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Introduction

1.1 Introduction

In a differential equations course, one studies quantitative and qualitative behaviours of solutions to differential equations.
For such equations, under mild regularity conditions, a given initial condition (in the absence of disturbances) leads to a
unique solution/output. One could generalize this to difference equations for discrete-time equations.

For such setups, we can view the solution as a map from a set of initial conditions to an appropriate set of solu-
tions/outcomes such as a set of paths; e.g. continuous functions for the former (continuous-time setup), and discrete-time
functions for the latter (discrete-time setup).

This solution map may be regarded as a system mapping the set of possible inputs (that is, a set of initial states) to the set
of possible outputs (that is, a set of functions).

Studying several regularity (such as continuity, stability, robustness) properties of such a map has remarkable implications
in engineering and applied mathematics. In many engineering or applied mathematics areas, one may also need to consider
the presence of noise/disturbance terms (which are typically external/exogenous inputs) or one may also have the liberty
to affect the solutions through introducing an external control term. Accordingly, one should view the aforementioned map
to be from some set of initial states, some set of disturbances and some set of external inputs, to some output set.

Systems theory is concerned with rigorously studying, defining and analyzing, as well as shaping the input-output be-
haviour of such maps (which we will call systems). See Figure 1.1 for a generic depiction.

- »  System  »

Fig. 1.1: A (control-free) system

In this course, we will study systems theory and through our development, we will also present a detailed analysis on
signal spaces, representation of signals using signal bases, and their optimal approximations, and we will introduce some
aspects of optimization. There are many applications that we will study in our course, which will primarily concern signal
processing, communications, and control; but we will also find occasions to touch on many related applications involving
signal spaces and systems design.

In the context of systems which are linear (a rigorous definition is to be given later; these systems are essentially linear
functions from a linear space of inputs to a linear space of outputs), causal (where the output at any given time cannot
depend on inputs occurring at later time stages) and time-invariant (where a time shift or delay in the input leads to
an equivalent time shift in the output), we will see that the input-output relation admits very efficient representational
properties when the signals are expressed in terms of complex harmonics.
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This will motivate the Fourier Transform, and its generalizations (the Laplace Transform and the Z-transform), which will
be studied in detail in our course.

To rigorously study the Dirac Delta generalized function, which will let us define the impulse response and the frequency
response of linear time-invariant systems, we will introduce distribution theory and the Schwartz space of signals (which
is also critical for the Fourier Transform theory).

1.2 Applications

1.2.1 Applications in Control Theory

In control systems, the goal is to shape the input-output behaviour by possibly utilizing feedback from system outputs
(Figure 1.2 and Figure 1.3) under various design criteria and constraints. Commonly considered criteria are system stability
(e.g. convergence to a point or a set with respect to initial state conditions, or boundedness of the output corresponding
to any bounded input), reference tracking, robustness to incorrect models (unspecified system dynamics) and presence of
disturbance (which may appear in the system itself or in the measurements available at the controller: that is, either as a
system noise or a measurement noise), and optimal control. Figure 1.5 depicts some of these considerations. A common,
and one of the earliest modern examples, of control systems is the thermostat-based temperature control system depicted
in Figure 1.4.

Plant -

vy

Controller

Fig. 1.2: A feedback control diagram; here 7 is the input and the controller depends on the output y directly (and not just
through an error term as in Figure 1.3). The controller unit is designed to have the system output respond to 7 in a desirable
fashion under various criteria that will be studied further.

] _,@H Controller Plant /System

\/

Fig. 1.3: A system shaped by error feedback control. Here, the control uses the feedback only through the error between
an input signal, 7, and the system output, y. This setup is a very common configuration.

Let us demonstrate some of the common design criteria, starting with a conceptually simple example. Consider

dz

— =ax(t) +u(t) + n(t)

dt

where a € R, is a scalar, u(t) is the control input, that can be selected given the information {z(s),s < t} and n(t) is
some disturbance/noise acting on the system. The disturbance is external, that is, the controller has nothing to do with its
generation.
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ho

T, u by -y
Thermostat, Furnace H@» House

Ve

‘ Plant

Fig. 1.4: A thermostat heating system is a popular example of the configuration given in Figure 1.3. Here T} is a desired
temperature, 7, is the (actual) room temperature, h; is the heat from the furnace and h, represents the heat leaked outside
(or the cold air entering the house). Here, the thermostat is the controller which decides on whether the gas valve should
be turned on or off based on the desired temperature and the sensed actual room temperature; u is the control input
representing these turn-on or turn-off signals. The furnace is the actuator which maps the control input to the heat input,
h;, entering the system. House is the process or the system, whose output (the room temperature) is to be controlled. Often
one lumps the actuator and the system (house in this case) as a single unit and calls it a plant. Thus, one typically considers
a controller and a plant (to be controlled), in a control system together with the external inputs to the system (in this case:
the desired temperature and the heat leakage). One could also consider a setup where the room temperature is recorded (by
the sensor in the thermostat unit) with measurement error; in this case the measurement error/noise in the sensor should
also be considered as an external input.

d n
L I
e u ‘ U Yy ‘ y
> () > ) —> —> >
T ® O O
Reference System Controller Plant/System

Fig. 1.5: A further control system flow diagram; here r is a reference and d and n are system/load and measurement
disturbances, and are the inputs to the system. The controller unit is designed to have the system output respond to these
inputs in a desirable fashion under various criteria that will be studied further in these notes.

If @ > 0, then in the absence of control, the solution to the system is given with

In particular, if n(s) = K # 0 for some constant K, then even when z(0) = 0, we have that lim;_, o |z(t)| = oo.

On the other hand, if we use the control input (using the feedback from the state of the system)
u(t) = —(a+ 1Dx(t), teRy,

we obtain the equation

d
diLf = —a(t) +n(t)
with the solution .
z(t) = e 'x(0) —|—/ e~ =9 (s)ds,
0

which remains bounded if sup,cp |n(s)| < oo. Thus, with control utilizing feedback we have achieved some notion of
stability which will be termed as bounded-input-bounded-output stability. Such a setup can be represented by Figure 1.2,
where the input is n, the output is y = x and u(t) = —(a + 1)x(¢).
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The setup depicted in Figure 1.4 can be considered as a reference-tracking example, where the desired temperature process
is the reference signal that the system output is designed to be tracking.

Control can also be used to steer the state of the system from some initial condition to some final condition. If the final
condition is an equilibrium point, often this task is called stabilization. If the goal is to steer the state to some arbitrary
point in the state space, the task is called reachability (from an initial state) or controllability (with respect to a final state).
A related concept is observability, which is a crucial concept in particular when the information available at the controller
with regard to the state is perturbed by some measurement noise.

1.2.2 Applications in Signal Processing Theory

Applications in signal processing has enabled much of modern technology. Two primary applications are in filter design,
which allows for estimation and denoising, and sampling theories which allow for discrete-time processing of continuous-
time signals.

Consider a signal z which is perturbed by noise w. A filter is a system which takes the noisy signal y = x + w as input and
provides a cleaner signal £ as its output.

w

x»@ﬁ, Filter L
Filtered signal

Fig. 1.6: Filtering of noisy signals. Here w is a noise, x is a signal to be reconstructed and £ is the output of the reconstruc-
tion given the noisy input y.

Many systems in practice are continuous, but they need to be processed by computers, which inevitably have to work
with discrete-time/discrete-space signals (as the ultimate language of transistors/chips are binary in terms of Os and 1s).
Therefore, one needs to first sample a continuous-time signal and work with such signals in discrete-time, before processing
them, and interpolating them back to the continuous-time domain.

Te ZLd . . Yd Ye
— »| Sampler Discrete-time system Interpolator ——»
Continuous-time signal Continuous-time output
Sampled (discrete-time) signal Discrete-time output

Fig. 1.7: Discrete-time processing of continous-time systems.

1.2.3 Applications in Communications and Information Theory

Modern engineering systems are typically highly interconnected with their environment which necessitates the presence of
data-links between various components of a system. Typically such systems require finite representations of uncountable
or large state space valued signals (in addition to discrete-time representation/approximation of continuous-time signals).
These include quantization, coding and decoding of signals over communication channels (with or without feedback).
Each of the individual components, such as encoders, channels and decoders, may separately be viewed as systems, though
typically by the term communication system, we will refer to the entire ensemble mapping the source symbol and stochastic
noise (in the channel), to the decoder output.
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Many other systems, however, operate in continuous-time. An example is a classical analog radio communication system,
in which signals are modulated to carrier signals with targeted frequency waves, transmitted over wireless or wired media,
and demodulated upon reception by a decoder (radio receiver).

T y  Noisy Ch | = 7
— » Encoder $ Oy S-hanne —| Decoder L

Fig. 1.8: Communication of a signal across a noisy channel.

1.3 Linearization

Even though the primary focus of these notes is on linear models, we will see that linearization of non-linear models, around
a point of interest leads to a design method where a design based on the linear model achieves satisfactory performance for
the non-linear system in a local sense to be studied later in the notes.

. . . . T
Let g : R™ — R™ be a differentiable function. Let g(z) = [¢'(2) ... g™ (x)] and # € R™ be writtenas z = [z* ... z"] .
The Jacobian matrix of g at =, J*(g), is an m X n matrix function consisting of partial derivatives of g such that

.9 . ,
J@)0g) = 55 (@), =12 mij=12 0

Now, let z € R™ and v € RP and

d
= = (1.1)
be such that f(Z,a) = 0 for some (Z,a) € R™ x RP. In this case, we say that z is at equilibrium at Z under input .
Suppose that we slightly perturb = and « around the equilibrium (Z, @). Let us write 2:(¢) = Z + Z(t) and v = @ + a(¢),
where T and « are small. Then,
d(z+zx L
% :f(:ier,quu)

d(z+7) _ di

Notice that =— = <%. If f is continuously differentiable, it follows that

@+ 3,0+ 0) ~ f(2,9) + T (& 0)F + I (2,0,

where JJ (z, @) is the Jacobian of f(-,@) : R™ — R™ at fixed @ and J;/ (7, @) is the Jacobian of f(z,-) : R? — R™ at
fixed . Let
JI(z,0) = A,  Jl(z,2)=: B,
we obtain "
dif — A7 + Ba,
as an approximate linear description of the system (1.1) at around the equilibrium point (z, @). We will observe that such
a linearization is very useful in systems design.

Consider the following example involving an inverted (non-linear) pendulum over a cart system (see Figure 1.9), with
masses of the pendulum and cart given with m and M, respectively. The goal is to keep the inverted pendulum (locally)
stable around 6 = 0 by the control acting horizontally on the cart with mass M.

The non-linear mechanical/rotational dynamics equations can be derived as:
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m

Fig. 1.9
d*y d? . d*y d*y d*6 de ., .
u = Mﬁ + mﬁ(y +1sin(9)) = MW + mos + ml cos(H)ﬁ - ml(a) sin(f)
d*6 d?
le@ = mgsin(0)l — m%‘g cos(0)l (1.2)
Around 0 = 0, % = 0, we apply the linear approximations sin(f) ~ ¢ and cos(f) ~ 1, and (%)2 ~ 0 to arrive at
d?y d?y d?6
ar = e i)
d?6 d?y
l— =90 — — 1.3
i ~ 9 e (1)
Finally, writing 1 = y, zo = %, x3 =0,14 = %, and manipulating the equations, we arrive at the linear model in state
space form
01 0 0 0
de |00 —#2 0 =
a oo o 1fTTlo|"
M+m —1
00 Wbmla g S0l
T
where z = | 2] .
T3
T4

A remarkable implication is the following: Using some systems theoretic analysis, it can be shown that linearization will
let us construct a control function/policy/law that makes the idealized linear system stable, which in turn makes the original
non-linear system (1.2) locally stable around the (open-loop unstable) equilibrium point.

1.4 Mathematics of Systems

Given the introductory discussion presented, in the following we will first develop a rigorous study of a class of signal
spaces which arise in systems theory and applications. We will then investigate signal expansions and approximations.
This will also serve as an introduction to Fourier theory.

We will then study systems and their various regularity, structural and stability properties. We will, in this course, particu-
larly focus on linear systems. A primary motivation, as we saw earlier in the previous section, is that many physical systems
are either linear or locally almost linear (in the sense that a design based on a linear approximation leads to satisfactory
performance for the original non-linear system).
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Fourier theory occupies a dominant domain in linear systems theory: In the historical theory of systems (and control), one
often reads about classical design vs. modern design: classical design is with regard to methods based on frequency-domain
analysis of systems, and modern design (or state-space design) refers to methods based on time-domain analysis. In our
course, we will discuss both approaches extensively. Fourier theory (and its generalizations via Laplace and Z-transforms)
facilitate the frequency-domain analysis.

We will then study several applications in further detail. The course will lay the foundations for further study on the
applications considered here, in addition to many related areas in both engineering and applied mathematics.






2

Signal Spaces: Linear, Banach and Hilbert Spaces, and Basis Expansions

In this chapter, we present a general review of signal spaces.

2.1 Normed Linear (Vector) Spaces and Metric Spaces

Definition 2.1.1 A linear (vector) space X is a space which is closed under addition operation + and a scalar multiplica-
tion operation -, such that
+:XxX-=>X

i Cx X=X

with the following properties (we note that we may take the scalars to be either real or complex numbers). The following
are satisfied for all x,y € X and «, B scalars:

(i) r+y=y+z€X

(i) (x+y)+z=x+ (y+ 2).
(iia-(x+y)=a-z+a-yeX
(v)(a+p) z=a-z+0-

(v) There is a null vector 0 such that x + 0 = x.
(i (8-2) = (af) -z

(vii) 1-z==z

(viii) For every x € X, there exists an element, called the (additive) inverse of x and denoted with —x with the property
x+ (—x)=0.

Example 2.1. (1) The space R™ with the pointwise addition and scalar multiplication is a linear space. The null vector is
0= [OO~-~O} e R™

(ii) Consider the interval [a, b]. The collection of real-valued continuous functions on [a, b], with pointwise addition and
scalar multiplication is a linear space. The null element 0 is the function which is identically 0. This space is called the
space of real-valued continuous functions on [a, b]

(iii) With pointwise addition and scalar multiplication, the set of all infinite sequences of real numbers mapping Z, to
R, each having only a finite number of elements not equal to zero is a vector space; for example, if one adds two such
sequences, the sum also belongs to this space. This space is called the space of finitely many non-zero sequences.

(iv) The collection of all polynomial functions defined on an interval [a, b] with complex coefficients
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{f:]a,b] = C, f(x) :Zaixi; neN;z € [0,1],a0, 1, ,ap, € C},
i=0

forms a complex linear space. Note that the sum of polynomials is another polynomial.
(v) The the n-dimensional integer lattice Z" = {v : v = {v1, -+ ,v,} € R, v, € Z,k = 1,--- ,n} with pointwise
additional and scalar multiplication is not a linear space.

Definition 2.1.2 A non-empty subset M of a (real) linear vector space X is called a subspace of X if

ar+Pye M, Ve,ye M and «o,5 €R.

In particular, the null element 0 is an element of every subspace. For M, N two subspaces of a vector space X, M N N is
also a subspace of X.

Definition 2.1.3 A normed linear space X is a linear vector space on which a map from X to R, called its norm, is
defined such that:

* |lz|| >0 VzeX and||z| = 0ifand only if x is the null element of X.
ol +yll <l + llyll
o Jaz|| = |a||z]], VaeR, VreX

Let for two linear spaces X, Y, I'(X; Y) denote the set of all maps v : X — Y such that for all z € X, v(z) € Y.

Definition 2.1.4 In a normed linear space X, an infinite sequence of elements {x,} converges to an element x, if the
sequence {||x,, — x||} converges to zero.

Example 2.2. a) The space C([a, b]; R) of continuous functions from [a, b] to R with the norm ||z|| = maxo<;<py |[2(t)]
is a normed linear space.
b)

1(Z4iR) = { € T@4iB) ol = (Zx )<oo}

is a normed linear space for all 1 < p < oo.

c¢) Recall that if .S is a set of real numbers bounded from above, then there is a smallest real number y such that z < y
for all x € S. The number y is called the least upper bound or supremum of S. If S is not bounded from above, then the
supremum is co. In view of this, for p = co, we define

loo(Z4;R) == {x € I'(Z4+;R) : ||z]loo = sup |2(i)] < oo}.

sy

d) Ly([a,b);R) = {{JI € I'([a,b);R) : ||lz]|, = (f | (t pdt) < oo} is a normed linear space. For p = oo, we

typically write: Lo ([a,b; R) := {a: € I'([a,biR) : [|[zllec = supseia [2(t)] < oo}. However, for 1 < p < oo, to

satisfy the condition that ||z||, = 0 implies that z(¢) = 0, we need to assume that functions which are equal to zero almost
everywhere are equivalent; for p = oo the definition is often revised with essential supremum instead of supremum so that

Tl|oo = inf sup |y
felle =, st I

This subtle difference needs to be made explicit in some applications.
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To show that l,, defined above is a normed linear space, we need to show that ||z + y||, < ||z, + [|l,-

Theorem 2.1.1 (Minkowski’s Inequality) For x,y € 1,(Z1;R) with1 < p < 0,

2 +yllp < llzllp + llyllp

See Exercise 2.4.2, which also studies a proof of Holder’s Inequality, that is critically used in the proof of Minkowski’s
inequality:

Theorem 2.1.2 (Holder’s Inequality) Ler1 < p,q < cowith1/p+1/q = 1. Then, for x € [,(Z+;R),y € [;(Z4+;R),
> wk)y(k) < llplyllg,

Definition 2.1.5 Let X and Y be two normed linear spaces, and let B C X be a subset of X. A law (rule, relation) T which
relates with every element of B an element in Y, is called a transformation from X to Y with domain B. The relation is often
expressed as x — y = T(x).

If for every y € Y there is an x such that y = T'(z), the transformation is said to be onto (or surjective). If for every
element of Y, there is at most one x such that y = T'(z), the transformation is said to be one-to-one (or injective). If these
two properties hold simultaneously, the transformation is said to be bijective.

Definition 2.1.6 A transformationT : X — Y (or T € I'(X;Y)) is linear if for every x1,z9 € X and a1, s € R, we
have T(c121 + aoxo) = anT (1) + T (22).

Definition 2.1.7 A transformation T : X — Y for normed linear spaces X,Y is continuous at o € X, if for every
e > 0,30 > 0 such that ||x — xo|| < & implies that ||T(x) — T'(z0)|| < € (Here the norms depend on the vector spaces X
and Y). T is said to be continuous, if it is continuous at every oy € X.

Definition 2.1.8 A transformation T : X — Y is sequentially continuous at xo € X, if ©, — x implies that T (x,) —
T(z).

Theorem 2.1.3 Sequential continuity and continuity are equivalent for normed linear spaces.

Proof. We need to prove two directions: (i) Continuity implies sequential continuity: Let 7" be continuous at xg. Therefore,
for every € > 0,33, > 0 such that ||x — zg|| < . implies that ||T(x) — T'(x0)|| < e. Now, let z,, — . This implies that
for all § > 0, IN; so that for all n > Ns we have that ||z,, — z¢|| < 0. Now, take ¢ to be J. above. Thus, for all n > Nj,,
[lzn, — xo]| < de; given the continuity above, this implies that for every ¢ > 0, there exists Ns, such that for n > Nj_,
| T(x,) — T(x0)|| < e. This implies that T is sequentially continuous.

(i1) Continuity is implied by sequential continuity: Equivalently, not being continuous implies not being sequentially con-
tinuous. Let 7" not continuous at xo. This implies that 3¢ > 0 with the property that for every 6 > 0, Jz5 : ||z5 — zo|| < 0
and [|T(z5) — T(z0)|| > €. Now take § = 1, n € N, and z; =: . It follows then that Jz,, with ||z, — o[ < % but

|T(z) — T'(z0)|| > € thatis x,, — xo but T'(z,,) - T(xo). O
Theorem 2.1.4 [fthe transformation T is a linear one, then continuity is equivalent to being continuous at the null element.

Proof. Let T be continuous at the null element. By Theorem 2.1.3, this implies that for any sequence h,, with ||h,| — 0,
we have that T'(h,,) — T(0) = 0. Now, let 29 € X. Suppose that x,, — x(. With h,, := x,, — 2o, we then have that
T(hy) — 0. However, by linearity, T'(h,,) = T(x, — 29) = T(x,,) — T(xo). This implies that whenever x,, — xo, we
have that T'(x,,) — T'(x). Thus, being continuous at the null element implies being continuous everywhere. 0O

For some applications, sequential continuity may be more convenient to work with as one may not need to quantify (e, d)
pairs to verify continuity.
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Many spaces of functions that we encounter are not linear spaces. For such spaces the concept of metric, defined in the
following, provides an appropriate generalization of the notion of norm studied earlier.

Definition 2.1.9 (Metric Spaces) A metric defined on a set X, is a function d : X x X — R such that:

o d(z,y) >0, Va,y€ Xandd(x,y)=0Iifandonlyifx =y.
s d(x,y) =d(y,z), Vr,yeX.
© d(w,y) <d(z,z) +d(zy), Vry,zeX.

A metric space (X, d) is the set X equipped with metric d.

A normed linear space is also a metric space, with metric

d(z,y) = [l =yl

An important class of normed spaces that is widely used in optimization and engineering problems are Banach spaces,
introduced next.

Definition 2.1.10 A sequence {x,} in a normed space X is Cauchy if for every € > 0, there exists an N such that
|2 — 2m|| < € foralln,m > N.

An important observation on Cauchy sequences is that every converging sequence is Cauchy, however, not all Cauchy
sequences are convergent: This is because the limit might not live in the original space where the sequence elements take
values from. This motivates the property of completeness:

Definition 2.1.11 (Banach Spaces) A normed linear space X is complete, if every Cauchy sequence in X has a limit in X.
A complete normed linear space is called Banach.

Banach spaces are important for many applications in engineering and applied mathematics: In many mathematical appli-
cations (such as existence of and numerical methods for solutions to differential equations), machine learning problems
(such as iterative updates of data driven dynamics), stochastic analysis or optimization problems (for which a sequence of
approximating solutions may be obtained for example via dynamic programming methods), sometimes we would like to
know whether a given sequence converges, without necessarily knowing what the limit of the sequence may be. Banach
spaces allow us to use Cauchy sequence arguments to ensure the existence of limits and some of their properties.

An example is the following: consider the solutions to the equation Ax = b for A a square matrix and b a vector. One
can identify conditions on an iteration of the form 41 = (I — A)xy, + b to form a Cauchy sequence and converge to a
solution through the contraction principle. As noted above, existence of solutions to ordinary differential equations also
follow from Cauchy sequence arguments.

A subset of a Banach space X is complete if and only if it is closed. If the set is closed, every Cauchy sequence in this set
has a limit in X and this limit should be a member of this set, hence the set is complete. If it is not closed, one can provide
a counterexample sequence which does not converge to a point in the subset.

The real space R with the usual distance d(z,y) = |z — y| is a complete space.

Theorem 2.1.5 a) Let C([0,1]; R) be the space of continuous functions in I'([0, 1]; R) with the supremum norm

If]l = sup |F(?)].

t€[0,1]

This space is a Banach space.
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b) Let C([0,1]; R) be the space of continuous functions in I'([0, 1]; R) with the norm

1]l = / F()dt

This space is not a Banach space.

Proof.

a) We will show that every Cauchy sequence in C'([0, 1];R) has a limit in C([0, 1]; R). Let {x,,,n € N} be Cauchy in
C([0,1]);R) under the supremum norm; thus, given € > 0, there exists N such that ||z, (¢) — 2., (¢)|| < € for all ¢ and
n,m > N. This implies that for each fixed ¢ € [0, 1], the real valued sequence {x,,(t),n € N} is also Cauchy, and hence
Zn(t) = a; for some a; since R is complete. Define x(t) = a¢, ¢ € [0, 1]. We will prove that ||z,, — z|| — 0 and that z is
continuous.

As noted, for any € > 0, there exists NV such that ||z, (t) — 2, (¢)|| < € for all ¢ and n,m > N. For each t,

lim |2, (t) — 2z, (t)] <€

m—r 00

and hence
lzn(t) —z(t)] <, 2.1)
for all n > N. Accordingly,
len — 2| <

and thus ||z, — x| — 0. Note that this also implies that ||z|| = ||z — zx]|| + ||z N]] < oo.
We now show now that z is continuous to conclude that 2 € C([0, 1]; R). Now,

|z(t+h) — (1)

=lz(t+h)—z,(t+h) +x,(t+h) —z,(t) + () — 2(t)]

Sa(t+h) —an(t+ )|+ [en(t + h) — 20 ()] + |za(t) —2(t)] = 0 22
as h — 0, since ,, — z and x,, is continuous. We now make this more explicit: For every ¢ > 0 pick n € N such that
|z(t + h) — zp(t+ )| < €/3 and |z, (t) — z(t)] < e/3forallt + h € [0,1] (note that this convergence is uniform by

(2.1)), and for the fixed n, pick 6 > 0 sufficiently small so that for all |h| < 4, |z, (t + h) — z,(t)| < €/3 (since x,, is
continuous). As a result, for every e > 0 there exists ¢ such that || < ¢ implies that |z(t + h) — z(t)]| < e.

b) We will show that under the norm || f|| = fol | f(t)|dt, the space of continuous functions C([0, 1];R) is not complete:
Consider the sequence

1, if0<t<1/2
()= —2n(t—1/2)+1 if1/2<t< (1/2)+ (1/2)" (2.3)
0, if (1/2) + (1/2)" <t <1

We first show the Cauchy property. Let n < m. We have that:

o~ nll = [ lon(®) ~ (Ot = 2k~ o) 0
Ly — Tm|| = Tn — T = —(— — ,
0 2°9n  gm
as n, m — oo. Hence, the sequence is indeed Cauchy (or, for every € > 0, there is an N = —log,(€) + 1, such that, for

n,m > N, ||z, — Zm|| < €). The sequence converges to (the discontinuous function) x:

2.4)

1, ifo<t<)2
o, if(1/2)<t<1
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As z ¢ C([0, 1];R), the space is not complete. O

=

Theorem 2.1.6 [,(Z;R) := {x €INZyR) x|, = (Ziez+ |z(Z)P)

00. The same holds for p = oc.

< oo} is a Banach space for all 1 < p <

Proof. Consider 1 < p < oo. (i) Let {z,,} be Cauchy. This implies that for every e > 0, 3N such that for all n,m > N
|z, — zmllp < e This also implies that for all n > N, ||z,||, < |lzn|p + €. Now let us denote x,, by the vector
{z}, 25,2 ..., }. It follows that for every k the sequence {z}} is also Cauchy. Since z}} € R, and R is complete,
xp — x3, for some xy. Thus, the sequence x,, pointwise converges to some Vector .

(ii) Is z.. € 1,(Z4;R)? Define
ok ={2t, 25, ..., 2% _1,2%,0,0,...},

that is, the vector which truncates after the Kth coordinate. Now, it follows that
zn,kllp < 2allp < 2N llp + €,

for every n > N and K and
K K
Jim |z [[f = lim Y 2P =l
i=1 i=1
since there are only finitely many elements in the summation. We have ||z, k||, < ||z~ /||, + €, and thus

iz illy = o sellp < Jnlly + 6

Let us take another limit, by the monotone convergence theorem (recall that this theorem states that a monotonically
increasing sequence which is bounded has a limit).

K

e clly = Jim > fail? = flzllf < (lznllp + €7
i=1

Jn,

(iii) The final question is: Does ||z, — .||, — 07 Since the sequence is Cauchy, it follows that for n, m > N
|z — xm“p <e

Thus, for every K € N, ||,k — Tm, k||, < €, and since K is finite

T [ s~ T cllp = o = el < e
Now, we take another limit

li

Jim e — ekl < ¢

By the monotone convergence theorem again,

li

K;Tﬂoo ||$n,K - x*K”p = ||lzn — l'”p <e

Hence,

zn —xllp = 0.
For p = oo, the analysis follows closely the steps above and is more direct. O
The above spaces are also denoted [,,(Z ), when the range space is clear from context.

Remark 2.3. A brief remark on some typical notations: When the range space is R, the notation {,,({2) denotes l,,({2; R) for
a discrete-time index set {2 and likewise for a continuous-time index set {2, L,,({2) denotes L, ({2; R).
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2.2 Hilbert Spaces

Definition 2.2.1 A pre-Hilbert space X is a linear vector space on which an inner product (-,-) : X x X — C is defined,
where the following are satisfied:

1. (x,y) = (y,x)* (the superscript denotes the complex conjugate) (we will also use (y,x) to denote the complex
conjugate)

2. (z+y,2) = (z,2) + (y,2)
3. {am,y) = afz,y)
4

. {z,z) >0, equals 0 iff x is the null element.

Thus, corresponding to each pair (z,y) € X x X the inner product (z,y) is a scalar. The following is a crucial result in
such a space, known as the Cauchy-Schwarz inequality.

Theorem 2.2.1 (Cauchy-Schwarz Inequality) For z,y € X,

Kz, y)| < VA, 2)\v/ (Y, ),

where equality occurs if and only if x = «ay for some scalar a.

Proof Sketch. Let z,y € X with ||y|| # 0. Forany A € C, we have 0 < (x — Ay, z — \y). Take A = g ; to arrive at the
inequality. O

Exercise 2.2.1 In a pre-Hilbert space, the inner-product defines a norm: ||x|| = /{(z, x)

The proof for the result requires one to show that \/(x, =) satisfies the triangle inequality, that is
lz +yll < ll=ll + [lyll,
which can be proven by an application of the Cauchy-Schwarz inequality.
In a given problem or application, the inner-product is to be defined. The inner product, in the special case of R, is
typically the usual inner vector product; hence RY with the usual inner-product is a pre-Hilbert space.

Definition 2.2.2 (Hilbert Spaces) A complete pre-Hilbert space, is called a Hilbert space.

Hence, a Hilbert space is a Banach space, endowed with an inner product Which induces its norm. For example, if we
define C'(]0, 1]; R) as a pre-Hilbert space with the inner-product (x, y) fo t)dt, this would not be a Hilbert space,
since this would not be a complete space.

The space l3(Z4; R) is a Hilbert space with (z,y) = >~ ., x(n)y(n) forz,y € l2(Z4;R). Furthermore, (z, )
defines a norm in lo(Z; R).
Likewise, the space Lo (R ;R) is a Hilbert space with (z,y) = [, er, t)dt for x,y € La(R4;R) and its norm is

2]l = v/ (z, z).

The following is a useful exercise.

Theorem 2.2.2 [Continuity of Inner Product] The inner product is continuous: if x,, — x, and y,, — y, then (., y,) —
(x,y) for x,, Yy, in a Hilbert space.



16 2 Signal Spaces: Linear, Banach and Hilbert Spaces, and Basis Expansions

2.2.1 Why are we interested in Hilbert Spaces?

Hilbert spaces have several very useful properties:
1. Hilbert spaces allow us to have a geometric insight on a set of signals via the inner-product, orthogonality, and basis
expansions.

2. If a Hilbert space is separable (to be defined shortly), there exists a countably (or sometimes only finitely) many
sequence of orthonormal vectors which can be used as basis to represent all the members in this space. This is used in
many areas of applied mathematics and engineering, such as Fourier expansions among many others.

3. A Hilbert space formulation allows us to develop approximations of signals using a finite number of basis signals.

4. Also related to the item above, we can state a Projection Theorem which certifies optimality in a wide variety of
applications. This geometric insight carries over to more general optimization problems in spaces which are not Hilbert
(via duality analysis, to be discussed later).

Proposition 2.2.1 In a Hilbert space X, two vectors x,y € X are orthogonal if (x,y) = 0. A vector x is orthogonal to a
set S C X if(x,y) =0 VyeSb.
By the Pythagorean theorem, for x, y orthogonal, we have that ||z + y||? = ||z + [|y/|*.

Aset A C X is closed if A contains the limit of any converging sequence taking values from A.

Theorem 2.2.3 (Projection Theorem) Let H be a Hilbert space and B a subspace of H. Consider the problem:

Jnf |z —m]| (2.5)

(i) A necessary and sufficient condition for m* € B to be the minimizing element in B so that
inf o= ml| = [}z = m"]| 2.6)
or equivalently
|z —=m*| < |lz—yll,  VyeB.
is that, x — m™ is orthogonal to B.
If exists, such an m™ is unique.
(ii) Let H be a Hilbert space and B be a closed subspace of H. For any vector x € H, there is a unique vector m* € B

satisfying (2.6).

Proof. For (i), We first show that if £ — my is not orthogonal to B, then m cannot be optimal. Suppose that my € B is
such that 3m € B with (x — mg, m) > 0. Without any loss, take ||m|| = 1 and {(x — mg, m) = §. We can show that with
my = mg + dm, we will have ||z — m1||*> = ||z — mo||> — 62 < ||x — myl|, and thus m cannot be a minimizer of (2.5).

We now show that if x — m* is orthogonal to B, then it is optimal. If (x — m*, M) = 0, we have that for any m € B
|z —m|? = ||z — m* + (m* —m)||? = ||z — m*||*> + |m — m*||* > ||z — m*||%, and thus m* is indeed the minimizer
overallm € B.

Uniqueness of such a minimizer also follows from this argument since if there were another minimizer m # m*, we would
have
lo = m|* = |z —m*|* + [lm — m*||* > |lz — m*||?,

a contradiction.

For (ii), let
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= inf — 2.
5 Jnf, |z — m]] (2.7)
Let {my, k € N} be so that {||z — my||} — J. Observe that

(x—mp+x—mp,x—mp+x—my)+{(&—mp— (x—my),z—my — (x —my,))

=2(x — myp, & —my) +2(x — mp, T —My) (2.3)
Write
<x—mk+x—mn,x—mk+x_mn>:<2<x_w72(g€_ mk—;—mn>>
=4z — w’xf W> 29)

Since ™M € B, by (2.7),
(x —mp+x—mp,x —mk+x —my,) >0,
we have that
Imie = ma|? < 2l|z = ma|* + 2]l — my||* — 462
As aresult, as |z — m,||> — §2, we have that my, is Cauchy. Since M is closed, it has a limit; call the limit 772. We claim
that the limit is optimal and hence is m*: Consider the difference:
(x — My, —my) — (& — M,z — M)
We claim that the difference goes to zero; this follows from the continuity of inner product (Theorem 2.2.2). Indeed,
(2 = mn, @ —mp) — (x — 1,2 —m)|
= [{& —mp,x— my) — (T — My, z — M)
+ {(x —mp,x —m) — (x —m,z —m|)
< [{x —mp,x —my) — (x — my,x —m)]
+ [{(x — mp,z —m) — (x —m,x —m|)
= (& — My, myp — M)
+ [(mn, —m, z —ml)
<l = mallllmn — ml[ + [[mn —m|[|lz — ] (2.10)

where the final inequality is due to Cauchy-Schwarz. Now, since ||z — m,|| — 0, we have that ||z — m,,|| is bounded.
Finally, as ||m,, — m|| — 0, both terms in the final line (2.10) go to zero and we conclude that

0= lim ||z — my| = |z —m|
n—oo
And therefore /m is a minimizing vector. By part (i), this has to be the only minimizing vector in B.

O

Exercise 2.2.2 Consider the minimization of
1
[ = miyae,
—1
for some n € Z., over all m such that
me M:={f:f¢cLy([-1,1;R), f(t) = a+ Bt + % a, 5,7 € R}.

a) State the problem as a Projection problem by identifying the Hilbert space, and the projected subspace.
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b) Compute the solution, that is find the minimizing m.

We will see further applications of the projection theorem during the semester while studying optimal filter design and
signal representation.

2.3 Approximations and Signal Expansions

2.3.1 Orthogonality

Definition 2.3.1 A set of vectors in a Hilbert space S is orthogonal if all elements of this set are orthogonal to each other.
The set is orthonormal if each vector in this set has norm equal to one.

