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Signal energy & power




Signal Energy and Power

+ The terms signal energy and signal power are used to
characterize a continuous-time or discrete-time signal.

« They are not actually energy and power measurements, even
though the energy and power signal definitions are inspired by
expressions used to evaluate energy or power of electrical
signals.

+ Indeed, the definition of signal energy and power refers to any
signal, including signals that take on complex values.
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Energy and power for continuous-time signals

- Consider a generic deterministic continuous-time signal z(¢)
* Let's define

- instantaneous power

« energy over the time period [ty , ti]

ty
E (o, t.):/ lz(t))* dt
to

- average power over the time period [to, ¢1]

Plto, t) = — /tl|x(t)|2dt

t — t() to

Analogy

Consider a current signal i(¢) flowing through a transmission line
represented by resistance R = 1. Evaluate the energy loss in the
line, the instantaneous and average power loss in the line and
compare the results with the definitions above.
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Energy and power for continuous-time signals (cont.)

- Extending the time period, let's define
- energy of a deterministic signal =(¢)

oo

+ power of a deterministic signal z()

NS R P
szggnwﬁ[T |x(t)|”dt

Energy and power for a continuous-time deterministic signal

- the deterministic continuous-time signal z(¢) is called an
energy signal if 0 < £, < oo

- the deterministic continuous-time signal =(¢) is called a
power signal if 0 < P, < oo
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Energy and power for discrete-time signals

- Consider a generic discrete-time deterministic signal {x(k)}
+ Let's define

« instantaneous power
P(k) = |z(k)[*

+ energy over the time period [ko , ki]

k}()7 Z |.’L’

k=ko

+ average power over the time period [ko, ki]

P(k‘o,k’]) k0+1 Z|l’

k=ko
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Energy and power for discrete-time signals (cont.)

Analogously to the continuous-time case, let's define

- energy of a discrete-time signal (k)

+o00o
B =Y l2(k)]

« power of a discrete-time signal z(k)

Energy and power for a discrete-time deterministic signal

+ the discrete-time signal z(k) is called an energy signal if
0< Eyp < 0

+ the discrete-time signal z(k) is called a power signal if
0< Py, <0
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Energy and power for stationary stochastic processes

+ Consider now a discrete-time stationary stochastic process (in
weak sense). Let's define

- instantaneous power
P(k) = E ||z(k)’]

+ power of a stationary (in weak sense) stochastic process z(k)

4N
e =10 {Nhinoo 2N1+ i ; |x(k)2} =B {la(k)l'}

Energy and power for a discrete-time stationary (in weak sense)
stochastic process

« By = 00
« P, =var(z) + E [(x(k))z]
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Signal Energy and Power

Remarks

+ The power for an energy signal is zero
EFExn<oo = P,=0

« The energy for a power signal is infinite
Po<oo =— FE,—

- Some signals are neither energy nor power signals.
- Asignal can’t be both an energy signal and a power signal.
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+ Pure deterministic signals

LIJ(](J):A,]C:],Z7 — Eoo_>OO,Rx:A2
o0
v(k):Ae_k’kzl,Z,,,, £ E%:ZA2672/¢7POO:0
k=1

« Pure stochastic signal

n(k) =WN (0, \2) = Ey =00, Py =\
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Spectral representation of
stationary stochastic processes




Description of stationary stochastic processes

« We described a zero-mean stationary process v(t) by the
correlation function:

~v(1) = Elv(t)v(t + 7)]

+ However, it is of customary importance to devise a
frequency-based description of stationary stochastic processes

+ Consider the ideal conceptual scheme:

v(t) Ideal a1
band-pass

var [u(t)] = A2 P var [i5()] = A2
Average power of the process Power contribution in the
frequency-interval [w; , w,]
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Spectral power density (spectrum)

+ Thus, we introduce the spectral power density (spectrum) as
the Fourier transform of the correlation function:

+oo

Lw)=Fn}= > Ame™ ()

T=—00

In order the Fourier transform (x) to converge, it is necessary
that y(7) — 0 as 7 — oo “quickly enough”, that is:

nes INw) exists Yw

T=—00 I'(w) is continuous
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Spectral power density (spectrum) (cont.)

