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Chapter 1

Dynamical Systems

1.1 Overview of Dynamical Systems

Our entire discussion of linear systems will revolve around the concept of dynam-
ical systems. We will begin by defining what a dynamical system is and what
it describes. We will then discuss numerous axioms, properties, and definitions
related to dynamical systems, including some common categories of systems.

1.1.1 Definition of a Dynamical System

A dynamical system is a system in which a function describes a set of input,
output, and state variables as a function of time. We often use T" to denote the
set of all possible times. If the functions are defined in continuous time, then
T =(—00,00) or T =0, 00). If the functions are defined in discrete time, then
T = {nTstep, neZ} or T = {nTssep, n € N}. A dynamical system is represented
by D=(U,X,Y,s,r), where

U is the set of input functions u: T - U
U is the set of all possible inputs (typically U = R"*)
X is the set of state trajectories z: T — X
X is the set of all possible states (typically X = R™)
Y is the set of output functions y: 7T - Y
Y is the set of all possible outputs (typically Y = R")
s is the state transition function s: T xT x X xU - X

r is the output read-out map r: T'x X xU - Y

For initial time ¢y € T', final time ¢; € T, initial state xg := x(to9) € X, and input
function u € U defined over [tg,t1], the state 1 = z(¢1) € X is given by

Ir1 = S(tl,to,mo,u).
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For some time t € T, a state z(¢) € X at that time, and an input u(t) € U at
that time, the output y(¢) € Y at that time is given by

y(t) = r(t,2(t), u(?))-

1.1.2 Response Function

The composition of the state transition function and the output read-out map
is called the response function. Given that the system started at an initial
time top € T and initial state g := x(tg) and assuming we applied the input u
over the time interval [¢g,t], the response at time t € T is

y(t) = p(t, to, o, u)
=r(t, s(t, to, o, u),u(t)).

The zero state response, which is also referred as the forced response, is
the response of the system when the initial condition is zero (i.e. g =0x). The
zero state response can be expressed as

y(t) = p(t7t030Xau)‘

The zero input response, which is also referred to as the natural response,
is the response of the system under the absence of any input (i.e. u = 0y). The
zero input response can be expressed as

y(t) = p(tvthwOaOU)'

1.2 Dynamical System Axioms

The state transition map of a valid dynamical system is required to satisfy two
axioms: the state transition axiom and the semi-group axiom.

1.2.1 State Transition Axiom

The state transition axiom says that if ¢y3,t; € T are an initial and a final
time that satisfy ¢ < t1, ®o := x(tp) is an initial state, and u,% € U are two
different input functions that satisfy u(t) = @(t) for all ¢ € [¢o,¢1], then

S(t1;t07m07u) = s(tlat())m[)aﬂ)'

This means that, given an initial state, the final state does not depend on the
input prior to the initial time. The initial state summarizes all of the effects of
the prior inputs. Similarly, the final state does not depend on the input after
the final time, which means that the system is not anticipative/causal.

Linear Systems | S. Pohland
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1.2.2 Semi-Group Axiom

The state transition map must also satisfy the semi-group axiom, which says
that if ¢g,t1,t2 € T are an initial, an intermediate, and a final time that satisfy
to <ty <to, xo :=x(to) is an initial state, and u € U is an input function, then

S(tQ,tO,wO,U) = S(t27t15 S(tlyt()vw()vu))u)'

This means that the final state of the system can be equivalently determined by
either the initial state at the initial time under some input, or by an intermediate
state at the intermediate time under the same input function.

1.3 Properties of Dynamical System

The are two important properties of dynamical systems satisfy: time-invariance
and linearity. Dynamical systems are not required to satisfy either property,
but systems that satisfy these properties are often more simple to work with.

1.3.1 Time-Invariance

The shift operator is a function T, : i - U, which is defined as (T,u)(t) =
u(t—7). A dynamical system D = (U, X,),s,r) is time-invariant if

1. U is closed under T, for all 7 € T. (Note that this is always true if U is
composed of piecewise continuous functions.)

2. For all tg,t1,7 € T such that ¢; > tg, all xg:=x(tg) € X, and all u e U,
p(tlatOuw(hu) = p(tl +7, tO + 7, mO,TT’U,).

This says that a dynamical system is time-invariant if the response does not
change if you start 7 seconds later. Equivalently, a dynamical system is time-
invariant if the evolution of the system does not depend on the initial time.

1.3.2 Linearity
A dynamical system D = (U, X,), s,r) is said to be linear if
1. U, X, and Y are all linear spaces over the same field, F'.

2. For all ¢g,t € T such that t > tg, all initial states xg = z(tg) € X, all
alternative initial states &g := Z(tp) € X, and for all u,u €U,

p(t,to, axo + G&g, au + at) = ap(t,to, o, u) + ap(t,to, Lo, u).

If a dynamical system is linear, then the response of the system can be separated
into the zero state response and zero input response in the following way:

p(t7t0am07u) = p(t7t0a0Xau) + p(t7t07x0707/1)-

We will generally assume that the systems we work with in these notes are linear
because linear systems exhibit some other very nice properties as well.

Linear Systems | S. Pohland
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1.4 Common Types of Dynamical Systems

From our definitions of time-invariance and linearity, we can define four cate-
gories of dynamical systems: continuous linear time-varying systems, continuous
linear time-invariant systems, discrete time-varying systems, and discrete time-
invariant systems. Notice that all of these systems are linear. Only the second
and fourth categories of systems satisfy the time-invariance property.

1.4.1 Continuous Linear Time-Varying Systems

A continuous linear time-varying (LTV) system can be represented as
z(t) = A(t)z(t) + B(t)u(t)
y(t) = C(0)z(t) + D(H)u(t)
.I‘(t()) =9

where z(t) € R™ is the state at time ¢, u(t) € R™ is the input at time ¢, and
y(t) € R is the output at time ¢t. A(¢t) € R™™, B(t) € R™"i, C(t) € R"*",
and D(t) e R™*™ are matrices that describe the dynamics of the system.
1.4.2 Continuous Linear Time-Invariant Systems
A continuous linear time-invariant (LTT) system can be represented as
x(t) = Az(t) + Bu(t)
y(t) = Cx(t) + Du(t)

l’(to) =Xo

where z(t) € R™ is the state at time ¢, u(t) € R™ is the input at time ¢, and
y(t) € R™ is the output at time t. A € R™" B e R™™ C € R"™*" and
D € R™*™ are constant matrices that describe the dynamics of the system.

1.4.3 Discrete Linear Time-Varying Systems

A discrete linear time-varying (LTV) system can be represented as

Tpe1 = Az + Bruy
Yi = Crxr + Dyug

where xp € R™ is the state at time k, up € R™ is the input at time k, and

yr € R™ is the output at time k. Ax € R™", Bg € R™" Cj € R™*" and
Dy, e R™*™ are matrices that describe the dynamics of the system.

Linear Systems | S. Pohland
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1.4.4 Discrete Linear Time-Invariant Systems
A discrete linear time-invariant (LTI) system can be represented as

T+l = A.’I}k + Buk
Yk = CiL’k + Duk
where xp € R™ is the state at time k, ug € R™ is the input at time k, and

Y € R™ is the output at time k. A ¢ R™" B ¢ R™"™ C € R™*" and
D € R™>*™ are constant matrices that describe the dynamics of the system.

1.5 Equivalence

The last general concept we will discuss related to dynamical systems is equiv-
alence. We can think about both equivalent states and equivalent systems.

1.5.1 Equivalent States

Let D = (U,X,Y,s,r) and D = (U, X,Y,5,7) be two dynamical systems with
the same input and output spaces. The initial state g € X in system D is
equivalent to the initial state & € X in system D if for all times to,t € T’ that
satisfy t > tg, the response of the system is the same, meaning

p(tat07w07u) = p(t7t075307u)'

This says that two initial states are equivalent if they lead to the same response
when the same input is applied over the same time interval.

1.5.2 Equivalent Systems

Let D= (U, X,Y,s,7) and D = (U, X,V,5,7) be two dynamical systems. The
systems D and D are equivalent if for all initial times ¢, € T and for all states
x € X in the dynamical system D, there exists at least one state & € X in the
dynamical system D that is equivalent to x at time ¢t. This means that two
dynamical systems are equivalent if they have the same input-output pairs.

1.5.3 Modal Form

For any continuous LTT system, we can define an equivalent system that is said
to be in modal form. Consider a continuous LTT system described by

z(t) = Ax(t) + Bu(t)

y(t) = Cz(t) + Du(t)

x(to) =g
where x(t) € R™, u(t) e R™, y(t) e R™, A e R™" BeR"" C eR"* " and
D e R™*"_ Suppose A admits the diagonalization A = UAU'. Let’s define

Linear Systems | S. Pohland
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a new trajectory function, z, such that z(t) := U 12(t) for all times ¢t € T. We
can describe the evolution of this new system as
2(t) = U ti(t)
= U_I(A.”L’(t) + Bu(t))
=U ' Az(t) + U Bu(t)
=U AU z(t) + U ' Bu(t).

Similarly, we can define the output of this new system as
y(t) = Cx(t) + Du(t) = CUz(t) + Du(t).
Now we have a new linear time-invariant (LTI) system described by

2(t) = Az(t) + Bu(t)

y(t) = Cz(t) + Du(t)

z(to) = 2o
where A=U AU =A, B=U"'B, C = CU, and D = D. This system is said
to be in modal form because we can easily read off the modes/eigenvalues of

the system in the dynamics matrix A = A. The original system and the system
in modal form have the same input-output pairs, so they are equivalent.

Linear Systems | S. Pohland



Chapter 2

Differential Equations

2.1 Ordinary Differential Equations

Recall from sections [[.4.1] and [[.4.2] that the evolution of both continuous LTV
and continuous LTI systems can be described by a differential equation. It
is, therefore, useful to discuss some important concepts related to differential
equations. Ordinary differential equations (ODEs) have the general form

(1) = S (t) = F (D)),

where x(t) € R™ is the state, t € R, is the time, x(tg) = ©g € R™ is the initial
condition, and f : R™ x R, - R™ is a function describing the way the state
changes with time. The solution to an ordinary differential equation (ODE) is

2(t) = 2(to) + ftf(x(f),T)dT.

to

We can prove that an expression, ¢(t) is a solution to the differential equation
#(t) = f(x(t),t) with initial condition z(ty) = x¢ by showing that it satisfies

1. the differential equation — %q&(t) = f(¢(t),t) and

2. the initial condition — ¢(tg) = xo.

2.2 Existence and Uniqueness

Often, we want to know if there exists a solution to a differential equation with a
given initial condition. If some solution exists, we are also interested in whether
this solution is unique. We can determine whether a solution exists and is unique
using the fundamental theorem of differential equations. Before discussing this
theorem, it is useful to first review some properties of functions: continuity,
continuous differentiability, piecewise continuity, and Lipschitz continuity.

13
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2.2.1 Continuity & Continuous Differentiability

A function f(z,t): R" xR, — R" is said to be continuous in  if for all ¢ € R”
and for all ¢t € Ry, (1) the point f(e,t) is defined and (2) f satisfies

H}an{ f(z,t) = EILHCI+ f(z,t) = f(e,t).

A function f(a,t) : R™ xR, - R" is said to be continuously differentiable
in @ if its gradient, V, f(x,t), exists for all values of & € R” and is continuous.

2.2.2 Piecewise Continuity
A function f(x,t):R"™ xR, - R" is piecewise continuous in ¢ for all = if
1. f(x,): Ry - R™ is continuous except at points of discontinuity and

2. there are only finitely many points of discontinuity in any closed and
bounded interval on the domain of f.

2.2.3 Lipschitz Continuity

A function f(x,t) : R” x R, — R" is Lipschitz continuous in « for all ¢ if
there exists a piecewise continuous function k(¢) : Ry — R, that satisfies

1f (1) = f(z, Ol < k(D)@ - =]

If the Lipschitz condition is satisfied for all @,z € R™ and all ¢t € R, then
the function f is globally Lipschitz continuous. If the Lipschitz condition
is satisfied for all ,z € S ¢ R™ and all ¢t € R, then the function f is locally
Lipschitz continuous in S. In showing that a function is Lipschitz continuous,
it is often helpful to use the mean value theorem, which says

||f(£1271f) - f(z7t)|| < ||Dacf(wat)|||‘$ - z”

This theorem is useful because if the induced norm of the Jacobian of f with
respect to « is bounded by a piecewise continous function, k(t), for all x, then
f(z,t) is globally Lipschitz continuous in @. Similarly, if the induced norm is
bounded by a piecewise continuous function for some subset of the values of
x, then f(x,t) is locally Lipschitz continuous. We can show that any induced
norm is bounded, but it generally easiest to use the induced [l or /o, norm.

Determining Lipschitz Continuity

Lipschitz continuity is a useful property, but it is not always trivial to determine
if a function is Lipschitz continuous. If we want to know whether a function is
Lipschitz continuous, the following procedures can provide some guidance:

1. Check if the function is linear.

Linear Systems | S. Pohland
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(a) If the function is linear, it is globally Lipschitz continuous.

(b) If it is nonlinear, it may or may not be Lipschitz continuous.

2. If the function is nonlinear, check if any of the induced norms of the
Jacobian, D, f(x,t), are bounded.

(a) If one of the norms is bounded for all possible values of x, then the
function is globally Lipschitz continuous.

(b) If one of the norms is bounded for some subset of the values of x,
then the function is locally Lipschitz continuous within that subset.
The function may or may not be globally Lipschitz continuous.

(c¢) If none of the induced norms are bounded, then the function may or
may not be Lipschitz continuous.

3. If none of the induced norms of the Jacobian can determine whether the
function is (globally) Lipschitz continuous, try manipulating the norms
|If(x,t) - f(2,t)|| and ||z - z|| directly to find a valid function, k(t), that
satisfies the Lipschitz condition either globally or locally.

(a) If we find a piecewise continuous function, k(t), that holds for all
values of @, then the function is globally Lipschitz continuous.

(b) If we find a function, k(t), that holds for some subset of @, then
the function is locally Lipschitz continuous within that subset. The
function may or may not be globally Lipschitz continuous.

(¢) If we cannot find a piecewise continuous function, k(t), then the
function may or may not be Lipschitz continuous.

4. If we have not been able to show that a function is globally Lipschitz
continuous, try finding a counterexample to show that the function is
not globally Lipschitz continuous. To find a counterexample, assume the
function is globally Lipschitz continuous. Then try to choose values for x
and z in terms of k() that make the Lipschitz inequality false, disproving
the assumption that the function is globally Lipschitz continuous.

(a) If we find a counterexample, the function is not globally Lipschitz
continuous. It may or may not be locally Lipschitz continuous.

(b) If we cannot find a counterexample, then we cannot determine whether
the function is or is not globally Lipschitz continuous.

2.2.4 Fundamental Theorem of Differential Equations

Theorem: Consider the ordinary differential equation &(¢) = f(xz(¢),t) with ini-
tial condition x(tg) = . If f is (1) piecewise continuous in ¢ and (2) Lipschitz
continuous in x, then the fundamental theorem of differential equations
says that there exists a unique function of time ¢ : R, — R", which is continu-
ous and differentiable everywhere, satisfying both the differential equation and
initial condition. We can express these two properties of ¢ as

Linear Systems | S. Pohland
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L. #(to) = o
2. ¢(t) = f(gb(t),t)7 Vt € T\D, where D is the set of all discontinuity points

Note that if f(x,t) is locally, but not globally, Lipschitz continuous, then the
solution, ¢(t), exists but may only exist in some bounded region.

Proof (Uniqueness): We will not entirely prove the fundamental theorem of
differential equations, but we will prove the uniqueness component. If we find a
solution, ¢(t), to the differential equation #(t) = f(x(t),t) with initial condition
x(tg) = xo, then we can show that this solution is unique. We will do so by
setting up a proof by contradiction. Suppose that there are two solutions ¢(t)
and 1 (t), which both satisfy the differential equation such that

¢(t) = f(¢(t)7t)’ (b(tO) =Zo,
¢(t) = f(w(t)7t)7 P(to) = zo.

Using the solution to a general ODE defined in section [2.1] we can write

ot =0+ [ f(6().7)dr,

b(t) = 0 + ftot F((r),7)dr.

Subtracting the second solution from the first, notice that

o) =00 = [ (1(6().7) - F(0(7).7))ar.

Now if we take the norm of this difference, we can obtain an upper bound:
t
ot - 0] -| | (1(6t02.7) - 03

t
</
to

If the function f is globally Lipschitz continuous in x, then

F(6(r),7) = (), 7)||ar

o -vll < [ B |Joe) - w)jor

The Bellman-Gronwall lemma is useful in proving the fundamental theorem
of differential equations. Let v and k be real-valued, piecewise continuous func-
tions on Ry, and assume that u(t) and k(t) are strictly positive for all ¢ € R,.
Assume ¢ >0 and tg € R,. The Bellman-Gronwall lemma says

u(t) <c+ /t-: k(T)u(r)dr = wu(t) <cexp (ft: k(T)dT) .
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Now using the Bellman-Gronwall lemma, we find that
t
|l6(t) = (t)]| < 0-exp (ft k(T)dT) =0
0

We know that norms cannot be negative, which implies that Hqﬁ(t) - z/;(t)” =0.
From properties of norms, this then implies that ¢(t) - (t) = 0, indicating that
o(t) = (t). Now we have shown that ¢(¢) must be a unique solution.

2.2.5 Reverse Time Differential Equation

If the differential equation #(t) = f(x(t),t) with initial condition z(tp) = ®g
is piecewise continuous in ¢ and Lipschitz continuous in @, then there exists
a unique solution for both the forward time and the reverse time differential
equation. Because the differential equation has a unique solution, we know that
x(t) cannot diverge from a single initial condition. This is shown in figure

X (+)

X (t.) X2 (4)

Figure 2.1: If a differential equation is piecewise continuous in
time t and Lipschitz continuous in state @, then it has a unique
solution. This means two solutions, z1(t) and z2(t), cannot
diverge from the same initial condition, z(tg).

Since the reverse time differential equation has a unique solution, x(t) also
cannot converge from two distinct initial conditions. This is shown in figure

X.(t.)
X (¢)

Xz ('fo)

Figure 2.2: If a differential equation is piecewise continuous in
time ¢ and Lipschitz continuous in state @, then the reverse
time differential equation has a unique solution. This means
two initial conditions, z1(¢y) and x2(tp), cannot converge to a
single solution, x(t).
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Chapter 3

State Transition Function

3.1 State Transition Matrix

Previously, we defined several matrices that dictated the evolution of the system
for continuous LTV systems (section and continuous LTT systems .
One of these matrices is commonly referred to as the state transition matrix.
We will discuss this matrix and its properties for both categories of systems.