The Gram-Schmidt orthogonalization procedure can be invoked to generate a set of orthonormal sequences. This procedure
states that given a sequence {x;} of linearly independent vectors, there exists an orthonormal sequence of vectors {e; } such
that for every xx, ag, 1 < k < n, there exists 8,1 < k < n with

n n
E TR = E Brek,
k=1 k=1

that is the linear span of {xj,1 < k < n} is equal to the linear span of {e;,1 < k < n} forevery n € N.

Recall that a set of vectors {e;} is linearly dependent if there exists a complex-valued vector ¢ = {c1,¢a,...,cn} such
that va c;e; = 0 with at least one coefficient ¢; # 0. The following is a simple exercise.

Proposition 2.3.1 A sequence of orthonormal vectors is a linearly independent collection.

We say that a sequence » .-, €;e; converges to z, if for every € > 0 there exists N € N such that [z — Y"1 | e < e,

foralln > N.

One of the important results while studying Hilbert spaces is the following:

Theorem 2.3.1 Let {e;} be a sequence of orthonormal vectors in a Hilbert space H. Let {x:,, = > -_, €;¢;} be a sequence
of vectors in H. The sequence converges to some vector % if and only if

(o)
Z lei|? < o0.
i=1

In this case, we have that (T,e;) = €;.

2.3.2 Separable Hilbert Spaces and Countable Expansions

Definition 2.3.2 Given a normed linear space X, a subset D C X is dense in X, if for every x € X, and each ¢ > 0,
there exists a member d € D such that ||z — d|| < e.

Definition 2.3.3 A set is countable if either it has finitely many elements or there is a one-to-one correspondence between
the set and the set N of natural numbers (which would then be an enumeration / counting map).

Examples of countable spaces are finite sets, the set Z of integers, and the set Q of rational numbers. An example of
uncountable sets is the set R of real numbers.
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Theorem 2.3.2 (a) A countable union of countable sets is countable.
(b) Cartesian product of finitely many countable sets is countable.

(c) Cartesian product of (countably) infinitely many finite sets may not be countable. The same holds even when each of
the sets is finite.

(d) [0,1] is not countable.
Cantor’s diagonal argument and the triangular enumeration are important steps in proving the theorem above.
Definition 2.3.4 A space X is separable, if it contains a countable dense set.

Separability states that it suffices to work with a countable set, when a set is uncountable, for computational purposes.
Examples of separable sets are R, and the set of continuous and bounded functions on a compact set metrized with the
maximum distance between the functions.

Theorem 2.3.3 Let H be a separable Hilbert space. Then, every orthonormal system of vectors in H has a finite or
countably infinite number of elements.

Proof. Let D = {x1,z2,--- , } be a countable set dense in H. Let {e,, o € A} be a set of orthonormal vectors. Observe
that, for o # B, ||ea — es]|? = |leal|® + [leg]|®> = 2 and hence ||eq — es]| = V2.

By denseness of D, for every e, there exists some element xy,_ such that |le, — 2y, || < % Let M be the collection of

such vectors {zy, } and observe that since it is a subset of D, this set is countable as well. Now, for a given z,_, for any
ep with 8 # a, we have, by the relation, ||z| — ||y|| < ||z — y]l,

les — eall = (6o — 20l < lles — ca - (<ea —xka) = lles — x|

and thus

1
V2— —— <|esg—=
\@_”B ol

Therefore, for every z,, in M there is one and only one e, which has a distance strictly less than % Thus, we can
associate with every element in {e,,a € A} a unique element in the countable set M C D. Thus, the set {e,} is

countable. 0O

Definition 2.3.5 An orthonormal sequence in a Hilbert space H is complete if the only vector in H which is orthogonal
to each of the vectors in the sequence is the null vector.

Theorem 2.3.4 A Hilbert space H contains a complete orthonormal sequence (that is, a countable collection of such
vectors) if and only if it is separable.

Proof. (i) Let H be separable. Then, there exists a countable dense subset D = {z1, 23, - , }. Apply the Gram-Schmidt
procedure to obtain {e1, ea, - - , }, an orthonormal collection. We claim that this set is a complete orthonormal sequence.
Suppose not; that is, let h € H be so that ||h|| # 0 and yet (h, e,y = 0 for every k € N. Now, for every € > 0, there exists
T € D with ||h — 2,,]| < € and observe that z,, = >, a;e; since the span of the vectors {e1, €2, - - , €, } contains

ZT.,. Then,
m

2] = (P, k) = (h =) @ies,h) = (h = 2m, h) < [[h =z ll|2]] < elh]),
k=1

which implies that ||h|| < e. Since € > 0 is arbitrary; this completes the proof that ||| = 0 and h is the null element.

(ii) Now, let H have a complete orthonormal sequence {eq, ea, - - - }. We will show that
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D= U{er:xziaiei,aiEQ}v
k=1

neN

is a countable dense subset in H, and this H is separable. That D is countable follows from the fact that for every n, the
set{r € H:z = 22:1 a;e;, a; € Q} is countable as a Cartesian product of finitely many countable sets, and thus the
countable union over n € N leads to a countable set. We now show that this set is dense in H.

Consider the sequence of vectors z,, := Y., (z, €;)e;. Observe that z,, converges to a limit by Theorem 2.3.1. To see
that the sequence Y i, [(z,€;)|? is summable, use orthonormality and apply the Pythagorean theorem to conclude that
oo @, €:)|* < [|x||. Therefore, the limit Y ;- (z, e;)e; is well-defined.

Now, let h =z — >_:2 | (z, e;)e;. We claim that ||h|| = 0. For any m € N,

(hyem) = (x — Z<$,€¢>€i,€m>
= (x,em) — <nll>ngo Z(Js,ei>ei,em>

s
Il
_

= <$7€m> — lim ( <$C,€i>€i76m>

IS

n— oo 1
=
= <13,8m> - <-T76m> =0. (2.11)
But since {eq, ez, - -} is a complete orthonormal sequence, it must be that ||| = 0. Hence, z = Y .o (z, ¢;)e;. Now

approximate this vector, by first truncating the sum so that for any ¢ > 0,

N

lz =Dz, eijeill < e/2,

=1

and then approximating the coefficients by rational numbers so that || Zf\;(x, ei)e; — Zfil aiei|| < €/2 with a; € Q.
This implies that

N
o= aiei]
i=1
N

N N
<l = S edel + S eies = 3 aves
=1 =1

i=1

<e (2.12)

Since for every € such an approximation can be made by some element in D, this completes the proof. 0O

The proof above also showed the following result.

Theorem 2.3.5 In a Hilbert space H, a complete orthonormal sequence {e,,,n € N} defines a basis in the sense that for

any x € H, we have
N

L= I\/lgnoo Z<x7 ek>ek
k=1

2.3.3 Separability of I, and Lo spaces

In view of Theorem 2.3.4, the following result builds on the fact that the sequence of orthonormal vectors
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{en,n EN: e,:Zy =R, en(m)=1l{mopny, mME Z+}

is a countable complete orthonormal set in I5(Z;R): Note that for any h = {h(1),h(2), - ,} € I2(Z1;R), (h,e,) =
h(n) and hence for any vector v € l2(Z,;R)

(v,en) =0 VneZ, = |jv||=0.

Theorem 2.3.6 The Hilbert space l5(Z+; R) with inner product

(h1,ha) = Y Pa(n

nEZy

is separable.

Next, we will show that Ly([a, b]; R) is separable for a, b € R. To establish this result, we will review some useful facts. In
the following, we will need to use some basic properties of Lebesgue integration; the reader may find Appendix A useful.
The analysis regarding the proof of this result is optional for our course.

Theorem 2.3.7 (Bernstein-Weierstrass’ Theorem) Any function in C([0, 1];R) can be approximated arbitrarily well by
a polynomial under the supremum norm.

Proof. This can be proven by construction. Define for some f € C([0,1]) and n € N the Bernstein polynomial of order n

h Zf ()tkl—t)

It can be proven that
lim sup |f(t) — By f(t)|=0.
n—oo tE[O,l]
See Exercise 2.4.14 for a probability theoretic proof, by noting that if X, is a collection of {0, 1} valued independent and
identically distributed random variables with P(X} = 1) = ¢, we have that

1 N
Blf(x 30 X)) = S0),
k=1

where this holds uniformly over ¢ € [0, 1]. This expectation operation defines a polynomial on [0, 1]. See Exercise 2.4.14
for further details. o

Theorem 2.3.8 The set C ([0, 1]; R), of continuous functions, is dense in Lo ([0, 1]; R).

Proof Sketch. First let us consider f € Ly([0, 1];R) that is bounded. Such a function can be approximated by a simple
function with an arbitrarily small error under the supremum norm, by the construction of the Lebesgue integration (see
Appendix A). By a result known as Urysohn s Lemma, for any Borel E, we can approximate any indicator function
1{zery With a continuous function g so that f |1{zery — 9(x)|dz < e for any € > 0: This follows first by noting that
for any measurable F, for any ¢ > 0 there exist F closed and G open with F C E C G and A\(G \ F) < € where X is
the Lebesgue measure, and then noting that one can construct a continuous function which takes the value 1 on F' and the
value 0 outside G (e.g., g(z) =1 — (T, I(igr f) 0ANG)) ) Thus, given a finite number of indicator functions, their sum
can be approximated by so many continuous functions with an arbitrarily small error. If the function f is not bounded, it
can be first represented as a sum of positive and negative parts, and each (say the positive part) can be approximated with
a bounded function, since for a non-negative valued function f:
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lim |f(t) — min(N, f(t))[*dt = 0.
N—=oo Jielo,1]

This argument follows from the fact that | f(¢) — min(N, f(¢))|? < f2(¢), and the dominated convergence theorem due to
the fact that f2(t) is integrable. Thus, for any €, a bounded function can be used to approximate f. For such a function, the
method presented above can be used to establish the denseness of continuous functions. o

Theorem 2.3.9 The space La([0,1]; R) is separable.

Proof. Given Theorem 2.3.8, we can show that polynomials {t* k € Z.} defined on [0, 1] can be used to construct a
complete orthogonal sequence. In view of Theorem 2.3.4, this will imply separability.

To see this, let (h, t*) = 0 for all k € Z, but ||h|| # 0. Then for any finite n and a1, ag, - -+ , o, € R:
(hyhy = (h = a;t', by < [[h = a;t'[[||h] (2.13)
i=1 i=1

The expression ||[h — >_i" | a;t*|| can be made arbitrarily small by first approximating & with a continuous function with
a given approximation error (by Theorem 2.3.8) and then approximating that fixed continuous function with a polynomial
of some finite degree with another arbitrarily small approximation error (by Theorem 2.3.7). Thus ||h|| must be less than
any positive real number. Therefore, there exists a complete sequence. This sequence can be made orthonormal by the
Gram-Schmidt procedure. o

Thus, Bernstein polynomials are dense in C'([0, 1]), but these are not orthogonal in Ly([0, 1]; R); and if we apply the Gram-
Schmidt procedure to {1,#,¢,-- -}, we can obtain an orthonormal collection of polynomials that is a complete sequence
in Ly([0, 1]; R) as we saw in the proof of Theorem 2.3.9. These orthonormal polynomials are called Legendre polynomials.
For Ly([0, 1]; R), there exist further complete orthonormal sequences, to be discussed shortly.

We now discuss the separability of Lo(R;R).
Theorem 2.3.10 Ly (R, ;R) is separable.

Proof Sketch. Consider the set of functions: Fr = {g : g(z) = f(2)1{jzj<ky}, f € L2(Ry;R)}. Bach F is separable
under the Lo norm and there exists a countable dense subset in F, call them N . Furthermore, for every f € Lo(R;R)
and every ¢ > 0, there exists some K and some g € Fx such that ||f — g|| < e (this follows from the dominated
convergence theorem, or the monotone convergence theorem depending on how one may use either). Now, let K range
over positive integers, and observe that Ux <y N is countable, as a countable union of countable sets. Hence, this set is a
countable dense subset in Lo(R,; R). o

We will study the applications of these results in Fourier transformations, filter design and estimation.

Two further results are presented in the following.
Theorem 2.3.11 The set Ly([1,00); R) is dense in L1 ([1, 00); R).

Proof: Let g € L;1([1,00);R). Let gx (t) = g(t)14j<k3,t € R. It follows that gx € La([1,00);R) and [|g — gx[[1 < e.
o

Theorem 2.3.12 Let C,. denote the space of continuous functions with compact support. C, is dense in L1(R;R).

Proof Sketch. Recall first that the support or a function f is defined as the closure of the collection of points on which
f is non-zero. First let us assume that the bounded domain [— K, K|, for some finite K, contains the support of f. In this
domain, we can approximate any f € L;(R;R) with a simple function with an arbitrarily small error under the L; norm
|- |l1, by the construction of the Lebesgue integration (see Appendix A). Again by Urysohn’s Lemma, we can approximate
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any indicator function 1,y with a continuous function g with compact support so that | _KK 1{zery — 9(x)| < e Thus,
given a finite number of indicator functions, their sum can be approximated by so many continuous functions with an
arbitrarily small error. If the function f has unbounded support, then we can truncate it first to obtain a function with a
finite support, with some (arbitrarily small) approximation error. o

The above is also important in that, it shows that in L,(R;),1 < p < oo, the mass of a function cannot escape to
infinity. We will revisit this important characteristic occasionally in particular while discussing Fourier transforms.

2.3.4 Signal expansions in L2 ([a, b]; R) or L2([a, b]; C): Fourier, Haar and Polynomial Bases
Fourier Signals as Basis Vectors and Fourier Series

Fourier series is a very important class of orthonormal sequences which are used to represent both discrete-time and
continuous-time signals. These will be studied later on in much detail. In particular, we will soon see that in Ly ([0, P]; C)
the family of complex exponentials

1 5 &
e ep(t) = —e>"Ft L e 7Y,
{er ex(t) 7P }
provides a complete orthonormal sequence.
Accordingly, for any x € L2 ([0, P]; C), we can write
T = Z<xa ek>ek'
kEZ
or by expanding the inner-product, we have
z(t) = Z </ x(s)lei%’;’sds) iei%%t
=\ VP VP
where the convergence of the infinite sum is in the Ly sense.

This expansion is precisely the Fourier series expansion of the function = in Lo ([0, P]; C). The inner-product (z, ej)
defines the Fourier transform.

Legendre Polynomials as Basis Vectors

We have seen, in the context of Theorems 2.3.7 and 2.3.8 (see the proof of 2.3.9), the functions {L‘k7 k € Z,} can be
used to construct an orthonormal collection of signals which is complete in Ly([a, b]; R). These complete orthonormal
polynomials are called Legendre polynomials.

Haar Functions as Basis Vectors

One further practically very important basis is the class of Haar functions (known as wavelets). Define

1, ifo<z<l1
Po0(z) = { 0 (2.14)

else
and forn € Zy,k € {0,1,2,...,2" — 1},

/2 k2T <z < (k+1/2)27"
D pp(x) = =272 if (k+1/2)27" <z < (k+1)27" (2.15)
0 else
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Theorem 2.3.13 The (Haar) set of vectors
{Epo’o,én,k,n S Z+, ke {0, 1,2,..., 2" — 1}}

is a complete orthonormal sequence in L2([0,1]; R).

The important observation to note here is that, different expansions might be suited for different engineering applications:
for instance Haar series are occasionally used in image processing with certain edge behaviours, whereas Fourier expansion
is extensively used in speech processing and communications theoretic applications.

2.3.5 Approximations

Approximations allow us to represent data using finitely many vectors. The basis expansions studied above can be used to
obtain the best approximation of a signal up to finitely many terms to be used in an approximation: This can be posed as a
projection problem, and we have seen that the best approximation is one in which the approximation error is orthogonal to
all the vectors used in the approximation (defining an approximation subspace).

2.4 Exercises

Exercise 2.4.1 a) The set C*(R), which is the set of all functions from R to R that are infinitely differentiable, together
with the operations of addition and scalar multiplication defined as follows, is a vector space: For any f1, fo € C*°(R)

(f1 + f2)(x) = fi(z) + fa(x), z€R

and for any « € Rand f € C*°(R)
(a- fllz)=af(x), z€eR

i) Now, consider P(R) to be the set of all (polynomial) functions that maps R to R such that any f € P(R) can be written
as f(x) = Z?:o a;x’ for some n € N with ag,ay,--- ,a, € R. Suppose that we define the same addition and scalar
multiplication operations as defined above. Is P(R) a subspace in C*°(R)?

ii) Show that the space of all functions in C*°(R) which map R to R which satisfy f(10) = 0 is a vector space with addition
and multiplication defined as above.

b) Consider the set R™. On R", define an addition operation and a scalar multiplication operation as follows:
(1‘1,&?2, e 7x7l) + (y17y2a T 7y’n) = (371 +y1,$2 +y27' oy In +yn)
(&% (Z’l,LUQ, e ,.’lfn) = (Oéxl, Qarg, .- 7041;1'7,)

Show that, with these operations, R™ is a vector space.

c) Consider the set

W={(z,y): e e R,z € R,z >0,y >0}
On this set, define an addition operation and a scalar multiplication operation as follows:
(x1,91) + (22,92) = (2191, T2Yy2)
a-(z,y) = (¢%,y")

Show that, with these operations, W is a vector space. Hint: Consider a bijection between W and the space R? with
W3 (z,y) = (log(z), log(y)) € R
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Exercise 2.4.2 (Holder’s inequality) Ler1 < p,qg <ocowithl/p+1/qg=1 Letx € l,(Zy) and y € l,(Z4). Then,
o
Dl < llzlpllyllg
i=0

This is known as Holder’s inequality. Equality holds if and only if

L4 _ Y% \asp
( )(1/q) — (7)( p)
2l lyllq

foreachi € Z,.
To prove this, perform the following: a) Show that for a > 0,b > 0, ¢ € (0,1): a®b'=¢ < ca + (1 — ¢)b with equality if
and only if a = b. To show this, you may consider the function f(t) = t° — ct + ¢ — 1 and see how it behaves for t > 0 and
lett = a/b.

b) Apply the inequality a°b'=¢ < ca + (1 — ¢)b to the numbers:

|4

s

poob= (e ooy

a=(
||?J||q

Holder’s inequality is useful to prove Minkowski’s inequality which states that for 1 < p < oo,

1z +yllp < llzll, + llylly

This proceeds as follows:

n n n n
Z |z + yil” < Z |lzs + yil P + il < Z i + il | + Z |z + il P vl
i=1 i=1 i=1 i=1

1/ n

n 1/q , n P 1/q , n 1/p
= <Z|xi+yil(”1)q> <Z|xi|p> + (Z|xi+yi|(pl)q) (ZI%I”)
i=1 i=1 i=1 i=1
n 1/q n 1/p n 1/p
(S (S ()
i=1 i=1 i=1
Thus, using that 1 —1/q = 1/p,

n 1/p n n 1/p
(Cletur) < (X)) +(Xwr)
i=1 i=1 i=1

Now, the above holds for every n. Taking the limit n — oo (first on the right and then on the left), it follows that

(2.16)

1/p

12+ yllp < 12l + [yl

which is the desired inequality.

Exercise 2.4.3 Given a normed linear space (X, ||.

), introduce amapn : X x X = R:

ey
M) = Ty

Show that n(x,y) is a metric: That is, it satisfies the triangle inequality:

n(x,y) <n(z,2) +n(z,y), Vo,y,z€X



26 2 Signal Spaces: Linear, Banach and Hilbert Spaces, and Basis Expansions

and that n(z,y) = 0 iff x = y, and finally n(z,y) = n(y, x).

Exercise 2.4.4 Let {e,,,n € N} be a complete orthonormal sequence in a real Hilbert space H. Let M be a subspace of
H, spanned by {ey, k € S}, for some finite set S C N. That is,

M={veH:Ja, eRkeS, v:Zakek}
kes

Let x € H be given. Find x* € M which is the solution to the following:

Juin ||z — ol

in terms of x, and {e,,n € N}.

Hint: Any vector in H can be written as © = ) (¥, en)en.

Exercise 2.4.5 Let T : Ly(R.;R) — R be a mapping given by:

1+

t2
Lt

r(0)= [ s

Is T continuous at any given fy € Lo(R;R)?

Exercise 2.4.6 Consider an inner-product defined by:

T
(@) = Jim 7 [ttt

T—oo T t=0
Is the resulting inner-product (pre-Hilbert) space separable?

Exercise 2.4.7 Let x,y € f(Z;R); that is, x,y map Z to R, such that x = {... ,x_9,2_1,%0,%1,Z2,...} and y =
{' - Y-2,Y-1,Y0,Y1,Y2, - - } and Tk, Yk € R,forall k€ Z.

For a)-c) below, state if the following are true or false with justifications in a few sentences:
a) (x,y) = >.cq xiy; is an inner-product.

b) {x,y) = > ;cy i¥yi is an inner-product.
¢){x : ||z]|3 < oo} contains a complete orthonormal sequence, where |||z = \/>,;c; [x(0)[?.

Exercise 2.4.8 Let X be a Hilbert space and x,y € X. Prove the following:

a)
lz + yl* + llz = yl* = 2[l2l* + 2[ly]1*.

b)
[z, 9)| < ([l (lylD)-

c) [10 Points]
2(z, )| < [lz)* + [yl
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Exercise 2.4.9 Let H be a finite dimensional Hilbert space and {v1,v2} be two linearly independent vectors in H.

Let by, by € R. Show that, among all vectors x € H, which satisfies
<$, Ul> = b17

<(E, U2> = b?a
the vector x* € H has the minimum norm if x* satisfies:
" = av1 + aguy,

with
(vi,v1)00 + (v2, V1) = by,

(v1,v2)a1 + (V2, V2) g = ba.

Exercise 2.4.10 Let H be a Hilbert space and C C H be a dense subset of H. Suppose that any element h¢ in C'is such
that for every € > 0, there exist n € N and 3; € R,i € N so that

n
1Y " Biei —hel < e
i=0
where {e., o € N} is a countable sequence of orthonormal vectors in H.

Is it the case that H is separable?

Exercise 2.4.11 Let x be in the real Hilbert space L1 ([0, 1]; R) with the inner product
1
@) = [ st
0

We would like to express x in terms of the following two signals (which belong to the Haar signal space)
ur(t) = Liep,a/y = Lpepyzay, ¢ € [0,1]
uz(t) = 1epayy, te€(0,1]

such that )
1
/ () = Y aguq(t)dt
0 i=1

is minimized, for {1, a2 € R}.

a) Using the Gram-Schmidt procedure, obtain two orthonormal vectors {e1(t), ea(t)} such that these vectors linearly span
the same space spanned by {u1 (t),us(t)}.

b) State the problem as a projection theorem problem by clearly identifying the Hilbert space and the projected subspace.
c) Let x(t) = 1{yeq1/2,1]y- Find the minimizing a1, o values.
Exercise 2.4.12 Let C([0,1];R) denote the normed linear space of continuous functions from [—1,1] to R under the

supremum norm. We observed earlier that polynomials can be used to approximate any function in this space with arbitrary
precision, under the supremum norm (Weierstrass Theorem).

Given this, repeating the arguments we made in class, argue that the family of polynomials {1,t,t%,---} can be used to
form a complete orthonormal sequence in Lo([0, 1]; R). This also establishes that Lo ([0, 1]; R) is separable.
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These polynomials are not orthonormal, but we could orthonormalize them via the Gram-Schmidt procedure. This leads to
what is known as the Legendre Polynomials.

Exercise 2.4.13 Alice and Bob are approached by a generous company and asked to solve the following problem: The
company wishes to store any signal f in Lo(R; R) in a computer with a given error of € > 0, that is for every f € Lo(R),
there exists some signal h € H such that ||f — h||2 < € (thus the error is uniform over all possible signals), where H is
the stored family of signals (in the computer’s memory).

To achieve this, they encourage Alice or Bob to use a finite or a countable expansion to represent the signal and later store
this signal in an arbitrarily large memory. Hence, they allow Alice or Bob to purchase as much memory as they would like
for a given error value of e.

Alice turns down the offer and says it is impossible to do that for any € with a finite memory and argues then she needs
infinite memory, which is impossible.

Bob accepts the offer and says he may need a very large, but finite, memory for any given € > 0, thus, the task is possible.
Which one is the accurate assessment?
a) If you think Alice is right, which further conditions can she impose to make this possible? Why is she right?

b) If you think Bob is right, can you suggest a method? Why is he right?

Exercise 2.4.14 Prove Theorem 2.3.7 using a probability theoretic method. Proceed as follows: The number
— ko n—k
Bug®) =) ()t o~
k=

0

can be expressed as the expectation E[ft(%)] where S,, = X1 + Xo + -+ + X,,, where X, is an i.i.d. collection of

Bernoulli random variables where X; = 1 with probability t and X; = 0 with probability 1 — t. Here, observe that the
sum S,, has a binomial distribution. Thus,

sup [£(t) = Bus(0)] = sup [ELF(22) = £(2)],
te[0,1] tel0,1] n

where E., for each t, denotes the expectation with respect to the i.i.d. Bernoulli random variables X; each with
P(X; = 1) = t. Let P, denote the probability measure induced by these t-parametrized i.i.d. sequence of Bernoulli
random variables.

Since f is continuous and [0, 1] is compact, f is uniformly continuous. Thus, for every € > 0, there exists 6 > 0 such that
|z — y| < 0 implies that | f(x) — f(y)| < €. Thus,

BLICD)] - )

Sn S,
a /ui:|:t<5 |f(7)] — fF®)IP(dw) + /w:s;:”t|>6 |f(?)} — f(t)|P(dw)
<2 sup [f@IP(ZE 1) > 0) -
y€[0,1] n

The last term converges to € as n — oo by the law of large numbers. The above holds for every € > 0.

Now, one needs to show that this convergence is uniform in t: For this show that for all t € [0, 1], via Markov’s inequality

and the independence of X;
S S, 1
P(l=" ¢ S =P(22 —¢2 > 62 <
2 =t > 8) = P22 — 4 > 6) < oo,

establishing uniform convergence (over t € [0,1)), and thus complete the proof.
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Exercise 2.4.15 (A useful result on countability properties) Ler F' : R — R be a monotonically increasing function
(that is, x1 < o implies that F'(x1) < F(x3)). Show that F' can have at most countably many points of discontinuity.

Hint. If a point is such that F is discontinuous, then there exists n € N with F(z") := liminf, |, F(z), F(z7) :=
limsup,, 1, F(z), F(zT)=F(z7) > L. Express R = Upmez(m, m+1]. Let B := {& € (m,m+1] : F(z*)—F(z7) >
%} It must be that B[ is finite for otherwise the jump would be unbounded in the interval (m, m+ 1]. Then, the countable
union U, B"" will be countable. Finally U,,, B]"" is also countable.

Exercise 2.4.16 Prove Theorem 2.3.13.
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Dual Spaces, the Schwartz Space and Distribution Theory, and the Dirac Delta
Function

3.1 Introduction and Motivation

To gain some insight and intuition on what this chapter entails, consider the function sin(nt) where n € N. This func-
tion does not have a pointwise limit (in t) as n — oo. However, with f an arbitrary continuous function, the integral
[ sin(nt) f(t)dt has a well-defined limit, which is zero (see Riemann-Lebesgue Lemma, presented as Theorem 5.3.3).
In this sense, sin(nt) can be viewed to admit a limit which is equivalent to the constant function with value 0. That is,
sin(nt) — 0(¢) in the sense that when we take the integral [ sin(nt)f(t)dt — [ sin(nt)0(t)dt, for f in a set of test
functions. This motivates the notion of weak convergence (and weak* convergence).

In our course, one important application which arises while studying linear systems as well as Laplace and Fourier trans-
forms is with regard to the use of the impulse (or Dirac delta) function. Such functions do not live in the set of R-valued
functions, and hence many operations such as integration, become ill-stated. However, the Dirac delta function is such an
important and crucial object that one has to know how to work with it even in the most elementary applications in sig-
nal processing, circuit analysis, control, and communications, in addition to many other areas of engineering and applied
mathematics. We will see that the appropriate way to study the impulse function is to always work under an integral with
test functions, not unlike what we discussed above. We will make this discussion more precise in the following.

A complete understanding of Fourier transforms is possible through an investigation building on distribution theory: A
distribution is a continuous and linear function on a sufficiently large space of test functions. The space of test functions
we will consider, the Schwartz space, will prove to be very useful in arriving at several additional technical results with
significant implications.

The above will motivate us to introduce dual spaces, weak convergence concepts, and distribution theory. There will be
some additional useful properties: Every distribution is differentiable, and the differentiation is continuous. Most impor-
tantly, a function whose Fourier transform is not defined as a function might have a transform in a distributional sense.

It may not be immediately evident that the study of such a theory is needed in engineering practice. However, the patient
student will realize the importance of this topic, and versatility in introduces, both in the context of Fourier transformation
theory, as well as while studying optimization, control, ordinary and partial differential equations and their applications in
continuum mechanics, and probability and beyond.

3.2 Dual Space of a Normed Linear Space

Let f be a linear functional on a normed linear space X (thus mapping X to R). We say f is bounded (in the operator
norm) if there is a constant M such that | f(z)| < M||z| for all z € X. The smallest such M is called the norm of f and
is denoted by || f||, also given by:

/()]

x| ]| £0 ||| .

1f1l=

3.1
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Let us define the dual space of X as the set of linear and bounded functions on X to R or C, and let us denote this space by
X*. The space X * is called the (topological) dual space of X. This is equivalent to the space of all continuous and linear
functions, as continuity and boundedness imply each other:

Theorem 3.2.1 Show that a linear functional on a normed linear space is bounded if and only if it is continuous.

Proof. a) Boundedness implies continuity: For every € > 0, there exists a ¢ > 0 such that ||z — y|| < ¢ implies that
[f(z) = F)l = [f(z —y)| < M|z —y|| < ¢, with§ = ¢/M.

b) Continuity implies boundedness: We will prove the contrapositive: if the linear function is not bounded then it cannot be
continuous. Recall by Theorem 2.1.4 that a linear function on a normed linear space is continuous at any point if and only
if it is continuous at the null element. Suppose the function is not bounded. This means that for any sequence M,, — oo,
for every M,, < oo there exists x,, so that ‘ﬂ(m”‘l) | > M,,. We can take M" — 00. We can construct the sequence of vectors

Ty = Tn such that 2}, — 0. By linearity,

n = AT

nljzn||
Thus, sequence f(z;) does not converge to 0, hence the system cannot be continuous. O

The space X * is a linear space, under pointwise addition and scalar multiplication of functions in it. Furthermore, X* is
itself a normed space with the norm given above in (3.1).

Exercise 3.2.1 Show that (X*,|| - ||) is a Banach space.
Remark 3.1. We note that the above holds even if X itself is not Banach.

A key result for identifying the dual spaces for [,,(Z;R) or L,(Ry;R) spaces is Holder’s inequality (see Theorem 2.1.2):
Let 1 < p,q < oo or possibly co. Then,

S 2 < el ol

1€L4

1,1 _
whereg—i—a—l.

Theorem 3.2.2 (Riesz Representation Theorem for [,,(Z;R) and L,(R;R) spaces) (i) Every linear bounded func-
tion F : 1,(Z4+;R) = R, 1 < p < oo, is representable uniquely in the form, with x = {x;,i € Z; } € l,(Z4+;R):

x) =Y Mz,
=0

where ) = {n;} is in l;(Z4;R) with % + % =1
(ii) Furthermore, every vector 1 in l,(Z; R) defines such a vector F' (as above) in l,,(Z4;R)* with

IEN = lInllq- (3.2)
(iii)This also applies to L,(Ry;R) spaces.

Proof sketch. (i) We provide a proof sketch for the dual space of [,,(Z1;R), 1 < p < cc. Let {e,,, m € Z} be defined
as: e (n) = lin=m), n€Zy. Letx = (zy,mcZy) € lpy(Zy;R). Then, for f € 1,(Z;R)",

= f(i Tm€m) = A}gnoo Z TmCm) = J\}gr(l)of Z Tm€m) = lgnOo Z T f(em) = hm Z T m,s

m=0 m=0 m=0 m 0
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where 7, := f(e,,) for m € Z,. In the above, the equalities follow from the fact that x € [,(Z4+;R), f is continuous,
and it is linear. We will show that = (1,,, m € Z4) € l4(Z+;R). To see this, first define for N € N:

N
on =Y [nm|"Psign(nm)
i=0
and observe that N
lznlly = O Inml9)?
i=0

Now,
N N N
flan) = Z |77m‘|77m‘q/p = Z |77m|1+q/p = Z |7 ?,
m=0 m=0 m=0

where we used % + % = 1. Now, since for all f € {,,(Z4;R)* there exists M so that | f(z)| < M||z||,, we have that

N
flxn) _ ZZ:O [7m | _ (Z |7 < M
lznlls (S w0 -

Now, take the limit as N — oo to conclude that € [,(Z4; R).

(i) This follows from Holder’s inequality (see Theorem 2.1.2). The special case with p = ¢ = 2 follows from the Cauchy-
Schwarz inequality.

(iii) We will not discuss the L,, case, though the arguments are parallel. O

Riesz Representation Theorem tells us that while studying spaces such as L,(Ry;R) or [,(N;R), we can use an inner-
product like (but not really an inner-product in the way we defined Hilbert spaces) expression to represent the set of all
linear functions on X by:

() Xdxe(2,y) = /Rx(t)y(t)dt eR

where (-, ) is a continuous linear function on X, but this is equivalent to the function y €€ L,(R4;R) having an inner-
product like expression with z € X. Thus, every vector in L, (R ; R)* is identified with some vector y € L,(R;R).

Likewise, for a discrete-time signal:

(Ly): X vz (x,y) = Zx(z)y(z) €R,
i=1
is a linear function on X.

Thus, if X = L,(R4;R) for 1 < p < oo, we can show that the dual space of X is representable by elements in L, (R ; R)
where L + 1 =1,
p q

In the special case of p = 2 we have the space L.(R ; R), which has its dual space as itself.

The following is a general result for Hilbert spaces.

Theorem 3.2.3 (Riesz Representation Theorem for Hilbert Spaces) Every linear bounded function f on a Hilbert space
H admits a representation of the form:
flx) = (z,y)

for some y € H.

We say that x € X and z* € X™ are aligned if
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(o, 2%) = [l|||l="].
Remark 3.2. Some observations beyond the scope of our course follow.

(i) The dual space of I (Z4;R) or Lo (R ;R) is more complicated (due to the fact that such functions do not converge
to zero as the index goes unbounded), and will not be considered in this course. On the other hand, let ¢y € I'(Z; R)
be the set of functions which decay to zero. The dual of this space is (associated with, in the sense of the representation
result presented earlier) [; (Z; R).

(ii) The dual of C([a, b]; R) can be associated with the space of signed measures with bounded total variation. Likewise,
let Co(R; R) denote the space of continuous functions f which satisfy lim|,|_,, f(2) = 0. The dual of this space is
(associated with) the space of finite signed measures with bounded tozal variation.

(iii)Those of you who will take further courses on probability will study the concept of weak convergence of probability
measures. A sequence of probability measures (., converges to some probability measure p weakly if for every f in
Cy(R; R) (that is the set of continuous and bounded functions on R)

[mtdo)f@) - [ ntan)sio).

If we had replaced Cy (R; R) with C(R; R) here, note that this would coincide with the weak*-convergence of 1, —
(to be studied in the following). Nonetheless, in probability theory the convergence stated above is so important that
this is simply called weak convergence.

3.2.1 Weak and Weak* Convergence

Earlier, we discussed that in a normed space X, a sequence of vectors {z,, } converges to a vector x if

|lzn — x| — 0.
The above is also called strong convergence.

