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Chapter 1

Sound and Fourier series

Exercise 1.1: The Krakatoa explosion
Compute the loudness of the Krakatoa explosion on the decibel scale, assuming

that the variation in air pressure peaked at 100 000 Pa.

Solution. Setting p..¢=0.00002 Pa and p=100 000 Pa in the decibel expression
we get
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Exercise 1.2: Sum of two pure tones

Consider a sum of two pure tones, f(t) = Ajsin(27wv1t) + Agsin(27vat). For
which values of Ai, As, 11,15 is f periodic? What is the period of f when it is
periodic?

Solution. sin(27v4t) has period 1/vq, while sin(27vst) has period 1/v5. The
period is not unique, however. The first one also has period n/vq, and the
second also n/va, for any n. The sum is periodic if there exist ni,ns so that
n1/v1 = na /v, ie. so that there exists a common period between the two. This
common period will also be a period of f. This amounts to that vy /vs = ny/na,
i.e. that v1 /vy is a rational number.
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Exercise 1.3: Riemann-integrable functions which are not
square-integrable

Find a function f which is Riemann-integrable on [0, 7], and so that fOT f(t)2at
is infinite.

Solution. The function f(t) = % = t71/2 can be used since it has the
properties

T T T
/ f(t)dt = lim t~Y2dt = lim [2t1/2}
0 z—0+

r—04 z T

= lim (27Y2% —22%/%) = 21'/2
x—0+

T T
200 — 1 1 _ 1 T
/0 f)=dt = w1_1)161+ ) t7hdt = $1_1>151+ (Int],

=InT — lim Inz = 0.
z—0+

Exercise 1.4: When are Fourier spaces included in each
other?

Given the two Fourier spaces Vi, 1y, VN, 1,- Find necessary and sufficient
conditions in order for Vv, 7 C Vi, 1,-

Solution. The space Vi, 1, is spanned by pure tones with frequencies 1/T1, ..., N1 /Th,
while Vi, 7, is spanned by pure tones with frequencies 1/T5, ..., No/T>. We

must have that the first set of frequencies is contained in the second. This is
achieved if and only if 1/T} = k/T5 for some integer k, and also Ny /Ty < Ny/T>.

In other words, T5/T) must be an integer, and T5/Ty < Na/Nj.

Exercise 1.5: antisymmetric functions are sine-series

Prove the second part of Theorem 1.20 in the compendium, i.e. show that if
f is antisymmetric about 0 (i.e. f(—t) = —f(t) for all ), then a, = 0, i.e. the
Fourier series is actually a sine-series.

Exercise 1.6: Fourier series for low-degree polynomials

Find the Fourier series coefficients of the periodic functions with period T defined
by being f(t) =t, f(t) = t%, and f(t) =3, on [0,T].

Solution. For f(t) =t we get that ap = % fOT tdt = L. We also get
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9 (T
ap = —/ tcos(2mnt/T)dt
T Jo
2 ([T S
=% ([mtsin(%mt/T)]o = 3, sin(27mt/T)dt> =0
2 T
by, = —/ tsin(2mnt/T)dt
T Jo
2 T o T T
= 2 = Z—tcos(@mnt/T = s(2mnt/T)dt | = ——.
T ({ 27mtcos( mnt/ )}0 + 27m/0 cos(2mnt/ )dt) —

The Fourier series is thus

T T
- — — sin(27nt/T).
5 nzz:lﬂ_nsm(wn/)

Note that this is almost a sine series, since it has a constant term, but no other
cosine terms. If we had subtracted T'/2 we would have obtained a function which
is antisymmetric, and thus a pure sine series.
2
For f(t) = t? we get that ag = % fOT t2dt = TT We also get

2 T
ap, = —/ t? cos(2mnt /T)dt
T Jo
T

_ % ({Tﬁ sin(Qﬂ'nt/T)} L /O Ttsin(27rnt/T)dt>

2mn 0 ™

[T T\ T?
o ™m ) m2n2

9 (T
b, = —/ t? sin(2mnt/T)dt
T Jo

2 T T T T
== ([—mﬁ cos(27mt/T)] . + %/0 tcos(?wnt/T)dt)
T2
= —%.

Here we see that we could use the expressions for the Fourier coefficients of
f(t) =t to save some work. The Fourier series is thus

T2 T2 T2
3 + 2 <7r2n2 cos(2mnt/T) — — sin(27mt/T)) .

For f(t) = t3 we get that ag = % fOT t3dt = T;. We also get
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/ t3 cos(2mnt/T)dt

’I’L

T a7

2m Jq

( —t‘n’ sin( 27mt/T)}

0
TN (1) _ et
2mn mn ) 2mw2n2

2 (T
by, = —/ 3 sin(27nt /T)dt
T Jo

2
T
9 T

=7 t2 sin(27mt/T)dt>

T T
2 T 3T
== ({_%ntg cos(27mt/T)}0 +5— i /2 cos(27mt/T)dt>
_ T 3T T? _ T3 373
 mn 2anwZn? mn 2m3n3

Also here we saved some work, by reusing the expressions for the Fourier
coefficients of f(t) = t2. The Fourier series is thus

T3 373 5 313\

Z + n>1 (2 2 2 COS(QTF’I’Lt/T) (-m 27{'3713) SlIl(QTF’I’Lt/T)) .
We see that all three Fourier series converge slowly. This is connected to the
fact that none of the functions are continuous at the borders of the periods.

Exercise 1.7: Fourier series for polynomials

Write down difference equations for finding the Fourier coefficients of f(t) = tF+!
from those of f(t) = t*, and write a program which uses this recursion. Use the
program to verify what you computed in Exercise 1.6.

Solution. Let us define ay, i, by, 1 as the Fourier coefficients of t*. When k£ > 0
and n > 0, integration by parts gives us the following difference equations:
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9 [T
Ak = f/ t* cos(2mnt/T)dt
T Jo
T T
2 kT
== ([th sm(27mt/T)} . ~omm ), k=1 Sin(27mt/T)dt>
__ kT
- 2mn n,k—1
2 (T,
bk = = [ t"sin(2wnt/T)dt
, T J,
T T
2 T kT
=7 ({—mtk cos(27mt/T)]0 4 %A =1 COS(27rnt/T)dt>
TF kT
=—-——"+ - Onk—1-
™ 21

When n > 0, these can be used to express ay, , by i in terms of a, o, by 0, for

which we clearly have a, o = b,,0 = 0. For n = 0 we have that ag ; = kTT-k1 for all

k. The following program computes a, k, by 1 recursively when n > 0.

function [ank,bnk] = findfouriercoeffs(n, k, T)
ank=0; bnk=0;
if Kk >0
[ankprev,bnkprev] = findfouriercoeffs(n, k-1, T)
ank = -k*T*bnkprev/(2*pi*n) ;
bnk = -T"k/(pi*n) + k*T*ankprev/(2*pixn);
end

Exercise 1.8: Fourier series of a given polynomial

Use the previous exercise to find the Fourier series for f(z) = —%x?’—f— 1a?2— %x—f—l
on the interval [0,1]. Plot the 9th order Fourier series for this function. You
should obtain the plots from Figure 1.5 in the compendium.

Exercise 1.9: Orthonormality of Complex Fourier basis

2mint/T

Show that the complex functions e are orthonormal.

Solution. For ny # ny we have that

2mingt/T 2mingt/T 1 ’ 2minit/T ,—2mwinat/T 1 T 27i(n1—no)t/T
(=Tt E Jetmimat/ ity = T e“mmt/ e 2 dt = T e 12t
0

0
T
_ Le%ri(nlfng)t/T
2mi(ng — n2) 0
T T

= - =0.
27ri(n1 — ng) 27ri(n1 — ng)
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When n; = ny the integrand computes to 1, so that ||e>™*/T|| = 1.

Exercise 1.10: Complex Fourier series of f(t) = sin?(2xt/T)

Compute the complex Fourier series of the function f(t) = sin®(27t/T).

Solution. We have that

2
1 ;
f(t) = sin?(27t/T) = (2(62ﬂ1t/T _ e—2mt/T)
1
_ 1(627ri2t/T _ g g 2m/Ty _%egﬂizt/T N LR gy

371

4

This gives the Fourier series of the function (with yo = y_o = —1/4, yo = 1/2).
This could also have been shown by using the trigonometric identity sin® z =
1(1—cos(2z)) first, or by computing the integral fOT f(t)e=2 /T qt (but this
is rather cumbersome).

Exercise 1.11: Complex Fourier series of polynomials

Repeat Exercise 1.6, computing the complex Fourier series instead of the real
Fourier series.

Exercise 1.12: Complex Fourier series and Pascals triangle

In this exercise we will find a connection with certain Fourier series and the rows
in Pascal’s triangle.

a) Show that both cos™(¢) and sin”(t) are in Vy 2, for 1 <n < N.

Solution. We have that

1, . S\
cos™(t) = (2(6” + e‘”))
(1) = (Lt — )
2
If we multiply out here, we get a sum of terms of the form e***, where —n < k < n.

As long as n < N it is clear that this is in Viv 2.

b) Write down the N’th order complex Fourier series for fi(t) = cost, fa(t) =
cos?t, og f3(t) = cos®t.
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Solution. We have that

1 . .
cos(t) = i(e’t +e ™)

1, . . 1, 1 1 -
COSQ(t) Z(elt e—zt)2 Zeta 5 16—211&
. 1, . s 1 . 3 . 3 _. 1 .
COSS (t) g (ezt efzt)d gedzt gezt §671t gefdzt'

Therefore, for the first function the nonzero Fourier coefficients are y_; = 1/2,
y1 = 1/2, for the second function y_o = 1/4, yo = 1/2, y» = 1/4, for the third
function y_3 =1/8, y_1 = 3/8, y1 = 3/8, y3 = 1/8.

¢) In (b) you should be able to see a connection between the Fourier coefficients
and the three first rows in Pascal’s triangle. Formulate and prove a general
relationship between row n in Pascal’s triangle and the Fourier coefficients of
fn(t) = cos™t.

Solution. In order to find the Fourier coefficients of cos™(t) we have to multiply
out the expression %(e” + e~ ")". The coefficients we get after this can alos be
obtained from Pascal’s triangle.

Exercise 1.13: Complex Fourier coefficients of the square
wave

Compute the complex Fourier coefficients of the square wave using Equation
(1.22) in the compendium, i.e. repeat the calculations from Example 1.17 in the
compendium for the complex case. Use Theorem 1.26 in the compendium to
verify your result.

Solution. We obtain that

T/2 T
Yn = %/ e—27r7lnt/Tdt _ %/ e—27'rz'nt/Tdt
0

T/2
T/2 T
_ _i T e—27rint/T / + l T 6—27Tint/T
T | 2min 0 T [2min T/2
— 1 (_e—ﬂ'in 41 + 1— e—ﬂin+)
2min
1 —min 0, if n is even;
= — (1 —€ ) = . . . .
Tin 2/(mwin), if n is odd.

Instead using Theorem 1.26 in the compendium together with the coefficients
b — 2(1—cos(nm)
n = n

— we computed in Example 1.17 in the compendium, we obtain
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1 ) 1.]0, if n is even; 0, if n is even;
ynzi(an*rﬁbn)szl =

4/(nm), if n is odd. 2/(min), if n is odd.

when n > 0. The case n < 0 follows similarly.

Exercise 1.14: Complex Fourier coefficients of the triangle
wave

Repeat Exercise 1.13 for the triangle wave.

Exercise 1.15: Complex Fourier coefficients of low-degree
polynomials

Use Equation (1.22) in the compendium to compute the complex Fourier coeffi-
cients of the periodic functions with period T' defined by, respectively, f(t) = t,
f(t) =t% and f(t) = t3, on [0,7]. Use Theorem 1.26 in the compendium to
verify your calculations from Exercise 1.6.

Solution. For f(t) =t we get

T T
7/ t—27rznt/Tdt |: t—27r'mt/T:| +/ T e—27rint/Tdt
2min 0 0 2min

= i.
2min 2mn

From Exercise 1.6 we had b, for which Theorem 1.26 in the compendium

T no
gives y, = %nz for n > 0, which coincides with the expression we obtained. The
case n < 0 follows similarly.

For f(t) = t? we get

1 (7 . 1 T - ror ,
= — t2 727r1nt/Tdt —— _ t2 —2mint/T 2/ t 727rznt/Tdt
Y T/O ¢ T\ | 2rin © L o€

T2 T2 T2 T2
= " 2min + omn2  2n2n? + 27rnz'

From Exercise 1.6 we had a, = 73—22 and b, = —%, for which Theorem 1.26

in the compendium gives y,, = % ( L

m2n2

2
+ z%) for n > 0, which also is seen to

coincide with what we obtained. The case n < 0 follows similarly.
For f(t) = t3 we get
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T T T
Uy = %/ 3 o—2mint/T gy _ % <{ T t3627rint/T:| + 3/ T 12 —2mint/T gy
0 0
T3

2min o 2min
T T? T2 | T3 T3 T3 .
=——+3—( —i) =3—— — —3——=|i=
2min 2min 2m2n2  2mn 4m2n? 2mn 473n3
From Exercise 1.6 we had a,, = % and b, = —% + % for which Theo-

rem 1.26 in the compendium gives

1/ 313 4 T3 373 373 N T3 373\ .
n=:lsm23ti|l—— = — = —— i
4 2 \ 272n2 ™™ 2mw3n3 4m2n2 2mn 4m3n3
for n > 0, which also is seen to coincide with what we obtained. The case n < 0
follows similarly.

Exercise 1.16: Complex Fourier coefficients for symmetric
and antisymmetric functions

In this exercise we will prove a version of Theorem 1.20 in the compendium for
complex Fourier coefficients.

a) If f is symmetric about 0, show that y,, is real, and that y_,, = yp.
Solution. If f is symmetric about 0 we have that b, = 0. Theorem 1.26 in

the compendium then gives that y,, = %an, which is real. The same theorem
gives that y_,, = %an = Yp.

b) If f is antisymmetric about 0, show that the y, are purely imaginary, yo = 0,
and that y_,, = —y,.

Solution. If f is antisymmetric about 0 we have that a,, = 0. Theorem 1.26
in the compendium then gives that y,, = —%bn, which is purely imaginary. The
same theorem gives that y_,, = %bn = —UYn.

c) Show that Zf:]:_N yne?™ /T is symmetric when y_, = y, for all n, and
rewrite it as a cosine-series.

Solution. When y,, = y_,, we can write

yine27ri(fn)t/T + yneQTrint/T _ yn(e27rint/T + 6727rint/T) = 2y, cos(27rnt/T)

This is clearly symmetric, but then also Zng N YneZmint/T

it is a sum of symmetric functions.

is symmetric since

)
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d) Show that ij:_N yne?™ /T i antisymmetric when yo = 0 and y_, = —y,
for all n, and rewrite it as a sine-series.

Solution. When y, = —y_,, we can write

y,nGQTri(_n)t/T + yneQTrint/T — yn(_e27rint/T + e27rint/T) = 24y, Sln(27Tnt/T)

This is clearly antisymmetric, but then also 22;7 N ype2mint/T

since it is a sum of antisymmetric functions, and since yy = 0.

is antisymmetric

Exercise 1.17: Fourier series of a delayed square wave
Define the function f with period T on [-T/2,T/2) by
=t if —T/4 <t <T)/4;
-1, iT/A<| < T2

f is just the square wave, delayed with d = —7'/4. Compute the Fourier
coefficients of f directly, and use Property 4 in Theorem 1.28 in the compendium
to verify your result.

Solution. We obtain that

1 [T/ ‘ 1 T/ . 1 [T/2 4
Yn = 7/ 6—27Tznt/Tdt _ 7/ e—27rznt/Tdt _ 7/ e—27rznt/Tdt
T J 74 T ) 1) T Jra

1 T/4 1 T4 1 T/2
_ |: e27rint/T:| + |: eQﬂ'int/T:| + |: e271'1'77,t/T:|

2min 2min 2min

~T/4 -T/2 T/4

— 1 (_e—‘n'in/2 + eTrin/Q + eﬂin/Q _ eﬂ'in + e—‘n’in o e—ﬂin/2>
2min

= % (2sin(mn/2) — sin(mn)) = 71_2—” sin(mn/2).

The square wave defined in this exercise can be obtained by delaying our original
square wave with —7'/4. Using Property 3 in Theorem 1.28 in the compendium

with d = —T'/4 on the complex Fourier coefficients
0, if n is even;
n = 2/(mwin), if nis odd,

which we obtained for the square wave in Exercise 1.13, we obtain the Fourier
coefficients
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(2win(T/4)/T 0, if n is even; _ 07' ' if n is even;
2/(min), if n is odd. 2isin(mn/2) - if s odd.

Tin

0, if n is even;
2 sin(7n/2), ifnisodd.

™

This verifies the result.

Exercise 1.18: Find function from its Fourier series

Find a function f which has the complex Fourier series

Z 4 owint/T
n odd 7T(’I”L + 4)

Hint. Attempt to use one of the properties in Theorem 1.28 in the compendium
on the Fourier series of the square wave.

Solution. Since the real Fourier series of the square wave is

4
— sin(2mnt /T
Z 7msm(ﬂ'n/),

n>1,n odd
Theorem 1.26 in the compendium gives us that the complex Fourier coefficients
are Yy, = —%i% = —%, and y_, = %zﬂi‘n = 3—; for n > 0. This means that
Yn = —% for all n, so that the complex Fourier series of the square wave is
_ Z ﬁeQTrint/T.
™

n odd

Using Property 4 in Theorem 1.28 in the compendium we get that the e~ 27*4t/T

(i-e. set d = —4) times the square wave has its n’th Fourier coefficient equal to
Using linearity, this means that 2ie=2™*4*/T times the square wave has

We thus have that the function

2t
m(n+4)"

its n’th Fourier coefficient equal to ﬁ.

£t) = 2ie 2T 0 <t <T/2
| —2ie 2T T/2<t<T

has the desired Fourier series.

