
b*Chay

. fan _ Q(VT,maw)S
+ er,mH + ”€<I>H + Winaa <MT,ma:ﬁ + q(‘/T,mam)S + T(Her” + er,mH

(5.133)

where W, is a positive bound determined by the projection operator and where, according to

Assumption 5.2.1, || fTOHmM is a known constant. With the above bounds in place, (5.128) can be
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rewritten compactly as

: 1 i .1
V < = Amin(@)IZ]° + 7" = SAmin(Ka)|

2 2
_l’_

N | —

where C(|[Z[], [|zall, llex[[, llex]]) is defined by,

— - T ~
[z | mu
~ (EA mai2
CUIZI, lzall, llerls lleall) =
lexll | |mas
lleall] |4

mia

Mma2

mas

mi3

ma3

ms3s

ms3q

Amaz(Aa)l|7all* + CUIZI, 2all, llerll, lleall)

mig

msq

Mgy

CUIZIL all, llex Il llea ) = v Mcv + 20" b

1 _
|€<I>||2 - EkrAgrLHer

+2

I

1]l
[l

lexl

leall

(5.134)

bs

by
(5.135)

(5.136)

and where M = M CT . The matrix entries m;; and vector entries by, are given in Appendix C.

Since the vector b, is bounded, the function ((||Z]|, ||z.]|, |le-|], |les]|) has a unique global max-

imum if and only if the matrix M, is strictly negative definite, which can be tested for by checking

if its four principal minors alternate sign. The first principal minor must be negative. This is

equivalent to

M{,l =mi =

which by definition of () is always satisfied.

1

The second principal minor must be positive. This is equivalent to

2
Mgg = M11Mo2 — My > 0

(_ ! AW’"(Q)) (%W(Aa
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If the conditions given by (5.112) and (5.113) hold, the second principal minor will always be
positive. Note that these conditions are conservative, i.e. there exist larger values of AC; and
ACYy+ (which lack a neat analytical form) for which (5.112) and (5.113) will be satisfied. From
here, it is straightforward to show that the designer chosen gains k£, and K4 can always be chosen
such that the third and fourth principal minors have the appropriate sign as long as (5.112) and
(5.113) hold. Therefore, (5.134) can be rewritten as

. 1 _ , 1 1 B
V< _5)‘min(Q)”xH2 + - EAmin(KCP)He‘I)HQ - EkTAgrLHer”z

)‘mar(Aa) ”IaH2 + |<|mam

(5.140)
_l’_

N | —

where [(|q. 18 the unique global maximum of the function (. This implies that V < 0 outside of

the compact set Sy where

) . ] = ane o 2(Cmar +77)
— : 2 <
SGHV(x,l'a;eme‘INW) {([L‘,ZCG,GT7€@7W> HxH - )\mzn(Q) }
B — 2 max + *
{(:v,xa,er,eé,W) |aza]? < (’)\CJWC(AG)’y )}

Agrkr
2 (¢l maz + %) }

V@ e, e, 7)< [ < (T e

M
m {(i,x‘a,er,e@,W) . HeT‘H2 S 2(|<|max +’Y*>}
M

{20, er,00, W) leall? <

where ||W||mm depends on the bound set by the projection operator. The Lyapnuov function V'
cannot grow outside of this set. This implies that 7, x,, e,, €, W are UUB and therefore so is the
state vector x. The fact that  and x, are bounded implies that z, is bounded as well. This implies
that the set ,(¢) and therefore, the time-varying observer and controller gains Hy 1, H,1, and

K, are also bounded. Thus, all closed-loop signals are proven to be UUB. [
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5.6 Simulation Setup and Results

The NDI adaptive control architecture and nonlinear observer were implemented in the GHV
simulation and two example trajectories were explored. There were several objectives to the simu-
lation testing. The first goal was to track a commanded Euler angle trajectory, ®;. The second goal
was to accurately estimate angle-of-attack and sideslip angle using the nonlinear observer designed
in Section 5.4. The third and final goal was to avoid the common problems associated with high
gain observers: the peaking phenomenon and large noise amplification.

The first trajectory tested was a 15 deg roll angle ramp command and hold, followed by a
return to level flight, followed by a 5 deg pitch angle ramp command and hold, followed finally by
a return to level flight. The second trajectory tested was a more aggressive roll angle command:
a 60 deg ramp command and hold followed by a return to level flight. All of the velocity level
measurement signals needed to drive the nonlinear observer (the body-axis angular rate and total
velocity measurements) were corrupted by noise. For both trajectories tested a low measurement
noise case and a high measurement noise case were examined. The low noise case was associated
with zero mean white noise and a standard deviation of 7.07 ft/s and 0.1 deg /s, for total velocity
and the body-axis angular rates respectively while the high noise case was associated with zero
mean white noise and a standard deviation of 10f%/s and 0.5 deg /s, for total velocity and the
body-axis angular rates respectively.

The observer-gains were selected such that the matrix Hp remains Hurwitz for the entire sim-
ulation as required. These gain values can be found in Appendix D. The bounded uncertainties
described in Assumption 5.2.2 are given in Table 5.1. Except for the moment of inertia bounds,
each uncertainty value listed is at least 20% of the magnitude of the assumed value of the param-

eters it is associated with, that is [ACx| > 0.2|Cx| VX. The bounded uncertainties defined in
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Table 5.1: Aerodynamic Parameter Uncertainty Bounds

[ACLy ACLi] = [0.005 0.22]

[ACyo ACy4] = [0.0001 0.06]
[ACpy ACp1 ACps] = [0.002 0.006 0.02]
[ACw ACno ACy| =[le—6 2e—4 le— 6]
[ACn ACp ACpH) =1[0.004 le—6 le— 6]
[AC,1 ACne AC,s] = [0.005 0.005 0.05]
[AC, AC, AC,] =[001 le—6 le—6]
[AC, AC,, AC,]=1[0.018 0.018 0.096]
AL AI, AL AL.J=[5 20 20 10] Ibm ft*

AC,, 5 = 018

Assumption 5.2.3 and Assumption 5.2.4 are

Ag, = 0.2 (5.141)
deo =14 (5.142)
dg =1.2 (5.143)
The body-axis angular rate reference model parameters were set to A,, = —1513 and B,, = 1513.

The other relevant control parameters were set as follows: the tracking gains were set such that

K, = 1513 and K¢ = 513. The adaptive gain matrix Iy was set as a diagonal matrix with the
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following vector along the diagonal
T
|:1€ —-54) 17) le— 3(6)} (5.144)
where each entry A(B) signifies the row vector
A(B) = [A AL A} e RP

In order to make the simulation more realistic, second-order actuator dynamics with damping ratio
¢ = 0.7 and natural frequency w,, = 25H z were included and position and rate limits were placed
on the actuators of 30deg and 100 deg /s, respectively. In addition, a time delay of 0.01s was
included in the simulation. The initial flight condition was a velocity of Mach 6 and altitude of
80,000 ft. The initial true angle-of-attack and sideslip angle were both 0 deg however the nonlinear
observer was initialized such that 5(0) = 0.1deg and &(0) = 0.5deg. The maximum assumed

estimation error, defined in Assumption 5.2.5, was set to

T T
:Z‘a(tO)maa:: B(tO)max &(tO)max:| - [05 1:| deg

For comparison purposes, the set of simulation tests were also run using an ensemble Kalman
filter to estimate the vehicle’s aerodynamic angles instead of the nonlinear observer derived in this
paper. For the results shown in this section, the ensemble size was set to N = 100 members and

the process noise covariance matrix used, defined by )y = E|wyw} | where wy, represents a vector
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of zero-mean white process noise is given by

L [wxz/T,k] 0 0 0
0 Elw? 0 0
Qf = . (5.145)
0 0 Ew?,] 0
0 0 0 E[w?,]
001 0 0
E[w\Q/T,k:] =1 Elwg,]=10 01 0
0 0 0.01
le—4 0
E[wik] = E[wgk] = 413
0 le—3
The measurement noise covariance matrix is defined as R; = FE[v,v]] where vy represents a

vector of zero-mean white measurement noise. The EnKF update procedure requires that /2y be
non-singular. Therefore, despite assuming perfect measurement of the vehicle’s Euler angles, the

measurement noise covariance matrix was set as

E[v}r,] 0 0 Elvr4) 0 0
R=| 0 E[,] 0 [=| 0 le-61; 0 (5.146)
0 0 Efvr] 0 0 E[?]

where E[v{;,] and E[v7,] varied based on whether a low noise case or high noise case was being
examined. A brief mathematical description of the comparative EnKF used in this study was given

in Section 4.

Test Case 1: The first test case corresponds to the roll angle ramp followed by pitch angle ramp

maneuver described above. Figures 5.1 and 5.2 show the time histories of the state and control vec-
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tors for the low noise case while Figures 5.3 and 5.4 show the results pertaining to the high noise
case. The upper two plots in Figures 5.1 and 5.3 show the estimation performance of both the non-
linear observer and the EnKF. Both estimation techniques are able to produce accurate estimates of
the aerodynamic angles, leading to successful tracking of the desired Euler angle trajectory shown
in Figures 5.2 and 5.4. Both estimation techniques led to very similar control surface responses
and no peaking phenomenon is seen. In the high noise case, the sideslip angle estimate generated
using the nonlinear observer was affected slightly more by measurement noise than the estimate

generated using the EnKF, however there is no noticeable effect on tracking performance.

