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Systems

0 or more signals as inputs 1 or more signals as outputs

1 signal as input 1 signal as output

A signal processing system has signals as inputs and outputs
The most common type of system has a single input and output

A system is called causal
If y, depends on x,, for m? O but not on x_,,,

A system is called linear (note - does not meany, =ax,+b!)
if X, - y, and x, - Yy, then (ax;+ bx,)- (ay;+ by,)
A system is called time invariant if it has no internal clock
ifx- y then oaHx - oaHy
A system that is both linear and time invariant is called a filter
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Exercise time!

Which of the following are signal processing systems (we shall use z for inputs
and y for outputs)? Explain. x and y must be signals!
1. The identity y = x
The constant y = k irrespective of x
y==1tyx
A device that inputs a pizza and outputs a list of its ingredients
a3
y = sin(7)
y(t) = [ =(t)
The Fourier transform
A television
A D/A converter

ol ol

= 00N R o
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A

Example systems

ldentity system vy, = X,
Amplifier (gain) y,, =
Saturator y, = sign( X,,)
What does this do to a sinusoid ?
How is it related to the amplifier ?
Why is DSP better than electronics ? (see next slide)
Time by time functions y, = f(x,,)

These are not interesting since they dond involve time

A

A

A

Delay y = atux (i.e., ¥, =X,.1)
First time differencey =Y x (i.e., y,, = X, - X1 )
Smoothery, =-Xx,, +-X, +-X,,; (not causall)

How can we make it causal?
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DSP iIs better than electronics

Analog electronic amplifiers have

A maximum output voltage (power supply voltage)
A cut-in voltage
A nonlinearities

> <

maximum

nonlinearities

In DSP we can multiply exactly
(wedl see later why overflow/underflow wond concern us)
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Filters

Filters have a property in the frequency domain (the filter law)
Y(w) = H(w) X(w) Y, =H, X,
In particular, if the input has no energy at frequency f
then the output also has no energy at frequency f
(what you get out of it depends on what you put into it)

This iIs the reason to call it a filter
just |1 ke a colored | i ght f

Filters are used for many purposes, for example

A filtering out noise or narrowband interference

A separating two signals
A Integrating and differentiating (why are these filters???)
A emphasizing or de-emphasizing frequency ranges

Why is the amplifier a filter? (explain why linear and TI, and in frequency domains)
What is H(w) for the delay system ?
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How does the filter law work?

X(¥) X(¥) X(¥)
|A-Y |—A—’X‘ |—A—Y
H(¥) H(Y) H(Y)
1 1 E— 1
¥ > ¥ ¥
Y(¥) Y(¥) Y(¥)

H(¥) is called the frequency response
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Frequency response

In general H(¥ ) is a complex number

A The absolute value is the gain
how much the sinusoid is amplified or attenuated

A The phase is the phase shift
how much the sinusoid is delayed

H(¥) is a function of ¥
a filter need not do the same thing to all frequencies!

Many time we use filters that are low-pass, high-pass, etc.
but not all filters are like that

<

| HE) | | H(® | | HE) | | HE) | | H() |

A A

> f > f > f > f > f
low pass high pass band pass band stop notch
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Types of filters

A | | A A
> f > f > f > f > f

low pass high pass band pass band stop notch

When designing filters, we can specify :
Atransition frequencies
f Atransition widths
multiband _ Aripple in pass and stop bands
realizable LP : .
Alinear phase (yes/no/approximate)

Acomputational complexity
Amemory restrictions

What kind of analog filter is an anti-aliasing filter ?
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Nonfilters

If a system is not linear it does not obey the filter law !