Exercise 1.19: Relation between complex Fourier coeffi-
cients of f and cosine-coefficients of f

Show that the complex Fourier coefficients y,, of f, and the cosine-coefficients
an of f are related by ao, = y, + y—_,. This result is not enough to obtain the
entire Fourier series of f, but at least it gives us half of it.
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Solution. The 2nth complex Fourier coefficient of f is

1 2T

. Vt —27Ti2nt/(2T)dt
i | e

1 /7 } 12T
_ ﬁ/ f(t)6727rznt/Tdt+ -
0

Substituting © = 27" — ¢ in the second integral we see that this is

1 (7T , 1 /[9 ,
— ﬁ / f(t)e_QT”"t/Tdt _ ﬁ / f(u)e%m“/Tdu
0 T

e 2mint/T I 2mint /T
— t —ZTin dt t Tn dt
ﬂlﬂ” *ﬂéﬂk

1

= 2yn 2:(/771'

Therefore we have as, = yn — Y—n-

2T — t)e 2mimt/T gt

14



Chapter 2

Digital sound and Discrete
Fourier analysis

Exercise 2.1: Sound with increasing loudness

Define the following sound signal

0 0 <t<4/440
f(t)=q 2451 sin(27440t)  4/440 < ¢ < 12/440
2sin(27440¢) 12/440 <t < 20/440
This corresponds to the sound in the left plot of Figure 1.1 in the compendium,
where the sound is unaudible in the beginning, and increases linearly in loudness

over time with a given frequency until maximum loudness is avchieved. Write a
function which generates this sound, and listen to it.

Solution. The code for playing the sound can look like this:

t1 = 0:(1/fs):(4/440);

t2 = (4/440):(1/£s):(12/440);

t3 = (12/440):(1/£fs):(20/440);

f1 = 0xtl; % The first part of f
£2 = 2x((440%t2-4)/8) .*sin(2+pi*440*t2); % The second part of f
£3 = 2%sin(2*pi*440%t3); % The third part of f

x = [f1 £2 £3];

x = x/max(abs(x));
playerobj=audioplayer(x, fs);
playblocking(playerobj);

Note that the sound has duration less than 0.05s, so you should only hear a very

short beep. You also need to scale the values to be within -1 and 1, since some
of the listed values are outside this range.

15
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Exercise 2.2: Sum of two pure tones

Find two constant a and b so that the function f(t) = a sin(27440t)+b sin(274400¢)
resembles the right plot of Figure 1.1 in the compendium as closely as possible.
Generate the samples of this sound, and listen to it.

Solution. The important thing to note here is that there are two oscillations
present in Figure 1.1(b) in the compendium: One slow oscillation with a higher
amplitude, and one faster oscillation, with a lower amplitude. We see that there
are 10 periods of the smaller oscillation within one period of the larger oscillation,
so that we should be able to reconstruct the figure by using frequencies where
one is 10 times the other, such as 440Hz and 4400Hz. Also, we see from the
figure that the amplitude of the larger oscillation is close to 1, and close to 0.3
for the smaller oscillation. A good choice therefore seems to be a = 1,b = 0.3.
The code can look this:

0:(1/fs):3;

sin(2*pi*440%t) + 0.3*sin(2*pi*4400%*t) ;
x = x/max(abs(x));

playerobj = audioplayer(x, fs);
playblocking(playerobj) ;

t
X

Exercise 2.3: Playing general pure tones.
Let us write some code so that we can experiment with different pure sounds

a) Write a function play_pure_sound(f) which generates the samples over a
period of 3 seconds for a pure tone with frequency f, with sampling frequency
fs =2.5f (we will explain this value later).

Solution. The code can look like this:

function play_pure_sound(f)
fs=2.5%f;
t=0:(1/fs):3;
x=sin(2*%pixf*t);
playerobj=audioplayer(x,fs);
playblocking(playerobj)

b) Use the function play_pure_sound to listen to pure sounds of frequency
440Hz and 1500Hz, and verify that they are the same as the sounds you already
have listened to in this section.

c) How high frequencies are you able to hear with the function play_pure_sound?
How low frequencies are you able to hear?
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Exercise 2.4: Playing the square- and triangle waves

Write functions play_square and play_triangle which take 1" as input, and
which play the square wave of Example 1.10 in the compendium and the triangle
wave of Example 1.11 in the compendium, respectively. In your code, let the
samples of the waves be taken at a frequency of 44100 samples per second. Verify
that you generate the same sounds as you played in these examples when you

I
set T' = 0

Solution. The code can look like this:

function play_square(T)

% Play a square wave with period T over 3 seconds

fs = 44100;

numsec = 3;

samplesperperiod = round(fs*T);

oneperiod=[ones(1, round(samplesperperiod/2)) .
-ones (1, round(samplesperperiod/2))];

numperiods = floor(numsec/T) ;

x=repmat (oneperiod, 1, numperiods);

playerobj=audioplayer(x, fs);

playblocking(playerobj)

function play_triangle(T)

% Play a triangle wave with period T over 3 seconds

fs = 44100;

numsec = 3;

samplesperperiod = round(£fs*T);

oneperiod=[linspace(-1, 1, round(samplesperperiod/2))
linspace(l, -1, round(samplesperperiod/2))];

numperiods = floor (numsec/T) ;

x = repmat(oneperiod, 1, numperiods);

playerobj=audioplayer(x, fs);

playblocking(playerobj)

Exercise 2.5: Playing Fourier series of the square- and tri-
angle waves

Let us write programs so that we can listen to the Fourier approximations of
the square wave and the triangle wave.

a) Write functions play_square_fourier and play_triangle_fourier which
take T and N as input, and which play the order N Fourier approximation of the
square wave and the triangle wave, respectively, for three seconds. Verify that
you can generate the sounds you played in examples 1.11 in the compendium
and 1.18 in the compendium.

Solution. The code can look like this:
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function play_square_fourier(T,N)
£s=44100;
t=0:(1/fs):3;
x=zeros(1,length(t));
n=1;
while n<=N
x = x + (4/(n*pi))*sin(2*pi*nx*t/T);
n=n+2;
end
x=x/max (abs (x)) ;
playerobj=audioplayer(x,fs);
playblocking(playerobj)

function play_triangle_fourier(T,N)
£s5=44100;
t=0:(1/£fs):3;
x=zeros(1,length(t));
n=1;
while n<=N
x = x - (8/(n"2*pi~2))*cos(2*pi*n*t/T);
n=n+2;
end
x=x/max (abs(x));
playerobj=audioplayer(x,fs);
playblocking(playerobj)

b) For these Fourier approximations, how high must you choose N for them to
be indistuingishable from the square/triangle waves themselves? Also describe
how the characteristics of the sound changes when n increases.

Exercise 2.6: Playing with different sample rates

Write a function play_with_different_fs which takes the sound samples x
and a sampling rate f£s as input, and plays the sound samples with the same
sample rate as the original file, then with twice the sample rate, and then half the
sample rate. You should start with reading the file into a matrix (as explained
in this section). When applied to the sample audio file, are the sounds the same
as those you heard in Example 2.5 in the compendium?

Solution. The code can look like this:

function play_with_different_fs(x,fs)
playerobj=audioplayer(x,fs);
playblocking(playerobj) ;
playerobj=audioplayer(x,2*fs);
playblocking(playerobj) ;
playerobj=audioplayer(x,fs/2) ;
playblocking(playerobj) ;

Exercise 2.7: Playing the reverse sound

Let us also experiment with reversing the samples in a sound file.
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a) Write a function play_reverse which takes sound data and a sample rate as
input, and plays the sound samples backwards. When you run the code on our
sample audio file, is the sound the same as the one you heard in Example 2.6 in
the compendium?

Solution. The code can look like this:

function play_reverse(x,fs)
N = size(x,1);
playerobj=audioplayer(x(N:(-1):1, :), fs);
playblocking(playerobj) ;

b) Write the new sound samples from a) to a new wav-file, as described in this
section, and listen to it with your favourite mediaplayer.

Exercise 2.8: Play sound with added noise
In this exercise, we will experiment with adding noise to a signal.

a) Write a function play_with_noise which takes sound data, sampling rate,
and the damping constant ¢ as input, and plays the sound samples with noise
added as described above. Your code should add noise to both channels of the
sound, and scale the sound samples so that they are between —1 and 1.

Solution. The code can look like this:

function play_with_noise(x, fs, c)
z = x + c*(2*rand(size(x)) - 1);
z = z/max(max(abs(z)));
playerobj=audioplayer(z, fs);
playblocking(playerobj) ;

b) With your program, generate the two sounds played in Example 2.7 in the
compendium, and verify that they are the same as those you heard.

c) Listen to the sound samples with noise added for different values of c¢. For
which range of ¢ is the noise audible?

Exercise 2.9: Computing the DFT by hand

Compute Fyx when « = (2,3,4,5).
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Solution. As in Example 2.16 in the compendium we get

2 1 1 1 1 2
3 11 —i -1 3
Faf y 201 -1 1 -1 4
5 1 i -1 —i 5
24+3+4+5 7
L 2-3i—445i | | -1+
T2 2-34+4-5 - -1
2+4+3i—4—5i —1—i

Exercise 2.10: Exact form of low-order DFT matrix

As in Example 2.16 in the compendium, state the exact cartesian form of the
Fourier matrix for the cases N =6, N =8, and N = 12.

: — Faa 1 _—2mink/6 _ _1_ _—mink/3
Solution. For N = 6 the entries are on the form 75¢ = 7g¢ .

This means that the entries in the Fourier matrix are the numbers %e*”/ 3=

%(1/2 —iV3/2), %672‘”/3 = %(71/2 —iv/3/2), and so on. The matrix is
thus

1 1 1 1 1 1

1 1/2—iV3/2  —1/2—4V/3/2 —1 —1/2+iV3/2 1/2+iV2/2
1 —1/2—iv3/2 —1/2+4v3/2 1 —1/2—1iv/3/2 +1/2—i/3/2
1 -1 1 ~1
1
1

Sl

Fe -1 1

—1/2+iV3/2 —1/2—iV3/2 1  —1/2+iV/3/2 —1/2—i\/3/2
1/2+iv2/2  —1/2+iV3/2 —1 —1/2—iV/3/2 1/2—iV/3/2

The cases N = 8 and N = 12 follow similarly, but are even more tedious. For
N = 8 the entries are %e’”‘”k/‘l, which can be expressed exactly since we can
express exactly any sines and cosines of a multiple of 7/4. For N = 12 we get
the base angle /6, for which we also have exact values for sines and cosines for
all multiples.

Exercise 2.11: DFT of a delayed vector

We have a real vector x with length N, and define the vector z by delaying
all elements in « with 5 cyclically, i.e. z5 = zg, 26 = Z1,-..,2N-1 = TN—6,
and zp = TN_5,...,24 = Ty—1. For a given n, if |(Fyx),| = 2, what is then
|(Fnz)n|? Justify the answer.

Solution. =z is the vector x delayed with d = 5 samples, and then Property 3
of Theorem 2.18 in the compendium gives us that (Fyz), = e 2™/ N(Fyx),.
In particular |(Fyz2),| = |(Fn®),| = 2, since |e=2™0F/N| = 1,
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Exercise 2.12: Using symmetry property

Given a real vector @ of length 8 where (Fg(x))2 = 2 — 4, what is (Fg(x))s?

Solution. By Theorem 2.18 in the compendium we know that (Fy(x))n—n =
(Fn(x))n, when x is a real vector. If we set N = 8 and n = 2 we get that

(Fs(x))e = (Fg(x))2 =2 —i =2 + 1.

Exercise 2.13: DFT of cos?(2nk/N)
Let @ be the vector of length N where z, = cos?(2mk/N). What is then Fyz?

Solution. The idea is to express « as a linear combination of the Fourier basis
vectors ¢,, and use that Fn¢, = e,. We have that

2
1 ) .
C082(27Tk/N) — (2 (627rzk/N + e—27r7,kn/N))

Loy 1 L omiokyn L omiokyn |11 ariv—opryn
1 N 1 MR

=VN (i% + %Qﬁo + i¢N—2> .

We here used the periodicity of e2™*"/N je. that e 2m2k/N = 2mi(N=2)k/N

Since Fly is linear and Fy(¢,) = e,, we have that

1 1 1
Fn(xz)=VN (4e2 + €0 + 4eN_2> =N (1/2,0,1/4,0,...,0,1/4,0).

Exercise 2.14: DFT of cfx

Let = be the vector with entries zj, = c¥. Show that the DFT of « is given by
the vector with components

1—cN
e I
1 — ce—2min/N

forn=0,..., N -1

Solution. We get

N-1 N-1

Yn = E Ck:6727rink:/N _ E (66727rin/N)k:
k=0 k=0
1— (66—271'1171,/N)N 1— CN

1 — ce—2min/N - 1 — ce—2min/N’
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Exercise 2.15: Rewrite a complex DFT as real DFT’s
If x is complex, Write the DFT in terms of the DFT on real sequences.

Hint. Split into real and imaginary parts, and use linearity of the DFT.

Exercise 2.16: DFT implementation

Extend the code for the function DFTImpl in Example 2.17 in the compendium
so that

e The function also takes a second parameter called forward. If this is true
the DFT is applied. If it is false, the IDFT is applied. If this parameter is
not present, then the forward transform should be assumed.

e If the input x is two-dimensional (i.e. a matrix), the DFT/IDFT should be
applied to each column of x. This ensures that, in the case of sound, the
FFT is applied to each channel in the sound when the enrire sound is used
as input, as we are used to when applying different operations to sound.

Also, write documentation for the code.

Solution. The code can look like this:

function y = DFTImpl(x, forward)
sign = -1;
if nargin >= 2 & forward ==
sign = 1;

Q.

n
size(x, 1);
zeros(size(x));
n=1:N
D = exp(-sign*2*pix1ix(n-1)*(0:(N-1))/N);
for s2 = 1:size(x,2)
y(n, s2) = dot(D, x(:, s2));
end
end
if sign ==
y = y/N;
end

Hh< =0
o
B

Exercise 2.17: Symmetry
Assume that N is even.

a) Show that, if z14 n/2 = zx for all 0 <k < N/2, then y,, = 0 when n is odd.



CHAPTER 2. DIGITAL SOUND AND DISCRETE FOURIER ANALYSIS23

Solution. We have that

N/2-1 N—1

1 —2mikn/N —2mikn/N
Yn = —F= Z zie + Z Tre
VN \ = k=N/2

N/2-1 N/2-1

1 —omikn/N —2mi(k+N/2)n/N
= Z Tre + Z Tre
\/N k=0 k=0

1 N/2—1

_ xk(e—%\'ikn/N_'_(_1)ne—27rikn/N)
g
k=0

N/2—1

1 .
= (14 (=1)" 1'k6727rlkn/N
1+ 3

If n is odd, we see that y, = 0.

b) Show that, if x4 n/2 = —x¢ for all 0 < k < N/2, then y, = 0 when n is
even.

Solution. The proof is the same as in a), except for a sign change.

c) Show also the converse statements in a) and b).

Solution. Clearly the set of vectors which satisfies 234 /2 = oy is a vector
space V' of dimension N/2. The set of vectors where every second component is
zero is also a vector space of dimension N/2, let us denote this by W. We have
shown that Fy (V) C W, but since Fy is unitary, Fx(V) also has dimension

N/2, so that Fx (V) = W. This shows that when every second y, is 0, we must
have that x3 n/o = +x, and the proof is done.

d) Also show the following:

e x, = 0 for all odd n if and only if yj 4 n/o =y for all 0 < k < N/2.

e 1, =0 for all even n if and only if y;, /2 = —yx for all 0 <k < N/2.

Solution. In the proofs above, compute the IDFT instead.

Exercise 2.18: DFT on complex and real data

Let @1, x5 be real vectors, and set € = xy + ixs. Use Theorem 2.18 in the
compendium to show that
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(Fx(@ ) = 5 ((En @) + Fn@)n—)

- ((Fw (@)~ (Fn(@)v—)

7

‘,_;l\.')\»—l

(Fn(z2))r =

DN

This shows that we can compute two DFT’s on real data from one DFT on
complex data, and 2N extra additions.

Solution. We have that

(Fn (@), = (Fn(x1 +iz2))r = (Fn(21))6 + i(Fn(22))k
(Fn(@))N—k = (FN(21)) Nk + i(Fn(22))N—k = (Fn (1)) + i(FN (22))k;

where we have used Property 1 of Theorem 2.18 in the compendium. If we take
the complex conjugate in the last equation, we are left with the two equations

(En (@) = (Fn(x1))k + i(Fn(22))k
(Fn(@))n—k = (FNn(x1))k — i(FN(22))k-

If we add these we get

(Fw(@)s = 5 ((Bx(@)i + Ex(@n r)

which is the first equation. If we instead subtract the equations we get

(Ew(@2)i = 5; ((Ev@)s ~ Fn@)v )

which is the second equation

Exercise 2.19: Comment code

Explain what the code below does, line by line:

[x, fs] = audioread(’sounds/castanets.wav’);
N = size(x, 1);

y = £fft(x);
y((round(N/4)+1) : (round(N/4)+N/2), :) = 0;
newx = abs(ifft(y));

newx = newx/max(max(newx));

playerobj = audioplayer(newx,fs);
playblocking(playerobj)

Comment in particular why we adjust the sound samples by dividing with the
maximum value of the sound samples. What changes in the sound do you expect
to hear?
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Solution. First a sound file is read. We then restrict to the first 2!? sound
samples, perform a DFT, zero out the frequencies which correspond to DFT-
indices between 2!° and 2'2 — 219 — 1, and perform an IDFT. Finally we scale
the sound samples so that these lie between —1 and 1, which is the range we
demand for the sound samples, and play the new sound.

Exercise 2.20: Which frequency is changed?

In the code from the previous exercise it turns out that f; = 44100Hz, and that
the number of sound samples is N = 292570. Which frequencies in the sound
file will be changed on the line where we zero out some of the DFT coefficients?

Solution. As we have seen, DFT index n corresponds to frequency v = nfs/N.
Above N = 217 so that we get the connection v = nf,/N = n x 44100/2'7.
We zeroed the DFT indices above n = 2!, so that frequencies above v =
215 % 44100/2'7 = 11025H z are affected.

Exercise 2.21: Implement interpolant

Implement code where you do the following;:

e at the top you define the function f(z) = cos®(z), and M = 3,

e compute the unique interpolant from Vi r (i.e. by taking N = 2M +
1 samples over one period), as guaranteed by Proposition 2.21 in the
compendium,

e plot the interpolant against f over one period.

Finally run the code also for M =4, M =5, and M = 6. Explain why the plots
coincide for M = 6, but not for M < 6. Does increasing M above M = 6 have
any effect on the plots?

Solution. The code can look as follows.