3.1.1 Continuous LTV Systems

Consider a continuous linear time-varying (LTV) system described by
z(t) = A(t)xz(t)
{z(to) =xg
where z(t) €e R™ and A(t) € R™*™. Assume the solution to this ODE is
z(t) = ¢(t, o) o,

where ¢(t,t9) € R™™ will be referred to as the state transition matrix. Fur-
thermore, we will claim that the state transition matrix satisfies the following;:

1. ¢(t,to) = A(t)o(t, to) and

2. ¢(t,t) = ¢(to, to) = In.

To show that x(t) = ¢(t,10)xe is actually the solution, we need to show that it
satisfies both the differential equation and the initial condition:

1. Differential equation

(1) = alt) = (0 to)wo = (1. to)o
= A(t)d(t, to)xo = A(t)z(t) v/

18
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2. Initial condition
x(to) = ¢(to,to)To = Inxo = To v

Now we have verified that x(t) = ¢(t,tg)xo is the solution to the differential
equation describing the given continuous LTV system.

3.1.2 Continuous LTI Systems

Consider a continuous linear time-invariant (LTI) system described by
(t) = Ax(t)
z(to) = o

where z(t) €e R” and A € R™". Let’s assert that the state transition matrix for
this system is ¢(t, o) = eA(7%0) where eA(*~t0) ¢ R™*" is the matrix exponential.
Thus the solution to this differential equation is given by

2(t) = 6(t, to)z0 = A1),

To verify that z(t) = eA(t*) 2 is actually the solution to this ODE, we need
to show that it satisfies both the differential equation and the initial condition:

1. Differential equation

. d d _
z(t) = %x(t) = ﬁeA(t ) g

= AeAt g = Az(t) v
2. Initial condition
z(to) = eAltot) gy = A0 g

onxn

=e wOZI«n(Ito:wO\/

Now we have verified that x(t) = eA("%) 2 is the solution to the differential
equation describing the LTI system that was given. Therefore, the state transi-
tion matrix for an LTI system is ¢(t,to) = eA(t70),

3.1.3 Properties of State Transition Matrix

For both the linear time-varying (LTV) and linear time-invariant (LTT) system,
the state transition matrix must satisfy the following properties:

1. ¢(t7t()) = ¢(t7t1)¢(t1,t0), Vt,to,tl € R+
2. (8(t:10)) " = 6(to, 1)

3. det(o(t,t0)) = exp([tz trace(A(T))dT)

For LTI systems, the state transition matrix has additional properties described
under the matrix exponential section of my linear algebra course notes.
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3.1.4 Calculating State Transition Matrix

To calculate the state transition matrix for a linear time-invariant (LTT) system,
we can use methods used to compute the matrix exponential described in the
matrix exponential section of my linear algebra notes. To calculate the state
transition matrix for a linear time-varying (LTV) system described by

x(t) = A(t)xz(t)
{x(to) =xo
we can use the previously stated properties of the state transition matrix:
1. ¢(t,to) = A(t)p(t,to) and
2. ¢(t,t) = ¢(to, o) = In.

One technique for identifying the state transition matrix is to first use methods
from differential equations to numerically compute the solution, z(*)(¢), of the
equation ) (t) = A(t)z (t) with initial condition = (ty) = e; for i = 1,---,n.
Then we can use these n solutions to form the state transition matrix:

o(t,to) = [z () - 2 (B)].

In general, it can be difficult to find the state transition matrix. However,
consider an LTV system described by @(t) = A(t)x(t), where A(t) is of the

form
a(t)  At)
Alt) = [—ﬂ(t) a(t)]

for some functions of time, a(t) and S(t). For this case, the state transition is

ottt =[] Gl whee

oua(t.to) :exp( ) Otade)cos( Ji ;ﬂmdv),
bra(tsto) = exp( i ;amm)sm( Ji :B(T)dT),
S —exp( Ji :amdr)sm( Ji Ot/smdr),
Gas(t, t0) :exp(/tota(T)dT)Cos(ftotﬂ(T)dT).

To derive this state transition matrix, we can transform the differential equation
i (t) = A(t)z™M(t) with initial condition 2 (ty) = e; and the differential
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i (t) = A(t)z@ (t) with initial condition (*)(¢y) = ey to polar coordinates
to solve, then transform them back to Cartesian. For more information on
how to perform these computations, reference chapter 11, "Continuous-Time
Linear State-Space Models" in |"Lectures on Dynamic Systems and Control"| by
Mohammed Dahleh, Munther A. Dahleh, and George Verghese.

3.2 State Transition Function

We discussed the state transition matrix in the context of a system whose state
evolves in the absence of input. We will now introduce an input to the dynamical
system and discuss the state transition function. Once again, we will consider
continuous LTV systems generally, then consider the special case of LTI systems.

3.2.1 Continuous LTV Systems

Consider a continuous linear time-varying (LTV) system described by
z(t) = A(t)x(t) + B(t)u(t)
z(tg) = o

where x(t) € R, u(t) e R™, A(t) e R™"™, and B(t) € R™"™. Let’s assert that

the solution to this differential equation is given by the following function:

o(0) = d(tsto)eo + [ 6B u(r)dr.

We will refer to this solution as the state transition function. To show that
the state transition function is a valid solution to the given ODE, we need to
show that it satisfies both the differential equation and the initial condition. In
order to complete this proof, we will use Leibniz integral rule, which says

_9a(z)

22 f(a(2),2)

(9 b(z) b(z) 8 ab
87[1(2) f(wyz)dw:fa(z) af(x,z)daw a(;)f(b(z)’z)

We can now show that the state transition function is actually a valid solution:
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1. Differential equation

d

(1) = %x(t) _ dt((ﬁ(t,to)mo . /t : ¢(t,7)3(7)u(7)d7)

- %qb(mo)mo . % A : 6(t,7)B(r)u(r)dr
= Lot to)wo + [ : 61,7 B(r)u(r)dr
+ S0 (90D B@u(D)) - 410 (60 10) Bltoult))
= b(t, to)wo + ft Ut (t, 7)B(ryu(r)dr
+ 1(InB(t)u(t)) - o(¢(t, tO)B(to)u(to))
= AWt 1o)zo + [ : A()d(t, 7)B(r)u(r)dr + B(t)u(t)
- A(t)(cﬁ(t,to)wo v [ : é(t, T)B(T)u(f)dr) + B(tyu(t)
- A(t)e(t) + B(tyu(t) v
2. Initial condition

2(to) = d(to,to )0 + ft ;0 6(te,7)B(F)u(r)dr

=Inw0+0:Inw0:w0 N4

Now we have verified that the given state transition function is a valid solution
to the ODE describing a general continuous LTV system.

3.2.2 Continuous LTI Systems

Consider a continuous linear time-invariant (LTI) system described by

J}(to) =9

{js(t) = Az(t) + Bu(t)

where z(t) € R, u(t) e R™, A e R™" and B € R™". Let’s assert that the
solution to this differential equation is given by the state transition function:

t
z(t) = A0 g + f A7) Bu(7)dr.
t

0

To show that the state transition function is a valid solution, we need to show
that it satisfies both the differential equation and the initial condition:
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1. Differential equation

d d t
#(t) = So(t) - dt(eA“t%o [ eA<~>Bu(T)dT)
0

t
= ieA(t_tO):L‘o + 4 f eA(t_T)Bu(T)dT
dt to

dt
= ieA(t’t‘))mg + ft ieA(t’T)Bu(T)dT
dt to dt

d A(t-t) d A(t—to)
+ %(t)(e Bu(1)) - a(to)(e ) Bu(to))
t
= AeAUt) gy 4 f AT Bu(r)dr
to
+1(LuBu(1)) - 0(e2¢~") Bu(1))

t
= At o+ A f e Bu(7)dr + Bu(t)
to

t
= A(eA(tt")a:O + f eA(tT)Bu(T)dT) + Bu(t)
t

0

= Az(t) + Bu(t) v
2. Initial condition

to
x(tg) = eAto=to) g 4 f eA(t"_T)Bu(T)dT
t

0
:Inil?0+0:In£B0:Zl70 Vv

Now we have verified that the given state transition function is a valid solution
to the ODE describing a general continuous LTI system.

3.3 Response Function

In discussing the state transition matrix and state transition function, we only
considered the evolution of the state. Now we will introduce a function for
the output and find an expression for the repsonse of the system. We will again
consider continuous LTV systems generally, then the special case of LTI systems.
We will also recall discrete time systems and derive a response for these systems.

3.3.1 Continuous LTV Systems

Consider a continuous linear time-varying (LTV) system described by

#(t) = A(H)z(t) + B(t)u(t)
y(t) = C(®)x(t) + D(t)u(t)
.I‘(to) =9
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where z(t) € R, u(t) € R™, and y(t) € R™. Assume that A(t) e R™" B(t) €
R™™i C(t) e R™*™ and D(t) € R™*™ . Previously, we showed that the state
of a general continuous LTV system could be expressed as

t
2(t) = (tto)zo + [ 6(t,T)B(r)u(r)dr.
to
This allows us to write the response of the system as
y(t) = C(0)x(t) + D(t)u(t)

- C(t)(¢(t,to)a:0 + ft Ot é(t, T)B(T)u(r)df) + D(t)u(t)

=C(t)o(t,to)xo + ftot C(t)o(t,7)B(r)u(r)dr + D(t)u(t)

We refer to this as the response function for continuous LTV systems.

3.3.2 Continuous LTI Systems

Consider a continuous linear time-invariant (LTI) system described by

z(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)

l’(to) =X9

where z(t) € R”, u(t) € R™, and y(¢) € R™. Assume that A e R™" B e R
C e R"™ and D e R"*™ . Previously, we showed that the state of a general
continuous LTT system could be expressed as

¢
z(t) = e gy + f A7) Bu(7)dr.
¢

0

This allows us to write the response of the system as

y(t) = Cz(t) + Du(t)

t
= C(eA(t_tO)a:O + f BA(t_T)Bu(T)dT) + Du(t)
to

t
= CeAtt0) gy 4 CeA"7) Bu(r)dr + Du(t)
to
We refer to this as the response function for continuous LTT systems.

3.3.3 Discrete LTV Systems

So far we have focused on continuous time systems, for which we have defined
a state transition function. We can also derive an expression for the response
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of a discrete time system. Consider a discrete LTV system described by

Tpe1 = Az + Brug
Y = Crxr + Dyug

where @y € R”, ug € R™, yp € R, A € R™", By € R™™, Cp € R™*", and
Dy, e R™*™, From the first equation, we can notice the following:

Trq = A()(BO + Bo’U,Q
o = All’l + B1u1 = Aleaco + AlBo’LLO + Blul
Tr3 = AziL’2 + BzUz = AzA]_A()iL‘O + A2AlBOU0 + A2B1U1 + BzUz

k-1 k-1 k-1
T = H Ai.’IJO + Z H AJBZ’U,Z
i=0 i=0 j=i+1

Combining this with the second equation, the response of the system is

Yi = Crxr + Dyug,

k-1 k-1 k-1
=C (H A;xo + Z H AJB,’U,I) + Drpuy

1=0 1=0 j=i+1
k-1 k-1 k-1
= Ck H AiiL‘O + Z Ck H AjBiui + Dkuk.
=0 i=0 j=i+1

3.3.4 Discrete LTI Systems

Because discrete LTT systems are simply a special case of discrete LTV systems,
we can go through the same process to derive the response function for these
systems. Consider a discrete LTI system described by

L+l = Awk + Buk
Y = ka + Duk

where x € R", up € R", yp € R, A ¢ R”" B e R™™ C ¢ R"*" and
D e R™>*™ _ From the first equation, we can notice the following:

Ty = Awo + B’U,O
o = A(E]_ + B’LLl = A2w0 + ABUO + Bu1

T3 = A$2 + B’U,2 = A3ZI}0 + AZB’UJ() + ABu1 + B’LL2

k-1
xr = AFzg + > A1 By,
i=0
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Combining this with the second equation, the response of the system is
Y = C:Ek + Duk
k-1 4
=C (Akoco +> Ak_l"Bui) + Duy,
i=0
k-1 ‘
= CAk:I:O + Z CAk_l_ZBUi + Duy,

1=0

3.4 Linearization

Our discussion of the state transition function and response function has been
limited to linear systems. Most real-world systems, however, are nonlinear.
In some cases, we can obtain a linear system to approximate the evolution and
response of a nonlinear system. This process of obtaining a linear approximation
is referred to as linearization. Consider a nonlinear system described by

{;i:(t) = f(x(t),u(t),t)

x(to) =

Suppose we have some nominal input function, u°, which results in the nominal
state trajectory, 2°. Assume that this system can be described by

{aa%) = F(°(),u0 (1), 1)

2%(to) = xo

Now let the nominal input function, u°, be perturbed to u° + du, resulting in a
perturbed state trajectory, 2° + dz. The initial condition is also perturbed from
T to xg + dxg. Now we have a new system, which can be described by

{gt(xo +62) () = F(a°(t) + (), u’ (£) + Su(t), )
0

(2" +62)(tog) = o + 0o

Using the Taylor series expansion, we can express the function in the ODE as

a0 320)20) +8u001) =S (201°0:0)+ 5T st 320)
5a{t) e(y=2" (1 0u() +0(82° (1), 0u’(1)).

w(t)=u®(t)

We can now obtain the following equation describing the perturbation:

£(t):x°(t)5u(t) + 0022 (t), 6u?(t)).

z(t)=a (t)dx(t) " Du(t) du ( ) u(t)=u’(t)

( ) Ox (t) w(t)=u’(t)
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Assuming that higher order terms are small and can be ignored,

of of
aT(t) L(t):lo(t)(Sx(t) + aT(t)

w(t)=u®(t)

d
—ox(t) ~
dtﬂ?()

w(t):xo(t)5u(t)'
w(t)=u(t)

Now we can see that we can approximate the behavior of the nonlinear system
around the nominal point, (2°(t),u"(t)), by the linear equation

dx(t) ~ A(t)dx(t) + B(t)du(t), where

A(t) = Doy F(2 (), (), 1)t ()= (20 ()00 (1)) »
B(t) = Doy f (1), u(t), )| a () () =(a0 (1) u0 (1)

We can then write the solution to this linearized system as

S2(t) ~ Bt 1 )0 + [t : 6(t,7)B(r)du(r)dr.

3.5 Discretization

Most real-world systems are continuous, but simulated systems are generally
discrete since computers must work in discrete time. Therefore, it is often
useful to approximate continuous time systems as discrete time systems. This
process of obtaining a discrete time system from a continuous time system is
referred to as discretization. Consider continuous LTI system described by

{x’(t) = Az(t) + Bu(t)

x(to) = xo

Suppose we sample the state of the system every T' seconds starting from ¢ = ¢.
We want to find an equation to describe the evolution of this sampled system.
As shown previously, the state of the continuous time system is given by

¢
x(t) = eA(t_tO)w(to) + [ eA(t_T)Bu(T)dT.
to

Let’s assume the system starts at time ¢y = k7 with initial condition z(kT).
The state of the system at time ¢ = (k + 1)T is then given by

(k+1)T
a((k+1)T) = eA((’””T*’“T)x(kT) + f eA(“““)T*T)Bu(T)dT
kT

If we assume zero-order hold input, meaning that the input is held constant
between t = kT and t = (k + 1)T, then we can express the state as

(k+1)T
z((k+1)T) = eA((k+1)T_kT)x(kT) + fk eA(“““)T‘T)Bu(kT)dT
T
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To simplify the notation, we will denote x(kT) by xx and u(kT) by ug. With
this notation, we can now express the state of the system at t = (k+1)T as

(k+1)T
oy = eA((k+1)T—kT)wk N f eA((k+1)T—7—)Bude
kT

(k+1)T
=eAT gy + (f eA((kH)T_T)BdT) Ug.
kT
Using the change of variables s:= 7 — kT, we can express g1 as

T
Trsr = e @y + ([ eA(T_S)Bds) U
0

Now we can represent this system as the discrete time system
Lps1 = Aazk + Buk, where

- ~ T
A=e4T and B-= f eAT-5) Bds.
0

Now we have found a discrete time linear representation of the original contin-
uous time linear system, which has been sampled with a period of T
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Chapter 4

BIBO Stability

4.1 Definition of BIBO Stability

We will now discuss the stability of dynamical systems. A system is considered
to be bounded-input bounded-output (BIBO) stable if bounded inputs
produce bounded outputs under zero initial condition. Written more formally,
a dynamical system is BIBO stable if there exists a constant k < oo such that

[Ylloo < Klltllos, Vue L

[ o)

where

LY ={ueld:||ul|lo < 00}

Note that U is the set of input functions that map a time ¢ € T' to an input
u(t) € R™, as defined in section As another note, || ||co is the Lo norm,
which is defined in the function norms section of my linear algebra notes.

In contrast, a dynamical system is not BIBO stable if there exists a bounded
input that produces an unbounded output under zero initial conditions.
4.2 Impulse Response Matrix

In our discussion of BIBO stability, it is helpful to define the impulse response
matrix for both continuous LTV systems and continuous LTI systems.

4.2.1 Continuous LTV Systems
Consider a continuous linear time-varying (LTV) system described by

2(t) = A(t)z(t) + B(t)u(t)
y(t) =C(t)z(t) + D(t)u(t)
x(to) = xo
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where z(t) € R, u(t) € R™, and y(t) € R™. Assume that A(t) e R™" B(t) €
R™™i  C(t) € R™*™ and D(t) € R™*™_ In section we showed that the
response of this system could be expressed as

y(t) = C(t)p(t,to)xo + ftot Ct)p(t, 7)B(T)u(r)dr + D(t)u(t).

When discussing BIBO stability, we are only interested in the relationship be-
tween the input and output, so we will focus on the zero state response, or the
forced response, which is the response of the system when the initial condition
is zero (i.e. g =0,,). For this LTV system, the zero state response is given by

ys(0) = [ WO BEYU(r I+ DOUO)

We can also express the zero state response for this system as

t
yzs(t):f H(t,7)u(7)dr, where
to

H(t,7)=C(t)¢(t,7)B(T) + D(t)é(t — 7).
The matrix H (¢, 7) is the impulse response matrix for the given LTV system.
Note that the term §(¢ — 7) in this matrix is the dirac delta function.