« Consider the discrete-time periodic sequence:

A

+1

1 o

This sequence is characterized by the maximum possible
frequency of variation (sign-change at every time-instant).
The smallest period is T' = 2 and hence the maximum
frequency is 1/2. Consequently the maximum angular

frequencyis — ==
q o
y T

(F is evaluated between —7 and 7r)
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+ Nw)eR
In fact y(7) = v(—7) (correlation function is even)

e*jw(*f),y(f,r) + efjwr,y(,r) _ 7(7_) [ejwr + efjwr] cR

c T(w)i

(w) is even, that is T'(w) = T'(—w)
(w) =0
(

(

—

e
« I'(w) is periodic of period 27

=2

=2 /ﬂ I(w)ed™ dw

o .
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var[v(t)] = ~(0) ! ./77 IN(w)dw

=5 »

Area “below” I'(w) in [—7, ] is proportfgnal to the process
power and hence to its “variability”.

Area below I'(w) in [~w; , —w] I'(w)
and [w; , w,] represents the
distribution of the “process
variability” in the angular
frequency range [w; , ws].
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v(-) ~ WN(0,)?)

AN, =
’Y(T):{ 0/ 77&3

1
MNw) = EAZ x2r =M, VYwé€ [-m,7]

Then, in a white process, all angular frequencies contribute in the
same way to the overall “process variability”
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Dynamic representations of stationary stochastic processes

« The representations seen up to now are static: the process is
considered in its entirety (sequence of infinite r.v. from —oo to
—+00 )

 These representations, though correct, are not useful for the
solution of the prediction problem.

+ We need to devise dynamic representations in which it is
possible to relate the future evolution of the process with its
past.

- Special care has to be exercised
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Consider a r.v. v and define the process v(t) = v

&b v(t, s) = v(s) (all realizations have constant behavior)

By observing v(¢, s) at some time-instant the uncertainty
disappears in the sense that the value that the process will take on
in the future will not change.

Only a priori uncertainty:
BEFORE the “observation” of the process.
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v(-) ~ WN(0,\?)

Opposite situation with respect to Example 1: the observation of
past values of the process does not help in predicting future values
(past and future are not correlated).

[ The best prediction is the expected value (= 0) ]
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Dynamic representations of stochastic processes (cont.)

+ The two opposite (and kind of “extreme”) examples show that,
in the context of the solution of the prediction problem, a more
peculiar description of the stochastic process is needed.

+ Define a vector space G and assume to represent the r.v.
v(t),v(t —1),v(t —2),...as vectorsin G.

« Define
* Helv] Subspace of the past with respect to ¢
hyper-plane generated by vectors
associated with observations
v(t),v(t —1),v(t —2),...
" o] = ﬂ'Ht [v] Subspace of the “remote” past
t
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Dynamic representations of stochastic processes (cont.)

"H,[v] = He[v] \ Hilv] such that Hy[v] L H,[v]  Orthogonal

complement
Hence, the vectors in #,[v] are orthogonal to all vectors in
Ht[v]
* §(t) projection of v(¢) on H,[v] ~ Purely deterministic
component
* o(t) projection of v(t) on #,[v] Purely non-deterministic
component
Wold decomposition
o(t) L o(t)

Once v is decomposed on the two components o, @, only the
purely non-deterministic component is useful for solving the
prediction problem as the purely deterministic component is
perfectly predictable from the past.
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Dynamic representations of stochastic processes (cont.)

- Then, from now on, let us refer to dynamic representation of
purely non-deterministic processes

- Consider the hyper-plane #,[v] and consider a basis of
orthogonal vectors having the same norm

n(t),n(t —1),n(t—2),...

« Such basis is chosen in such a way that:
« n(t—1),n(t—2),n(t —3),... basis for H;_[v]
« n(t —2),n(t —3),n(t —4),... basis for H;_»[v]
vectors n(t),n(t —1),n(t —2),... correspond to rv. mutually
uncorrelated with the same norm

[ n(-) is a white process ]
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Dynamic representations of stochastic processes (cont.)

« Project v(t) on n(t),n(t —1),n(t —2),...
« w(0),w(1),w(2),... projections components
« Write the projection 9(t) as
o(t) = w(0)n(t) + w(l)n(t —1) + - -

t

= > w(t—im) convolution of w(-), n(-)
—
time-invariance
Hence:
WN
where .
W(z) = Z[w(t)] = Z w(i)z™"
i=0

w(t) is the impulse response of the system
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Dynamic representations of stochastic processes (cont.)

Therefore

The purely non deterministic component of a stationary
stochastic process can be seen as the output of a discrete-time
dynamic systems driven by a white input process.

Remark
W (z) is not necessarily a rational function of polynomials in z.
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Dynamic representations of stochastic processes (cont.)

Important

Purely non deterministic and purely deterministic processes are
very different from a spectral point of view.