@(t)cos(t)."6;

2%pi;

2xM + 1;

(linspace(0, T, 100))’;

£ ((linspace(0, T - T/N, N))’);
fft(x)/N;

y(1)*ones(length(t),1);

k=1: ((N-1)/2)

s = s + 2¢real (y(k+1)*exp(2*pi*1i*k*t/T));
end

plot(t,s,’r’,t,f(t),’g’);
legend(’Interpolant from V_{M,T}’,’f’)

Ho<d X =23 =R H

o}

O
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Exercise 2.22: Extend implementation

Recall that, in Exercise 2.16, we extended the direct DFT implementation so
that it accepted a second parameter telling us if the forward or reverse transform
should be applied. Extend the general function and the standard kernel in the
same way. Again, the forward transform should be used if the forward parameter
is not present. Assume also that the kernel accepts only one-dimensional data,
and that the general function applies the kernel to each column in the input if
the input is two-dimensional (so that the FFT can be applied to all channels
in a sound with only one call). The signatures for our methods should thus be
changed as follows:

function y
function y

FFTImpl(x, FFTKernel, forward)
FFTKernelStandard(x, forward)

It should be straightforward to make the modifications for the reverse transform
by consulting the second part of Theorem 2.33 in the compendium. For simplicity,
let FFTImpl take care of the additional division with N we need to do in case
of the IDFT. In the following we will assume these signatures for the FFT
implementation and the corresponding kernels.

Solution. The functions can be implemented as follows:

function y = FFTImpl(x, FFTKernel, forward)
fud = 1;
if nargin >= 3
fwd = forward;
end
x = bitreverse(x);
[N, n] = size(x);
y = zeros(N, n);
for s2 = 1:size(x, 2)
y(:, s2) = FFTKernel(x(:,s2), fwd);
end
if ~fwd
y = y/N;
end

% Compute the DFT of the column vector x using the FFT algorithm
function y = FFTKernelStandard(x, forward)
N = size(x, 1);
sign = -1;
if ~forward
sign = 1;
end
if N ==
y =%
else
xe = FFTKernelStandard(x(1:(N/2)), forward);
xo = FFTKernelStandard(x((N/2+1):N), forward);
D = exp(sign*2*pi*1j*(0:(N/2-1))’/N);
X0 = x0.*D;
y = [ xe + xo0; xe - x0];
end
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Exercise 2.23: Compare execution time

In this exercise we will compare execution times for the different methods for
computing the DFT.

a) Write code which compares the execution times for an N-point DFT for the
following three cases: Direct implementation of the DFT (as in Example 2.17 in
the compendium), the FFT implementation used in this chapter, and the built-in
fft-function. Your code should use the sample audio file castanets.wav, apply
the different DFT implementations to the first NV = 2" samples of the file for
r = 3 to r = 15, store the execution times in a vector, and plot these. You can
use the functions tic and toc to measure the execution time.

b) A problem for large N is that there is such a big difference in the execution
times between the two implementations. We can address this by using a loglog-
plot instead. Plot NV against execution times using the function loglog. How
should the fact that the number of arithmetic operations are 8N? and 5N log, N
be reflected in the plot?

Solution. The two different curves you see should have a derivative approxi-
mately equal to one and two, respectively.

c) It seems that the built-in FFT is much faster than our own FFT implemen-
tation, even though they may use similar algorithms. Try to explain what can
be the cause of this.

Solution. There may be several reasons for this. One is that Matlab code runs
slowly when compared to native code, which is much used in the built-in FFT.
Also, the built-in £ft has been subject to much more optimization than we have
covered here. Another reason is that Matlab functions copy the parameters each
time a function is called. When the vectors are large, this leads to extensive
copying, also since the recursion depth is big.

Solution. The code can look as follows.

[x0, fs] = audioread(’sounds/castanets.wav’);

kvals = 3:15;
slowtime=zeros(1,length(kvals));
fasttime = slowtime; fastesttime = slowtime;
N = 2. kvals;
for k = kvals

x = x0(1:27k,1);

tic;
y = DFTImpl(x);
slowtime(k-2) = toc;

tic;
y = FFTImpl(x, Q@FFTKernelStandard);
fasttime(k-2) = toc;
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tic;

y = £fft(x);

fastesttime(k-2) = toc;
end

% a.
plot(kvals, slowtime, ’r’, ...
kvals, fasttime, ’g’, ...
kvals, fastesttime, ’b’)
grid on
title(’time usage of the DFT methods’)
legend (°DFT’, ’Standard FFT’, ’Built-in FFT’)
xlabel(’log_2 N’)
ylabel(’time used [s]’)

% b.

figure(2)

loglog(N, slowtime, ’r’, N, fasttime, ’g’, N, fastesttime, ’b’)
axis equal

legend (°’DFT’, ’Standard FFT’, ’Built-in FFT’)

Exercise 2.24: Combine two FFT’s

Let 1 = (1,3,5,7) and &2 = (2,4,6,8). Compute DFT x; and DFT xy. Ex-
plain how you can compute DFTs(1,2,3,4,5,6,7,8) based on these computations
(you don’t need to perform the actual computation). What are the benefits of
this approach?

Solution. We get

1 1 1 1 1 16
e R TY 4
1 ¢+ -1 —i 7 —4 -4
1 1 1 1 2 20
ortie = Ty ] 6] =
1 ¢+ -1 —i 8 —4 -4

In the FFT-algorithm we split the computation of DF T4 () into the computation
of DFTy(2(®)) and DF Ty (2(?)), where 2(¢) and x(°) are vectors of length 4 with
even-indexed and odd-indexed components, respectively. In this case we have
x(®) = (1,3,5,7) and 2(®) = (2,4,6,8). In other words, the FFT-algorithm uses
the FFT-computations we first made, so that we can save computation. The
benefit of using the FFT-algorithm is that we save computations, so that we end
up with O(5N log, N) real arithmetic operations.

Exercise 2.25: Composite FFT

When N is composite, there are a couple of results we can state regarding
polyphase components.
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a) Assume that N = N;No, and that € RY satisfies 2., = z for all k,r,
i.e.  has period N;. Show that y,, = 0 for all n which are not a multiplum of
Ns.

Solution. We have that (?) is a constant vector of length Ny for 0 < p < Nj.
But then the DFT of all the (?) has zero outside entry zero. Multiplying with
e~ 2mikn/N qoes not affect this. The last Ny — 1 rows are thus zero before the
final DFT is applied, so that these rows are zero also after this final DFT. After
assembling the polyphase components again we have that yr Ny are the only
nonzero DFT-coefficients.

b) Assume that N = N;N,, and that () = 0 for p # 0. Show that the
polyphase components y®) of y = DFT yx are constant vectors for all p.

Exercise 2.26: FFT operation count

When we wrote down the difference equation for the number of multiplications in
the FFT algorithm, you could argue that some multiplications were not counted.
Which multiplications in the FFT algorithm were not counted when writing down
this difference equation? Do you have a suggestion to why these multiplications
were not counted?

Solution. When we compute e 27/N  we do some multiplications/divisions
in the exponent. These are not counted because they do not depend on «, and
may therefore be precomputed.

Exercise 2.27: Adapting the FFT algorithm to real data

In this exercise we will look at an approach to how we can adapt an FFT
algorithm to real input . We will now instead rewrite Equation (2.13) in the
compendium for indices n and N/2 — n as

Yn = (DF Ty j0z), + e 2"/ N (DF Ty jpz(?),,
DFTN/QQU(E))N/Q n+€_2m(N/2 n)/N(DFTN/Qw( ))N/Q n

DFTy/ox e))N/Z n e%m/N(DFTN/zw(O))n

DFT y/p2(®)),, — e~ 2mn/N(DFT yjp2(°)),,.

YN/2—n =

(
(
=
=

We see here that, if we have computed the terms in g,, (which needs an additional 4
real multiplications, since e=2™*/N and (DFT N/gaz("))n are complex), no further
multiplications are needed in order to compute yn/2_y, since its compression
simply conjugates these terms before adding them. Again yy/, must be handled
explicitly with this approach. For this we can use the formula

yny2 = (DFT n/0x'?)g — (D /2DFT /02

instead.
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a) Conclude from this that an FFT algorithm adapted to real data at each
step requires N/4 complex additions and N/2 additions. Conclude from this
as before that an algorithm based on real data requires My = O(Nlog, N)
multiplications and Ay = O (£Nlog, N) additions (i.e. again we obtain half
the operation count of complex input).

b) Find an IFFT algorithm adapted to vectors y which have conjugate symmetry,
which has the same operation count we found above.

Hint. Consider the vectors y, + Yn/2—, and e2min/N(
equations above, how can these be used in an IFFT?

Yn — UN/2—n)- From the

Exercise 2.28: Non-recursive FFT algorithm

Use the factorization in (2.18) in the compendium to write a kernel function
FFTKernelNonrec for a non-recursive FF'T implementation. In your code, per-
form the matrix multiplications in Equation (2.18) in the compendium from
right to left in an (outer) for-loop. For each matrix loop through the different
blocks on the diagonal in an (inner) for-loop. Make sure you have the right
number of blocks on the diagonal, each block being on the form

I DN/Qk

I —Dnjor )’
It may be a good idea to start by implementing multiplication with such a simple
matrix first as these are the building blocks in the algorithm (also attempt to do
this so that everything is computed in-place). Also compare the execution times

with our original FFT algorithm, as we did in Exercise 2.23, and try to explain
what you see in this comparison.

Solution. The algorithm for the non-recursive FFT can look as follows

function y = FFTKernelNonrec(x, forward)
N = size(x, 1);
sign = -1;
if ~forward
sign = 1;
end
D = exp(sign*2*pix*1ix(0:(N/2 - 1))°/N);
nextN = 1;
while nextN < N
k=1;
while k <= N
xe = x(k:(k + nextN - 1));
xo = x((k + nextN):(k + 2*nextN - 1));
xo0 = x0.*D(1: (N/(2*nextN)): (N/2));
x(k:(k + 2*nextN - 1)) = [xe + x0; xe - xo0];
k = k + 2*nextN;

end

nextN = nextN*2;
end
y =%
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If you add the non-recursive algorithm to the code from Exercise 2.23, you
will see that the non-recursive algorithm performs much better. There may
be several reasons for this. First of all, there are no recursive function calls.
Secondly, the values in the matrices Dy /o are constructed once and for all with
the non-recursive algorithm. Code which compares execution times for the
original FFT algorithm, our non-recursive implementation, and the split-radix
algorithm of the next exercise, can look as follows:

[x0, fs] = audioread(’sounds/castanets.wav’);

kvals = 3:15;

slowtime = zeros(1,length(kvals));

fasttime = slowtime; fastesttime = slowtime;
N = 2.7 (kvals);

for k = kvals
x = x0(1:27k,1);
tic;

y = FFTImpl(x, Q@FFTKernelStandard);
slowtime(k-2) = toc;

tic;
y = FFTImpl(x, Q@FFTKernelNonrec);
fasttime(k-2) = toc;

tic;
y = FFTImpl(x, Q@FFTKernelSplitradix);
fastesttime (k-2) = toc;

end

plot(kvals, slowtime, ’ro-’)

hold on

plot(kvals,fasttime, ’bo-’)

plot(kvals,fastesttime, ’go-’)

grid on

title(’time usage of the DFT methods’)

legend(’Standard FFT algorithm’,
’Non-recursive FFT’,
’Split radix FFT’)

xlabel(’log_2 N’)

ylabel(’time used [s]’)

Exercise 2.29: The Split-radix FFT algorithm

In this exercise we will develop a variant of the FFT algorithm called the split-
radiz FFT algorithm, which until recently held the record for the lowest operation
count for any FFT algorithm.

We start by splitting the rightmost DFT /5 in Equation (2.17) in the com-
pendium by using this equation again, to obtain
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DF¥FTwny/s  DnyaDFTyn 4 (e)
DETN/2 - Diya (DFTN/4 —Dy/4sDFTy 4 *
DFTyy  DyaDFTy, )

2(00)
DETy/2 =Dy <DFTN/4 ~Dn/sDF Ty )4

£(00)

DFTyz =

(2.1)
The term radix describes how an FFT is split into FFT’s of smaller sizes, i.e. how
the sum in an FFT is split into smaller sums. The FFT algorithm we started
this section with is called a radix 2 algorithm, since it splits an FFT of length
N into FFT’s of length N/2. If an algorithm instead splits into FFT’s of length
N/4, it is called a radix 4 FFT algorithm. The algorithm we go through here is
called the split radix algorithm, since it uses FF'T’s of both length N/2 and N/4.

a) Let G4 be the (N/4) x (N/4) diagonal matrix with e =2/ on the diagonal.
GN/4 0

0 7Z‘GN/4 ’
b) Let Hy/4 be the (N/4) x (N/4) diagonal matrix Gp,4Dyy4. Verify the
following rewriting of Equation (2.1):

Show that Dy, = (

GnyaD¥Tynyy  Hy/aDFTy (e)
DETn/2 (z’G N/aDFTy s iHyuDFTy 4 r

DFTyx = (0e)
AR (i ~GnDF s —HyaDF T\ |\ 7,
N/Z -\ iGn/uDFTyy  —iHpn/4DFT /4
L0 Gy Hyp DFT o 0 0 x(©
0 I —iGy/ iHyyy /
— / / 0 DFT 4 0 x(0°)
[0 —Gyu —Hyp 0 0/ DFT x(00)

I (GW .HN/4> DFTy ()
—iG N4 ZHN/4) DFTN/4CI:(06)

B Gnya Hnys
I —( - : DFT (00)
(—’LGN/4 ’LHN/4 N/4w

DFTN/Q.’B(E) + ( GN/4DFTN/4;p(06’) —+ HN/4DFTN/4:E(OO) >

—i (GnyaDFT n/4x©®) — Hy/yDFT ) 42(0°))
GN/4DFTN/4$(06) + HN/4DFTN/4$(OO)
—1 (GN/4DFTN/4$(OC) — HN/4DFTN/4$(OO))

DFTy oz(®) — (

c) Explain from the above expression why, once the three FFT’s above have
been computed, the rest can be computed with N/2 complex multiplications,
and 2 x N/4+ N = 3N/2 complex additions. This is equivalent to 2N real
multiplications and N + 3N = 4N real additions.

Hint. It is important that GN/4DFTN/4m(Oe) and HN/4DFTN/4:B("") are com-
puted first, and the sum and difference of these two afterwards.
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d) Due to what we just showed, our new algorithm leads to real multiplication
and addition counts which satisfy

MNZMN/2+2MN/4+2N ANZAN/2—|—2AN/4—|—4N

Find the general solutions to these difference equations and conclude from these
that My = O (%Nlog2 N), and Ay =0 (%Nlog2 N). The operation count is
thus O (4N log, N), which is a reduction of Nlog, N from the FFT algorithm.

e) Write an FFT kernel function FFTKernelSplitradix for the split-radix
algorithm (again this should handle both the forward and reverse transforms).
Are there more or less recursive function calls in this function than in the
original FFT algorithm? Also compare the execution times with our original
FFT algorithm, as we did in Exercise 2.23. Try to explain what you see in this
comparison.

Solution. If you add the split-radix FFT algorithm also to the code from
Exercise 2.23, you will see that it performs better than the FFT algorithm,
but worse than the non-recursive algorithm. That it performs better than the
FFT algorithm is as expected, since it has a reduced number of arithmetic
operations, and also a smaller number of recursive calls. It is not surprising
that the non-recursive function performs better, since only that function omits
recursive calls, and computes the values in the diagonal matrices once and for
all.

By carefully examining the algorithm we have developed, one can reduce
the operation count to 4N logs N — 6N + 8. This does not reduce the order of
the algorithm, but for small N (which often is the case in applications) this
reduces the number of operations considerably, since 6V is large compared to
4N logy N for small N. In addition to having a lower number of operations than
the FFT algorithm of Theorem 2.31 in the compendium, a bigger percentage
of the operations are additions for our new algorithm: there are now twice as
many additions than multiplications. Since multiplications may be more time-
consuming than additions (depending on how the CPU computes floating-point
arithmetic), this can be a big advantage.

Solution. The code for the split-radix algorithm can look as follows

function y = FFTKernelSplitradix(x, forward)

N = size(x, 1);
sign = -1;
if ~forward

sign = 1;
end
if N ==

= x;

elseif N ==

y = (1) + x(2); x(1) - x(];
else
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xe = FFTKernelSplitradix(x(1:(N/2)), forward);
xol = FFTKernelSplitradix(x((N/2 + 1):(3*N/4)), forward);
x02 = FFTKernelSplitradix(x((3*N/4 + 1):N), forward);
G = exp(sign*2xpix1j*(0:(N/4-1))’/N);
H = G.*exp(sign*2xpix1j*(0:(N/4-1))’/(N/2));
x0l = G.*xol;
x02 = H.*x02;
xo = [x0l + x02; -sign*1i*(x02 - xol)];
y = [xe + xo0; xe - xo];
end

Exercise 2.30: Bit-reversal

In this exercise we will make some considerations which will help us explain the
code for bit-reversal. This is perhaps not a mathematically challenging exercise,
but nevertheless a good exercise in how to think when developing an efficient
algorithm. We will use the notation ¢ for an index, and j for its bit-reverse. If
we bit-reverse k bits, we will write N = 2* for the number of possible indices.

a) Consider the following code

m = N/2;
while (m >= 1 && j >= m)
J=J] - m
m = m/2;
end
i=3+m
end

Explain that the code prints all numbers in [0, N — 1] in bit-reversed order (i.e. j).
Verify this by running the program, and writing down the bits for all numbers
for, say N = 16. In particular explain the decrements and increments made to
the variable j. The code above thus produces pairs of numbers (i, j), where j is
the bit-reverse of i. As can be seen, bitreverse applies similar code, and then
swaps the values x; and z; in x, as it should.