Nonlinear Observer Ensemble Kalman Filter

2 2 -
) —3
o2 2
0 20 40 60 80 0 20 40 60 80
4 4 -=a
o) . —_—
gt 0 = 0 .
3 4 4 2
0 20 40 60 80 0 20 40 60 80
5868 5868
G
£ 5866 5866
>}_ - -
5864 5864
» 0 20 40 60 80 0 20 40 60 80
S —;
g 20 20 b
5 ~ —dy
S 1 )
2 [o) 0 — 0 il - =0,
5T N
2 -20 -20 -
S 0 20 40 60 80 0 20 40 60 80

Figure 5.1: Test Case 1. Low Noise Case. True and estimated aerodynamic angle trajectories are

time (s)

time (s)

shown followed by the vehicle total velocity, and the control surface deflections.
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Figure 5.2: Test Case 1. Low Noise Case. Tracking performance of Euler angles and angular rates.
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Figure 5.3: Test Case 1. High Noise Case. True and estimated aerodynamic angle trajectories are
shown followed by the vehicle total velocity, and the control surface deflections.
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Figure 5.4: Test Case 1. High Noise Case. Tracking performance of Euler angles and angular
rates.

Test Case 2: The second test case corresponds to the more aggressive roll maneuver described
above. Figures 5.5 and 5.6 show the time histories of the state and control vectors for the low noise
case while Figures 5.7 and 5.8 show the results pertaining to the high noise case. Once again,
both estimation techniques produce accurate state estimates and the control objective is achieved
despite parametric uncertainty in the model and noisy measurement signals. The successful im-
plementation of this control framework in simulation demonstrates the nonlinear observer’s ability
to perform comparably to well established nonlinear Kalman filtering techniques while also being

provably stable in an NDI adaptive control setting.
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Figure 5.5: Test Case 2. Low Noise Case. True and estimated aerodynamic angle trajectories are
shown followed by the vehicle total velocity, and the control surface deflections.
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Figure 5.6: Test Case 2. Low Noise Case. Tracking performance of Euler angles and angular rates.
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Figure 5.7: Test Case 2. High Noise Case. True and estimated aerodynamic angle trajectories are
shown followed by the vehicle total velocity, and the control surface deflections.
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Figure 5.8: Test Case 2. High Noise Case. Tracking performance of Euler angles and angular
rates.

5.7 Robustness Analysis

As in Section 4.7, a simulation-based analysis was performed in order to test the robustness of
the observer-based NDI adaptive controller with respect to parameter uncertainty. In analyzing the
six degree-of-freedom system, the assumed values of the aerodynamic coefficients C'y; and Cy
were systematically varied and the effect on estimation and tracking performance was studied. As

in Section 4.7, the assumed parameter set was selected according to

Cri=(1+AL)CY,

Cy1 = (1+ Ayy)CY,
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Using the process described here, analyses varying more than two parameters at a time could also
be achieved. These two specific parameters were chosen due to their importance in generating
accurate aerodynamic angle estimates.

In each episode of the study, the vehicle was commanded to track a roll angle, pitch angle
or yaw angle doublet maneuver command of a randomly chosen magnitude. The Euler angle
doublet magnitudes varied between 1 and 6 deg for bank and pitch angle and between 1 and 3 deg
for heading angle. Each doublet command lasted for a total of 20 seconds as shown in the three
sample trajectories of Figure 5.9. As in the analysis of Section 4.7, all measurement noise had
zero mean and the covariances were randomly selected values between 50 and 100( f¢/s)? for total
velocity measurements and between 0.01 and 0.25(deg /s)? for all angular rate measurements.

For this analysis, the number of episodes V., was set to 60 (an even distribution of 20 each for
pitch angle, roll angle, and yaw angle commands) and ¢y was 40s. The average integrated square
error values of the aerodynamic angle estimation errors, Euler angle tracking errors, and angular
rate tracking errors were calculated according to (4.138) and (4.139) and the results are given in
Tables 5.2-5.9. Asin Section 4.7, it is seen that the adaptive control mechanism leads to robustness

with respect to tracking performance in both the position-level and velocity-level states.

3 3 3
1 & —0 —_
2 : - = 9y -= 0 - - Y,
1
? ?
o 0 °
= ! ! =
e [ i he
-1 ! i = | -1 !
| ! !
2 1 2 | -2 1
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-3 . -3 . -3 .
0 20 40 0 20 40 0 20 40
time(s) time(s) time(s)

Figure 5.9: Sample Euler angle trajectory used in robustness analysis. The varying doublet mag-
nitudes were selected randomly.
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Table 5.2: 6-DOF Controller Robustness Analysis. Average integrated square error of the
angle-of-attack estimation error over 40 seconds, [.SE; [deg?

| | Api=—025]Apy=—0125 [ Ay =0 Apy =0.125 [ Ay = 0.25 |

Ay, = —0.25 | 16.11 7.08 2.64 1.03 1.28
Ay, = —0.125 || 15.99 6.89 3.06 1.55 0.91
Ay, =0 15.63 6.76 2.61 0.80 1.42
Ay; = 0.125 15.79 6.83 2.55 1.03 0.97
Ay, =0.25 15.64 6.67 243 0.84 0.91

Table 5.3: 6-DOF Controller Robustness Analysis. Average integrated square error of the
sideslip angle estimation error over 40 seconds, ISE [deg?]

| | A =—-025] A =-0125 | Ay =0 Apy =0.125 [ Ay =0.25 |

Ay, = —0.25 | 1.06 0.88 0.83 0.98 1.03
Ay, = —0.125 || 0.66 0.77 0.71 0.76 0.81
Ay = 0.59 0.70 0.65 0.65 0.81
Ay, =0.125 0.48 0.59 0.65 0.67 0.60
Ay, =0.25 0.55 0.61 0.60 0.76 0.71

Table 5.4: 6-DOF Controller Robustness Analysis. Average integrated square error of the
roll angle tracking error over 40 seconds, [SE., [deg?]

| | Api=—025 A =—0125 [ Ay =0] Ay =0.125 [ Ay =0.25 |

Ay, =—0.25 | 0.41 0.34 0.32 0.38 0.39
Ay, = —0.125 || 0.33 0.34 0.32 0.36 0.38
Ay, =0 0.33 0.36 0.32 0.34 0.41
Ay, =0.125 0.28 0.30 0.33 0.35 0.35
Ay, =0.25 0.27 0.31 0.31 0.36 0.38
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Table 5.5: 6-DOF Controller Robustness Analysis. Average integrated square error of the
pitch angle tracking error over 40 seconds, ISE,, [deg?]

| | Api=—025] Ay =—0.125 [ Ay =0 [ Ay =0.125 [ Ay = 0.25 |

Ay, =—0.25 | 0.62 0.63 0.45 0.44 0.44
Ay, = —0.125 || 0.49 0.56 0.94 0.90 0.36
Ay, =0 0.35 0.44 0.56 0.33 0.56
Ay; =0.125 0.41 0.56 0.53 0.48 0.40
Ay; =0.25 0.47 0.41 0.38 0.37 0.35

Table 5.6: 6-DOF Controller Robustness Analysis. Average integrated square error of the
yaw angle tracking error over 40 seconds, I SF., [deg?]

| | Api=—-025]Apy=—-0125 | Apy =0 ] Apy =0.125 [ Ay = 0.25

Ay, =—0.25 | 0.15 0.12 0.11 0.13 0.14
Ay, = —0.125 || 0.12 0.12 0.11 0.12 0.14
Ay, =0 0.11 0.13 0.11 0.12 0.15
Ay, =0.125 0.10 0.11 0.12 0.12 0.12
Ay, =0.25 0.10 0.11 0.10 0.13 0.13

Table 5.7: 6-DOF Controller Robustness Analysis. Average integrated square error of the
roll rate tracking error over 40 seconds, /SE., [deg?]

| | A =—-025] A =-0125 | Apy =0 Apy =0.125 [ Ay =0.25 |

Ay; = —0.25 | 20.62 16.57 15.49 17.86 17.38
Ay, = —0.125 || 16.87 17.37 16 16.55 18.13
Ay =0 17.32 18.66 16.30 16.85 19.47
Ay, =0.125 14.64 15.43 16.81 16.89 16.79
Ay, =0.25 13.85 16.17 15.15 17.52 17.66

Table 5.8: 6-DOF Controller Robustness Analysis. Average integrated square error of the
pitch rate tracking error over 40 seconds, ISFE., [deg?]

| | Api=—-025 A =—-0125 [ Ay =0] Ay =0.125 [ Ay =0.25 |

Ay; = —0.25 | 6.01 4.93 4.61 4.70 5.03
Ay; = —0.125 || 5.12 5.44 4.66 4.88 4.27
Ay; =0 4.10 5.15 5.14 4.01 5.05
Ay; =0.125 4.70 4.65 4.94 4.38 3.98
Ay, =0.25 4.51 4.79 4.30 4.54 4.20
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Table 5.9: 6-DOF Controller Robustness Analysis. Average integrated square error of the
yaw rate tracking error over 40 seconds, [SE_ [degQ]

| | Api=—-025]Ap=—0125 [ Ay =0 ] Apy =0.125 [ Ay = 0.25 |

Ay, = —0.25 | 0.55 0.47 0.45 0.52 0.50
Ay, = —0.125 || 0.48 0.48 0.49 0.47 0.52
Ay =0 0.49 0.53 0.48 0.49 0.57
Ay, =0.125 0.43 0.45 0.49 0.50 0.50
Ay, =0.25 0.40 0.48 0.44 0.51 0.51
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6. OBSERVER-BASED NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL
WITH STATE CONSTRAINTS

6.1 Introduction

Based on the discussion of previous sections and the motivational issues presented in Section
1.1, it is evident that in order to successfully prevent inlet unstart, a hypersonic flight control system
would need to be able to enforce state constraints without direct measurements of the vehicle’s
aerodynamic angles. Therefore, in this section a simulation study is presented, within which a
state constraining controller is combined with the nonlinear observer developed in Sections 4 and
5. For this study, the BFSC controller developed in Section 3 was chosen as the state constraint
mechanism. The nonlinear observer is used to produce estimated aerodynamic angle values and
those values are then treated as truth and fed into the state constraining control law. As in Sections
4 and 5 the performance of the nonlinear observer is directly compared with that of an ensemble
Kalman filter.