Example
Consider the process:

v(t) =av(t — 1)+ av(t —2) 4+ - + apv(t — n)

Clearly v(t) is a a known linear combination of past values
v(t—1), v(t—2), ..., v(t —n) hence, a purely deterministic
process.
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Dynamic representations of stochastic processes (cont.)

Example (cont.)
Now
P(z)v(t)=0 Plz)=1—aiz ' —apz2— ... —apz ™
This is possible only if v(t) = a; A} + - - a, A, where \;, ..., )\, are

the zeros of

P2)=1-a1z7 ' —apz7 2= —apz " =

Remark

In general: the spectral content of purely deterministic processes
is “concentrated” in a finite number of discrete frequency points.

Instead, the spectral content of purely non-deterministic
processes is spread over the entire frequency spectrum.
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Analysis of dynamic systems
driven by input stationary
stochastic processes




Properties of LTI discrete-time systems

+ Consider a linear time-invariant dynamic system with W (z) as
transfer function:

u(t) %% ( Z) y(t)

where
B (i e e e

™ oz o,

W(z)
* Hence

aoy(t) +aqy(t — 1)+ +any(t —n) =
=yu(t) + yiu(t —1) 4+ - + ypu(t —n)
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Properties of LTI discrete-time systems (cont.)

+ Recall that, if all poles of W (z) are located strictly inside the
unit circle and if

2
u(t) = Asin (Tzrt+ﬁ) . t=0,1,...
then a sinusoidal regime takes place after transient

y(t) =~ A‘ W (e’®) |sin (2;25 + B+ arg [ W(e?®) })

/;valuation of W (2) ‘/

on the unit circle

where
B 27
W = —

T
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Properties of LTI discrete-time systems (cont.)

+ Due to linearity, it follows that
y(t) = yrt) + yo(?)

Forced response Free response
(zero initial conditions) (zero input)

e Then
t

yr(t) = > w(t— j)u(y)
Jj=—1
where w(t) is the impulse response of the system
+ Due to the assumed asymptotic stability, we have

t01—1>r£100 (e (t) =0
hence

lim _y(t) = 3 w(t-j)u(j)

to——o0
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Properties of LTI discrete-time systems (cont.)

Then

If all poles of W (z) are located strictly inside the unit circle,
irrespective of the initial conditions, for t, — —oo we have

t +oo

y(t) = Y wlt—ju@) =D wi)u(t—1i)
j=—o0 i=0
Convolution formula
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A stochastic process as input of an LTI system

« Now, assume that () is a stochastic process with zero
expected value (that is E(u) = 0)

» Thus

stationary
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A stochastic process as input of an LTI system (cont.)

+ As we established that y () has zero expected value the
covariance functions coincide with the correlation functions.

« Consider input and output values at different time instant ¢,
and t,:

o0
E w utg—z
=0

8

u(t)y(t) = Y w(i)u(t: )ulty — i)

=0

y(t)y(t2) = ) w(i)y(t)u(ts — 1)

]

-
i
S
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A stochastic process as input of an LTI system (cont.)

+ Hence, evaluating the expected values

o0

E[u(t)y(t2)] = Y w(i) E [u(t:)u(tz — )]

=0

['Vuy(tlv t2> = Z w(i)'yuu(tla tr — l)]

=0

Zw u(ty — 1)]
=0

o0
[vyy tita) = > w(i)yyult, tr — z)]
1=0
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A stochastic process as input of an LTI system (cont.)

« As we assumed that the process u(-) is stationary, we obtain:

-

N

(.

(o]

’)/uy Z w 7uu T — L)
(. 1:0 J
4 = 1\

Vyy(T) = Z (i) Yyu(T — 9)

=0

J

 Then, the correlation function between the input and output
processes is the convolution of the impulse response with the
auto-correlation function of the input.

+ Analogously, the auto-correlation function of the output process
is given by the convolution of the impulse response with the
input-output correlation function.
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Correlation functions and complex spectra

« Now, introduce the two-sided Z transform of all the possible
correlation functions:

+oo
Dyul(z) = Z Vol )a |

T=—00

+o0

Pyy(z) = Z Yoy ()27

T=—00

400

Duy(z) = Z Yuy(T)27"

T=—00

+oo

Pyu(2) = Z Yyu(T)2™7

T=—00

DIA@UNITS -  267MI -Fall 2018 TPGF - L7-p33



Correlation functions and complex spectra (cont.)