4.2.2 Continuous LTI Systems

Consider a continuous linear time-invariant (LTI) system described by
#(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)
z(to) = o

where z(t) € R™, u(t) € R™, and y(t) e R™. Assume that A € R™" B eR™™,
C e R™*™ and D € R™*™  In section we showed that the response of
this system could be expressed as

t
y(t) = CeAt) g + f CeA") Bu(r)dr + Du(t)
to

Again, when discussing BIBO stability, we are only interested in the relationship
between the input and output, so we will look more closely at the zero state
response. For this LTI system, the zero state response is given by

t
yas(t) = f CeA) Bu(r)dr + Du(t).
to
We can also express the zero state response for this system as
t
Yzs(t) = / H(t,7)u(r)dr, where
to

H(t,7)=CeA*" B+ D(t-7).

The matrix H(t,7) is the impulse response matrix for the given LTI system.
Again, the term (¢ — 7) in the response matrix is the dirac delta function.
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4.3 Transfer Function

The impulse response matrix describes the input-output relationship of a system
in the time domain. For a linear time-invariant (LTT) system, we can also express
this relationship in the frequency domain. For the LTI system in the previous
section, we can express the impulse response matrix as

H(t,7)=CeA**" B+ D§(t - 7).
Because the impulse response matrix is simply a function of ¢t — 7, we can write
H(t-7)=Ce*“ B+ Dt -1).
Defining the variable ¢’ := ¢ — 7, we can express the impulse response matrix as
H(t') = Ce*' B+ Ds(t)

Now to find a relationship between the input and output of this LTI system in
the frequency domain, we need to compute the Laplace transform of the impulse
response matrix. Doing so gives us the following transfer function:

H(s)=C(sI,-A)"'B+D.

Notice that the transfer function is an n, x n; matrix. This matrix allows us to
express the relationship between the input and output of an LTI system as

9(s) = H(s)u(s),

where §(s) represents the output function in the frequency domain and (s)
represents the input function in the frequency domain. Note that g(s) is the
Laplace transform of the time-varying output function, y(¢), and a(s) is the
Laplace transform of the time-varying input function, u(t).

4.4 BIBO Stability Tests

Now that we have defined the impulse response matrix for continuous LTV
systems and the transfer function for continuous LTI systems, we can use these
matrices to determine whether the corresponding system is BIBO stable. In
general, a continuous time linear system is BIBO stable if and only if

t
sup{f ||H(t,r)||wd7-} k< oo,
teR —oo

where H(t,7) is the impulse response matrix for the given system.
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4.4.1 Continuous LTV Systems
Recall that the impulse response matrix for a continuous LTV system is
H(t,7)=C(t)o(t,7)B(T)+ D(t)é(t - 7).
Therefore, a continuous LTV system is BIBO stable if and only if
1. B(t), C(t), and D(t) are bounded for all values ¢ € T and
2.

ii‘ﬂ%{fwll(/“(tw(uT>B<r>>||wdf} “h<oo.

4.4.2 Continuous LTI Systems

Recall that the impulse response matrix for a continuous LTI system is
H(t,7)=Ce* "™ B+ D§(t-T).

Therefore, a continuous LTI system is BIBO stable if and only if

sup{ft ||C€A(t_T)B||oodT} =k < oo.
teR -0

Let’s define a new variable s:=¢— 7. We can then express this condition as

sup{f0||CeAsB||w(—1)ds} =k < oo.
teR oo

Using properties of integration and noticing that the integral does not depend
on t, we now obtain the following condition for BIBO stability:

f |Ce5 Bl wds = k < oo.
0

As shown previously, we can also express the input-output relationship of a
continuous LTI system in the frequency domain using the transfer function:

H(s) = 38 =C(sI,-A)"'B+D.

We can use the transfer function to write another condition for BIBO stability.

A continuous LTI system is BIBO stable if and only if all of the poles of the
transfer function are in the open left half of the complex plane:

Poles(H(s)) cC__.

Example: To help see why this is true, consider the following transfer functions:

1 1 1
Hl(s):ﬁa H2(8)=m7 H3(S)=E where o > 0.
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The first transfer function, H;(s), has one pole at s = «, which is in the open
right half of the complex plane. The second transfer function, Hs(s), has two
poles at s = +jw, which are both on the imaginary axis. The third transfer
function, H3(s), has one pole at s = —a, which is in the open left half of the
complex plane. Based on our test for BIBO stability, we expect only the third
transfer function to be BIBO stable. To see why this is, recall that we can
express the input-output relationship for these three systems as

91(s) = Hi(s)ui(s),  92(s) = Ha(s)t2(s),  9a(s) = Ha(s)us(s).
If we want to show that the first two systems are not BIBO stable, we need to
find an example of bounded input that does not produce a bounded output. For
the fist system, consider the bounded input w(t) = 1, which has the Laplace
transform @, (s) = L. This input results in the output

b0~ 2 e (),

S—« S S—« S a\s—« S

Taking the inverse Laplace transform, we get the output in the time domain:

y1(t) = é(eo‘75 - 1).

The output, y1(t), approaches infinity as ¢ approaches infinity, so the bounded
input u;(¢) = 1 produces an unbounded output. Therefore, the first system is
not BIBO stable. For the second system, consider the bounded input wus(t) =
sin(wt), which has the Laplace transform %~ . This input results in the output

@2(5):(52iw2)(52 :JWQ): (s fw2)2,

Taking the inverse Laplace transform, we get the output in the time domain:

y2(t) = ﬁ(sin(wt) - wt cos(wt)).

The output, yo(t), approaches infinity as ¢ approaches infinity, so the bounded
input us(t) = sin(wt) produces an unbounded output. Therefore, the second
system is also not BIBO stable. To show that the third system is BIBO stable,
we need to show that the output is bounded for all bounded inputs. Taking the
inverse Laplace transform of the equation §3(s) = Hs(s)d3(s), we get

t
ys(t) = e xus(t) = f e “Tug(t—T7)dr
0

The [ norm of this output is then given by

t
< [ lte o o
t - K
L1 luste-lzde = [ sl a
t
(e sl - - ol

llys (t)lles =

¢
f e “Tug(t—T7)dr
0
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Note that ||uz(t - ’7')||°° = ||u3(t)||oo because the [o, norm is implicitly defined in

terms of ¢ and not in terms of 7. The expression (1 - e’o‘t) is less than infinity
for all values of ¢, so this system is BIBO stable, as we expected.
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State Space Stability

5.1 Equilibrium Points

We will also define another notion of stability, which we call state space stability.
State space stability is defined in the context of the equilibrium points of the
system. An equilibrium point of a dynamical system is a state for which the
system is stationary for all future times. Once the system reaches an equilibrium
point, it will remain at this point under the absence of any input. We will discuss
equilibrium points for the common classes of systems defined in section

5.1.1 Continuous LTV Systems

Consider a continuous time system described by the differential equation
(t) = f(t,x(1)),
where ¢ € R and z(t) € R”. The point & ¢ R" is an equilibrium if
ft,&)=0,, VteR.

Notice that if & is an equilibrium and «(t) = &, then #(¢) = 0,,. This means
that if the state of the system reaches an equilibrium point, the state will stop
changing and the system will remain at this point for all future time. Consider
a continuous linear time-varying system described by the equation

o(t) = A(t)z(t),
where ¢ € R and z(t) € R”. The point & € R" is an equilibrium if
A(t)Z=0,, VteR.

Therefore, & = 0,, is always an equilibrium point for a continuous LTV system,
regardless of the elements of the time-varying dynamics matrix, A(t).
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5.1.2 Continuous LTI Systems
Consider a continuous time system described by the differential equation
i(t) = F(@(0)),
where ¢ € R and x(t) € R”. The point & ¢ R" is an equilibrium if
f(&) =0,.
As in the time-varying case, if & is an equilibrium and z(t) = &, then Z(t) = 0,,.
This means that if the state of the system reaches an equilibrium point, the state

will stop changing and the system will remain at this point for all future time.
Consider a continuous linear time-invariant system described by the equation

(1) = Az(t).

where ¢ € R and z(¢) € R". The point & € R" is an equilibrium if

As in the time-varying case, & = 0,, is always an equilibrium point for a contin-
uous LTI system. If A is non-singular, then & = 0,, is the unique equilibrium.
If A is singular, then the null space of A defines a continuum of equilibria.

5.1.3 Discrete LTV Systems

Consider a discrete time system described by the iterative equation
Tpe1 = f(k, Tr),
where k € Z and xp € R". The point & € R” is an equilibrium if
flk,&)=&, VkeZ.

This says that the equilibrium, &, is a fixed point of f for all discrete times.
Notice that if @ is an equilibrium and xp = &, then xg,; = €. This means that
once the state of the system reaches the point &, it will remain at this state for
all future time. Consider a discrete linear time-varying system described by

Ths1 = AkTh,
where k € Z and xg € R". The point & € R” is an equilibrium if
AwF =%, VkeZ.

Therefore, as in the continuous case, & = 0,, is always an equilibrium point for
a discrete LTV system, regardless of the time-varying elements of Ag.
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5.1.4 Discrete LTI Systems

Consider a discrete time system described by the iterative equation

L+l = f(wk)y

where k € Z and xp € R". The point & € R” is an equilibrium if
(&) = &.

This says that the equilibrium, &, is a fixed point of f. As in the time-varying
case, if & is an equilibrium and xy = &, then @k, = €. This means that once
the state of the system reaches the point &, it will remain at this state for all
future time. Consider a discrete linear time-varying system described by

Tp+1 = ATy,

where k € Z and xp € R". The point & € R” is an equilibrium if
Az =Z.

As in the time-varying case, & = 0,, is always an equilibrium point for a discrete

LTI system. Note that if A = I,,, then every point in R™ is an equilibrium point.

5.2 Definition of State Space Stability

Consider a system with the equilibrium point & = 0,,. While state space sta-
bility is defined for individual equilibrium points, we typically say that a sys-
tem is stable if its zero equilibrium point is stable. We will focus mostly on
continuous linear systems whose state under the absence of input is given by
x(t) = ¢(t,tp)xo. For such a system, we have the following notions of stability:

1. (Internal) Stability — The system is (internally) stable if and only if for
all initial times ¢¢ € R and all initial states @ = 2(to) € R", the state x(t)
is bounded, meaning that there exists a constant M > 0 such that

llz(®)ll2 = llo(t, to)zoll2 < l¢ (¢, to)lzl|zoll2 < M, Vi > to.

2. Asymptotic Stability — The system is asymptotically stable if and only
if it is stable and if for all initial times ¢g € R and all initial states xg :=
x(tp) € R™, the state x(t) converges to the equilibrium, which means that

i [lz(8)[]2 = lim {l6(2, to)aoll2 = 0.

3. Exponential Stability — The system is exponentially stable if and only
if the state, x(t), is bounded by a decaying exponential, which places a
requirement on the rate of convergence to the equilibrium. This means
that there exists constants M, « > 0 such that

z(t)]l2 = l|l6(t, to)xoll2 < [|l6(t, to)ll2llzollz < Mem* 10 |ag|lo, Vi > to.
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X ()

Ko

1, t

Figure 5.1: This system is (internally) stable. The state is
bounded for all time but does not converge to the equilibrium.

X (+)

M

t t

Figure 5.2: This system is asymptotically stable. The state
converges to the equilibrium and is bounded for all time. There
is no requirement on the rate of convergence.

X (+) Me -0

%o

+, t

Figure 5.3: This system is exponentially stable. The state is
bounded by a decaying exponential, which places a requirement
on the rate of convergence.
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In general, if a system is exponentially stable, it is asymptotically stable, and if
it is asymptotically stable, it is (internally) stable. For a linear time-invariant
(LTT) system, exponential and asymptotic stability are equivalent. Figures
[(.2] and [5.3 help demonstrate these different notions of state space stability.

5.3 State Space Stability Tests

There are various ways to check if a system is (internally) stable, asymptotically
stable, or exponentially stable. The approach depends on whether the system
is continuous or discrete and whether it is time-varying or time-invariant.

5.3.1 Continuous LTV Systems

Consider a continuous LTV system with the equilibrium point & = 0,, whose
state under the absence of input is described by #(t) = A(t)x(t), where x(t) € R™
and A(t) e R™*"™. There are a couple cases of such systems we will consider.

Skew Symmetric System

Let’s first consider the case when A(t) is skew-symmetric (i.e. A(t)T = —A(t)).
Regardless of the specific entries of A(t), this system is (internally) stable.

Proof: Consider the function V : R™ - R defined such that V (z(t)) = z(t)Tz(t).
If we compute the derivative of V (z(¢)) with respect to ¢, we find
. d T
V(z(t) = - x(t) a(t)
=a(t) 2 (t) +x(t) @ (t)

= (A®z®) 2(t) + 2(t)T (A(t)z(t))
=z()TAW) Tz (t) + ()T A(t)z(t)

= —x(t)TAt)x(t) + ()T A(t)z(t)
=0

Now we have shown that derivative of V (x(¢)) with respect to time is zero for
any arbitrary state x:(¢). If ¢o is the initial time, this implies that

V(x(t)) =V (x(to)), Vit 2to.
Based on how we defined V', we can equivalently write this equality as
2|13 = llz(to)l5, V> to.

Therefore, the continuous LTV system is stable if A(t) is skew symmetric.
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Symmetric System

For continuous time-varying systems, there is generally no connection between
the eigenvalues of A(t) and the state space stability. However, there are some
cases when the eigenvalues can tell us about the stability of the system. In
particular, we will consider the case when A(t) is symmetric for all ¢ € R.

If A(t) is symmetric for all ¢ € R, then all of its eigenvalues are real. Let
A1(t), -, An(t) denote the n real eigenvalues of A(t). If A\;(¢) < —u < 0, for all
i1=1,---,m and t € R, then the system is exponentially stable.

Proof: Consider the function V : R™ — R defined such that V (z(t)) = z(t)Tz(t).
If we compute the derivative of V (z(¢)) with respect to ¢, we find
V() = L a(t) ()
=i(t)Tx(t) +2(t) T 2(t)
= (A (t)) () + ()T (A()2(2))
=x()T A o (t) + 2 (t)T A(t)2(t)
=x(t)TAt)z(t) + 2(t) T A(t)z(t)
=2x(t)T A(t)x(t)
Because A(t) is symmetric, we can use the Rayleigh quotient to write
Amin (A0))2(0)T2(t) < 2(0)T At)2(t) < Amaz(A®))z () 2(2).
This then gives us the following constraint on the time derivative of V:
V(2(t)) € 2 maw (A(t))z(t) " 2(t).
We assumed that A;(t) <—p <0 forall i =1,--,n and t € R. Therefore,
V() < —2u(a(t) 2(t)) = =2uV (2(1)).
Now we have a simple differential equation, which gives us the solution
V(x(t)) < V(x(to) e .
From our definition of V', we can equivalently write this inequality as
z(t)Tx(t) <x(to) x(to)e M.
Taking the square root of both sides, this inequality becomes
l2(t)ll2 < e fla(to)l2-

Because ||z(t)]]2 is bounded by a decaying exponential, the given system is expo-
nentially stable. Therefore, if A(t) is a symmetric matrix and all its eigenvalues
satisfy A\;(t) < —p <0 for all t € R, the system is exponentially stable.
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5.3.2 Continuous LTI Systems

Consider a continuous linear time-invariant (LTI) system with the equilibrium
point & = 0,, whose state under the absence of input is given by #(t) = Axz(t),
where z(t) €e R™ and A € R™"™. We can characterize the stability of this system
based on the eigenvalues of the matrix A and by using Lyapunov equations.

Eigenvalue Test

Suppose that the dynamics matrix A € R™ ™ has the eigenvalues A, -+, A,,. The
eigenvalues of A tell us the following about the stability of the system:

1. This system is exponentially (and asymptotically) stable if and only if all
of the eigenvalues of A are in the open left half of the complex plane, i.e.

Re{\;} <0 fori=1,- n.

2. This system is (internally) stable if and only if all of the eigenvalues of A
are in the closed left half plane, i.e.

Re{\;} <0fori=1,-n,

and each eigenvalue on the jw-axis (i.e. \; whose real part is equal to
zero) has a corresponding Jordan block of size one.

To see why this is true, notice that for a system described by @(t) = Axz(t), the
solution is z(t) = eA*xg. If A admits the Jordan canonical form A = TJT!,
then we can express this solution as z(t) = Te/'T 'xo. Because J is a Jordan
matrix and the function e is analytic, we can express e’? as

it Xt 1 gng-1 At
ot e te}\ (nfl),t 26)\
. 0 eMt o . tm2etit
eJt = , where e’ = (n:i-2)!
edit : : :
0 0 - elit

If the real part of \; is strictly negative, then all of the elements of e”s! will
converge to zero as t goes to infinity. If the real part of \; is equal to zero and
n; is one, then the elements of e’ will be bounded but will not converge to
zero. If the real part of \; is strictly positive or if the real part of \; is equal to
zero and n; is greater than one, the elements of e/ will grow without bound.

Therefore, if the real part of all the eigenvalues of A is strictly negative, then
all of the elements of e’! will converge to zero, thus z(¢) will also converge
to zero. This is what we consider asymptotic stability, which is equivalent to
exponential stability for LTI systems. If the real part of all the eigenvalues of A
is non-positive and n; is one for all of the eigenvalues with zero real part, then
all of the elements of e?? will be bounded but will not necessarily converge to
zero, thus z(t) will also be bounded but will not necessarily converge to zero.
Therefore, we say the system is (internally) stable.
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Lyapunov Equations

A Lyapunov equation is a matrix equation of the form
ATP+PA=-Q, where A, P,Q ¢ R"".

If A is a dynamics matrix, we can use Lyapunov equations to characterize the
stability of the corresponding continuous LTI system.

Theorem: The system described by 4(¢) = Az(¢) is exponentially stable if there
exist positive definite matrices P and Q) that satisfy the Lyapunov equation.

We will prove this theorem in two different ways. First, we will prove the
theorem using the original definition of exponential stability. We will then
prove it using the eigenvalue test discussed in the previous subsection.

Proof 1 (Definition of Stability): Given a positive definite matrix Q € ST

+4
let P €S7, be the solution to the Lyapunov equation ATP + PA = -Q. Now
consider the function V : R” —» R, which is defined as V(z(t)) = z(t)" Pz (t). If

we compute the derivative of V(a:(t)) with respect to t, we find

V(a(t)) = %(m(t)TPx(t))
=&(t)T Px(t) + z(t) Pi(t)
= (Az(t)) Pa(t) + 2(t) " P(Ax(t))
=z(t)T AT Px(t) + ()T PAx(t)
= x(t)T(ATP +PA)x(t)
= —z(t)" Qu(1).