Definition 3.2.1 A sequence {x,} in X is said to converge weakly to x if
f(an) = f(2)
forall f € X*.

Exercise 3.2.2 Let x € I3(N;R). Show that if
x — ",

then

We note however that, weak convergence does not imply strong convergence.

A related convergence notion, one that we will adopt while studying distributions, is that of weak* convergence, defined
next.

Definition 3.2.2 A sequence { f,} in X* is said to converge in the weak* sense to f if

forallz € X.
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We note that such a convergence notion is very useful in the study of solutions to differential equations (ordinary and
partial), optimal control theory, and probability theory as well, even though we will not be able to discuss these in our
course.

3.3 Distribution Theory

A distribution is a linear and continuous R—valued function (that is, a functional) on a space of test functions. Thus, a
distribution can be viewed to be an element of the dual space of a linear space test functions (even though we will see that
the linear space of test functions does not need to form a normed linear space).

Studying distributions and sets of test functions present many benefits for our course. For example, the delta function has
a natural representation as a distribution. Furthermore, Fourier analysis will be observed to be a bijective mapping from a
space of test functions to another one, and this space of test functions is rich enough to approximate many functions that
we encounter in applications sufficiently well. Furthermore, we will define the Fourier transform first on a space of test
functions and extend it from this space to larger spaces, such as Lo (R; C).

3.3.1 Space D and S of Test Functions

Let D denote a set of test functions from R to R, which are smooth (infinitely differentiable) and which have bounded
support sets. Such functions exist, for example

_1
f(t) = 1ge<ye™1,
is one such function.

We say a sequence of functions {x;} in D converges to the null element 0 if a) For every i € N, there exists a compact,
continuous-time domain 7" C R such that the support set of x; is contained 7" (we define the support for a function f to be
the closure of the set of points {t : f(¢) > 0}). b) For every € > 0, and k there exists an Ny € Z such that for all n > N,

pr(z) < €, where p;, = sup,cp |%x(t)| (that is, all the derivatives of = converge to zero uniformly on R).

In applications we usually encounter functions with unbounded support. Hence, a theory based on the above test functions
might not be satisfactory. Furthermore, the Fourier transform of a function in D is not in the same space (a topic to be
discussed further). As such, we will find it convenient to slightly extend the space of test functions.

Definition 3.3.1 (Schwartz function Space S) An infinitely differentiable function ¢ : R — R is in the Schwartz function
space, denoted with S, if for each k € 7., and for eachl € 7.

sup |t'¢®) ()] < oo,
teR

where ¢\F) (t) = ;Tiqb(t).

t

For example the function ¢(t) = e~*" is a Schwartz function.

One can equip S with a notion of convergence generated by a countable number of semi-norms:

ds
o = t*—o(t)|,
Pap(9) 1= sup [t 5 6(2)]
for o, 8 € N. That is, we say, a sequence of functions ¢,, in S converges to another one ¢ if

lim pog(pn — ) =0, (a,B8) €Zy xZy.

n—roo
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With the above, we could define a metric by working with the above seminorms: for z,y € S, let us define a metric
between the two vectors as:

ﬂ%MZE:;Jiéiw, (3.3)

n
where n is a countable enumeration of the pairs («, 8) € Zy X Z.

The Schwartz space of functions equipped with such a metric will be a complete space. Furthermore, differentiation oper-
ator becomes a continuous operation in S, under this metric; a topic which we will discuss further.

As had been discussed before (slightly generalizing Theorem 2.1.3), a functional 7" from & — C'is continuous if and only
if for every convergent sequence in S, ¢, — ¢, we have T(¢,,) — T(¢). We note that checking sequential continuity
is typically easier than continuity, since in the space S, it is not convenient to compute the distance between two vectors
given the quite involved construction of the metric in (3.3).

Definition 3.3.2 A distribution is a linear, continuous functional on the space of test functions S.

Thus, a distribution is an element of the dual space of S (that is, S*), even though S is not defined as a normed space, but
as a metric space which is nonetheless a linear space.

General Distributions and Singular Distributions

Distributions can be regular and singular. Regular distributions can be expressed as an integral of a test function and a
locally integrable function (that is a function which has a finite absolute integral on any compact domain on which it is
defined). For example if +y is a real-valued integrable function on R, and ¢ € S the distribution given by

10)i= [ 0ol (34)
R
is a regular distribution on S, represented by the function (¢).
Definition 3.3.3 A tempered function, x(t) is one which satisfies small growth, that is, for some 3,7 € R, N € Z,.:

()] < Bt +9, VEeR

Any tempered function can represent a regular distribution.

Singular distributions do not admit such a representation. For example the Dirac delta distribution ¢, defined for all ¢ € S:

does not admit a representation in the form [ g(t)¢(t) = ¢(0). Even when there is no function which can be used to
represent a singular distribution, one occasionally represents a singular distribution as if such a function exists and call
the representing function a singular or a generalized function. The informal expression [ 6(¢)¢(t) = ¢(0) is a common
example for this, where J is the generalized impulse function which takes the value oo at 0, and zero elsewhere.

Proposition 3.3.1 The map 6(¢) = ¢(0) defines a distribution on S. This distribution is called the Dirac delta distribution.

Proof: We need to show that the 0(¢) is linear and continuous. Linearity is immediate. To show continuity, let ¢,, — ¢.
This implies that sup, |¢n () — ¢(¢)| = 0, by the definition of convergence. Hence



3.4 Approximate Identity Sequences 37

Exercise 3.3.1 Show that the relation

defines a distribution f € S*.

While performing operations on distributions, we first study regular distributions and try to check if the operation is con-
sistent with such distributions.

Equivalence and Convergence of Distributions

Two distributions 4 and ¢ are equal if

V() =Cf), vfes
Definition 3.3.4 A sequence of distributions {7, } converges to a distribution 7 if
W(f) =3(f), VfesS
Observe that the above notion is identical to the weak™ convergence notion discussed earlier in Definition 3.2.2.

Exercise 3.3.2 Letforj € Z.,j >0

g if0<t< 3
i) = J (3.5)
0 else
a) For any real-valued function g € S, define
filg) = [ fi()g(t)dt
0

Show that fj is a distribution on S for every j € N.
b) Show that

Jj—o0

lim / " 1 (0g(t)dt = 5(g) = 9(0).

Conclude that, the sequence of regular distributions fj, represented by a real-valued, integrable function f;, converges to
the Dirac delta distribution § on the space of test functions in S.

In fact, we can find many other functions which can define regular distributions whose limit is the delta distribution. This
motivates the following section.

3.4 Approximate Identity Sequences

Definition 3.4.1 Let ¢),, : R — R be a sequence such that
o Y,(t) >0, teRneN

o [p(t)dt =1, neN.

o limy, oo f5<|t‘ P (t)dt =0, Vé > 0.
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Such 1, sequences are called approximate identity sequences.
We have seen one example in (3.5). The result discussed generalizes to any approximate identity sequence:

Theorem 3.4.1 Distributions represented by approximate identity sequences converge to the Dirac delta distribution as
n — 00.

Proof. Let ¢ € S. Then,
[ ntvoterat - 6(0)
- / U () () dt — / Vn(t)$(0)dt
= [ on®(le) - s(0))dt

Since ¢ is continuous, for every € > 0, there exists a d. > 0 such that for all [¢{] < J., we have that [¢(t) — #(0)] < e.
Accordingly,

limsup| [ ¥y (t)p(t)dt — ¢(0)]

= timsup| [ Gn(t)(6(0) — o(0))at|

<timswl [ b6 - 90
Ly R CICORE O

<timsup | RCCICOREOIT

+ limsup /t PR CEOREO

n—oo

< (2sup|¢(t)|)limsup/| s Uy, (t)dt
t:|t|>0e

teR n— o0

+ limsupe / Uy, (t)dt
n—oo  J:|t|<6.

<e (3.6)

where we use the properties of the approximate identity sequences above. Since € > 0 is arbitrary; the result follows so
that the limit above exists and is zero. Thus, we conclude that

/ bn(H)d(t)dt — 5(6) = 6(0).

3.4.1 Examples of Approximate Identity Sequences

Let forn € N,

IN

P (t):{n, if0 <t

0 else
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Such a sequence is an example of an approximate identity sequence.
Observe that for ¢ € S, if we define
)= [ hatoldr
0

It follows that f,, is a distribution on S and we can show that
o0

lim [ fa(D(t)dt = 5(6) = 4(0).

n—0o0 0

We thus conclude that, the sequence of regular distributions fn, represented by the real-valued, integrable function f,,,
converges to the Dirac delta distribution 6.

Another very important example for such approximate identity sequences is the following Gaussian sequence of functions
given by

17

3 H“m

(3.7)

Observe that each element f,, of this sequence lives in S, which will be very consequential.

We state a further example below.

Proposition 3.4.1 Consider the sequence

Y () = cn(1 + cos(2))" 1{jz|<n)

where ¢y, is so that [ 1, (x)dx = 1. We have that

lim Y (2)de =0 V5> 0.

Proof. Note that for any A, Bwith0 < A < B <,

B 1
/ en(1+ cos(z))” < 1,
A 2

and observe that

B

cn(14cos(B))"(B—A) < /A en(1 4 cos(x))"™ < en(1+ cos(A))"(B — A)

Thus, . B
sy [ 0reosta)) < g1 costB)

A
Now, given d > 0,1let0 < A < B < ¢ < 7. Then,

ol55 U (z)dz < 2¢,(m — )(1 + cos(9))" < ﬁ(l +cos(B)) " (7 — 8)(1 + cos(8))" — 0.

O

One further very useful sequence, which does not satisfy the non-negativity property above, but nonetheless satisfies the
convergence property (to d) is the following sequence:
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sin(nx
() = 0D, 8
T
We have the following result:
Theorem 3.4.2 For any ¢ € S, with ¢, as in (3.8)
nhHH;O n(z)p(x)dx = ¢(0) (3.9)

Proof. We use the following supporting results:
® -

lim sin(z) dr =7

R—o0 R x

(i) Riemann-Lebesgue Lemma (see Theorem 5.3.3): For any integrable function g, lim| f| o0, er f g(x)eif Tdx = 0.

(ii))We have lim|;|_,o ‘b(l) 20 — = h(x) for some smooth h.

Let us express the integration as

Un(z)d(x) + Un(z)¢(z)dx

|z]>1 |z|<1

The first expression goes to zero, by the Riemann-Lebesgue Lemma. For the second term, we write

o(x) — 9(0)
w(T)o(x) = 0),, (x)dx ——— “gin(nx)dz.
/|r§1w<>¢<> /IJ( V() +/ (nz)

|| <1 ™
The second term in this expression goes to zero, by the Riemann-Lebesgue Lemma through the relation lim |, M
h(z) for some smooth h and splitting the integral to an arbitrarily small interval (—4, §) and its complement [—1 ]\( 0,0)

and studying these separately, noting the convergence of the smaller interval integration to that involving the smooth func-
tion /. The first term f‘z|>1 #(0)1p,, (x)dx converges to ¢(0): By writing u = na, we obtain

/ sin(nx) da :/ sin(u) du
|zt T lu|<n U

and using the fact that lim,,_, f " md:v = 1, the result follows. O

3.4.2 Convolution and its use in approximations

The convolution of two functions (whenever this integration is well-defined) is defined as:

(¢ = d)(t /zp t—TdT—/¢ (t—7)d

The convolution can be defined for any pair of functions which are in Lo (IR; R). The convolution of two functions in § is
alsoin S.

A very useful result is the following.

Theorem 3.4.3 If 1), is an approximate identity sequence, Then,

(Y * F)(E) = f(1),
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for every continuous and bounded function f : R — R, uniformly on compact sets [a,b] C R.

Proof. Write

(n * F)(t) = f(2)
/’(/Jn ft—m7)dr — f(t)

_ /z/;n(r)f(t— r)dr — /wn(f)f(t)df
- /%(7) <f(t —7)— f(t))dT

Since f is continuous, for every € > 0, there exists a d. > 0 such that for |7| < d., | f(¢) — f(t — 7)| < e. Accordingly,

limsup |(¢n, * f)(t) — f(t)]

n— oo

=limsup| [ ¢n(7) (f(t —7)— f(t)>d7|

<tmswp [ o) sle=m) - ) )ar
n—o00 T:| 7| >0
+ liﬁsolip‘ i<s Yn(T) (f(t —7)— f(t)>d7|

< lim sup / . U (T)[f(t —7) — f(t)|dT

n—oo

b limsup / Pn(DIf(t =) — F(B))dr
7|<de

n—oo

< sl ) sy [ yirie

teR n—oo

+ lim sup / b (T)edr
|7]<é

n—oo

<e (3.10)

Since € > 0 is arbitrary; the result follows so that the limit above exists and is zero. Note that the for compact K, the §, ¢
pair can be taken to be uniform for all ¢t € K, that s, for every e > 0, there exists a 0., x > O such that | f(t)— f(t—0.)| < €
for all t € K. Therefore, the convergence is uniform over compact sets, in the sense that

lim_sup |(¢n * f)(t) — f(£)] = 0.

n—oo teK

O

Note that with v,, defined as in (3.7), (¢, * ¢) is always infinitely differentiable, and one may conclude the following:

Corollary 3.4.1 The space of smooth functions are dense in the space of continuous functions with a compact support
under the supremum norm.

3.4.3 Complenetess of complex exponentials in Lo ([—7, 7]; C)

Using Theorem 3.4.3, with
P (t) = cn(1 + cos(t))™,
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(which is an approximate identity sequence as shown in Exercise 3.4.1, when ¢, is picked so that f Y, (t)dt = 1), we can
prove the following:

Theorem 3.4.4 The family of complex exponentials in Ly([—m, 7]; C):

{en(t)} = et neZ}

EH
3

forms an orthonormal sequence which is complete.

Proof. The proof follows from Theorem 3.4.3, by writing

(o # ) /mm—r ) = /%u+mw—ﬂWﬂmh

Now,
(14 cos(t —7))" = Z (Z) (cos(t — 7))k
k=0
_ i n (ei(t—r) 4 e—i(t=7) )k
k 2
k=0
_ Z bn,keik(t”) (3.1D)
k=—n
for some collection of coefficients b,, ,, k = —n, —n + 1, --- ,n, which can be obtained by expanding (W)k
for each k. Thus,
(o + )t /wawvm—ze
k=—n k=—n

where
Qp ks = bmk/(f“”f(T)dT7 k=-n—n+1,---,n

That is, we have that, as n — oo,

z": eiktan’k — f(t)

k=—n

uniformly over ¢t € [—, w]. Accordingly, via the arguments as in (2.13), it follows that the only vector in Ly ([—, 7]; C)
which is orthogonal to {e¢?*, ¢ € [—m, 7]} for k € Z is the null vector and thus, the collection

@Mﬂéﬁ%wn

forms a complete orthonormal sequence in Lo ([—7, 7]; C). O

This sequence is used for the Fourier expansion of functions in Lz ([0, 27]; C); see Section 2.3.4.

3.5 Some Operations on Distributions [Optional]

While studying several properties of distributions, one typically first starts with a generalized distribution and tries to extend
the properties to singular distributions.
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One important property of distributions is that, every distribution has a derivative. Furthermore, we will also be taking the
Fourier transform of distributions, but the derivative, once again, will have a meaning as a distribution; that is it will only
have a meaning when it is applied to a class of test functions.

Definition 3.5.1 The derivative of a distribution ¥ € S* is defined as:

dé

(DN6) =5, des.

We can check if this definition is consistent with a distribution represented by a regular function. Consider (3.4) and note
that through, integration by parts

/%W(tw(t)dt = —/7(t)%¢(t) _ —ﬁ(%),

Given the definition of a distributional derivative, show that the distributional derivative of the distribution & represented
by the unit step function is the Dirac delta distribution: Let u(t) denote the step function: that is u(t) = 150 (11,3 being
the indicator function). Define for ¢ € S,

6) = [ utooi = [ o

We can verify that the Dirac delta distribution is the derivative of the step distribution above:

Du(9) = ~u(D) =~ [ (DA)(®) =~ lim 6(0) + 6(0) = 9(0) = 50,

for all ¢ € S (In the above equation, ¢ € S allows us to use that lim;_, o, ¢(t) = 0).

This is an important relationship in engineering applications; for example, the step function often models a furn-on event
for a switch in circuit theory and its derivative is often approximated to be the Dirac delta function (to be cautiously
interpreted).

Let T be a distribution given by F'(¢) = [ F(t)¢(t)dt.
The convolution of F with ¢ € S would be:

/ F(r)o(t — r)dr

We can interpret this as a distribution in the following sense. Let T;(¢)(7) = ¢(7 — t) be the shifting operator and
Rg(z) = g(—=x) be the inversing operator: Then,

[ Pt =ndr = [ Fo)RTON) = PURTS)

This then motivates the following: The convolution of a function ¢ in S and a distribution f is defined by:

@+ 0 = [ 1ot - r)dr = F(RT0).
where, as before, Rg(x) = g(—x) is the inversing operator and T;(¢)(7) = ¢(7 — t) is the shifting operator.

Theorem 3.5.1 For any distribution f and ¢ in S, ¢ * f is an infinitely differentiable function and can be used to represent
a regular distribution.

Let f, g be two regular distributions represented by f, g, respectively. The convolution of f x g is given by the relation,
whenever this is well-defined:
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(f *g) (6) = F(ho(0)), VoeS,

with

h(o) = [ g — é(r)dr

— 00

It should be observed that, with the above definition:

(f *5) (6) = F(¢), Voes,

that is the delta distribution is the identity element in distributions under the operation of convolution.

Let v, be the approximate identity sequence given by (3.7), so that ¢, € S. Then, it can be shown that for any singular
G, ¥y, * g is a smooth function, and can be used to represent a regular distribution such that (¢, * g)(¢) = g( [ ¥n(t —
T)p(t)dt) — g(¢) for any ¢ € S (by linearity and by continuity of g). Accordingly, for any singular distribution, there
exists a sequence of regular distributions which converges to the singular distribution.

3.6 Fourier Transform of Schwartz functions

We will continue the discussion of Schwartz functions in the context of Fourier transforms. One appealing aspect of
Schwartz functions is that the Fourier transform of a Schwartz function lives in the space of Schwartz functions. In fact,
the Fourier transform on the space of Schwartz functions is both onto and one to one (hence a bijection). This will be
proven later. Since the space of continuous functions is dense in the space of square integrable functions, and S is dense in
the space of continuous functions under the supremum norm by Theorem 3.4.3, we will use the bijection property of the
Fourier transform on S to define the Fourier transform of square integrable functions.

3.7 Appendix

3.7.1 Optional: Application to Optimization Problems and the Generalization of the Projection Theorem [11]

The duality results and Holder’s inequality are important in applications to optimization problems. The geometric ideas we
reviewed in the context of the projection theorem apply very similarly to such spaces, where the inner-product is replaced
by the duality pairings. Let us make this more explicit: Let for a subspace M,

M* = {2*: (m,z*) = 0,Ym € M}.

Theorem 3.7.1 (i) Let x be an element in a real normed space X and let d denote its distance from a subspace M. Then,

(z, %)

d= inf ||z —m]| = max
meM (|| <1zr ML)

If the infimum is achieved, then the maximum on the right is achieved for some x§ such that x — my is aligned with x,.

(ii) In particular, if mq satisfies
|z — mol| < ||z — m||,Ym € M,

there must be a non-zero vector x* € X* such that (m, x§) = 0 for all m and x* is aligned with x — my.

We note that by alignment of 2* and z, it is meant that |z*(x)| = ||z*||||=]|-

Proof.
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(i) Forany € > 0, let m. € M be such that ||z — m|| < d + e. For any x* € M+ with ||z*|| < 1, we have
(2,27) = (& —me, ") < ||lz"[|lz —me|| < d +e
Since € > 0 is arbitrary, it follows that (z, z*) < d.

It remains to be shown if we could find an zf for which (z, x§) = d.

Let N be the subspace spanned by the vectors in the collection x + M ; every vector in [V can be written asn = ax+m
for some m € M and o € R. One can define a linear function on N by the equation

fln) = ad,
and note that this basically assigns the value zero for those vectors in IV that are strictly in M.

We have:
|f(n)] lald |afd

11 = sup HEE —sup L —gup
s o +m] ~ " Jaflle + 2]

)

since inf [z + 2| = d. Now, define an extension of f from N to all of X (this is possible due to an extension
theorem known as Hahn-Banach Extension theorem). Call this extension x(; and such an extension can be made so that
lzgll = Il = 1 and z§(n) = f(n) forn € N. Since f(m) = 0 for m € M, we have that *(m) = 0 as well for
m € M (so xfy € M*1). Thus, (z,z}) = d (since z = x + 0 with the view that 0 € M).

(ii) Now let my exist so that ||z — mg|| = d and let z}; be any element so that z; € M=, ||z4| = 1 and (z,z}) = d (the
construction above is an example). Then,

{x = mo, x5) = (x,25) = d = ||lzgllflz — mol,

where the last equality holds since ||z}|| = 1 and ||« — mq|| = d. Thus, =) is aligned with z — my.

Theorem 3.7.2 Let M be a subspace in a real normed space X. Let x* € X* be at a distance d from M. Then, (i)

d= min |z*—m"|= sup (z,z%),
m*eM-+ zeM,||lz||<1

where the minimum on the left is achieved for m{; € M. (ii) If the supremum on the right is achieved for some xo € M,
then x* — my) is aligned with x.

Proof. (i) For any m* € M, we have

J* —=m™[| = sup (z,z" —m") > sup (r,z"—m") = sup (z,2") = [lz"|n-
llzll<1 lzll<l,zeM lzll<l,zeM
Thus, ||z* — m*|| > ||2*||». We now seek for mj; € M~ giving an equality. Consider =* restricted to M. Let y* be the
(Hahn-Banach) extension of the restriction of z* to M, to the whole X. Thus, ||y*||as = ||«*||ar and (2* — y*)(m) =0
for m € M. Define m$; = z* — y*. Then, m; € M+ and ||z* — m}|| = ||y*|| = ||=*| ar-
(ii) If the supremum on the right-hand side is achieved for some g € M, then with ||zg|| = 1, [|[z* — m{|| = (xo,2*) =
(xo, z* —mg). Thus, z* — my) is aligned with x. o

An Application: Constrained Dual Optimization Problems.

Consider the following constrained optimization problem:

d= min [l ||
z*:(y;,x*)=c;,1<i<n
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Observe that if * is any vector satisfying the constraints, then

d= min || = min ||Z" —m*,
z*:(yi,z*)=c;,1<i<n m*eM+
where M denotes the space spanned by {y1, 42, - , ¥, } and Z* is some vector satisfying the constraints.

From Theorem 3.7.2, we have that

d= min ||Z*—m"||= sup (z,T%),
mrEME z€M, |z <1
Now, any vector in M is of the formm = Ya where Y =[y; y2 -+ ] is amatrix and a is a column vector. Thus,
d= min |z*| = sup (Ya,z*)= sup cla,
z*: (yi,z*)=c;,1<i<n lYal<1 lYal<1
where the last equality follows because z* satisfies the constraints and that
(Ya,z*) = (a,YTz") = cTa
Thus, the optimal solution to the constrained problem can be written as
sup c’a,
Yall<1
where the optimal x* is aligned with the optimal Y a.
In the following, we present another approach to arrive at the above.
min |l
z*:(y;,x*)=c;,1<i<n
= minmftx lz*|| + AT (c — YTz*)
p
= maxmin [|2*] + (A, ¢) AT (v Tzr) (3.12)
pe
= maxmin 2 + (A, ¢) — (YA (")
e
= maxmin |27 + (A, ) — [VA][l2"]]
x
= max min |2 (1 — [[YA[]) + (A, ¢)
= a. i * 1 — Y)\ )\,
o min o (1= [YA]) + (Ae)
= max (\c) (3.13)

XY A<t

where the optimal z* is aligned with Y \. In the above, (3.12) follows from Sion’s minimax theorem. In the above, A serves
as a Lagrangian multiplier.

3.8 Exercises

Exercise 3.8.1 Does there exist a sequence of functions { f;} in Lo(R.; R) such that a sequence of distributions fj repre-
sented by f; on the set of Schwartz functions S converges to zero in a distributional sense, but f; does not converge to zero
(that is, in the Ly norm). That is, does there exist a sequence of functions { f;} in Lo(R4; R) such that

i ([T in0Pa)
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is not zero, but
lim (/ fj(t)qb(t)dt) =0, Vpeld.
j—o0 0

If there exists one, give an example. If there does not exist one, explain why.

Exercise 3.8.2 a) Let T' be a mapping from Lo(R4; R) to R (extended to possibly include —oo, 0o) given by:

()= [ 107

Let fo € La(Ry;R) be given by:

1
folt) = Zr1 vt e R,

Is T continuous on Ly(R4;R) at fo?

b) Let S be the space of Schwartz functions. Let T : S — R be a mapping given by:

T(¢) =¢4'(0), ¢€S,
where

d
'(t) = —o(t) Vit
#(t) = S o)
Is T a distribution on S? That is, is T continuous and linear on S?

Exercise 3.8.3 Let T : S — [—00, 00| be a mapping defined by:

T(o *hmsup/ B(t)e *dt

A—o0

Is T continuous on S? Prove your argument.

Hint: The function g(t) = e~ isin S, for any a > 0.

Exercise 3.8.4 Letforj € N,

fj(t){j7 fo<t<i

For g € S, define
filg) = ) £i(®)g(t)dt.

Show that f;(.) is a distribution on S. Show that

i | " 1 (0g(t)dt = 5(g) = 9(0).

J—00 0

47

Conclude that, the sequence of regular distributions fj (.), represented by a real-valued, integrable function f;(t), converges

to the delta distribution §(.) on the space of test functions S.
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Exercise 3.8.5 Let S be the space of Schwartz functions. Let T : S — R be a mapping given by:

T(¢)=¢'(0), ¢€S,

where p
F(t) = Sow)

Is T a distribution on S? That is, is T continuous and linear on S?
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Systems

An input-output system is defined by an input signal set I/, an output set ) and a subset R C U x ), called the rule
(relation) of the system. Hence, R consists of the input-output pairs in the system. Associated with such an input-output
relation R is a transformation or map 7 such that y = 7 (), and thus

T:-Usu—Tu)=yel,
and thus
R={(u,T(u), uweU}.
Let 77, T5 be time-index sets; and U, Y be signal range spaces such thatif = U 71 Y = YT thatis:

u:{fITlﬁU},

V={f:T, - Y}

If & and ) consist of signals with discrete-time indices, then the system is said to be a discrete-time (DT) system. Of the
indices are both continuous, then the system is a continuous-time (CT) system. If one of them is discrete and the other
continuous, the system is said to be hybrid. Often, we have T' = T} = T5, which will be assumed in the following.

4.1 System Properties

Memorylessness. Let U be a input signal range, Y an output signal range, and a time index 7. If any input output pair
(u, T (u)) can be written component-wise as

y(t) =¥(tu(t)), teT
for some fixed map ¥ : T' x U — Y, then the system is memoryless.

Causality/Non-anticipativeness. If the output at any time ¢ is not dependent on the input signal values at time s > t, then
the system is non-anticipative (causal). That is, let u! = {u!(t),t € T} and u? = {u?(t),t € T}. Let (u',y') € R and
(u?,y%) € R.Forany t € T, if it is that u' (s) = u?(s) for s < ¢, then for a causal system it must be that y! () = y?(¢).

Example 4.1. Let a relation be given by y,, = ax,41 + T, + br,—1 Where n € Z. Such a system is causal if a = 0; it is
memoryless if a = 0,b = 0.

Time-Invariance. A system is time-invariant if for every input-output pair ((u,y) € R), a time-shift in the input leads to
the same time-shift in the output; that is,
(c%u, %) € R,
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where we define a time-shift as follows: With T = Z or R, let § € T. We define o : U — U with

<00(u)> = Ut+0, VieT
t

You are encouraged to visualize the time shift above: o pushes a signal to the left by 6.

4.2 Linear Systems

Linear systems have important engineering practice. Many physical systems are locally linear, as we have seen earlier.

An input-output system is linear if ¢/, ), R are all linear vector spaces. However, in the context of our course, we will have
a more restrictive definition for linearity.

In this course, we will say that a discrete-time (DT) system is linear if the input output relation can be written as:

oo

y(n) = Z h(n, m)u(m). 4.1)

m=—00

In the above, h(n,m) is called the kernel of the system. The value h(n, m) reveals to effect of an input at time m to
the output at time n. If in addition to linearity, one imposes time-invariance, the resulting system becomes a convolution
system, as we will shortly observe.

We note here that a precise characterization for linearity (for a system as in (4.1)) would require the interpretation of a
system as a (bounded) linear operator from one space to another space. One can obtain a Riesz representation theorem type
characterization leading to (4.1), provided that ¢/ and ) satisfy certain properties, and the system is continuous and linear.
The following discussion makes this explicit.

Let 7 be a linear system mapping l1(Z; R) to {1 (Z;R). Let this system be linear and continuous; then the system can be
written so that y = 7 (u) where;
y(n) = Z h(n,m)u(m), necZ
meZ

forsome h : Z x Z — R.

To see this, observe the following: Since u € 1;(Z; R), we can write u = limy _, o uy (thatis, ||u—uy||; = 0asn — o),
where uy = ZgZ_N Uy, Oy, With

5m(n) = l{n:m}, nez

Since 7T is continuous and linear,

N
T0) = T(Jim ux) = Jim Tun) = Jim 35 unT (G
Thus,
N
y(n) = lim U, (T(5m)) (n).
m=—N

With h(n,m) := (T((Sm)> (n), the representation result above follows. Observe that h(n,m) = (T(ém)) (n) is the

output of the system at time n when the input to the system is a unit pulse applied at time m.

Building on this discussion, one takes the representation above as a definition of a linear system: In our course and in
standard terminology in engineering and applied science, we generally say that a discrete-time (DT) system is linear if the
input output relation can be written as (4.1).
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Remark. Observe that in the representation argument above, one can generalize the result for any [,,(Z; R) as the input
space with 1 < p < oo; and the output space can be any [,(Z; R) space with 1 < ¢ < oo.

Likewise, we will define a continuous-time (CT) system to be linear if the input output relation can be expressed as

y(t) = / Tt u(n)dr @2)

=—00

4.3 Linear and Time-Invariant (Convolution) Systems

If, in addition to linearity, we wish to have time-invariance, then one can show that
oo
y(n) = > k(n,m)u(m),
k=—o00

will have to be such that k(n, m) should be dependent only on n — m. This follows from the fact that a shift in the input
would have to lead to the same shift in the output, implying that k(n,m) = k(n + 6, m + 6) for any 6 € Z.

Let us discuss this further. Suppose a linear system described by
y(n) =Y k(n,m)u(m), (4.3)
m

is time-invariant. Let, for some 0 € Z,
v=0"%u)

v(m) = u(m — ). Let the signal g be the output of the system when the input is the discrete-time signal v. It follows that

g(n) =Y k(n,m)v(m)

meEZL

= Z k(n,m)u(m — 6)
meZ

= Z k(n,m' + 0)u(m’)
m’' €7

By time-invariance, it must be that g = 0~%(y). That is, g(n) = y(n — 6) or g(n + 0) = y(n). Thus,

gn+0) = Y k(n+6,m' +6)u(m') = y(n) @4

m'€Z

Since the equivalence in (4.3)-(4.4) above has to hold for every input signal, it must be that k(n + 0, m + 0) = k(n, m) for
all n, m values, and for all  values. Therefore k(n,m) should only be a function of the difference n — m. Hence, a linear
system is time-invariant if and only if the input-output relation can be written as:

y(n) = Z h(n —m)u(m)

m=—0o0

for some function h : Z — R. This function is called the impulse response of the system since, if u = J, then

y(n) = Y h(n—m)dy(m) = h(n)

m=—0oo

Due to this representation, linear time-invariant systems are also called convolution systems.
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One can show that a convolution system is non-anticipative if A(n) = 0 for n < 0.
Similar discussions apply to continuous-time systems by replacing the summation with integrals:
o0
y(t) = / h(t — T)u(r)dr
T=—00
Let dy be the generalized Dirac delta (impulse) function which we view as the limit of an approximate identity sequence

(thus defining the Dirac delta distribution). Notably, if & is continuous, it follows that

lim [ h(t — 7)Y (7)dT = h(t).

n—roo

Thus, we have that when u = dg,

sy = [ = r)slryir = ho)

=—00
The function h thus is the output of the system when the input is is the generalized Dirac delta function. This is why A is
called the impulse response of a convolution system.

Exercise 4.3.1 Let z(t) € RY and t > 0 and real-valued. Recall that the solution to the following differential equation:
2/ (t) = Ax(t) + Bu(t),
y(t) = Cx(t),
with the initial condition x(to) = xg is given by
t

x(t) = et g, +/ A Bu(r)dr, t>0

=tg

(a) Suppose that x(to) = 0 and all eigenvalues of A have their real parts as negative and ||u||.c < co. Let tg — —oc.
Show that if one is to represent x(t) = (h * u)(t), we have

h(t) = C@AtBl{tzo}.

(b) Alternatively, we could skip the condition that the eigenvalues of A have their real parts as negative, but require that
2(0) = 0 and u(t) = 0 for t < 0. Express the solution as a convolution

y(t) = (hxu)(),
and find h(t).
(c) Let y(t) = Cx(t) + Du(t). Repeat the above.

Exercise 4.3.2 Let x(n) € RN and n € 7. Consider a linear system given by
z(n+1) = Az(n) + Bu(n)
y(n) =Cz(n), n>0

with the initial condition x(ng) = 0 for some ny.

(a) Suppose all the eigenvalues of A are strictly inside the unit disk in the complex plane and ||u||oo < 00. Let ng — —00.
Express the solution y(n) as a convolution

y(n) = (h*u)(n),
and find that
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h(n) = CA’,LilBl{nZl}.

(b) Alternatively, we could skip the condition that the eigenvalues of A are strictly inside the unit disk in the complex plane,
but require that ng = 0 so that x(0) = 0 and also u(n) = 0 for n < 0. Express the solution as a convolution

y(n) = (h*u)(n),
and find h(n).
(c¢) Let y(n) = Cz(n) + Du(n). Repeat the above.

4.4 Bounded-Input-Bounded-Output (BIBO) Stability of Convolution Systems

A DT system is BIBO stable if ||u||o := sup,,c |u(m)| < oo implies that ||y||o := sup,,c [y(m)| < co.

A CT system is BIBO stable if ||u||o := sup,eg |u(t)| < oo implies that ||y||« := sup,cp [y(t)| < oco.
Theorem 4.4.1 A convolution system is BIBO stable if and only if

[|h]]1 < oo.

In particular, as a linear map, the convolution system T : loo(Z; R) — loo(Z; R) satisfies

T ()] oo
1T = sup 7@l

u€loo (Z;R) ([

4.5 The Frequency Response (or Transfer) Function of Linear Time-Invariant Systems

A very important property of convolution systems is that, if the input is a harmonic function, so is the output: Let
u(t) — eizﬂ'ft’

be the input to a system with impulse response h € L (R; R). Then,

y(t) = /T h h(t — 7)u(r)dr = / b h(T)u(t — 7)dr = / b h(r)e? =) dr,

=—00 T=—00 =—00

y(t) = e/t < /_ O:o h(s)e-ﬂ’f-fws)

)= ([ ne)eteas).

and call this value the frequency response of the system for frequency f, whenever it exists. Soon, we will recognize this
expression to be the Fourier Transform of h.

leads to

‘We define:

Later on we will consider u(t) = e%',s € C, and we will generalize the frequency response above (defined for s =

2w f, f € R) to the notion of transfer function of a system.
A similar discussion applies for a discrete-time system.