For example, y, = X, + ¥ X2 sin2(«) = % - ¥% cos(2 )
If X, = sin(¥n) theny, =sin(y¥y n) + /2 - /2 cos(2¥ n)

So the input spectrum has 1 component R
and the output spectrum has 3!

original line

DC :
If a system is not time invariant it is not a filter! |harT°$c
For example, y(t) = e' @ t x(t) 0 ¥

if x(t) =el ¥ ttheny(t) =e'atel¥t =gl @*¥)t
Why did we use complex exponentials here ? orighalline @ ted line
What happens to a more general spectrum ? _q_.l
> ¥

original spectrum
A 0 ¥ q+¥

> ¥
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Question 1

To understand our first kind of filter wedl look at an example

We know that a signal is DC (a constant s, = k)
but only see a noisy version x, =S, + V,

where the noise signal v,, is DC-free (zero average)
How do we discover k (recover s,) ?

! 0 L LI I UL BRI LLIN ] _||4 i IhL..J..II.|.L.I.i | |I....| |JJ_'|. (1000t | IRL. L
|I'|'| i fill |Ir' Rl 1] ~ 'Flrlll YO T T T

We average over as much time as we can
k=<x,>=<s,+V,>=<s >+<v,>=<s >+0
In practice, we take N samples

k=—B X

n
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Question 2

We know that a signal s, changes very slowly
(has only low frequencies in its spectrum)
but only see a noisy version x, =S, + Vv,
where the noise signal v,, is DC-free (zero average)

How do we recovers, ?

We average over a window
long enough for the noise to average out
but not so long as to destroy the signal

And then we move on to the next window
This is called Moving Average

y
Y, = - B 7 W (if L is odd then 1/(L+1))
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Question 3

The same, butsignals,doesnot change so sl ow
(there are higher frequencies in its spectrum)

We perform a (generalized) MOViNng Average but with non-equal coefficients
_ ¥
Yn = B

For example, the smoothery, ==X, + =X, + = X,,1 0

7 W W where B =1

What coefficients return us to the original MA ?
Why do we often use triangular coefficients ?

a
-L/2 0 L/2
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Question 4

What if the signal s, has a spectrum with all frequencies ?

0 A ’. "| | | i |
Al ‘ I
I.! ‘ I

| l" ltllll'll |
ll

\

We can still perform Moving Average
but need to find the coefficients based on the frequency domain

such that we allow the signal to pass

', I". l“f'

but block as much noise as possible

This will only work if MA is a filter!

Y
y

I | I‘w. N

|

lv
>
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MA is always a filter

Let& check that Moving Average is a filter (linear and time invariant)

LINEARITY
If we multiply the input by a gain g
V0=BdO W =gBh o =gy, Vv
If we add two inputs u and v which give outputs x and y
BOO6 O = B®o BOU x, +y v

TIME INVARIANCE

If we shift the input signal by m times (m positive or negative)
and the coefficients don@ change!

yn6 BU)(*{ ) = Bwow =yn+m¢

Note that sometimes it is useful to have coefficients
that change slowly over time (to adapt to changing circumstances)

In which case we almost have a filter é

Y(J)S DSP Slide 15



How to design a digital filter

20 years ago a large part of every DSP course was devoted to

how to design digital filters, i.e., given H(¥) how to find @

It is not enough to take the function H(¥) and perform an IFT

since in practice we would do this in the digital domain S,
and we would have no control over what happens
between the discrete frequency points

Here is the algorithm | recommend today J

A
A
A

> > > >

Google digital filter design software free download
Download and install
Wedl learn later about the different filter types
for now pick MA (also called FIR) filter
Enter or draw the desired frequency characteristics
Press compute coefficients
View the spectrum
Try it out
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Convolution

We saw that to filter out noise we used the signal processing system
_ ¥ N
y, =B 7y W W
This is not causal, a similar causal filter is
YV, =B W
These forms of computation are called (finite) convolution

Note that convolution is the sum of products
with one index going up and the other index going down
In this way the sum of the 2 indexes stays the same (n)
We could have made both indexes go in the same direction
which is called correlation (used to compare 2 signals x and y)

C,y(im=Bw ©
Note that here the indexes both go up together!
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Convolution (2)

The word convolution was invented by Norbert Wiener
the inventor of cybernetics and DSP

Some DSP courses emphasize correlation
and some emphasize convolution
the difference being relabeling the coefficients