Because the matrices P are Q are both symmetric, we can use the Rayleigh
quotient to write the following inequalities:

Amin (P23 < 2(6)T Pa(t) < Amaa(P)llz(8)]3

Amin (@)2(B)13 < ()T Qz(t) € Anaa(Q)l|z(1)I13

Because we defined V (z(t)) = 2(t)” Pz(t) and found that V(x(t)) =—z(t)TQx(t),
the Rayleigh quotient also allows us to write the following set of inequalities:

Amin (P)le ()13 < V(2(t)) < Amaz (P)l2(t)]13

Amin (@O < =V (2(1)) < Amaz (Q)l(1)]13

From these two sets of inequalities, we can pull out the following inequalities:

V(m(t)) ) ) —V(x(t))
N (P) <llz@)llz and |lz(?)|f; < (@)
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Combining these inequalities, we see the following relationship:
V(x(t)) < —V(:z:(t))
)\maz(P) B Amzn(Q)

Rearranging, we get the following relationship between V(x(t)) and V(x(t)):

_ )\min ( Q)
)\maz (P)

Now we have a simple differential equation, which gives us the solution

V(m(t)) <V(xo) exp(—j\\mmEQP))t).

Because V(z(t)) > Apin (P)[|z(t)|[3 and V(20) < Amaz (P)||ol3, we can write

)\maw(P)

() < anonéexp(_mt)

1/2
le@ls < (AW“’)) exp(—“"“'”(Q) t)||$0||2

V(x(t)) < V(z(t)).

Amin (P2 () < Amaa (P2 exp(_

)\mzn(P) 2 )\maz(P)

Because Q and P are positive definite, all of their eigenvalues must be strictly
positive, which means \.,;,(Q) > 0 and A\paz(P) > Appin(P) > 0. Therefore,
|z(t)]|2 is bounded by a decaying exponential, which implies that the LTI system
is exponentially stable. Therefore, if there exist positive definite matrices P and
Q that satisfy the Lyapunov equation for the matrix A describing the dynamics
of the LTI system, then the system is exponentially stable.

Proof 2 (Eigenvalue Test): Recall that the system is exponentially stable if
and only if all the eigenvalues of A are in the open left half of the complex
plane. Assume that A has an eigenvector v corresponding to eigenvalue A,
which implies Av = Av and vT AT = M\vT. This allows us to write the following:

—vTQu = 'vT(ATP + PA)U =vTATPv+vTPAv
= (Av)TPv + v P(Av) = (\)T Pv + vT P(\v)
= T Pv+ T Pv =2 0" Po

Because Q and P are positive definite matrices, v Qv > 0 and v7 Pv > 0 for all
v # 0,,, which implies that the real part of \ is strictly negative. This holds for
all eigenvalue-eigenvector pairs of A, so all the eigenvalues of A have strictly
negative real parts. Therefore, if there exist positive definite matrices P and Q
that satisfy the Lyapunov equation, all of the eigenvalues of A are in the open
left half plane, which implies that the system is exponentially stable.
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5.3.3 Discrete LTI Systems

Consider a discrete linear time-invariant (LTT) system with the equilibrium point
x = 0,, whose state under the absence of any input is described by g1 = Az,
where xp € R™ and A € R™" has eigenvalues A1,:--, \,,. The eigenvalues of A
tell us the following about the stability of the discrete LTI system:

1. This system is exponentially (and asymptotically) stable if and only if all
of the eigenvalues of A fall within the unit circle in the complex plane, i.e.

[Ail <1 fori=1,-n.

2. This system is (internally) stable if and only if all of the eigenvalues of A
fall on or within the unit circle, i.e.

M| <1fori=1,-n,

and each eigenvalue on the unit circle (i.e. A; whose magnitude is equal
to one) has a corresponding Jordan block of size one.

To see why this is true, notice that for a system described by ®g.1 = Axy, the
solution is @y = A¥xzo. If A admits the Jordan canonical form A = TJT!,
then we can express this solution as @y = TJ*T 'xg. Because J is a Jordan
matrix and the function (-)* is analytic, we can express J* as

Jt
Jh = , where
Jlk
)\ic k)\f_l ﬁ H?;Il(kf _j + 1))\§k—ni+1)

2

If the magnitude of \; is strictly less than one, all the elements of Jik will
converge to zero as k goes to infinity. If the magnitude of )\; is equal to one
and n; is one, the elements of Jf will be bounded but will not converge. If the
magnitude of \; is strictly greater than one or if the magnitude of \; is equal
to one and n; is greater than one, the elements of J} will grow without bound.

Therefore, if the magnitude of all the eigenvalues of A is strictly less than one,
then all of the elements of J* will converge to zero, thus xj, will also converge
to zero. This is what we consider asymptotic stability, which is equivalent to
exponential stability for LTI systems. If the magnitude of all the eigenvalues
of A is less than or equal to one and n; is one for all of the eigenvalues with
a magnitude of one, then all of the elements of J* will be bounded but will
not necessarily converge to zero, thus xj will also be bounded but will not
necessarily converge to zero. Therefore, we say the system is (internally) stable.
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5.4 State Space vs. BIBO Stability

At the beginning of this chapter, we defined three different notions of state
space stability. We said that a system is (internally) stable if the state remains
bounded for all time in the absence of input. A system is asymptotically stable
if the state converges to its equilibrium in the absence of input. Finally, a
system is exponentially stable if the state converges to its equilibrium at an
exponential rate in the absence of input. Recall that in Chapter [ we said
a system is considered to be bounded-input bounded-output (BIBO) stable if
bounded inputs produce bounded outputs under zero initial condition. We will
now consider the relationship between state space stability and BIBO stability.

5.4.1 Implications of Stability

For a linear time-varying (LTV) system, if the system is exponentially stable
and the matrices B(-), C(-), and D(-) are all bounded, then the system is BIBO
stable. For a linear time-invariant (LTT) system, if the system is exponentially
stable, then it is BIBO stable. For both LTI and LTV systems, a system that is
BIBO stable is not necessarily exponentially stable, or even (internally) stable.

Recall that for an LTI system, the system is BIBO stable if and only if all of
the poles of the transfer function are in the open left half plane. Similarly, the
system is exponentially stable if and only if all of the eigenvalues of A are in the
open left half plane. All of the poles of the transfer function are eigenvalues of
A, but not all of the eigenvalues of A are poles of the transfer function. For this
reason, exponential stability implies BIBO stability, but BIBO stability does
not imply exponential stability and also cannot not imply (internal) stability.

5.4.2 TUncontrollable Modes

If a mode corresponding to an unstable eigenvalue is uncontrollable from the
input, w(t), then this mode does not appear in the transfer function. The
unstable dynamics are effectively hidden from the input by the matrix B.

Example: Consider the system described by #(t) = Az (t) + Bu(t), whose out-
put is given by y(t) = Cz(t). Let’s define the dynamics matrices as follows:

1.0 0 1/10
A=|l0 3 o|, B=|o0 |, cCc=[1 1 1].
0 0 -6 1/15

The matrix A has three eigenvalues: Ay = -1, A\ =3, and A3 = —6. This system
is clearly not (internally) stable because the eigenvalue Ay = 3 is in the right
half plane. To determine if this system is BIBO stable, we need to consider its
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transfer function. Recall that the transfer function is defined as

G(s)=C(sI,-A)'B

1
- 0 0 ][1/10
=[1 1 1]fo L offl o
’ 1
0 0 ][5
o)+ 5 ()
= — + —
10\s+1 15\s+6
1 s+4

T 6(s+1)(s+6)

Now we can see that the poles of the transfer function are A\; = -1 and A3 = -6,
which are both in the open left half plane. The unstable mode corresponding
to A2 = 3 is said to be uncontrollable from the input because it is hidden by the
matrix B, and thus does not appear in the transfer function.

5.4.3 Unobservable Modes

Similarly, if a mode corresponding to an unstable eigenvalue is unobservable
from the output, y(t), then this mode does not appear in the transfer function.
The unstable dynamics are effectively hidden from the output by the matrix C.

Example: Consider the system described by #(t) = Az(t) + Bu(t), whose out-
put is given by y(t) = Cx(t). Let’s define the dynamics matrices as follows:

-1 0 0 1/10
A=|0 3 0|, B=|-1/6], C=[1 0 1].
0 0 -6 1/15

Again, A has three eigenvalues: A\; = -1, Ay = 3, and A3 = —6, and the system is
not (internally) stable because the eigenvalue A2 = 3 is in the right half plane.
To determine if this system is BIBO stable, consider its transfer function:

G(s)=C(sI,-A)"'B

1
- 0 0 [1/10
=[1 0o 1] 0 L o |[-1/6
1
0 0 ][5
o) ()
= — + —
10\s+1/) 15\5+6
1 s+4

"6 (s+1)(s+6)

Now we can see that the poles of the transfer function are Ay = -1 and A3 = -6,
which are both in the open left half plane. The unstable mode corresponding
to A2 = 3 is said to be unobservable from the output because it is hidden by the
matrix C, and thus does not appear in the transfer function.
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Chapter 6

Controllability /Observability:
Continuous LTV Systems

6.1 Controllability of Continuous LTV Systems

Informally, a control system is considered controllable if its input can transform
its initial state to any arbitrary state in the configuration space. We will define
controllability more formally for continuous linear time-varying (LTV) systems.

6.1.1 Controllability Map

A dynamical system D = (U, X,), s,r) is (completely) controllable on the time
interval [tg, ;] if and only if for all xg,z; € X, there exists an input function
u € U that steers xg := z(tp) to &1 = z(¢t1). Equivalently, D is (completely)
controllable on [tg,t1] if and only if for all &g € X, the state transition function
s(t1,to,To,u) is surjective. Recall from Section that for a continuous LTV
system, the state transition function is given by

s(tr,to,0,u) = 6(t1, to)mo + [ 6(t1, T)B(r)u(r)dr

If we define the controllability map as the function Lo : U — X such that

t1
Lo(w)= [ ot T)B(u(r)dr,
0
then we can express the state transition function as

5(t17t0;$03u) = ¢(t17t0)m0 + Ec(u)

Therefore, the system is (completely) controllable if and only if the controllabil-
ity map, L¢, is a surjective funtion. Based on our definition of surjectivity, this
implies that the system is (completely) controllable if and only if R(L¢s) = X.
We will assume that X =R", as is common for linear systems.

49



CHAPTER 6. CONTROLLABILITY/OBSERVABILITY: CONTINUOUS
LTV SYSTEMS

6.1.2 Controllability Grammian
The adjoint of the controllability map is the map L, : X — U that satisfies
(z, Lo(u)x = (L), uhy,

where we let X = R™ and U = Lo([to,t1],R™). To obtain a closed-form expres-
sion for the adjoint of the controllability map, £f,, we can look more closely at
the expression on the left-hand side of the definition of the adjoint:

(x,Lo(u))x =2 Lo(u)

- a:T( ft 0“ ¢(t1,7)3(7)u(7)d7)

= [ttl T p(t, 7)B(T)u(r)dr

0

) ftotl (B*(T)(b* (t1, T)a:)*u(T)dT
= <B*(.)¢*(t1,')w,u>u

Comparing this expression to the right-hand side of the definition of the adjoint,
we can conclude that the adjoint L, is defined such that

Lo(x) = B ()¢ (tr, ).

We define the controllability grammian as the function We(tg,t1]: X = X,
where we assume X = R"”, such that

Welto. )= Lol = [ 600, 7)B()B (1)6" (b, T)dr

From the fundamental theorem of linear algebra, R(L¢c) = R(LcLy). There-
fore, the system is (completely) controllable on [tg,t1] if and only if

R(Welto,t1]) = R(LeLE) = R(Le) = X = R™

Notice that the controllability grammian is always positive semidefinite. There-
fore, its range is equal to R™ if and only if it is positive definite. We can then
say that the system is (completely) controllable on [tg,#;] if and only if the
controllability grammian, We([to,t1], is positive definite.

6.1.3 Controllable Subspaces

The controllable subspace is the region in the state space that can be reached
from some initial condition. If the system is controllable, then the controllable
subspace is the entire state space (usually R").

Previously, we said that for a continuous LTV system with initial state xg at
time tg, we can express the state of the system at time ¢; as

Q’J(tl) = ¢(t1,t0)330 + ﬁc(u),
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where L¢ is the controllability map defined in Section [6.1.1} This tells us that
the set of states that are reachable from the initial point xq is

(;S(tl, to)mo + R(,Cc)

We call this set the reachable/controllable subspace. A state a7 is thus reachable
at time t; from the initial state &g at time t¢ if and only

(%1 - 6(tr,to)@o) € R(Le).

Note that if the system is controllable, then the range of the controllability map
is the entire state space and every vector x; is reachable.

6.1.4 Computing the Optimal Control

Suppose we want to find the best input sequence that allows us to move the
state of our system from the state &g at time ¢y to the state 1 at time t;. As
shown in the previous section, if 1 is in the controllable subspace, then there
exists a solution u € U to the linear equation 1 = ¢(t1,t0)xo + Lo (u).

Based on our definition of controllability, if the system is controllable on the
time interval [tg, 1], then the controllability map L¢ is surjective and R(L¢) =
X =R"™. This means that if the system is controllable, then x; is always in the
controllable subspace, so there is always a solution to the linear equation. From
linear matrix equations, the minimum norm solution is given by

w=LE(LALE) ™ (1= ¢t t0) o )-

If the system is not controllable on the time onterval [¢o,%;], then the map Lo
is not surjective and R(L¢) c¢ X = R". If x4 is still in the controllable subspace,
then the minimum norm solution is now given by

u= ,C*C(,CCEE)T(wl — o(t1, to)aco).

If 1 is not in the controllable subspace, then there is no input u € i that can
steer the system from the initial state &g to x1. Instead, we can choose a control
that steers the system from xg to a state &y, which is the closest state to xq
within the controllable subspace. Now the minimum norm solution is

0= LE(Lely) (#(t) - ot to)wo ).

6.2 Observability of Continuous LTV Systems

Informally, a control system is considered observable if its initial state can be
uniquely determined by observing its inputs and outputs. We will define ob-
servability more formally for continuous linear time-varying (LTV) systems.
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6.2.1 Observability Map

A dynamical system D = (U, X,Y,s,r) is (completely) observable on the time
interval [to,¢1] if and only if for all input functions v € U and for all output
functions y € Y, the initial state g := x(tp) can be uniquely determined. Equiv-
alently, D is (completely) observable on [to,?1] if and only if for all outputs
y € )V, the response function p(t1, %o, o, u) is injective. Recall that for a linear
time-varying (LTV) system, the response function is given by

p(t, to, 2o, u) = C(t)b(tr, to)zo + ft " )bt TV B(FYu(r)dr + D(t)ut).

0

If we define the observability map as the function Lo : X — ) such that

Lo(xo) = C()9(- to)xo,

then we can express the response function as

p(t1,to, @o,u) = Lo(xg) + [tl C(t1)p(t1, 7)B(T)u(r)dr + D(t1)u(ty).

to

Therefore, the system is (completely) observable if and only if the observability
map, Lo, is an injective function. Based on our definition of injectivity, this
implies that the system is (completely) observable if and only if N(Lo) = {0, }.

6.2.2 Observability Grammian
The adjoint of the observability map Lo is the map L£f, : YV — X that satisfies

(¥, Lo(xo))y = (L5 () To) x,

where we let X =R"™ and Y = Lo ([to, t1],R™). To obtain a closed-form expres-
sion for the adjoint of the observability map, Lf,, we can look more closely at
the expression on the left-hand side of the definition of the adjoint:

(y,Lo(xo))y = ftotl y* (7)Lo(mo)dr
- [totl y’f(T)(O(T)(;ﬁ(T7 to)l‘o)dT
:/:1(d’*(r,to)C’*(T)y(r))*xodT

- ( [l mc*(r)y(r)dr) %o

- (( [lee tO)C*(T)y(T)dT),l'o)

X
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Comparing this expression to the right-hand side of the definition of the adjoint,
we can conclude that L£f, is defined such that

Lo = [ 6 (O (.

We define the observability grammian as the function Wo[tg,t1]: X - X,
where we assume X = R", such that

Wolto,t1]= £oLo= [ 6" (r,10)C" (O to)dr.

From the fundamental theorem of linear algebra, N(Lo) = N(L;Lo). There-
fore, the system is (completely) observable on [to, ;] if and only if

N(Wolto,t1]) = N(LHLo) = N(Lo) = {0,}.

By the rank-nullity theorem, this implies that the system is (completely) ob-
servable on [tg,1] if and only if R(Wo[to,t1]) = X = R™. The observability
grammian is always positive semidefinite, so its range is equal to R™ if and only
if it is positive definite. Therefore, the system is (completely) observable on
[to,t1] if and only if the observability grammian, Wo[to,t1 ], is positive definite.

6.2.3 Observable Subspaces

The observable subspace is the region in the state space for which initial
conditions in this space can be uniquely determined by observing the inputs
and outputs of the system over time. If the system is observable, then the
observable subspace is the entire state space (usually R™).

Previously, we said that for a continuous LTV system with initial state x¢ at
time tg, we can express the output of the system at time ¢ as

y(t) = Lo(xo) + f(u,t), where

flu,t) = ./; C(t)o(t, 7)B(T)u(r)dr + D(t)u(t).

If (xo-Zo) € N(Ly), then Lo(xg) = Lo(Zo), so the initial conditions xg and Tg
are not distinguishable for a given input v € &/ and output y € Y. Furthermore,
if &g € N(Ly), then the initial condition xg is not distinguishable from the
zero vector 0, and thus cannot be uniquely determined for the given input and
output functions. For this reason, we call N(Lg) the unobservable subspace.
The observable subspace is then defined as X \ N(Ly).

6.2.4 Determining the Initial State

Suppose we want to determine the initial state of our system after observing
a series of outputs resulting from known inputs. To do so, recall that in the
previous section, we express the output of our system as

y(t) = Lo(xo) + f(u,t).
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Because the observability map is a linear function, a solution to the above
equation exists if and only if y(¢) — f(u,t) is an element of the range space of
Lo. This solution is unique if and only if the map Lo is injective.

Based on our definition of observability, if the system is (completely) observable
on the time interval [tg,¢], then the map Lo is injective and N(Lop) ={0,,}. In
the case that the observability map is injective, the initial state xg can always
be uniquely determined by computing the solution to the linear equation:

@0 = (L5L0) ' L5(y(®) - f(u,)).