Let h € [1(Z;R). If u(n) = e27f" then
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y(n) _ ( Z h(m)e—ﬂﬂjm)eﬂﬂfm
m=—0o0

with the frequency response function

h(f) :=< i h(m)e—mfm)

m=—0o0

Convolution systems are used as filters through the characteristics of the frequency response. In class, examples will be
presented involving the resistor-capacitor circuits and resistor-capacitor-inductor circuits.

4.6 Steady-State vs. Transient Solutions

Let z(t) € RY. Consider a system defined with the relation:
2/ (t) = Ax(t) + Bu(t), y(t) = Cz(t) + Du(t), t > to,

for some fixed ¢o. Consider an input u(t) = e%t, ¢ > t, for some s € C (for the time being, assume that s = 27 f for some
f € R). Suppose that s is not an eigenvalue of A. Using the relation

t t
z(t) = eA(t_tO)x(to) + et / e AT Be*Tdr = eA(t_tO)x(to) + eAt/ e*Te A Bdr
to to

we obtain
z(t) = <eA(t_t0)x(t0) — eAlt—to) Ao (g1 A)_le_AtOeSt°B> + (eAt(sI — A)_le_AteStB>

Using the property that for any ¢
eM(sI — A)"Le At = (sI — A)71

3

we obtain
y(t) = CeAlt=t0) <:c(to) — (s — A)leSt°B> + <C(SI —A)'B+ D> et teRy

The first term is called the transient response of the system and the second term is called the steady-state response.

If A is a stable matrix, with all its eigenvalues inside the unit circle, the first term decays to zero as ¢ increases (or with
fixed ¢, as ty — —o0). Alternatively, if we set {5 = 0 and write

z(0) = (sI — A)™'B,
the output becomes

y(t) = (C(s[ —A)'B+ D) e, t > tg

The map C(sI — A)~! B+ D is called the transfer function of the system. When s = i27 f, this is the frequency response.

The case with s = 27 ft is crucial for stable systems. Later on we will investigate the more general case with s € C.

4.7 Bode Plots for Studying System Response to Harmonic Inputs

If we apply u(t) = e2™/t or ¢t we observed in the above that the output would be h( f)ei27 /.
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Bode plots allow us to efficiently visualize fL( f) by depicting the magnitude and phase, with a logarithmic scale; in the
pre-digital era of mid-20th century in the absence of advanced computers, such plots were effective means to represent
transfer functions with the logarithmic scale.

Observe that since il(f) = ﬁ(—f), it suffices to consider only f > 0. Let w = 27 f. Leti = 1,2,--- ,5 and s; = ;€%
where r; = |s;| and 6; is the phase of s;.

h(iw) = s182 T2 et (01+02—03—04—05)
535455 r3Tr4Ts
Thus,
. 172
|h(iw)| = ———
T3T4Ts5
and

log(|h(iw)[) = log(r1) + log(r2) — log(rs) — log(rs) — log(rs)

Note also that _
log(e!(P1102=0=04=05)y — (0, + 0, — 03 — 04 — 05)

so that
Lh(zw) =01 +0; — 03— 04— 05
Thus, the logarithms allow us to consider the contributions of each complex number in an additive fashion both for the

magnitude and the phase.

Now, consider

_ 1+
h(iw) = K (iw)" — 0
()2 +2¢i2= + 1
We can thus consider the contributions of K (iw)", 1 + i, and (i£5)? + 2¢i 2 + 1 separately.

For K (iw)™, we note that

log | K (iw)"| = log(| K1) + nlog(w)
and

/K (iw)" = /K + ng

For 1 + zw% we use the following approximations: for w ~ 0, 1 + zwio ~ 1l.Forw =wy, 1+ zwio =1+ 1. For w > wy,
: ~ vl
1+ zw%| ~ o

Likewise, for the angle: for w ~ 0:

/1+i ~0
wo
For w > wy,
N+l xT
wo 2
At w = wy, él—i—iwio =7
Finally, for
L Woo LW -1
— 21— +1
(2507 4+ 2i¢ = +1)

For w =~ 0, the magnitude is approximately 1, with its logarithm approximately 0. For w = w,,, the magnitude is i For
w > wy,, the magnitude decays as —2log(|w|).

For the phase: for w =~ 0, the phase is approximately 0. For w = w,,, the phase is — 7. For w > wy,, the phase is close to 7.
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Bode plots approximate these expressions in a log-log plot (for the magnitude).

4.8 Interconnections of Systems and Feedback Control Systems

We will discuss serial connections, parallel connections, output and error feedback connections.

Control systems are those who input-output behaviour is shaped by control laws (typically through using system outputs
to generate the control inputs —termed, output feedback—) so that desired system properties such as stability, robustness to
incorrect models, robustness (to system or measurement noise) -also called, disturbance rejection-, tracking a given refer-
ence signal, and ultimately, optimal performance are attained. These will be made precise as control theoretic applications
are investigated further.

4.9 State-Space Description of Linear Systems

We will study state-space realizations of linear time-invariant systems in further detail in Chapter 9. We provide a brief
discussion in the following.

4.9.1 Principle of superposition

For a linear time invariant system, if (u,y) is an input-output pair, then opu, ogy is also an input-output pair and thus,
a1u + biogu, a1y + byogy is also such a pair.

4.9.2 State-space description of input-output systems

The notion of a state. Suppose that we wish to compute the output of a system at ¢ > ¢, for some ¢y. In a general (causal)
system, we need to use all the past applied input terms u(s), s < to and all the past output values y(s), s < to to compute
the output at ¢(. The state of a system summarizes all the past relevant data that is sufficient to compute the future paths.
Some systems admit a finite-dimensional state representation, some do not. In the following, we consider continuous-time
and discrete-time systems where a finite-dimensional state representation can be made.

Consider a continuous-time system given by:

N-1 -

N oo gk < 4
—y(t) = by ——u(t),
kzzoakdtky() ZO 2 u(®)

with ay = 1. Such a system can be written in the form:

%x(t) = Ax(t) + Bu(t),  y(t) = Cx(t)
0 1 0 0
0 0 1 0
A=
...... 0

—@op —a1p —az - —AN-1



4.9 State-Space Description of Linear Systems

o

C = [bx by—1 -+ bi]

Likewise, consider a discrete-time system of the form:

N N
Z ary(n — k) = Z bpu(n —m)
k=0 m=1

with ag = 1, can be written in the form

z(n+ 1) = Az(n) + Bu(n), y(n) = Cx(n)

where
zn(n) =yn),zn-1(n) =yn—1), -, 21(n)=yn— (N -1))
0 1 o --- 0
0 0 1 - 0
A =

1
—aN —aN-1 —aN-2 ‘- —a]

0

0

B=:

0

1

C = [by by—1 - bi]

4.9.3 Stability of linear systems described by state equations

Theorem 4.9.1 Consider a system defined by the linear differential equation
Z'(t) = Az(t) + u(t), teR.

This system is BIBO stable if and only if
H;ax{Re{)\i}} <0,

where Re{.} denotes the real part of a complex number, and \; denotes the eigenvalues of A.

Theorem 4.9.2 Consider a system defined by the linear difference equation
z(n+1)=Az(n)+u(n), neZ

This system is BIBO stable if and only if
max{|Ail} <1,

where \; denotes the eigenvalues of A.
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4.10 Exercises

Exercise 4.10.1 Consider a linear system described by the relation:
y(n) = h(n,m)u(m), neZ
meZ
for some h : Z x 7 — C.
a) When is such a system causal?

b) Show that such a system is time-invariant if and only if it is a convolution system.

Exercise 4.10.2 Let z(t) € RN and t > 0 and real-valued. Recall that the solution to the following differential equation:
2/ (t) = Ax(t) + Bu(t)

with the initial condition x(0) = xg is given by
t
z(t) = AWy + / AT Bu(r)dr, t > to
=0

Suppose x(0) = 0 and u(t) = 0 for t < 0. Express the solution as a convolution
(t) = (hxu)(t),
and find h(t).

Note: With the assumption that the system is stable, we can avoid the condition that u(t) = 0 for t < 0. In this case, we

are able to write .

z(t) = e tox(ty) + / eA=7) Bu(7)dr,

T=to

and take the limit as to — —o0, leading to h(t) = eAtBl{tZO}.

Exercise 4.10.3 Let x(n) € RY and n € Z. Consider a linear system given by
z(n+1) = Az(n) + Bu(n), n>0
with the initial condition x(0) = 0. Suppose x(0) = 0 and u(n) = 0 for n < 0. Express the solution x(n) as a convolution
2(n) = (b w)(n),
and find h(n).

Note: With the assumption that the system is stable, we can avoid the condition that u(n) = 0 for n < 0.In this case, we
can write

z(n) = A" " x(ng) + i A" By(m),

m=no

and take the limit as ng — —oo leading to h(n) = A" 'Bly,>1.

Exercise 4.10.4 Consider a continuous-time system described by the equation:

dzi(tw =ay(t) + u(t), teR,

where a < 0.
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a) Find the impulse response of the system. Is the system bounded-input-bounded-output (BIBO) stable?
b) Suppose that the input to this system is given by cos(2w fot). Let y s, be the output of the system. Find yy, (t).
c) If exists, find

lim yy, (),

f()A)OO
forallt € Ry.
Exercise 4.10.5 Consider a discrete-time system described by the equation:

y(n+1) =ay(n) + ay(n — 1) + u(n), ne€Z,

a) Is this system linear? Time-invariant?

b) For what values of a1, as is the system BIBO (bounded-input-bounded-output) stable?

Exercise 4.10.6 (Stability of Linear Time-Varying Systems) Let T be a linear system mapping with the representation;

y(n) = Z h(n,m)u(m), neZ

meZ

for some h : Z x 7. — R. Show that this system is BIBO stable if

Supz |h(n,m)| < oco.

Let us define a system to be regularly BIBO stable if for € > 0, 3§ > 0 such that ||u|| < & implies that ||y|lco < €. Show
that the system above is regularly BIBO stable if and only if

supz |h(n, m)| < co.

Exercise 4.10.7 Let T be a linear system mapping l1(Z;R) to l1(Z;R). Show that this system is linear and continuous
only if the system can be written so that with y = T (u);

y(n) = Z h(n,m)u(m), neZ

mEeEZ

forsome h : 7. x 7, — R.
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The Fourier Transform

We have seen earlier in Theorem 2.3.5 that in a Hilbert space H, a complete orthonormal sequence {e,,,n € N} can be

used to express any € H via the relation
N

= lim E (z, ex)ex
N—o00
k=1

We have also seen in Chapters 2 and 3 that complex exponentials provide such a complete orthonormal sequence, and
therefore can be used to approximate any square integrable signal arbitrarily well. We saw in Chapter 4 that complex
exponentials possess the eigenfunction property for linear time-invariant systems.

The above motivate the use of the representation of signals in terms of complex exponentials and the spectral proper-
ties of frequency response / transfer functions. This study is achieved by Fourier transforms. Accordingly, Fourier trans-
forms play a significant role in systems theory and applied mathematics at large. There are four types of Fourier transfor-
mations. Discrete-to-Discrete (DDFT), Continuous-to-Discrete (CDFT), Discrete-to-Continuous (DCFT), Continuous-to-
Continuous (CCFT).

We will start with the first two of the above. Before we proceed, recall that a bijective transformation 7 is a map from a
signal set X to another one X, such that 7 is onto and one-to-one; the Fourier transforms will constitute examples of such
transformations with further very useful structural and regularity properties to be studied in this chapter and beyond.

5.1 Discrete-to-Discrete (DDFT) and Continuous-to-Discrete (CDFT) Fourier transforms
5.1.1 Fourier Series Expansions

Discrete Time

The N-dimensional complex vector space I3({0,1,2..., N — 1}; C) is a Hilbert space with the inner product:

N-1
(h1,ha) = > ha(n)ha(n),
n=0

where, as earlier, the bar notation (.) denotes the complex conjugate of its argument.

The set of complex harmonic signals:

1 1 N -1
{6127776’&7 n=0,12...,N—1, k€{07,...,}7
Vi N
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provides a complete orthonormal sequence, hence, provides a basis for [5({0,1,2..., N — 1};C). The Fourier series
expansion is given by:
N—

—

z(n :—1 i"—k ei%}f’”, ne{0,1,....N—1

where
th —k = —1 ~ —i2myn ke {0,1 N -1 5.1
gC(N) VN — rne 7 (0t J oD

Observe that £(£) = <x7e%> with e%(n) = L2y pn=0,1,2...,N —1.

Continuous Time

The complex vector space Lo ([0, P]; C) is a Hilbert space with the inner product:

(h1, ho) = /OP hy () ha(t)dt.

The countably infinite sequence of complex harmonic signals:

1 inese k
127 - 7
N fe{PJﬁe b

provides a complete orthogonal sequence, hence, provides a basis for Ly ([0, PJ; C).

The completeness of Fourier series in L2[0, P] is based on the argument that trigonometric polynomials are dense in
L4([0, PJ; C) (see Theorem 3.4.4) and the discussion in Section 3.4.3.

The Fourier series expansion is given by:

1 - k iﬂ%t
x(t):T%:x(F)eQ , telo,P)

!

where

P
(f) = %/0 z(t)e 2t f e {%k €7} (5.2)

Observe that Z(f) = (z,ey) with ef(t) = #ei%ﬁ, te[0,P]with f € {£,k € Z}.

Thus, in the context of Section 2.3, a Fourier series expansion is the representation of a square integrable signal in
terms of a collection of a complete orthonormal harmonic signal sequence.

5.1.2 Discrete-to-Discrete (DDFT) and Continuous-to-Discrete (CDFT) Fourier transforms

In view of the above, we define Discrete-to-Discrete (DDFT), Continuous-to-Discrete (CDFT) as follows:
DDFT:

01 N -1

Fpop :12({0,1,...,N —1}1C) le({NaN;---aT}ﬁC)
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.f? = ]:DD(x)
and N
1 —i2nfn o f e {2 i N - 1}
— VN N’ N’ N
CDFT:
1
]:CD : LQ([O,P];(C) — lQ(ZF,(C)
.’i = fCD(I)
and
2(f) = /P Lx(T)e_iz”deT fe {E kez}
7=0 \/ﬁ ’ P7
The inverses of these can also be defined:
Inverse DDFT:
Fpp :12({0/N,1/N,...,(N —1)/N};C) = I5({0,1,...,N — 1};C)
T = Fpp(#)
and

N—-1 1 X
756
k=0 \/N

)el2mwn e {0,1,...,N —1}}

Z\w

Inverse CDFT:

1
Fpb 12(Z5:C) = Ls((0, PJ; C)
T = Fop(®)
and ) %
=" —=i(5)emFhdt,t € 0, P)
izve P

Exercise 5.1.1 a) For some N € N, let v € I ((—N7 —(N-1),---,N— 1,N);(C> with

z(n) = L{jnj<n}

Find the Fourier series expansion of x. Sudy the case with Ny = N, and the case with N1 = 0.

b) For some T € Ry, let v € Ly([— %, £]; C) with

z(t) = 1 <my

63
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Find the Fourier series expansion of x. Study the cases with (i) T1 = % and (ii) the case where, with Ty = ﬁ we have

Tn(t) = nlgy<ry
as n — oQ.

Solution. a) We have for k =0,1,--- ;2N + 1,

k N 1 1 2N,
= _iﬁ\?‘*)’cln = _i%Nl —i%n
1 ZN 2N +1° aN +1° Zoe
n=—N; =

a(

For k # 0, we have

2w (2N +1)

k 1 _gzmeny (1 — et onit )
( ) = Y —
2N +1 2N +1 1 — e aNtT
For k =0, we have
. 0 2Ny +1
( ) =
2N +1 2N +1
If Ny = N, we have: For k # 0
k
. —0
Mon+1)
and for k = 0, we have
0
t =v2N+1
oN 1) i
For the other extreme, if Ny = 0, we have for all k € {0,--- 2N + 1}
R k 1
( ) =
2N +1 2N +1
b) We have the expansion (in the Lo-sense):
k.1 ,r
x(t) = Zzg(f)iTez%t
keZ
with .
7 k — z 1 —i28k¢
m(f) = /_E:E(t) e dt
Thus, with x as given, we have
" Bl e, @TT eI sin(mk ) 2my
rl—=) = —€ = = Ey—
T VT i2rk /T ekt VT
Ty =L, we have that (£) = 0 for all k # 0 and 2(%) = VT.
If Ty = 5=, with x,(t) = nlyjy <7y}, then we observe that En(E) — ﬁfor allk € Z.

We observe from these examples that, as a general insight (which can be made more rigorous under additional conditions),
if we expand the signal in time domain, we shrink it in the frequency domain; and if we shrink it in time domain, we expand
it in the frequency domain.
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5.1.3 Properties of the Discrete Fourier Transforms

Theorem 5.1.1 (Parseval’s Equality) The transformations Fpp and Fcp are unitary, that is:

(x,z) = (Z,7)

Proof. We prove this for Fop (Fpp follows more directly using the following arguments). Let « € Ly ([0, PJ; C). Define

T = Zl_{K i(%)#ei%%t. We know that limg_, « ||zx — z||2 = 0. Consider

(x,x) = lim (x,xK)

K—oo
P K
k.1 . &
= lim x(t (=) —=e?2" Pt
dm [0 3 a7
K P
k 1 ok
= lim i(—)/ z(t)—=e 27 P!
K~>ook:7K P 0 \/F
K
. ko k
= dm ) #wp)p)
=K
= (2,%) (5.3)

O
Time-shift, periodicity and differentiation will also be discussed.
An important property is with regard to convolution. Suppose that in the following, we write f(¢) = f(¢ mod P), in
which case the convolution operation is also termed as cyclical convolution.
Theorem 5.1.2 Let f,g € Ly([0, P]). Then,

1

Fep(f *g)(k) = VPFep(f)(k)Fep(g)(k), k€ Z(ﬁ)-

That is, convolution is equivalent to point-wise multiplication in the frequency domain.

5.1.4 Computational Aspects: The FFT Algorithnm

The Fast Fourier Transform (FFT) is a very important algorithm to implement DTFT (Fpp) in a computationally efficient
fashion in practice. The ffr command in Matlab generates the transform.

Observe that for the operations described in (5.1)

0 1 N -1
fDDlQ({(Ll,7N71},C)*>12({N,N,,T},(C)

so that
.f = FDD(x),

with N

— 1 . 0 1 N -1
j’.(f) = Z m(n)e_l%.rf”? f € {7775"'7 }7
= VN NN N

there are N complex multiplications and N complex additions for each f (and thus there will be N such computations).
Thus, the FFT algorithm in the form above has the computational complexity of N2 complex operations (with one complex
operation being equivalent to one complex addition and one complex multiplication).
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If N is even, we can write

PR I A
; —i2nkn
N~ ) = —=x(n)e N
()= % 75+
31 1 | 1
= ——x(2m)e" TN —2(2m + 1)e— 27~ (2mA41)
2 Jxem 2 Jyrem )
-1 1 ¥ ]
= —_x(2m)e”FTNE™ 4 ( —z(2m+1 e_iQWNk}?m) 2N
m=0 \/N ( ) m=0 N ( )
5.4
Define z(m) = x(2m) and z1(m) = x(2m + 1), form = 0,1, - , & — 1. Then, the above leads to

Thus, as we see, the above leads to a parallel processing of two smaller length transforms. If IV is a power of 2, we can
continue with this approach to a building block of length N = 2. By inductively splitting the summations in the expansions
as above, the FFT algorithm then reduces the computational complexity for the Fpp from N? complex operations to
N log,(N) (with N being a power of 2) such operations.

5.2 The Discrete-to-Continuous Fourier Transform (DCFT): Fpc

The Discrete-to-Continuous Fourier Transform can be viewed as the inverse of F¢op (with P taken to be 1 and a negation
in the index): A signal = € l2(Z;R) can be expanded as:

1
z(n) :/0 (f)e?™In nez

with ,
E(f) =Y a(n)e " felo,1)

nez

We write & = Fpc(x).

5.3 The CCFT: Fcc on S and its extension to L. (R)

We will define the CCFT by the relation

x(t):/oo (f)e*™Itdf, f e R

=—00

with

i;(f):/oo z(t)e 2 tdt, feR

We write & = Foo(z).

Two important properties are given in the following.
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Theorem 5.3.1 For¢p € Sandm € Z.:

a) Feo(amo)(f) = (i2nf)™Fec(d)(f)-
b) &5 Foo(9)(f) = Foo((—i2nt)"¢)(f)

Proof. a) Take m = 1, applying integration by parts,

d —i2
bt i Wftdt
@ olt)e

= lim ! iqb(t)e_iz”ftdt

T Ao _A dt

_ All_{nm( —7,27rft ‘A / ¢ ’L27Tf ¢( ) —127rftdt) (55)
= (27 f)Feo()(f) (5.6)

In the above, since ¢ € S, the first term on the right in (5.5) is zero. For m > 1, the result follows by repeating the above.

b)
da —i2nft g 1 [ o(t)(em2rU+Mt _ g=i2nft)qy
df /¢<t)e dt = }llg% -
[ = ey
- iy .
J o) <(C°s(2”’“f) — 1) + —i(sin(2mht) - o)) emi2nftgy
- Ji :
gt [ #(t)(cos(2mht) — 1)e=2"/tqt Ly [ ¢(t)isin(2rht)e= 21t dt
= 50 h lim .
/ At (5.7

where the last line follows from splitting the integral so that the imaginary and the real parts involving (cos(2wht) —
1) + —i(sin(2mht) — 0) are integrated separately (provided that the limits exist, which do by the dominated convergence
theorem) and then applying the dominated convergence theorem to each integral as in the proof of Theorem A.2.1 in the
Appendix.

For m > 1, the result follows by repeating the above. O

Using the above, we arrive at the following:
Theorem 5.3.2 Fc¢ is a continuous linear map on S to S.

Proof. Let ¢ = Foc(¢). We first show that ¢ € S. We use Theorem 5.3.1 in the following. We have

k ~
sup | /7B = sup | ™ Feo (~i2nt) (1)) ()|
FASIN if ferR
= sup e (g (32" (=204 0(0)) ) ()] < o 58)
fer 14T

Note that ( i ((27rt) ¢(t)) € S. It follows that the term above is bounded for every m,k € Z, and we have that

peS.
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We now discuss continuity. With b = Foo(dn), let ¢, — ¢ = 0 (that is ¢(¢) = 0 for all ¢) in the Schwartz space S.
Then, building on the analysis above for every m, k € Z,

m dk
?lelﬁv waﬁn(f)l — 0.

It follows that Foc (¢,) —  (in the Schwartz space) where gf)(f) =0forall feR. O
We will see in the following that the CCFT is a transformation also from Ly (R; C) — Ly(R; C).

5.3.1 The Inverse Transform

The following is known as the Riemann-Lebesgue lemma.

Theorem 5.3.3 Let g € L1 (R; R). Then,
lim [ g(t)e ™ tdt =0

f—oo

Proof. By Theorem 2.3.12, for every € > 0 there exists f. € C, (that is f. is continuous with compact support) such that
IIf = fell < €/2. Furthermore, we can approximate a continuous function f. with a function g. which is differentiable
(even with continuous derivatives, a function in C! -say by polynomials-) so that || f — g.|| < €. Now, for any a,b € R,
using integration by parts

b 1 b
— L(t)dt
VI [ ooy

The right hand side converges to 0 as | f| — co. This holds for every ¢ > 0. O

b .
(He 2t gt < ¢ (e~ 2T
[ e tan < 5 anve

Recall Exercise 3.4.1, where Theorem 5.3.3 was utilized to arrive at the following:

Lemma 5.3.1 The following holds for all ¢ € S:

i | ST s 5(6) = 6(0)

n—00 v

With this discussion, we can show that the inverse ]:(;é is defined on S as:
Feb(@) = [ diperia,
Observe that
oo ~ .
| atperra
— 00
A

lim S(f)e Itaf
A—o0 f=—A

A
= lim ( / ¢(T)e—i2ﬂffd7>ei2ﬂftdf
f=—A

A—o0

A—o0

A
, —i2m f(r—t)
/ggnw/MT)(/f_Ae 2 f(r—t df)dr

A
= lim / o(7) / e~ 2T IT 27t qr df (5.9)
f=-A
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For every fixed A, we can justify (5.9) by (Fubini’s) Theorem A.3.1. By Lemma 5.3.1, the fact that

A
) 1
e~ =gy — — —_sin(2An(t — 7)),
/f_A 7(t —7) ( ( )

represents a distribution which converges to the d; distribution (which then satisfies [ ¢(7)0;(7)dT = [ ¢(7)d(t —7)dT =
¢(t)) leads to the desired result.

5.3.2 Plancherel’s Identity / Parseval’s Theorem
Theorem 5.3.4 For every h,g € S (as well as Lo(R; C), the Fourier transforms f, g satisfy:
(h,g) = (h,g)

The proof of this follows from the following: First suppose h, g € S are Schwartz signals (where we allow such signals to
take complex values). Then, observe that

/ h(£)g(f)df = i ( / h(t)eiz“ftdt>ﬁ(ﬂdf

= / h(t)( / g(fe 2 Itaf)dt (5.10)
/ h(t / Flemftdfdt
- /t h(t)g(Ddt (5.11)

Here, (5.10) follows from Fubini’s theorem. Hence, it follows that

<il7g> = <hvg>7

5.3.3 Extension of Fcc on Lo (R; C) and Plancherel’s theorem

The above discussion applies for for h,g € S (where we also allow for C-valued functions in S). We will show that one
can extend the Fourier transform for signals in Lo (R; C). Furthermore, as not every function in Lo (R) is also in L;(R)
(for example: f(t) = ﬁ is in Lo but not in L), one cannot define a Fourier transform of a general function in L2 (R)
pointwise directly by an integral.

Recall from Theorem 2.3.8, and the discussions following it, that continuous functions are dense in integrable functions,
and from Corollary 3.4.1 one can approximate a continuous function by its convolution with a smooth approximate identity
sequence leading to a smooth approximation. These lead to the following.

Theorem 5.3.5 S is dense in Lo(R).

With this theorem, our goal will be to define the CCFT of a signal f in Ly(R; C) as follows. Let {¢,} be a sequence of
functions in S converging to f (This is possible by the denseness of S in Ly). We define the CCFT of f as the Lo limit of
a sequence of CCFTs of {¢,,}. Such an extension defines the unique extension of Fc¢ from S to S which is continuous
on L. This result builds on the following theorem.

Theorem 5.3.6 Let T : M — Y be a linear mapping, Y a Banach space, M a dense linear subspace of a normed linear
space X. Furthermore, let T' be bounded in the sense that
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T
IT|| = sup [T} < 0.
zEM,x#0 H93||

Then, t@ere exists a unique extension of T on X to 'Y, denoted by T:X =Y, such that T(m) = T(x) for x € M (that is,
T and T are in agreement on M ). Furthermore, with

_ Tx
I7) = sup 122
r€X,x#0 ||$H

we have ||T|| = ||T||.

Proof. For every z there exists a sequence z,, € M so that x,, — x in X. We want to define for every z € X

T(z) = Ihfﬂz T(xp) = nl;ngc T(zy)
First note that z,, is Cauchy, as it is converging to x, and therefore since for every e > 0 there exists N so that for
n,m > N, |2, — Zm || < e. It follows that sequence T'(x,,) is also Cauchy since for every €’ = ||T||e > 0 there exists N
so that for n,m > N, [T(2,) — T(zm)| = |T(2n — 2m)| < [Tl — 2wl < [|T|le = €. Therefore lim,, o T'(2n)
exists. Furthermore T'(x) is well-defined in the sense that for any other sequence y,, — x, we will have that

| . o ey o ) o
| Jim ()~ T T(ga)| = | i T(wn — ya)]| < T [Tz~ yall < T [T (n — o] + g — ]) =0,

n—00

since both z,, and y,, converge to z. Thus, there is a unique value for 7'(z) for any = € X. Finally, we show that | T|| =
|T||. First, for any 2 € X, with M > z,, — «x,

I = I < i =
(T(@)| = | lim T(w,)| < [T lim [zl = |T)]]],

and thus || T|| < ||T'||. On the other hand, T'(z) = T(x) for z € M and thus we must have ||T'|| < ||T||. Thus, the norms
must be equal. O

Now,let M = S, X =Y = Ly(R;C), T = Fec and note by Theorem 5.3.4 that ||Foc|| = 1 (when viewed as a
mapping from a subset of Ly(R; C)). In view of this, we define Foc on Ly(R; C) to be the unique extension of 7
from S — L(R;C). Thus, for h € Ly(R; C),

(h,hy = (h,h), h=Fcc(h).

In view of the above, we have that Plancherel’s Theorem also applies to signals in Ly (R; C).

(g, h) = (g, h), h,ge S

that
[Fecll = 1.

By the stated (extension) theorem, it follows that ¢ is also unitary on Lo (IR; C) with the same operator norm, that is:
<g7h>:<g?ﬁ>v hag€L2(R7(c)

To verify this, let g and h be in Ly(R;C) and g,, — g, and let h,, — h with g,,, h,, € S being Schwartz signals. By
Plancherel’s identity:

Let us take the limit as n — oo on both sides. For the left hand side the Cauchy-Schwarz inequality implies that

lim <gn,hn> = <g,h>,

n—oo
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because
[(gns Bn) — (g h)| = [{gn — g, Bn) + (g hn — B)| < |lgn — gll| Al + |9l An — R| — O
Likewise . R . . R . R .
[(Gns hn) = (9, 1) = [{Gn = G5 hn) + (9, he = )] < [|gn = Gl n || + 1111 ons — Rl — O
Here, the convergence to zero follows from the fact that lg» — gl — O (since ||gn, — gl|| = ||gn — g|| — 0 by the discussion
above) and that ||, || is bounded. This generalizes Plancherel’s identity for signals in Lo (R; C).

5.4 Fourier Transform of Distributions (F-c on S8*)

Recall that S* is the dual space on S, that is the space of distributions (linear and continuous functions) on S.

The Fourier transform of a distribution is defined by the following relation: Let 7' € S*. Then, with T = Feoo(T), we
have

T(¢)=T(¢p) €S (5.12)

This definition is consistent with the Fourier transform of a regular distribution (represented by some function ¢ € S)
being a distribution which is represented by the Fourier transform of . That is,

/ B(PB()df = / oo

This equality follows from Fubini’s theorem by expressing ¢(f) = [ 4(t)e~*7/dt.

The inverse .7-"5(1j of a distribution is defined with the relation

Fob(T)(9) =T(Foi(¢) ¢€8

With the above, we can conclude that T itself is a distribution. Just as the CCFT is a map from S to itself, the CCFT is also
a mapping from §* to itself. Thus, every distribution has a Fourier Transform.

Furthermore, the map Fo¢ : S* — S* is continuous, linear, and one-to-one. The continuity follows from the definition of
the Fourier transform and continuity in S*.

Since any singular distribution can be expressed as a weak™ limit of such regular distributions (represented by signals in
S), the definition above in (5.12) is consistent with the Fc¢ of regular distributions.

Exercise 5.4.1 Show that § has its Foc as a distribution represented by the function h(f) = 1 for all f € R.

Accordingly, if we approximate the Dirac Delta distribution & as a limit in S* of a sequence of regular distributions
represented by an approximate identity sequence, the Fourier transform of this sequence converges to the Fc¢ of 4, which
is the distribution represented by h(f) = 1. Often, informally, we write (f) = 1 for all f € R.

Accordingly, the exercise above will turn out to be very important for applications in systems theory as the impulse response
and its Fourier transform, the frequency response, of a linear time-invariant system are critical functions defining such a
system. When the input is idealized as a Dirac delta function, viewed as a distribution, the output is the impulse response.
And when the Fourier of the Dirac delta function, & (f) = 1lis taken as the input in frequency domain, also to be viewed as
a distribution, the output of the system is the frequency response.

Example 5.1. We can compute the Fourier transform of cos(2 fot) by viewing it as a distribution, in the sense that it
represents a distribution. Observing that cos(2 fo f) = 3e?™/o/ 4 Te=2mfof we consider:
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T
lim / eig’rfof(ﬁ(f)df
T

T—oo |_

— lim 127Tf0f < / (z) zQ‘n’ftdt) df
T—o0
lim / ¢ (/ z27rf0fe—i27rftdf) dt
T—o0
lim / 0) ( / e?2m(fo= Wdf) dt
T—o0

L Sln 2n(fo —t)T)
= i, [ o=

= 5f0(¢)( = /qs(t)éfo (t)dt) (5.13)

In the analysis above, we use the fact that é € S, use Fubini’s Theorem to change the order of the integrations and finally
invoke (3.9). Thus, the CCFT of a cosine will be 1/20,(t) + 1/25_, (¢). Here, the last equation in brackets is meant to

be in an intuitive sense.

Exercise 5.4.2 Compute the CCFT of the unit step function, viewed as a distribution.

5.5 Fcc of periodic signals

The CCFT of a periodic signal can also be viewed as a distribution. Let z(t) be continuous and periodic with period P and

¢ € S. Then,

(&, ¢) = (z,9)

= [atnats

= lim / k_XNj f(%)ipe”“%fw)df (5.14)
~ Jtim_tin [ i k_ivij(jblPeﬂ“Pfas(f) i

- Jim_im ik_ivi(;)\/lﬁ 227fpf</¢ mftdt>df
oo [
=NﬁmTlggo/‘b(t)(k_zji:Ni(f:)\/ljssm(:f’f—_t)t)ﬂ)dt

(E/qb(t) > :E(];))\/lﬁéé(t)dt) (5.15)
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In the above, (5.14) builds on the dominated convergence theorem (Theorem A.1.5) given that é e S.

Thus, we can essentially first view a periodic signal with its CDFT and then replace the values at % with § k. This is
in agreement with an engineering insight: If one is to express a periodic signal with its ¢ p expression:

o) = S ()¢

kEZ

ok
275t

one would expect that this would be equivalent to the integral form:
ot) = [ i) 0 (et
kEZ PvPE ’

whose equivalence is made precise through a distributional approach presented above.

5.6 Band-limited vs Time-limited Functions

Let {x(t), t € R} be a continuous-time signal with & = Foc (). If this signal has a finite (or bounded) bandwidth B,
that is if

©f) =0, fl>B,

(in which case we also say that & has bounded support), then it is not possible for the signal x to have a bounded support.
Theorem 5.6.1 Let g, with ||g||2 # 0 have a finite bandwidth. Then, g cannot have a bounded support.

Sketch of Proof. The proof uses ideas from complex analysis, and the Paley-Wiener Theorem. Let g have bounded support.
Consider the integral

/g(t)etht :C—C,

which is an extension from the real-line to C of the Fourier transform [ g(t)e~*?"ftdt : R — C. Then, due to the bounded
support condition on g, it can be shown that the complex differential

= [otear= [ o0 R
dz | IWe = heatiboo | IWE h

is well-defined and finite (where h = a + b — 0 denotes that the limit to O is to be taken along all complex valued
sequences), and likewise for any k € N

dk —=zt

Tk / g(t)e™*dt,

is finite, due to the bounded support condition on g. Since the integral | g(¢)e*'dt is C-valued, having finite derivatives
for all k£ implies that the function is analytic and the Taylor series can be used to express the signal in some neighborhood
of any given point. Since this argument holds for every z € C, the integral is in fact an entire function and thus the Taylor
series expansion must converge everywhere: Thus, if [ g(¢)e~*!dt is zero in a continuum of points, then the integral has to
be identically zero for all z, leading to a contradiction which would contradict the condition that ||g|l2 = ||g]l2 #0. O

A further interpretation and derivation of such a result will be provided in Chapter 10.

5.7 Exercises

Exercise 5.7.1 a) Let x € L2([0,2]; C) be given by:
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o(t) = lg<iyt + 1ii<e<oy (1 — 1)
Let j(g) denote the Fourier series coefficient corresponding to {%eﬂ”%t, t €[0,2]}.