Solution. Note that, if the bit representation of i ends with Ol.\./._l/, then
i+ 1 has a bit representation which ends with 1 U, with the rema?ning first
bits unaltered. Clearly the bit-reverse of ¢ then gtarts with uo and the
bit-reverse of i + 1 starts with 1 Q_V_Q We see that the bit reversne of i +1 can

be obtained from the bit-reverse of zn by replacing the first consecutive set of ones
by zeros, and the following zero by one. This is performed by the line above
where j is decreased by m: Decreasing j by N/2 when j > N/2 changes the first
bit from 1 to 0, and similarly for the next n bits. The line where j is increased
with m changes bit number n + 1 from 0 to 1.
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Since bit-reverse is its own inverse (i.e. P? = I), it can be performed by
swapping elements i and j. One way to secure that bit-reverse is done only once,
is to perform it only when j > i. You see that bitreverse includes this check.

b) Explain that N — j — 1 is the bit-reverse of N — i — 1. Due to this, when
i,7 < N/2, we have that N —i — 1, N — j —[ > N/2, and that bitreversal can
swap them. Moreover, all swaps where i, j > N/2 can be performed immediately
when pairs where 4,j < N/2 are encountered. Explain also that j < N/2
if and only if ¢ is even. In the code you can see that the swaps (¢,7) and
(N —i—1,N —j—1) are performed together when i is even, due to this.

Solution. Clearly N —¢ — 1 has a bit representation obtained by changing
every bit in ¢. That N — j — 1 is the bit-reverse of N — ¢ — 1 follows immediately
from this. If 7 is even, the least significant bit is 0. After bit-reversal, this
becomes the most significant bit, and the most significant bit of j is 0 which is
the case if and only if j < N/2.

c) Assume that ¢ < N/2 is odd. Explain that j > N/2, so that j > . This says
that when ¢ < N/2 is odd, we can always swap ¢ and j (this is the last swap
performed in the code). All swaps where 0 < j < N/2 and N/2 < j < N can be
performed in this way.

Solution. If i < N/2 is odd, then the least significant bit is 1. This means
that the most significant bit of j is 1, so that j > N/2, so that j > i.

In bitreversal, you can see that the bit-reversal of 2r and 2r+1 are handled
together (i.e. ¢ is increased with 2 in the for-loop). The effect of this is that the
number of if-tests can be reduced, due to the observations from b) and c).
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Operations on digital sound:
digital filters

Exercise 3.1: Finding the filter coefficients and the matrix

Assume that the filter S is defined by the formula

1
Zn = Zzn-&-l + zxn, + Z-Tn—l + ixn—Z-

Write down the filter coefficients t;, and the matrix for S when N = 8.

Solution. Here we have that t_y = 1/4, toc = 1/4, t; = 1/4, and t2 = 1/4. We
now get that so = tg = 1/4, s1 = t; = 1/4, and sy = to = 1/4 (first formula),
and sy_1 = sy =t_1 = 1/4 (second formula). This means that the matrix of S
is

>
_0 O O O = ==
OO OO = ==
O OO R RFHEFERFEO
OO F=FOO
O = H=EFEOOO
il = i e B e B e B an}
— = _-0 00O
—_—_0 O OO O ==

Exercise 3.2: Finding the filter coefficients from the matrix

Given the circulant Toeplitz matrix

N OO
SO =N
O~ N O
— NN OO
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write down the filter coefficients .

Exercise 3.3: Convolution and polynomials

Compute the convolution of {1,2,1} with itself. interpret the result in terms of
two polynomials.

Exercise 3.4: Implementation of convolution

Implement code which computes t * x in the two ways described after Equation
(3.3) in the compendium, i.e. as a double for loop, and as a simple for loop in
k, with n vectorized. As your ¢, take k randomly generated numbers. Compare
execution times for these two methods and the conv function, for different values
of k. Present the result as a plot where k runs along the z-axis, and execution
times run along the y-axis. Your result will depend on how Matlab performs
vectorization.

Solution. The code can look as follows.

[x, fs] = audioread(’sounds/castanets.wav’);
x =x(:,1);
N= length(x);

kmax=100;
valsl = zeros(1l, kmax/10);

vals2 = zeros(1l, kmax/10);
vals3 = zeros(1l, kmax/10);
ind = 1;

for k=10:10:kmax
t = rand(k, 1);
tic;
conv(t, x);
valsl(ind) = toc;

z = zeros(N, 1);

tic;
for s = 1:k

z(k:N) = z(k:N) + t(s)*x((k-s+1):(N-s+1));
end

vals2(ind)=toc;

z = zeros(N, 1);
tic;
for n=k:N
for s = 1:k
z(n) = z(n) + t(s)*x(n-s+1);
end
end
vals3(ind)=toc;
ind = ind+1;
end
plot(10:10:kmax,log(valsl),10:10:kmax,log(vals2), 10:10:kmax, log(vals3));
legend(’conv’,’simple for’,’double for’)
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Exercise 3.5: Filters with a different number of coefficients
with positive and negative indices

Assume that S = {t_g,...,to,...,tr}. Formulate a generalization of Proposi-
tion 3.8 in the compendium for such filters, i.e. to filters where there may be
a different number of filter coeflicients with positive and negative indices. You
should only need to make some small changes to the proof of Proposition 3.8 in
the compendium to achieve this.

Exercise 3.6: Implementing filtering with convolution

Implement a function filterS which uses Proposition 3.8 in the compendium
and the conv function Sz when S = {t_r,... to,...,tr} The function should
take the vectors (t_p,...,to,...,tr) and @ as input.

Solution. The code can look like this:

function y=filterS(t, x)

L = (length(t) - 1)/2;

N = length(x);

y = [x((N - L + 1):N); x; x(1:L)];
y = conv(t, y);

y = y((2+L+1) : (length(y)-2%L));

Exercise 3.7: Time reversal is not a filter

In Example 2.6 in the compendium we looked at time reversal as an operation
on digital sound. In RY this can be defined as the linear mapping which sends
the vector e, to ey_1_ forall0 < k< N — 1.

a) Write down the matrix for the time reversal linear mapping, and explain
from this why time reversal is not a digital filter.

Solution. The matrix for time reversal is the matrix

0 0 0 1
0 0 10
01 .--- 00
10 - 00

This is not a circulant Toeplitz matrix, since all diagonals assume the values 0
and 1, so that they are not constant on each diagonal. Time reversal is thus not
a digital filter.

b) Prove directly that time reversal is not a time-invariant operation.
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Solution. Let S denote time reversal. Clearly Se; = ey_s. If S was time-
invariant we would have that Sey = ey_3, where we have delayed the input and
output. But this clearly is not the case, since by definition Seqg = en_1.
Exercise 3.8: When is a filter symmetric?

Let S be a digital filter. Show that S is symmetric if and only if the frequency
response satisfies Ag ., = Ag,ny—n for all n.

Exercise 3.9: Eigenvectors and eigenvalues

Consider the matrix

S:

— 0 =
Lo = R
— s =W
N e

a) Compute the eigenvalues and eigenvectors of S using the results of this
section. You should only need to perform one DFT in order to achieve this.

Solution. The eigenvalues of S are 1,5,9, and are found by computing a DFT
of the first column (and multiplying by vV N = 2). The eigenvectors are the
Fourier basis vectors. 1 has multiplicity 2.

b) Verify the result from a) by computing the eigenvectors and eigenvalues the
way you taught in your first course in linear algebra. This should be a much
more tedious task.

c) Use a computer to compute the eigenvectors and eigenvalues of S also. For
some reason some of the eigenvectors seem to be different from the Fourier basis
vectors, which you would expect from the theory in this section. Try to find an
explanation for this.

Solution. The computer uses some numeric algorithm to find the eigenvectors.
However, eigenvectors may not be unique, so you have no control on which
eigenvectors it actually selects. In particular, here the eigenspace for A = 1 has
dimension 2, so that any linear combination of the two eigenvectors from this
eigenspace also is an eigenvector. Here it seems that a linear combination is
chosen which is different from a Fourier basis vector.

Exercise 3.10: Composing filters
Assume that S; and Ss are two circulant Toeplitz matrices.

a) How can you express the eigenvalues of S7 + S5 in terms of the eigenvalues
of Sl and 527
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Solution. If we write S; = FZ{L{DlFN and Sy, = FJ{L{DQFN we get

Sy + Sy = F(Dy + D3)Fxy 5180 = FE D \FNFIDyFy = FE¥ DDy Fy

This means that the eigenvalues of S; + S5 are the sum of the eigenvalues of Sy
and S2. The actual eigenvalues which are added are dictated by the index of the
frequency response, i.e. As, 45,0 = Agy.n + ASy .0

b) How can you express the eigenvalues of S1.55 in terms of the eigenvalues of
S and S57

Solution. As above we have that S5 = F]{,IDlFNFf\}[DzFN = FJI\}’DngFN,
and the same reasoning gives that the eigenvalues of 5155 are the product of
the eigenvalues of S; and S3. The actual eigenvalues which are multiplied are
dictated by the index of the frequency response, i.e. Ag, 5,0 = As; nASy,n-

c) If A and B are general matrices, can you find a formula which expresses the
eigenvalues of A+ B and AB in terms of those of A and B? If not, can you find
a counterexample to what you found in a) and b)?

Solution. In general there is no reason to believe that there is a formula for
the eigenvalues for the sum or product of two matrices, based on eigenvalues of
the individual matrices. However, the same type of argument as for filters can
be used in all cases where the eigenvectors are equal.

Exercise 3.11: Keeping every second component
Consider the linear mapping S which keeps every second component in RV,

i.e. S(eqr) = ear, and S(ear—1) = 0. Is S a digital filter?

Solution. The matrix for the operation which keeps every second component
is

1 0 0 0
0 0 0 0
o0 --- 10
00 --- 00

where 1 and 0 are repeated in alternating order along the main diagonal. Since
the matrix is not constant on the main diagonal, it is not a circulant Toeplitz
matrix, and hence not a filter.
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Exercise 3.12: Plotting a simple frequency response
Let again S be the filter defined by the equation

=yt 41
Zn = 4mn+1 4xn 41'»@71 41'77,72;

as in Exercise 3.1. Compute and plot (the magnitude of) Ag(w).

Solution. The frequency response is

ev(l—e ) 1 iwy2 SIn(2w)

— Z(ptw 1 —iw —2iwy _ i — .
As(w) 4 (¥ 14 em™+em™) 4(1 — e—) 4 sin(w/2)

Exercise 3.13: Low-pass and high-pass filters
A filter S is defined by the equation

1
Zn = g(xn +3Tp_1 + 3152 + -rn—?))-

a) Compute and plot the (magnitude of the continuous) frequency response of
the filter, i.e. [Ag(w)]|. Is the filter a low-pass filter or a high-pass filter?

Solution. The filter coefficients are to = t3 = 1/3, t; = t = 1. We have that

. 1 ) . .
AS(W) _ Ztkefzkw — g(l 4 3eTw 4 3672zw + 673%‘))
k

2 ol o . . .
_ 567320.1/25(631@'/2 + 3ezw/2 + 3677,0.)/2 + 67310.)/2)
2 .
= ge_gl“’/z(cos(3w/2) + 3cos(w/2)).

From this expression it is easy to plot the frequency response, but since this is
complex, we have to plot the magnitude, i.e. [As(w)| = 2| cos(3w/2)+3 cos(w/2)|.
We also see that Ag(0) = 2, and that Ag(m) = 0, so that the filter is a low-pass
filter.

b) Find an expression for the vector frequency response Ag 2. What is S when
x is the vector of length N with components e272k/N?

Solution. If we use the connection between the vector frequency response and
the continuous frequency response we get

As2 = As(272/N) = ge_ﬁm/N(cos(Gﬂ/N) + 3cos(2m/N)).

Alternatively you can here compute that the first column in the circulant Toeplitz
matrix for S is given by sg = t1, so = to, s3 = t3, and s4 = t4, and insert this in
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the definition of the vector frequency response, Ago = ZQZOI spe2m2k/N - We
know that e272%/N is an eigenvector for S since S is a filter, and that As,2 is
the corresponding eigenvalue. We therefore get that

2 .
Sx = Agox = ge_ﬁﬂl/N(cos(Gw/N) + 3cos(27/N))x.

Exercise 3.14: Circulant matrices

A filter S7 is defined by the equation
1
— E(%LH +4xp11 + 62y +4Tp—1 + Tp_2).

a) Write down an 8 x 8 circulant Toeplitz matrix which corresponds to applying
S1 on a periodic signal with period N = 8.

Zn

Solution. Since clearly t_o = to = 1/16, t_1 = t; = 1/4, and t; = 6/16,
the first column s in the circulant Toeplitz matrix is given by s = tog = 6/16,
S1 = tl == 4/16, S9 = tQ == 1/16, SN—2 = t_2 = 1/16, SN—-1 = t_l == 4/16 An
8 x 8 circulant Toeplitz matrix which corresponds to applying S to a periodic
signal of length N = 8 is therefore

6 41000 1 4
46 4100 0 1
1 46 41000

1{o1 46 4100

6/0 01 46 41 0
000146 41
1 000 1 4 6 4
41000 1 4 6

b) Compute and plot (the continuous) frequency response of the filter. Is the
filter a low-pass filter or a high-pass filter?

Solution. The frequency response is

4
1 .. . . . 1 . .
As; (w) = 1—6(62“"+4e““+6+4e*“*’+672“’) = <2(e“’/2 + 62“/2)) = cos*(w/2),
where we recognized (1,4,6,4,1) as a row in Pascal’s triangle, so that we could
write the expression as a power. From this expression it is easy to plot the
frequency response, and it is clear that the filter is a low-pass filter, since
As,(0) =1, Ag, (m) = 0.

c) Another filter Sy has (continuous) frequency response Ag, (w) = (€™ + 2 +
e~™) /4. Write down the filter coefficients for the filter S;.95.
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Solution. We have that

2
As, (W) = (6™ + 2+ e ™) /4= (;(ewﬂ + e-iw/2)> = cos?(w/2).

We then get that

A8, (W) = Ag, (W)Ag, (w) = cos?(w/2) cos?(w/2) = cos®(w/2)

1 iw/2 —iw/2 ¢
= 5(6 te )

_ @(eglw+6621w+1561w+20+156_1w+66_21w+€_3lw)7

where we have used that, since we have a sixth power, the values can be obtained
from fra a row in Pascal’s triangle also here. It is now clear that

1
518y = 6—4{1,6, 15,20,15,6,1}.

You could also argue here by taking the convolution of 1%‘“74’674’ 1) with
1(1,2,1).
(1,2,

Exercise 3.15: Composite filters

Assume that the filters S; and S have the frequency responses \g, (w) =
2 4+ 4 cos(w), Ag, (w) = 3sin(2w).
a) Compute and plot the frequency response of the filter S7.55.

b) Write down the filter coefficients ¢; and the impulse response s for the filter
S51.55.

Exercise 3.16: Maximum and minimum

Compute and plot the continuous frequency response of the filter S = {1/4,1/2,1/4}.
Where does the frequency response achieve its maximum and minimum value,
and what are these values?

Solution. We have that Ag(w) = 3(1 4 cosw). This clearly has the maximum
point (0,1), and the minimum point (7, 0).

Exercise 3.17: Plotting a simple frequency response

Plot the continuous frequency response of the filter ' = {1/4,—1/2,1/4}. Where
does the frequency response achieve its maximum and minimum value, and what
are these values? Can you write down a connection between this frequency
response and that from Exercise 3.167
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Solution. We have that [A\7(w)| = (1 —cosw). This clearly has the maximum
point (7, 1), and the minimum point (0, 0). The connection between the frequency
responses is that Ar(w) = Ag(w + 7).

Exercise 3.18: Continuous- and vector frequency responses

Define the filter S by S = {1,2,3,4,5,6}. Write down the matrix for S when
N = 8. Plot (the magnitude of) Ag(w), and indicate the values Ag, for N =8
in this plot.

Solution. Here we have that s = tg = 3, s1 = t1 = 4, so = to = 5, and
s3 = t3 = 6 (first formula), and sy_o = t_o2 = 1, sy—_1 = t_1 = 2 (second
formula). This means that the matrix of S is

N = O OO Otk W
— O OO Utk W
S OO Utk W
OO WD~ O
DU W~ OO
T W N~ OO,
=W = O OO Ot
W= OO Uk

The frequency response is
As(w) = ™ +2e™ + 3+ de™ ™ + 5e™ 2 + G2,

Exercise 3.19: Starting with circulant matrices

Given the circulant Toeplitz matrix

11 1 1
111 0
01 1 0

5:} Do :

510 0 0 1
1 00 1
1 10 1
11 1 1

Write down the compact notation for this filter. Compute and plot (the magni-
tude) of Ag(w).

Solution. The filter coefficients are tg = so = 1/5, t; = s1 = 1/5 (first
formula), and t 1 = sy_1 =1/5,t_a =sy_2=1/5,t_3 =sy_3 =1/5 (second
formula). All other ¢ are zero. This means that the filter can be written as
%{17 1,1,1,1}, using our compact notation.
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Exercise 3.20: When the filter coefficients are powers

Assume that S = {1,¢,¢,...,cf}. Compute and plot A\g(w) when k = 4 and
k = 8. How does the choice of k influence the frequency response? How does
the choice of ¢ influence the frequency response?

Solution. The frequency response is

k 1 — ckHlp—ilk+1w

CSef’LSUJ — ,
Z 1—cew

s=0

It is straightforward to compute the limit as w — 0 as ¢*(k + 1). This means
that as we increase k or ¢, this limit also increases. The value of k also dictates
oscillations in the frequency response, since the numerator oscillates fastest.
When ¢ = 1, k dictates how often the frequency response hits 0.

Exercise 3.21: The Hanning window

The Hanning window is defined by w,, = 1—cos(27n/(N —1)). Compute and plot
the window coefficients and the continuous frequency response of this window for
N = 32, and compare with the window coefficients and the frequency responses
for the rectangular- and the Hamming window.

Exercise 3.22: Composing time delay filters

Let E4, and Eg, be two time delay filters. Show that Eg, E4, = Eg4,+4, (i-e. that
the composition of two time delays again is a time delay) in two different ways:

a) Give a direct argument which uses no computations.

b) By using Property 3 in Theorem 2.18 in the compendium, i.e. by using a
property for the Discrete Fourier Transform.

Exercise 3.23: Adding echo
In this exercise, we will experiment with adding echo to a signal.

a) Write a function play_with_echo which takes the sound samples, the sample
rate, a damping constant c, and a delay d as input, and plays the sound samples
with an echo added, as described in Example 3.32 in the compendium. Recall
that you have to ensure that the sound samples lie in [—1, 1].