+ Recalling the definitions of spectral power density, we have:

Luu(w) = (I)uu(z)|z=ejw = Quy (ejw)

Lyy(w) = @y (2)|,_piw = Pyy (ejw)

where ®,,,(z) and ®,,(z) take on the name of complex spectra
of the input and the output.
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* Tyu(w), Tyy(w) € R
« though in general T,y (w), Ty (w) € C

¢ Vuy(T) = ’qu(_T)

(byu(z) = (I)uy(zil)

Lyu(w) = Iy (W)

uy
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Properties (cont.)

* Moreover
Yuy(T) = f; w(2) Yuu (T — 1) By (2) = W(2)Pyu(2)
—
Yyy(T) = iw(i)'qu(T — i) D,y (2) = W(2)Pyu(2)
But -

Dyu(2) = Puy(27') = W™ )Puu(2™')

q)yy(z) = W(Z)W(Z_l )(I)uu(z_l)

(240(2) = W W () 0uu(2))

This is a very important result: we are able to compute the
complex spectrum of the output process of a LTI asymptotically
stable system driven by a stationary input process.
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Properties (cont.)

+ Going back to the frequency domain:
Ly (W) = yy (7)) = W ()W (€77%) @y ()
= W ()W (e yu(w)

(L0 (@) = W) Luat))

This is a very important result as well: we relate spectral power
densities with the frequency response.
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Stationary processes with rational spectra

More common stationary processes with rational spectra

+ White noise

+ Moving average process (MA)

+ Auto-regressive process (AR)

+ Auto-regressive and Moving average process (ARMA)

Common characteristic: as we will see, these processes are
generated from a filtered white process.
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Analysis of dynamic systems
driven by input stationary
stochastic processes

White noise



v(-) ~ WN(0,\?)

v(7)
() X, 7=0 A2
T pr—
L 0, 140
+oo ]
T(w)= Y 7lr)e "
=7(0) = *

As can be seen from the correlation function, in a white process the
values of the process in different time-instants do not have any
mutual relation, that is, the knowledge of v(¢) is of no help to
estimate v(¢), ¢ #¢t.
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Analysis of dynamic systems
driven by input stationary
stochastic processes

Moving average process (MA)



MA process

« Given a white process n(-) ~ WN(0, \?)
+ A MA process of order n (denoted as MA(n) ) is the process

v(t) =con(t) + et — 1)+ et —2) + -+ cun(t — n)

« Hence v(t) is a linear combination (average) of the values taken
on by the white process in the time-window from ¢t —n to ¢.
When ¢ increases, this time-window shifts (moving).
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« Consider the process MA(1) :

v(t+1)
| 1 v
v(t) = con(t) + en(t —1) S

| |
t 1
t—1 t t+1t+2

 Expected value:

E[v(t)] = E[con(t) + cin(t — 1)]
=coENt)] +ca Ent—-1)]=0
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Example 1(cont.)

« Correlation function (= covariance due to the zero expected
value):

v(t1,t2) = Elv(ti)v(t2)]

L A priori could be

non-stationary

et =t =t
v(t1) = B{o(t)} = E{len(®) + et — 1)}

=G B{n®’} +< B{nt- 1} +2qc B{nen(t - 1)}
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Example 1(cont.)

- Correlation function (cont.)
e b=t 1

y(t,tE£1) =E{vt)v(t£1)}
= E{[con(t) +cin(t — D] [con(t £ 1) + et —1£1)]}
TN
=g E{ntnt+1)} +c E{nEt—1)nt—1+1)}
0 <-/t2=—tll\ A ﬁtz:tlfl
+ect E{n(t)n(t —1x£ 1)} +cocr E{n(t — n(t £ 1)}

m}

= coer N =~(t,t+£1)

)\2

0 ty =t + 1
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Example 1(cont.)

« Correlation function (cont.)

° tz = t] +2
Yt t£2) = E{v(t)v(t £2)} =0

+ In general:
v, t£k)=FE{v(t)v(ttk)} =0, k>2

 Note that y (¢;, t,) actually is always only a function of ¢, — ¢,
and hence the process MA(1) is stationary.
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Example 1(cont.)

e Thus:
7(0) = (e + i) X*

MA(])Z ’y(]):CoC]/\z

v(k)=0,Vk>1
Two possible cases:

cop-c1 >0

(1)

tendency not to change sign tendency to change sign
In consecutive time-instants In consecutive time-instants
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« Consider the process MA(2) :
v(t+2)
v(t+1)
v(t) = con(t)+cin(t—1)+con(t—2) o(t) | ]
| =
,_/%

t—2 t—1 ¢ t+1 t+2

- Expected value:
E[v(t)] = Elcon(t) 4+ cin(t — 1) 4 can(t — 2)]

=cEMn®t)] +caEn(E-1)]+caEREt-2)]=0
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Example 2 (cont.)