With Matlab, generate the plot of the signal

N
onlt) = 30 ag) e, te .

k=—N

for N = 5,10 and 15. Here JE(%) are the Fourier Series expansion coefficients.
Observe that, the signal looks more and more like the original signal as N gets larger.

b) Prove that imy_, » [(z(t) — zn(t))?dt = 0.

Hint: Use the properties of Hilbert spaces and the fact that {%ei%%t} forms a complete orthonormal sequence. You
could invoke this result directly in your argument.

¢) Does for a general x € Ly([0,2]; C),

sup |z(t) —zn(t)| — 0,
t€(0,2]

as N — oo? Explain your argument.

—at?/2

Exercise 5.7.2 CCFT is a map from from S to S. One typical example is the Gaussian signal e for some a > 0:

Show that for a > 0, the CCFT of
o(t) = /2
is equal to
o(f) = Ke 7m0/,

for some K and conclude that (;AS is also a Schwartz signal.
Show that K is independent of f. Find K.

Exercise 5.7.3 Show that CCFT is a unitary transformation from Lo(R; C) to itself. That is, show that Placherel’s Identity
holds for functions in Ly(R; C).

Exercise 5.7.4 a) Show that CCFT is a continuous map from S* to §*. That is, CCFT maps distributions to distributions
and this is continuous map on S*.

b) Show that the CCFT of the §-distribution is another distribution represented by a function which is equal to 1 for all f:
That is, ~
Feoc(0) = H,

with

H($) = / o(t)dt

Observe that this is in agreement with the general understanding that ) (f)=1forall f.

Exercise 5.7.5 Consider an impulse train defined by:

wp(t) = 3 §(t + nP)

neZ

so that the distribution that we can associate with this impulse train would be defined by:
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wp(9) = > ¢(nP),

nez
for¢ € S.

a) Show that wp is a distribution.

b) Show that

wr(0) = [ pu, Boat

that is, the Foc of this train is another impulse train.

Exercise 5.7.6 Consider a square-integrable signal with non-zero Lo norm, with bounded support. That is, there exists a

compact set, outside of which this signal is identically zero. Can the CCFT of such a signal, with a bounded support in
time-domain, also have bounded support in frequency domain?
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Frequency Domain Analysis of Linear Time-Invariant (LTI) Systems

6.1 Input-Output Relations for Linear Time-Invariant Systems via Fourier Analysis

As we discussed in Section 4.5, a very important property of convolution systems is that if the input is a harmonic function,
so is the output: Let u € Lo (R; C) given with
u(t) — eZQTI'ft,

be the input to a linear time-invariant system

y(t) = /00 h(t — T)u(r)dr = /OO h(T)u(t — 7)dr

=—00 T=—00
Then, the output satisfies
— 00

)= ([ erar)

is Foo(h) evaluated at f. We call this value, the frequency response of the system at frequency f, whenever it exists.

y(t) = ( / h h(s)emfsds)eizwft

The integral

A similar discussion applies for a discrete-time system: Let h € [3(Z;C). If u(n) = e**™/™ is the input to a linear
time-invariant system given with

y(n) = Z h(n —m)u(m) = Z h(m)u(n —m).

then

y(n) =< i h(m)em’“’fm>6i27rfm.

m=—0o0

We recognize that

)= Y wme = = (Foem ) (1),

m=—o0
and call  the frequency response function.

Convolution systems are used as filters through the characteristics of the frequency response.
Some Properties.

Recall the following properties of Foc.
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(1) Letu,v € S. We have that

To see this, apply the definition of Fo¢ to

y(t) = (uxv)(t) = /ER h(T)u(t — 7)dr

so that

%\%\%\%\

( tT)dT) —i2rft gy

( t—T)dT) —2nfre—i2nf(t=7) gy

h(r)e —’27”‘7( /R u(t—r)e—i%f(t—ﬂdt)dr (6.1)
h(r)e ™ Ta(f)dr

P 67i27rf7' -
5 / B(r)e= I
o) 6.2)

\
>

(
(

>

Observe that we use Fubini’s theorem in (6.1).
(i) If v = L, then 9(f) = 2w fa(f).
(iii)Let v = 0 (u) for some @ € Z, that is v(n) = u(n + ). Then,

0(f) = Y uln +0)e 21" = 20 a(f)

nez

The above will be very useful properties for studying LTI systems. We can also obtain converse differentiation properties,
which will be considered in further detail in Section 7.2 while studying the Z and the Laplace transformations. Nonethe-
less, we will present two such properties in the following (see Section A.2 for a justification on changing the order of
differentiations and summations/integrations):

Let
Fpe(x)(f) =2(f) = Zx(n)eﬂ'zwfn

n

Then, through changing the order of limit and summation:

dj(f) dx( —i2nfn —i2wfn
T gn —_— = g —2imnz(n
This leads to the conclusion that with v(n) = —nz(n), with v absolutely summable,
1 dz(f)
‘F = —
pc(v)(f) 2n  df

Likewise, for the continuous-time case with z € S

Fool@)(f) = &(f) = / w(t)e > ds
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Via the analysis in Section A.2, through changing the order of limit and integration,

dz(f) dx(t)e2r Tt . ot
= _— = —2 Lem .
i / i dt /( imtx(t))e dt (6.3)
This leads to the conclusion that with v(t) = —tx(t), with v(t) (absolutely) integrable,
1 dz(f)

In the context of LTI systems, we will occasionally build on the following properties: If u(t) = 1{t20}€at, with a < 0,

then then ﬁ(f) = ﬁ

—i2nf 1
l—ae—27f "

Likewise for Fpc, for |a| < 1,if u(n) = a" '1g,>1y, then a(f) = e

The properties above are crucial, and typically sufficient, for studying a large class of linear time invariant systems described
by differential and difference equations (convolution systems).

6.2 Transfer Functions and their Computation for Convolution Systems via Fourier Transforms

In applications for control, communications, and signal processing, one may design systems or filters using the properties
of the frequency response functions.

Consider the following continuous-time system with input » and output y:
N , M
d* dm
—y(t) = b —u(t
Zak dtky( ) Z dtmu( )
k=0 m=0
Taking the Fc¢ of both sides, we obtain

(gkm%ﬂﬁmﬂz(fﬁmmmfﬁm

m=0
This leads to:
il(f) — Zn]\;jzo bm(iQﬂ’f)m
Skio ax(i2mf)k
As an example, let us consider
d
W —ay(t) +u(t), a>0
dt
For this system, we obtain by taking the F¢¢ of both sides (assuming this exists), we have
~ 1
h(f)=———
() a+i2nf

which is consistent with a direct computation, as done earlier, of the Fourier transform of

h(t) = e *1y>o

Likewise, for discrete-time systems:

N M
Z ary(n — k) = Z bpu(n —m)
k=0 m=0
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Taking the Fp¢ of both sides (assuming the Fpc exist), we obtain

) SN et
D) =G TSN e

As an example, consider
yn+1) =ay(n) +u(n), Jaj <1
For this system, we obtain by taking the Fpc of both sides (assuming this exists), we arrive at (¢”2™f — a)g(f) = a(f)

and thus .
1 67127rf

h(f) = ei2nf _q 1 — ae—i27f

Once again, as in the continuous-time setup, as discussed earlier, this is consistent with taking the Fpc of the impulse
response function given by
h(n) = anfll{n—lzo}

Exercise 6.2.1 Consider the R-C circuit considered in class with the equations:

dVC(t) . 1 1
&~ ro oWt ga®

R

_“.gi’) ) o=

Fig. 6.1: An RC-circuit as an input-output system

a) Viewed as a linear time-invariant system, where w is the input and V¢ is the output, find the impulse response and the

[frequency response.

b) Qualitatively, plot the Bode diagram.

Exercise 6.2.2 Consider the R-L-C circuit considered in class, with the dynamics

2Q  dQ 1.
Note Vo = Q/C.
R
4o C == t Ve
| L
dLEL

Fig. 6.2: An RLC-circuit as an input-output system

a) Viewed as a linear time-invariant system, where w is the input and V¢ is the output, find the impulse response and the
[frequency response.
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b) Qualitatively, plot the Bode diagram in the setup when R is very small.

¢) Show that when R is very small, the f value which maximizes the amplitude of the frequency response is around ﬁ
Such a model is often used as an antenna of a radio receiver with the value of the capacitance denoting a tuning parameter.

How to compute the inverse transform? One can, using /, compute h(t) or h(n), if one is able to compute the inverse
transform. A useful method is the partial fraction expansion method. More general techniques will be discussed in the
following chapter. Let

PA)  po+pid+--+purM
Q) @+aA+- - +an AN

If M < N, we call this fraction strictly proper. If M < N, the fraction is called proper and if M > N, itis called improper.

R(\) = AeC

If M > N, we can write ~
R(A) =T\ + R(N),

where T has degree M — N and R()\) is strictly proper. We can in particular write:

K

=3 (X 5%

i=1 “k=1

where \; are the roots of () and m; is the multiplicity of \;.

This is important because we can use the expansion and the properties of Fo¢ and Fpc presented earlier in the chapter to
compute the inverse transforms. Such approaches will be studied in further detail in the following chapter. In the following,
we present two examples:

Example 6.1. Consider a linear time invariant (LTT) system characterized by:
y W (t) = —ay(t) + u(t), teR
with a > 0.
a) Find the impulse response of this system.
b) Find the frequency response of the system.
¢) Let u(t) = e *1{;>0y. Find y(t).

Solution. a-b) Taking the Fourier transform of the terms in the differential equation, we obtain

(127 f + a)g(f) = a(f)

Hence, the frequency response is:
1
a—+i2nwf

The impulse response corresponds to the inverse Fourier transform of this, which is

e 10y
¢) The function w has its Fourier as:
1
1+ 2nf
Hence, the frequency response of the output will be
1 1 1 1 1 1

W) = T ianfation a—1itinf 1 aatiznf
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when a # 1. This leads to an inverse transform of:

1 - —a
y(t) = a_1¢ >0y + T4 >0y
When a = 1, we have .
. . 2

. - . dirisay . T .
Once we observe that (ﬁ)2 is the derivative —(1/(i2m)) —7=", and that differentiation in frequency domain leads

to multiplication by —¢27t in time domain as was discussed in class, the result becomes (with a = 1)

y(t) = te_atl{tzo}
Example 6.2. Let a non-anticipative LTI system be given by:

y(n) = Jy(n—1) — 2y(n—2) +u(n)

a) Compute the frequency response of this system.
b) Compute the impulse response of the system.
¢) Find the output when the input is
1 n
u(n) = (5)"L{n03

Solution. a) We obtain the frequency response with the following: We have

R 3 _ 1 . .

G = Fe ™ 4 —em ) = a(f)
4 8

This leads to: 1

h(f) - 1— %e—i%-rf + %e—i4ﬂ'f

b) We write the second degree polynomial (in terms of ¢?>7/) in the denominator, in terms of first degree polynomials as

follows:
1 1

<f) 1— %672271']” + %67147rf (1 _ %67127rf)(1 _ iefﬁﬂf)

This can be written as 5 1

1— %efiQﬂ'f + 1— %efi%rf

Hence, the output in time domain becomes:

¢) The input has its Fourier as

Hence, by multiplication with A( f) above:

- (1— ie—ﬂﬂf)(l _ %e—iQﬂ-f)2
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This can be expanded as
A B c

1— ie—ﬁﬂf 1— %6—2271']‘ (1 _ %e—zZTrf)Q

9(f)

The values for A, B, C' can be shown to be equal to: A =1,B=-2,C = 2.

The first and the second terms above can be converted to the time-domain by the property that z(n) = 7™1,>( gets mapped

by Fpc to 1—7@%% for |r| < 1. For the last term, we observe that

C B gi 1 ei2‘n’f
(1—Le—i2nf)2 C2df\(1— fe~2rf) ) —i2m

Using the fact that the derivative in the frequency domain leads to multiplication by (—i2)n by the time domain, and that
multiplication by %27/ leads to a shift in the time domain, we obtain that the contribution of the last term in time-domain
would be

1 n
(n+ 1)(5) 130

Hence, the output becomes (by the observation that, derivative in frequency domain leads to a polynomial multiplication
in the time domain)

i) = (" = 203)" ) gasoy + (14 DG Trsy

6.3 Exercises

Exercise 6.3.1 Consider a continuous-time system described by the equation:

dzl—(tﬂ =ay(t) +u(t), teR,

where a < 0.
a) Find the impulse response of this system.
b) Suppose that the input to this system is given by cos(2w fot). Let y s, be the output of the system. Find yy, (t).
c) If exists, find
lim g, (1),

fOA)OO

forallt € Ry.

Exercise 6.3.2 Let a system be described by:
y(n+1) =ay(n) +bu(n) + cu(n —1), neZ.
a) For what values of a, b, c is this system bounded-input-bounded-output (BIBO) stable?

b) Leta = 2,b = 1,c = 1. Compute the impulse response of the system.

c) Witha = 2,b=1,c = 1; find the output as a function of n, when the input is
u(n) = 1{n20}
Exercise 6.3.3 Consider a linear time invariant (LTI) system characterized by:

y D (t) = —ay(t) +ut), teR
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with a > 0.
a) Find the impulse response of this system.
b) Find the frequency response of the system.

¢) Let u(t) = e "1(4>0). Find y(t).

Exercise 6.3.4 Consider a continuous time LTI system with a frequency response

h(f) =1qs<f) [fER

a) Find the impulse response of the system; that is the output of the system when the input is the signal representing the &
distribution.

b) Find the CCFT of the output, when the input is given by
u(t) = e " cos(fit)1 >0
Exercise 6.3.5 a) Let x € I5(Z; C). Compute the DCFT of
z(n) = a"1y>0),

with |a| < 1.

b) Compute the DCFT of x:
x(n) = cos(3m fon)

Exercise 6.3.6 Many signals take values in multi-dimensional spaces. If you were to define a CDFT for signals in
Lo ([0, Py] x [0, Po]; C), for given Py, Py € R, how would you define it?

Exercise 6.3.7 Let a non-anticipative LTI system be given by:

y(n) = Ju(n—1) — Sy(n—2) +u(n)

a) Compute the frequency response of this system.
b) Compute the impulse response of the system.

c¢) Find the output when the input is
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The Laplace and Z-Transforms

7.1 Introduction

The powerful tools of Fourier transforms do not directly generalize to signals which are not square integrable. Laplace and
Z-transforms allow for the generalization of the machinery developed for Fourier transformable signals to a more general
class of signals. For example, applications in control systems often require the design of control policies/laws which may
turn an open-loop unstable system into a stable system; for studying such unstable signals it is essential to expand the class
of signals which can be studied using frequency domain methods. Furthermore, one-sided Laplace and Z-transforms will
be seen to be useful in studying systems which have non-zero initial conditions.

The Laplace transform generalizes the CCFT and the Z-transform generalizes the DCFT: If a signal is « is not in L; (R; R),
y(t) = z(t)e~"" may be in Ly (R; R) for some r > 0. Likewise, if a signal is z is not in /1 (Z; R), y(n) = z(n)r~" may be
in L1 (R;R) for some r > 1. The Fourier transforms of these scaled signals correspond to the Laplace and the Z-transforms
of x.

A signal is said to be of at-most-exponential growth, if there exist real numbers M, o with |z (t)] < M1p>0ye*" for some
M € R, o € R. For such signals, the Laplace transform will be defined for certain parameter values. A similar discussion
applies for the Z-transform such that if [z(n)| < M1,>¢y7" for some M € R, r € R, the Z-transform will be defined for
a range of values. These will be detailed further in the following.

7.1.1 The Two-sided Laplace Transform

The two-sided Laplace transform of a continuous-time signal x is defined through the pointwise relation:
X =L(x)
with

X(s) = /feRac(t)e_St, seC

The set {s €C: [plz(t)e™ < oo} is called the region of convergence (ROC).

7.1.2 The Two-sided Z-Transform

The two-sided Z-transform of a discrete-time signal x is defined through the pointwise relation:
X = Z(z)

with
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X(z) = Zx(n)z_", zeC

nez

Theset {z € C: ) _,|x(n)z™"| < oo} is called the region of convergence (ROC).

7.1.3 The One-sided Laplace Transform

The one-sided Laplace transform of a continuous-time signal is defined through the pointwise relation:
Xy =Ly ()

with

X, (s) = /t w0

The set {s € C: fteIR+ |z(t)e™!| < oo} is called the region of convergence (ROC).

7.1.4 The One-sided Z-Transform

The one-sided Z-transform of a discrete-time signal is defined through the pointwise relation:
X =2Z2(z)

with

n€ly

Theset {z€ C: |x(n)z~"™| < oo} is called the region of convergence (ROC).

n€Zy

7.2 Properties

7.2.1 Linearity

Provided that z is in the ROC for both of the signals = and y

(Z(z +9))(2) = (Z2(2))(2) + (2(v))(2)

This property applies for the other transforms as well.

7.2.2 Convolution

Provided that z is in the ROC for both of the signals z and y

(Z(z *y))(2) = (Z(2))(2)(Z2(y))(2)

This property applies for the other transforms as well.
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7.2.3 Shift Property
Let y(n) = 2(n + m), then

(Z2(W)(z) = (Z2(2))(2)z"

For the one-sided transform, however, the following holds. Let m = 1. Then,

(ZeW)() = <<z+<x)><z> - x<o>)z

The general case for m € Z can be computed accordingly. For example, let y(n) = x(n — 1), then
(26 = (2:00)2) )+ = al-1),

Likewise, let y(t) = z(t — 6). Then,

For the one-sided transform, let y(t) = 2(t — 6)1;>¢}. Then,
(L+())(s) = (L4(x))(s)e™™’
7.2.4 Converse Shift Property

Let y(n) = z(n)a"1{,>0}, then

provided that £ € ROC for .
Let y(t) = z(t)e"* 1{;>0}, then

provided that s — a € ROC for x.

7.2.5 Differentiation Property (in time domain)
Let D(x) denote ‘fl—‘f (assumed to exist), and let z(¢) = 0 for t < b some b € R and that |z(¢t)| < Me®. Then,

L(Dz)(s) = sL(x)(s)

Lo(Dx)(s) = sL4.(2)(s) — 2(0),
for Re{s} > a.

7.2.6 Converse Differentiation

87

(7.1)

Suppose that limsup,, , . |#(n)|(+) < R for some R € R. This implies that {z : |z| > R} is in the ROC. To see this one
should note that for every & > 0, there exists Ny such that for n > Ny we have |z(n)|(+) < R + . Then, take 0 to be less

that |z| — R for any given |z| > R.

Now, let y(n) = —nx(n). Then,
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for |z| > R.

The proof of this result uses the fact that with

for |z| > R,

We now verify this result. First observe that

n>0

is also absolutely convergent for |z| > R (by the J, N5 argument noted above). We now show that K (z) is indeed the
derivative of X (z). Consider

d . X(z+h) - X(2)
%X(z)_K(Z)_iILIL% A — K(z)
(z+h)™™—2z"
—}1L1_>mO z(n) - — K(2)
n>0
o (z+h)™"—2 > (z+h)™" — 2"
*}llli% z(n) . + Z z(n) . — K(2)
n= n=N+1
With |z| — |h| > R, observe that
n—1
I N Lok lyn—1-s
(z—i-h) (z) (z—|—h z)kzo(z—i—h) (z)
Since |z + h| > |z| — |h| > R, we have that
1 1
-3 1 1
z+h z < Il < 6 -2
FEE < < (R 9)
for some § > 0. and
Ly Iyl < (R4 6)2(R+6)" ) = (R4 8)~ D
hi z+h 20| T

Thus, for all h sufficiently small, we have that

Z x(n)w#g Z x(n)n(R_H;)f(nfl)’

n=N+1 n>N+1

and this term can be made arbitrarily small (uniformly over sufficiently small h) by picking a large enough N since
1 .
limsup,,_, . (|z(n)])() < R. For the first term, we write that

N —n _ ,—n
lim x(n)w — Z —x(n)nz_n_l,

h—0 h
n=0 n=0
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since there are only finitely many terms. Since Z:LO —x(n)nz"""t — K(z) — 0 as N goes to oo, the result follows.

The derivative rule for the Laplace transforms follows from a similar reasoning. Let |z (¢)| < Me* for some M, a € R.
Let y(t) = —ta(t). Then, for s with Re{s} > a, we have

L)) = (L))

To see this, consider with £ (y)(s) = X (s)

d . X(s+h)—X(s)
—X(s)=1
ds ( ) }LE)I}) h
ft>0 —(s+h)t _ 7st
B0 h dt
—ht __ 1
= lim :v(t)e_Steidt
h—0 t>0 h
= lim z(t)e*St—Zk:O Mt
h—0 t>0 h
oo
—ht)*
= li _ —st (
L RO tkz:% e
(7.2)
Since Y -, (kﬁ)‘ <Y, i htl < el and limy, 0 el = 1 for all ¢, and that [ x(t)te~*e/"*dt is integrable when

s is in the ROC (by taking h sufﬁcwntly small), the dominated convergence theorem 1mphes that

%X(s) _ /tzo Ctw(t)e=tdt = Lo {(—ta(t)}(s).

Remark 7.1. Note that for F¢ ¢, a more subtle argument is needed for pushing the derivative inside the integration in (6.3)
via applying Theorem A.2.1 to imaginary and real parts of an exponential separately. For the Z and Laplace transforms
above, we are using the liberty of the region of convergence being outside the critical curves/lines (as in |z| > R).

7.2.7 Scaling

If y(t) = xz(«at), then

provided that = € ROC for .

7.2.8 Initial Value Theorem

Let z(n) < Ma™ for all n € Z and for some M, a € R. Then,

lim X (z) = z(0),

zZ— 00
for |z] > a.

Let z(t) < Me® and a(t) < Me® forall t € R and for some M, a € R. Then,

lim sX i (s) = x(0),

s—o0,Re{s}>a
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for Re{s} > a. The proof of this result follows from the differentiation property (in time domain) (and an application of

the dominated convergence theorem (see Theorem A.1.5) if Res — oo or the Riemann-Lebesgue Lemma (see Theorem
5.3.3) if Im(s) — oo but the real part does not converge to infinity).

7.2.9 Final Value Theorem

If limy o0 2(¢) =: M < o0, then
lim z(t) = lim  sX4(s),

t—o0 s—0,s€R
‘We note that we can relax the above to:
lim z(t) = lim sX 4 (s),
t—0o0 s—0,Re{s}>0:lim Rl;ﬂg}<oo

Proof. Let M = lim;_,, (t). Then with M = s [ Me~*'dt, it suffices to show that

li t) — M)e *tdt = 0. 7.3
s—>0,1%g%s}>0/(x( ) )6 (7.3)

For K with for all ¢t > K: |z(t) — M| < e, it follows that

im s / (2(t) — M)e="tdt| < Tim s / l(t) — Mle=Fetsdigy
s—0,Re{s}>0 K s—0,Re{s}>0 K
GefRe{s}K
|s

: , 5]
1 —| < 1 .
SHO,I%IeI%s}>O Re{s} = 5%0,}%1628}>0 Re{s}6

(7.4)

On the other hand with this K fixed, the remainder lim,_,o pe{s}>0 S fOK(x(t) — M)e5t = 0. Since € > 0 in the above is
arbitrary, the result follows. Thus, (7.3) holds. O

To be able to apply the Final Value Theorem, it is important to ensure that the finiteness condition, lim;_, o, () =: M <
00, holds. Note that if we have that all poles of s X (s) are in the left half plane, this ensures that lim;_, ., (¢) exists
and is finite.

For a discrete-time signal, if lim,,_, o, 2(n) < oo, then

lim z(n) = lim (1-2"Y)X,(2)

n— 00 z—1,]z|>1

The proof follows from the same arguments used in the proof above for the Laplace setup. Once again, note that if we have
that all poles of (1 — 2~1) X, (2) are strictly inside the unit circle, then lim,, . (n) exists and is finite.

7.3 Computing the Inverse Transforms

There are usually three methods that can be applied depending on a particular problem. One is through the partial fraction
expansion and using the properties of the transforms. Typically, for linear systems, this is the most direct approach. All is
required is to know that

n 1
Z(a™1p>0)(2) = T—as 1
with z € {2z : |z] > a} and
1
L(e""Li>0)(s) =

sS—a
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with s € {s: Re{s} > a}, together with the properties we discussed above. One needs to pay particular attention to the
regions of convergence: for examples both of the signals z1(t) = e*1{;>0} and x5(t) = —e* 1,0} have their Laplace
transforms as ——, but the first one is defined for Re{s} > a and the second one for Re{s} < a.

A second method is to try to expand the transforms using power series (Laurent series) and match the components in the
series with the signal itself.

Example 7.2. Compute the inverse transform of X (z) = —*— where the region of convergence is defined to be {z : 2| >

2 1
1—2—2"

1}. You may want to first write X (z) = 2~

The most general method is to compute a contour integration along the unit circle or the imaginary line of a scaled signal.
In this case, for Z-transforms:

2(n) = %/CX(z)zn_ldz

where the contour integral is taken along a circle in the region of convergence in a counter-clockwise fashion. For the
Laplace transform:

x(t) = %/X(s)e“ds,

where the integral is taken along the line Re{s} = R which is in the region of convergence. Cauchy’s Integral Formula
(see Theorem B.0.2) may be employed to obtain solutions.

However, for applications considered in this course, the partial fraction expansion is the most direct approach.

7.4 Systems Analysis using the Laplace and the Z Transforms

For a given convolution system, the property that if « is an input, h is the impulse response and y the output

leads to the fact that

-3
Likewise,

(Z()(2) = (2(u)(2)(Z(h))(2)
leads to the fact that v

As with the complex harmonics, for a continuos-time convolution system with input u(t) = ¢, the output equals H (s)e*!
provided that H is well-defined. Likewise, for a discrete-time system with input u(n) = 2", the output equals H (z)z"
provided that H is well-defined. In view of this, H above is called the transfer function of the convolution system with
impulse response h (and thus generalizes frequency response introduced earlier).

From these relationships, often one can often compute the transfer functions directly.

Example 7.3. Let a convolution system (which defines a moving-average system) be defined with the relation

1 t+Ts
t) = u(7T)dr
y(t) T1+T2/tT1 ()

Show that
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1 1 o>

— - —sTg)
T1 + T2 S

— €

b

H(s)
by considering u(t) = et as the input.

Besides being able to compute the impulse response and transfer functions for such systems, we can obtain useful properties
of a convolution system through the use of Laplace and Z transforms.

7.5 Causality, Stability and Minimum-Phase Systems

Recall that a convolution system is causal if h(n) = 0 for n < 0. This implies that if » € R, is in the region of
convergence, so is R for any R > r. Therefore, the region of convergence must contain the entire area outside some circle
if it is non-empty.

Recall that a convolution system is BIBO stable if and only if ) |h(n)| < oo, which implies that |z| = 1 must be in the
region of convergence.

In particular, let P(z) and (=) be polynomials in z. Let the transfer function of a discrete-time LTI system be given by

This system is stable and causal if and only if: the degree of P is less than or equal to the degree of ) and all poles of H
(that is, the zeros of () which do not cancel with the zeros of P) are inside the unit circle.

Therefore, a discrete-time causal convolution system of the form H(z) = ggzg noted above is BIBO stable if and only if

the region of convergence is of the form {z : |z| > R} for some R < 1.

A similar discussion applies for continuous-time systems: Such a system is causal if h(t) = 0 for ¢ < 0. Therefore,
whenever the region of convergence includes a € C, then {s : Re{s} > Re{a}} is also in the region of convergence.

Such a system is BIBO stable if and only if | |h(t)|dt < co which then implies that the imaginary axis is in the region of
convergence. Thus, if P(s) and Q(s) are polynomials in s and the transfer function of a continuous-time LTI system be
given by

this system is stable if poles of H are in the left-half plane

Therefore, a continuous-time system is BIBO stable and causal if the region of convergence is of the form {s : Re{s} > R}
for some R < 0..

A practically important property of stable and causal convolution systems is whether the inverse of the transfer function
is realizable through also a causal and stable system: Such systems are called minimum-phase systems. Thus, a system
is minimum-phase if all of its zeros and poles are inside the unit circle. A similar discussion applies for continuous-time
systems, all the poles and zeros in this case belong to the left-half plane.

Such systems are called minimum phase since every rational system transfer function can be written as a product of a
minimum phase system transfer function and a transfer function which has unit magnitude for s = 27 f, f € R, but which
has a larger (positive) phase change as the frequency is varied. To make this more concrete, consider

s—1
s+5

Gl(S) =

This system is not minimum-phase. Now, write this system as:

- (2250
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Here, Gao(s) := zié is minimum-phase. G3(s) := z;} is so that is magnitude on the imaginary axis is always 1. However,

this term contributes to a positive phase. This can be observed by plotting the Bode diagram, as for small w values, the
signal has a phase close to 7 which gradually decays to zero.

This phase is associated with delay: To observe this added delay consider the following: Write er} =1- Sil , and observe
that the inverse Laplace of this term is the Dirac delta impulse minus the effect of the inverse Laplace of — %; this latter

term is b(t) := —Qe_tl{tzo} or in terms of a linear system it is the solution of a causal system with input u whose output

is [ b(t — 7)u(r)dr (or generally [ k CeAt=%) Bu(s) for appropriate matrices A, B, C'): This term adds a delayed response
compared with the effect of the Dirac delta impulse.

Yet, another interpretation is the following: Let & > 0. One has the approximation

— X" e
1+ s6/2

for small s = iw values through expanding the exponential term. By our analysis earlier in (7.1), a negative complex
exponential in the Laplace transform contributes to a positive time delay. The approximation above is known as a first-
order Padé approximation.

Thus, non-minimum-phase systems have higher delay properties in their impulse responses compared to minimum-phase
systems.

7.6 Initial Value Problems using the Laplace and Z Transforms

The one-sided Laplace and Z transforms are very useful in finding solutions to differential equations or difference equations
with initial conditions.

7.7 Exercises

Exercise 7.7.1 a) Compute the (two-sided) Z-transform of
Note that you should find the Region of Convergence as well.

b) Compute the (two-sided) Laplace-transform of
x(t) = €2t1{t20}
Find the regions in the complex plane, where the transforms are finite valued.

¢) Show that the one-sided Laplace transform of cos(at) satisfies

S

£+{COS Oét} = m7

Re(s) >0

d) Compute the inverse Laplace transform of

s2+9s+2

G213 Re(s) > 1

Hint: Use partial fraction expansion and the properties of the derivative of a Laplace transform.
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Exercise 7.7.2 Find the inverse Z-transform of:

3— 2,71
X(2) = 6 . |z >1
=) (1—3z1H)(1— 3271 1

Exercise 7.7.3 Let P(z) and Q(z) be polynomials in z. Let the transfer function of a discrete-time LTI system be given by

a) Suppose the system is BIBO stable. Show that the system is causal (non-anticipative) if and only if ggi; is a proper

fraction (that is the degree of the polynomial in the numerator cannot be greater than the one of the denominator).
b) Show that the system is BIBO stable if and only if the Region of Convergence of the transfer function contains the unit

circle. Thus, for a system to be both causal and stable, what are the conditions on the roots of Q(z)?

Exercise 7.7.4 Let a system be described by:

y(n+2) =3y(n+1) —2y(n) +u(n), neZ.

a) Is this system non-anticipative ? Bounded-input-bounded-output (BIBO) stable?
b) Compute the transfer function of this system.
c) Compute the impulse response of the system.
d) Compute the output when the input is
u(n) = (=1)" 10y
Exercise 7.7.5 Let a system be described by:

y(n+2) =3y(n+1) —2y(n) +u(n), neZ.

a) Is this system non-anticipative ? Bounded-input-bounded-output (BIBO) stable?
b) Compute the transfer function of this system.
c) Compute the impulse response of the system.
d) Compute the output when the input is
u(n) = (=1)" 10y

Exercise 7.7.6 a) Let H(z) = ﬁ Given that H represents the transfer function (Z-transform of the impulse response)
of a causal filter, find h(n).
b) Find the solution to the following sequence of equations:

yn+2)=2yn+1)+yn),n>0

with initial conditions:

That is, find y(n),n > 0.
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Control Analysis and Design through Frequency Domain Methods

8.1 Transfer Function Shaping through Control: Closed-Loop vs. Open-Loop

In Section 1.2.1, we discussed some control theoretic configurations mapping an input to an output and how the map can
be shaped by control design. Two common architectures are depicted in Figure 1.2 (as a general output feedback; here the
control depends on the output of the system) and in Figure 1.3 (as an error output feedback control system; here the control
depends on the error between the external input and the system output). More general configurations are also possible, as
discussed in Section 1.2.1. For consistency, we will focus on a particular architecture noting that the analysis to follow can
be generalized to any of these models.

Consider the (error) feedback loop given in Figure 8.4. Here P(s) denotes the transfer function of the system to be con-
trolled. By writing Y (s) = P(s)C(s)(R(s) — Y (s)), it follows that

Y(s) _ _P(s)C(s)

R(s) ~ 1+ P(s)C(s) .1

is the closed-loop transfer function (under negative unity feedback). Compare this with the setup where there is no feedback:
in this case, the transfer function would have been P(s)C(s). This latter expression is often called the (open) loop-transfer
function.

—(H)—>|  C(s) P(s)

\/

Fig. 8.1
The goal is to shape (8.1) via the control characterized with C(s) in the frequency domain.

8.1.1 Some motivation via a common class of controllers: PID controllers

By Laplace transforms, we know that differentiation in time domain entails a multiplication with s, and integration involves
multiplication with L. In the context of the setup of Figure 8.4, let e(t) = y(t) — r(t). A popular and practical type of

control structure involves:

¢ de
u(t) = kl/ e(t)dt + kq— + kpe(t)
0 dt
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which writes as, in Laplace domain,
ks
U(s) = (5 + kgs + k:p> E(s).

Thus, the control uses both the error itself (proportional), its integration, and its derivative; leading to the term PID control.

8.2 Bode-Plot Analysis

Bode plots were studied earlier in class. With Bode plots, we observed that we can identify the transfer function of a system,
when a system is already stable. However, the Bode plot does not provide insights on how to design a control system or
how to adjust a controller so that stability is attained.

8.3 The Root Locus Method

The set {s : 1 + C(s)P(s) = 0} consists of the poles of the transfer function. If one associates with the controller a gain
parameter K, the root locus method traces the set of all poles as K ranges from 0 to co (and often from 0 to —oo as well),
so that {s : 1 + KC(s)P(s) = 0} is traced. Thus, this method provides a design technique in identifying desirable values
for the parameter K.

The root locus method allows one to identify the poles. As we studied in Section 7.5, the pole information clearly identifies
BIBO stability properties and all of the poles are to have negative real values for the closed-loop system to be BIBO stable.

Additionally, it lets one select desirable pole values: for example, poles with imaginary components lead to significant
transient fluctuations and poles with real parts closer to the origin (on the left half plane) dominate the behaviour involving
the response characteristics. A control engineer/designer may have reasons to choose certain poles over others.

For the approach to be applicable, the following key mathematical result is to be noted.

Theorem 8.3.1 Consider the polynomial a(s) + Kb(s) = 0 where a and b are polynomials. The roots of this polynomial
vary continuously as K € R changes.

Proof Sketch. We will follow a contrapositive argument showing that if the roots do not converge to the roots of the
polynomial, the polynomial cannot converge either, as K approaches a fixed number (say 1, without any loss). Consider
the following three steps:

a) First show that for any polynomial p(s) = ag + a15 + -+ - + a,—15" "' + s", the matrix

0 1 O 0
0 0 1 0
A= : : -
o o0 o --- 1
—ag —a1 —Gg -+ —0p_1

has p(s) as its characteristic polynomial; that is: det(s] — A) = p(s) = ag + a15 + -+ @, 15"~ + s™.