When controlling nonlinear systems, it is exceedingly difficult to prove tracking error stability
when attempting to drive an unmeasured state to track a reference trajectory. Nonlinear controllers
that attempt to do this will be susceptible to steady-state errors as the controller will be based
on the estimated tracking error, ¢ = v, — ¢, rather than the true tracking error, ¢ = ¥, — y.
Therefore, if ¢ = 0 but e # 0 and the system is in steady-state, the controller will have no reason to
take corrective action. This is why in Sections 4 and 5 for example, Euler angle trajectories were
commanded once it was assumed that the aerodynamic angles were unavailable for measurement.
Nevertheless in practice it is not uncommon for systems to be developed that combine well-tested
estimation techniques with full state feedback control laws, treating the estimated values as truth.
In this section, a similar approach is taken and demonstrated on the GHV simulation.

This section will proceed as follows: First, the combined observer-based state constraining
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control laws will be presented. Then, the simulation study results will be given, demonstrating this
control framework’s ability to track and/or constrain the vehicle’s aerodynamic angles despite not

measuring them directly.
6.2 Control Law Development

In this section the combined observer-based state constraining controller is introduced. This
control law is based on the bounding function state constraint technique derived in Section 3. It is

developed in terms of the position-level and velocity-level subsystem breakdown of the GHV used

previously,
¢
0 Pda
Tp = w = fp(r) + gp(x)A, qd (6.1)
(8% Tq
5]
T
Yp = Cpp = {Oé 5} (6.2)
00010
C, = (6.3)
00 0O01
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Oy
) 0
. f?l
Ty = [ §| = fol@) + gu(z) (6.4)
5t,r
7
_6tl_
T
Yo = [p q 7’] (6.5)

where it is assumed that A, = 13 is known. In this section, the identity matrix will be signified
using the notation of Sections 4 and 5, i.e. 1, represents the M x M identity matrix.
Let y,.» € R? be the aerodynamic angle reference model and y, ., € R? be the angular rate

reference model such that

. Qq

Ypm = Ap,myv,m + Bp,m (6.6)
Ba
Pa

yv,m = Av,myv,m + Bv,m q4 (67)
T'd

The observer-based BFSC control laws are given by

Da
qa| — [Cpgp($6>]T <yp,m - Cf/p@C) + Kpép +vp — Fé@p)[yp,m + prp,m]) (6.8)

Td
U= gv_l(x6> (yv,m - fv(xc) + (K, + K (ze))e, + 11 + 1/2) (6.9)

Note that because the aerodynamic angles are not available for measurement, these control

laws depend on the vector x., defined in Equation (5.19). The position-level tracking error term in
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(6.8) is also dependent on the estimated aerodynamic angles,

Q

€p = Ypm .

B

The adaptive signal v, is defined as
v, = Wb, (x.) (6.10)
T
= q q A q A2 i i A .

bp(xc) |:VTCOSB VTcosBa Vr cosBa Vr VTB:| (6 11)

where the estimated weight matrix /Wp is updated according to the adaptive law
W, = [y, Projy, (Wp, by(e) (67 — 47 F’(g,,))) (6.12)

The bounding functions are constructed according to equations (3.7) and (3.8) but now depend on

the estimated aerodynamic angles. Therefore, the matrices F(y,) and F”(y,) are given by

fi.,(62)

— 0
X T+ f7,(@2)
F;(yp) - " f}ig(ﬁQ) (613)
0 1+£7 ,(8?)
X fy1(6%) 0
F'(gy) = | . (6.14)
0 J5.2(8%)

All other parameters in equations (6.8)-(6.12) retain their meaning from Sections 3 and 5. The
feedback gain term K is defined in equation (3.16). The feedback gain K, is equivalent to the gain
K, defined in (5.41) and the time-varying feedback gain K, (x.) is equivalent to the gain K, (x,)
defined in (5.125). The adaptive parameters v; and v, retain they’re definitions from (5.61) and

(5.62) respectively.
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6.3 Simulation Setup and Results

The combined observer-based, state constraining NDI adaptive control architecture was im-
plemented in the GHV simulation and several example trajectories were explored. The first two
trajectories tested were 3 deg doublet commands, one in angle-of-attack and one in sideslip. These
examples do not test the state constraint mechanism but instead demonstrate the controllers ability
to track angle-of-attack and sideslip angle commands with bounded error despite not measuring
these angles directly. The second set of trajectories tested were 6 deg doublet commands, again one
in angle-of-attack and one in sideslip angle. These commands violate the state constraint values
defined in Sections 2 and 3. Therefore, these examples not only test the controllers ability to track
unmeasured states but to constrain them as well.

For all trajectories tested, the velocity level measurement signals needed to drive the nonlinear
observer (the body-axis angular rate and total velocity measurements) were corrupted by zero mean
white noise with a standard deviation of 3.16 ft/s and 0.1 deg/s, for total velocity and the body-axis
angular rates respectively. The observer-gains used for the results presented in this section were
the same as those used in Section 5 and can be found in Appendix D. Additionally, the bounded
uncertainties included in the simulation were identical to those found in Table 5.1 and Equations
(5.141)-(5.143).

The aerodynamic angle reference model parameters were set to A, ,,, = —15 and B,,, = 1,
and the body-axis angular rate reference model parameters were set to A, ,,, = —1013 and B, ,,, =

1015. The other relevant control parameters were set as follows: the tracking gains were set such
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that

10

K, = (6.15)
0 2
5 0 0

Ky,=10 10 0 (6.16)
00 5

The adaptive gain matrix I'y, was set as 1e — 315 and the adaptive gain matrix 'y, was set to the
diagonal matrix with the vector given in (5.144) along the diagonal. The process and measurement

noise covariance matrices, used in the comparative EnKF, were in the form of Equations (5.145)

and (5.146) where,

le — 4 0
0 le — 2

Evi ) = le — 613

As in previous sections, the simulation included second-order actuator dynamics with damping
ratio ¢ = 0.7 and natural frequency w,, = 25H z and actuator position and rate limits of 30 deg and
100 deg /s, respectively. In addition, a time delay of 0.01s was included in the simulation. The
initial flight condition was a velocity of Mach 6 and altitude of 80, 000 ft¢.

Figures 6.1 and 6.3 show the time histories of the aerodynamic angles, using estimated values
in the control law, when 3 deg doublets were commanded. Total velocity and the control surface

deflections are shown as well. Results are given comparing the performance when the estimated
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values were generated using the nonlinear observer and when they were generated using the en-
semble Kalman filter. Successful tracking is achieved for both the angle-of-attack and sideslip
angle command cases. In Figure 6.3 it is seen that a small steady-state error occurs in the estimate
of angle-of-attack regardless of which estimation technique was used. As was mentioned above,
this control framework is susceptible to such steady-state errors. The corresponding Euler angle
and angular rate trajectories are shown in Figures 6.2 and 6.4.