« Correlation function (= covariance due to the zero expected
value):
By a simple algebra analogous to the previous case, we have:

Y(t,t) = (g + cf + ) N2
y(t,t £ 1) = (coc; + crea) N2
Yt t £2) = (cocz) N

Yt t+k) =0, Vk>2

- Here again we notice that v(¢,, ¢,) is always only a function of
t, —t; and hence the process MA(2) is stationary.
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MA(n) process

+ In general, for a process MA(n) we can prove that:

0 it |7|>n

(cocir) + C1Cri41 ++ + Cuejrjcn) A2 i n > |7

« The stationarity should not be surprising: the process is just a
linear combination of values taken on by a stationary process.

¢ Clearly:
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MA () process (cont.)

+ Let us consider the general expression of a process MA(n):
v(t) =con(t) et —1)+can(t—2)+ -+ cn(t —n)
« By using the unity delay operator ! we have:
v(t) = con(t) + crz () + 272 (t) + - - - + caz "n(2)
= (co L@ L d@g 2 oo cnz_”) n(t)
= C(2)n(t)
where we set
C(z)=co+ & L e @pa 2 b ooo db @5
+ Then, the transfer function turns out to be

02"+ 12" M 42" ey,

Z’IL

W(z) =

which is asymptotically stable (n poles in the origin).
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Important remark

« In general, stationary processes are characterized via the
expected value and the covariance function

* In the case of the process MA(n) the expected value is zero and
the covariance function is given by

0 if |7|>n

(COC|7—\ +ciCrj41 + o+ Cn—\7—|Cn) Noif on > | 7]

The process is fully characterized
by the parameters
COsCly ey Cry A2
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Important remark (cont.)

« However: the characterization by the parameters
o, C1, - ., Cn, A2 is redundant.
In fact: let
é0 = OéC(],é] - acl)"'a&n = QCp
and consider the process
0(t) = ofi(t) + an(t — 1) 4 -+ + it — n)

where 7j(-) ~ WN(0, A?).
If T
¥=5 = =)
and hence the two processes v(t) ©(t) are not distinguishable.
« The redundancy is eliminated assigning one of the parameters.
The typical choice is ¢p = 1 and then the process MA(n) is

written as

o(t) =n(t) +en(t —1) +---+ean(t —n)
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Example 1 (continued)

MA():  w(t) =n(t)+cn(t-1)

c1 >0
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Example 1(cont.)

+ Let us determine the spectrum:

a)

+oo
Tw)= Y 2r)e" =4(0) +y(1)e™ +y(—1)e™

T=—00

(0) + (1) (e77¥ + /%) = 4(0) + 27(1) cosw

v
( ) A2 4+ 2eX cosw
(

1+ +ZCcosw) A2
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Example 1(cont.)

.b)

Fw)=[1++c(e?+e )] N

= (1 + +2ccosw) A2
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Example 1(cont.)

'C)

W(z)=(1+cz ")
v(t)=nt)+cenit—-1) =

But T\, (w) = [V (&) [

Ly (w)

- | —l—c}z 32— |cosw + jsinw + ¢|?

2
o 1 ’
= {(cosw +¢)* + (sin w)z} A2

= [(cos w)2 + +2ccosw + (sinw)z] A2

= (1 L@ ZCcosw) A2
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Example 1(cont.)
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Example 1(cont.)

1 - .
Te=3 The “variability” of the process is concentrated at lower
frequencies

25
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Example 1(cont.)
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Example 1(cont.)

1 R .
cc=—= The “variability” of the process is concentrated at

higher frequencies

25

9
AL /;,\2,

15 =
I (w) 5
¥
n
1.5
L —A
05 4
q4 3 2 1 6 1 2 3 4
w
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Process MA (o)

- It is a mathematical abstraction of great conceptual
importance that will be used in the sequel

- Consider 7(-) ~ WN(0,\?)
v(t) = Zcin(t —1i) where ¢o=1 (%)
i=0

« In order (%) to represent a well-defined stationary process it is
necessary that

var [v(t)] = (Z cf) M < oo
=0
* Itis possible to prove that

[ic%<oo = (7)) < o0, VT]

=0
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Analysis of dynamic systems
driven by input stationary
stochastic processes

Auto-regressive process (AR)



AR process

« Given the white process 7(-) ~ WN(0, \?)
« The AR process of order n (denoted with AR(n) ) is defined as

v(t) = av(t — 1)+ av(t —2) + - - + apv(t — n) +n(t)

« Hence v(¢) is a linear combination of the values taken on by
v(t) itself in the time-window from ¢ — n to ¢ — 1 plus a white
process.
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Example: process AR(1)

« Consider the process AR(1):
v(t) =av(t —1)+n(t)

v(t) =av(t —1)+n(t)
=alav(t—2)+n(t—1)]+n(t)
=ad?v(t—2) +an(t—1)+n(t)
=a’v(t —3) +a*n(t—2)

+an(t—1)+n(t)
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Process AR(1) (cont.)