We 61| | use convolution
and weol | see | ater why 1t 1 s

Convolution (or correlation) appears in many DSP contexts
In fact, convolution is so important
that a processor that performs convolution optimally
Is called a Digital Signal Processor ‘
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The echo cave 1

Here is another way convolution occurs

Consider shouting in a cave
the echo you hear is an attenuated copy
of what you shouted a roundtrip time ago

Yn = X + a Xnl where |is the RTT
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The echo cave 2

But there can be many echoes

yn - Xn T a1 Xn-1+ a2 Xn-2+ a3 Xn-3+ a4 Xn-4 + €
If the longest possible echo returns after L times

v, =B 0w (Where @  p, allotherm g0 s<1)

convolution! What does ® Ttmean ?
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You already know all about convolution!

LONG MULTIPLICATION B3 B, B; By

* Ay A AL A %(/
----------------------------------------------- S
% %
ABs AB, AB; AiBg % %0660
A,B; AB, AB; A;By 0;3@ %oo(//oo
N )
AsBs AsB, A3B; AsBy o 2,
____________________________________________________________________________________ %
/
C;=AB;+A B, + AB; + AjB, /)% 2
%
6‘0/5
POLYNOMIAL MULTIPLICATION o)

(a; x3 +a, x> +a; x + a,) (b x3+b, x2+b; X+ by) =
azb;x0+¢é + (agby+a,b,+a; b, +asb;)x3+¢é +a,b,
What 6s the connection bet ween gldpeisie



Picturing Convolution - 0

We chose the coefficients so that the indexes of a and x

go in opposite directions

Not e

t hat

t he

Il nput i
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We chose the coefficients so that the indexes of a and x

Picturing Convolution - 1

d, | 41 | Qg
* *
Xo | X1 | Xo | X3 | X4 | Xg
l
Yo | V1

go in opposite directions

Not e

t hat

t he

Il nput i
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We chose the coefficients so that the indexes of a and x

Picturing Convolution - 2

dy, | 41 | G

% % %

Xo | X1 | Xo | Xq | X4 | Xs
}

Yo | Y1 | Yo

go in opposite directions

Not e

t hat

t he

Il nput i
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Picturing Convolution - 3

Yo | Y1 | Y2 | Y3

We chose the coefficients so that the indexes of a and x
go in opposite directions

Note that the sum of the input indexes equals the output® index !
L-1
yn — a ar)<'|l
'\ 1=0 \+>/
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We chose the coefficients so that the indexes of a and x

Picturing Convolution - 4

d | & |
x % %
Xo | X{ | Xo | X3 | X4 | Xs
}
Yo | Y1 | Yo | Y3 | Ya

go in opposite directions

Not e

t hat

t he

Il nput i
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We chose the coefficients so that the indexes of a and x

Picturing Convolution - 5

dy | & |

% % %

Xo | X{ | Xo | X3 | X4 | Xs
}

Yo | Y1 | Yo | Y | Ya | ¥s

go in opposite directions

Not e

t hat

t he

Il nput i
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Multiply and Accumulate (MAC)

How do we compute a convolution? (or a correlation?)
We iterate on a basic operation

*
y«y+ta©X
Since this Multiplies a times x and then ACcumulates the answers
it is called a MAC

The MAC is the most basic computational block in DSP

Even computing energy can be done using (degenerate) MACs
E« E+X*X

Digital Signal Processors are optimized to compute MACs
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In the frequency domain

Remember that in DSP
we are interested in time and frequency domains

We know what an MA filter does in the time domain i convolution!
What does it do in the frequency domain?