Figures 6.5 and 6.7 show the time histories of the aerodynamic angles, using estimated values
in the control law, when 6 deg doublets were commanded. Since these commands exceed the
predetermined limits, the state constraint mechanism activates in both of these cases and successful
state constraint enforcement is seen. Once again, when sideslip angle was commanded, as seen in
Figure 6.7 a steady-state error in angle-of-attack occurred. Nevertheless, no state constraints are
exceeded and the control signals remain relatively smooth despite the activation of the bounding
functions. The corresponding Euler angle and angular rate trajectories are shown in Figures 6.6

and 6.8.
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Figure 6.1: Tracking of unmeasured states example. A 3 deg angle-of-attack doublet trajectory

was commanded.
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Figure 6.2: Tracking of unmeasured states example. Euler angle and angular rate trajectories are
shown for 3 deg angle-of-attack doublet command.
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Figure 6.4: Tracking of unmeasured states example. Euler angle and angular rate trajectories are
shown for 3 deg sideslip doublet command.
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Figure 6.5: Constraining of unmeasured states example. A 6 deg angle-of-attack doublet trajectory
was commanded.
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Figure 6.6: Constraining of unmeasured states example. Euler angle and angular rate trajectories
are shown for 6 deg angle-of-attack doublet command.
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Figure 6.7: Constraining of unmeasured states example. A 6 deg sideslip angle doublet trajectory
was commanded.
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Figure 6.8: Constraining of unmeasured states example. Euler angle and angular rate trajectories
are shown for 6 deg sideslip doublet command.
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7. SAMPLED-DATA NONLINEAR DYNAMIC INVERSION ADAPTIVE CONTROL

7.1 Introduction

Control of continuous time nonlinear systems with discrete controls, i.e. sampled-data sys-
tems, is a difficult task due in part to the inability to represent a nonlinear system with an exact
discrete time representation. Since for linear systems such exact representations can be achieved,
sampled-data controllers can be designed that not only stabilize the plant but also take into account
the inter-sample motion of the system and guarantee stability bounds between samples. In the lit-
erature, there are typically two options for handling nonlinear sampled-data systems: (Approach 1)
Develop a continuous time control law that stabilizes the continuous time system and then imple-
ment it discretely (Approach 2) Use an approximate discrete time model to represent the nonlinear
system and develop a controller based on the approximation. Through Approach 2, important
stability results that explain the relationship between an approximate discrete time model and an
exact model have been developed for a wide class of nonlinear systems [57, 58] however both
approaches have lead to successful results in the past [59]. The study of nonlinear sampled-data
control systems has been extended to examining backstepping approaches [60], model predictive
control [61], and output feedback control [62].

This section develops a nonlinear sampled-data controller along the lines of Approach 2, de-
scribed above. A class of nonlinear discretization schemes is utilized which allows for a discrete
time NDI control law to be implemented. Analysis of such discretization schemes, commonly
found in literature pertaining to numerical analysis or computational fluid dynamics, has be shown
to be useful in nonlinear control settings as well [9]. The presented NDI control law transforms
the problem of stabilizing the nonlinear discrete time system into a linear, discrete time adaptive
control problem for which many solutions have been developed. For stability purposes, this paper

focuses on a projection adaptive algorithm based on the methods presented in [63], however other
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algorithms such as recursive least squares, multiple models [64], or artificial neural networks [65]
could potentially be used as well. Conditions are given such that if the controller sampling time, 7',
is small enough, the proposed controller is guaranteed to stabilize the true continuous time system.

An important concern when developing sampled-data controllers is the establishment of an
explicit bound on the controller sampling time 7" such that the stability guarantees hold. For non-
linear systems, such a bound is difficult to obtain, once again due to the approximations associated
with the discrete time model, and has only been done for a few specific cases [66,67]. Although an
explicit bound is not provided for the control framework in this section, considerations for estab-
lishing such a bound are discussed and future research directions required for achieving that goal
are considered.

In this section, a class of nonlinear discretization schemes that allows for the use of NDI con-
trol is presented and application of these schemes to the uncertain nonlinear systems of interest
is explained. Next, the NDI control law is presented and it is shown that the nonlinear sampled-
data control problem can be transformed into a linear discrete time adaptive control problem. The
projection based adaptive algorithm is developed and stability of the algorithm in the context of
sampled-data systems is established. Finally, the effectiveness of this control framework is demon-
strated on a nonlinear simulation of an F-16 aircraft as well as the GHV. The F-16 simulation is
included in order to test out the sampled-data controller on a nonlinear system with slower dynam-

ics than a hypersonic vehicle.
7.2 Nonlinear Discretization Using Linear Multistep Methods
7.2.1 Introduction to Linear Multistep Methods

Many useful techniques have been developed in the fields of numerical methods and com-
putational fluid dynamics for approximating nonlinear differential equations with a discrete time
representation. These include well known numerical methods: Runge Kutta, Euler time marching

methods, and linear multistep methods (LMMs). Given a nonlinear ordinary differential equation
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of the form

dz
= fh) (7.1)

a general form for all linear multistep methods is given by

1
> ik =he Y Bifosk (7.2)

1
k=1-K k=1-K

where h; is the integration step-size, fr = f(zx, khs), and oy, 5y are constant coefficients. These
numerical methods are referred to as multistep or K-step methods because in order to progress the
method forward one time step, K instances of previous data must be used. When 5; = 0, these
methods are referred to as explicit LMMs and when (51 # 0 they are referred to as implicit. For
many explicit LMMs, a; = 1, and this section will focus specifically on this class of methods.

It was pointed out in [68] that if the nonlinear differential equation given in (7.1) represents a

dynamical system with state x and control input « such that

dx

then explicit LMMs can be used for control design because they allow one to represent a future
state based on current and past states and control inputs in a discrete time manner.

The numerical stability and convergence properties of explicit LMMs have been analyzed in
great detail [69,70]. For linear ordinary differential equations, analytical tools have been developed
which allow for one to calculate an explicit bound on /4 for which a particular method will be nu-
merically stable and convergent. Unfortunately, for nonlinear systems, such analytical tools have
not been developed and more approximate methods must be used. One such option is to linearize
the nonlinear system of interest and use the linear analytical tools to find an approximate bound
on hg. Nevertheless, LMMs have been shown to accurately approximate the solution of nonlin-

ear ordinary differential equations in practice and with proper analysis given a specific nonlinear
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equation, they can be used reliably.
7.2.2 Discretization of a Nonlinear Control System with Parameter Uncertainty

Consider the following nonlinear affine-in-control system with discrete controls

&= f(x)+ Ag(z)u (7.4)

y=Czx (7.5)

where z € R" is the state vector, © € R™ is the control vector with control sampling time
T, the vector f(x) € R™ represents the nonlinear open-loop dynamics of the system which are
assumed to be bounded for bounded z, and Ag(x) € R"™*™ represents the control effectiveness
of the system. It is assumed that f(z) and the constant matrix A € R™ "™ are unknown but
that the matrix g(z) € R™*™ is known. It is also assumed that A has full rank. The vector
y € RP represents the outputs which are desired to be controlled where n; > m > p. The matrix
C € RP*"s is constant and assumed to have full rank. In order to simplify the development, the
scope of this section is limited to systems with no pure time delays. Past literature on discrete
time adaptive control often includes pure time delays (which are assumed to be known exactly)
in the systems of interest. However, these papers are typically examining exact discretizations of
linear systems if not a truly discrete system. Handling pure time delays in a sampled-data system
with an approximate discrete model is a more complicated problem that will be the focus of future
research.

The system (7.4) can be approximated by an explicit LMM in the following way,

0 0
Tpy1 = — Z Ty + T Z Br (fatk + Agn+kUntr) (7.6)

k=—K k=—K

It is assumed that full state measurements are available and that the system is equipped with sensors

with sampling time 7 such that 75 = 7" where v > 1 is an integer.
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Common applications of LMMs such as computational fluid dynamics typically have the fol-
lowing two properties: (P1) Assumed perfect knowledge of the equations of motion and (P2) the
inability to take frequent accurate measurements of the system state in real time. Note that in order
to initialize the discrete sequence given in (7.6), /X previous data points are required. Since often,
these data points can’t be directly measured, they are usually approximated by a 1-step approxi-
mation method or by some other means.

In a controls setting however, the opposite of properties (P1) and (P2) is true. As mentioned
above, uncertainty is assumed in f(z) and A, and we assume that consistent and accurate sensor
readings are available. Therefore the sequence (7.6) can be initialized using actual measurements
of the system, and moreover the entire discretization scheme can be redefined to utilize the real-

time measurement updates as

0 0

Tnr =— Y ag((n+E)T)+T Y B (f(@((n+k)T)) + Ag(a((n + k)T))unsi) (7.7)

k=—K k=—K

The following lemma shows that if 7" is small enough such that the sequence given in (7.6) is
numerically stable and convergent, the sequence given in (7.7) is numerically stable and convergent

as well.

Lemma 7.2.1. Consider a continuous time system described by (7.4) where K equally spaced, ex-
act measurements of the system state over the last K'T' seconds have been collected. For notational

clarity, let one discrete time model of the system {T,} be defined as

0 0
Tpy1 = — Z QpTpqr + T Z Br (fatk + AgnskUnir)

k=—K k=—K

where f, = f(Zx) and g, = g(Ty), and let another discrete time model {x,} be defined by (7.7).
If the sequence {Z,} is numerically stable and convergent, {z,} is also numerically stable and

convergent.
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Proof. The definition of every element in the sequence {x,} is equivalent to initializing the se-
quence {Z, } with K previous exact measurements of the state and progressing forward one time
step using the explicit LMM form. In other words, if at any point in time 7, initialization of {Z,, } is
done by exact measurements of the state, then z,, .1 = x,, 1. By definition, if {Z, } is numerically

stable and convergent then there exists a constant €(7") for which
|z, —x(nT)| < €(T) Vn (7.8)
By the above argument the following also holds,
|zp1 —2((n+ 1)T)| < e(T) (7.9)

Since this line of reasoning can be made regardless of the specific value of n, the condition (7.9)
holds for all n, which implies that the sequence {z,} is numerically stable and convergent as

intended. ]

Since it has been proven that for small enough 7', the discrete model given by (7.7) will be nu-
merically stable and convergent, that sequence will be used as the discretization method of choice.