- Then, in general, for a process AR(1) we can write:
v(t) =av(t — 1)+ n(t)

|-> u(t) = i a' " i+ 1) +a T u(t) (%)

i=to
« (%) is consistent with standard linear systems theory according
to which the output response can be decomposed in free
response (depending only on initial conditions) and forced
response (depending only on the input)
« Define
o(t) = lim wo(t)

to——o0

< if Jal <1 (t) = a4+ 1)

=Yt —j)
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Process AR(1) (cont.)

* But:

|a|<1—>2(aj)2<oo
j=0

oty = a0t —j)
§=0

Stationary process MA(o)

The process ©(t) (stationary of type MA(cc) ) is

the steady-state solution of the equation of the AR(1)
process. Such solution is unique in the context of
stationary processes.
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Analysis of the process i(t)

+ Expected value
v(t) = av(t —1) +n(t)
Ly 5[u(t)] = a Elu(t - 1)] + Eln(t)]

. Variance
E{[v@®)} =E{a®[v(t - 1)]* + n®)]* + 2av(t — )n(t)}

=E{a’ it - D]} +E{n®)*} +2a E[(t— Dn(t)]
= E{®)’} + E{In®)*}

(1-a) B{(®)} = ¥

I—> E{[o®)]*} = iza (la| < 1)
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Analysis of the process i () (cont.)

« Correlation function

« Consider 7 >0 ( () is even).
+ At steady-state the process is MA(co) and hence we can use the
general formula

oo oo oo
(1) = e E CiCitr = e E atattT = A\a” E T
i=0 i=0 =0

.
(1—-a?)

=X\a" (la] < 1)
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Analysis of the process i () (cont.)

« An alternative algebraic technique to determine the correlation
function is:
o(t) = av(t — 1) +(2)

vt —71)=av(t— Dot —7)+nt)v(t —71)
E[v(t)v(t—7)] =a E[v(—1)v(Et—7)]+ ERE)v(t— 1)

Hence:
e >0 = A(n)=avy(r—1) = ~F(r)=a V(O))
7(0) = —~(1)
f(O):ay(—l)Jﬁ\z:m(l)Jﬁ\z
MW _aym+x = a= 2%
() = X T(l_laz) r>0
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Process AR(1) (cont.)

y(7)

- Compared to the case of MA processes, the correlation function
vanishes asymptotically (and hence a AR process is “slower”
than a MA process).
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Process AR(1) (cont.)

+ Let us determine the spectrum:

1 z
= — 1 = e
v(t) =av(t—1)+n(t) = W(z) e
BUt Ty (w) = [V (e7)* Ty (w)
jw|? 1
rw) = 1] )2 = 22
leiw — al |cosw + jsinw — al
)\2
{(cosw —a)’ + (sinw)?
)\2
- [(cosw)? + a? —2acosw + (sinw)?]
)\2

(14 a? —2acosw)
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Process AR(1) (cont.)
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Process AR(1) (cont.)

1 C .
ra=3 The “variability” of the process is more concentrated

at low-frequencies and the process is “slower” than the

“analogous” MA

422
4

AR(1) (a =1/2)

| MAQ1) (c = 1/2)
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Process AR(1) (cont.)
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Process AR(1) (cont.)

1 C .
Ta=-—3 The “variability” of the process is more

concentrated at high frequency and the frequency distribution

is very different from the “analogous” MA
42

AR(1) (a = —1/2)

r(w)
MA(L) (c = —1/2)
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Example: process AR(2)

- Consider the process AR(2)
v(t) =arv(t — 1)+ ayv(t —2) 4+ n(t)

I v(t)v(t — 1) =a;v(t — Dot — 1)

+arv(t —2)v(t — 1) + n(t)v(t — 1)
Hence:

« Then
c7>0 = (M) =ayFT-1)+ay(T-2)
* ¥(0) = ary(—1) + a2 v(=2) + A = a1 y(1) + a2 7(2) + A

2
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Yule-Walker equations

+ The useful equations are:

a1 (1) + a27(0)
Y(1) = a1 7(0) + a2 ¥(1)
a1 (1) + az y(2) + \?