If the system is not (completely) observable on [#g,t], then the map Lo is not
injective and the initial state cannot be uniquely determined. We can define the
best approximate of the initial state as the following optimal solution:

B0 = (L5L0) L5 (y(t) - F(u,1)).
Now suppose that the output of our system is described by
y(t) = Lo(zo) + f(u,t) +2(t),

where z(t) is some unknown error or measurement noise. In this case, we
may find that y(¢) — f(u,t) is not in the range space of Lo. In this case, let
9(t) = Lo(&o) + f(u,t). We aim to find the solution &g such that §(t) — f(u,t)
is as close to y(t) — f(u,t) as possible. Assuming the system is (completely)
observable, the least squares solution is given by

o = (L5L0) ™ L (u(t) - f(u,1)),

If the system is not (completely) observable, then the map Lo is not injective
and the initial condition cannot be uniquely determined. The "best" solution is

B0 = (L5L0) L5 (y(t) - f(ut)).

6.3 Time Intervals

We have defined the controllability and observability of a system for an arbitrary
time interval [tg,?;]. If we know the system is controllable on this time interval,
we can also consider whether it is controllable on other time intervals. Similarly,
if we know the system is observable on this time interval, we can also consider
whether it is observable on other time intervals.

Proposition: If an LTV system is controllable on the time interval ¢y, ¢; ], then
it is controllable on any interval [t(,t]], such that t < tg < t1 < t].

Proof: To show that this is true, we can start by expressing the controllability
grammian over the interval [¢(,t]] as

ta
Weltp:til= [ 6.1 B()B* (76" (8, 7)dr.
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We can break this integral into three integrals over three distinct time intervals:

to
Welty.ti1= [ 6(t.7)B(r)B* (7)s" (¢, 7)dr

0

o [T ot BB ()6 (s

. ft ltl 6, 7)B(F) B ()" (£, 7)dr.

Recall from Section that the state transition matrix satisfies the following:
d)(tg,to) = ¢(t2,t1)¢(f1,to) for all tg,t1,t2 € R, such that tg < t; < t5. This
property allows us to express the controllability grammian as

to
WC[téatll]:\/’; ¢(t/17t0)¢(t03T)B(T)B*(T)Qb*(t()vT)(b*(tllat())d’r

0

+Ltl ¢5(t'1,t1)¢(t1,T)B(T)B*(T)(b*(tl’T)¢*(t;7t1)dT

N ft 1“ 6(t,, 7)B(r)B* (1)6" (£, 7)dr.

Pulling out the state transition matrices that do not depend on the variable of
integration (7) from the integrals, we express the controllability grammian as

Welto, th] = ¢(t’17t0)([t,to #(to, T)B(T)B*(T)W(to,T)dT)W(t’p to)
+¢(t’1’t1)(ft:1 <Z>(t17T)B(T)B*(T)q5*(t1,T)dT)qﬁ*(t'l,tl)

t’
+ [ o BB (6" (#,7)dr.
ty
From the definition of the controllability grammian, we can express this as

Welty, th] = o(t]. to)Welts, to]e™ (11, to)+o(t), t1) We lto, t1]e" (17, t1)+We [t 1 ].

We know that, in general, the controllability grammian is positive semidefinite,
so Welth, tol, Welto, t1], and We[t1,¢]] are all PSD. Furthermore, because the
system is controllable on [tg,t1], we know that W [tg, 1] is positive definite.

Another important property of the state transition matrix from Section [3.1.3|
is that it is always invertible. This means that the first term of our expression
for Wet,t1] is a congruence transformation of a PSD matrix, which is a PSD
matrix. Similarly, the second term of our expression for We[t(,t]] is a congru-
ence transformation of a PD matrix, which is a PD matrix. The third term is
simply a PSD matrix. The sum of a PD matrix and two PSD matrices is a PD
matrix. This then implies that the controllability grammian, We([t(, 1], is PD.
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As we said previously, this implies that the system is (completely) controllable
over the time interval [¢(,t]]. Therefore, we have shown that if an LTV system
is (completely) controllable on the time interval [to,¢1], then it is completely
controllable on any interval [t(,¢]] such that ¢[ <to <ty <t].

Note that the same system that is controllable on [to,#1] is not necessarily
controllable on any time interval [t(,t]] if [to,?1] is not a subset of [¢(,t]].

Proposition: If an LTV system is observable on the time interval [¢,t1], then
it is observable on any interval [t(,t]], such that t{ < ¢y < t; <¢]. The proof of
this fact is very similar to the one given for the controllability case.
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Chapter 7

Controllability /Observability:
Continuous LTI Systems

7.1 Controllability of LTI Systems

Consider a continuous linear time-invariant (LTI) system described by
z(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)
l‘(to) =9
where z(t) € R, u(t) e R™, and y(¢) € R™. Assume that A e R™" B eR™™

C e R™*™ and D € R™*™. We will discuss methods for determining whether
this system is (completely) controllable on an arbitrary time interval.

7.1.1 Controllability Grammian

Previously we said that a continuous linear system is controllable if and only if
the controllability grammian is positive definite (or full rank). Recall that our
definition of the controllability grammian for a continuous linear system is

Welto, t1] = LoLe = /;tl o(t1,7)B(1)B*(7)9" (t1,7)dT.

0

For LTI systems, B(7) is simply a matrix that is independent of time, and the
state transition function is a matrix defined such that

Bt tg) = eA(10),

We further assume that our system is in real space, so the controllability gram-
mian for continuous LTI systems can then be expressed as

t
Welto, 1] = f ' AT BT AT (17 g

to
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While we can determine the controllability of our system using this matrix in
same way we would for a time-varying system, we have two tests for determining
the controllability of continuous LTI systems that do not require us to compute
the controllability map or controllability grammian. I refer to these two tests
as the controllability matrixz rank test and the PBH test for controllability.

7.1.2 Controllability Matrix Rank Test
Let’s start by defining the controllability matrix @ € R"*"" such that
Q=[B AB - A"'B].

Theorem: The controllability matrix rank test says that the given LTI system
is (completely) controllable on the interval [¢o,¢1] if and only if rank(Q) = n.

Proof (If): We will first show that if the controllability matrix has a rank of
n, then the system is completely controllable. Let’s suppose that the rank of
the controllability matrix is equal to n but that the system is not controllable.
If the system is not completely controllable on [tg, 1], We[to, t1] is not positive
definite, which implies that there exists a non-zero vector v € R™ such that

t
v Welto,t1]v =v" ([ ' eA(“_T)BBTeAT(tl_T)dT) v=0.

to

We can equivalently write this equality as
t1 A
/ [T eAt =) B|2dr = 0.
to

Because the vector norm is always non-negative and only equal to zero for the
zero vector, this equality implies that vTeAt-TB = 0, for times 7 € [to,t1].
Evaluating the left-hand side of this expression at 7 = t1, we see

vTeA(tl—tl)B = 'UTB = OnL

If we differentiate the left-hand side of the previous expression with respect to
T, negate it, and evaluate it at 7 = ¢, then we find that

vl AeAt B =T AB = 0,,.
Continuing to differentiate and evaluate the expression at 7 = ¢1, we find that
vIB=v"AB=--=v"A"'B=0,,.
We can rewrite all of these equalities as a single matrix-vector equation:
v'[B AB - A"'B|=0,,.
Using our definition of the controllability matrix, we can write this as

UTQ = Onn, .
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This means that the non-zero vector v is in the left null space of Q, which

implies that the non-zero vector v is in the null space of Q7. However, if
the rank of Q is n, then its range space is R™. By the fundamental theorem
of linear algebra, the range space of Q and null space of Q7 are orthogonal
spaces, so the null space of @7 must be {0,,}. Our assumption that the system
is not controllable then contradicts the fact that rank(Q) = n. Therefore, if
rank(Q) = n, then the given LTI system is controllable on the interval [tg,t;].

Proof (Only If): Now we will show the reverse direction: if the system is

controllable on the interval [tg,¢1], then the rank of the controllability matrix
is n. Suppose that the system is controllable on [tg,t1] but rank(Q) < n.

If the rank of @ is less than n, then by the fundamental theorem of linear
algebra, the nullity of Q7 is greater than 0. This implies there is a non-zero
vector v € R™ in the null space of QT, which means there is a non-zero vector
vT € R™ in the left null space of Q. We can express this conclusion as

v"Q =0,
Plugging in our definition for the controllability matrix, we have
v'[B AB - A"!'B|=0,,,.
From this equation, we obtain the following set of n equalities:
v'B=v'AB=-=v"A""'B=0,,.

The matrix exponential is an analytic function (see my linear algebra notes for
more information) that can be expressed as a polynomial of the form

eA = AV a1 A+ anly, ar,-,a, €R.

From this expression, we can see that v7e4* B must be equal to zero. For this
particular non-zero vector v, we can then see that

t1
oTWelto o= [ oA BIRdr =0
to

Because there exists some non-zero vector v such that vTWg[tg,t;]v is not
strictly positive, W [to,t1] cannot be positive definite, which implies that the
system is not actually controllable. Therefore, if the system is completely con-
trollable, then the rank of the controllability matrix must be equal to n.

7.1.3 PBH Test for Controllability
Another useful test is the PBH (Popov-Belevitch-Hautus) controllability test.

Theorem: The PBH test for controllability says that an LTI system is (com-
pletely) controllable on the time interval [tg,¢1] if and only if

rank [sIn -A B] =n VseC.

Linear Systems | S. Pohland



CHAPTER 7. CONTROLLABILITY/OBSERVABILITY: CONTINUOUS
LTI SYSTEMS

This matrix can only lose rank for values of s on the spectrum of A, so we only
need to check values of s that are eigenvalues of A. Therefore, an LTI system
is (completely) controllable on any time interval if and only if

rank [sIn -A B] =n VseA(A).

Proof: To show the validity of this controllability test, recall that we just showed
that the LTI system is (completely) controllable on the interval [¢g,¢1] if and
only if rank(Q) = n. Therefore, to show that the LTI system is (completely)
controllable on the interval [tg,t;] if and only if the PBH test holds, we can
show that the PBH test holds if and only if rank(Q) = n.

Proof (If): Let’s first show that the PBH test holds if the controllability matrix
has rank n by assuming that rank(Q) = n but the PBH test does not hold. If
the PBH test does not hold, then there exists an eigenvalue \; € A(A) for which
the rank of the PBH matrix is less than n. By the fundamental theorem of
linear algebra, this means that for s = \;, there is a non-zero vector v € R" in
the null space of the adjoint of PBH matrix and a non-zero vector v” € R” in
the left null space of the the PBH matrix. We can express this as

v [ANIn-A B]=0,4y,,.
We can write this single equation as the following two equalities:
v’ (NI, -A)=0, and v'B=0,,.
From the first constraint, we can see that
vl A=\ \0T.
Right multiplying both sides of the equation above by B, we can see that
v AB=)\v"B=0,,.
Similarly, right multiplying both sides of the equation by AB, we can see that
v’ A’B =) \vTAB=0,,.
If we continue with this process, we will find that
v'B=v"AB=--=v"A"'B=0,,.
We can combine all of these equalities into the single matrix-vector equation:
v'[B AB - A"!'B]=0,,.
Now plugging in our definition for the controllability matrix we have

UTQ = Onn, .
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This implies that there is a non-zero vector v” in the left null space of Q, which
means rank(Q) < n. We have found a contradiction to our assumption that
rank(Q) = n. Therefore, if rank(Q) = n, then the PBH test holds.

Proof (Only If): Now we want to show that if the PBH test holds, then the
rank of the controllability matrix must be equal to n. To show this, let’s assume
the PBH test holds but the rank of the controllability matrix is less than n.

If rank(Q) < n, then R(Q) = span(B,AB,--, A" 'B) is a strict subset of
R™. This then implies that there is a non-empty subspace V c R™ such that
R(Q)oV =R". If y € R(Q), then it can be expressed as a linear combination
of the columns of B, AB,---, A" 'B. This implies that Ay can be expressed
as a linear combination of the columns of AB, A%?B, -, A" B. By the Cayley
Hamilton theorem (discussed in my linear algebra notes), this is equivalent to
saying that Ay can be expressed as a linear combination of the columns of
B,AB, -, A" !B, which means Ay € R(Q). Because y € R(Q) implies that
Ay € R(Q), R(Q) is an A-invariant subspace. By the second representation
theorem (see linear algebra notes), there exists a representation of A of the form

i [An Aw
A= =7
[ 0 A22:|

If y € R(Q), then it can be expressed as a linear combination of the columns
of B,AB,--,A"'B. This implies y € R(B), which means R(B) c R(Q).
Because R(B) c R(Q), there also exists a representation of B of the form

- [B,

B-= .
Because we can represent A and B in this way, there exists an invertible matrix
T ¢ R™" such that A = TAT! and B = TB. This allows us to write

- = T! 0
_ -1 _
[sIn-A B]=[sI,-TAT' TB|=T[sI,-A B] [ 0 Ini:| :
Now we can see that the leftmost matrix the one used in the PBH controllability
test are similar matrices, which implies that they have the same rank. Now let’s
look more closely at this matrix to determine its rank:

[sI,-A B]-

sI - Ay ~Ap, B,
0 sI - A22 0

This matrix clearly loses rank for s € )\(AQQ), which implies that its rank is less
than n. This means that under our assumption that rank(Q) < n, the PBH test
does not hold. Therefore, if the PBH test holds, then rank(Q) = n.
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7.1.4 Stabilizable Systems

Consider the LTI system given previously. This system is said to be stabilizable
if all of its uncontrollable modes (refer to Section are stable. This is
equivalent to saying that the system is stabilizable if all of its unstable modes
are controllable. To check if the given LTI system is stabilizable, we have a
modified PBH test, which says that the system is stabilizable if and only if

rank [sI, - A B]=nVseA(A)nC,.

7.1.5 Controllable Subspaces

Recall that the controllable subspace is the region in the state space that can
be reached from some initial condition. If the system is controllable, then the
controllable subspace is the entire state space (usually R™). In Section we
showed that the controllable subspace for a continuous LTV system is

d(t1,t0)xo + R(Lc).
Furthermore, a state @, is reachable at time ¢; from initial state xq if and only
(21 - 6(t1,t0)mo ) € R(Lc).

For a continuous LTI system with initial state & at time tg, the state transition
function is given by ¢(t1,t9) = eA17%) 50 the controllable subspace is

At g0 + R(Le).
Furthermore, a state x; is reachable at time ¢; if and only
(.’131 - €A(tlit0)$0) € R(ﬁc)

The range of the controllability map is the same as the range of the controlla-
bility matrix, @, given in Section [7.1.2] Therefore, for LTI systems the reach-
able/controllable subspace can equivalently be expressed as

eA(tl_tO):cg +R(Q).

Furthermore, there exists an input u € Y that steers the system from the initial
state xg at time g to the state &1 at time ¢; if and only if

(wl - eA(tl_t")a:o) e R(Q).

Note that if the system is controllable, then the range of the controllability
matrix is the entire state space and every vector x; is reachable.
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7.1.6 Computing the Optimal Control

Suppose we want to find the best input sequence that allows us to move the
state of our system from the state g at time ¢y to the state x1 at time ¢;.
As shown in the previous section, if x; is in the controllable subspace, there
exists a solution u € U to the linear equation x4 = eA*17%) 4 £ (u). To find the
optimal solution, we can follow the same approach discussed in Section [6.1.4

7.2 Observability of LTI Systems

Consider a continuous linear time-invariant (LTI) system described by

z(t) = Az(t) + Bu(t)
y(t) = Cx(t) + Du(t)
z(to) = @o
where z(t) € R™, u(t) e R™, and y(t) e R™. Assume that A € R™*" B eR™"™,

C e R"™* and D e R™*™ . We will discuss methods for determining whether
this system is (completely) observable on an arbitrary time interval.

7.2.1 Observability Grammian

Previously we said that a continuous linear system is observable if and only if
the observability grammian is positive definite (or full rank). Recall that our
definition of the observability grammian for a continuous linear system is

Wolto 1] =£5Lo = [ 67 (rt0)C*(C(6(r to)dr

For LTI systems, C'(7) is simply a matrix that is independent of time, and the
state transition function is a matrix defined such that

(t, to) = eAt10),

We further assume that our system is in real space, so the observability gram-
mian for continuous LTI systems can then be expressed as

Wolto,t1] = f AT OT CeAW ) g
to

While we can determine the observability of our system using this matrix in same

way we would for a time-varying system, we have two tests for determining the

observability of continuous LTT systems that do not require us to compute the

observability map or observability grammian. I refer to these two tests as the

observability matriz rank test and the PBH test for observability.
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7.2.2 Observability Matrix Rank Test
Let’s start by defining the observability matrix O € R™"**" such that

(&
O - C.A

CAn—l

Theorem: The observability matrix rank test says that the given LTI system
is (completely) observable on the interval [to,t1] if and only if rank(O) = n.

Proof: The proof that this statement holds is very similar to the one given
for the controllability matrix rank test (Section [7.1.2)). We can follow the same
steps in this proof using the matrices (A7, C7T) instead of (A, B).

7.2.3 PBH Test for Observability

Theorem: The PBH test for observability says that an LTT system is (com-
pletely) observable on the time interval [to,1] if and only if

sI,, —

rank [ C

A:|:n VseC.

This matrix can only lose rank for values of s on the spectrum of A, so we only
need to check values of s that are eigenvalues of A. Therefore, an LTI system
is (completely) observable on any time interval if and only if

rank |:$I"C_ A] =n VseA(A).

Proof: To prove the validity of the PBH test for observability, we can follow
the same steps in the proof given for the PBH test for controllability (Section
7.1.3) using the matrices (AT, CT) instead of (A, B).

7.2.4 Detectable Systems

Consider the LTT system given previously. This system is said to be detectable
if all of its unobservable modes (refer to Section are stable. This is
equivalent to saying that the system is detectable if all of its unstable modes are
observable. To check if the given LTI system is detectable, we have a modified
PBH test, which says that the system is detectable if and only if

rank [SI"C_ A] =nVseA(A)nC,
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7.2.5 Observable Subspaces

Recall that the observable subspace is the region in the state space for which
initial conditions in this space can be uniquely determined by observing the
inputs and outputs of the system over time. If the system is observable, then the
observable subspace is the entire state space (usually R™). In Section we
showed that the observable subspace for a continuous LTV system is X \ N (Ly).

For an LTI system, N(Lp) = N(O), where O is the observability matrix defined
in Section Therefore, for LTI systems, we call the null space N(O) the
unobservable subspace and X \ N(O) the observable subspace.

7.2.6 Determining the Initial Condition

Suppose we want to determine the initial state of our system after observing a
series of outputs resulting from known inputs. To do so, we can follow the same
approach discussed for LTV systems in Section

7.3 Canonical Forms

Consider a continuous linear time-invariant (LTI) system described by
&(t) = Az(t) + bu(t)
y(t) = cTx(t) + du(t)

l’(to) =X9

where z(t) e R", u(t) e R, and y(t) € R. Assume A e R™™ beR" ceR"”, and
d € R. Consider the state transformation Z(t) = Tx(t), where T is an invertible
matrix. We can express an equivalent system (recall Section [1.5.2)) as

Z(t) = Az (t) + bu(t)

y(t) = a(t) +du(t)

fi’(to) = TZIJO
where A = TAT?, b= Tb, ¢ = "T', and d = d. We can select the trans-

formation matrix, T', to place the system into either controllable or observable
canonical form (assuming the system is controllable and observable).