Furthermore, the output equation can now be represented discretely as,

0 0
Ynir = Cpiy = =C Y 1 oa((n+k)D)+CT Y i (f(w((n + K)T)) + Ag(a((n+ K)T))tn )
k=—K k=—K
(7.10)
The scope is restricted to systems where the product C'g(z) has full rank for all z. This allows for

the development of a discrete time nonlinear dynamic inversion control law.
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7.3 Control Law Development

Given the discussion of the previous section, the control objective is to drive the discretized
output sequence {y, }, defined in (7.10), to track a bounded desired reference trajectory, {y>}. In
other words, it is desired that

lim [y, —yn| =0 (7.11)
n—oo

Due to the numerical stability and convergence conditions of LMMs, discussed in Section 7.2,

achieving this control objective will guarantee that
lim |y(nT) —y;| < e(T) (7.12)
n—oo

that is, the continuous time system will track the desired trajectory with bounded error. The non-

linear dynamic inversion control law is given by

= [Cg(z(nT))] ™ (—c f(x(nT)) + E(Ge(nT) + Un)) (7.13)

where f () is an assumed model for the open-loop dynamics, e(nT) is the tracking error defined
as e(nT) = y(nT) — vy, the matrix G € RP*P is a constant feedback gain and v,, € R? is a
pseudo-control signal which will be made up of adaptive signals which can account for parameter
uncertainty. Because C' and A are assumed to have full rank and n, > p, there exists a full
rank, unknown constant matrix A = CACt € RP*P where C' is a pseudoinverse of C, such that
AC = CA. Therefore, substitution of the control law (7.13) into (7.10) results in

0

Yni1 = — Z aCa((n+R)T) +T 3 B (CFla((n+k)T)) = ACf(x((n + K)T)))

k—=—

+ Z —A (Ge((n+ k)T) + vnar)
(7.14)
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It is assumed that the following parameterization can be accurately formed,
T (c f(z(nT)) — AC f(x(nT))) = WTb(z(nT)) (7.15)

where W € R®? is a matrix of unknown constant weights and b(x(nT')) € R’ is a vector of known

nonlinear basis functions that depend on the system state. Substitution into (7.14) results in

0 0
hoo = — 3 @ Ca(n+ BT+ 3 BWTb(a((n+ )T) + ZER (Ge((n+ K)T) + v i)
k=—K k=—K BO
(7.16)

Each element of the output vector y,, 1 ,; can be rewritten as

Ynt1,i = ¢fl@z (7.17)
where
¢n,i =

T

vl oy (nT).y(n— K)T) (Ge(nT))T...(Ge((n — K)T)T b7 (x(nT))..b" (z((n — K)T))

(7.18)
T
@i: 5—0]\,;...571{/&1' Q... @Ai...ﬁéoK]\i BowiT...ﬁ,KWiT (719)

The entries A; and W represents the i*" row of A and W7 respectively. The expression (7.17),
where ¢,, ; is made up of known entries and ©; is made up of unknown entries is a common form
used for solving discrete time linear adaptive control problems. Thus the nonlinear problem has
successfully been transformed into a linear one for which several algorithms have been developed
in the past [63,64,71]. In the following section one such adaptive algorithm is shown in order to

solve for the pseudo-control, v,,, that will achieve the control objective. The presented algorithm
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uses a projection adaptive law, which guarantees that the estimate of the unknown parameters,

defined as (:)m' remains bounded for all n.
7.4 Discrete Time Adaptive Control Algorithm

The system described by the discrete time model given by (7.7),(7.10) can be represented in

the autoregressive moving average (ARMA) form by

A(gg?) o0 Bialaz') - Biepola') Un
Yn = : : Ge(nT) (7.20)
0 e Ap(qcf) Bp,l(qd_l) e Bp7(2p+€)(qcfl) b(x(nT))

where A;(q;') and B;;(q;") are scalar polynomials in the unit delay operator, ¢;"'. In order to

guarantee stability of the closed-loop system, the following assumption must be satisfied

Assumption 7.4.1. The system given by (7.20) must satisfy the condition that the matrix

2 TBi1(2) ... 27TBy,(2)
(7.21)

2 TByi(z) ... 27TB,,(2)

has full rank for |z| < 1.

Note that for each output y,, ;, at least one polynomial B;; (chl), with 1 < 7 < p, will have a leading
coefficient associated with the unit delay operator ¢; ' raised to the power 7. These are leading
coefficients in the sense that for all i, j there are no terms in any of the polynomials B;;(q;")
of the form, mg(chl)ml where my is a constant coefficient and m; < 7T'. Assumption (7.4.1) is
equivalent to requiring that the matrix of these leading coefficients has full rank. This assumption
is also equivalent to requiring that the transfer function between the output vector and the pseudo-

control vector, v,,, be minimum-phase. The assumption is required in order to guarantee that if the
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system parameters were known perfectly, any bounded desired output sequence could be achieved

by a bounded pseudo-input sequence, {v,, }.
7.4.1 Mathematical Preliminaries

In order to proceed with the stability analysis, two technical lemmas must be introduced. The

first lemma is common in discrete time adaptive control literature.

Lemma 7.4.1. Given the real scalar sequences {s,}, {b1,}, {b2.n} and the vector sequence {c,,}

where

82

lim n =0 (7.22)

n—00 bl,n + bQ,RJrY;O-n

If the following conditions hold,
0<b,<Ch<oo, 0<by,<Cy<oo Vn>0 (7.23)

llon]| < C1 + Cy max |s;| (7.24)
0<7<n

where Cy, C1, and Cy are bounded constants, then

lim s, =0 (7.25)

n—o0

and {||o,||} is bounded. Condition (7.23) is known as the uniform boundedness condition and

condition (7.24) is known as the linear boundedness condition.

For a detailed proof of lemma 7.4.1, readers are directed to [63]. The second technical lemma
is also common in the discrete adaptive control literature but is modified from its usual form to

account for the nonlinear dynamic inversion controller.
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Lemma 7.4.2. Given the system (7.20) subject to Assumption 7.4.1, if

ggﬁ%ﬁz% (7.26)
0<7<n+1

then there exist constants Cy and Cs, such that

(™

Ge(n'T) || <Ci+C3C5 V0O<n <n (7.27)

b((z(n'T)))

Proof. By requiring that the matrix (7.21) has full rank, Assumption 7.4.1 also implies that the

matrix

7 TBii(z) ... z_TBL(QpH)(z)

(7.28)
zTByi(z) ... 2By pie(2)
has full rank for |z| < 1. This implies that (7.28) has a stable pseudoinverse which is all that is

required to ensure that the inequality (7.27) holds. U

7.4.2 Adaptive Control Law

Let the discrete model tracking error, €,,, be defined as

€n = Yn — Yp (7.29)

As was shown in equations (7.11), (7.12) if the control objective of driving {é,} — 0 asn — oo
is achieved it will imply that e(nT’) is bounded as n — oo. Referencing (7.17) it is clear that if the

pseudo-control law could be calculated such that

Yni1i = 6i (7.30)
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for all ¢, the control objective would be met. Note that in the output equation given by (7.16), the
coefficient of v,, is the full rank matrix A. This implies that in the known parameter case, i.e. if O,
were known perfectly for all ¢, a unique solution would always exist for v,,. Since the real ©; are

not known, the pseudo-control law is instead calculated using the equation

~

Yni1i = OpOni (7.31)

where {@m} is a sequence of estimates of the true parameters ©; which is updated through the

adaptive law,

A A A Pr—1,i
n,i n—1, F@,i + ng_l’i(lﬁnfl,i

(yn,i — ¢§_1,ién—1,i> (7.32)

where 0 < I'g; < oo is a designer chosen bounded gain term. The term a,, is specifically designed
to guarantee that the coefficient of v,, in the pseudo-control law (7.31) is nonsingular and therefore
a unique solution for v,, will always exist. Given some € such that 0 < € < 1, the term a,, must

satisfy the following two conditions

E<a, <2—¢€ (7.33)

ay is not an eigenvalue of — R, ', Q,, (7.34)
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where

S = |:[p><p Op><(3K+2)p+(K+1)€:|

Ry = |:7”1 Tp:|
ri = Sén—l,i
Qn: |}Z1 q;?:|

(ﬁnfl,i

4d; <yn,i - ¢£_1,¢@n—1,i>

=S
Lo+ Qﬂ—u(ﬁn—l,z

Each r; is a vector of the coefficients of v,, in @nq,z and each ¢; is a vector of the changes to
those coefficients each time the adaptive law (7.32) is applied. Setting a,, = 1 will almost always
allow for a unique solution for v,, and therefore, the proof that (7.33) and (7.34) guarantee a unique
solution is omitted. Readers are once again directed to [63]. The adaptive law (7.32) is considered
a projection algorithm because through its use, {(:)m} will never become unbounded. This will
be proven in the following section. It will also be shown that through the use of this adaptive
law, along with the pseudo-control law (7.31) and the actual NDI control law (7.13) the control

objective will be achieved.
7.4.3 Stability Proof

Lemma 7.4.3. Given the system (7.17), application of the pseudo-control law (7.31) and the adap-

tive law (7.32) results in

105]1> = |On_1* < 0 (7.35)

6 .
lim ot =0 (7.36)
oo (F®,i + ¢Z;2¢nz) M2

~

for all i where én,i =0,;, — 06,
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Proof. Using the adaptive law (7.32), the vector ém can be written as

~ ~ an¢n71i T ~
()ni ::()n— i . < n— i()n— i> 7.37
’ b Lo+ ¢£_1,i¢n71,i Oni, . ( )

This implies that

~ - 112 T ,(:)n_ iz
16l2 = 180 sal? = an (-2+an [ISE]| )(W L) ) (7.38)

Lo+ |[@n-1,l? Lo+ |[@n—1,:l?

which is less than or equal to zero as long as a,, < 2, a condition that is guaranteed by its definition
in (7.33). Thus, (7.35) is proven. Moreover, this implies that (:)m is a bounded, non-increasing
function and therefore it converges.