What does an MA filter do to a sinusoid of arbitrary frequency ¥ ?
Here it is much easier to use complex exponentials than sines
So we ask, what does an MA filter do to x,, = e " for arbitrary ¥

We havenda proven it yet (dona@ worry 1 we will later)
but we said that for all filters Y(¥) = H(¥) X(¥)

That means that sinusoids are eigensignals of filters
MA-filter( €¥") = H(¥) e¥"
o s H(Y )
H(¥) is called the MA frequency response (0 O¥ O") ‘ ‘

Why do we look at H(¥) for all ¥ instead of H, ?
Why dond we look at H(¥) for negative ¥ ? 0
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Simple MA Frequency response

Let 6s st ar tnonausah3-paintBlA mp |l e
Yn =~ (Xn-l T Xp Tt Xn+1)

First | etdos ask what this filter
remembering that for DC we can take x,, = 1 (for all n)

Yy, =-(1+1+1)=1 (for all n) soy is also DC (of course - it had to be!)
and H(pc) =y, /x,=1

Next | etodos ask what 1 ty=dJoes to Ny
remembering that for Nyquist we take x, = e1+1-1 +1 &

Forevenn: y, =-(-1+1-1)=--and for odd n: y, = - (+1-1+1)=-

Soy,i s €--#+---é¢ which is also a Nyqui
and H(¥) =y, /X, =--

We 0 | | onl y <t)pfor ow,aabddH(Nyquist)| H €
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Simple MA Frequency response (cont)

IH()I

We have already found 2 points on the |H(¥)| plot
Now | etos find the rest!le L
We substitute x,, = e for arbitrary ¥ ( 0 ¥ O") 0

Y = Eim[ﬂ,—lj _i_Eimn _i_Eim[?L—l—l]l)

Elmnﬁ—lm _i_Elmn _i_ElmnE+lm)

e s A

E—lm + 1_|_E-|—lw) Elmn

1 +2cos(w)) el

—

&

Lo = L= Lo = L] =

IHCe)|
Soy, is a constant times e " (of course - it had to be!)

and H(¥) =y, /x,=-(1+2cos(¥)) s -

0

L
N

Why 1 sndt this -passfiteree enough | ow
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What about averaging more?

The frequency response of the more general averaging filter 00\5
Yn = : Z Ln+l IS sin(% ) 0&.\0&
ST . ' (T Q)
2L +1, 7= Lsin(gz) <°

H(o)

=

The more we average the more low-pass the filter becomes!
Why?
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Frequency response 2

As another example let® look at the simple smoother filter
Yn =~ Xpa T =Xy ¥ = X1
ForDC y,=-+-+-=1(foralln) soH(DC) =y, /x,=1
For Nyquist (evenn)y, =-(-1)+- p +-(-1)=0 so H(Nyquist) =0

For general frequency we substitute x, = e"¥n

1 lw(n—1 1 lwn 1 lw(n+1
yo = LD g Lelen y Lolw(ndl)

_ lelwﬂ,ﬁ—lw 4+ lﬁlwﬂ, 1+ lelwﬂ,e—l—lw IH()|

4 2 4

. . . 1

_ 1l —lw 1 1l +lw lwn
= (4"3 T3 T 7€ ) € J
= 3 (1+ cos(w)) elen 0 o
—_— 2 AN L -

y is a sinusoid of the same frequency (of course i it has to be!)
and |H(¥)|=%(1+ 2cos(¥)) Why is this better?
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The first finite difference

Last example - the first finite difference in the frequency domain
V=YX (e, y,=X,-X,1)
H(Y) ei'X‘n — ei'X‘n T eIY (n-1) SO H(Y) = 1- e-iY — e-i’X’/Z (eI’X‘/Z - e-i'X'/Z)

So |H(¥)| =2 sin(¥/2) o

This is a high-pass filter!
Why must it be high-pass?
Why is this complex (i.e., why does it have a phase shift)?
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Differentiation and Integration

What does the analog derivative look like in the frequency domain?
Here is it easy enough to use sines

The derivative of x(t) = sin(¥t) is y(t) = —— =¥ cos(¥t)
so|H(¥)|=v andthereis a 90 degree phase shift

IH()I

0
What about the analog integral?

The integral of x(t) = sin(¥t) is y(t) =, «{0)Qo=1 (1/¥) cos(¥t)
so | H(¥) | =1/ andthere is a 90 degree phase shift

IHC)

g >y

0
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Convolution and multiplication

We already saw 2 connections between convolution
multiplying numbers and polynomials are convolutions