We can show this by directly by computing the characteristic polynomial (and by an inductive argument): The result holds
for n = 2. Now, let this hold for n — 1 > 2. We show that it also holds for n. Observe that the determinant of the matrix

A=10-- 0
0AN—-1--v 0
M—-A=10 :
00 0-- -1

ag ai ag - - A+ anp_1
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is
Mar + -+ an A2 AT 4 (<1 (1) = g anh AT X

Alternatively, (given earlier studies involving differential equations) you can show this by realizing that the matrix above
appears in the first-order ODE reduction of the nth order constant coefficient differential equation:

d"y(t) d"ty(t) d"?y(t) dy(t)
P Un—1 =y T On2—gm=— == +aoy(t) =0, (8.2)
by writing
aye) | atyn]”

w(t) = [y(r) WO ... } (8.3)
Then, realize that e*i*c (for some constant ¢) solves the differential equation (8.2) and thus obtain a solution for (8.3),

it it

eri e

)\1'6)\” )\ieAit
leading to an eigenvalue equation: A . =\ . . For a repeated eigenvalue we need to consider e*i*¢
A;zfie/\it )\ZLf.le)\it

or further functions, and a slightly more involved analysis, to arrive at generalized eigenvectors.

b) From this, one can show through some algebraic analysis that eigenvalues are uniformly bounded where the bound
continuously changes with the polynomial coefficients: Consider an eigenvalue A with eigenvector v with Av = Av and

v=[vy vn]T. Then, for every i, we have that
Al = 13 A d)o(0)] < ((max 314G )1 ) o
J J

and hence

o < (‘e 314G.)] ) ma |
7 2 N J
J

and thus [A| < max; >, |A(7, j)| for all eigenvalues. As aresult [A;| < max(1, 37, [a;]) foreach 1 < j <mn.
Alternatively, you can use a very useful result known as Gershgorin circle theorem.

c) Now, as K changes, the coefficients of the polynomial continuously change. Therefore, the roots of the polynomial are
uniformly bounded for K sufficiently close to any fixed K*. By b) above, this implies that for every sequence K,, — K™,
the corresponding sequence of roots must contain a converging subsequence (since the ordering of the roots may be arbi-
trary one can consider the metric between two vectors defined as the smallest [, distance among all possible permutations').

Then, we can arrive at a contradiction for the following contrapositive argument: suppose that K approaches K* along
some sequence but the roots do not converge to the roots of the polynomial with K = K*.

'As an exercise, show that this permutation does not violate the conditions of being a metric: d(x, y) := min, d(x, o(y)), where &

permutes the order of the components of the vector y: To see this, define d(z, y) = min, d(z, o(y)) and let oz be another permutation.

d(z,y) = rr}jin d(z,0(y)) = mind(o(x),y) = irzlfmin (d(o(m), z)+ d(z,y))

o o

= inf min min (d(a(m),az(z)) + d(z,y)> = inf min min (d(o(:c), oz(c,'(2))) +d(o,' (), y))

z oy o z oy ©
= inf min min (d(a(x), z) 4+ d(o,' (2), y)) = inf mind(o(z), z) + mind(o, " (2),y)
z oy O z o oz

= iIzlf n;in d(o(z), z) + IgnZn d(oz(2),y) = irzlf(cZ(m, 2) +d(z,y)) <d(z,2) +d(z,y), (8.4)

for any z, so that the triangle inequality holds. The other conditions for being a metric (see Definition 2.1.9) also apply.
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Let {s¥, ... sX} be the roots of the polynomial pg (s) for a given K. For any sequence K,,, — K*, by part a), the family
of roots will take values from a compact set. Thus, there must exist a converging subsequence, call such a subsequential
limit {51, - , 8, }. Now, if this limit is not the same as the roots of the polynomial with K = 1, then, the value of the

polynomial at K = K*, pf-(s) must be different then the value [ _, (s — 5,,,) for some s € C. But, by continuity of the
polynomial itself in K, px(s) — p1(s) for all s € C, a contradiction. Thus, every converging subsequence must converge
to the roots of the polynomial pg~(s). For the metric for convergence, as noted, we consider the smallest possible l; metric
on C™ among all permutations.

Finally, we now show that in fact every sequence itself must be converging: suppose not, then there exists € and a subse-
quence {51, , 8, } such that {5, --- , 5, } is e away from the roots of the py - (s) under the metric considered above. But
this subsequence itself must contain a converging subsequence, by the arguments above, and the limit has to be the roots
of px~(s). Hence, a contradiction. 0O

We note that an elementary proof along this direction is given in [13].

Remark 8.1. The above also directly establishes the very useful result that when one is given a matrix, the eigenvalues of
the matrix are continuous in (pointwise perturbations of) its entries.

Exercise 8.3.1 Consider Figure 8.4.

a) [Proportional Control] Let the plant and controller be given with P(s) = 6% (double integrator dynamics) and C(s) =
kp (such a controller is known as a proportional controller). Find the root locus as k, changes from 0 to co. Can this
system be made stable by such a proportional controller?

b) [PD Control] Consider P(s) = S% (double integrator dynamics), and C(s) = k, + kqs (the term PD-controller means
proportional plus derivative control). Let k, = kq = K. Find the root locus as K changes from 0 to co. Conclude, while
comparing with part a above, that the addition of the derivative controller has pushed the poles to the left-half plane (thus,
leading to stability!)

c) [Reference Tracking] For the system with the controller in part b), let K > 0: Let 7(t) = Aly;>0y for some A € R. Find
limy o y(t). Hint: Apply the Final Value Theorem. We have that R(s) = AL and with Y (s) = A% we have
that sY (s) has all poles on the left-half plane. By the final value theorem, the limit is A. Thus, the output asymptotically

tracks the input signal.

Some engineering interpretation. s% can be viewed as a map from acceleration to position: % = u, part a) in the above
suggests that if we only use position error we cannot have a stable tracking system; but if we use position and derivative
(that is, velocity) information, then we can make the system stable. Furthermore, if we have a reference tracking problem,
the output will indeed track the reference path.

Solution. a) The roots solve 5?2 + K = 0 and therefore the system is not BIBO stable for any K > 0. b) Here, we have
1+ K52 SH = 0 and thus s*> + Ks + K = 0. All reals to the left of -1, and values on the unit circle centred around -1 form
the root locz Therefore, with K > 0, the presence of the derivative control together with the proportional control pushes
the root loci to the left half plane!

We have that U(s) = L. Then, Y (s) = % Note that sY (s) has all poles on the left-half plane. By the final

value theorem, the llmlt is A( you can also directly apply an analysis based on partial fraction expansion which upon some
analysis leads to %+ + % for constants o, By, B2, and note that only the term involving the partial fraction °*
leads to a term whzch does not decay to zero in view of part b, and thus it suffices to compute oy = 1). Thus, the output

asymptotically tracks the input signal.

8.4 Nyquist Stability Criterion

Consider a feedback control system with negative unity feedback as in Figure 8.4, with the loop-transfer function P(s)C(s)

P(s)C(s)

and the closed-loop transfer function T P(5)0(s)"
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With the Bode plot, we observed that we can identify the transfer function when a system is already stable. However, the
Bode plot does not provide insights on how to adjust the controller so that stability is attained. The Root Locus method
allows for parametrically adjusting the instability region. Complementing the Root Locus method, the Nyquist plot provides
further insight on controller design and its robustness properties to parameter variations with also the phase of the transfer
function appearing in the analysis (unlike the Root Locus method), to be discussed further below.

Recall first that a right-half plane pole of 1+ P(s)C/(s) implies instability. In general, it is not difficult to identify the poles
of the (open-loop) transfer function P(s)C(s). Therefore, in the following we will assume that we know the number of
right-half plane poles P(s)C(s). Note also that the poles of P(s)C(s) are the same as the poles of 1+ P(s)C(s); thus, we
will assume that we know the number of right-half plane poles of 1 + P(s)C(s).

For the Nyquist plot, we will construct a clockwise contour starting from —¢ R to the origin and then to +¢R and then along
a semi-circle of radius R to close the curve. Later on we will take R — oo.

We will refer to this contour as a Nyquist contour.

If there is a pole of L(s) on the imaginary axis, we should carefully exclude this from our contour: to exclude these, we
divert the path along a semi-circle of a very small radius 7 around the pole in a counter clock-wise fashion (which will later
be taken to be arbitrarily close to 0). The exclusion of such a pole will not make a difference in the stability analysis: we
focus on the zeroes of 1 + P(s)C/(s) in the right-half plane (as such a pole cannot make 1 + P(s)C(s) = 0).

Theorem 8.4.1 Nyquist Criterion. Consider a closed loop system with the loop transfer function L(s) = C(s)P(s).
Suppose that L(s) has P poles in the region encircled by the Nyquist contour. Let N be the number of clockwise encir-
clements of —1 by L(s) when s encircles the Nyquist contour I’ clock-wise (where we note that —N would be the number
of counter-clockwise encirclements). Then, the closed loop has N + P poles in the right-half plane.

Note: One can alternatively trace the contours counter-clockwise and then count /N as the number of counterclockwise
encirclements. The result will be the same.

The proof builds on what is known as the principle of variation of the argument theorem, which we state and prove next.
Theorem 8.4.2 Let D be a closed region in the complex plane with I its boundary. Let f : C — C be complex differen-

tiable (and hence analytic) on D (and on I') except at a finite number of poles and with a finite number of zeroes, all in
the interior of D. Then, the change in the argument of f (normalized by 2m) over I (known as the winding number w,,) is

given by:
_ A / (=
Wy = — parg
T i

where Ar is the net variation in the angle (or argument) of f when z traces the contour I in the counter-clockwise
direction; Z is the number of zeroes, and P is the number of poles (with multiplicities counted).

Proof.
a) Let z = p be a zero of multiplicity m. Then, in small neighbourhoods of p, we have

f(z) = (z=p)"g(2),
where ¢ is analytic and non-zero. Now,

f'z) _mlz=p)"g(z)+(z=p)"g'(z) _ _m g
f(2) (z=p)"9(2) z—p  g(2)

Thus, f/(( )) has a single pole at p and the integration (normalized with ; ) will be m (by Cauchy’s integral formula
Theorem B.0.2). Thus, the sum of all residues at the zeros of f will be Z.

Now, make the same reasoning for the poles, say ¢, with f(z) = (z — ¢)"™¢g(z) and observe that that the sum of the
residues at the poles is — P.
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Hence,

1 [[(2)
Z—P=— d 8.5
i2r ) f(z) ? 8-5)
b) Let I" be parametrized as y(t),a < t < b, with y(a) = (b). Recall that f is complex differentiable on all of I". Now,
write

f(2) fr(@)
= log(f(7(1))] = log(|f(v(1)])

a

since log(f(2)) = log(|(2)]) + iarg(f())- As [ F(v(8))] = | £(+(a))]. we have that

[ LG [ 200
r a )
b

b b

+ (im0

a a

b
= 2n Aparg(f)

a

f'z) = i2mar
| Fias = marsrao)

The proof then follows from (8.5). O

Now, to apply this theorem, consider f(s) = 1+ P(s)C(s), as noted earlier observe that the poles of 1 + P(s)C(s) are
the same as the poles of P(s)C/(s). We are interested in the zeroes of 1+ P(s)C/(s), and whether they are in the right-half
plane. So, all we need to compute is the number of zeroes of 1 + P(s)C(s) through the difference N = Z — P given
by the number of encirclements: Note now that the number encirclements of 1 + P(s)C|(s) around 0 is the same as the
number of encirclements of P(s)C(s) around —1. So, the number of zeroes in the right-half plane of 1 + P(s)C(s) will
be P plus the winding number. As a final note, in the Nyquist analysis, we construct the contour clockwise and apply the
argument principle accordingly (so, the number of encirclements around —1 should be counted clock-wise). So, the number
of interest is N + P, as claimed.

To compute the number of clock-wise encirclements, compute L(iw) starting from w = 0 and increase w to co. Observe
that L(iw) = L(—iw), computing L(iw) for w > 0 is sufficient to compute the values for w < 0. Finally, to compute L(s)
as |s| — oo, we note that often | L(s)| converges to a constant as |s| — oo, and the essence of the encirclements is given
by the changes occurred as s traces the imaginary axis.

Exercise 8.4.1 a) Consider C(s) = K, P(s) =
Nyquist stability criterion.

ﬁ. Is this system stable for a given K > 0. Explain through the

b) Consider P(s)C(s) = L5 with the controller in an error feedback form so that the closed loop transfer function is

(s+a)?
given by %. Is this system stable? Explain through the Nyquist stability criterion.

¢)Let P(s)C(s) = ﬁ Compute the gain stability margin. Draw the phase stability margin on the Nyquist curve.

Fig. 8.2
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Exercise 8.4.2 Consider the inverted pendulum displayed in Figure 8.2, where a torque of u is applied to maintain the
pendulum around 0 = 0. The dynamics can be derived as

u(t) cos(6(t))
ml?

d?0(t) g
a2 1

sin(0(t)) +
For simplicity, let us assume the coefficients (m, 1) are selected so that the above simplifies to:

d?0(t)
dt?

= sin(6(t)) + u(t) cos(6(t))

Consider the linearization around 6 = 0, % = 0 (with the approximation sin(6) =~ 6, cos(6) ~ 1).
Then, it follows that the Plant, modeling the linearized inverted pendulum, would have its transfer function as

1

Po=273

Now, suppose that we apply the control
C(s) =k(s+1),

with an error feedback control configuration as in Figure 8.4.
Via the Nyquist crierion, find conditions on k so that the closed-loop linearized system is BIBO stable.

Hint. Note that P(s) has a right-half plane pole, so the Nyquist criterion has to encircle —1 clock-wise.

Robustness via Nyquist plots

Nyquist’s criterion suggests a robustness analysis, via gain and phase margins, mainly as a way to measure how far
P(s)L(s) is from —1 in both the magnitude (1) and phase () terms.

Roughly speaking, for systems which hit the real-line only once, in the complex plane the angle between 7 and the location
where the Nyquist plot hits the unit circle (i.e., with magnitude equaling 1) is called the phase stability margin.

The ratio between —1 and the point where the Nyquist plot hits the negative x-axis is called the gain stability margin.

Root locus method cannot give such a strong characterization for robustness. A useful implication is the small gain theorem
presented in the following subsection.

8.4.1 System gain, passivity and the small gain theorem

Consider a linear system with feedback, which we assume to be stable: We generalize the observation above by viewing
the input as one in Ly (R; C). Consider then the gain of a linear system with:

. ‘ [yll2
v = sup
w€ Lo (R;C): ||l u||27£0 |2

We know, by Parseval’s theorem (Theorem 5.3.4), that

[Fec@)ll2

=
weLa(RC):[luflaz20 [ Foc(u)ll2

By writing iw instead of 27 f in the following, we have

Foe(y)(w) = Feo(u)(w)G (iw),
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where G is the closed-loop transfer function with s = iw. It can then be shown by noting that

| FFectuw) PG ) s < (sgmc:(w) [ 1Fectuion,

the following holds:

|Foo(u) (iw)G(iw) [2dw .
. ¢ L § — sup [G(iw)| = | Glleo
ueLz(]R(C HuHQ;éO chc u)| weR

In the above, we write sup,,c 1, (rc). since a maximizing frequency may not exist or a maximizing input, even if a max-

imizing frequency w™* exists, a corresponding input u(t) = et will not be square integrable. However, this can be
approximated arbitrarily well by truncation of the input and the output:

First observe that since g is integrable, G(iw) is continuous in w (or §(27 f) is continuous in f). This can be shown by an
application of the dominated convergence theorem. Let w* = 27 f* and ux () = 1 (—K<i<K }eiQ“f "t As K — oo, the
gain of the system will approximate ~ arbitrarily well. This is slightly beyond the scope of our course, but the reasoning

is that the Fourier transform of u (t) = 1_x ;< xcye€’ i2mf*e sin(r(f—f*)K)

will form an approximate identity sequence D

and % |uk|?(f) will also form an approximate identity-like sequence around f*, since

(sm( m(f - f*))K)>2_sin(7r(f—f*)) ) sin(w(f -
K (F=7 =

) w(f—IOK
Thus, the gain, when the input is u g, is:

) K)
*)

f
f

N

j} SHIﬂ? ;‘;K) ( ” df
ff g11"1(7f(f f )K)|2df

Now, by viewing the function
|<1n(ﬂ(f I* )K ‘2
(f=1

R(f) = [, =R 2,

as a probability density function which concentrates around f*, we have that

Sm (r(f=f" )K)|2

(f—f*) o0 e\2
( / s ) i

m(f’

converges to |§(f*)|? as K gets larger and larger by the continuity of §.

Thus, we can get arbitrarily close to the supremum gain by first approaching the supremum value over all frequencies
arbitrarily well, and then by approaching the gain corresponding to such frequencies arbitrarily well with inputs constructed
as above. Thus, we define the gain of a linear system as:

7 = [|G(iw)]|ec = sup |G (iw)| = sup |§(f)]
w€eR fER

Define a system to be Lo-stable if a bounded input, in the Lo-sense, leads to a bounded output in the L,-sense. BIBO
stability of a linear system implies Lo-stability: BIBO stability implies |||y < oo, which implies that H (iw) is uniformly
bounded for w € R so that |H (iw)| < ||h|[1: Let u™ € S. Then, observe that the output [|y™||3 = [ |Y™ (iw)?| 5 dw =
J1H?(iw)(U™)?(iw)|5=dw < ||A]I} [ |(U™)?(iw)|5=dw. Thus, following Theorem 5.3.6, we can extend the domain

(input function space) to be the entire Lo space: Now, approximate any u with ||u||s < oo with the sequence {u™ €
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S, m € N}, taking the limit of the output sequence of which lets us conclude that the output ||y||2 is also bounded. Thus
lyllz3 = [ |Y(iw)2|idw =/ \HQ(iw)UQ(iwﬂﬁdw < 00.

We next state a useful result on the verification of stability.

Theorem 8.4.3 (Small Gain Theorem) Consider a feedback control system with closed-loop transfer function G(s) =
#%2(5), where H1 and H are stable. Suppose further that the gains of H1 and Ho are v, and s, respectively. Then,

if v1y2 < 1, the closed-loop system is stable.

Note that |H; (iw)Hz(iw)| < 1 uniformly over w € R and therefore sup,, %

above by 1, since 1 + H; (iw)Hz (iw) is uniformly bounded away from 0. The proof then follows from Nyquist’s criterion:
Since H;, H, are stable, they have no poles in the right half-plane. Furthermore, since v172 < 1, |C(s)P(s)| (here:
H; (iw) Hs (iw)) will be uniformly away from the point —1, thus a positive gain margin will be maintained and —1 will not
be encircled. The closed-loop system is then stable.

is uniformly bounded from

The above concept does not involve phase properties, and it may be conservative for certain applications. On phase prop-
erties, there is a further commonly used concept of passiviry: By Nyquist’s criterion, for stable P and C, if P(s)C(s) is
so that the phase is in (—m, 7) for all s = iw, w € R, then the closed loop system will be stable since 1 + P(s)C(s) will
never hit the negative real axis and therefore —1 will not be encircled. Since P and C are stable, they have no poles in the
right half-plane. The closed-loop system is then stable.

8.5 Predictive and Feedforward Control

In addition to stability and robustness, one may also wish to have desirable tracking and settling time properties (such as
a low delay in the response). For such setups, it is often desirable to have a minimum-phase closed loop system (with no
zeroes in the right half-plane). When one has a plant which is not minimum-phase, the design is often more challenging,
due to the effective time delay present, as discussed in Section 7.5.

In such cases, it may be necessary to go beyond classical PID control, and consider schemes such as predictive control or
feedforward control where part of the control input can be computed by some pre-processing by possibly using feedback
from the output.

To gain some insight, consider the following equation:
P(s)C(s)
14 P(s)C(s)

where H(s) is a desired closed-loop system transfer function, which we may assume to be minimum-phase. Some algebra

leads to: . )
6= (Hd<s> - 1)
1

What we see is that if P(s) has a zero in the right half-plane, the presence of ) above leads to an unstable control
transfer function.

= Hd(s)

For such settings, predictive control or feedforward control policies are often utilized in practice. Feedforward control is
a general control paradigm where, unlike feedback control, the control is defined by an open-loop inner system in the
control: The feedforward control is often used as a predictive correction term for the system. However, in many designs,
the feedforward control is often added to a feedback control term leading to the overall control to the system with stronger
robustness properties.

Some specific predictive control design methods are known as Smith Predictor Based or Internal Model Based Control De-
signs (which allow the control to anticipate the output and require further system model information), or Model Predictive
Control (which is an optimization based control design and is more aligned with modern control theory).
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To gain further insight, let P(s) = P,,,($) Pum(s) where P, is minimum-phase and P, is not minimum-phase. Consider
Y¢(s) = Y (s) Py, (s). This then effectively allows the control to only work with the minimum-phase portion of the system
as if the feedback Y only involves P,,. A PID control can then be designed for this system, and the output may be then
subjected to P, at the end: Observe that via Y (s) = Y (s) P} (s), ys acts as a prediction of the output y: For example,
if Py (s) = =2 were a pure delay system (see the Padé approximation discussion in Section 7.5), then Yy (s) = Y (s)e?*
would essentially be written in time domain as y;(t) = y(t + 2), serving as a prediction of the output. Thus, future is

anticipated in the design.

For example, in reference tracking applications in which a path is given and the system is to closely steer the path, using
feedback and causal reference information alone may lead to a weaker performance; here, future reference information can
be used to compute an additional control input via an inverse analysis mapping reference paths to control actions. One can
see that if it is possible to predict/estimate the future behaviour of a system to be tracked, this may make the application
of a baseline control feasible (e.g. if an obstacle is known to be soon coming ahead, one may be able to slow down in
anticipation). This additional control input is a predictive control and its presence can provide significant improvement in
performance.

8.6 Exercises

m

T e u Y
0 —»(f—» C(s) P(s) >
Fig. 8.3: Inverted Pendulum Fig. 8.4: Feedback Control
as P. System.

Exercise 8.6.1 Consider the inverted pendulum displayed in Figure 8.3, where a torque of u is applied to keep the pen-

dulum around 6 = 0. The dynamics can be derived as o) _ 9 sin(6(t)) + W. Assume the coefficients (m, 1)

e
are selected so that this simplifies to: dzd(;gt) = sin(0(t)) + u(t) cos(6(t)). Linearizing this system at 0 = 0, Z—‘Z = 0 (with

approximations sin(0) ~ 0, cos(0) =~ 1), we arrive at the linear system:

d*0(t)
dt?

=6(t) + u(t). (8.6)
Now, consider the linearized pendulum model as our plant P, mapping u to 0, to be used in Figure 8.4. Note that the
transfer function of this model given in (8.6) is P(s) = 52—171 Here y = 0.

Suppose that the transfer function of the controller, C, is given with C(s) = Kys + Ks, with K1, K5 € R,. Observe that
this means that u(t) = K Le(t) + Kae(t), where e(t) = r(t) — y(t).

a) Find the (closed-loop) transfer function, mapping the signal r to y in the frequency/Laplace domain.

b) With C(s) = K1s + Ko, set Ko = 0. For what values of K1 > 0, is the closed-loop system, mapping the signal r to vy,
BIBO stable? You can use any method.

¢) With C(s) = K15 + Ko, set K1 = 0. For what values of Ko > 0, is the closed-loop system, mapping the signal r to y,
BIBO stable? You can use any method.
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d) Let C(s) = Ks+ K. For what values of K > 0, is the closed-loop system, mapping the signal r to y, BIBO stable? You
can use any method.

e) Interpret your analysis in the context of the inverted pendulum system.

Exercise 8.6.2 [/] Let C(s) = K, P(s) = ;5.
“\V10

Study stability properties using the root locus method as K is varied from 0 to co.
Exercise 8.6.3 Consider Figure 8.4. The plant P(s) is a linearized inverted pendulum and suppose for simplicity that its

transfer function is P(s) = ﬁ Suppose that the controller applied is given with C(s) = k(s + 2) (and thus, it is a P-D
controller) for some parameter k € R.

a) Write the plant P in state space form, where the input is u and the output is y.
b) By writing u as a function of r(t) — y(t), express the overall (closed-loop) system as a linear map from r to y.
¢) Find conditions on k for the system to be BIBO stable.

d) Verify that this result is consistent with a Nyquist or root-locus method analysis.






Realizability and State Space Representation

So far in the course, we considered the input-output approach to study control systems, which in the convolution (linear
time-invariant) system setup, resulted in frequency domain methods through a transfer function analysis (such as in arriving
at the root locus / Nyquist stability / Bode plot methods). These are often referred to as classical control design methods.

In this chapter, we will introduce state-space based methods. Control design based on state-space methods is called modern
control design.

The notion of a state. Suppose that, given ¢ € R (or Z), we wish to compute the output of a system at ¢ > ¢y. In a
general causal system, we may need to use all the past applied input terms wu(s); s < ¢ and/or all the past output values
y(s);s < t to compute the output at t. The state of a system summarizes all the past relevant data that is sufficient to
compute the future paths in the sense that if the state at o, x(¢o) is given, then to compute y(¢), one would only need to
use {u(s) s € [to,t]}, {y(s) s € [to,t)} and z(to). In particular, the past {y(s),us; s < to} would not be needed.

Some systems admit a finite-dimensional state representation, some do not.

Consider a linear system in state-space form:

d

;ng“”+BMW y(t) = Cx(t) + Du(t) ©.1)
We will say that such a system is given by the 4-tuple: (A, B, C, D).

In the above x serves as the state variable for the system.

We know that the solution to this system is given with
t
z(t) = etz (0) —|—/ eA=%) Bu(s)ds
0

and .
y(t) = Cetz(0) + C/O eA=%) Bu(s)ds + Dul(t)
Taking the (one-sided) Laplace transform of both sides in (9.1), we obtain for s in the ROC,
Yy (s) = C(sI — A)~H(x(0) + BU(s)) + DU (s)
Assuming x(0) = 0, we have the following as the transfer function
Y, (s) = (C(sI — A)"'B + D)U(s)

Note that we could also have taken the two-sided Laplace transform (see the analysis in Section 4.6).
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9.1 Realizations: Controllable, Observable and Modal Forms

A transfer function H (s) is state-space realizable if there exists finite dimensional (A, B, C, D) so that we can write for
s € C, whenever well-defined,
H(s)=C(sI — A" 'B+D

Theorem 9.1.1 A transfer function of a linear time-invariant system H (s) is realizable if and only if it is a proper rational

fraction (that is, H(s) = SE ; where both the numerator P and the denominator Q) are polynomials, and with degree of P

less than or equal to the degree of QQ).

Proof. (i) If realizable, then L is proper and rational: Let L be realizable, that is
L(s)=C(sI —A)™'B+D
for finite-dimensional matrices (A4, B, C, D). We will show that this implies that L is proper and that L is a rational fraction.

Now, for a square matrix £ which is invertible, we know that det(E) = >_; E(i, ) (=1)TI M (i, j), where M (i, j) is the
determinant of the matrix obtained by deleting the :th row and jth column from E. Let F be the co-factor matrix given by
F(i,§) = (—=1)"*9 M (i, 7). It then follows that

1L T
det(A)

You can verify this by noting that the diagonals of EE~! would be 1 (as the determinant would appear both in the numerator
and denominator), and the off-diagonals would be so that the product of each row-column pair would be equivalent to the
determinant of a square matrix whose rows are repeated, leading to a zero. Let us call F'7' the adjoint of A. Then,

1

— -1 -
ClsI - A)"B det(sI — A)

C[Adj(sI — A)|B
Since the denominator is a polynomial of order n, and the adjoint matrix consists of polynomials of order at most n — 1, it
follows that the expression is a fraction, which is in fact also proper.

To verify properness, we can also have the following reasoning: for |s| > max;{|\;|}, with \; the eigenvalues of A, we
have that

(sI—A) ' =(s(I—stA) =51 —stA) =51 Z (s7LA)k
Since limys 00 [s71 Y e o (s7A)¥| = 0, it must be that C(sI — A) ' B is strictly proper.
The presence of a non-zero D is what may lead the transfer function to be proper, and not strictly proper.
(ii) If L is proper and rational, then it is realizable: The realizations will be constructed explicitly below under various

setups; through various canonical realizable forms. O

Exercise 9.1.1 Can you construct a causal system which does not admit a rational transfer function? Hint: Consider
y(t) = au(t — 1), where t € R and a is a scalar. Or in a feedback loop: y(t) = a(r(t —1)+y(t—1)), t € R. Such systems
with no rational transfer function are sometimes called distributed parameter systems.

9.1.1 Controllable canonical realization

Consider a continuous-time system given by:

N m

Z ay tky =D bmnoult), 9.2)
m=0
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with a)y = 1. Taking the Laplace transform, we know that the transfer function writes as

N m
H(S) Zm:O bmS

- Z]kV:O ags®

Suppose that the system is strictly proper. Such a system can be realized with the form:

Doty = Aa(t) + Bult),  y(1) = Ca(t)
0 1 0 0
0 0 1 0
A, =
...... 1
—ap —a1 —az —aN-1
0
0
B.=|:
0
1

Cc = [b() bl e bel]

If the system is proper, but not strictly proper, then, we will also have D, = d, where d is the remainder term in the partial
fraction expansion,

K m; i
H(s)=d+ ; (; (31—41;1-)k> (9.3)

where p; are the roots of s™ + Ziv;ol ars® and m; is the multiplicity of p;.

9.1.2 Observable canonical realization

Consider (9.2). This system can also be realized as

d
%x(t) = Ax(t) + Bu(t), y(t) = Cx(t)
with

—any_110 ---0
—an_20 1 -0

A= L
—a1 00 1
—ap 00
by—1
bn—2
B:
bo
C=1[10---0]

If we reverse the order of the coordinates of x, we arrive at;
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%x(t) = Ax(t) + Bu(t), y(t) = Cx(t)
with
000 -+ —ag
100 --- —aq
Ao = | ... :
00 0 - —aN—2
00 0 - —anN—1
bo
b1
Bo = .
bn_1
Co=[00---1]

Observe that A, = AT, B, = CT,C, = BT This is the standard observable canonical form.

Exercise 9.1.2 Show that the transfer functions under the controllable and observable realization canonical forms are
equivalent directly by comparing C.(sI — A.) B, and Co(sI — A,) "1 B,.

9.1.3 Modal realization

Consider a partial fraction expansion (9.3) with only simple poles:

N N
H(s) = Zm=obm” _ 1S
D ko aKS® ST Di

In this case, we can realize the system as the sum of decoupled modes:

d

o) = Az(t) + Bu(t),  y(t) = Ca(t)

with
pr 0 0 -+ 0
0py O «oveoe

kn
C=[11--1]
If in the partial fraction expansion is more general as in (9.3), then the corresponding structure can be realized also: this
will lead to a Jordan form for the matrix A, since, e.g.,

1 1 1

(s=pi)*  s—pis—p

will define a serial connection of two modal blocks; the first one with =, = p; 25 + u and the second one | = p;x1 + 5.
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Please see our class notes where we presented diagrams depicting each of the forms above.

Discrete-time setup. The above also apply to the discrete-time setup. For example, a discrete-time system of the form

N N
Z ary(n —k) = Z bpu(n —m
k=0 m=1

with ag = 1, can be written in the controllable canonical form

z(n+1) = Az(n) + Bu(n), yr = Cay

where
an(n) =yn),an-1(n) =y(n—1), - ai(n) =yn—(N-1)
0 1 o --- 0
0 0 1 -0
A =

1
—aN —aN-1 —aN-2 """ —a1

0

0

B=|:

0

1

C = [bx by—1 -+ bi]

Observable and modal canonical forms follow similarly.

9.2 Zero-State Equivalence and Algebraic Equivalence

We say that two systems (A, B, C, D) and (A, B, C, D) are zero-state equivalent if the induced transfer functions are
equal, that is ~
C(sI —A)'B4+D=C(sI—A)'B+D

Theorem 9.2.1 Two linear time-invariant state-space models (A, B, C, D) and (A, B,C, ﬁ) are zero-state equivalent if
andonly if D = D and CA™B = CA™B forallm € Z.

Proof. For |s| > max;{|\;|}, with )\; the eigenvalues of A, we have that s~' A will have all of its eigenvalues less than 1.

(sT—A) ' =(s(T—sA) =51 (T—sTTA) T =5 (s A
k=0
Then,
C(sI —A)'B+D = ( > CsH(s >+D—s (Z C(slA)kB> +D
keZy kEZy
and

C(sI —A)'B+D = ( > ésl(slﬁ)ké> +D= 51( > é(ﬂﬁ)ﬂé) +D

kEZ kEZy

Since for all sufficiently large |s| values, s is in the region of convergence and the above are equal functions of s, meaning
their difference is the zero function identically; this implies that all the coefficients in the expansions must be equal. Prove
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this last statement as an exercise (e.g., by writing 3 = s~! and study the behaviour of the difference between two absolutely
summable polynomials Z;O:o sk — Z;C:o B15" = 0 for all 5 in a sufficiently small neighborhood around the origin, and
conclude that o, = S, must be equal). Note that D = D also follows as a result.

O

Note that by the Cayley-Hamilton theorem, it suffices to test the relation CA™ B = CA™Bform =0,---,n— 1 where
n is the larger of the dimensions of A or A.

There is an alternative notion, called algebraic equivalence: Let P be invertible and let us define a transformation through
T = Px. Then, we can write the model (9.1) as

di - N N N

dit” = A&(t) + Bu(t),  §(t) = Ci(t) + Du(t),

with A = PAP~',B = PB,C = CP~',D = D. In this case, we say that (A, B,C, D) and (A, B,C, D) are alge-
braically equivalent.

Theorem 9.2.2 Show that algebraic equivalence implies zero-state equivalence but not vice versa.

Proof. Observe that for every k € Z, CA*B = CP~'( PA*P~! |PB = CA™ = kB. The reverse implication is not

correct. In particular, one can always artificially add further state variables to arrive at a larger matrix A which, through
zeroes in A and C' so that the new component has no impact on the output variable y. O

9.3 Discretization

Consider
d

%SC
Suppose that we apply piece-wise constant control actions u which are varied only at the discrete time instances given with
{t . t=kT,k € Z,} sothatu(t) = u(kT) fort € [kT, (k+ 1)T).

(t) = Az(t) + Bu(t), y(t) = Cx(t)

We write
(k+1)T

z((k+1)T) = eAT2(kT) + (/k

Writing 7 = (k + 1)T — s with d7 = —ds, we arrive at

eA((kH)TS)Bu(s)ds>
T

z((k+1)T) = eATa(kT) + (/OT eATBdT>u(k‘T)

With zj, := x(kT) and uy, := u(kT), we arrive at
Tp1 = Agzp + Baug

where

Bd:/ AT Bdr

If A is invertible, the integration of [ e“7dr leads to A~!(eAT — I)B.
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9.4 Exercises

Exercise 9.4.1 Algebraically express the realizations of the transfer function

242541

= e

in the controllable canonical realization, observable canonical realization, and modal canonical realization forms.

Exercise 9.4.2 Consider the following continuous-time system:
yt)=a(u(t—1)+y(t—-1)), teR

Find the transfer function, from u to vy, of this system and note that this transfer function is not rational.
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The Sampling Theorem

One important requirement for signal transmission and storage is the need for discretization of the signal, both in time-
index sets and in signal-range sets. The former is called sampling; the latter is called quantization. In the following, we
discuss sampling.

10.1 The Sampling Theorem

Samplers perform the discretization in the time-index. We discuss a very important theorem in the following.