Recall from Section [4.3] that the transfer function of this system is defined as
H(s) =& (sIp-A)'b+d=c"(sI,- A)7'b+d.
Suppose that the transfer function has the form

blsn_l ++by_15+0by,

H(s) = — P .
s+ a1V 4+ A 1S+ an

for some real coefficients aq,as, -+, a,, and by, bo, -+, by,.
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7.3.1 Controllable Canonical Form

Suppose there exists an invertible transformation matrix 7' € R™*"™ such that

0 1 0 - 0 0
0 0 1 - 0 ) 0
A=TAT'=| : : : i, b=Tb=|:],
0 0 0 - 1 0
—Qp  —Op_1 —Qp_ - =01 1

e =c"T " =[by byt bpz bi], d=d.

We say that the system defined by these matrices is in controllable canonical
form. To find the transformation matrix, let T' be defined such that

T =t ta — to].
Now notice that we should choose the columns of 77! in the following way:

ti = b fori=n
‘e At;q +an_;b fOr’L':n—]_7...7]_'

Theorem: A continuous LTI single-input single-output (SISO) system can be
expressed in controllable canonical form if and only if it is controllable.

Proof: We already showed how to find the inverse of the transformation matrix.
Now we need to show that this matrix is invertible if and only if the system is
controllable. To do so, notice that we can express the columns of T ! as

t,=b
th-1= Ab + alb
tn_g = A2b + alAb + agb

t1 = Anilb + alAnﬁZ + et an_QAb + an_lb

Now notice we can express the inverse of the desired transformation matrix as

Gp-1 Qp-2 - ap 1
Ap—2 S 100
T'=b AB - A"l : a ~ 0
1 0 - 0 0

The matrix T is invertible if and only if its determinant is not equal to zero,
which is true if and only if the determinant of the two matrix factors are non-
zero (i.e., both matrices have full rank). The first matrix is the controllability
matrix defined in Section which has full rank if any only if the system is
controllable. The second matrix has n linearly independent rows/columns re-
gardless of the coefficients aq, as, -+, a,, so it necessarily has full rank. Therefore,
T~ is invertible if and only if the system is controllable.
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7.3.2 Observable Canonical Form

Suppose there exists an invertible transformation matrix 7' € R™*"™ such that

00 - 0 -a, bn
_ 1 0 - 0 —Unp-1 bn—l
A=TAT'=|0 1 0 —ano|, b=Tb=|b,_5],
0O 0 - 1 —a1 bl
&=c"r'=[0 0 0 1], d=d

We say that the system defined by these matrices is in observable canonical
form. To find the transformation matrix, let T" be defined such that

i
T := ts
ty

Now notice that we should choose the rows of T in the following way:

T .
c fori=n
tf:{

tiT,rlA+a,H-cT fori=n-1,--,1

Theorem: A continuous LTI single-input single-output (SISO) system can be
expressed in observable canonical form if and only if it is observable.

The proof of this theorem is very similar to the one shown in the previous section
for the controllable canonical form, so I will not include it here.

7.4 Kalman Decomposition

A Kalman decomposition provides a mathematical way to convert a repre-
sentation of any continuous LTI system to a form that indicates the controllable
and observable components of the system. Once the system is expressed in this
form, we can easily infer the system’s reachable and observable subspaces.

Recall from Section that for a continuous LTI system with initial state
o at time tg, the controllable subspace is R(Q) + eAtti=to) g where Q is the
controllability matrix defined in Section[7.1.2] If we assume that the initial state
is the zero vector, then the controllable subspace is simply R(Q). Let V7 be the
uncontrollable subspace defined such that R(Q) @ Vi = R™.
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In Section we said that the unobservable subspace is defined by N(O),
where O is the observability matrix defined in Section Let V5 be the
observable subspace defined such that N(O) & V, = R™.

With these definitions, we can define the following four subspaces:
1. Yoo = R(Q) NV, — Set of states that are controllable and observable
2. Y5:= R(Q)NN(O) — Set of states that are controllable and unobservable
3. Yz = VinVy — Set of states that are uncontrollable and observable
4. ¥z :=VinN(O) — Set of states that are uncontrollable and unobservable

Notice that we can represent the controllable and uncontrollable subspaces as
R(Q)=2,®%X:; and V=Yg & Xs.

Similarly, we can represent the unobservable and observable subspaces as
N(O)=X;0%:; and Vo=3.,® Y.

Recall that we chose V; and V5 such that R(Q)®V; = R™ and N(O) &V, =R™.
Therefore, the entire n-dimensional Euclidean space can also be expressed as

RY"=3.,0®Y® Yz ® Xzs.

If we define T,, as the matrix representation of the subspace X.,, T.; as the
matrix representation of the subspace Y5, Tz, as the matrix representation of
the subspace ¥;,, and Tz; as the matrix representation of the subspace Yz5,
then we can define the invertible matrix T € R™" such that

T =[Teo Tes Teo Tesl.
Using this transformation matrix, we can define a new set of matrices:
A=TAT', B=TB, C=CT', D=D.

The transformed system defined by the matrices A, B, C, and D has the form:

A1 0 Az O B,

i |A21 Azz Az Ay 5 | B2
A= 0 0 Agzz 0o B = 0
0 0 Ayz Aygy 0

C=[Cc1 0 C; 0], D=D.

This is the Kalman decomposition of the given continuous LTI system.
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Chapter 8

Controllability /Observability:
Discrete LTV Systems

8.1 Controllability of Discrete LTV Systems

Consider the discrete linear time-varying (LTV) system described by

Tps1 = Ay, + Brug
Y = Crzp + Diug

where @ € R”, ug € R™, yp € R™, Ap € R™", By € R Cf € R,
and Dy € R™*™ We will determine the conditions under which this system is
(completely) controllable on a discrete time interval.

8.1.1 Controllability Condition

For discrete time systems, we are interested in whether the system is controllable
on a finite time interval [0, N]. We want to know whether there exists a set of
N inputs, ug, w1, -, un-1 such that system can reach any state xpn from an
arbitrary initial state xg. At discrete time NN, the state of the system is

N-1 N-1 N-1
N = H Ai$0+ Z H AJBzuz
=0 i=0 j=i+1

We can rewrite the sum of products using the n x Nn; matrix defined as
QN =[Bn-1 An-1Bn-2 An-1AN-2Bn-z .. An-1+-AoBo].

With this definition, we can express the state of the system at time IV as

UN-1
N-1 UN-_2
N = H Aimo + QN . .
i=0 '
Uo
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In order for this system to be controllable, the matrix Qn must be able to
map the sequence of inputs to any vector in the state space, R™. Therefore, the
system is controllable if and only if the rank of this matrix is equal to n.

8.1.2 Controllable Subspaces

In the previous section, we showed that for a discrete LTV system with initial
state xg at discrete time 0, we can express the state of the system at time N as

UN-1
N-1 UN—
zn =[] Aizo+Qn| . 7|, where
0 :
i o
QN = [BN—l An_1Bn-2 ANn-1AN-2Bn_3 .. AN—l“'AOBO]-

This tells us that the set of states reachable from the initial point x¢ is

N-1
[ Aizo + R(QnN).
i=0

Furthermore, a state v is reachable at discrete time N if and only if

N-1
(CL'N - 11 Ail‘o) € R(QN).
i=0

Recall that the system is controllable if and only if the range of Qv is the entire
state space, R™. If this is the case, every state v is reachable in N time steps.

8.1.3 Computing the Optimal Control

Suppose we want to find the best input sequence that allows us to move the
state of our system from the state x¢ at discrete time 0 to the state xpn at
discrete time N. As shown in the previous section, if @7 is in the controllable
subspace, then there exists a solution u € U to the linear equation for x .

We showed that if the system is controllable on the time interval [0, N], then
the matrix Qn has full row rank and R(Qn) = X = R". This means that if the
system is controllable, then @ is always in the controllable subspace, so there
is always a solution to the linear equation. From linear matrix equations, the
minimum norm solution is given by

N-1
2= QR (@ Q)" (an ~ T] Aizo).
i=0

If the system is not controllable on the time onterval [O, N], then the map
QnN does not have full row rank and R(Qn) c X = R™. If & is still in the
controllable subspace, then the minimum norm solution is now given by

N-1
u=QN(QNQRN)" (ﬂfN - 11 Aimo) :
i=0
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If xn is not in the controllable subspace, then there is no input w € U that
can steer the system from the initial state ¢ to xn. Instead, we can choose a
control that steers the system from xqg to a state &, which is the closest state
to & within the controllable subspace. Now the minimum norm solution is

N-1
u=QN(QNQR)! (a:N -T1 Aimo).
i=0

8.2 Obseravability of Discrete LTV Systems
Consider the discrete linear time-varying (LTV) system described by

Tpe1 = Az + Brug
Yi = Crxr + Dyug

where xp € R", ug € R™, yp € R", A € R™", B € R C} € R"*",
and Dy € R™*™ . We will determine the conditions under which this system is
(completely) observable on a discrete time interval.

8.2.1 Observability Condition

For discrete time systems, we are interested in whether the system is observable
on a finite time interval [0, N —1]. We want to know whether the initial state of
the system can be uniquely determined by observing its inputs (ug, @1, -, Un-1)
and outputs (Yo, Y1, +, Yn-1) over time. Recall that we can express the output
of the system at time step k as

k=1 k-1 k=1

Y = Ck H A,;.’I)O + Z Ck H AJB,L'U,,L + Dkuk.
i=0

i=0 j=i+l

We can then express all of the outputs on the time interval [0, N - 1] as

Yo Uo
y:1 =Onxo + Fn u:1 , where
y]\'l—l UZ\.T—l
Co

On = CI:AO and
CN—lA(;“‘AN—Z

Dy 0

Fn := Cl.BO D.l )
CN—lAO':'AN—2BO CN—2A1‘:‘AN—2Bl - D2

In order to uniquely determine the initial state, g, from the known inputs
and outputs, the null space of On must be trivial. Therefore, the system is
observable if and only if the rank of Oy is equal to n.
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8.2.2 Observable Subspaces

In the previous section, we showed that for a discrete LTV system with initial
condition &g, we can express all the outputs on the time interval [0, N - 1] as

Yo Ug

1 a1
y. = ONwo + FN .
YN-1 UN-1

If (xo - To) € N(On), then Onzo = ONTo, so the initial conditions g and
o are not distinguishable for a set of inputs ug,w1,--,un-1 and set of out-
puts Yo, Y1, -, Yn-1. Furthermore, if xg € N(Opn), then the initial condition
is not distinguishable from the zero vector 0,, and thus cannot be uniquely de-
termined. For this reason, this space is considered the unobservable subspace.
The observable subspace is then R" \ N(Op).

8.2.3 Determining the Initial Condition

Suppose we want to determine the initial state of our system after observing a
series of outputs resulting from known inputs. For convenience, we will define
the following vectors composed of the known inputs and observed outputs:

Yo Uo
Yn = y:1 and Upy := u_l
YN-1 UN-1

Now we have the following linear matrix equation:
YN = ON:BO + FNUN

A solution to this equation exists if and only if Yy — FNUn € R(On ). Further-
more, this solution is unique if and only if Opn has full column rank. In Section
[8.2.1] we said that if the system is observable, then it has full column rank (i.e.,
rank n). Therefore, if the system is observable, the initial condition can always
be uniquely determined by computing the following solution:

o = (O%ON)_:LO%(YN - FNUN)

If the system is not (completely) observable, then the matrix O does not have
full column rank and the initial state cannot be uniquely determined. We can
define the best approximate of the initial state as the following optimal solution:

&0 = (ONON) O (Yn - FNUN).
Now suppose that the output of our system is described by

YN=0N£L'0+FNUN+Z,
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where z is some unknown error or measurement noise. In this case, we may
find that Yy — FnUp is not in the range space of Opn. In this case, let YN =
On#o+FnUpn. We aim to find the solution ¢ such that Ya—FnUl is as close
to Yy — FNUnN as possible. Assuming the system is (completely) observable,
the least squares solution is given by

&0 = (0XON) "' O% (Y~ - FnUn).
If the system is not (completely) observable, then the matrix O does not have

full column rank and the initial condition cannot be uniquely determined. The
"best" solution in this case is given by

&0 = (OKNON) O (Yn - FNUN).

Linear Systems | S. Pohland



Chapter 9

Controllability /Observability:
Discrete LTI Systems

9.1 Controllability of Discrete LTI Systems

Consider the discrete linear time-invariant (LTT) system described by

LT+l = A(Ek + B’U,k
Yk = CiL’k + Duk
where xg € R”, ug € R™, yp € R™, A e R™" B e R C ¢ R"*", and

D e R™*™_ We will determine the conditions under which this system is (com-
pletely) controllable on a discrete time interval.

9.1.1 Controllability Condition

Again, for discrete time systems, we are interested in whether the system is
controllable on a finite time interval [0, N], meaning that there exists a set of
N inputs, ug,u1, -, un-1 such that system can reach any state xpn from an
arbitrary initial state xg. At discrete time N, the state of the system is

N-1
xn = ANz + Z AN By,
i=0
We can rewrite the sum of products using the n x Nn; matrix defined as
Qn=[B AB .. AM'B].
With this definition, we can express the state of the system at time N as
UN-1
_ AN UN-2
N = A g + QN . .

Uo
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In order for this system to be controllable, the matrix Qn must be able to
map the sequence of inputs to any vector in the state space, R™. Therefore, the
system is controllable if and only if the rank of this matrix is equal to n.

9.1.2 Controllable Subspaces

In the previous section, we showed that for a discrete LTI system with initial
state xg at discrete time 0, we can express the state of the system at time N as

UN-1
N =AVzo+Qn uz\:r_z , where
Uo
Qn:=[B AB .. AV'B].

This tells us that the set of states reachable from the initial point xq is
ANz + R(QnN).
Furthermore, a state v is reachable at discrete time N if and only if
(zn - AVzo) e R(QN).
Recall that the system is controllable if and only if the range of Qv is the entire

state space, R™. If this is the case, every state x v is reachable in N time steps.

9.1.3 Computing the Optimal Control

Suppose we want to find the best input sequence that allows us to move the
state of our system from the state x¢ at discrete time 0 to the state xpn at
discrete time N. As shown in the previous section, if x is in the controllable
subspace, there exists a solution u € U to the linear equation for . To find the
optimal solution, we can follow the same approach discussed in Section [8.1.3

9.2 Observability of Discrete LTI Systems

Consider the discrete linear time-invariant (LTT) system described by

L1 = A:Uk + Buk
Y = C.’Bk, + Duk

where o € R", ug € R, yp € R%, A e R B e R C ¢ R™*" and

D e R™*™ . We will determine the conditions under which this system is (com-
pletely) observable on a discrete time interval.
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9.2.1 Observability Condition

Again, for discrete time systems, we are interested in whether the system is
observable on a finite time interval [0, N — 1], meaning that the initial state of
the system can be uniquely determined by observing its inputs (ug, w1, -, un-1)
and outputs (yo, Y1, ", Yyn-1) over time. For the time-invariant case, recall that
we can express the output of the system at time step k as

k-1 _
yr = CAFzq + Z CA* "' Bu; + Duy,.
i=0

We can then express all of the outputs on the time interval [0, N - 1] as
Yo (& D 0 UN-1
Y1 CA CB D UN-2

. = o+ . . . .

YN-1 CAN-1 CAN2B CAMB .. D]|| wuo

Now let Opn € RV™o*" be the first matrix in the equation above defined as

c
CA

ON = .
CAN-1
In order to uniquely determine the initial state, g, from the known inputs

and outputs, the null space of On must be trivial. Therefore, the system is
observable if and only if the rank of Oy is equal to n.

9.2.2 Observable Subspaces

The unobservable and observable subspaces for a discrete LTI system can be
found in the same way as in the time-varying case (Section [8.2.2)), but the On
matrix that should be used is the one defined in the previous section.

9.2.3 Determining the Initial Condition

Suppose we want to determine the initial state of our system after observing a
series of outputs resulting from known inputs. To do so, we can follow the same
approach discussed for discrete LTV systems in Section
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Chapter 10

State Feedback & Observers

10.1 Full State Feedback

It is common to use state feedback to design a controller for a linear system
that can drive the system to some desired state or set of states. State feedback
involves the use of the state vector to compute the control action. We refer to
controllers that use state feedback as closed-loop controllers and those that do
not receive feedback about the state as open-loop controllers.

Full state feedback (FSF), or pole placement, is a method employed to
place the closed-loop poles of the system in pre-determined locations in the
complex plane. Placing poles is desirable because the location of the poles cor-
responds directly to the eigenvalues of the system, which determine the char-
acteristics of the response of the system. The system must be controllable in
order to implement this method, which we will discuss how to do for both single-
input single-output (SISO) systems and multiple-input multiple-output
(MIMO) systems. While this method cannot be implemented for systems that
are not controllable, we will also discuss pole placement for stabilizable systems.

10.1.1 Feedback for Controllable SISO Systems

Consider a continuous linear time-invariant (LTI) system described by

z(t) = Ax(t) + bu(t)
y(t) = cTa(t) +du(t)

l’(to) =X9

where z(t) e R”, u(t) € R, and y(t) € R. Assume that A e R™"™ beR"”, ceR"”,
and d € R. To apply linear state feedback, we use an input function of the form

u(t) = = fTa(t) +r(t)

78



CHAPTER 10. STATE FEEDBACK & OBSERVERS

where f € R" is a feedback vector and r(t) € R is a reference signal. Under this
control, the dynamics of the system are described by the differential equation:

i(t) = Azx(t) + b(-f z(t) + (1))
=(A-bf)x(t) + br(t).
Now we effectively have a new system with the dynamics matrix A — bf?. We
often refer to this matrix as the closed-loop dynamics matrix.

Theorem: If the system is controllable, there exists a feedback vector, f, such
that the eigenvalues of A —bf” can be placed anywhere in the complex plane.