Note that the third term on the right hand side of (7.38) can be rewritten as

(ng—l,ién—l,iy _ (¢£—1,ién—1,i - ¢Z—1,i®i)2 _ (yn—l,i - y:;—u)z _ éi—l,z’
Lo+ [|on—1.l? Lo, + ¢5_1,¢¢n71,i Lo, + ¢£_1,2¢n71,i Lo, + ¢£_1,2¢n71,i
(7.39)
Therefore, since 0 < a,, < 2, condition (7.35), which has now been proven, implies that
li rts 0 (7.40)
1m : = .
n—00 F@,i + ¢5_17Z¢n—1,i
which also implies,
. énfli
lim : =0 (7.41)
1/2
nree (F®,i + (bg_u@bn—l,i) /
Through a unit time shift (7.41) is equivalent to (7.36). [

Theorem 8. Consider the nonlinear continuous time system with discrete controls described by
(7.4) where T' is small enough such that the linear multistep method approximation given by (7.6)
is numerically stable and convergent. If the nonlinear dynamic inversion control law (7.13) is

implemented with the pseudo-control signal v,, being calculated using (7.31) and (7.32) and if
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Assumption 7.4.1 is satisfied, then {y,}, {u,} are bounded and

lim ¢, = 0 (7.42)

n—oo

which ensures that e(nT), the tracking error for the continuous time system is bounded.

Proof. Examining (7.36), the second result of Lemma 7.4.3, it can be seen that the uniform bound-

edness condition is satisfied as
0<b1,n:F@,i<CO<OO 0<b2,n:1<00<ooVn>O (7.43)

Assumption 7.4.1 and Lemma 7.4.2 imply that

Up/
Ge(n'T) || <Ci+Cs max |y,;| V0<n <n (7.44)
1<i<p

b((a:(n’T))) 0<r<n+1

Therefore, using (7.18), the definition of ¢, ;, it can be shown that
|pnill < K | Cy + max(Cs, 1) max Yz (7.45)
OST_SE{)H

Since it is assumed that the desired trajectory sequence {y;; ;} is bounded, there exists a constant
(s such that
Yni <Cs Y1 (7.46)

Therefore,

|Cnil > [Ynil = lynil = lyn,il — Cs (7.47)
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Furthermore, there exists a constant C; > 1 such that

< . < 7 <. .
Imax lyri| < Cr o JBaX lyrjl V1<j<p (7.48)
0<7<n+1

The inequalities (7.47) and (7.48) imply that

ma
0<7<n+1

|pnill < K (04 + max(Cs, 1)C; x (|érs] + Cﬁ)) VOo<n <n (7.49)

which, after collecting terms and redefining constants, allows one to write
I6nill < CT +C3 | max |er| (7.50)

where C] and C; are bounded constants. Therefore, the linear boundedness condition is satisfied

as well and Lemma 7.4.1 can be invoked. This implies

lim é,; =0 (7.51)

n—oo

and {¢,;} is bounded. The boundedness of {¢,;} ensures the boundedness of {v,} and {y,;}.

Furthermore, since the line of reasoning used in this proof can be made for all 7,

lim e, =0 (7.52)

n—o0

and {¢,;}, {yn.i} are bounded for all i. This implies that e(n7") is bounded. Since it was assumed
that f(z) (and therefore f(z)) is bounded for bounded x and that C'g(z) is invertible for all z, the

above implies that {u,, } is bounded as well. O

Remark 7.4.1. Commentary on Bounding the Control Sample Time, 7":
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Several conditions must be considered in order to produce and estimate of how large 7' can get
such that the above stability analysis will hold. First and foremost, the region of convergence for
the chosen explicit LMM must be analyzed. Linearizing the nonlinear system to establish an ap-
proximate bound or Monte Carlo analysis could be used to achieve this. Secondly, Assumption
7.4.1 must hold, which may or may not depend on 7'.

Another thing to consider that could be affected by the sample time is the violation of actuator
position or rate constraints. Assumption 7.4.1 guarantees that a bounded desired output can be
achieved by a bounded input, but surely there is some relationship between 7" and how large of an

input is required.
7.5 F-16 Simulation Example
7.5.1 Simulation Setup

The sampled-data nonlinear dynamic inversion adaptive controller was implemented on a non-
linear simulation of an F-16 aircraft developed by Ying Huo at the University of Southern Cali-
fornia, based off of the equations of motion and data given in [72,73]. In order to accurately test
the above theory, the simulation was modified such that the aircraft was equipped with discrete

controls with a fixed sample time, 7'. The vehicle’s state vector x € R!3 is given by

«T:VT&B¢0¢quNdisEdishPeng

and the output desired to be controlled was the vehicle’s body-fixed angular rates,

vloo ]
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The output dynamics used in the simulation are given by the following differential equations,

I, —1 I gSb

I,

.ty z txz o
p="7 qr + T (7 +pq) + T C,
O L—1, L., o . @Se
_ lez 2 C,, — (h
q T pr+ T (r*—p°) + T (hg)r
= Ypg + [—(p —qr) + —C, + (hg)g

I,

where the aerodynamic coefficients Cy, C,,, C,, are modeled in lookup tables based on wind tunnel
test data found in [73]. In order to formulate an estimate of the output dynamics (C f (x)) these

coefficients were approximated as constant coefficient polynomials of the form

Cr=0p8+ éL2%p + éLS% +O740, + O150,

Cpn = Oun + Onrar + éM3%q + éM4ﬁaC] + éM5ﬁOZ2q + O 2{2 aq+ Oprat + Oyl

+Onr9028. + Onr100°d,
C,=0OnfB+ éNzﬁp + éNsﬁT + Onaf82 + Ons 8% + Ol + Onrd,

The methodology for forming these polynomials along with the values used for the constant coef-
ficients, éz can be found in [74]. The nonlinear coefficients associated with the control effectors
84, 0e, 6, made up the matrix C'Ag(x) while the remaining terms were included in C f (). Additive
uncertainty was also included in the estimated moment of inertia values as

f,,; =1,+10 slug—ft2

fy = I, + 20 slug-ft*

fz =1,+20 slug—ft2

A

I,.=1,.+5 slug—ft2

For this simulation study, the explicit linear multistep method selected to approximate the nonlinear

system with a discrete time model was the second-order Adams-Bashforth method. This method
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is characterized by the coefficient set

ap =1 g = —1 o, =0 Vk <0
3 1
ﬁo:i 5—1:—5 G =0 Vk < —1

such that the discrete time output, Equation (7.10), can be written as
6mn
3T
Y1 = y(n)+=-C | f(2(nT)) + Ag(z(nT)) |6

e,n

57’,1’1,

5mn—1
_ %C fa((n=1)T)) + Ag(z((n = 1D)T)) | 6001 |)

5nn—1

The vehicle is equipped with throttle control which was kept at the trim value throughout the du-
ration of the simulation. Therefore, the control law (7.13) is only applied to vehicle’s control
surfaces: aileron, elevon and rudder. The basis functions used, which were defined in (7.15) and
help to account for the uncertainty in the moment coefficients and the moment of inertia values,

were given by the vector

b(x(nT)) =

B oamp apr 1o 50 gip0q 5o ot ot B80T propg qror?—p?

The adaptive gain terms I'g ; were set as

To, 0.01
Po,| = | 1 (7.53)
To. 1
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and the feedback gain G was set as 1015. Having specified the Adams-Bashforth second-order
method and defining the basis functions, the known vectors ¢,,; given in (7.18) can be defined

more specifically as
T

Oni = [0l vl y(nT) (Ge(nT)T (Ge((n—1)T)T T (x(nT)) b (x(n—1)T)

n n—

such that

T
Ynt1i = ¢n7i@i

as required by the theory. With C'f(z), g(z), b(z(nT)), and ¢,,; defined, the control law (7.13)

can be implemented.
7.5.2 Results

Two test cases were used to evaluate the effectiveness of the presented control framework and to
analyze the effect of varying controller sample times. In the first case a sample time of 7" = 0.1sec
(10H z) was used and in the second case a sample time of 7' = 0.4sec (2.5H z) was used. The
same desired trajectory, {y}, was used for both cases and was designed specifically to excite both
the longitudinal and lateral/directional axes of the aircraft.

For comparison purposes, the baseline tracking controller presented in Section 1 was also im-
plemented in the F-16 simulation using a sampler and a zero-order hold. The purpose of this
comparison was to demonstrate the fact that provably stable continuous time control laws can lead
to instability once sampling is introduced to the system. The values of the control deflections were
calculated according to the continuous time control law at each sample time 7" and kept constant
for the remainder of the sampling period.