10.1.1 Sampling of a Continuous-Time (CT) Signal

Theorem 10.1.1 (Shannon-Nyquist Sampling Theorem) Let {x(t), ¢ € R} be a CT signal in Ly(R;R) and let & =
Foo(x). If this signal has a finite bandwidth B, that is if

(f) =0, [f[> B,
(that is, the support of & is contained in [— B, B]) then it is possible to reconstruct this signal by samples of this signal
(with arbitrarily small error in the Lo(R;R) sense, i.e., in the || - |2 norm), where the sampling period T that allows this
satisfies
1
— > B.
2T
If this condition holds, the recovery is satisfied by the relation
. sin(7 =0T
i0) = o a(t)
nez T

where {x(nT'),n € Z} denotes the samples of the signal .

This is a remarkable result which paves the way to communications, signal processing, and digital control technologies,
which are ubiquitous in our daily lives. For example, human voice range is typically about 20 Hz to 20 kHz (female voice
typically has a higher frequency band than male voice), but primarily most of the content is between 2 to 4 KHz. The
bandwidth allocated for a telephone transmission channel is about 4 kHz. These suggest that one can recover human voice
quite well with large enough samples taken: 7' = ﬁ seconds.

We now present a sketch of the proof of the result above. Let 2z € S: We know that, by Theorem 5.3.5, any = € Lo(R; R)
can be approximated arbitrarily well by a signal in S and therefore, in the following, we can assume that z € S (with an
arbitrarily small approximation error in the || - ||2 norm).
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Consider the sampled signal

() = /x(t) > 6(t—kT),t €R,

kEZ

where ), ., 6(t — kT') is called an impulse train. Observe that, the impulse train is a distribution, and recall from Section
5.4 that the CCFT of a distribution is itself a distribution. We will consider &, (f), which denotes the CCFT of the sampled
signal, which now needs to be viewed as a distribution.

Now let us discuss what the CCFT for the impulse train ), ., 6(t — kT') should be:

Exercise 10.1.1 Consider an impulse train defined by:

t)=> 6(t+nP)

neZ
so that the distribution that we can associate with this impulse train would be defined by:

ZanP = lgn Z o(nP),

neE”Z n=—N
for ¢ € S.

a) Show that wp is a distribution.

b) Show that

that is, the Foc of this train is another impulse train.

Solution. a) Let ¢, — 0 in S. Then, since sup, |6 (t)(1+ t2)| — 0,

wr(9)l =) ¢u(kP)l

kEZ
1
|Z 1+ k2p2 <¢”(kP)(1 + k2P2)> Z 1+ kaQ SUP <¢n(kp)(1 + k2P2)> —0 (10.1)

Thus, Wp is continuous on S. Furthermore, Wp is linear on on S since for any real o,  and ¢1, 2 € S,

wp(apr + Bo2) = awp(p1) + Fwp(p2).
Thus, wp is a distribution.

b) By Section 5.4, we have that Wp(¢) = wp(¢). Then,

N

:ngnoo Z (/ ¢(t)e—i27rthdt)

k=—N

N
= leloo/‘b(t)( Z e—i27‘rth> dt
/ 2N
= N]gnoo/(b(t) (eiZTrNPt(Ze—i%rth)dt

k=0
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|
ET

—i2w(2N+1)Pt
zQTrNPtl_e i2m(2N+1) dt
1— 6—z27‘rPt

i2m(1/2)Pt _ ,—i2m(2N+1/2)Pt
>dt

_ lim pi2mNPtE
N—)oo 6171'Pt _ e—iﬂ'Pt

127r(N+1/2 _ e—i27‘r(N+1/2)Pt
elﬂPt _ e—m'Pt )dt

sin(2m (N + 1/2)Pt))dt

sin(w Pt)
) 1 7Pt sin(2x(N + 1/2)Pt)
Ngnoo/d) P (sm (mPt) wt
) 1 7Pt  sin(2x(N + 1/2)Pt)
=1 t dt
N 9 )P (sin(th) mt
N
= D 595
=—N
_[1 d 10.2
= [ Swy 0ot (10.2)
where we use Fubini’s theorem in the second equality. Observe that W is periodic with period 1/P. For

te- P, 2P] this function can be shown, as we studied earlier (see Theorem 3.4.2) to (as a distribution) converge to a
delta function. Due to the periodicity, the result follows. O

Remark 10.1. As we observed earlier and above, the sequence of partial sums ( ZkN:_ N e i2mkp t) converges to a periodic

Dirac delta function as a distribution (see also Theorem 3.4.2). This sequence is known as the Dirichlet kernel sequence.

It then follows that, the Foc of ), ., d(t — KT) is another impulse train given as:
1 k
= — of — =)
T zk: (f T)

This result is in agreement with an engineering intuition that if one considers I as a periodic signal, and computes its Fcp
as [(£) = \%1 for all k € Z, this leads to

The Fcc of x,(t) then satisfies, by the properties of convolution in frequency domain corresponding to a time-wise product
in time domain, the following:

Tp(f) = (I x2)(f).

It follows after some analysis the following relation holds
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which is an addition of shifted versions of Z.

If T is small enough, then the signal A
L(f) =Tl < 2yZp(f),

is exactly equal to the F¢ ¢ of the original signal. Hence, a low-pass filter which takes out the repetitions of the frequency
shifted due to the convolution with the impulse sequence, except for the primary component, leads to the reconstruction of
the original signal.

Since the rectangular low-pass filter 71| ¢ L) corresponds to

: t
sin(7m+)
h(t) = —=,
T
the reconstruction can then be written as:
. ) sin (=21
Z(t) = Z Ip(nT)———.
nez T

It also follows that if 7" > i, the exact reconstruction will not be possible since the shifted frequency components will

overlap with each other. This is known as aliasing. When there is aliasing, one can compute the error in the reconstruction
via Parseval’s theorem (see Theorem 5.3.4).

Remark 10.2. To see that the informational content of a finite bandwidth signal is captured by sampling, consider the

following (Shannon’s argument): Since & has bounded support [—B, B, 2(55) = [ &(f )\/%e_i%kf df can be viewed

to be the Fcp of f , but now in time domain. Having access to x(%), k € Z then is sufficient to recover £ which can
then be used to recover the original signal. The more detailed analysis above provides an explicit construction, and also
further insight on the approximation error when there is aliasing. The same analysis applies for the discrete-time setting to
be discussed next.

10.1.2 Sampling of a Discrete-Time (DT) Signal

A similar discussion applies to DT signals. Let {«(n)} be a DT signal. If this signal has a finite bandwidth as B, that is if

j:(f>207 |f|>Bv fE[O,l),

then it is possible to reconstruct exactly this signal by samples of this signal, where the sampling period N that allows this
satisfies: 1

—>B

2N

As in the CT-case, the function that we use for sampling is the discrete-time impulse train given by.

wy(n) =Y 8(n—kN)

kEZ

We can take the truncated sum

M
wEVM)(n) = Z o(n—kN)
k=—M

and work with this signal instead of the impulse train, which is in /3(Z;R) and construct an approximate signal (via
Parseval’s theorem after reconstruction of the signal via the low-pass filter) and then take M — oo.

This will give rise to the idealized analysis noted in the following: As earlier, using the fact that ZQ/IM e 2 kN

as a distribution, as M — oo, to an impulse train; the DCFT of w is equal to the distribution represented by:

, converges
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- 1 k
wn(f) =5 D_0(f = )
kEZ
Alternatively, you can compute the Fpp of the signal w restricted to one period and express this as an integral.
Therefore, let x y (n) = 2(n) X wy(n). It follows that

. 1 R k
En(f) = Nzx(f - N)
kEZ
Thus, the same discussion we had above for the CT case applies here also.
Note that if we had truncated the sum as in wgvM) above, the reconstruction would be asymptotically identical to the term
above, with the error bounded via a Parseval analysis decaying to zero as M — oo.

Applying a low-pass filter with Fourier transform given by N1 - Sl whose inverse Fourier is the kernel is

sin(Z2)
h(n) = —2
N
leads to the reconstruction to be written as:
. sin (7 kN
E(n) =) a(kN)—
keZ TN

One further remark follows: When a signal is sampled, the unsampled components become zero. Since it is already known
that these values are zero, they can be taken out. This is known as decimation. Decimation has the effect of enlarging the
bandwidth of the sampled signal, but it does not lead to an information loss. That is, let z4(n) = zn(nN) = z(nN) for
all N where x satisfies the conditions noted above to allow for recovery from its samples. Then, we have

sin (7 2RV

i(n) = Zxd(k)ﬂfk%.

k€EZ N

Furthermore, we have that

2q(f) = Zmd(n>e—i2ﬂfn _ ZmN(nN)e—ﬂﬂfn

nez nez
—i2rLn —ionL a
= Za:N(nN)e 2mnN =ZxN(k‘)e Ik :a:N(£), (10.3)
nez ke

since zy (k) = 0 for k not divisible by V.

10.2 Exercises

Exercise 10.2.1 Suppose that we have a continuous time signal x € Lo(R;R) given by:

o) = mlyy<sy,
where m € R is a constant. Note that this signal has a bounded support.

Suppose that we sample this signal with a period T. Our goal is to try to reconstruct this signal from its samples after
passing the sampled signal through a low-pass filter with a frequency response

h(F) =Tl 1< 1y
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Let T denote the reconstructed signal.
a) Given m and T, is perfect reconstruction possible (in the Lo (R; R) sense)? For what values of m, T ?

b) Given an arbitrary m and T, find an upper bound on

JECEEURE
R

as a function of the Foc of x.

Hint: For part b, you may use Parseval’s Theorem. One may expect that if the energy of the signal frequencies outside
[—1/2T,1/2T) band is small, the reconstruction error may also be small.

Exercise 10.2.2 a) Consider a discrete-time signal {x(n)} with a bandwidth B. A discrete-time sampler samples this
signal with a period N such that the sampled signal satisfies

z(n) f0=n mod N,
wp(n) = 0 else

Following this, a decimator is applied to the system to obtain the signal:
zq(n) = zp(nN).

This new signal is stored in a storage device such as a recorder. Later, the original signal is attempted to be recovered from
the storage device. What should the relation between B and N be such that, such a recovery is perfect, that is

sup |z(n) —z(n)| =0,

where {Z(n)} denotes the reconstructed signal.
Identify the steps such that {Z(n)} is recovered from {xq4(n)}.

b) Typically human voice has a bandwidth of 4kHz. Suppose we wish to store a speech signal with bandwidth equal to
4kHz with a recorder. Since the recorder has finite memory, one needs to sample the signal. What is the maximum sampling
period (in seconds) to be able to reconstruct this signal with no error.

Exercise 10.2.3 Consider an impulse train defined by:

wp(t) =Y _8(t+nP)

ne”Z

so that the distribution that we can associate with this impulse train would be defined by:

wp(9) = > ¢(nP),

nez
forp e S.
a) Show that Wp is a distribution.
b) Show that
. 1
wp(9) = [ O

that is, the Fcc of this train is another impulse train.
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Exercise 10.2.4 Consider a discrete-time signal {h(n)} with DCFT as:

W) = Ygeqo, oz oy FE0:1).
Determine the DCFT of the signal g(n) = h(2n),n € Z.
Exercise 10.2.5 a) Let m(t) be a real-valued signal with a bandwidth B. One can use a transformation, known as the

Hilbert transform, to further compress the signal. This transform makes use of the fact that, the Fourier transform of a real
signal is conjugate symmetric.

Let X denote the Hilbert transform of a signal x in Lo, the space of square integrable functions with the usual inner product.
The CCFT of the Hilbert transform of a signal is given by:

(f) = —isign(Dx(£).

Using this relation, prove that the Hilbert transform of a signal is orthogonal to the signal itself.

SIS

b) Briefly describe the (double-sideband) Amplitude Modulation (AM) and the Frequency Modulation (FM) techniques for
radio communications.

Using the result in part a), one can further suppress the bandwidth requirement for the double-sideband Amplitude Modu-
lation (AM) technique, leading to a single-sideband AM signal.

Exercise 10.2.6 Consider a square-integrable signal with non-zero Lo norm, with bounded support. That is, there exists
a compact set, outside of which this signal is identically zero. Can the CCFT of such a signal, with a bounded support in
time-domain, also have bounded support in frequency domain?

You may use any method you wish to use to answer this question.
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Stability and Lyapunov’s Method

11.1 Introduction

In many engineering applications, one wants to make sure the system behaves well in the long-run; without worrying too
much about the particular path the system takes (so long as these paths are acceptable). Stability is the characterization
ensuring that a system behaves well in the long-run. We will make this statement precise in the following.

11.2 Stability Criteria

Consider % = f(z), with initial condition z(0). Let f(0) = 0. We will consider three definitions of stability:

(i) Local Stability (around an equilibrium point): For every € > 0, there exists 6 > 0 such that ||z(0)|| < ¢ implies that
[l (®)|l < e, ¥t > 0 (This is also known as stability in the sense of Lyapunov).

(ii) Local Asymptotic Stability (around an equilibrium point): 30 > 0 such that ||2(0)|| < ¢ implies that lim;_,, |z (¢)|| =
0.

(iii) Global Asymptotic Stability: For every x(0) € R™, lim;_, ||z(t)|| = 0. Hence, here, for any initial condition, the
system converges to 0.

It should be added that, stability does not necessarily need to be defined with regard to 0; that is stability can be defined
around any z € R™ with f(z) = 0. In this case, the above norms above should be replaced with ||z(¢) — z|| (such that, for
example for the asymptotic stability case, z(¢) will converge to z).

One could consider an inverted pendulum as an example of a system which is not locally stable.

11.2.1 Linear Systems

da

% = Ax, with initial conditions x(0) = xo. As studied earlier, the solution is

Consider an initial value problem
z(t) = e

where
t2 tn
eM=T+At+ A+ . A"— ...
2 n!
is the matrix exponential (see Exercise 11.6.1). We now briefly review how to compute matrix exponentials with a focus
on stability properties. Consider first a 2 X 2 matrix
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With similar arguments, if A is diagonal with

we obtain
eMt 00
eft=10 et 0
0 0 etst

)

Hence, it is very easy to compute the exponential when the matrix is diagonal.
Note now that if AB = BA, that is, if A and B commute, then (see Exercise 11.6.2)

o(A+B) _ A B

We will use this to compute the matrix exponential in the case where the matrix is in a Jordan form. Let us write

A1 0
A=10 X 1
0 0 X\
as B + C', where
A1 00 010
B=|[0X 0], C=1]001
0 0 X\ 000

We note that BC' = C'B, for B is the identity matrix multiplied by a scalar number. Hence, e* = eBeC*. All we need to
compute is e“?, as we have already discussed how to compute e”*. Here, one should note that C3 = 0.

More generally, for a Jordan matrix where the number of 1s off the diagonal of a Jordan block is k — 1, the kth power is
equal to 0.

Therefore,
t2 t3
et =T+Ct+C*= +C3= + ...,
2! 3!
becomes
9 1tt2/2
=1+ Ct+C? =01 ¢
00 1
Hence,
Mt g0 1t¢2)2 it ot %e/\lt
eAt=1 0 eMt 0 01 t | =] 0 eMt teMt
0 0 eM'| |00 1 0 0 e\t

Now that we know how to compute the exponential of a Jordan form, we can proceed to study a general matrix.

Let A= PBP~!, where B is in a Jordan form. Then,

A* = (PBP Yk = PB*P
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Finally,
e = pePp!

and
eAt — PeBtP—l

Hence, once we obtain a diagonal matrix or a Jordan form matrix B, we can compute the exponential e very efficiently.

The main insight here is that the eigenvalues determine whether the system remains bounded or not. In case, we have
a repeated eigenvalue of 0, then the Jordan form determines whether the solution remains bounded or not. We state the
following theorem.

Theorem 11.2.1 For a linear differential equation
' = Az,
the solution is locally and globally asymptotically stable if and only if

H;ax{Re{)\i}} <0,
where Re{.} denotes the real part of a complex number, and \; denotes the ith eigenvalue of A.

Theorem 11.2.2 For a linear differential equation

' = Az,

the system is locally stable if and only if the following two conditions hold

(i) maxy,{Re{\i}} <0,

(ii) if Re{\i} = 0, for some \;, the algebraic multiplicity of this eigenvalue should be the same as the geometric multiplic-
iry.

In practice, many systems are not linear, and hence the above theorems are not applicable.

11.3 A General Approach: Lyapunov’s Method

A very versatile and effective approach to stabilization is via Lyapunov functions (this approach is often called Lyapunov’s
second method, the first one being an analysis based on linearization to be considered after this section). Let {2 C R™ be an
open set containing the equilibrium point, taken to be 0 here without any loss. A function : R™ — R is called a Lyapunov
function if

l. V(z) >0,V #0,2 € (2,
2. V(z)=0,ifx =0,

3. V is continuous, and has continuous partial derivatives.

First we present results on local asymptotic stability. As above, let {2 € R”™ be an open set containing 0.

Theorem 11.3.1 a) For a given differential equation x'(t) = f(x(t)) with f(0) = 0, and continuous f, if we can find a

Lyapunov function V' such that
d

—V(xz(t)) <0

ZV(a(t) <0,
Sorall x(t) = x € {2, then, the system is locally stable (stable in the sense of Lyapunov).

b) For a given differential equation z'(t) = f(x(t)) with f(0) = 0, and continuous f, if we can find a Lyapunov function
V(x) such that
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d

—V(x(t 0
Ly ) <0
forx(t) = x € 2\ {0}, the system is locally asymptotically stable.
c) If b) holds for V' so that lim ;|| o V (z) = oo, and

d
£V($(ﬁ)) <0,

for x(t) = z € R™ \ {0}, then the system is globally asymprotically stable.

Proof. a) Let € > 0 be given, which we may assume to be so that {z : ||z|| = €} C {2 (this is where we use the condition
that (2 is an open set containing the equilibrium point). We will show the existence of § > 0 such that for all ||z(0)| <,
lz(®)|| < eforallt > 0.

Define m = ming,. |, =<} V() (such an m exists by the continuity of V). Let 0 < 0 < e so that for all [|z[| < ¢ it follows
that V() < m. Such a § exists by continuity of V. Now, for any ||z(0)|| < 4, V(2(0)) < m and furthermore by the
condition 4V (z(t)) <0, V(z(t)) < m as long as z(t) € £2 (and thus also as long as ||z(t)|| < e).

This then implies that ||z (¢)|| < e since otherwise, there would have to be some time ¢; so that ||z (¢1)|| = e and ||z(¢)]] < €
for t < t;, which would result in V' (x(¢1)) > m while z(¢) € 2 until ¢; so that

V@@D=me+/;%de%§WMW<m

leading to a contradiction.
b) e =r > 0, > 0 satisfy the condition in part a so that with ||z(0)|| < 4, ||z(¢)|| < r for all ¢ so that z(¢) € (2. Since

we have that %V (z(t)) < 0, V(z(t)) is a monotonically decreasing family of non-negative numbers and it therefore has
a limit. Call this limit c. We will show that ¢ = 0. Suppose ¢ # 0. Let &« > 0 be such that for all ||z|| < o, V() < . It

then follows that for all ¢, 2(t) € {x : a < ||z|| < r}. Define @ = max(.q<|z|<r} (VmV(x)> f(z). The number a exists

since the functions considered are continuous, maximized over a compact set. This a is attained, it must be that a < 0. This
implies then that V' (x(¢t)) = V(z(0)) + fst:o LV (x(s))ds < V((0)) + at, which implies that V (x(t)) will be negative
after a finite ¢. This can’t be true, therefore ¢ cannot be non-zero.

¢) The proof in b) applies with {2 being the entire state space: for any given z(0) = z, the set {z : V(z) < z} will be
compact and the proof will follow identically. O

Theorem 11.3.2 [Region of asymptotic stability] Let us, in addition to the conditions noted in Theorem 11.3.1(b), further
impose that for some I, £ := {x : V(x) <1} is a bounded set and §2; C (2 where (2 satisfies Theorem 11.3.1(b). Then,
every solution of the system with initial state x(0) € (2; converges to equilibrium.

By following (and slightly modifying) the proof of Theorem 11.3.1(b), we can conclude that (2; is a region of attraction for
the equilibrium point, which is defined as a set of initial states whose corresponding solutions converge to the equilibrium
point: {x(0) : lim;_, z(t) = 0}.

Remark 11.1. For local stability, by restricting the analysis to {2, we can allow the Lyapunov function V' to take even
negative values outside {2 or not necessarily be continuous outside {2. In Theorem 11.3.1, we used such properties of V'
only on {2.

Example 11.2. Show that 2’ = —z3 is locally asymptotically stable, by picking V (z) = x>

solution globally asymptotically stable as well?

as a Lyapunov function. Is this
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Example 11.3. Show that 2’ = —2x + 23 is locally asymptotically stable, by picking V' (x) = 22 as a Lyapunov function.
Is this solution globally asymptotically stable? Find a region of attraction for local stability.

Remark 11.4. One should note that BIBO stability and the stability notions considered in this chapter have very different
contexts; BIBO stability is concerned with the input-output behaviour of systems and the criteria considered in this chapter
are with regard to the effects of initial conditions (also called infernal stability). The conditions are also slightly different
for the linear setup: for continuous-time linear systems, BIBO stability requires all the eigenvalues to have strictly negative
real parts. Stability itself, however, may require more relaxed conditions.

11.3.1 Revisiting the linear case

Recall that an n x n real matrix P is positive definite if P is symmetric and 7 Pz > 0 for all z # 0. It is positive
semi-definite of 27 Px > 0 for all x € R™. Note that being symmetric is part of the definition.

We state the following important theorem.

Theorem 11.3.3 All eigenvalues of a square matrix A have negative real parts if and only if for any given positive definite
N, the (Lyapunov) equation
ATM + MA=-N

has a unique solution M, where the solution is positive definite.

Proof. a) Let A have eigenvalues with negative real parts: we will show that M = fooo eA"tNeAtdt is a solution (whose
uniqueness will also be established shortly). Since A is stable, we have

d

ATM + MA = / AT ATt NeAt gt + / AT NeA Adt = / £(6ATtNeAt)dt: —N,
0 0 0

where the last line follows from the fact that lim;_, o, e“* = 0.

M is symmetric, which can be shown by verifying that M” = M. Furthermore, M is positive definite: for any = # 0, we
have that 27 Mz = [ 2TeA *NeAtadt = [ ||/ NeAta||2dt > 0, where v/N is the invertible matrix that solves the
equation v NvN = N: with N = UAU” where A is the diagonal matrix containing the (all positive real) eigenvalues
of N on the diagonal, we have that VN = U+/AUT, where v// is a diagonal matrix consisting of square roots of the
eigenvalues of NV on the diagonal.

For uniqueness, consider the following: let M also solve A" M + MA = —N. Then, since A has all eigenvalues with
negative real parts, it follows from the fundamental theorem of calculus that

oo

M= _ “ ATtM Aty 1y
; dt(e e™)

but

M = di(eATtMeAt)dt = —/ (eN AT MeAt + et M Aet)dt
0

~

J

= 7/ ATt <ATM + MA) eMdt = 7/ eATt(fN)eAtdt = / AT NeAt gt
0 0 0

=M

b) For the reverse direction, consider the Lyapunov function V (z) = 7 Mz. Then,

d d

SVian) = 5

o (T (t)Mz(t)) = a"MAz + 2T AT Mz = 2T (MA+ AT M)z = 2" Nz



128 11 Stability and Lyapunov’s Method

which is strictly negative for all x # 0. Then, Theorem 11.3.1(b) would imply that the system =’ = Ax is globally
asymptotically stable and hence, by Theorem 11.2.1, the eigenvalues of A have to have negative real parts. O

11.4 Non-Linear Systems and Linearization

Theorem 11.4.1 Let f : R™ — R"™ be continuously differentiable. Consider ' = f(x) and let f(z*) = 0 for some
z* € R" Let A := Df(x*) be the Jacobian of f at z* (that is, with f(z) = [f'(z) --- f”(x)]T the linearization

with A(i,j) = ng;(x*)). Let \1,..., A, be the eigenvalues of A. If Re{\;} < 0fori = 1,--- n, then x* is locally
asymptotically stable.

Direct Proof. Without any loss, we can assume that x* = 0 (since the linearization is with respect to the perturbation
regardless of the fixed (equilibrium) point). Since A has all its eigenvalues strictly in the left half plane, there exists € > 0
so that A + € also has all the eigenvalues in the left half plane. You can show this via the continuity result in Theorem
8.3.1 (see, in particular, Remark 8.1).

Therefore, e(A+<* will remain bounded: ||e*4et|| < K for some constant K for all ¢ > 0. Here, for a matrix, we use the
[[Az]|2
[El

norm || A[| = sup, 4, . In the following, we drop the subscript 5.

Now write
2/ (t) = Ax(t) + E(x(t)), (11.1)

with E(z(t)) := f(z(t)) — A(x(t)). Let » > 0 be such that ||z|| < r implies that || E(2)| < S|/z||, where we will take /3
sufficiently small (to be determined at the end of the proof). Let B := {z : ||z|| < §}. The idea is to show that if z(0) € B,
then x(t) € B forall ¢t > 0 and lim;_,, () = 0. Recall that the solution to (11.1) is given with

z(t) = eMa teA(t_S) x(s))ds
(1) = eMa() + [ A Bas)d

and for z(0) € B, we have, as long as z(7) € B for all 7 < ¢, that

t
ool < & (a0 +8 [ == oto)as)

Write o« = K 3 and write the above as

t

lz@)]| < e *[|z(0)]| + o / e U a(s) | ds
0
Define g(t) = €'“||z(t)||. Then, the above writes as
t
o(t) < K[20)] +a [ g(s)ds (112)
0

This then implies the following

g(t) < e Kllz(0)],

(by an argument known as Gronwall’s inequality). Let us now prove this intermediate step: Write:

o(s) = e /O " ag(r)dr

and
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This implies that, since v(0) = 0
t
o) < [ Kla(O)lacds = Ka(0)](1 - )
0
and thus e~ fot ag(r)dr < K||z(0)]|(1 — e=**) leading to
t
[ agtwir < Kllz(@)e - Ka(0)]
0
and using (11.2), we arrive at

g(t) < K|z (0)[|e™*

Then,
()| < e~ K||z(0)]]

If we now take K8 = « < ¢, then z(t) — 0 and the proof is complete. O

An alternative, and a more direct, argument can be made through a Lyapunov analysis. As noted earlier, this method is
sometimes called Lyapunov’s first method.

Proof of Theorem 11.4.1 via Lyapunov’s Method. Take 2* = 0, we have that A := D f(0) is stable, where D f(z) is the
linearization of f at x. Then, by part b) of the proof of Theorem 11.3.3, there exists M > 0 so that the Lyapunov function
V() := 2T Mz satisfies W = —aT(t)Nz(t), for the linearized model ' = Ax, where N is positive-definite.

By continuous-differentiability, we have that the non-linear system satisfies Az + F(z) = Az + g(x)z with ||g(z)|| = 0
as x — 0. To see this, apply the definition of the derivative and use continuity of this derivative.

We can then show that the Lyapunov function is also decreasing for the non-linear model as long as x is close enough to
the equilibrium. That is,

dV(a(t)) _ d(a” () Ma(t))
dt dt
— o (1) (MA+ A" M)a(t) + 2™ (£) Mg(a(t))2(t) + 27 (1) (9(w(t)) " Ma(2)
= —aT(H)Na(t) + 2" () (Mg(a(t)) + gla(t))" M)a(t) (11.3)

It follows that —z7 () Nz(t) < —Amin||z||?, Where A, is the minimum eigenvalue of N. To show this, observe that
N — Amin is positive semi-definite. Now, since M g(x(t)) + (g(z(t))’ M — 0 as x(t) — 0, we have that

dV(x(t))

e —Amin[2()]* + 2T () (Mg(a(t)) + (9(x(t))T M)z(t) <0,

for 2(0) small enough (note that all eigenvalues of the symmetric matrix (M g(z(t)) + (g(x(t))T M) will converge to zero,
by the continuity of the eigenvalues in the matrix entries). This establishes local asymptotic stability. O

The above shows that linearization can be a very effective method. However, when the linearization leads to a matrix with
an eigenvalue having a zero real part, the analysis (above based on linearization) is inconclusive and further analysis would
be required. To make this observation explicit, consider two systems

/
x :7I5

= l‘5

which have the same linearization around 0. By a Lyapunov stability argument with taking V' (x) = 2, the first system can
be shown to be locally and globally stable, whereas the second one is not (which can be verified by solving the equation
directly: show that x(¢) blows up in finite time!).



130 11 Stability and Lyapunov’s Method

11.5 Discrete-time Setup

The stability results presented for continuous-time linear systems have essentially identical generalizations for the discrete-
time setup. In this case, we require the eigenvalues to be strictly inside the unit disk for asymptotic stability (local and
global); and for local stability we additionally have the relaxation that the Jordan form corresponding to an eigenvalue on
the unit circle is to be strictly diagonal: Any Jordan form block J of size N x N, with eigenvalue \;, can be written as

NI+ FE

where F is a matrix which has all terms zero, except the super-diagonal (the points right above the diagonal), at which
points the value is 1. The second term E is such that E™ = 0. Finally, we use the power expansion and using the fact that
any matrix commutes with the identity matrix:

NI+ BE) Z( ))\?IE”"“.
k=0

Since EVN = 0, we have

N-1
NI+ E) =" ( )A?"“IE’“

k=0

One can have discrete-time generalizations of Lyapunov functions.
Theorem 11.5.1 Consider
Th+1 = Axk.

All eigenvalues of A have magnitudes strictly less than 1 if and only if for any given positive definite matrix N or for
N = PT P where P is any given m X n matrix with m < n, the discrete Lyapunov equation

M—-ATMA=N
has a unique solution which is also positive definite.

The solution in the theorem statement is M = -, ., (AT)*NA".

11.6 Exercises

Exercise 11.6.1 Let A be a square matrix. Show that et = Ae/t,
Solution. Let t, h be scalars. Since At and Ah commute so that (At)(Ah) = (Ah)(At) we have that eA(t+h) = eAteAh,
Then,

| pAltth) _ At
—e™ = lim

dt h—0 h
eAh T

>, Akpk
_ At q:
- %ﬂ%(; h(k!))

= Ae?t (11.4)
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In the analysis above, the final line follows from the fact that the sum converges to zero as h — 0: let fl(i, j) =

be the matrix consisting of the absolute value of the entries of A, then for each entry (i, j) of the matrix

’(hé ‘T)(m)’ < |h|(if1’“|’;!’“‘2>(i,j> < h|(212§j W)(m)

k=2 k=2

We have that for an arbitrary € > 0, the following analysis applies:

> Ak_2|h|k_2
. 2 ..
%i%'h<A D (k- 2)! )(”)

k=2
> Ak72‘6|k72
<1 2 .o
tny 1] 4 > e )6id)
k=2
q2 ~k|€|]C .
— gim (2 32 Y
k=0

T 2 Aes. -
= lim || A% (i, )
-0

The result follows.

Exercise 11.6.2 Show that for square matrices A and B, which commute, that is
AB = BA,

it follows that
eATB) = 468,

Solution. Recall that

|
1 [~]e
i[]e
E
@
|
:'é;
oy
8

u=0 k=0
7221&1]& AkBu * Zulzkl AkBu *
u=0 k=0 = k=0
o0
—ZM,Z(Z)A’“B’L F=3 Liatm)
0 u=0
(A+B)

131

1A, )]

(11.5)

(11.6)

(11.7)

(11.8)

(11.9)

In the above, (11.6) follows by defining uw = k + [, and (11.7) follows from re-expressing the summation. Finally, (11.8)

Sollows from AB = BA and the following:
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5k
A+ B)F = AmpEm™,
a2

We now prove this last statement. Clearly for k = 1,

(A+B)' = ((1))3+ G)A

Let us proceed by induction. Suppose this is true for k. Let us show that it is true for k + 1.

k k
k m —m k m —m
(A+B)"(A+B)=>_ <m>A R:ARE Y <m>A BFt1-m,
m=0 m=0

Let us separate out the terms involving AP B*+t1=P for 0 < p < k + 1. It turns out that we obtain:

s mr(()+(1)

p=0

(ﬁ) i (pf 1) N p!(kl€i I 1)!(:!+ 1—p)!

B k! 1 1 _ k! k+1
B (pl)!(kp)!(p - (k‘+1p)> (pl)!(kp)!<p(k+1p)>

k) (k41
—<p>!<k+1—p>!—( p ) (10

This completes the proof.

Now,

Exercise 11.6.3 Ler x(t) satisfy

Is x(t) (locally) asymptotically stable?

Exercise 11.6.4 Consider " + x' + x = 0. Is this system asymptotically stable?

Hint: Convert this equation into a system of first-order differential equations, via x1 = x and xo = x|, x4 = —x1 — Zo.
Then apply V (x1,12) = 22 + x129 + 23 as a candidate Lyapunov function.

Exercise 11.6.5 (A Further Lyapunov Stability Theorem and Barbalat’s Lemma) Prove the following theorem:

Theorem 11.6.1 Consider

a’ = f(a),
where [ : R™ — R" is continuous and f(0) = 0. Let V : R™ — R be continuously differentiable. Prove the following:
Suppose that there exists a continuous function W : R™ — R such that

%V(x(t)) < -W(z(t)) <0

Then, provided x(t) remains bounded, W (z(t)) — 0.

Hint: Write

V(z(t)) = V(o) +/0 st < V(zo) —/0 W(z(s))ds
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and conclude that f(f W(x(s))ds < V(xg) for all t > 0 and by the non-negativity of W, we have that fooo W(x(s))ds <
V(xq). From here, we want to establish that W (x(t)) — 0, provided that (by hypothesis) x(t) remains bounded. Complete
the proof.

Prove and use Barbalat’s lemma: Let f : K — R, be uniformly continuous over K. Then, if x(t) remains in K and if
15 f(x(s))ds is finite, then f(z(t)) — O.

In the following two exercises, we will see two applications.

Note: The above result also implies an important stability theorem known as Lasalle’s invariance principle.

Exercise 11.6.6 (Application to formation control, consensus algorithms or opinion dynamics) Consider a network of
N agents which are connected over a graph. We say that A is an adjacency graph if A(i,j) = 1 if Agents i and Agent j

are connected and A(i, j) = 0 otherwise. For each agenti € {1,--- , N} define d; = Zjvzl A(i, j) to be the degree of the
agent. Now define L = A — D where D is a diagonal matrix with D(i,1) = d;. Such a matrix L is called a Laplacian.

Now, suppose that the agents update their states by the following equation:

dx
e
dt *

Observe that L is a positive semi-definite matrix and if the graph is connected the only eigenvector corresponding to the

zero eigenvalue is [11 ---1] . This you can see by noting that x7 Lx = 3 3~ A(i, ) (z; — z;)%

In this case, define the following Lyapunov function:

1
Viz)= isz

Then,
d 1, dz dx
SV () = 55T a0 + 2T () 5) = T (O La(t) < 0

The above ensures that z(t) remains bounded. Now, invoke Barbalat’s Lemma to conclude that x*' (t)Lx(t) — 0. Since

the only eigenvalue corresponding to Lz(t) = 0is z(t) = [11---1] " and throughout the updates the sum + (21 (t) +
zo(t) + -~ xn(t)) is a constant (as the sum does not change), we have that z(t) — + (21(0) + z2(0) + - - - zx/(0))

Exercise 11.6.7 (Application to adaptive control) Consider

 _ar+
— = ax u
dt

Suppose that our goal is to have lim,_, o, x(t) = 0. We know that if we select u(t) = —(a + k)x for any k > 0, the system
is stable. In particular, let k = 1.

In many engineering applications, the value of a is unknown.

Adaptive control theory is the sub-field of control theory studying such problems. The goal is to allow the controller to
learn the system to be able to achieve the desired goal.