Proof: Recall from Section [7.3.1] that a continuous LTI SISO system is control-
lable if and only if there exists an invertible matrix T' € R™*™ such that

0 1 0 - 0 0
0 0 1 - 0 ) 0

A=TAT '=| : : : o and b=Tb=|:|,
0 0 0 - 1 0
—Qp  —Gp_1 —Op_g - —a1 1

where a1, as, -+, a, are the coeflicients in the denominator of the transfer function
for the given system. Let Z(t) = Tz(t) be the system governed by the dynamics

Z(t) = AZ(t) + ba(t).
Now consider the following linear state feedback for this new system:
a(t) = ~fTa(t) + (1),

where fT = fTT! is a feedback matrix whose ith element is f} Under this
control law, the dynamics of our new system are governed by

z(t) = (A-bfT)E(t) + br(t).

The closed-loop dynamics matrix for this system can then be expressed as

0 1 0 0
0 0 1 0
A-bf"= : : : :
0 0 0 1
—ap = f1 —an1-f2 —Gp2—f3 o —a1-fi

Now we can see that the characteristic polynomial of the matrix A—I; fT has the
coefficients —a; — fn.1-; for i = 1,---,n. Because the elements of f are arbitrarily
chosen real numbers, the coefficients of the closed-loop characteristic polynomial
can be given any desired values, which means that the closed-loop poles can be
assigned to arbitrary locations in the complex plane.
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The closed-loop dynamics matrix for transformed system is related to the closed-
loop dynamics matrix for the original matrix in the following way:

A-bf" =T(AT' -bf")T".

Because these matrices are similar, they have the same characteristic polyno-
mial. Therefore, if the original system is controllable, we can arbitrarily select
the poles of the both the transformed and the original system.

Designing the Feedback Vector: Suppose we want to choose the feedback

vector, f, such that the eigenvalues of the closed-loop dynamics matrix, A-bf7,
are \1,---, A\, where \; € C__. Note that we generally choose the eigenvalues
such that the closed-loop system is stable. We can design f as follows:

1. Compute the actual closed loop characteristic polynomial:

Xa-pgr(s) =det(sIn - (A-bf"))

-1
="+ oy 18"+t ars+ g

2. Determine the desired closed loop characteristic polynomial:

II(s) =(s=A)(s=A2)(s = \pn)

= 5" + B8+ + Brs+ Bo

3. Equate the coefficients of the actual and desired characteristic polynomials
and solve for the elements of f:

Qo = BOaal = 517 yQpo1 = ﬂnfl

10.1.2 Feedback for Controllable MIMO Systems

Consider a continuous linear time-invariant (LTI) system described by

i(t) = Az(t) + Bu(t)
y(t) = Cx(t) + Du(t)

z(to) = xo

where z(t) € R, u(t) e R™, and y(¢) € R™. Assume that A e R™" B e R™™
C e R™*™ and D e R™*™, Linear state feedback is now of the form

u(t) = —Fx(t) +r(t)

where F' ¢ R"*" is a feedback matrix and r(t) € R™ is a reference signal. Under
this control, the dynamics of the system are described by

i(t) = Az(t) + B(-Fx(t) +r(t))
= (A- BF)z(t) + Br(t).
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Now we effectively have a new system with the dynamics matrix A—- BF', which
we refer to as the closed-loop dynamics matrix. If the original system is
controllable, there exists a feedback matrix, F', such that the eigenvalues of
A - BF can be placed anywhere in the complex plane.

As with the single-input single-output (SISO) system, A— BF has n eigenvalues.
However, for the multiple-input multiple-output (MIMO) system, the feedback
matrix, F', has more than n elements, so there are likely multiple valid solutions
for F'. In practice, we often choose F' based on the cost of using certain inputs
over others and may choose the minimum norm solution.

10.1.3 Feedback for Stabilizable Systems

If a system is not controllable, then it must have some uncontrollable mode
(refer to Section . We are unable to move this mode, so we can no longer
place all of the eigenvalues of the closed-loop dynamics matrix anywhere in the
complex plane. However, if the system is stabilizable, any uncontrollable modes
are stable. While we cannot move these uncontrollable modes, we can still move
all of the controllable modes such that the closed loop system is stable.

10.1.4 Closed Loop Transfer Function

Consider the continuous LTI system described by the equations

z(t) = Ax(t) + Bu(t)
y(t) = Cz(t) + Du(t)
l'(to) =X9

where z(t) € R”, u(t) € R™, and y(¢) € R™. Assume that A € R™" B e R™"™,
C e R™ ™ and D e R™*™. Recall that the transfer function for this system is

Hop(s) = 3{(8) =C(sI,-A)'B+D.
a(s)
Suppose we implement linear state feedback of the form u(t) = —Fx(t) + r(t),
where F € R™*™ is a feedback matrix and r(t) € R™ is a reference signal. Now
the closed-loop system can be expressed in terms of the following equations:

(1) = (A~ BF)z(t) + Br(t)
y(1) = (C - DF)z(t) + Dr(t)

I’(tg) =g

Now we can see the transfer function for this closed-loop system is given by

Her(s) = 3:8 - (C-DF)(sI,-(A-BF)) 'B+D.
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10.2 Full State Observers

Often, we cannot observe the full state of a system directly and we seek to
estimate it from the output. To do so, we can design an observer.

10.2.1 Observers for Observable SISO Systems

Consider a continuous LTI SISO system described by

z(t) = Az(t) + bu(t)

y(t) = cla(t) +du(t)

.’Iﬁ(to) =g
where x(t) € R, u(t) € R, and y(t) € R. Assume that A e R™" beR", ceR",
and d € R. Suppose we cannot directly access the full state, z(¢), but we can
access the output, y(¢). We want to find the estimated state, &(t), using this

output. We can design an observer with the observer gain vector ¢ € R" such
that the estimated system can be described by the equations

2(t) = Ae(t) + bu(t) + t(y(t) - (1))
g(t) = T i(t) + du(t)

From these equations, we can see that the estimated state obeys the following:
z(t) = Az(t) + bu(t) + t(y(t) -9(t))
= Ai(t) + bu(t) + t(("u(t) + du(t)) - (T (t) + du(t)))
= Az (t) + bu(t) + tc’ z(t) - te” &(t)
= (A-tch)a(t) + bu(t) + tc’ z(t)

Let the error, e(t), be the difference between the estimated state and the true
state. The dynamics of the error are governed by the following equation:

é(t) = &(t) - a(t)
- ((A —teT)i(t) + bu(t) + tcTat(t)) — (Ax(t) + bu(t))
= (A-tch)i(t) + (tc’ — A)x(t)
= (A-tc)(2(t) - (1))
=(A-tch)e(t)

Theorem: If the system is observable, there exists a gain vector, ¢, such that
the eigenvalues of A —te” can be placed anywhere in the complex plane.

I will not include the proof of this theorem here because it is very similar to
the one given for the state feedback theorem in Section [10.1.1} If we choose the
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gain matrix such that all of the eigenvalues of A —te” are in the open left half
plane, then the error will approach zero exponentially. This then implies that
the estimated state will approach the true state, irrespective of the input.

Designing the Gain Vector: Suppose we want to choose the observer gain

vector, t, such that the eigenvalues of the error dynamics matrix, A — te’, are
A1, Ap, where \; e C__. We can design t in the following way:

1. Compute the actual error characteristic polynomial:

Xa_ter (8) = det(sIn -(A- tcT))

="+, 18" e tais+ag

2. Determine the desired error characteristic polynomial:
II(s) =(s=A)(s=A2)(s = \pn)
="+ Buo1s" T+ 4 Brs+ By

3. Equate the coefficients of the actual and desired characteristic polynomials
and solve for the elements of ¢:

ag = Bo, a1 = B, Q1 = Bt

10.2.2 Observers for Observable MIMO Systems
Consider a continuous LTI MIMO system described by

z(t) = Ax(t) + Bu(t)

y(t) = Cx(t) + Du(t)

I’(to) =Xo
where z(t) € R™, u(t) € R™, and y(t) e R™. Assume that A € R™" B eR™™,
C e R™*™ and D € R™*™, As in the previous section, suppose we cannot
directly access the full state, and we want to find the estimated state, (%),

using the output. We can design an observer with the observer gain matrix
T e R™™ such that the estimated system can be described by the equations

2(t) = Az(t) + Bu(t) + T(y(t) - 9(1))
9(t) = Cz(t) + Du(t)

As with the SISO system, the state estimation error is given by e(t) = £(t)—z(¢),
and the error dynamics can be described by

&(t) = (A-TC)e(t).

If the system is observable, there exists an observer gain matrix, 7', such that
the eigenvalues of the error dynamics matrix, A - T'C, can be placed anywhere
in the complex plane. As before, A —T'C has n eigenvalues, but for the MIMO
system, the gain matrix has more than n elements, so it likely has multiple valid
solutions. In practice, we often choose T such that the gains are not too large.
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10.2.3 Observers for Detectable Systems

If a system is not observable, then it must have some unobservable mode (refer
to Section [5.4.3). We are unable to move this mode, so we can no longer place
all of the eigenvalues of the error dynamics matrix anywhere in the complex
plane. However, if the system is detectable, any unobservable modes are stable.
While we cannot move these unobservable modes, we can still move all of the
observable modes such that the estimated state converges to the true state.

10.2.4 Observer Transfer Function

Consider the continuous LTT system described by the equations
z(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)

l‘(to) =Xo

where z(t) € R, u(t) e R™, and y(¢) € R™. Assume that A e R™" B e R™™
C e R™*™ and D € R™*™ . As we showed previously, we can design an observer
with gain matrix T' € R™*™° such that the estimated system can be described by

2(t) = Ai(t) + Bu(t) + T(y(t) - §(t))
9(t) = Cz(t) + Du(t)
From these equations, we can see that the estimated state obeys the following:
z(t) = Az (t) + Bu(t) + Ty(t) - Tj(t)
= A#(t) + Bu(t) + Ty(t) - T(C#(t) + Du(t))
= AZ(t) + Bu(t) + Ty(t) - TC#(t) - TDu(t)
=(A-TC)i(t)+ (B-TD)u(t) + Ty(t)

The observer receives both the control signal, u(t), and the output of the original
system, y(t), as input. We can combine these into a single input variable:

. u(t
) = [ygt;] '
This now allows us the express the dynamics of the estimated system as
2(t) = (A-TC)i(t)+ [(B-TD) T]u(t).
With this new input, we can express the output of the observer as
g(t)=Cz(t)+[D o0]a(t).

Now we can see that the transfer function for the estimated system is

H(s) = ZEZ; - C(sI,-(A-TC))  [(B-TD) T]+[D 0.
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10.3 Combining State Feedback and Observers

Often, we want to design a closed-loop controller using full state feedback but
do not have access to the full state. In these cases, we need to use an observer
to estimate the state. In this section, we will discuss how to combine full state

feedback design (Section [10.1])) with observer design (Section[10.2]). An example
of a system with an observer and state feedback is shown in Figure [I0.1]

~®1[]-®X[]*[c]-0—*

&, -

Figure 10.1: This is the complete configuration for a system with an observer
and state feedback. The plant is shown in the blue dotted lines, the observer is
shown in the green dotted lines, and the feedback matrix is at the bottom.
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10.3.1 Closed-Loop System with an Observer
Consider the continuous LTT system described by the equations
z(t) = Ax(t) + Bu(t)
y(t) = Cz(t) + Du(t)

x(tg) = o

where z(t) € R", u(t) € R™, and y(¢) e R™. Assume that A € R™" B eR™™
C e R™*™ and D e R™*™ . Suppose we want to implement linear state feedback
but cannot access the full state directly. We can design an observer with the
gain matrix T € R™ " such that the estimated system can be described by

2(t) = Az(t) + Bu(t) + T(y(t) - (1))
§(t) = Ci(t) + Du(t)

Now we can use this estimated state to implement linear state feedback with
the input function u(t) = —-FZ(t) + r(t), where F € R™*™ and r(¢) e R™. The
dynamics of the closed loop system can now be described by the following:

z(t) = Axz(t) + Bu(t)
= Ax(t) + B(-Fi(t) +r(t))
= Ax(t) - BFi(t) + Br(t)
We can also describe the dynamics of the estimated state by the following:
2(t) = Az(t) + Bu(t) + T(y(t) - §(t))

= A2(t) + B(-F2(t) +r(t)) + T((Cm(t) + Du(t)) - (Ci(t) + Du(t)))
= Ai(t) - BFi(t) + Br(t) + TCx(t) - TCz(t)
=(A-BF +TC)i(t) + Br(t) + TCxz(t)

Recall that we defined the error as the difference between the estimated and
true state (i.e. e(t) = Z(t) — (t)). The dynamics of the error are now given by

= ((A- BF +TC)i(t) + Br(t) + TCx(t)) - (Ax(t) - BFi(t) + Br(t))
= (A-TC)i(t) + (TC - A)x(t)

=(A-TC)(&(t) - =(t))
= (A-TC)e(t)

Notice that the error dynamics for this closed-loop system are exactly the same
as they were when we did not consider linear state feedback. Now we can also
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write the dynamics of the true state in terms of the state and error:
z(t) = Ax(t) - BFi(t) + Br(t)
= Axz(t) - BF(e(t) + z(t)) + Br(t)
=(A-BF)x(t) - BFe(t) + Br(t)
The output can also be expressed in terms of the true state and error:
y(t) = Cz(t) + Du(t)
=Cz(t) + D(-Fi(t) +r(t))
=Cz(t)- DFi(t) + Dr(t)
=Cx-DF(e+x)+Dr
=(C-DF)xz(t)- DFe(t) + Dr(t)

Combining the dynamics of the actual state with the dynamics of the state
estimation error, we can express the dynamics of the closed loop system as

i) [(A-BF) -BF ][z@t)] [B
[é(t)]:[ 0 (A—TC)][e(t)]+[O]T(t)

y(t)=[(C- DF) -DF] [iﬁ?] + Dr(t)

Notice that the dynamics matrix of this system is a block triangular matrix,
whose eigenvalues are those of the diagonal blocks: A\(A- BF) U XA -TC).
10.3.2 Transfer Function

Consider the LTI system given in the previous section with the full state observer
and linear state feedback implemented as described. Let’s define a new variable:

-y . | (@)
Z(t) := [e(t):| .
To simplify our notation, let’s also define the following matrices:

- [(A-BF) -BF . [B
A:[ 0 (A—TC)]’ B:[o]’

C=[(C-DF) -DF|, D-=D.

Now the closed loop system with observer can be described by the equations

Z(t) = Az(t) + Br(t)
y(t) = Cz(t) + Dr(t)

We can now see that the closed loop transfer function for this system is

Her(s) = yg; (s - AY'B+D.
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10.3.3 Separation Principle

The separation theorem says that for a continuous LTI system, we can design
the linear state feedback control matrix, F', and the full state observer gain
matrix, T, independently. We can first design the full state observer gain matrix
to provide asymptotically-accurate state estimates. Then we can design the
linear state feedback matrix as though we can directly access the full state.

When choosing the desired poles of the closed-loop dynamics matrix, (A- BF),
and the error dynamics matrix, (A - T'C), we follow a few rules of thumb:

1. We typically design F' such that the eigenvalues of A— BF' are not too far
from the eigenvalues of A. If we place the eigenvalues too far in the left
half plane, we have large gains, which can lead to actuator saturation.

2. We typically design T such that the eigenvalues of A — T'C are also not
too far from the eigenvalues of A. If we place the eigenvalues too far in
the left half plane, we again require large gains, which greatly amplifies
any noise and/or errors in the system.

3. We tend to design F' and T such that the eigenvalues of A — T'C are
around 2-3 times farther to the left than the eigenvalues of A — BF'. This
is done so that the state estimation error converges to zero faster.
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Chapter 11

Linear Quadratic Regulator

(LQR)

11.1 Dynamic Programming

In the previous chapter, we discussed how to control a system using linear state
feedback (with and without the use of an observer). Another very popular
controller for both continuous and discrete LTI system is the linear quadratic
regulator (LQR), which relies on an optimization principle called dynamic
programming. The idea of dynamic programming is to simplify a complicated
problem by breaking it down into simpler sub-problems in a recursive manner.

Suppose we want to find the optimal control sequence over some time interval
[0, N]. Bellman’s principle of optimality is a dynamic programming princi-
ple that says if we have found the optimal sequence on the interval [0, N], then
the resulting sequence is also optimal on all subintervals of the form [¢, N], where
t > 0. This means that the optimal control sequence over the entire time horizon
remains optimal at intermediate points in time. In the following sections, I'll
show how this principle is used to design the linear quadratic regulator.

11.2 Discrete Time LQR

The linear quadratic regulator (LQR) is applicable to both continuous and dis-
crete LTI systems with some variations. I will begin by discussing how it is
applied to discrete time systems using Bellman’s principle of optimality.

11.2.1 Vanilla LQR Problem

I will begin with the "vanilla" LQR problem and then discuss some variations.
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LQR Optimization Problem

Consider a discrete linear time-invariant (LTT) system described by

LT+l = A:l?k + B’U,k
Lo = Tinit

where & € R", up e R™, A e R B e R™™ and k € [0, N]. To design a linear

quadratic regulator, we want to find the control sequence U = {ug,u1, -, un-1}

that minimizes the following quadratic cost function:

N-1

J(U,xo) = ), (a:_,T_Q:c.,. + u.,T_Ru.,.) +TNQrxN,
7=0

where @, Qf € R"*" are some positive semidefinite matrices and R ¢ R"*" is a
positive definite matrix. In this cost function, a:an:,. is the cost for deviating
from the desired state (zero) at time 7, uL Ru., is the cost for applying control at
time 7, and z4,Q fx N is the cost for deviating from the desired terminal state.
The cost X Qz, +ul Ru., is called the running cost, and the cost N, QN
is called the final cost. To find the control that minimizes this cost function,
while obeying our dynamics, we set up the following optimization problem:

U = argmin J(U, xo)
U
s.t. Tps1 = Axp + Bug,
Lo = Tinit
Bellman’s Principle

We can solve this problem using a dynamic programming approach. Recall Bell-
man’s principle of optimality says that a sequence which is optimal on an entire
time interval, [0, N], is also optimal on all subintervals, [k, N] for k > 0. Let’s
then define the control sequence on this interval as Uy = {wg, k1, UN-1}-
We can then express the quadratic cost on just this subinterval as

N-1

J(Ug, i) = ). (:c,T_Qa:T + u,T_Ru,.) +TNQrxN.
T=k

We will define the minimum "cost-to-go" from a given state, x, as
Ji(xg) = n{}in J(Uk, x)
k

s.t. @pe1 = Axy + Buyg

Lo = Tinit

From Bellman’s principle of optimality, we can recognize that the minimum
cost-to-go from a given state, xg, is equal to the cost incurred at time & (the
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stage cost) plus the minimum cost-to-go from the next state, €x+1. This then
allows us to express the minimum cost-to-go from state xy as

Ji(zg) :H’(}/ikn (a:fQ:ck + ugRuk + jk+1(mk+1))

S.t. XTpe1 = Az + Buy

Lo = Tinit
Plugging the constraint into our objective, we can express the minimum cost as

Ji (xg) = min {mgka + quuk + jk+1(Awk + Buk)}.
2%

Optimal Cost & Control
Now let’s claim that the minimum cost-to-go and optimal control at time k are
J,:(:Iik) = m{Pk:ck and ﬂk = —Kk:ck,

where the matrices P, € R™"™ and K € R™*"™ are defined such that

p Qs for k=N
*“1Q+KIRK; + (A-BKy)  Py1(A-BK},) for k=01 N-1

K;,=(R+B"P,.1B)'B"P,1Afor k=0,1,- N -1

Proof of Optimality

We can prove that this claim is true by induction. For k = N, the minimum cost-
to-go is simply the cost incurred at k = N, which is the final cost, zA Qs N-
Therefore, at k£ = N, the minimum cost-to-go aligns with the claim that the
optimal cost is J} () = a:ng:ck with P = Q¢ for k= N.