But we now understand a deeper connection

The filter law means that a convolution in the time domain
y, = B $a®. a Many people even write y = asx
corresponds to a multiplication in the frequency domain Y, = H, X,

So, instead of convolving a and x in the time domain
we can move to the frequency domain and multiply

as | a, |ag | a, | a; | Ay | AL | Ay | Ay | Ay | A
* * * * * * * * 6 mul.t}fplicationéc * *
Xo | Xp | Xo | X3 | X4 | Xg | === | Xy | Xy | X5 | X3 | X4 | Xg

6*6 multiplications! | | | | (|
Yo | Y1 | Yo | Y3 | Ya]| ¥s Yo | Yo | Yo | Ys | Y| Y5

Why 6*6 and not 1+2+3+4+5+6 = 21 ?
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The complexity of convolution

In DSP we use either the time domain or the frequency domain
whichever is better for the task at hand

To perforn] convolutions over N elements in the time domain
Y,=Ba Zue. . fOr n & 0 é N

requires N times N multiplications (and another N*(N-1) additions)
and so the complexity is O(N?)

To perform the same thing in the frequency domain Y, = H, X,
requires only N multiplications

But if we are working in the time domain
we need to first convert a and x into frequency domain A and X
and at the end convert Y back into time domain y

]
To do that we need to perform 2 DFTs X, = B; F
each of which is O(N?) !

What we really need is a lower complexity DFT algorithm!
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AR

Computation of convolution is iteration
In CS there is a more general form of 'loop’ - recursion

Example: let's average values of input signal up to present time

Yo = Xo = Xo

Y1 =(Xg+ X)) /2 = 1/2x, +1/2y,
Yo, =(Xg+X;+X,) /3 = 1/3x, +2/3y,
Ya=(Xg+ X+ X, +X3) [ 4 = 1/4x; +3/4y,
Yo = U(n+1) X, + n/(n+1) Y, = (1'b) Xy T b Yn-1

So the present output
depends on the present input and previous outputs

In DSP recursion is called AutoRegression (term invented by Udny Yule)

Note: to be time-invariant, b must be non-time-dependent (not like here!)
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Unraveling the recursion

Given an AR form we can swap the recursion for an infinite iteration

For example, the simplest AR filterisy, =x, + by, ,
(weol | | eave out the 1inpi

Yn = In + ﬁvn 1
— Ly + {8( Lp—1 + ﬁvn 2) — Ly + JBTH 1 + {8 Yn—2
= Tp+ ﬁmn—l + ;{3 (-Tn—ﬁ + :{33}?;—3) =T, + ﬁ-{rn—l + ﬁgmn—ﬁ + ;833)'”—3

= TnJr,@Tn 1 +,(3 Ly— z—|-;5 Tn—%_l_:@ Tp—a + -

_ E T E T
- Ln + ;( Lyp—m — ;( Ln—m

m=1 rr=1\)

In general AR filters can be written as infinite convolutions

y.=B Qw

Try this for the AR with 2 time delays
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AR iIs a filter

The recursive AR form is an AR (autoregressive) filter
LINEARITY

Start from the infinite convolution form
the proof is the same as for the MA filter

TIME INVARIANCE

Start from the infinite convolution form
the proof is the same as for the MA filter

as long as the coefficients are not time dependent
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Frequency response of an AR filter

Let® try our simple AR exampley,, = (1-b X, +by,,
What happens for DC? we purposely put the input gain back in!

We know that foralln x,=1 and y,=H,
soH,=(1-b x bH; orHy,(1T b)=(1-b )so H;=1

What happens for Nyquist ?
We know that x,=¢ -1+1-1+1é and y,=¢é -H +H -H +H.
soH =(1-b })bH or H- (1+b)=(1-b )so H =(1-b Y (1+b)

For general frequency ¥ : x, =€*" and y, = H(¥)e!*"
so H(¥)e*"=(1-b ¢+ bH(¥)e* ™ so H(¥)=(1-b #* bH(¥) e
so H(¥)=(1-bY(1-b e'*) whyisthis complex (i.e., has a phase shift)?