Suppose that the controller runs the following policy:

u(t) = —(a(t) + x(t),

which leads to ' = (a — a(t) — 1)x(t), where a(t) is an estimate of a. Suppose that we take

a'(t) = 2%(t)

In this case, consider the Lyapunov function:
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Then,

d

V@), a(t) = 22 (t) + (a(t) - a)a'(t) = 2*(#)(a — a(t) — 1) + (a(t) — a)z*(t) = —2*(1).

Now, strictly speaking this derivative analysis does not satisfy the conditions given in Theorem 11.3.1. However, it does
satisfy Theorem 11.6.1, with W (z) = 22 and V (x,a) as given. For this, we can conclude that z(t) — 0 (note that we have

that x(t) is bounded by the condition that V (x, &) is positive and its derivative is non-increasing).

Note that there is no claim that a(t) — a. This was not part of the design goal, only that x(t) — 0. However, this is
achieved by adaptive control.
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Controllability and Observability

12.1 Controllability

Consider p
?f = Az(t) + Bu(t),

where A is n x n and B is n x p. However, for simplicity, in the derivations below throughout the chapter, we will assume
that p = 1.

Definition 12.1.1 The pair (A,B) is said to be controllable if for any x(0) = xo € R™ and x; € R", there exists T < 00
and a control input {us,0 < s < T} so that xr = .

Consider the following:

dr_ 101 T+ b1 U

dt — |—-4-5 by
In this case, if by, by are both 0, it is evident that the system is not controllable: for every given x(0), the future paths are
uniquely determined.

Consider, now the more interesting case with by = 1 = —bo. In this case, if the initial condition z(0) = [ilggﬂ takes
2

values from the subspace determined by the line z1(0) + z2(0) = 0, then, for all ¢ > 0, the state remains in this subspace.
To see this, note that d(“(tg“(t)) = dzl(t);td“(t) = 0 so that the sum of the state components does not change and thus
x1(t) + x2(t) remains 0. Thus, this subspace, which is a strict subset of R2, is invariant no matter what control is applied:
this system is not controllable.

Theorem 12.1.1 Conditions (i), (ii), (iii), and (iv) below are equivalent:

(i) (A, B) is controllable.

(ii) The n X n matrix

t t
Wc(t) - / eASBBTeATSdS = / eA(tfs)BBTeAT(tfs)dS
0 0

is full-rank for every t > 0.

(iii)The controllability matrix
C:= [B AB --- A"_IB]

is full-rank.
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(iv) The matrix
[A — A B}

has full rank (i.e., rank n) at every eigenvalue \ of A.

The matrix W, above is called the controllability Grammian of (A, B).

Proof. (i) <> (ii). Let WW.(¢) be invertible for ¢ > 0 and let ; be the target state to be arrived at in some finite time. In fact,
we will show that we can get to x; at any ¢; > 0: Write
t1
z(ty) = e x(0) —|—/ et =% Bu(s)ds
0
Let
u(s) = —BTeA M IW (1)) (e““az«» - )
Then,

t1
x(t) = etra(0) — / eA(tl_S)BBTeAT(“_S)Wc_l(tl) (eAtlac(O) - x1>ds
0

t1
= eAtlx(O) — / eA(tlfs)BBTeAT(tlfs)ng(tl)ds (eAtlx(O) — x1>
0

= eMa(0) = We(t) W (1) (eA“xw) - xl) = (12.1)

Thus, invertibility of W, (¢) implies controllability.

We will now show that controllability implies that W, (¢) is invertible for every ¢ > 0. Now, suppose that (A, B) is
controllable but WW,(t) is not invertible. Then, there exists a vector v # 0 so that

vIW,(t)v =0

or
t

/ vTeAt=9) BBT A" (t=5) s — ()
0

or ,
/ IBT et =9y 3ds = 0
0
implying that for s € [0, ¢]
BTeA =9y =0,  se[0,4] (12.2)

or BTeA sy = 0, s € [0, t]. Now, if W,(t) is non-singular for some ¢ > 0, then, since e B is an analytic function,
by (12.2), the expression BTeA"ty = 0forallt € R.

But if (A, B) is controllable, there exists a control input u that steers the system from z(0) = 0 to z(¢1) = v for some ¢;,
and as a result

t1
v=et0+ / et =) Bu(s)ds = 0
0

and multiplying by v7,
ty
UT’U = / UTeA(tlis)Bu(S)dS =0
0

But, by (12.2) above
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Thus,

which is a contradiction since v # 0.

(ii) < (iii). Suppose that C does not have full-rank. Then, there exists v such that
vTA*B=0, 0<k<n-1

Since e B can be written as a linear combination of { A* B, 0 < k < n— 1} (by the Cayley-Hamilton theorem), it follows
that vTeA*B = 0 for all ¢ > 0. This implies then that W,(¢) is not invertible.

Now, suppose that C is full-rank but W, (¢) is not invertible. Then, there exists a non-zero v so that vTeAtB = 0 for all
t > 0 (by the argument earlier leading to (12.2). With ¢ = 0, we have v7 B = 0, taking the derivative at ¢ = 0 leads to
v AB = 0, and taking up to n — 1st derivative at t = 0, we have v"A*B =0, 0 < k < n — 1. Thus, C cannot be
full-rank.

An implication of this relationship will be presented further below.

(iii) <> (iv). If C has full-rank, then the matrix
[A— A B]

has full rank. Suppose not: then there exists v # 0 so that
v [A=X B] =0

and that vT A = M7 and vT B = 0. Thus, v is a left eigenvector and \ is an eigenvalue of A. Then, vT A2 = \27T, and
foralll < k <n — 1: vTAF = \koT. As aresult,

o' [BAB - A" 'B] = [v"B MW'B .- AWTB] =0
and C does not have full-rank.

Conversely, suppose that C does not have full-rank. For this statement, we present a direct argument, but borrowing a result
to be presented later in the chapter. We will see in Section 12.5 that if the system is not controllable, then there exists a
transformation so that

A, = PAP7 !, B. = PB,

is such that for some vector z = [07 w”]

or
z[PAP™', PB] =0

meaning that
zP[AP',B] =0

so that z P is orthogonal to the range of both A and B, which leads to the result. 0O

Reachable Set (from origin) and the Controllable Subspace An implication of the proof of the equivalence between (ii)
and (iii) is that the range space of C and the range space of the linear operator from the space of integrable control inputs
U={u:Ry = R, |lul|; < oo} toR™ defined with

U{/f e =) Bu(s)ds, wueU}
0

t>0

are equal. This set is called the reachable (from the origin) set. This set is also called the controllable subspace.
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Exercise 12.1.1 The controllability property is invariant under an algebraically equivalent transformation of the coordi-
nates: T = Px for some invertible P.

Hint: Use the rank condition and show that with % = A#(t) + Bu(t) and A = PAP~'B = PB, and with C =
[B AB --- A”le], we have that the transformed controllability matrix writes as C= [B AB --- A”*IB] = PC.

12.2 Observability

In many problems a controller has access to only the inputs applied and outputs measured. A very important question is
whether the controller can recover the state of the system through this information.

Consider J
dff = Az(t) + Bu(t),  y(t) = Cx(t) + Dul(t)
Definition 12.2.1 The pair (A,C) is said to be observable if for any ©(0) = xog € R, there exists T < oo such that the
knowledge of {(ys,us), 0 <s < T} is sufficient to uniquely determine z(0).
In the above, we could consider without any loss that u(¢) = 0 for all ¢, since the control terms appear in additive forms

whose effects can be cancelled from the measurements.

Consider then

dx = Ax(t), y(t) = Cx(t)
dt
The measurement at time ¢ writes as:
y(t) = Cez(0)
taking the derivative
dy(t)

_ At
ot CAe™ 2(0)

and taking the derivatives up to order n — 1, we obtainfor 1 < k <n —1

dl;;;%gt) = CAF LA (0)
In matrix form, we can write the above as
A
? = : e (0)
ey | [oan

din—1

Thus, the question of being able to recover x(0) from the measurements becomes that of whether the observability matrix
C

CA
0= . is full-rank or not. Note that adding further rows to this matrix does not increase the rank by the Cayley-

C An—l
Hamilton theorem. Thus, we can recover the initial state if the observability matrix is full-rank.

Furthermore, we have that C'e”! is a linear combination of {C’Ak, k=0,1,--- ,n— 1}. Therefore, if z is orthogonal to
{CAF k =0,1,--- ,n — 1}, then it is also orthogonal to Ce“*. In particular, if the observability matrix is not full-rank,
then there exists a non-zero xz, so that Ce?*zy = 0. Thus, we cannot distinguish between x( and the 0 vector in R™ and
thus the system is not observable.
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Then, we have the following theorem:

Theorem 12.2.1 The system

% — Ax(t) + Bu(t),  y(t) = Ca(t) + Du(t)
is observable if and only if
C
CA
O =
CA"1

is full-rank.

The null-space of O, that is, {v € R™ : Ov = 0} is called the unobservable subspace.

The structure of the observability matrix O and the controllability matrix C leads to the following very important and useful
duality result.

Theorem 12.2.2 (A, C) is observable if and only if (AT, CT) is controllable.

In view of Theorem 12.1.1 (and in particular, now that we have related observability to a condition of the form given in
Theorem 12.1.1(iii)), we have the following immediate result:

Theorem 12.2.3 (A, C) is observable if and only if

is invertible for all t > 0.

12.3 Feedback and Pole Placement

Consider u = —Kx. Then, J
ditﬁ = Az(t) + Bu(t) = (A — BK)a(t)
Theorem 12.3.1 The eigenvalues of A — BK can be placed arbitrarily if and only if (A, B) is controllable.

To see this result, first consider a system in the controllable canonical realization form (see Section 9.1.1) with

d
%x(t) = Ax(t) + Bu(t), y(t) = Cx(t)
0 1 0 0
0 0 1 0
A, =
...... 1
—ap —a; —a2 —anN-1
0
0
B.=|:
0
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Note that, the eigenvalues of A solve the characteristic polynomial whose coefficients are located in the bottom row of A,
(see the proof of Theorem 8.3.1).

Now, apply u = —Kx so that u = Zi\il —k;x;, leading to

0 1 0 0
0 0 1 0

A—-BK =
0

(a0t 1) (@1 + ka) —(az + ks - —(an_1 + k)

Once again, since the eigenvalues of this matrix is solves the characteristic polynomial whose coefficients are located in
the bottom row (by the proof of Theorem 8.3.1), and these coefficients can be placed by selecting the scalars k;, we can
arbitrarily place the eigenvalues of the closed-loop matrix by feedback.

Through a coordinate transformation & = Pz, every controllable system ' = Az + Bu can be transformed to an alge-
braically equivalent linear system in the controllable canonical realization form (A., B.) above. As we saw, for a system
in this form, a control can be found so that all the eigenvalues of the closed loop system are on the left-half plane. Finally,
the system can be moved back to the original coordinates.

We now see how this (transformation into a controllable canonical realization form) is possible. With £ = Pz, we have
that di
d—f = A#(t) + Bu(t)

with A = PAP~', B = PB. Now, if (4, B) is controllable, we know that C = [B AB --- A"~ B] is full-rank. The
transformed controllability matrix writes as: C= [B AB ... fl”*lé} = PC. As aresult,

p=cct
whose validity follows from the fact that C is invertible. This leads us to the following conclusion.

Theorem 12.3.2 Consider v’ = Ax + Bu where u € R. Every such system, provided that (A, B) is controllable, can be
transformed into a system z' = Az + Bu with the transformation z = Px so that (A, B) is in the controllable canonical
realization form.

The above then suggests a method to achieve stabilization through feedback: First transform into a controllable canonical
realization form, place the eigenvalues through feedback, and transform the system back to the original coordinate.

12.4 Observers and Observer Feedback

Consider

d
d—?:Ax—l—Bu, y=Cx

Suppose that the controller intends to track the state. A candidate for such a purpose is to write an observer system of the
form

dz . .
T = At + Bu+ L(y — C%)

We then obtain with e = x — Z, and subtracting the above two equations from one another

d

% _ Ae —LCe=(A— LCO)e

dt

Then, the question whether e(¢) — 0 is determined whether the eigenvalues of A — LC can be pushed to the left-half plane
with some appropriate L. If the system is observable, then this is possible, with the same arguments applicable to the pole
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placement analysis presented in the previous section (note that controllability and observability are related to each other
with a simple duality property that was presented in Theorem 12.2.2: that is L7 can be selected so that AT — CT L™ has
all eigenvalue in the left-half plane, which will also imply that A — LC will have the same property).
Now that under observability we have that the controller can track the state with asymptotically vanishing error, suppose
that we consider

W gey B c

— €T =

i U, Y z
with the goal of stabilizing the actual system state z(t).

Suppose that we run an observer, and that we consider the following feedback control policy
u(t) = —Kz(t)

where K is what we used for pole placement, and  is what we used in our observer. In this case, we obtain the following
relation:

il [A-BK BK ][«

% o 0 A—LC| |e

Due to the upper triangular form, we conclude that E((E)) } — 0 if both A — BK and A — LC are stable matrices; two
conditions that we have already established under controllability and observability properties. Such a design leads to the
separation principle for linear control systems: run an observer and apply the control as if the observer state is the actual

state. This design is stabilizing.

12.5 Canonical Forms

Theorem 12.1. (i) If v € R" is in the controllable subspace, then so is Av.
(ii) If v € R™ is in the unobservable subspace, then so is Av.

That is, the controllable and unobservable subspaces are A-invariant.

. .. . - T .
If a model is not controllable, then we can construct a state transformation & = Px with the form Z = [;} with
c

@_ AcAIQ :17,'0 + Bc
it~ |0 Aue) |Fue] " [0]"

y = [Cc Cuc] V}

uc

In the above (A., B.) is controllable. In the above, A1 is some submatrix. The form above is called a controllable canon-
ical form.

The matrix P can be obtained with constructing P~! to consist of the following: Let n; be the rank of the controllability
matrix C. Then take the first n; columns of P~! to be n; linearly independent columns of C, and the remaining n — n;
columns are arbitrary vectors which make P~! invertible. If we write

AC:PAP_l, BC:PB,

we have that
P1A, = AP, P B, =B

Using the fact that the controllable subspace if A invariant, it follows that the structure of A. has to have the given structure.
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An implication of the above analysis is that

C(sI —A)'B+D=C.(sI —A.) 'B.+D

A similar construction applies for observable canonical forms.

di _[4, 0[] [Bo
dt Ao Aol |uo| T |Buo|

uo

with the property that (A4,, C,) is observable.

An implication of the above analysis is that

C(sI — A)'B+ D = Co(sI — A,) " 'B, + D

One can apply a joint construction, known as Kalman’s decomposition. There exists a coordinate transformation so that

with

leads to

z = Px
Lo
2= Le/uo
Luc/o
Luc/uo
A=PAP™!
Ac/o 0 Ax/oo Bc/o
d
j _ Ac/x Az/ua Ar/x Am/uo 2+ Bc/uo
dt 0 0 Auc/o 0 0
0 0 Auc/:c Auc/uo 0

Y= [C’C/O 0 Cuc/o O} z + Du,

where (A, o> Bejoy Ce /O) is both controllable and observable. Furthermore,

A corollary of the above discussion is that the minimal realization; that is, the state-space realization with the smallest
dimensions involving matrices, is attained when the system is both controllable and observable, as there are no redundant
state variables.

C(sl —A)'B+D =C,/o(sI — Acjp) 'Bejo + D

From the controllable canonical form, we can also establish the following result.

A linear system is stabilizable (in the sense of local or global asymptotic stability) by control if and only if A,,., whenever

exists, is a stable matrix (i.e., with eigenvalues strictly in the left half plane).

Define a control-free system to be detectable if whenever y(t) — 0 then z(¢) — 0. A consequence of the observable
canonical form is that a system is detectable if and only if A,,,, whenever exists, is a stable matrix.
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12.6 Using Riccati Equations to Find Stabilizing Linear Controllers [Optional]

While controllability and observability properties reveal what is possible or impossible with regard to stabilization, they
don’t directly present an easy-to-compute or constructive method for arriving at design.

One effective method is through Riccati equations. We will present the discussion for discrete-time, but the approach is
essentially identical for continuous-time (with the stability conditions of linear systems, as noted earlier, being different).

12.6.1 Controller design via Riccati equations

Consider the following linear system
Ti41 = A.Tt + B’U,t, (123)

where x € R™,u € R™.

Suppose that we would like to minimize the expression over all control laws:

o0

Z x;Fth + utTRut (12.4)
t=0
with R > 0,Q > 0.

Theorem 12.6.1 Consider (12.3).

(i) If (A, B) is controllable there exists a solution to the Riccati equation

P=Q+ ATPA—- ATPB(BTPB + R)"'BTPA. (12.5)

(ii) if (A, B) is controllable and, with Q) = CTC, (A, Q) is observable; ast — —oo, the sequence of Riccati recursions,
for Py = P with P arbitrary,
P,=Q+A"Py1A— ATP 1 B(B"Py1B+ R)'BT Py A, (12.6)

converges to some limit P that satisfies (12.5). That is, convergence takes place for any initial condition P. Further-
more, such a P is unique, and is positive definite. Finally, under the control policy

uy = —(BTPB + R)"'BTPAx,,
{x} is stable.

(iii)Under the conditions of part (ii), the control minimizes (12.4),

In the above, we established a method to find K so that A — BK is stable: Run the recursions, for any arbitrary initial
condition, (12.6), find the limit P and select u; = — Kx; with

K =(B"PB+R)"'B"PA (12.7)

This controller will be stabilizing.
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12.6.2 Observer design via Riccati equations

A similar phenomenon as applies for observer design. In fact, with the above discussion, using the duality analysis presented
earlier, we can directly design an observer so that the matrix A — LC' is stable. By writing the condition as the stability of
AT — CTLT, the question becomes that of finding L for which A” — CT LT is a stable matrix.

Let (A, C) be observable. In Theorem 12.6.1, if we replace A with AT, B with C7, and defining W = BBT for any B
with (A, B) controllable, we obtain:

S =W + ASAT — ASCT(CSCT + R)“'CSAT.

or the Riccati equations
Siy1 =W + AS; AT — AS,CT(CS, 0T + R)7'CS, AT

whose limit as ¢ — oo for any initial Sy will converge to a unique limit. Finally, taking
LT = (CSCT + R)ytCcSAT (12.8)

will lead to the conclusion that A — LC is stable.

12.6.3 Putting controller and observer design together

Accordingly, all we need for the system:
Ty = Axy + Buy, yr = Cxy (12.9)
is that (A, B) be controllable and (A, C') be observable. With this, via (12.7)-(12.8) we can find K and L so that the system
Trp1 = Az — BKZy

;ik+1 = Az, + L(ka — Ci‘k)

or, equivalently, with e, = x} — 2k, the system defined with

Tht1| A—-—BK BK Tk
Ck+1 - 0 A—-LC CL

is stable.

In the above, the conditions on (A, B) being controllable and (A, C') being observable can be relaxed: controllability can
be replaced with stabilizability and observability can be relaxed to detectability. While stability will be maintained, the
only difference would be that P or S would not be guaranteed to be positive-definite.

12.6.4 Continuous-time case

A similar discussion as above applies for the continuous-time setup. We only discuss the control design, as the observer
design follows from duality, as shown above.

Consider J
d—f = Az + Bu

Let @ > 0,R > 0. The only difference with the continuous-time is that the discrete-time Riccati equations above are
replaced by a corresponding Riccati differential equation:
dP

- = Q+ATP+ PA—-PBR'BTP.
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If (A, B) is controllable and, with Q = CTC, (A, C) is observable, then there exists a unique positive-definite matrix P
such that the following algebraic Riccati equation is satisfied:

Q+ATP+PA—-PBR'BTP=0

With this P, the control given by
uw=—-Kz=—-R'BTPx

is so that A — BK is stable.

12.7 Applications and Exercises

Fig. 12.1

Exercise 12.7.1 Recall that we had studied the controlled pendulum on a cart (see Figure 12.1). The non-linear mechani-
cal/rotational dynamics equations were found to be

d?y d? i d?y d? ag ., .
proi m@(y +Ilsin(f)) = u — me + mlﬁ — ml(a) sin(6)
d’0  mg . m d?y
m@ = T Sln(@) — Tﬁ COS(G) (1210)
Around 0 = 0, Z—f = 0, we apply the linear approximations sin() ~ 0 and cos(0) ~ 1, and (2—(:)2 ~ 0 to arrive at
d?y d?y d?0
ae = g i)
d?o d?y
— =g — — 12.11
dt? dt? ( )
Finally, writing x1 = y,x9 = %, 3 =0,x4 = %, we arrive at the linear model in state space form
01 0 o0 0
dx 00 = 0 L
ar _ M M
at |00 0 1|*T|o|"
00 Wtmla g S0l
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Z1
Z2
T3 ’
L4

where x =

a) When is the linearized model controllable ?

b) Does there exist a control policy with w = —Kx that makes the closed loop linearized system stable? Select specific
values for M, m, 1 so that controllability holds, and accordingly find an explicit K.

c) With the controller in part b), can you conclude that through the arguments presented in the previous chapter (e.g.
Theorem 11.4.1), that your (original non-linear) system is locally asymptotically stable?

Hint: a) With

01 0 0 0
00 =4 0 L
_ M — | M
A= 00 0 1 B = 0
M+m —1
00 Mmy b
we have that 1 g
v
[BABA*BA’B] = | {F o N _umy
o M1 (Mtm)a M212
Ml 0 MZ212 0

You will be asked to find the condition for this system to be invertible in your homework assignment.

b) By controllability, we can place the eigenvalues of the matrix arbitrarily. Find an explicit K. You can use the method
presented earlier in the chapter, or try to explicitly arrive at a stabilizing control matrix.

c) Then, by Theorem 11.4.1, the system is locally stable around the equilibrium point. Precisely explain why this is the
case.

Exercise 12.7.2 Consider the linear system

4 000 0
d—: 010 x4+ |1 w
tola11 1

Is this system controllable? Does there exist a matrix K so that with u = Kz, the eigenvalues of the closed-loop matrix:

000 0
( 010+ |1 K> can be arbitrarily assigned?
211 1
Exercise 12.7.3 Consider p
d—f = Az + Bu, y=Cx

with p
x 01 0
i~ [o] - [1]
Y= [1 O] T
a) Is this system observable? b) Is this system controllable? c) Provide a stabilizing feedback control policy by running an
observer.

Hint: a) and b) Yes. c) The system is both controllable and observable. If the system state were available, we could have
uw = —Kux and select K so that A — BK is stable. Find such a K. Now, we can run an observer as explained in Section
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12.4: di
diz = Ai + Bu+ L(y — C#)
with the property that A — LC' is stable. Find such an L. Then, the control to be applied would be: vy = —K&y. Find

explicit values.

Exercise 12.7.4 a) Show that controllability is invariant under an algebraically equivalent transformation of the coordi-
nates: & = Px for some invertible P.

b) Consider
dz. 1 a b L 1
dt ~ |—bal " 0"

Express, through a transformation, this system in a controllable canonical realization form.

Exercise 12.7.5 Consider i
@ _ Az + Bu, y=_Czx

it
dx 01 0
dt_{lo}lﬁ_{l}u

y:[lO]x

with

a) Is this system observable? b) Is this system controllable? c) Provide a stabilizing feedback control policy by running an
observer.

Note. The model here and the model for P given in Exercise 8.6.3 are related.

Solution. The system is both controllable and observable. If the system state were available, we could have uw = —Kx and
select K so that A — BK is stable. Find such a K.

Now, we can run an observer as explain in the lecture notes:

‘C%:AMBHL@—C@)

with the property that A — LC'is stable. Find such an L.

Then, the control to be applied would be: uy = —K .






A

Integration and Some Useful Properties

A.1 Measurable Space

Let X be a collection of points. Let F be a collection of subsets of X with the following properties such that F is a o-field
(also called a o-algebra), that is:

s XeF
o IfAe F,thenX\AeF

e IfA,eF,k=1,2,3,...,then U;il Ay, € F (that is, the collection is closed under countably many unions).

By De Morgan’s laws, and set properties, it can be shown that the collection has to be closed under countable intersections
as well.

If the third item above holds for only finitely many unions or intersections, then, the collection of subsets is said to be a
field or algebra.

With the above, (X, F) is termed a measurable space (that is we can associate a measure to this space; which we will
discuss shortly). For example the full power-set of any set is a o-field.

A o—field J is generated by a collection of sets A, if 7 is the smallest o—field containing the sets in .4, and in this case,
we write J = o(A).

A.1.1 Borel o—field

An important class of o-fields is the Borel o —field on a metric (or more generally, topological) space. Such a o—field is
the one which is generated by open sets. The term open naturally depends on the space being considered. For this course,
we will mainly consider spaces which are complete, separable and metric spaces (such as the space of real numbers R, or
countable sets). Recall that in a metric space with metric d, a set U is open if for every x € U, there exists some € > 0
such that {y : d(x,y) < €} C U. We note also that the empty set is a special open set.

The Borel o —field on R is then the one generated by sets of the form (a, b) C R, that is, open intervals We will denote the
Borel o—field on a space X as B(X).

A.1.2 Measurable Function

If (X, B(X)) and (Y, B(Y)) are measurable spaces; we say a mapping from 4 : X — Y is measurable if

h=Y(B) = {z: h(z) € B} € B(X), VB € B(Y)
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Theorem A.1.1 To show that a function is measurable, it is sufficient to check the measurability of the inverses of sets that
generate the o-algebra on the image space.

Proof. Observe that set operations satisfy that for any B € B(Y): h=}(Y \ B) = X\ h~}(B) and
h_l(Uf;Bi) = Ufilh_l(Bi)a h_l(mf;Bi) = miﬁﬂl_l(Bi)-
Thus, the set of all subsets whose inverses are Borel:
M={BcCY:h'(B)cBX)}
is a o-algebra over Y and this set contains the open sets. Thus, B(X) C M. O

Therefore, for Borel measurability, it suffices to check the measurability of the inverse images of open sets. Furthermore,
for real valued functions, to check the measurability of the inverse images of open sets, it suffices to check the measurability
of the inverse images sets of the form {(—o0, a], a € R}, {(—00,a),a € R}, {(a,),a € R} or {[a, —00), a € R}, since
each of these generate the Borel o-field on R. In fact, here we can restrict a to be Q-valued, where Q is the set of rational
numbers.

A.1.3 Measure

A positive measure ¢ on (X, B(X)) is a map from B(X) to [0, co] which is countably additive such that for A, € B(X)

and A, NA; =0
/L( Ursy Ak) = n(Ag).
k=1

Definition A.1.1 p is a probability measure if it is positive and p(X) = 1.

Definition A.1.2 A measure  is finite if u(X) < oo, and o—finite if there exist a collection of subsets such that X =
o2 Ay with u(Ay) < oo forall k.

On the real line R, the Lebesgue measure is defined on the Borel o—field (in fact on a somewhat larger field obtained
through adding all subsets of Borel sets of measure zero: this is known as completion of a o-field) such that for A = (a,b),
1w(A) = b — a. Borel field of subsets is a subset of Lebesgue measurable sets, that is there exist Lebesgue measurable
sets which are not Borel sets. There exist Lebesgue measurable sets of measure zero which contain uncountably many
elements; an example is the Cantor set.

A.1.4 The Extension Theorem

Theorem A.1.2 [The Extension Theorem (Carathéodory)] Let M be an algebra over X, and suppose that there exists
a map (called a pre-measure) P : M — R so that for any (possibly countably infinitely many) pairwise disjoint sets
A, € M, if the countable union U, A, € M, then P(U,Ay,) = >, P(Ay). Suppose also that there exists a countable
collection of sets B, with X = U,,B,,, each with P(B,,) < oo (that is P is o-finite). Then, there exists a unique measure
P’ on the o—field generated by M, o (M), which is consistent with P on M.

The above is useful since, when one states that two measures are equal it suffices to check if they are equal on the set of
sets which generate the o —algebra, and not necessarily on the entire o —field.

We can construct the Lebesgue measure on B(R) by defining it on finitely many unions and intersections of intervals of the
form (a,b), [a,b), (a,b] and [a, b], and the empty set, thus forming a field, and extending this to the Borel o —field. Thus,
the relation y(a,b) = b — a for b > a is sufficient to define the Lebesgue measure.
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A.1.5 Integration

Let h be a non-negative measurable function from (X, B(X)) to (R, B(R)). The Lebesgue integral of h with respect to a
measure /. can be defined in three steps:

First, for A € B(X), define 1;,¢c4y (or 1(zea), or 1a(z)) as an indicator function for event = € A, that is the value that
the function takes is 1 if x € A, and 0 otherwise. In this case, define

[ Leepntdn) = ()
X

Now, let us define simple functions h such that, there exist A1, As, ..., A, all in B(X) and positive numbers by, ba, . .., b,
such that hy, (2) = >} _; bxl{zea,}. For such functions, define

[ ha@tde) == 3 bu(an).
X k=1

Now, for any given measurable h, there exists a sequence of simple functions h,, such that h,,(x) 1 h(z) monotonically,
that is h,,1(z) > h,(x) (for a construction, if h only takes non-negative values, consider partitioning the positive real line
to two intervals [0,n) and [n, c0), and partition [0, ) to n2™ uniform intervals, define h,,(z) to be the lower floor of the
interval that contains h(z): thus

ho(z) =k27", if k27" <h(z) < (k+1)27", k=0,1,--- ,n2" —1,

and h, (z) = n for h(z) > n. By definition, and since h=1([k27™, (k + 1)27")) is Borel, h,, is a simple function. If
the function takes also negative values, write h(x) = hy(x) — h_(x), where h is the non-negative part and —h_ is the
negative part, and construct the same for h_ (). We define the limit (which exists as a real valued monotonically increasing
sequence) as the Lebesgue integral:

fim [ ho (2)p(der) = / h(z)u(dz)

n—oo
We note that the notation | hdp or [ h(x)du(x) can also be used in place of [ h(z)u(dx).

There are three important convergence theorems.

A.1.6 Fatou’s Lemma, the Monotone Convergence Theorem and the Dominated Convergence Theorem

Theorem A.1.3 (Monotone Convergence Theorem) If 1 is a o—finite positive measure on (X, B(X)) and { f,,n € Z}
is a sequence of measurable functions from X to R which pointwise, monotonically, converges to [ so that 0 < f,(z) <
fn+1(z) for all n, and

lim fu(x) = f(2),

n—oo

for u—almost every x, then

[ f@mtdn) = im [ fu(@uldo)
X X

n— oo

The following is a consequence of the monotone convergence theorem, but is a critical result which will be utilized in the
notes.

Theorem A.1.4 (Fatou’s Lemma) If i1 is a o—finite positive measure on (X, B(X)) and {f,,n € Z.} is a sequence of
measurable functions, bounded from below, from X to R, then

/Xlim inf f,(z)p(dz) < liminf | f,(z)u(dz)

n—oo n—oo X



152 A Integration and Some Useful Properties

Theorem A.1.5 (Dominated Convergence Theorem) If (i) i1 is a o —finite positive measure on (X, B(X)), (ii) g is a Borel
measurable function with

[ stantan) < .
and (iii) {fn,n € Z4} is a sequence of measurable functions from X to R which satisfy | fn(x)| < g(x) for p—almost

every x, and lim,,_, oo frn(x) = f(z), then:

n— oo

[ f@mtdn) = im [ fu(@uldo)
X X

Note that for the monotone convergence theorem, there is no restriction on boundedness; whereas for the dominated
convergence theorem, there is a boundedness condition. On the other hand, for the dominated convergence theorem, the
pointwise convergence does not have to be monotone.

A.2 Differentiation under an Integral

Consider an integral that depends on two parameters of the form:

J(r) = / g(r 1)t
R
for some integrable g(r, -) for every r € [a, b].

Theorem A.2.1 Suppose thatr € (a,b) for some a,b € R so that (i) for all t, g(r,t) is continuously differentiable and (ii)
there exists an integrable function h so that for all r € (a,b),

2 gl 1)] < h(t)

almost everywhere. Then,

d 0
o Rg(r,t)dt—/ﬂkag(r,t)dt

Proof.

d

%/Rg(r,t)dt

_ hm/ g(T’+8,t) 7g(r’t)dt
R

s—0 S

= lim %Q(T—I-T(T, s),t)dt

s—0 Jp
0
:/Eg(r,t)dt (A.1)
R

Here, r < 7(r,s) < r + s by the mean value theorem; and observe that lims_,o 7(r, s) = r. The last equality follows
from the dominated convergence theorem since g(r + 7(r, s), t) is dominated by h (for sufficiently small s values) and
converges pointwise. O

The above also applies for complex-valued functions, by considering the real and the imaginary parts separately.

As an example, consider the CCFT of a function g:

a(h = [ e



A.3 Fubini’s Theorem (also Fubini-Tonelli’s Theorem)
We observe that provided [ |g(¢)[t < oo,

%Q(f) = —iQﬂ'/g(t)te—iQWftdt

—i2r ft e 2Tht
h

To see this, express the derivative % G(f) as the limit limj, o [ g(t)e =L dt and write

—i2mwht __ _ Pl _ _ ~
(e ; D) = COS(27TZt) D _ zsm(27;zht) 0_ 2mt(sin(2wht) + i cos(2mht))

for some h € [0, h), h € [0, h], via the mean-value theorem for both expressions. Now, apply Theorem A.2.1.

A.3 Fubini’s Theorem (also Fubini-Tonelli’s Theorem)

Theorem A.3.1 Let f : R x R — Rand E, F be Borel sets. Then,
(i) If f is non-negative on E, F,

[ twdody= [ ([ swaian)as= [ ([ st )ay

(ii) If f is integrable on E| F,

[ twdody= [ ([ swaan)as= [ ([ seais)a
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We note that f is integrable if and only if [, . |f(z,y)|dzdy is finite, which implies that to check for integrability it

suffices to show that one of the integrals [, <fF |f(x, y)|dy> dx or [, <fE |f(x,y)|dx) dy is finite. Note that if the

function considered is non-negative, we don’t seek integrability. This theorem also applies to summations. This theorem is

a very useful result while working with transformations, as we do extensively in this course.






B

Cauchy’s Integral Formula

Let {2 C C be an open, connected set. Let f : {2 — C be a holomorphic function; that is, the limit

F) — i 16 1)

s—p s—0p

exists (which is the derivative of f at p) at every p € 2. We note that a complex function is holomorphic if and only if it is
analytic (unlike the real function setup).

Theorem B.0.1 (Cauchy’s Integral Theorem) Lez « : [0,1] — {2 be differentiable with v(0) = ~(1) and let I" be the
closed contour traced by . Then,

1
| sen = [ see=o
0 r
With the above, we will now derive a very important result in complex analysis as is relevant in our course.

Theorem B.0.2 (Cauchy’s Integral Formula) Let I" be a contour that encircles the point p € C (counterclockwise) only
once and [ be as above. Then,
(s)

Jr$—0p

ds = 2mif(p)

Note that this formula implies that if we know the values of a function along the boundaries of a contour, we can uniquely
recover the values of the function inside the contour, by selecting any p inside " and apply the result above.

Proof. a) First, observe that the value of the integral does not depend on the path as long as the path encircles p, by the
Cauchy integral theorem.

27t

In particular, we can take C. = p + ee as ¢ ranges from O to 1.

Then,
(), _ [ 1),
rs—p c.S—D

b) Write s = p + €™ and ds = €i2me*?™t. Now, first take f(s) = 1, and observe that

1 o,
/ ds = eiZﬂ'/ e’ Tt dt = 2mi
c.$—p o €t

¢) We have then that

SG) 45— omi ) =/C f(si:]]:(p)d&

c.S—P
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We will show that this difference is zero. Write

S

f(s) = f(p) Pt ee®™) — (D) iom i2mt
[ e < [ 6 e[t < ma |f(p+ ™) ~ f()

The above holds for every € > 0, and as can be taken arbitrarily close to zero, the result follows. O
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