For each simulation that was analyzed, the vehicle was initialized at a trim condition of Vi =

750ft/s, h = 20,000 ft and z., = 0.25¢.

Test Case 1: 7' = 0.1s
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The chosen desired trajectory consists of a doublet command for the body-axis roll rate p and a
step command and hold for the body-axis pitch rate ¢ followed by a return to commanding ¢ = 0.
In order to excite both axes of the aircraft the pitch rate step command is given before the roll
rate maneuver has been completed. Figure 7.1 shows the trajectory of the system outputs for the
first case. The sampled-data control law allows the vehicle to closely track the reference trajectory
despite the dynamic coupling and parametric uncertainty. When the continuous time control law is
implemented with the sampling time 7" = 0.1s, the vehicle roughly follows the reference trajectory
however it is clear that the tracking performance is not as good as the performance generated using
the sampled-data law. In Figure 7.2 the control signals, aerodynamic angles (« and (), and Euler
angle trajectories are presented. Once again the sampled-data control law is compared with the

sampled, continuous time control law.

Test Case 2: 7' = (0.4s

During the second test case, the reference trajectory remained the same but the sampling rate was
slowed to 2.5Hz. Figure 7.3 shows the trajectories for the system outputs for this case. The
sampled-data control law was once again able to track the reference trajectory although a clear
degradation in performance is seen with the longer sampling period. In particular, the vehicle’s
roll and yaw rates become slightly oscillatory. On the other hand, the continuous time control law
quickly destabilizes the system. Despite extensive tuning, no set of gains was found for which the
system did not diverge when the continuous time controller was implemented with a sampling rate
of 2.5 Hz. The performance benefits of utilizing a control law specifically designed for a system
with discrete controls are clear. Figure 7.4 once again shows the control signal, aerodynamic angle,

and Euler angle trajectories.
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Figure 7.1: Output trajectories for Test Case 1. Results using the sampled-data control law are
shown on the left, results using the continuous time control law are shown on the right.

7.6 GHY Simulation Example
The sampled-data NDI adaptive controller was also implemented on the generic hypersonic
vehicle simulation. Although hypersonic vehicles are typically equipped with very fast actuators,
this simulation study was done in order to test out how the sampled-data control law performs on
a system with very fast dynamics. Therefore, the GHV was modified such that a digital control

signal with a designer chosen controller sample time could be implemented.

The control objective was to track a desired body-axis angular rate trajectory. In all examples
shown the GHV was commanded to track the same trajectory as the F-16 in Section 7.5, once

again exciting both the longitudinal and lateral/directional modes simultaneously. The parameter
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Figure 7.2: Controls, aerodynamic angles, and Euler angles for Test Case 1. Results using the
sampled-data control law are shown on the left, results using the continuous time control law are
shown on the right.

uncertainty included in the dynamical model had the same bounds as those used in the simulation

studies of Sections 2 and 3. The basis functions used in the adaptive law, b(z(nT")), are given by
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Figure 7.3: Output trajectories for Test Case 2. Results using the sampled-data control law are
shown on the left, results using the continuous time control law are shown on the right.

Equation (2.50). The adaptive gain terms I'g ; were set as

Te, 1
o, 1 (7.54)
Te, 1

and the feedback gain G was set as 13. Once again, the explicit LMM used was the second-order

Adams-Bashforth method. No time delay was included in the simulation and the initial flight con-

dition was a velocity of Mach 6 and an altitude of 80, 000 f¢.
Test Case 1: Comparision with Continuous Time Control Law with Zero-Order Hold
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Figure 7.4: Controls, aerodynamic angles, and Euler angles for Test Case 2. Results using the
sampled-data control law are shown on the left, results using the continuous time control law are
shown on the right.

The sampled-date control law was compared with the baseline tracking NDI controller of Section
1. The continuous time control law was implemented using a sampler and zero-order hold. The
controller sample time used in the simulation was 7' = 0.01s. Any sample time larger than this led

to an extremely oscillatory response when using the continuous time control law. The sampled-data
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control law was able to handle larger control sample times, as will be shown in Test Case 2. Figure
7.5 shows the tracking performance comparison between the two control laws. The response using
the continuous time control law is much more oscillatory than the sampled-data controller. Ad-
ditionally, the sampled-data controller has no problem achieving the control objective despite the
extremely fast dynamics. The aerodynamic angles, total velocity, and control surface deflections

are shown in Figure 7.6 and the Euler angles are shown in Figure 7.7.

Test Case 2: Controller Sample Time Comparison

In this test case, the controller sample time was varied in order to see how large of a sample time
the controller could handle while still producing an acceptable vehicle response. Figure 7.8 shows
the response of three different samples times: 7' = 0.05s, 7' = 0.1s and 7" = 0.155s. As the sample
time increases, more oscillation is seen in the response. Nevertheless, this test case demonstrates
the ability of the sampled-data NDI control law to successfully track a reference trajectory on a
hypersonic vehicle with a controller sampling frequency of 10/ z or slower. The aerodynamic
angles, total velocity, and control surface deflections are shown in Figure 7.9 and the Euler angles

are shown in Figure 7.10.
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Figure 7.5: GHV comparison of sampled-data control law and continuous time control law with
sampler. 7' = 0.01s
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Figure 7.9: GHV comparison of different controller sample times. Aerodynamic angles, total
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Figure 7.10: GHV comparison of different controller sample times. Euler angles are shown.
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8. CONCLUSIONS

This dissertation extended the technique of nonlinear dynamic inversion adaptive control to ad-
dress several practical problems in control theory: specifically in hypersonic flight control. Novel
approaches were developed for each of the research issues presented in Section 1.1. Except when
specifically noted and justified, all of the algorithms presented in this dissertation were rigorously
proven to produce stable system responses. Furthermore, the controllers developed herein were
demonstrated in nonlinear simulation and shown to be potentially useful algorithms for controlling

hypersonic vehicles. The following conclusions are drawn:

1. Two state constraining nonlinear dynamic inversion adaptive controllers were developed and
rigorously proven to stabilize a nonlinear system containing parametric uncertainty. It was
shown that the desired system outputs are bounded to their designer chosen constraint sets.
If nothing is forcing the outputs outside of the constraint set, the two developed control laws
drive the system to asymptotically track a reference command. It was shown in simulation
that both the Sliding Mode State Constraint controller and the Bounding Function State
Constraint controller were able to successfully achieve the control objective in the presence

of unacceptable trajectory commands or external disturbances.

2. Although both the Sliding Mode State Constraint and Bounding Function State Constraint
techniques avoided excessive chattering by the actuators, the Bounding Function State Con-
straint controller in general produced a smoother control signal. Overall, the Bounding
Function State Constraint controller was easier to implement than the Sliding Mode State
Constraint controller, primarily due to the flexibility that this technique allows for in defin-
ing the constraint set. For this reason, the Bounding Function State Constraint technique was

chosen to be combined with the nonlinear observer in Section 6.

3. A nonlinear observer was introduced that allowed for accurate estimation of an air vehi-
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cle’s angle-of-attack and sideslip angle despite noisy measurement signals. This estimation
technique avoided common problems associated with nonlinear observers - the peaking phe-
nomenon and noise amplification. The definition of a time-varying set in which the true
angle-of-attack and sideslip angle are contained allowed for the definition of time-varying
gains that help to stabilize the closed-loop system. This time-varying set could be replaced

by intermittent aerodynamic angle measurements if they became available.

. Given a class of uncertain nonlinear dynamical systems, an NDI adaptive control algorithm
that utilizes estimates of unmeasured system states was presented and rigorously proven to
stabilize the system. This control algorithm was demonstrated in simulation, where an Euler
angle trajectory was successfully tracked despite no direct measurements of the vehicle’s

angle-of-attack or sideslip angle.

. Both state constraint mechanisms were demonstrated on a nonlinear hypersonic vehicle sim-
ulation and particular attention was paid to the problem of inlet unstart. The ability to limit
the vehicle’s angle-of-attack and sideslip angle demonstrated the potential for these con-
trollers to prevent inlet unstart. Furthermore, using a simplified aerodynamic model, a fea-
sibility study was performed, demonstrating the potential for state constraint mechanisms to

be used in recovering from unstarts as well.

. The ability to combine a state constraint technique with the observer-based feedback NDI
adaptive control law was demonstrated in simulation. Such a control law would be required
to simultaneously address the practical issues of partial state measurement and inlet unstart.
Although such a combined control law is susceptible to steady-state error, it was shown that

successful tracking and state constraint enforcement can be achieved using this algorithm.