and |H(¥)|2= 1/ (1 - 2bcos(¥) + b?)
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The AR frequency response

Yn= (1' b )(n +Db Yn1

Forsmallb y,a x, soH(¥)a 1
Forlargeby,canot Kkeep up wi
so H(¥) is very low-pass
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The harder way

But we cheated! We Hidevlamm ot vy et prr

We can find the frequency response of the AR filter
from the unraveled form, but without using the filter law

Up = (1 - ﬁ)eimn 4 O)(l B .ﬁ)eiw(n—l) 1 072(1 - ﬁ)eiw(n—m 4+

= (1=5) ) (e )fe

k=0
_ 0=08) un
(1 = pew)
(we used the formula for the sum of an infinite series
B n — with g=71 Q )
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The accumulator

We once defined the accumulatory =| X
byw B W
(the inverse of the first finite difference - | Y=Y =1)
We can write the accumulator as an AR filter
If we input DC this explodes! (AR filters can be unstable)
What is the frequency response?

H(M)Eiiwn _ Eiwn 4+ H(M)Eiw{n_l}

1 - 1
H — - = —1 lef{?
ThUS (w) 1] — e~ 1w 1 2 SiIl(w/Q)

So |H(¥)| is very similar to the FR of the true integrator!
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MA, AR and ARMA

The general causal system looks like this:
_f(X , n1é Xn-l;yn-11yn-21é Yn-m ;n)

But the general causal filter has to be
a linear combination of the inputs and outputs

Z ATy T Z btran m

n=,_0 m=1

This is called ARMA (it would be hard to say MAAR)

If b,,=0 then it is MA ,

If a,=0 and a,.,=0 but b| O then itis AR
Why doesnd the ARMA filter depend explicitly on n ?
Why does the sum only include previous inputs and outputs?
Why must the function be a linear combination of them ?
Why does m start at 1 and not O ?
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Symmetric form of writing ARMA

We can write the ARMA eguation in symmetric form
by terms moving from side to side

L—1 M
Yn — E Q| Tn—] + E BmYn—m
=0 m=1

M L—1
l
Yn — E BmYn-m = E Ty
=0

m=1

where

Vi o = aqq Go=1 Vm>0 03, =-b,

This form is a called a difference eqguation
since itcan berewrittenas B0 Y w B0 Yw

What is the connection between the coefficients?
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3 ways of writing the ARMA filter

So far we can write the causal ARMA filter in 3 ways

I.—1 M
ARMA form Yo =D _ @n—t+ Y bmyn—m
(=0 m=1
Symmetric form M [, it looks nicer with L
' i SnUn—m = )T,
(difference equation) Z PmYn—m Z 1 Tn—I
m=0 =0
o
Infinite convolution B
In — hﬁmn—ﬁf
=0

What happens when the filter is MA? AR?
How can we translate between representations?
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System identification

Up to now we have discussed
what a known ARMA system does to a given input

Now | etds consider the converse pr

We are given an unknown system with one input and one output
think of the system as I nside a

What is known are the input and output to the black box
Can we figure out what is inside the box ?

This is called the system identification problem
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ldentification?

What do we mean by identifying the system ?
You are given the unknown system for some amount of time
You need to be able to predict the output for any given input

For ARMA systems, it is enough to know any of these:
ARMA form T L a coefficients and M b coefficients
A symmetric form (difference equation) L U coefficients, M b coefficients

-~

A Infinite convolution form all 'Q

-~

A the frequency response all H,
since from any of these we can calculate the output y for all times

>
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Two flavors

There are two different ways this game can be played

Easy system identification problem
A we are allowed to input any x we want and observe the output y
A what input should we use?

Hard system identification problem
A the system is already "hooked up"
we can only observe the input x and outputy

The hard problem is indeed harder than the easy problem
for example - what happens if the input is always 07?
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Filter identification

Is the system identification problem always solvable ?