Solution. The code can look like this:
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function play_with_echo(x,fs,c,d)
[N,nchannels] = size(x);
z = zeros(N,nchannels);
z(1:d,:) = x(1:4d,:);
z((d+1):N,:) = x((d+1):N,:)+c*x(1:(N-d),:); % Add echo
z = z/max(max(abs(z))); % Scale so that sound values are within [-1,1].
playerobj=audioplayer(z,fs);
playblocking(playerobj) ;

b) Generate the sound from Example 3.32 in the compendium, and verify that
it is the same as the one you heard there.

c) Listen to the sound samples for different values of d and c. For which range
of d is the echo distinguisible from the sound itself? How low can you choose ¢
in order to still hear the echo?

Exercise 3.24: Adding echo filters

Consider the two filters S; = {1,0,...,0,¢} and Sy = {1,0,...,0,—c}. Both of
these can be interpreted as filters which add an echo. Show that %(Sl +55) =1.
What is the interpretation of this relation in terms of echos?

Solution. The sum of two digital filters is again a digital filter, and the first
column in the sum can be obtained by summing the first columns in the two
matrices. This means that the filter coefficients in $(S; + S2) can be obtained
by summing the filter coefficients of S; and S;, and we obtain

%({l,O,...,O,c}—&-{1707...707—0}) - ).

This means that %(Sl + S5) = I, since I is the unique filter with eq as first
column. The interpretation in terms of echos is that the echo from S5 cancels
that from 5.

Exercise 3.25: Reducing bass and treble

In this exercise, we will experiment with increasing and reducing the treble
and bass in a signal as in examples 3.32 in the compendium and 3.41 in the
compendium.

a) Write functions play_with_reduced_treble and play_with_reduced_bass
which take a data vector, sampling rate, and k as input, and which reduce bass
and treble, respectively, in the ways described above, and plays the result, when
row number 2k in Pascal’ triangle is used to construct the filters. Use the
function conv to help you to find the values in Pascal’s triangle. You can use
the conv function also to compute the output of the filter, but note that this
disregards the circularity of the filter. If you solved Exercise 3.6, you can also use
the function filterS you implemented there, since row 2k in Pascal’s triangle
has an odd number of values, and thus corresponds to a symmetric filter.
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Solution. The code can look like this. We have used the conv function:

function play_with_reduced_bass(x, fs, k)
t = [1];
for kval=1:k
t = conv(t,[1/2 -1/2]);

end
z = conv(t, x(:, 1));
z = 20%z;

playerobj = audioplayer(z, fs);
playblocking(playerobj) ;

function[p%ay_with_reduced_treble(x,fs,k)
t = [1];
for kval=1:k
t = conv(t,[1/2 1/2]);
end
z = conv(t, x(:, 1));
playerobj=audioplayer(z,fs);
playblocking(playerobj) ;

b) Generate the sounds you heard in examples 3.32 in the compendium and 3.41
in the compendium, and verify that they are the same.

¢) In your code, it will not be necessary to scale the values after reducing the
treble, i.e. the values are already between —1 and 1. Explain why this is the
case.

d) How high must k be in order for you to hear difference from the actual sound?
How high can you choose k and still recognize the sound at all?

Exercise 3.26: Constructing a highpass filter

Consider again Example 3.35 in the compendium. Find an expression for a filter
so that only frequencies so that |w — 7| < w, are kept, i.e. the filter should only
keep angular frequencies close to 7 (i.e. here we construct a highpass filter).

Exercise 3.27: Combining lowpass and highpass filters

In this exercise we will investigate how we can combine lowpass and highpass
filters to produce other filters

a) Assume that S; and S2 are lowpass filters. What kind of filter is 57527
What if both S; and S5 are highpass filters?

b) Assume that one of Sq, S is a highpass filter, and that the other is a lowpass
filter. What kind of filter S1S5 in this case?
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Exercise 3.28: Composing filters

A filter S; has the frequency response %( 1+ cosw), and another filter has the
frequency response 1 (1 + cos(2w)).

a) Is 5152 a lowpass filter, or a highpass filter?

b) What does the filter S1.52 do with angular frequencies close to w = 7/2.

c) Find the filter coefficients of S1.55.

Hint. Use Theorem 3.26 in the compendium to compute the frequency response
of S1.95 first.

d) Write down the matrix of the filter 575, for N = 8.

Exercise 3.29: Composing filters

An operation describing some transfer of data in a system is defined as the
composition of the following three filters:

e First a time delay filter with delay dy = 2, due to internal transfer of data
in the system,

e then the treble-reducing filter 7' = {1/4,1/2,1/4},

e finally a time delay filter with delay d2 = 4 due to internal transfer of the
filtered data.

We denote by Ty = E4,TE,, = E4TE> the operation which applies these filters
in succession.

a) Explain why T5 also is a digital filter. What is (the magnitude of) the
frequency response of E4, 7 What is the connection between (the magnitude of)
the frequency response of T and 757

b) Show that T3 = {0,0,0,0,0,1/4,1/2,1/4}.

Hint. Use the expressions (E4, @), = Tn—d,, (Tx), = %zm_l + %xn + %xn_l,
(Eq,)n, = Tp—d,, and compute first (E4,),, then (TE4 x),, and finally
(Tox)y, = (E4,TEq,x),. From the last expression you should be able to read
out the filter coefficients.

c) Assume that N = 8. Write down the 8 x 8-circulant Toeplitz matrix for the
filter T5.
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Exercise 3.30: Filters in the MP3 standard

In Example 3.37 in the compendium, we mentioned that the filters used in the
MP3-standard were constructed from a lowpass prototype filter by multiplying
the filter coefficients with a complex exponential. Clearly this means that the
new frequency response is a shift of the old one. The disadvantage is, however,
that the new filter coefficients are complex. It is possible to address this problem
as follows. Assume that t; are the filter coefficients of a filter Sy, and that S5 is
the filter with filter coefficients cos(2wkn/N)ty, where n € N. Show that

Aoy () = %()\51 (@ — 270/N) + A, (w + 270/N)).

In other words, when we multiply (modulate) the filter coefficients with a cosine,
the new frequency response can be obtained by shifting the old frequency response
with 27n/N in both directions, and taking the average of the two.

Solution. We have that

) 1 . ) )
)\52 (w) — Z COS(27T/€TL/N)tk671kw — 5 Z(GZﬂzkn/N + 6727mkn/N)tk671kw

p k
_1 (Z e ik(w—2mn/N) 4 Z tke—ik(w—i-an/N))
2\% %
1
= 5(/\51 (w—=2mn/N)+ Ag, (w+ 2mn/N)).

Exercise 3.31: Explain code

a) Explain what the code below does, line by line.

[x, fs] = audioread(’sounds/castanets.wav’);
[N, nchannels] = size(x);
z = zeros(N, nchannels);
for n=2:(N-1)

z(n,:) = 2*«x(n+1,:) + 4*xx(n,:) + 2*x(n-1,:);
end
z(1,:) = 2%x(2,:) + 4*x(1,:) + 2xx(N,:);
z(N,:) = 2*xx(1,:) + 4*xx(N,:) + 2xx(N-1,:);
z = z/max(abs(z));
playerobj=audioplayer(z, fs);
playblocking(playerobj)

Comment in particular on what happens in the three lines directly after the
for-loop, and why we do this. What kind of changes in the sound do you expect
to hear?

Solution. In the code a filter is run on the sound samples from the file
castanets.wav. Finally the new sound is played. In the first two lines after the
for-loop, the first and the last sound samples in the filtered sound are computed,
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under the assumption that the sound has been extended to a periodic sound
with period N. After this, the sound is normalized so that the sound samples lie
in the range between —1 and 1. In this case the filter is a lowpass-filter (as we
show in b.), so that we can expect that that the treble in the sound is reduced.

b) Write down the compact filter notation for the filter which is used in the
code, and write down a 5 x 5 circulant Toeplitz matrix which corresponds to
this filter. Plot the (continuous) frequency response. Is the filter a lowpass- or a
highpass filter?

Solution. Compact filter notation for the filter which is run is {2,4,2}. A
5 x 5 circulant Toeplitz matrix becomes

4 2 0 0 2
2 4 2 0 0
0 2 4 2 0.
00 2 4 2
2 0 0 2 4
The frequency response is Ag(w) = 2 + 4 + 2e~% = 4 + 4cosw. It is clear

that this gives a lowpass filter.
c) Another filter is given by the circulant Toeplitz matrix
4 -2 0 0 -2
-2 4 -2 0 0
0 -2 4 -2 0
0o 0 -2 4 =2
-2 0 0 -2 4
Express a connection between the frequency responses of this filter and the filter

from b. Is the new filter a lowpass- or a highpass filter?

Solution. The frequency response for the new filter is

2™ 44— 27 =4 —4cosw =4+ 4cos(w + ) = Ag(w + ),

where S is the filter from the first part of the exercise. The new filter therefore
becomes a highpass filter, since to add m to w corresponds to swapping the
frequencies 0 and w. We could also here refered to Observation 3.40 in the
compendium, where we stated that adding an alternating sign in the filter
coeflicients turns a lowpass filter into a highpass filter and vice versa.

Exercise 3.32: A concrete IIR filter
A filter is defined by demanding that z, 412 — 211 + 2 = Tpa1 — &

a) Compute and plot the frequency response of the filter.
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b) Use a computer to compute the output when the input vector is & =
(1,2,...,10). In order to do this you should write down two 10 x 10-circulant
Toeplitz matrices.

Exercise 3.33: Implementing the factorization

Write a function filterdftimpl, which takes the filter coefficients ¢ and the
value kg from this section, computes the optimal M, and implements the filter
as here.

Exercise 3.34: Factoring concrete filter

Factor the filter S = {1,5,10,6} into a product of two filters, one with two filter
coefficients, and one with three filter coefficients.



Chapter 4

Symmetric filters and the
DCT

Exercise 4.1: Computing eigenvalues

Consider the matrix

2100 0 0
1 1100 0
g_Ll]o1 1100
“3(o00 1110
000111
00001 2

a) Compute the eigenvalues and eigenvectors of S using the results of this
section. You should only need to perform one DFT or one DCT in order to
achieve this.

b) Use a computer to compute the eigenvectors and eigenvalues of S also. What
are the differences from what you found in a)?

¢) Find a filter T so that S = T,.. What kind of filter is 77

Exercise 4.2: Writing down lower order S,

Consider the averaging filter S = {i, %, i} Write down the matrix S, for the
case when N = 4. N

Solution. First we obtain the matrix S as

52
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%%000005
31 2 2 0/0 0 00
0%%%0000
00 y 5/ 000
000%%%00
00001?%0
000001?%
100 0/0 0 7 3

where we have drawn the boundaries between the blocks Sy, S2, S3, S4. From
this we see that

%%00 0 00 1 1000

13 10 0000 0000
—| 12 — f—

Sl*o%%% 2=10 00 0 (5%2) 0000

1 1

00 3 3 1000 000 1

From this we get

S, =51+ (S2)! =

O Orlrw
[es NN NN
INEENIEEN Y e
Blonl— O O

Exercise 4.3: Writing down lower order DCTs

As in Example 4.15 in the compendium, state the exact cartesian form of the
DCT matrix for the case N = 3.

Solution. We first see that do 3 = \/g and dy 3 = \/g for k = 1,2. We also

have that
n 1 n 1
3 2 —_— —_ = S — -
cos( 7T2N <k+ 2)) cos <7r3 <k+ 2)),

so that the DCT matrix can be written as
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Exercise 4.4: DCT-IV

Show that the vectors {cos (27T n;;\,? (k + %))} in RV are orthogonal, with
n=0

lengths 1/ N/2. This means that the matrix with entries 4/ % cos (277 7;;,% (k + %))

is orthogonal. Since this matrix also is symmetric, it is its own inverse. This is
the DCT-IV, which we denote by DCTE\I,V). Although we will not consider this,
the DCT-IV also has an efficient implementation.

Hint. Compare with the orthogonal vectors d,,, used in the DCT.

Solution. We can write

n+1i 1 2n+1 1
2 Zlk+2))= 2 E+=)).
cos<7r N ( +2>) COS(?T AN ( +2>>
If we consider these as vectors of length 2NV, we recognize these as the unit vectors

dsp+1 in the 2N-dimensional DCT, divided by the factor d, = /2/(2N) =

v/1/N, so that these vectors have length v N. To see that these vectors are
orthogonal when we restrict to the first N elements we use Equation (6.32) in
the compendium as follows:
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2N—1 1 1
+1 1 +3 1
Nép, ny = E cos (27rnl2N2 (k—|— 2))005 (271'n22N2 <k‘+2>>
N— 1 1
. ’I7,1+§ 1 n2+§ 1
= cos<27r SN <k+2>)cos(27r N k+2
k=0
N-1 1 1
ny+ 3 1 ng + 3 1
2 — 2 —
+ E COS(TI’ 9N (k+2)>cos<ﬂ' SN (k+2>>

N-— 1 1
n1+§ 1 n2+§ 1
2 cos <27T 5 <k + 2)) cos (27r N k+ 3

N—1 1 1
ni+ 3 1 ng + 5 1
+k:0 cos <2ﬂ' SN <k—|—2>)cos (27r 9N (k—|—2)>
N—1 1 1
ny+ 5 1 no + 5 1
=2 2 2 k = 5 | 2 . k o .

This shows that

N-1 1 1
ni+3 1 ng + 3 IV _ N
Z cos (27r 5N (k + 2>) cos <27r o k+ 5 = 3(5”1’”2’

k=0

so that the vectors are orthogonal with lengths /N/2.

Exercise 4.5: MDCT

The MDCT is defined as the N x (2N )-matrix M with elements M,, , = cos(2m(n+
1/2)(k+1/2+ N/2)/(2N)). This exercise will take you through the details of
the transformation which corresponds to multiplication with this matrix. The
MDCT is very useful, and is also used in the MP3 standard and in more recent
standards.

a) Show that

_ /Nyepav) (0 A
M =1/5DCTy (5 g

where A and B are the (N/2) x N-matrices
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A= : = (=t ~Inp)
0 -1 1 0 N/z /
-1 0 0o -1
1 0 0 -1
0 1 -+v wov eev oo —1 0
f
B=1. : : : : : : 3 (IN/Q _]N/2)'

0o 1 -1 0
Due to this expression, any algorihtm for the DCT-IV can be used to compute
the MDCT.

Solution. Clearly, columns 0, ..., N/2—1 of the MDCT are columns N/2,..., N—
1 of the DCT-IV. For the remaining columns, note first that, for 0 < k < N, the
properties

cos(2m(n+1/2)((2N —1—k) +1/2)/(2N)) = —cos(2m(n + 1/2)(k + 1/2)/(2N))
cos(2m(n+1/2)((k+2N)+1/2)/(2N)) = —cos(2m(n + 1/2)(k +1/2)/(2N))

are easy to verify. From the first property it follows that columns N/2,...,3N/2—
1 of the MDCT are columns N — 1, N —2,...,0 of the DCT-IV, with a sign
change (they occur in opposite order). From the second property, it follows
that columns 3N/2,...,2N — 1 of the MDCT are columns 0, ..., N/2 —1 of the
DCT-IV, with a sign change. This means that, if y is a vector of length 2N, the
MDCT of y can be written as

—YsN/2 — YsN/2—-1

—YsN/2+1 — Y3N/2-2
N v —Ya2N-1 — YN
\/ 5 Doty =
0~ YN-1
Y1 —YNy/2+1
YN/2—1 — YN/2

The factor ,/% was added since @/% was added in front of the cosine-matrix
in order to make DCTg\I,V) orthogonal. The result now follows by noting that

we can write (g é) y for the vector on the right hand side, with A and B as

defined in the text of the exercise.
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b) The MDCT is not invertible, since it is not a square matrix. We will show
here that it still can be used in connection with invertible transformations. We
first define the IMDCT as the matrix M7 /N. Transposing the matrix expression
we obtained in a) gives

1 0o BT av)
— DCT
TN (AT 0 ) N

for the IMDCT, which thus also has an efficient implementation. Show that if

xo = (zo,...,on-1) T1=(TNn,...,Zon-1) T2 = (ToN,...,T3N_1)

. ] . Ty
Yo,1 = M (wl) Yi,2 = M (m2>

(i.e. we compute two MDCT’s where half of the data overlap), then

and

x1 = {IMDCT(yo,1)} Y 5" + {IMDCT (y1,2) }n-

Even though the MDCT itself is not invertible, the input can still be recovered
from overlapping MDCT’s.

Solution. Applying the MDCT first, and then the IMDCT, gives us the matrix

170 B™\ (0o A\ _1/(B"™B 0
2\AT o B 0) 2 0 AT A

Note that
T Inga I1<7 2 T Inyz _Iz<7 2
Ing Inge Iy Iny2
Inserting this in the above gives
I —1! 0 0
N/2 N/2
1|~y Ino 0 0| 1 <1N ~1 o )
0 0 IJ},/2 i, 2\ o  In+I{)
0 0 Iy Ing

Assume now that we have computed the MDCT of <zo> = (zg,...,TaN-1),
1

and of <£1> = (zn,...,x3ny-1). Performing the IMDCT on these two thus
2

gives
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1 __ plev 1 _ arev

~ (% w?ev and S o w%ev

2 \x1 +x; 2 \x2 +xy
Adding the second component of the first and the first component of the second
gives @1, which proves the result.

Exercise 4.6: Component expressions for a symmetric filter

Assume that S =t_p,...,%o,...,tr is a symmetric filter. Use Equation (4.7)
in the compendium to show that z, = (Sx), in this case can be split into the
following different formulas, depending on n:

a) 0<n<L:
n L
Zn = toTn + Z te(Tntk + Tnok) + Z te(Tntk + Tn—ktN). (4.1)
k=1 k=n+1
b) L<n<N — L:
L
Zn = toTn + Z te(Tptk + Tnk)- (4.2)
k=1
c) N—-L<n<N:
N-l-n L
Zp = toTn + Z te(Tntk + Tnok) + Z te(Tnak—N + k). (4.3)
k=1 k=N—-1-n+1

The conv function may not pick up this reduction in the number of multipli-
cations, since it does not assume that the filter is symmetric. We will still use
the conv function in implementations, however, due to its heavy optimization.