. Given an accurate nonlinear discretization scheme in the class of explicit linear multistep

methods, a sampled-data approach to nonlinear dynamic inversion adaptive control was rig-
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orously proven to stabilize uncertain, nonlinear sampled-data systems. The control law al-
lowed for the closed-loop system to be parameterized such that linear, discrete time, adaptive
control algorithms could be leveraged. This sampled-data approach was demonstrated on a
simulation of an F-16 as well as the Generic Hypersonic Vehicle and in both cases was
shown to perform better than a continuous time control law implemented with a sampler and
a zero-order hold. Limitations on the controller sample time were discussed and explored in
simulation. Despite the extremely fast dynamics of hypersonic flight, bounded tracking was

achieved.
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9. RECOMMENDATIONS

Based on the results derived in this dissertation, the following reccomendations for future re-

search are made

1. To confidently extend the algorithms developed in this dissertation to systems other than
hypersonic vehicles, a comprehensive analysis on the impact of control saturation limits
could be performed. Through assumptions regarding the system dynamics, analytical bounds
on the size of achievable control magnitudes could be established. Otherwise, Monte Carlo

analysis could be performed for the same purpose.

2. Both of the state constraint mechanisms developed in this dissertation allow for a designer
to restrict the system outputs. A nonlinear dynamic inversion adaptive controller that can
rigorously be proven to enforce constraints on unmeasured or potentially unobservable states
would be a powerful technique in hypersonic flight control. Such a technique may allow
for the development of a control law that can rigorously be proven to stabilize the closed-
loop system while achieving the control objective of Section 6: the ability to constrain a

hypersonic vehicle’s aerodynamic angles despite not measuring them directly.

3. The presented observer-based NDI adaptive controller relies on assumptions that are valid
due to aerospace engineering concepts. A more general assumption set is required to extend

this technique to a wider class of nonlinear systems.

4. The sampled-data approach to NDI adaptive control could be formalized such that an explicit
bound on the controller sample time is established. This would require extensive develop-
ment in numerical analysis and the nonlinear discretization scheme selected to represent the
true sampled-data system. The effect of actuator saturation limits on acceptable controller

sample times could also be explored.
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5. Improvements to the hypersonic vehicle simulation model could be made to make the system
more realistic. This includes the modeling of elastic vehicle dynamics and the introduction

of a higher fidelity inlet unstart model.
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APPENDIX A

PROOF OF LEMMAS 1.3.1 AND 1.3.2

In order to prove Lemma 1.3.1 the following Corollary must be introduced.

Corollary A.0.1. Consider the convex function h(0) : R® — R. Let 0; € R® and §; € R* be

vectors where

for some constant 5 > 0. The following inequality holds,

(6; — 0:)TVh(6;) <0

Proof. Since h(0) is convex, the following inequality holds for any 0 < A\ < 1,

h(N; + (1 — \)0;) < Mh(6;) + (1 — M)h(6))

By the same property, the following holds

B(Bs+ M8 = 0:)) < h(B) + Mh(8; — ) < 1(B) + A (1(6:) — h(B))

This implies that

which in the limit as A\ — 0 implies (A.1).
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Lemma 1.3.1

Proof. Note that
(éz — 9i>T <Proj(éi, Y) — y) = (Hi — éZ)T (y — Proj(éi, y)) (A.5)

If Proj(6;,y) = v, then (1.18) clearly holds. If instead, 2.(6;) > 0 and y" VA (6;) > 0 then

(0 - éi)T (v = Proj(:,)) = (6: - el-)T (Vh T@fi(véz('f;))Tyh(éi)) (A.6)

Since h(6;) > 0, Vh(6;)"y > 0, and Corollary A.0.1 holds, this implies
AT .

(6:=6:) (v Proi(dm) <0 (A7)
which is equivalent to (1.18). [
Lemma 1.3.2
Proof. The derivative of the convex function with respect to time can be written as

h(0:) = (Vh(6:))"0; = (Vh(6;))" Proj(6;,y) (A8)

The definition of the vector projection operator (1.17) implies that

>
—~
=N
N
N—
S
Ned
—~
—_
|
>
—
D>

. :) if h(6;) > 0 and yTVh(6;) > 0
h(6;) = (A.9)
h(6;))Ty otherwise

Therefore,

>0 if0 < h(f;) <1andy"Vh(d;) >0
W) =0 ifh(d,) = 1and y"Vh(d,) > 0 (A.10)

< 0 otherwise

\
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This implies that if 2(0;(t = 0)) < 1 then h(6;) < 1 for all t > 0 which implies that 6; € Q; for

all ¢ > 0 as intended. ]
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APPENDIX B

PROOF OF THE INVERTIBILITY OF A

In this Appendix, a lemma is presented which shows that through the use of the projection
operator in the adaptive law for the uncertainty in the system control effectiveness, SA, the total

estimate A = I, + 0A is guaranteed to be invertible at all times.

Lemma B.0.1. For all 5A € R™*™ " if the 2-norm of each column is less than 1/m at all times,
which, according to Lemma 1.3.2, can be guaranteed by the projection operator, then Awill always

be invertible.

Proof. 1t can be shown that if ) is an eigenvalue of A then A + 1 is an eigenvalue of A. Let each
element of the matrix 6A have a magnitude smaller than 1/m. Suppose that A is not invertible.
This implies that A has a zero eigenvalue which implies that § A has an eigenvalue equal to —1 and
that there exists at least one eigenvector, v, that satisfies

0Av = —v (B.1)

Let v; correspond to the element of the eigenvector v with the largest magnitude. The i** row of
Equation (B.1) can be written as

(5[\1‘11)1 + (5[\,‘2?}2 + ...+ 5/A\zmvm = —;

This implies that
lv;| = |5Ai1v1 + Aovy + ... + 5Aimvm|
lv;| < |§Ailvl| + |5Ai2v2| + ..+ ]§/A\imvm|
lui| < [6Aa1[|vr] + |6Aia[va] + - + [6Asm|[vm]

| < (|0As| 4 [6As2] + ... + |6 Aim])|ui-
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Since each element of §A has magnitude less than 1/m, (|6A;| + |6Ai| 4 ... + |0Aim|) < 1. This
implies that

vs| < |vil

which is a contradiction. Therefore, A must be invertible whenever each element of §A is less than
1/m. If the projection operator is utilized to bound the 2-norm of each column of SA to be less than
1/m this will ensure that each element is less than 1/m as well and guarantees that A is invertible

at all times. O]
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APPENDIX C

COMPONENTS OF M, AND b,

C.1 Longitudinal Hypersonic Vehicle Model

1 Ag
mi = __)\mm<Q) msy = 1+ 294
2 2
1
mi2 = |K3| Myg = —§K®
q(V; max SE
miz = [Koi| + % |Cint | by = || Ko
Yy
1
migq = |K22| b2:§<|fé(x)‘mam+‘qm|>
—_ — 4 = —
e QmVT 2
Mmag = 5
1 _ _ (Y(VTmam)Séz A C7(‘/Tm¢m3)552/\
= ——A K A _ m — mazx
a3 2 qu ! + g2 < QIyVT,max e 2VT7ma:L"

N

CrngQm| + |dm]

Ag A Cj Vi max 562
by ——Ja 1Colmas + M
2 QIyV;;maa:

= q V max S_z
+ Wmam MT,maa: + q(VT,ma:p)Sé + q( L ) ‘ |qm’
2‘/T,momz
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C.2  Six Degree-of-Freedom Hypersonic Vehicle Model

1 1
mip = _§>\min(Q) Mmss = 5 (1 +V3Ag, + \/3+ 46%)

1
mi2 = K2 Myg = _5)\mm(K<I>)

! " b= 15|
mi3 = HK3H + §I_IQ(VT,ma:E)S Ele

ermH

= Kot b4::2\/ +4d2 Z,

1
Mmoo = _)\maa:(Aa)
2
1+ d?
mo3 = 9 g
v2Cy,
1 _ _ (j(vaax)S 21 ~ (j(vaax)S/\
E— AN A — T =2 —
ma3 Zkr grL + \/g 9r 2VT,magp C qu + 2VT,ma:p max
v2C,
v2Cy,
\/_ Q(VTmaa:>S F— ~ .
b3 Z—Agr ”fr(]”maz + m] ! ACmy el + |0 m]|
v2C.,,

—~

q(Vi max S
+ Wmaz (MT,ma:v + q_(VT,ma:v)S + Q(2‘;7 ) ||xT,m||> >
T, mazx
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APPENDIX D

CONSTANT OBSERVER-GAINS USED IN GHV SIMULATION

D.1 Longitudinal Hypersonic Vehicle Model

Recall the matrix Hy defined in equation (4.91)

_hlVT _hQVT _%C(Dl _h3VT
—hie —hee 0 1 —hse
Hop = -
_hla _h2a _Tg_gTCLl 1-— h3a
| _hlq _h2q %C’ml _h3q ]

and used in the simulation study of Chapter 4. These constant gain terms were defined as

—le—4 =20 0 0

—0.001 —05 —#-Ciy 025

—5e—5 —01 £C,; —10

D.2 Six Degree-of-Freedom Hypersonic Vehicle Model

Recall the matrix Hp defined in equation (5.93)

_hIVT —h2VT HO(L 3) _hSVT
—hie  —hae 0 Ag — hso
—hie  —hew Ho(3,3) Hp(3,4)

_hlr _hQT HO(47 3) _h3'r

and used in the simulation studies of Chapters 5 and 6. These constant gain terms were defined as

245



hyyr =15

h2VT:[16—4 le — 2 16—4:| h3VT:|:O 0 O}

0 0 0.01
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h3a -

000
hss = [0 1 0
000

0 0 0.01
0 075 0

20 0 O
hsy =10 10 0

0 0 20