+ These equations can be organized in matrix form:

a  ap —1 ~(0) 0
a a—1 0 ~¥1) | =] 0 (%)
1 —a;  —a ~7(2) A2

« Then, for given a;, a,, A itis possible to compute
~v(0) v(1), v(2) and afterwards proceed in a recursive way.

« Equations (x) are the well-known Yule-Walker equations and
can be written for any generic AR process.
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Analysis in case of non-zero mean white noise

- Consider the process
v(t) = av(t — 1) + n(t) with n(-) ~ WN (7, \?)

E[v(t)] = a E[v(t — 1)] + E[n(?)]
= a Blo(t— 1)) +7
+ Recalling that |a| < 1 and setting E [v(¢)] = ©

v=a0+7 = V= 0
1 —a
» Notice that ;
W(Z):zfa
n(t) u(t
W we P o= (W) 7

Static gain 4/
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Analysis in case of non-zero mean white noise (cont.)

+ Let us determine the covariance function:

V(1) = E{[v(t) — 9][v(t — 7) — 0]}

« Introduce the process

and hence
v(7) = E{[v(t) — v][v(t — 7) — 0]}
= e {l5) + 7 = A=)+ 5 = 71}

The correlation function of the zero-mean process o(t)
coincides with the covariance of the original process.
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« Consider the process
AR(n): w(t)=avt—1)+ -+ ayv(t —n)+n(t)

Az)v(t) = nt)with A(z) =1 —a1z7 ! — - —apz™"
W(z) = I 1
QN W(z) [ @, o= Alz) 1—aiz7!—- - —apzm
2t —a2vl - —a,

« If the roots of A(z) (i.e., the poles of W(z) ) are all strictly
located inside the unit-circle, then in steady-state we obtain a
stationary process equivalent to a process MA(co).
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Analysis of dynamic systems
driven by input stationary
stochastic processes

Auto-regressive and Moving average
process (ARMA)



ARMA processes

- Given a white process 7(-) ~ WN (0, \?)
*« An ARMA
process of order n, , n. (and denoted ARMA(n,, , n.)) is given by
v(t) =a vt — 1)+ av(t —2) 4+ -+ + apv(t — n)
L F ) +ant —1) +en(t —2) + -+ canlt — n)

. A=l —ar = —ay 2
A(z)v(t) = C(z)n(t) with
Clz)=14+ciz7'+ - ey 27

&. W(Z) _’U(t)’ C(Z) - 1+C]Z_1 + . +Cncz_nc

W(z) = Alz) l—aiz7l—- —ay 2"
If n = max(n,, n.) maximum input/output delay

24+ BT e

n __ n—1 _ ... _ n—mn
z a1z Qp, 2 @

W(z) =
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ARMA processes (cont.)

- If the stability condition is satisfied (all roots of A(z) are
strictly inside the unity circle) then in steady-state we obtain a
stationary process equivalent to a process MA(o)

C(2) _ =il —i
W(z)—A(Z)—w0+w1z +odwiz 4
where h(t) =w;, t=0,1,... istheimpulse response of the
dynamic system
imp(t) h(t)
—_— W(z) —

+ If the stability condition is satisfied - Z (w;)? < oo

=0

[process variance of MA(co) is ﬁnite]{J
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 With reference to a generic stationary stochastic process:

Difference-equation <= Process model
Stationary solution of difference-equation < Process

* In general:

Stationary Stochastic
Processes

Stochastic
Processes

ARMA Processes
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+ Consider the process ARM A(1,1)

o(t) = ol = 1) +n(e)+ 30t —1), n() ~ WN(O,1)

3
(1 — ;z_l> v(t) = (1 + ;z_l> n(t)
o) = T 000 = )

+ Let us determine the spectrum:

12 - 112
oy — et o= 1AL foosw s+ §

|eJW—%|2 |cosw—|—jsmw—f|2
(cosw)®+ 1+ 2cosw + (sinw)?
(cosw)? + 1 — cosw + (sinw)?

10 , 2
3+§cosw

5
7 COS W
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Example (cont.)

1\2
r(0) = (I(T)Sj =%
2
(1) s
(2) 1+(%)27§
B s
RN TE
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Example (cont.)

M(w) [

2 8
9 16
; =2
yd 81
__—/ \-.
0—4 3 2 1 0 1 2 3 4
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Analysis of dynamic systems
driven by input stationary
stochastic processes

Spectral factorization



Spectral factorization

- Afew families of stationary stochastic process with rational
spectra have been described. The prediction problem will be
addressed in the context of these families.

+ However: some further discussions are necessary on the
representation of st. processes with rational spectra.