Exercise 4.7: Trick for reducing the number of multiplica-
tions with the DCT

In this exercise we will take a look at a small trick which reduces the number of
additional multiplications we need for DCT algorithm from Theorem 4.23 in the
compendium. This exercise does not reduce the order of the DCT algorithms,
but we will see in Exercise 4.8 how the result can be used to achieve this.

a) Assume that x is a real signal. Equation (4.12) in the compendium, which
said that

- o (1 (7" g 1)
Un COS(WQN)%((DFTN:C )n)+s1n(7r2N)\s((DFTNa: )n)

= gin { 1— My, ) — Mg &
yN,nfsm(wZN)@?((DFTNw )n) Cos(sz)\s((DFTNw )n)
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for the n’th and N — n’th coefficient of the DCT. This can also be rewritten as

(?R (DFTyz™M),) + S((DFTyzD), )) cos (w%)
— 3((DFTyz™M), (7r ) — sin (7‘(%))
(%((DFTNa:(l)) )+ S((DF Tz, )) Cos (7‘(‘

+ R(DFTyz™M),,)(sin ( ) + cos ( %))

Explain that the first two equations require 4 multiplications to compute y,, and
YN—n, and that the last two equations require 3 multiplications to compute vy,
and YN _n.

b) Explain why the trick in a) reduces the number of additional multiplications
in a DCT, from 2N to 3N/2.

c) Explain why the trick in a) can be used to reduce the number of additional

multiplications in an IDCT with the same number.

Hint. match the expression e
IDCT with the rewriting you did in b.

min/(2N) (Yyn — iYyN—n) you encountered in the

d) Show that the penalty of the trick we here have used to reduce the number
of multiplications, is an increase in the number of additional additions from N
to 3N/2. Why can this trick still be useful?

Exercise 4.8: An efficient joint implementation of the DCT
and the FFT

In this exercise we will explain another joint implementation of the DFT and
the DCT, which has the benefit of a low multiplication count, at the expense
of a higher addition count. It also has the benefit that it is specialized to real
vectors, with a very structured implementation (this is not always the case for
the quickest FFT implementations. Not surprisingly, one often sacrifices clarity
of code when one pursues higher computational speed). a) of this exercise can be
skipped, as it is difficult and quite technical. For further details of the algorithm
the reader is refered to [?].

a) Let y = DFTyx be the N-point DFT of the real vector &. Show that
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R((DFTy22)),) + (Cnjaz)n 0<n<N/4-1

R((DFTy/2z),) n=N/4

R((DFT )22 9)n) = (Cnjaz)nja—n N/4+1<n< Nj2-1
(4.4)

S((DF Ty 02)),,) n=0

S((DFTn/22)n) + (Cnjaw)nja—n 1<n< N/4—1 (4.5)

S((DF Ty 22 9)n) + (Cnjaw)n-nya N/A<n < N/2-1

where (¢ is as defined in Theorem 2.31 in the compendium, where z, w € RN/4

defined by

Zk = X2k+1 + TN—2k—1 0<k<N/4-1,
Wk = (—1)k(117N—2k—1 — Tokt1) 0<k<N/4-1,

Explain from this how you can make an algorithm which reduces an FFT of
length N to an FFT of length N/2 (on (®)), and two DCT’s of length N/4 (on
z and w). We will call this algorithm the revised FFT algorithm.

Solution.

Taking real and imaginary parts in Equation (2.13) in the com-

pendium for the FFT algorithm we obtain

R(yn) =R ((DFTN/zm(e))n + 3?((DN/QDFTN/Q%(O))n)

S(yn) =S ((DFTN/zic(e))n + s((DN/2DFTN/zﬂc(O))n) :

These equations explain the first terms R((DFT y/22(®)),,) and S((DFT y/22(),,)
on the right hand sides in equations (2.13) in the compendium and (4.5) in the

compendium. It remains to rewrite § ((DN/QDFTN/Q:c(O))n) and § ((DN/QDFTN/QQ:(O))")

so that the remaining terms on the right hand sides can be seen. Let us first
consider the equation for the real part with 0 <n < N/4 — 1. In this case we

can write
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R((Dnj2DFT 22 )n)
N/2—1 N/2—1
=R e—27rin/N Z (m(o))ke—%rink/(N/Q) =R Z (w(o))ke—2ﬂin(k+%)/(N/2)
k=0 k=0
N/2—1 1
ka1l
= Z (), cos <27rn(N_/'_22)>
k=0
N/4—1 1
_ @Y, e [0 UE+3)
= Z (') cos (27r N2
k=0
N/4—1 1
(o) . TL(N/Q—l—k+§)
+ kz:o (') n/2—1-k cOS (277 N2
N/4—1 1
k+3)
- ©) (0) 9 n(k+
kZ:O (') + (x )N/21k)COS< ™ N/2 )

N/471 1

n(k+)>
Z zp cos | 2r———22 |,
= ( N/2

where we have used that cos is periodic with period 27, that cos is symmetric, and
where z is the vector defined in the text of the theorem. When 0 <n < N/4 —1
this can also be written as

N/4—1

Z (Cnya)nkzk = (Cnjaz)n,
k=0

This proves the first formula in Equation (4.4) in the compendium.

For N/4+ 1 < n < N/2 — 1, everything above is valid, except for that
cos(2mn(k + 1/2)/(N/2)) are not entries in the matrix Cy 4, since n is outside
the legal range of the indices. However, N/2 —n is now a legal index in C4,
and using that

cos (Qﬂn(k 0 %)) Ceos (27T(]2v_”)(k+%>> ,

N/2 N/2

we arrive at —(Cn/42)n/2—n instead, and this proves the third formula in
Equation (4.4) in the compendium. For the case n = I all the cosine entries
in the sum are zero, and this completes the proof of Equation (4.4) in the
compendium.

For the imaginary part, using that sin is periodic with period 27, and that

sin is anti-symmetric, analogous calculations as above give
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N/ n (k + l)
S((Dn/2DF T o)) = Y (@) nj21-r — (&(?))) sin (%2) .

2 N/2
46
Using that "
i (s} (2 ) (i
= (—1)* cos (27r (/4 _]\;})Q(k i §)> ,

Equation (4.6) in the compendium can be rewritten as

bl -n 1
kgo ((a:(o))N/z—1_k - (m(o))k)(*l)k oS (27r<N/4 N/)2(k + 2))
N/4—1 )
(N/4—n)(k+3)
= kZ:O Wy, CoS (27r 2 ) ,

where w is the vector defined as in the text of the theorem. When n = 0 this is 0
since all the cosines entries are zero. When 1 <n < N/4 this is (Cn/aw)n/4—n,
since cos(2m(N/4 —n)(k +1/2)/(N/2)) are entries in the matrix Cy/4. This
proves the second formula in Equation (4.5) in the compendium.

For N/4 <n < N/2—1 we can use that cos(2n(N/4—n)(k+1/2)/(N/2)) =
cos(2m(n — N/4)(k + 1/2)/(N/2)), which is an entry in the matrix DCT /4
as well, so that we get (Cn/42)5,—ny4. This also proves the third formula in
Equation (4.5) in the compendium, and the proof is done.

a) says nothing about the coefficients y,, for n > % These are obtained in
the same way as before through symmetry. a. also says nothing about yx /2. This
can be obtained with the same formula as in Theorem 2.31 in the compendium.

Let us now compute the number of arithmetic operations our revised algorithm
needs. Denote by the number of real multiplications needed by the revised N-
point FFT algorithm

b) Explain from the algorithm in a) that

My =2(Myys +3N/8) + My, An = 2(An/s +3N/8) + Anjz +3N/2
(4.7

Hint. 3N/8 should come from the extra additions/multiplications (see Exer-
cise 4.7) you need to compute when you run the algorithm from Theorem 4.23 in
the compendium for C /4. Note also that the equations in a) require no extra
multiplications, but that there are xix equations involved, each needing N/4
additions, so that we need 6N/4 = 3N/2 extra additions.
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c) Explain why x,, = Masr is the solution to the difference equation

Tppo — Tpg1 — 2@, =3 X 27

and that x, = Ao is the solution to

Tpyo — Tpgy1 — 20, =9 x 27,

and show that the general solution to these are x, = %r?r + C2" 4+ D(-1)" for

multiplications, and x, = 3r2" + C2" + D(—1)" for additions.

d) Explain why, regardless of initial conditions to the difference equations,
My =0 (%N10g2 N) and Ay = O (%Nlog2 N) both for the revised FFT and
the revised DCT. The total number of operations is thus O(2N log, N), i.e. half
the operation count of the split-radix algorithm. The orders of these algorithms
are thus the same, since we here have adapted to read data.
e) Explain that, if you had not employed the trick from Exercise 4.7, we would
instead have obtained My = O (% log, N), and Ay = O (% log, N), which
equal the orders for the number of multiplications/additions for the split-radix
algorithm. In particular, the order of the operation count remains the same,
but the trick from Exercise 4.7 turned a bigger percentage of the arithmetic
operations into additions.

The algorithm we here have developed thus is constructed from the beginning
to apply for real data only. Another advantage of the new algorithm is that it
can be used to compute both the DCT and the DFT.

Exercise 4.9: Implementation of the IFFT/IDCT

We did not write down corresponding algorithms for the revised IFFT and IDCT
algorithms. We will consider this in this exercise.

a) Using equations (2.13) in the compendium-(4.5) in the compendium, show
that

R(yn) — R(Yn/2—n) = 2(Cnjaz)n
%(yn) + %(yN/an) = 2(CN/4w)N/4fn

for 1 <n < N/4 — 1. Explain how one can compute z and w from this using
two IDCT’s of length N/4.

b) Using equations (2.13) in the compendium-(4.5) in the compendium, show
that

R(yn) + R(yny2—n) = %((DFTNQJJ(E)%)
%(yn) - %(yN/Z—n) = %((DFTN/Qw(e))n)y

and explain how one can compute (¢ from this using an IFFT of length N /2.



Chapter 5

Motivation for wavelets and
some simple examples

Exercise 5.1: Samples are the coordinate vector

Show that the coordinate vector for f € V; in the basis {¢o.0, 0.1, --,Po.N—1}
is (f(0), f(1),....f(N =1)).

Solution. We have that f(t) = Ziv:_ol ¢n®o,n, where ¢, are the coordinates of
f in the basis {¢o,0, ¢0.1,---,Po.n—1}. We now get that

N-1

f(k) = Z Cn¢0,n(k) = Ck,

n=0

since ¢o,n (k) = 0 when n # k. This shows that (f(0), f(1),....f(N —1)) are
the coordinates of f.

Exercise 5.2: Proposition 5.12 in the compendium

Prove Proposition 5.12 in the compendium.

Solution. Since f is constant and equal to f(n) on [n,n + 1/2), and constant
and equal to f(n+1/2) on [n+1/2,n + 1), we get that

64
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n+1

N
(f. o) = / F (D)o (t)dt = / F(t)dt
n+1/2 nJ:{
:/ f(t)dt+/ ft)dt

n+1/2

n+1/2 n+1
- / F(n)dt + / fn+1/2)dt

n+1/2

=f(n)/2+ f(n+1/2)/2 = (f(n) + f(n+1/2))/2.

The orthogonal decomposition theorem gives that

N—-1 N-1
projy, f = > (f,dom)bon = Y o+ f2(n t1/2) b0,n-
n=0 n=0

Since ¢o,, is 1 on [n,n 4+ 1) and 0 elsewhere, projy, f is the piecewise constant
function which is equal to (f(n) + f(n+1/2))/2 on [n,n + 1).

Exercise 5.3: Computing projections

In this exercise we will consider the two projections from V; onto Vi and Wy.

a) Consider the projection projy, of Vi onto Vp. Use Lemma 5.11 in the
compendium to write down the matrix for projy, relative to the bases ¢ and

®o-

Solution. From Lemma 5.11 in the compendium it follows that

projy, (#1,20) = bo.n/V2
Projy, (¢1,2n11) = Gon/V2

This means that

[projy; (¢1,2n)] ¢ = en/V?2
[projy;, (¢1,2n+1)lge = en/V2.

These are the columns in the matrix for projy, relative to the bases ¢ and ¢y.
This matrix is thus

—= O
— O
o O
o O
o O
o o

\/§
00000 -~ 011
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b) Similarly, use Lemma 5.11 in the compendium to write down the matrix for
projyy, : Vi — Wy relative to the bases ¢1 and ).

Solution. From Lemma 5.11 in the compendium it follows that

Projyy, (é1,20) = Yo,n/V2
Projyy, (61,2n41) = —Yo,n/V2

This means that

[prOjWo (¢1,2n)]¢0 = en/\/5
[Projuw, (#1,2n41)]pe = ,en/\/i

These are the columns in the matrix for projy, relative to the bases ¢ and .
This matrix is thus

1 =10 0 0 00 0
P o 0o 1 -1 0 00 0
ﬁ.:..:::::

00 0 0 0 -0 1 —1

Exercise 5.4: Computing projections 2
Consider again the projection projy, of V1 onto Vj.

a) Explain why projy, (¢) = ¢ and projy, (¢) = 0.

Solution. Since ¢ € Vp we must have that projy, (¢) = ¢. Since 7 is in the
orthogonal complement of Vj in Vi we must have that projy, (1) = 0.

b) Show that the matrix of projy, relative to (¢, o) is given by the diagonal
matrix where the first half of the entries on the diagonal are 1, the second half 0.

Solution. The first columns in the matrix of projy; relative to (¢o, %) are

[Projy;, (00,0)] (o, 0) = [#0,0](¢0,10) = €0
[projvo (¢0»1)](¢°07’¢’0) = [¢0~,1](¢‘07’¢’0) =el

The last columns in the matrix of projy, relative to (¢o, o) are
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[Projy, (¥0,0)](¢0,10) = [0l(,10) = O
[Projv, (¥0,1)](¢o,30) = [0l(¢po,p0) = O

It follows that the matrix of projy; relative to (¢o, %) is given by the diagonal
matrix where the first half of the entries on the diagonal are 1, the second half 0.

c) Show in a similar way that the projection of V; onto Wy has a matrix relative
to (¢, o) given by the diagonal matrix where the first half of the entries on
the diagonal are 0, the second half 1.

Solution. Follows in the same way as (b).

Exercise 5.5: Computing projections

Show that

proiy, (/) = 3 (f " Ft)dt) dun(t) (5.1)

for any f. Show also that the first part of Proposition 5.12 in the compendium
follows from this.

Solution. We have that

N—-1

proja(1) = 3 ( / F (ot )dt) don=3" < / n+1f(t)dt) dom

n=0

where we have used the orthogonal decomposition formula. Note also that, if
f(t) € Vi, and f,, 1 is the value f attains on [n,n 4+ 1/2), and f,, o is the value f
attains on [n + 1/2,n + 1), we have that

( | " FO)d) 0,00
N—

(;fn,l + ;fn,2> QSO n Z n ! + fn 2¢0,n(t)7

proj v0

M OMZ

which is the function which is (fn1 + fn,2)/2 on [n,n + 1). This proves the first
part of Proposition 5.12 in the compendium.
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Exercise 5.6: Finding the least squares error

Show that

n+1 2

1= (f " rwa) ooty - 112 =00 - ([ s

n

This, together with the previous exercise, gives us an expression for the least-
squares error for f from Vj (at least after taking square roots). 2DO: Generalize
tom

Solution. We have that

1f = projy, (N)II* = (f — projy, (), f — projy, ()
= (f, ) = 2(f, projy, (1)) + (projy, (f), projy, ()

Now, note that

N-1 2

(i ()ovroie () = 3 ([ " sioar)

n=0
from what we just showed in Exercise 5.5 (use that the ¢¢, are orthonormal).
This means that the above can be written

n+1 2

G- QNE /ON ( / - f(s)ds> Do (B (1)t + NE ( /

N-1

N-1 ni1 n+1 n+1
<f,f>2ngO/n+ </n+ f(s)ds> f(t)dtJrZ (/n+ f(t)dt>

n=0

f(t)dt>

2

N-1 n+1 2 N-1 n+1 2
—trn-2 X ([ swi) + X ([ o)
n=0 n n=0 n
N-1 n+1 2
—n -3 ([ )
n=0 n
Exercise 5.7: Projecting on W)
Show that
N-1 n+1/2 n+1
projuy, (f) = nz:% (/n f(t)dt — /n+1/2f(t)dt> Yo,n(t) (5.2)

for any f. Show also that the second part of Proposition 5.12 in the compendium
follows from this.
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Solution. The orthogonal decomposition theorem gives that

N-1 N
proju, (£) = Y (f, om)to.n(t) Z(/ f@)on(t )dt>7¢10n()
n=0 =0

N—-1 n+1
(/ l/fo n ) "Z)O n
n+1/2 n+1
( [ rwa- | f(t)dt> Yon(t),
n n+1/2

where we used that vy ,, is nonzero only on [n,n + 1), and is 1 on [n,n + 1/2),
and —1 on [n+ 1/2,n+ 1). Note also that, if f(¢) € Vi, and f, 1 is the value f
attains on [n,n + 1/2), and f, 2 is the value f attains on [n+1/2,n+ 1), we

have that
n+1/2 n+1
( | - | f(t)dt> bon()
n+1/2
[

N-—1 —f
< for )%n( R Dt LMY
n=0

which is the function which is (f,,1 — fn,2)/2 on [n,n+1/2), and —(fn,1— fn,2)/2
on [n+ 1/2,n 4 1). This proves the second part of Proposition 5.12 in the
compendium.

3
[}

=

3
I
<

1

N—
proj W0 =

o

I
||MH

Exercise 5.8: When N is odd

When N is odd, the (first stage in a) DWT is defined as the change of coordinates
from (¢1,0,¢1,1,-..,¢1,8-1) to

(60,0,%0,0, 0,1, %0.1,- -, Po,(N~1)/2> V(N-1)/2> PO,(N+1)/2)-

Since all functions are assumed to have period N, we have that

bo,(N+1)/2 = %(@51,1\/—1 + o1 n) = %(fﬁl,o + 1 Nn-1).

From this relation one can find the last column in the change of coordinate
matrix from ¢g to (¢1,1), i.e. the IDWT matrix. In particular, when N is
odd, we see that the last column in the IDWT matrix circulates to the upper
right corner. In terms of coordinates, we thus have that

1 1
c1,0 = %(00,0 + wo,0 + Co,(N+1)/2) C1,N—1= ECO,(N+1)/2- (5.3)
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1&1 1
a) If N = 3, the DWT matrix equals % 1 —1&0 |, and the inverse of
0&0 1
1&1 -1
this is % 1 —1 —1]. Explain from this that, when N is odd, the DWT
0&0 2
matrix can be constructed by adding a column on the form % (-1,-1,0,...,0,2)
to the DWT matrices we had for NV even (in the last row zeros are also added).
In terms of the coordinates, we thus have the additional formulas

1 1 1
Co,0 = \ﬁ(cl,ojtcl,l—clw_l) Wo,0 = ﬁ(cl,ofclylfq,]\]_l) Co,(N+1)/2 = EQCLNA-

(5.4)

b) Explain that the DWT matrix is orthogonal if and only if N is even. Also
explain that it is only the last column which spoils the orthogonality.