Not if the system characteristics can change over time
Since you can't predict what it will do next
So only solvable if system is time invariant

Not if system can have a hidden trigger signal

So only solvable if system is linear +_,—er >
Since for linear systems

A any signal is the sum of the trigger plus the difference

A small changes in input lead to bounded changes in output

So only solvable if system is a filter !
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Easy problem
Impulse Response (IR)

To solve the easy problem (where we can input any signal(s) we want)
we need to decide which input signal x to use

One common choice is the unit impulse
the signal that is zero everywhere except at time zero n=0

The response of the filter to an impulse at time zero (Ul)
IS called the impulse response IR (not a surprising name !)
F LS L St Xy

The impulse response of a filter is universally called h,

_—

What can we say about the impulse response for a causal system?
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Some impulse responses

What is the impulse response for an MA filter?

h,=Ba Fuf. & =

So, the MA coefficients are exactly the impulse response

What is the impulse response for an ARMA filter ?
Use the infinite convolution form!
hn =B, Lﬁ h — I-

which is why we called these coefficients h in the first place!

The IR of an MA filter is nonzero for a finite number (L) of times
and so MA filters are called Finite Impulse Response filters

The IR of AR or general ARMA filters
IS nonzero for an infinite number of times (due to the recursion!)
and so they are called Infinite Impulse Response filters
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IR for MA filter

We can see why MA filters are FIR
by the following graphical construction

Ay

aq

dg

*

*

0

0

O |«— O |=*
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IR for MA filter

We can see why MA filters are FIR
by the following graphical construction

a, | a; | a,
O 0|1
|

0 | a,
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IR for MA filter

We can see why MA filters are FIR
by the following graphical construction

a | a; | qq
o0 ] O0|2]0,0]|O0
}
0 | a5 | a4
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IR for MA filter

We can see why MA filters are FIR
by the following graphical construction

d, | d; | Qg
0 0 0 1 0 0 0
l
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IR for MA filter

We can see why MA filters are FIR
by the following graphical construction

a | a; | qq
o0 ] O0|2]0,0]|O0
}

O | ag|a |a | O

You see why we chose this direction?
convolution, not correlation!
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IR solves the easy Sl problem!

It is enough to input one simple signal to know the system !

A 1If we know the response of a filter to the Ul
we know its response to any SUI
because of time invariance (just shift the impulse!)

S AN S AN
0 m
0 m
A If we know the response of a filter to all SUIs
we know its response to any weighted combination of SUIs

because of linearity (add the weighted outputs!)

A any input signal x
can be written as the weighted combination of SUIs
since SUIs are a basis
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Easy problem

Frequency Response (FR)

We have found one solution to the easy Sl problem

Another common choice of input are the sinusoids
X, =sIin(kn)

But we need to enter al

However, from the filter law we know that

sinusoids are eigensignals of filters

the response to a sinusoid of frequency w sin (wn)
IS a sinusoid of frequency w (or zero output)

Yo =AysSin(wn +f,,)

So we input all possible sinusoids

but record only the frequency response FR
A the gain A,
A the phase shiftf

POSSI

NEF, O | AN

Y(J)S DSP  Slide 60



FR solves the easy Sl problem!

It is enough to input these sinusoids to know the system !

A 1f we know the response of a filter to x, =sin (kn)
we know its response to x, =sin (kn +f )
because of time invariance

A 1f we know the response of a filter to arbitrary sinusoids
we know its response to weighted combination of them
because of linearity (add the weighted outputs!)

A any input signal x
can be written as the weighted comblnatlon of sinusoids
since they are the Fourier basis e
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Does this make sense?

In the first solution we only needed one trial
we entered one input the Ul
and recorded the impulse response h,

In the second solution we had to enter many inputs 1 all the sinusoids!
Does this make sense?
For the impulse response we needed to record many time values
for the frequency response
we only needed one complex number for each input

For example, assume a signal with N values (in time/frequency domain)
and an MA with N coefficients

A for h, we need to record N values
A for H, we need to record N coefficients : 1 for each frequency

Why do you think we call the IR h and the FR H ?
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The easiest hard problem

The hard problem is so hard
that we will start with a simple case

A Assume an MA filter with 3 coefficients

_ pd _
Yo =Ba Fu® ==X, a1 Xpq 4+ Ay Xpoo

A We further assume that the input was zero until time n=0
(we can always take the time the signal starts to be n=0 ¢ )

S0 Xeg = O

We need to find 3 unknowns 1 a,, a,, and a,
so we will need three equations to solve
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The easiest hard problem (cont.)