We just showed that our claim is true for the initial condition k& = N. Now we
want to show that if it is true for k = ¢, then it is also true for k =t — 1. Recall
that we previously defined the minimum cost-to-go such that

Ji(xee1) = 1121_1;1 {wlewt_l + utT_lRut_l + i (Axeq + But_l)}.
If we assume our claim holds for k£ = ¢, the minimum cost-to-go at this time is
Il () = mfPtsct.
Using this assumption in our expression for the cost-to-go as time k=t -1,
J(xg-1) = umtl_lz {mf_lth_1+u:§F_1Rut_1+(A:Bt_1+But_1)TPt(Aa:t_1 +But_1)}.
We can expand and simplify this expression for the optimal cost-to-go as

Jt*—l(wt—l) = umtl_Ill {wgl(Q+ATPtA)wt_1+uf_1(R+BTPtB)ut_1+2u£1BTPtAwt_1}.
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Because this objective function is quadratic in w¢_7, our optimization problem
is convex, so the optimal solution, #;-1, satisfies the following equality:

Vs Jio1 (Te-1)lues =y = 0.
Taking the gradient of the minimum cost-to-go with respect to ws_1, we get
VauerJi1(x4-1) =2(R+ BT P.B)uy_y + 2BT Py Az .
Plugging in ;-7 for uz—1 and setting this equation equal to zero, we find
d.1 = ~(R+B"P,B) ' B"PAzy 1 = Ky 1701

Now to find the minimum cost-to-go for k = ¢—1, we can substitute this optimal
cost into our previous expression for J;* ; (x¢-1), which gives us

Jr(®4o1) = )1 Qe + 4 Ritg_y + (Axgy + Bity 1) Po(Axyy + Biig_1)
=i 1Qzia + @) K[ RK 124
+(Azyy - BK;1241) Pi(Amyy - BKy a4 1)
=i 1Quiq + @) K[ RK 124
+xp 1 (A- BKt_l)TPt(A -BK; 1)Ti1
=20, (Q+ K[ RK, 1 +(A- BK;1) P(A-BKy1))wia
=2 1 Pi1Tiq

Therefore, we have proven by induction that the expressions for J; (xx) and iy
given previously without proof are truly the minimum cost-to-go and optimal
control. Notice that the optimal control is a linear function of the state, which
is called linear state feedback. This is a rather nice and simple solution.

11.2.2 Variation 1: Output Cost

Now we will discuss some variations of the "vanilla" LQR problem. We will
start with a simple variation, in which we aim to minimize the output of the
system in place of the state. Consider a discrete LTI system described by

LT+l = A.’Bk + Buk
Yk = Cin + Duk y

Lo = Tinit

where z € R, uy € R™, yp, € R%, A ¢ R, B ¢ R¥™ C ¢ R™*" D ¢
R™*™ and k € [0, N]. Previously, we wanted to find the control sequence
U ={ug,u1, -, un-1} that minimized the quadratic cost function

N-1
J(U,xo) = Z (IBZ:Q:B.,- + uZRu.,.) + azTNQfacN.
7=0
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Now let’s suppose that we to minimize the quadratic cost function
N .
J(U,xo) = Y, (y_rQy,. + uTRu,-),

7=0

where Q € R™*™ ig a positive semidefinite matrix and R € R™*™ ig positive
definite. In this modified cost function, yX Qy. is the cost for deviating from the
desired output (zero) at time 7 and uX Ru., is the cost for applying control at
time 7. This formulation of the cost function gives us nearly the same minimum
cost-to-go and optimal control that we found previously:

J,:(:ck) = mng:ck and 'flk = —Kka:k,

where the matrices P, € R™"™ and K} € R™*™ are now defined such that

0 for k=N
Pk = T T _ T _ — —
C QC+KkRKk+(A BKk) Pk+1(A BKk.) for k—O,l, ,N 1

Ki=(R+B"P B 'B' Py Afor k=0,1,--, N -1

We can prove that this is the minimum cost-to-go and optimal cost in the same
way as we did for the previous formulation of the cost function.

11.2.3 Variation 2: Affine System
Consider a discrete affine time-invariant system described by

Lo = Tinit

{wk+1 = Axp + Bug +c

where xg € R, ug e R", A e R™" B eR™" ceR"” and k € [0, N]. Suppose
we want to find the control sequence U = {ug,u1, -, un-1} that minimizes
o T T
J(U,xo) = Y, (w_rQa:.,. + u_rRuT) +TNQFTN.
7=0

To derive the optimal control policy, we can define a new state vector:

| Tk
Zk = [ 1 ] .
This then allows us to express the affine system as a linear system:

Zp+1 = Az + Buyg, where

A[g‘ f] and B[Jg]
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To express the cost function in terms of this new variable, we need to pad the
cost matrices @ and Q¢ with zeros to make them the appropriate size:

5. 1Q 0 5. ._1Qf 0
Q._[O 0 and Q= 0 ol
Now our cost function can be expressed in terms of this new state as
N-1 B B
J(U,z0) =, (zZQz.,. + u,T_Ru.,.) +2NQf2N.
7=0

This formulation of the cost function gives us nearly the same minimum cost-
to-go and optimal control as we found for the original linear system:

J;:(Zk) = z,Zszk and ﬂk = —Kkzk,

where the matrices Py, € R™"™ and K € R™*™ are now defined such that

p Qs for k= N
*“ 10+ KI'RK; + (A- BK};)" Ppu1(A- BK}) for k=0,1, N -1

Ky = (R+ BTP]C.,.lB)_lBTPk_,,]_A for k = 0, ]_,...7N -1

We can prove that this is the minimum cost-to-go and optimal cost in the same
way as we did for the original formulation of the cost function.

11.2.4 Variation 3: Reference Trajectory

Again, consider a discrete linear time-invariant (LTT) system described by

{iL‘k+1 = AiL‘k + B'u,k

Lo = Tinit

where g, € R”, ug e R, A e R™" B e R™" and k € [0, N]. Now suppose we
want our system to follow a reference trajectory (wzef, uzef) fori=0,1,--,N as
closely as possible. We can derive a control policy that minimizes the deviation
of the system trajectory from the reference trajectory by finding the control

sequence U = {ug,uy, -+, un-1} that minimizes the quadratic cost function

J(U,xo) = NZ_: ((iL‘.,. - w:-e'f)TQ(w‘r - :E:-Ef) + (ur - 'U'T;-Ef)TR(uT - u-TrEf))

7=0

[

+(xn -z Q(xn —a)).
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Case 1: Reference Trajectory Obeys Dynamics

Let’s first consider the case where the reference trajectory obeys the dynamics

of our system (i.e. m;ci]; = Aa:;ef + Buzef). We can define the new state and

input variables zy = ) — aczef and v = up — u;ef . Now the dynamics of this

new system can be described by the following equation:
Zh+l = Thel — mZi’; = (Aa:k + Buk) - (Aa:zef + Bu::f)

= A(azk - w;ef) + B(u;c - uzef) = Az, + Buy,
Our cost function can now be expressed in terms of these new variables as

N-1
J(U,z0) = Y, (zZQz.,. + vav.,.) +2NQfzN.
7=0
This formulation of the cost function gives us nearly the same minimum cost-
to-go and optimal control as we found previously:

J]:(Zk) = z,{Pka and 'ﬁk = —Kkzk,

where the matrices P € R™" and Kj € R"*™ are again defined such that

P - Qf for k=N
*“1Q+KIRK, +(A-BKy)  Py1(A- BK}) for k=01, N-1

K;,=(R+B"P,,1B) 'B" Py, Afor k=0,1,--,N -1

We can prove that this is the minimum cost-to-go and optimal cost in the same
way as we did for the original formulation of the cost function. In terms of our
original variables, the optimal control is given by

ty = - K (T - wzef) + uzef.

Case 2: Reference Trajectory oes Not Obey Dynamics

Now let’s consider the case where the reference trajectory does not obey the

dynamics of our system (i.e. a:;); # Amzef + Buzef ). In this case, the reference

trajectory must obey some time-varying affine model with ¢ € R™:

ref _ ref ref
T, = Az, + Bug ' +cg.

As we did previously, we can define new state and input variables zx = oy —w;ff

and vg = U — uzef . The dynamics of this system can be described by

Zh+l = Thel — ;czi’; = (Azck + Buk) - (Amzef + Buf‘f + ck)

= A(:Ek - :c;ef) + B(uk —uzef) —cp = Az, + Bu,, — ¢
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Notice that this system is described by an affine time-varying model. To derive
the optimal control policy, we can define another new state vector

N
Wy = [ 1 ] .
This then allows us to express the affine time-varying system as a linear one:
Wre1 = Akwk + ka, where

e _A —Cg ~_B
At o] wa a7

To express the cost function in terms of this new variable, we need to pad the
cost matrices @ and Q¢ with zeros to make them the appropriate size:

5._|Q@ 0 5 ._|Qf 0
Q._[O 0 and Qg := 0 ol
Now our cost function can be expressed in terms of this new state as
N-1 _ B
J(U, z0) = Z (wIQwT + ’UZ:R’U-,-) + wITC,waN.
7=0

This formulation of the cost function gives us nearly the same minimum cost-
to-go and optimal control as we found previously:

Ji(wg) = w,:kawk and Dy = ~Krpwyg,
where the matrices P, € R™"™ and K € R™*™ are now defined such that
_ Q~f for k=N
ko {Q + K'RKy, + (Ay, - BK)  Peoy1 (A - BKy,) for k=0,1,-- N -1
K= (R+B"Py.1B) 'B" Py, Ay, for k=0,1,--,N -1

We can prove that this is the minimum cost-to-go and optimal cost in the same
way as we did for the original formulation of the cost function. In terms of our
original variables, the optimal control is given by

T _:L.ref
ﬂk:—Kk[ k 1 k :|+u;ef.

11.3 Continuous Time LQR

LQR is also applicable to continuous LTI systems. We will now discuss how to
set up and solve the LQR optimization problem for continuous systems.
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11.3.1 Vanilla LQR Problem

Again, I will begin with the "vanilla" LQR problem and then discuss variations.

LQR Optimization Problem
Consider a continuous linear time-invariant (LTI) system described by

z(t) = Az(t) + Bu(t)
x(0) = xo

where z(t) e R, u(t) e R™, A e R™"™ and B ¢ R™™. Suppose we want to find
the control function, u, that minimizes the quadratic cost function

T(u) = fo (¢ Qa(®) + u()" Ru(t) )dt,

where @ € R™" is a positive semidefinite matrix and R € R™*™ is positive
definite. In this cost function, z(t)TQuz(t) is the cost for deviating from the
desired state (zero) at time ¢ and u(t)T Ru(t) is the cost for applying control
at time ¢. To find the control that minimizes this cost function, while obeying
our dynamics, we set up the following optimization problem:

@ =argmin J(u)
s.t. z(t) = Ax(t) + Bu(t)
2(0) = xo
Optimal Control
For this optimization problem, we claim the optimal control is given by
u(t) = -R'BT Px(t),
where P is the positive definite solution to the Algeabraic Ricatti Equation:

PA+ATP-PBR'BTP+Q=0.

Proof of Optimality

To prove this is actually the optimal control, we will first use the fundamental
theorem of calculus to write the following integral derivative:

Additionally, using the Leibniz rule, we can write this integral as

d

RO ZOUEY RO ZO
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Using the product rule to compute the inner derivative, we now have

% ! ") Pty = JA T a(6) Pa(t) + 2(t)" Pi ().

Given the condition on the dynamics of the system, this expression becomes

% /0 T e (T Pa(t)dt = /0 " (Ax(t)+Bu(t))" Pr(t)+a(t) P(Ax(t)+ Bu(t))dt.

Expanding the expression inside the integral, we have

% fo Y 2()T Pa(t)dt = fo T (T AT P(t) + 2u(t) " BT Pa(t) + 2(1)T P Aw(t)dt
= fow m(t)T(ATP + PA)x(t) +2u(t)T BT Px(t)dt.

We can now take our previous expression for the cost function and essentially
add zero to it by subtracting and adding two equivalent expressions:

T(u) = / ()" Qa(t) + u(t)” Ru(t) )dt - lim (1) Pa(t) + 2(0)" Pr(0)
0 — 00
f T 20T (ATP + PA)x(t) + 2u(t)T BT Pa(t)dt.
0
We can write this expression for the cost a bit more neatly:

T(u) = fo T 2()7(Q+ ATP + PA)a(t) + 2u(t)T BT P (t) + u(t)” Ru(t)dt

+2(0)T Px(0) - tliglo z(t)T Px(t).

Assuming P is the positive definite solution to the Algeabraic Ricatti Equation,
we can substitute PBR'BT P for Q + AT P+ P A in our previous expression:

J(u) = f z(t)"(PBR BT P)x(t) + 2u(t)" BT Pa(t) + u(t)” Ru(t)dt
0
+2(0)T Pz(0) - tlim z(t)T Px(t).
Rearranging the expression inside the integral, we can write the cost as

T(u) = fom(u(t) + R BT Pu(t)) R(u(t) + R BT Pu(t))dt

+2(0)T Pz(0) - tlirg z(t)T Px(t).

If the system is stable under the optimal control, then the state approaches the
zero vector as time goes to infinity. Under this condition, the cost is simply

J(u) = z(0)T Pz(0) + fom(u(t) + R’lBTPx(t))TR(u(t) + R™'BT Px(t))dt.
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We previously assumed that the optimal control is given by 4(t) = ~R™* BT Px(t).
If we plug this into our previous expression for the cost, we find

7(4) = 2(0)T P (0) + fo (a(t) + R BT Px(1))  R(a(t) + R BT Pa(t))dt

= 2(0)T Px(0) + fowOZiROnidt
= 2(0)" Pz(0)

This is the cost incurred for the initial state, x(0), without applying any control
or considering any other states. Therefore, this must be the minimum cost.
Now we have proven that the optimal control is in fact @(t) = ~-R1 BT Px(t).
Notice that this control is a linear function of the state, which is called linear
state feedback. Again, LQR gives us a simple solution for the optimal control.

11.3.2 Variation 1: Output Cost

Now we will discuss some variations of the "vanilla" LQR problem. We will
start with a simple variation, in which we aim to minimize the output of the
system in place of the state. Consider a discrete LTI system described by

x(t) = Az(t) + Bu(t)
y(t) = Cx(t) + Du(t)
I(O) =T
where z(t) € R™, u(t) € R™, and y(t) e R™. Assume that A € R™" B eR™™,

C e R™ ™ and D e R"*™ . Now suppose we want to find the control function
u that minimizes the quadratic cost function in terms of the output:

Jw) = [T (50T Qu(t) + u” ()Ru(t))dr,

where Q € R™*™ is a positive semidefinite matrix and R € R™*™ is positive
definite. In this cost function, y (t)Qy(t) is the cost for deviating from the
desired output (zero) at time ¢ and u” (¢) Ru(t) is the cost for applying control
at time ¢. To find the control that minimizes this cost function, while obeying
our dynamics, we set up the following optimization problem:

4 =argmin J(u)

s.t. z(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t)

The solution to this optimization problem is very similar to the one given for
the cost function that penalized state deviations, instead of output deviations.
For this optimization problem, the optimal control is again given by

u(t) = -R'BT Px(t),
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but now P is the positive definite solution to the Algeabraic Ricatti Equation:
PA+ATP-PBR'BTP+CTQC =0.

We can prove that this is the optimal control in the same way as we did for the
previous formulation of the cost function.

11.3.3 Variation 2: Reference Trajectory

Again, consider a continuous LTI system described by the differential equation

#(t) = Az(t) + Bu(t)
Z‘(O) =X

where z:(t) € R", u(t) e R™, A e R™" and B € R™"™. Suppose we want our
system to follow a reference trajectory (z"¢f(t),u"¢f(t)) for t > 0 as closely as
possible. We can derive a control policy that minimizes the deviation of the
system trajectory from the reference trajectory by finding the control function,
u, that minimizes the following quadratic cost function:

J(u) = fom(fv(t)—fv”f(t))TQ(x(t)—x”f(t))+(U(t)—umf(t))TR(u(t)—umf(t))dt-

We can define the new state and input variables such that z(t) = z(t) — "% (¢)
and v(t) = u(t) — u"¢/ (). Now our quadratic cost function can be expressed as

Jw) = [T (07 @z + v() Ru(t)) .
This formulation of the cost gives us nearly the same optimal control as before:
o(t) = -R'BT Pz(t),
where P is the positive definite solution to the Algeabraic Ricatti Equation:
PA+ATP-PBR'BTP+Q=0.

We can prove that this is the optimal cost in the same way as we did for
the original formulation of the cost function. In terms of our original system
variables and reference signals, the optimal control is given by

a(t)=-R'BTP(x(t) - " (1)) +u" (t).

11.4 Choosing Q and R Matrices

So far, we discussed how to solve the LQR optimization problem for both the
standard discrete and continuous LTI cases, along with a few variations. We’ll
end by discussing how to choose the parameters of this optimization problem.
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We typically choose the cost matrices, @ and R, to be diagonal matrices, so
that the ith diagonal element of @ represents the cost of deviating from the ith
element of the state (or output), and the ith diagonal element of R represents the
cost for using the ith element of the input. If the elements of R are larger than
those of @, then we place a greater cost on using input than on state/output
deviations, and control is said to be expensive. In this case, we will see a slower
response and more overshoot before the system reaches the desired state. If the
elements of R are smaller than @, then we place a greater cost on state/output
deviations than on using input, and control is said to be cheap. In this case, we
will see a faster response and less overshoot before the system settles.
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