Exercise 5.9: Implement IDWT for The Haar wavelet

Write a function IDWTKernelHaar which uses the formulas (5.3) in the com-
pendium to implement the IDWT, similarly to how the function DWTKernelHaar
implemented the DWT using the formulas (5.4) in the compendium.

Solution. The following code can be used:

function x = IDWTKernelHaar(x, symm, dual)
x/sqrt(2);
size(x, 1);
f mod(N,2) == 1
x(1:2, ) = [x(1, ) + x(2, ) +x(N, ); x(, ) - x(2, )I;

X
N
i

x(1:2, ) = [x(1, D) + x(2, ); x(, D) - x(2, HI;
end
for k = 3:2:(N-1)

x(k: (k+1), ) = [x(k, :) + x(k+t1, :); x(k, :) - x(k+1l, :)];
end

Exercise 5.10: Computing projections
Generalize Exercise 5.4 to the projections from V11 onto V,,, and W,,.
Solution. Since ¢, ,, € V;, we must have that T(¢m.n) = Gm,n. Since P,

is in the orthogonal complement of V;,, in V,,,41 we must have that T (¢, ) = 0.
The first half of the columns in the matrix of projy, relative to (¢, ,,) are
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[Projy,, (#m.0)](@m ) = [Em,0) (¢ 1pm) = €0
[Projy, (@m, 1)](@mpm) = [Pm1l(@m.pm) = €1

The second half of the columns are

[T (Wm.0)l(m.4pm) = [0)(g ap0) = O
[T(d)nlal)](d)nl;w?n) = [0}(¢7717¢7n) = 0

Thus, as before, the matrix of projy, relative to (m, Ym) is given by the
diagonal matrix where the first half of the diagonal consists of 1’s, and the
second half consists of 0’s. (c) follows in the same way.

Exercise 5.11: Scaling a function

Show that f(t) € V,, if and only if g(t) = f(2t) € Vint1.

Solution. If f € V,,, we can write f(t) = Ziif)vfl Crmn®m,n(t). We now get

2MN—-1 mN_
9t) = F20) = D Cmnbma(2t) Z W 2M/2G(2m 2t — )
n=0 n=0
2mN-1 2mN-1

Z Cm,n2_1/22(m+1)/2¢(2m+1t _ ’I’L) — Z cm7n2_1/2¢m+1,n(t)~

This shows that g € V,,,+1. To prove the other way, assume that g(t) = f(2t) €

m-+1 _
Vin+1. This means that we can write g(t) = Zi:o N-1 Cmt1,nPm+1,n(t). We
now have



CHAPTER 5. MOTIVATION FOR WAVELETS AND SOME SIMPLE EXAMPLEST2

2mtIN -1 2mFIN -1
f(t)=9(t/2) = Z Cmt1,nPmr1,n(t/2) = Z Cm+1,n2(m+1)/2¢(2mt —n)
n=0 n=0
2mN-1 2mtiN_1
= D emn2™200M =)+ Y emyr 22927t — n)
n=0 n=2mN
2mN -1 2mMN -1

= Z Cm+17n2(m+1)/2¢(2mt — n) + Z Cm+1)n+2mN2(m+1)/2¢(2n1t ——n — QmN)

n=0 n=0
2™ N-1 2M™MN—-1
= Z Cm+1,n2(m+1)/2¢(2mt - n) + Z Cm+1,n+2mN2(m+1)/2¢(2mt - TL)
n=0 n=0
2MN-1
= Z (Cerl,n + Cer1)n+2mN)21/22m/2¢(2mt - n)
n=0
2MmMN—-1
= Z (Cerl,n + Cm+1,n+2mN)21/2¢m,n(t) €V
n=0

The thing which made this a bit difficult was that the range of the n-indices
here was outside [0,2"™N — 1] (which describe the legal indices in the basis V;,),
so that we had to use the periodicity of ¢.

Exercise 5.12: Direct sums

Let C1,C5 ..., C), be independent vector spaces, and let T; : C; — C; be linear
transformations. The direct sum of Ty, Ts,...,T,, written as T1 & To & ... B T,
denotes the linear transformation from Cy & Cy & - - - § C,, to itself defined by

ol .. 0T (cr+ea+--+cep) =Ti(er) + To(ca) + -+ Thlen)

when ¢; € Cy, ¢ € Co, ..., ¢, € C,. Similarly, when Ay, Ao, ..., A, are square
matrices, A1 ® Ay & --- P A, is defined as the block matrix where the blocks
along the diagonal are Ay, As, ..., A,, and where all other blocks are 0. Show
that, if B; is a basis for C; then

TeT®... &Ts, 6.8, =Tl ®[T2]s, & @ [Tn]s

----- n?

Here two new concepts are used: a direct sum of matrices, and a direct sum of
linear transformations.

Solution. By definition, [T1]g, @ [T2]s, @ - - [Th]s, is a block matrix where
the blocks on the diagonal are the matrices [T1]5,, [T2]5,, and so on. If b; are
the basis vectors in B;, the columns in [T;], are [T(b;)]p,. This means that
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T1]B, @ [T2]B, ® - - - @ [Ty]5, has [T'(b;)]p, in the j’th block, and 0 elsewhere.
This means that we can write it as
03---0®[T(b))|s ©0---0.

On the other hand, [T1 © T2 @ ... D T,](5,,5,.,...,8,) is a matrix of the same
size, and the corresponding column to that of the above is

(T1eTe..0T,) 08 - 08b;®0---0)|5, 5, 5.
=[0®--08T(b;) 00|55, 5,
=0@---0@ [T(b;)]s, ©0---0.

Here b; occurs as the i'th summand. This is clearly the same as what we
computed for the right hand side above.

Exercise 5.13: Eigenvectors of direct sums

Assume that T7 and T, are matrices, and that the eigenvalues of T} are equal
to those of T5. What are the eigenvalues of 77 @ 75?7 Can you express the
eigenvectors of T7 @ Ts in terms of those of T7 and 157

Solution. Assume that A is an eigenvalue common to both 7} and 75. Then
there exists a vector vy so that Tyv; = Avq, and a vector vg so that Thvy = Avs.
We now have that

(Th & Ta)(v1 B v2) = (1(;1 792) (2;)
(i) - ()
- (Z;) = A(v1 ® v2).

This shows that A is an eigenvalue for A also, and that v @ vs is a corresponding
eigenvector.

Exercise 5.14: Invertibility of direct sums

Assume that A and B are square matrices which are invertible. Show that A® B
is invertible, and that (A® B)™' = A1 @ B~ L.

Solution. We have that
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(A®B)A ' @B ) = (‘3 Jg) (A(;l Bol>

_ (A4t 0 N (T o\ _,
“Lo BB " \o 1)”

where we have multiplied as block matrices. This proves that A @ B is invertible,
and states what the inverse is.

Exercise 5.15: Multiplying direct sums

Let A, B,C, D be square matrices of the same dimensions. Show that (A @
B)(C & D) = (AC) & (BD).

Solution. We have that

(A@ B)(C® D) = (‘3 Jg) (g g) - (AOC BOD> — (AC) & (BD)

where we again have multiplied as block matrices.

Exercise 5.16: Finding N

Assume that you run an m-level DWT on a vector of length . What value of
N does this correspond to? Note that an m-level DWT performs a change of

coordinates from ¢, to (¢do, %o, Y1, -, Ym—2,Vm_1)-

Exercise 5.17: Different DWTs for similar vectors

In Figure 5.1 we have plotted the DWT’s of two vectors &1 and x5. In both
vectors we have 16 ones followed by 16 zeros, and this pattern repeats cyclically
so that the length of both vectors is 256. The only difference is that the second
vector is obtained by delaying the first vector with one element.

You see that the two DWT’s are very different: For the first vector we see
that there is much detail present (the second part of the plot), while for the
second vector there is no detail present. Attempt to explain why this is the case.
Based on your answer, also attempt to explain what can happen if you change
the point of discontinuity for the piecewise constant function in Figure 5.20(a)
in the compendium to something else.

Exercise 5.18: Plotting the DWT on a sound

Run a 2-level DWT on the first 2!7 sound samples of the audio file castanets.wav,
and plot the values of the resulting DWT-coefficients. Compare the values of
the coefficients from Vj with those from Wy and Wj.
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Figure 5.1: 2 vectors &1 and x5 which seem equal, but where the DWT’s are
very different.

Solution. The following code achieves this:

[x, fs] = audioread(’sounds/castanets.wav’);
newx = DWTImpl(x(1:2717,1), 2, @DWTKernelHaar);
plot(newx(1:2717,1))

axis([0 2717 -1 11);

The values from V; corresponds to the first 1/4 values in the plot, the values
from Wy corresponds to the next 1/4 values in the plot, while the values from
W1 correspond to the last 1/2 of the values in the plot.

Exercise 5.19: Zeroing out DWT coefficients

In this exercise we will experiment with applying an m-level DWT to a sound
file.

a) Write a function playDWT which takes m, a DWT kernel £, an IDWT kernel
invf, and a variable lowres as input, and

e reads the audio file castanets.wav,

e performs an m-level DWT to the first 2!7 sound samples of x using the
function DWTImpl with DWT kernel f,

e sets all wavelet coefficients representing detail to zero if lowres is true
(i.e. keep only the coordinates from ¢y in the basis (¢o, Yo, ¥1, - - -, Ym—2, Vm-1)),

e sets all low-resolution coefficients to zero if lowres is false (i.e. zero out
the coordinates from ¢ and keep the others),

o performs an IDWT on the resulting coefficients using the function IDWTImpl
with IDWT kernel invf,

e plays the resulting sound.
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b) Do the sound samples returned by playDWT lie in [—1,1]?

Solution. There is no reason to believe that sound samples returned by the
function lie in [—1,1]. you can check this by printing the maximum value in the
returned array on screen inside this method.

c¢) Run the function playDWT with DWTKernelHaar and IDWTKernelHaar as
inputs, and for different values of m, with ‘lowres‘ set to true (i.e. with the low-
resolution approximation chosen). For which m can you hear that the sound gets
degraded? How does it get degraded? Compare with what you heard through
the function playDFT in Example 2.27 in the compendium, where you performed
a DFT on the sound sample instead, and set some of the DFT coefficients to
zZero.

Solution. For m = 2 we clearly hear a degradation in the sound. For m = 4
and above most of the sound is unrecognizable.

d) Repeat the listening experiment from c., but this time with lowres set to
false (i.e. keep only the detail from Wy, Wiy, .... What kind of sound do you
hear? Can you recognize the original sound in what you hear?

Solution. The following code achieves the task

function playDWT(m, f, invf, lowres)
[x fs] = audioread(’sounds/castanets.wav’);

N=2717;
x = DWTImpl(x(1:N,:), m, £);
if lowres

x((N/2"m+1) :N, :) = 0;
else

x(1:(N/2°m), :) = 0;
end

x = IDWTImpl(x, m, invf);
playerobj = audioplayer(x, fs);
playblocking(playerobj) ;

Exercise 5.20: Construct a sound

Attempt to construct a (nonzero) sound where the function playDWT form the
previous exercise does not change the sound for m = 1, 2.

Exercise 5.21: Exact computation of wavelet coefficients 1

Compute the wavelet detail coefficients analytically for the functions in Exam-
ple 5.20 in the compendium, i.e. compute the quantities wyy, , = fON F &) n(t)dt
similarly to how this was done in Example 5.21 in the compendium.
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Solution. Note first that, similarly to the computation in Exercise 5.7, we
have that

N (n+1/2)2~™ (n41)2~™
— m/2 _
/0 F@)Yman(t)dt =2 (/n fl)de /( f(t)dt) .

2-m n+1/2)2-m

With f(t) =1 —2|1/2 — t/N| we have two possibilities: when n < N2m~1
we have that [n27™,(n+1)27™) C [0, N/2], so that f(t) = 2¢/N, and we get

(n+1/2)2=™ (n41)2™™
Wy gy = 2™/ / 2t/th7/ 2t /Ndt
n (

2-m n+1/2)2-m

- Qm/2[t2/N](n+1/2)2‘m _ 2m/2[t2/N](n+1)2_m

n2-m (n+1/2)2-m
2—3m/2 2—3m/2—1
=% (2(n+1/2)> —n® — (n+1)%) = N
me . N
When n > N2™~! we have thft {(t) =2-2t/N, and using that [ ¢, . (t)dt =0
we must get that wy, , = %

For f(t) =1/2+ cos(2nt/N)/2, note first that this has the same coefficients
as cos(2wt/N)/2, since fON Ym.n(t)dt = 0. We now get

(nt1/2)2™™ (n+1)27™
Wi, = 22 / cos(2mt/N)/2dt —/ cos(2nt/N)/2dt

2-m (n+1/2)2—m

= 22N sin(2mt/N) /(4m)| 0550/ — 2m2[N sin(2nt /N) /(47| ()5 00
2m/2—2N

D— (2sin(27(n + 1/2)27™/N) — sin(2rn2~™/N) — sin(2r(n + 1)27™/N)) .

There seems to be no more possibilities for simplification here.

Exercise 5.22: Exact compution of wavelet coefficients 2

Compute the wavelet detail coefficients analytically for the functions f(t) = (&) F

i.e. compute the quantities wy, , = fON (%)k Ym.n (t)dt similarly to how this was
done in Example 5.21 in the compendium. How do these compare with the
coefficients from the Exercise 5.217

Solution. We get
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(n+1/2)2=™ (n+1)2=™
Wi = 2™/ / (t/N)rdt — / (t/N)Edt

9-m (n+1/2)2-m
- n+1/2)27™ 3 n+1)27"
= 2" (G DN = B (R DN
2—m(k}+1/2)

= G G125 et - (e F).

The leading term n**! will here cancel, but the others will not, so there is no
room for further simplification here.

Exercise 5.23: Computing the DWT of a simple vector

Suppose that we have the vector  with length 2'0 = 1024, defined by z,, = 1
for n even, z,, = —1 for n odd. What will be the result if you run a 10-level
DWT on «? Use the function DWTImpl to verify what you have found.

Hint. We defined ¢ by 1(t) = (¢1.0(t) — ¢1.1(t))/v/2. From this connection it

follows that 19 ,, = ($10,20 — P10,20+1)/ V2, and thus ¢10.20 — P10,2n41 = V2¢g -
Try to couple this identity with the alternating sign you see in x.

Solution. The vector « is the coordinate vector of the function f(t) =

Eiojg(—l)"%o,n in the basis ¢ for Vig. Since ¢10.2n — P10,20+1 = V209 0,
we can write f(t) = Z:L()jg V299 .. Since a 10-level- DWT gives as a result the

coordinate vector of f in

(b0, Yo, Y1, P2, 93,4, 5, Y6, Y7, s, 99),

(the DWT is nothing but the change of coordinates from ¢1o to this basis), and
since f(t) = 271,0228 V2109 , it is clear that the coordinate vector of f in this
basis has v/2 in the second part (the 1pg-coordinates), and 0 elsewhere. The
10-level DWT of x therefore gives the vector of length 1024 which is 0 on the
first half, and equal to v/2 on the second half. m = 10 is here arbitrarily chosen:
The result would have been the same for m = 1, m = 2, and so on. The following
code verifies the result:

DWTImpl (repmat([1; -1],512,1), 10, @DWTKernelHaar)

Exercise 5.24: The Haar wavelet when N is odd

Use the results from Exercise 5.8 to rewrite the implementations DWTKernelHaar
and IDWTKernelHaar so that they also work in the case when N is odd.
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Solution. The following code can be used.

function x = DWTKernelHaar (x)
x = x/sqrt(2);
N = size(x, 1);
if mod(N,2) == 1
x(1:2, ) =[x, D +=x(2, ) - xW, ); x@, ) - x(2, ) - x(N, )];
x(N, :) = 2*xx(N, :);
else
x(1:2, ) = [x(1, ) + x(2, ); x(@, ) - x(2, )I;
end
for k = 3:2: (N-1)
x(k: (&k+1), :) = [x(k, ) + xk+1, :); xk, ) - xk+1, :)];
end

Exercise 5.25: in-place DWT

Show that the coordinates in ¢, after an in-place m-level DWT end up at
indices k2™, k =0,1,2,.... Show similarly that the coordinates in ), after an
in-place m-level DWT end up at indices 2™~ ! + k2™, k = 0,1,2,.... Find these
indices in the code for the function reorganize_coefficients.

Exercise 5.26: The sample values are coordinates

Show that, for f € V we have that [f]e, = (f(0), f(1),..., f(N —1)). This
generalizes the result for piecewise constant functions.

Solution. Let us write f(t) = Zf;ol Cnon(t). If k is an integer we have that
N-1 N-—1
F) =" cndon(k) =D catp(k —n).
n=0 n=0

Clearly the only integer for which ¢(s) # 0is s = 0 (since ¢(0) = 1), so that the
only n which contributes in the sum is n = k. This means that f(k) = cx, so

that [flg, = (£(0), f(1),..., f(N —1)).

Exercise 5.27: Computing projections

In this exercise we will show how the projection of ¢; ; onto Vj can be computed.
We will see from this that it is nonzero, and that its support is the entire [0, N].
Let f = projy,é1,1, and let z,, = f(n) for 0 < n < N. This means that, on
(n,n+1), f(t) = 0 + (Tng1 — @0)(t — n).

a) Show that f:“ f@)2dt = (22 + @y +22,)/3.
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Solution. We have that

n+1 n+1 1
/n F(t)2dt = /n (@n + (st — 20)(t — 1)) 2dt = /0 (0 + (211 — 20)0)2dt

1

= / (22 + 22, (Tpy1 — To)t + (Tpy1 — 2)t?)dt

0
= [xit + 2 (Tpyr — )2+ (Tpyr — xn)2t3/3](1)
1

= xi + 2n(Tnt1 — Tn) + (Tny1 — 95n)2/3 = g(ffi + TpnTpy1 + 35121+1)'
b) Show that

1/2 1 1

/ (3?0 + (l‘l — xo)t)qbl,l(t)dt = 2\/5 —x0+ —I1
o 12707 21

1
/1/2(330 + (z1 — 20)t) P11 (t)dt = 2v/2 (2143:0 + 112x1> .