First | etdos write the equat.
Yo = Qg Xpgt Ay X1+ a, X, = 389X
Since x,1  v@e can divide to find a, =Y,/ X,

Next we write the equation for n=1
Y1 = Qg X T a; Xgt 8, X1 = 89Xy + 33 Xg
What do we already know?
Y1 =apXs 83X SO a;=(Y1-a9%Xy)/Xg
which is OK since x,1 O
Finally we write the equation for n=2
Yo = 89Xyt 3y Xy + a5 Xg
so a, = (Y, -8y X,-ay, X, ) /X, whichis OK since x,1 0
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The easiest hard problem I matrix form

First can rewrite the three equations
Yo = Qg Xp
Y1 = 89Xyt ay Xg
Yo = 389Xyt 3y Xg + A, Xg
In matrix format (with the coefficient as the vector)

Yo rg 0 0 g
v | =1 1 xo O aq
Y2 L2 T1 I %)
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The easiest hard problem - some more

iy 0 0
The matrixtoinvert | z; zo 0 IS lower triangular

o 1 X
which is why it was so easy to solve
In fact, our solution was the straightforward inversion!

But this matrix has another characteristic
it has Toeplitz (TID | Ef@ro
I the same value along diagonals
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A slightly harder problem

A Assume arj MA filter with 3 coefficients
yn — Bl =|=..' i aOXn + a1 Xn-l + a2 Xn-2

A but the input does not start nonzero

We still need to find the 3 unknowns 1 a,, a,, and a,
so we will need three equations to solve

So pick any n (there is nothing special about any time)
and write three consecutive equations
yn = a0 Xn + al Xn-l t a2 Xn-2
yn+1 = aO Xn+1 + al Xn + a2 Xn-l
yn+2 = aO Xn+2 + al Xn+1 + a2 Xn
Note that we need to observe 5 consecutive times
n-2 X, .- n-1x,4 nx,andy,
N+1 X, andyp,, N+2 X,,, and y.,
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Solving the slightly harder problem

Let® jump directly to the matrix form

Un Ln Ln—1 Tnpn-2 aop
Yn+1 — Ln+1 Ln Ln—1 ay
Yn+2 Ln+2 Ln41 Ln as

So, here is yet another connection
between convolution and (matrix) multiplication

The solution is once again to invert the matrix
but this time it is not lower triangular
but it is still Toeplitz

Inverting a general matrix is O(N?®) and may be unstable
(well actually O(n'°92(M) = O(n2897) or even less)

but inverting a Toeplitz matrix takes only O(N?)
and Is always stable (Levinson Durbin algorithm)
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BTW i- another connection

We wanted to solve for the coefficients
and thus put them into a vector

In other circumstances we may want to rewrite the equations
yn = a0 Xn t al Xn-l t a2 Xn-2
yn+1 = aO Xn+1 t al Xn t a2 Xn-l
yn+2 = aO Xn+2 t a1 Xn+1 t a2 Xn

In another form ( _ \
Tn—2
Yn as a1 ay 0O O Ty—1
Yn+1 = 0 ay a1 ag O Tn
UYn+2 0 O a2 a1 ap Tnal

Here the matrix is Toeplitz but not square!

This is yet another connection between convolution
and multiplication by a Toeplitz matrix!
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WEREIE{opf equations

The equations we found

Yn Ln Ln—-1 LTnp-2 ao
Yn+1 — Ln+1 Ln Ln—1 ay >
Yn+2 Ln+2 Ln4l L a2 -
are called the Wiener-Hopf equations

However, you will never see them written in this simple way!
That is because of noise!

If we solve them twice for different n
we wonot get exactly the sal

So you might solve many times and average the solutions
but that would require many matrix inversions
and is not even the right thing to do!
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