« Consider

n(t) v(t)

— W) —

with () ~ WN(0, A\?) and W (z) = ggj)) rational
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Spectral factorization (cont.)

Fundamental question:

Does W (z) exist such that, for a suitable input process,
7i(-) ~ WN(0, \?) we have

Yoo (T) = v55(7) , VT that is MNw)=T(w), Vw

In qualitative terms, does another transfer function exist yielding
the same correlation function/spectrum?

« The question is important: in case of existence of such other
transfer function 17 (z), this would imply the existence of more
than one rational representation of the same stochastic process

- Trying to estimate a transfer function (for example, a predictor)
on the basis of experimental data would be a ill-posed problem
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Spectral factorization (cont.)

* Then, let us try to understand the mutual relation between
transfer functions of equivalent representations of the same
process.

+ More details are needed on the representation of processes
with rational spectra.

+ Recall that ®(z) = W(2)W (27') A* where ®(z) is the complex
spectrum
Spectral factorization problem

Given a complex spectrum &(z), determine all pairs [IW(z), \?]
such that W ()W (27') A* = @(2)
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Spectral factorization (cont.)

- Let us now analyze the ways to modify W (z) without modifying
®(z)
(@) a-W(z) with a # 0 = B(z) = aW(z)aW (z~HA\?

_ 2
Choosing \? = % we have that the pairs

[W(z), ] and [aW(z), ;\;} with « # 0

have the same ®(z)

\. J

This result is not surprising: the variance of a stationary
process can be changed either by acting on the static gain of
the transfer function and on the variance of the input process.
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Spectral factorization (cont.)

2 * W (z) with k #0

(b) B(2) = 27 "W (2)2*W(z=HA2 = W (2)W (2~ A2

The pairs [W(z),\?] and [z * W (z), \]
have the same @(z)

Also this result is not surprising: multiplying by z=* means

considering realizations delayed by time-steps and this clearly does
not alter the probabilistic features of the stochastic process.
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Spectral factorization (cont.)

(c) trivial case

Erd) W(z) with a€C,n>1
(z+a)
The pairs [W(z), \’] and Ez 1 Z;n W(z), \?
have the same ®(z)
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Spectral factorization (cont.)

. |
(c) non-trivial case — Z+Cll W(z) with a€C
a 1
a
—1 —1
T(T( ) = p 238 g 2 _ p Lot o) +a)
24— zh4 - (z4+ =)z"'+ =)
a a a a
s 1+d+alz+27Y) 2a21+a2+a(2+z*1) 2 2
T 1 = 2 TR
1+72+7(Z+Z_1) I1+a®>+a(z+2z71)
a?®  a

Choosing o = L the pairs [W(z),\*] and
a

Tzt Lll W (z),\*| have the same ®(z)

zZ+ -
a

\. J
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An “all-pass” filter

+ Then, if 7(z) = + 214

(LZ+

a

t o(t v(t) o(t)
n®) W(z) L) e &» W) —| T() —

in the sense that the spectra of v(¢) and of ©(¢) coincide.

Therefore, canceling a pole (zero) with a reciprocal
zero (pole) leaves the spectrum unchanged (except
for a possible multiplicative constant)
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Spectral factorization (cont.)

+ The problem we are addressing is the one of guaranteeing the
uniqueness of the representation of the stationary stochastic
process that is, that there exists a unique transfer function
W (z) for which the process can be represented as the output of
a linear system with transfer function W(z) and a white process
as input.

« Clearly, there are many ways to constrain the representation to
be unique. The ways we are considering are the ones that will
be useful in the context of the solution of the prediction
problem.
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Spectral factorization (cont.)

« With reference to cases (a), (b), (c) previously addressed:
N(z)
D(z)

. given W(z) =
+ (a): itis sufficient to set some parameter. We impose that N(z)
and D(z) are monic polynomials

+ (b): we impose that N(z) and D(z) have the degree a-priori set
(for example, the same degree)

+ (c): we impose that N(z) and D(z) are co-prime and that all
zeros and poles are inside the unit circle

DIA@UNITS -  267MI -Fall 2018 TPGF -  L7-po



Spectral factorization theorem

Spectral factorization theorem

Given a process with rational spectrum ®(z), there exists one and
only one representation of the process as the output of a linear
system driven by a white process and with transfer function

W(z) = gz; if the following conditions are imposed on W (z) :

« N(z) and D(z) monic, co-prime and of the same degree
« all roots of N(z) (zeros of W(z) ) have | - | <1
« all roots of D(z) (poles of W(z) ) have | - | <1
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