Solution. We have that

1/2
/0 (20 + (1 — 70)t)br.1 () dt
1/2 1/2
= / (zo + (z1 — x0)t)2V/2tdt = 2\/5/ (zot + (21 — x0)t?)dt
0

1/2

1
2\f{ zot? +3

_2f< m0+214 )

In the same way

(21 — zo)t?’} =2V2 ( o + 214 (z1 — xo)))

0

/1 (30t (o

= /1 (IO + (:l?l - .To) )2\/>(1 —t tdt = 2\/>/ IQ —|— Ty — 21}0)t — (1‘1 — 1‘0) )tdt
1/2

1
= 2\@ |:.%‘0t + §($1 — 2I0)t2 — 5(1}1 — xo)t3:|

=2V2 (xo + 112 1) .

—zf( x0+:( ) — 274@1—950))

1/2
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c) Use the fact that

/0 (f1(t an¢0n

n=0
1

1 1/2
:/ ¢171(t)2dt—2/ (w0 + (21 —xo)t)¢1,1(t)dt—2/ (20 + (1 — wo)t) 11 (1)dt
0 0 1/2
N-1 n+1
+> / (Zn + (Tn_1 — xn)t)2dt
n=0"Y"

and a) and b) to find an expression for ||¢1,1(t) — Zﬁf 01 Tndo.n(t)|*

Solution. Using a) and b) we see that the above can be written as

N-1

2 1, , 1 1
37 nz:: 3@+ nni ) - (2\[ (mo ot ) 22 (% TR ))

N—
2 2 V2
= 5 g Z + — Z TpLpy1 — (xo + .1‘1)

d) To find the minimum least squares error, we can set the gradient of the
expression in c. to zero, and thus ﬁnd the expression for the projection of ¢ ;
onto V. Show that the values {a:n 0 can be found by solving the equation
Sx = b, where S = £{1,4,1} is an N x N symmetric filter, and b is the vector

with components by = b; = \/5/27 and b, = 0 for k > 2.

Solution. We see that the partial derivatives of the function in c. are

of 1 4 1 V2
dzy _ 3TNTIT RO

of 1 4 1 V2

:*I‘0+*$1+*1’177

o0x1 3 3 3 2
0 1 4 1 .
Bxfﬂ :gxi—1+§$i+§zi+1 2<i<N-—-1
of 1, 41
= —IN_ —TN— —X0.
Ben_y  3N-2 Tt gIN-1F 30

Moving the two terms % over to the right hand side, setting the gradient equal
to zero is the same as solving the system Sa = b which we stated.

e) Solve the system in d. for some values of N to verify that the projection of
¢1,1 onto Vj is nonzero, and that its support covers the entire [0, N].
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Solution. The following code can be used

N = 16;
S=zeros(N) ;
S(1,N)=1/3; S(1,1)=4/3; S(1,2)=1/3; % First row
for k=2:(N-1)

S(k, (k-1):(k+1)) = [1/3 4/3 1/3];
end
S(N,N-1)=1/3; S(N,N)=4/3; S(N,1)=1/3; % Last row
b=zeros(N,1); b(1)=sqrt(2)/2; b(2)=sqrt(2)/2;
plot(0: (N-1),S\b) %Plots the projection

Exercise 5.28: Non-orthogonality for the piecewise linear
wavelet

Show that

<¢O,n;¢0,n> =5

1
3 (0,n, Pont1) = 5 (0,n, P0,n+k) = 0 for k> 1.

As a consequence, the {¢g .} are neither orthogonal, nor have norm 1.

Solution. We have that

n+1
<¢)0,n7 ¢O,n> = / (1 — |t — n\)th

n—1
n+1
:/ (1 -2t —n|+(t—n)?)dt
n—1
n+1 9

=2-2+ B(t—n)?’Ll =

We also have

n+1

1
(G0, Pont1 = / (1—(t—n)(1+(t—n—1))dt = /O (1—w)(1+u—1)du

= /Ol(t—tz)dt =

Finally, the supports of ¢g, and ¢g ,+x are disjoint for k > 1, so that we must
have (@on, ¢onek) = 0 in that case.

1

DN =
Wl =

Exercise 5.29: Wavelets based on polynomials

The convolution of two functions defined on (—o0, 00) is defined by
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(f % g)(x) = / ¥ g — bt

Show that we can obtain the piecewise linear ¢ we have defined as ¢ = x[_1/2,1/2)*
X[-1/2,1/2) (recall that x[_1/2,1/2) is the function which is 1 on [-1/2,1/2) and
0 elsewhere). This gives us a nice connection between the piecewise constant
scaling function (which is similar to x[_1/2,1/2)) and the piecewise linear scaling
function in terms of convolution.

Solution. We have that

X[=1/2,1/2) * X[=1/2,1/2)(T) = / X[=1/2,1/2)(£)X[=1/2,1/2)(x — t)dL.
The integrand here is 1 when —1/2 < t < 1/2 and —1/2 < z —t < 1/2, or
in other words when max(—1/2,—1/2 + z) < t < min(1/2,1/2 + x) (else it is
0). When z > 0 this happens when —1/2 + 2z < ¢ < 1/2, and when = < 0 this
happens when —1/2 < ¢ < 1/2 + x. This means that

1/2
X[—1/2.1/2) * X]—1/2.1/2)(x) = f—1/2+xdt:1_x , x>0
(-1/2,1/2) [-1/2,1/2) f_lﬁ-;zdtzl_'_x <.

But this is by definition ¢.

Exercise 5.30: Two vanishing moments

In this exercise we will show that there is a unique function on the form fiven by
Equation (5.36) in the compendium which has two vanishing moments.

a) Show that, when ¥ is defined by Equation (5.36) in the compendium, we
have that

—at — « for —1<t<0
24+a-P0)t—a for0<t<1/2
Pty =S (a—B-2t—a+2 forl/2<t<1
Bt — 283 for1<t<2
0 for all other ¢

Solution. The function ’(/AJ is a sum of the functions ¥ = ¢1,1, ¢, and ¢,
(i.e. we have set n = 0 in Equation (5.36) in the compendium). All these are
continuous and piecewise linear, and we can write
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2t 0<t<1/2
Pra(t)=<¢2-2t 1/2<t<1
0 elsewhere

1+t —-1<t<0
pt)t)=<¢1—-t 0<t<1

0 elsewhere

t 0<t«1
Poa(t)=R2—-t 1<t<2.

0 elsewhere

It follows that 1/3(t) = ¢1,1(t) — ag(t) — B¢11 is piecewise linear, and linear on
the segments [—1,0], [0,1/2], [1/2,1], [1,2].

On the segment [—1, 0] only the function ¢ is seen to be nonzero, and since
#(t) = 1+t here, we have that {(t) = —a(1 +t) = — — ot here.

On the segment [0,1/2] all three functions are nonzero, and

$1,1(t) =2t
p(t)(t) =1-1
Goq1(t) =t

on this interval. This means that () = 2t —a(1 —t) — ft = (2+ o — B)t —
on [0,1/2].
On the segment [0,1/2] all three functions are nonzero, and

pr11(t)=2—2t
p)(t)=1-1
Po(t) =t

on this interval. This means that ¢ (t) = 2—2t—a(1—t)—ft = (a—S—2)t —a+2
on [1/2,1].

On the segment [1,2] only the function ¢g 1 is seen to be nonzero, and since
$o.1(t) = 2 —t here, we have that ¢)(t) = —3(2 —t) = 8t — 28 here. For all other
values of ¢, 1& is zero. This proves the formulas for 1& on the different intervals.

b) Show that
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Solution. We can write

N R 2 R 0 R 1/2 R 1 R 2 R
/7WW:/¢@ﬁ:/wMﬁ+ D(t)dt + 1WW+/¢@&
0 —1 —1 0 1/2 1

0 1/2
:/ (—a—at)dt—i—/o 2+a—pB)t —a)dt

—1

1 2
+:Kﬂ«a B —2)t a+2yﬁ+:ﬁ(6t 23)dt
1, 0 1 , 1/2
= [at2at }_1+ [2(2+aﬂ)t atL
1 ! 1 2
+{%a—5—2ﬁ?+@—aﬁ} +[2m2—uﬂ
1/2 1

(2-a)+ 5628

:—a+1a+f(2+a—ﬁ)—1a+§(a—ﬁ—2)+%

2 8

fON tz/?(t)dt is computed similarly, so that we in the end arrive at i - B.

¢) Explain why there is a unique function on the form given by Equation (5.36)
in the compendium which has two vanishing moments, and that this function is
given by Equation (5.38) in the compendium.

Solution. The equation system

1
5 -a—B=0

1
g7 P=0

has the unique solution a = 8 = %7 which we already have found.

Exercise 5.31: Implement finding @ with vanishing mo-
ments

In the previous exercise we ended up with a lot of calculations to find «, 8 in
Equation (5.36) in the compendium. Let us try to make a program which does
this for us, and which also makes us able to generalize the result.

a) Define

1 2 1
ap = / th(1 = |t))dt, bp = / th (1 — |t —1))dt, ex = / th(1 — 2|t — 1/2|)dt,
1 0 0
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for £ > 0. Explain why finding «, # so that we have two vanishing moments
in Equation (5.36) in the compendium is equivalent to solving the following

equation:
an bo a) (€
ap b B \er

Write a program which sets up and solves this system of equations, and use this
program to verify the values for a, 8 we previously have found.

Hint. you can integrate functions in Matlab with the function quad. As an
example, the function ¢(¢), which is nonzero only on [—1, 1], can be integrated
as follows:

quad(@(t)t. k.*(1-abs(t)),-1,1)

Solution. In order for ¢ to have vanishing moments we must have that
J(t)dt = [tp(t)dt = 0 Substituting ¢ = ¢ — ageo — Beo1 we see that,
for k =0,1,

/tk (o0 + Beo,1) dt = /tkz/)(t)dt.

The left hand side can here be written

/tk (o0 + Bo,1) dt = a/tk%,odt + 5/tk¢0,1(t)dt
1 2
:a/ th(1—|thdt + B [ t*(1 — |t — 1|)dt = aay + Bby.
-1 0
The right hand side is

/tkz/}(t)dt = /t%l,l(t)dt :/0 (1—2[t —1/2))dt = ey

The following program sets up the corresponding equation systems, and solves it
by finding «, 5.

A = zeros(2);
b = zeros(2, 1);
for k = 0:1

Ak + 1, :) = [quad(@(t)t. k.*x(1 - abs(t)), -1, 1)...
quad(@(t)t. k.*(1 - abs(t - 1)), 0, 2)];
b(k + 1) = quad(@(t)t. k.*(1 - 2*xabs(t - 1/2)), 0, 1);
end
A\b;
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b) The procedure where we set up a matrix equation in a) allows for generaliza-
tion to more vanishing moments. Define

b =0, — adoo — Bdo,1 — VPo,—1 — o2 (5.5)
We would like to choose «, 3,7, so that we have 4 vanishing moments. Define
also

0 3
gk = / th(1 — |t + 1])dt, dy, = / th(1 — |t —2|)dt
—2 1

for k > 0. Show that «, 3,7, must solve the equation

ap bo go do @ €o
ap by g1 di Bl _|e
az b g2 da v N ez |’
az by g3 ds d e3

and solve this with your computer.
Solution. Similarly to a), Equation (5.5) in the compendium gives that

/tk (ago,0 + Boo,1 +vdo,—1 + do2) dt = /tkw(t)dt.

The correspodning equation system is deduced exactly as in a). The following
program sets up the corresponding equation systems, and solves it by finding

a»ﬁa’Yva'

A = zeros(4);
b = zeros(4, 1);
for k = 0:3

Ak + 1, :) = [quad(@(t)t. k.*(1 - abs(t)), - 1, 1)...
quad(@(t)t. k.*(1 - abs(t - 1)), 0, 2)...
quad(@(t)t. k.*(1 - abs(t + 1)), -2, 0)...
quad(@(t)t. k.*(1 - abs(t - 2)), 1, 3)];
b(k + 1) = quad(@(t)t. k.*(1 - 2*xabs(t - 1/2)), 0, 1);
end
coeffs=A\b;

c) Plot the function defined by (5.5) in the compendium, which you found in b.

Hint. If t is the vector of t-values, and you write
(t >= 0).x(t <= 1).%(1-2*abs(t-0.5))

you get the points ¢q 1(t).

Solution. The function ¢) now is supported on [—2, 3], and can be plotted as
follows:
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t=linspace(-2,3,100);

plot(t, ( t>= 0).*(t <= 1).x(1-2xabs(t - 0.5)) ...
-coeffs(1)*(t >= -1).*%(t <= 1) .*x(1 - abs(t))...
—coeffs(2)*(t >= 0).*%(t <= 2).*(1 - abs(t - 1))...
-coeffs(3)*(t >= -2).x(t <= 0).*(1 - abs(t + 1))...
—coeffs(4)*(t >= 1).%(t <= 3).*(1 - abs(t - 2)))

% Exercise 6.1.10a
g1=IDWTImpl ([-coeffs(1);-coeffs(2);-coeffs(4);0;0;0;0;-coeffs(3);...

1; 0; 0; 0; 0; 0; O0; 0], 1, @IDWTKernelpwlO, O);
gl = [g1(14:16); g1(1:6)]; % Compact filter notation

d) Explain why the coordinate vector of ¥ in the basis (o, Wo) is

~

[w}(lﬁo,wo) = (—Oé7 —ﬁ, —(5,07 e ,0 — ’7) @ (1,07 .. ,0)

Hint. You can also compare with Equation (5.41) in the compendium here.
The placement of —y may seem a bit strange here, and has to with that ¢g _; is
not one of the basis functions {qﬁoﬂ,}ﬁ;ol. However, we have that ¢g _1 = ¢o N1,
ie. ¢(t+1)=¢(t — N + 1), since we always assume that the functions we work
with have period N.

e) Sketch a more general procedure than the one you found in b., which can be

used to find wavelet bases where we have even more vanishing moments.

Solution. If we define

K
b = o — Z (ardo,—k — BrPok+1) »
k=0

we have 2k unknowns. These can be determined if we require 2k vanishing
moments.

Exercise 5.32: 1 for the Haar wavelet with two vanishing
moments

Let ¢(t) be the function we used when we defined the Haar-wavelet.

a) Compute projy, (f(t)), where f(t) = ¢*, and where f is defined on [0, N).

b) Find constants «, (3 so that 1(t) = 1 (t) —apo o (t) — Beo.1(t) has two vanishing
moments, i.e. so that (¢,1) = 0, and (1), ) = 0. Plot also the function .

Hint. Start with computing the integrals [ ¢ (¢)dt, [t (t)dt, [ ¢o,0(t)dt, [ ¢o,1(t)dt,
and [ téoo(t)dt, [t (t)dt.

c) Express ¢ and ’(/AJ with the help of functions from ¢, and use this to write
down the change of coordinate matrix from (¢o, o) to ¢;.
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Exercise 5.33: More vanishing moments for the Haar wavelet

It is also possible to add more vanishing moments to the Haar wavelet. Define

Y =100 — aopoo — " — Ak—100k—1-
141 ,, 1,,

Define also ¢,; = [, t"dt, and e, = [ t"(t)dt.
a) Show that ¢ has k vanishing moments if and only if ag, ..., ar_; solves the
equation

€0,0 €1t Cok—1 ao €o

C1,0 C1,1 to Cl,k—1 ay €1

. = . (5.6)
Ck—1,0 Ck—1,1 *°° Ck—1,k—1 Ak—1 €k—1

b) Write a function vanishingmomshaar which takes k as input, solves Equation
(5.6) in the compendium, and returns the vector a = (ag, a1, ..., a5—1)-

Exercise 5.34: Listening experiments

Run the function playDWT for different m for the Haar wavelet, the piecewise
linear wavelet, and the alternative piecewise linear wavelet, but listen to the
detail components Wy & W1 & - - - & W, instead. Describe the sounds you hear
for different m, and try to explain why the sound seems to get louder when you
increase m.

Solution. The following code can be used:

playDWT (m, @DWTKernelHaar, @IDWTIKernelHaar, O0);
playDWT(m, @DWTKernelpwlO, Q@IDWTKernelpwlO, 0);
playDWT (m, @DWTKernelpwl2, Q@IDWTKernelpwl2, O0);

Exercise 5.35: Prove expression for S,

Prove Theorem 5.43 in the compendium. Use the proof of Theorem 4.9 in the
compendium as a guide.

Solution. We compute
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Zo
TN_2 Zo TN-2 xo
Sy = (51 S2) |an_1| =5 + 52 =51 +(S2)
TN-2 IN_1 1 TN-1
T
Zo Zo
=S| [+ (S 0 | =i+ (0 (S)f 0))e,
TN—-1 TN-1

so that S, = 51+ (0 (S2)7&0).

Exercise 5.36: Orthonormal basis for the symmetric exten-
sions

In this exercise we will establish an orthonormal basis for the symmetric ex-
tensions, as defined by Definition 5.42 in the compendium. This parallels
Theorem 4.6 in the compendium.

a) Explain why, if £ € R?N~2 is a symmetric extension (according to Defini-
tion 4.1 in the compendium), then (Z), = z,e”™", where z is a real vectors
which satisfies z,, = zany—2_n,

Solution. Using Theorem 4.3 in the compendium with d = N — 1 and with
2N — 2 for N, we obtain that

—2midn /(2N —2) —27mi(N—-1)n/(2N—-2) _ 2 e—ﬂin
= Zn )

(@),, = zne = zpe€

where z is a real vectors which satisfies z,, = zany_2_p,.-

b) Show that
1 N-2
{60, {\/i(ei + 62N—2—i)}n_1 ,€N—1} (5.7)

is an orthonormal basis for the vectors on the form Z with & € R2N-2 g

symmetric extension.

Solution. Clearly these vectors are an orthonormal basis for the set of vectors
where z, = zany_2_p,. The vectors from a) are obtained by multiplying these
with e=™". But the orthonormality of these vectors are not affected when we
multiply with e=™", so we may skip this.

€

TN—-2
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c) Show that

1 0
I Ir——
2N—2COS< 7T2N72k

1 n N2
————cos [ 2r——k
(e ()}
1 N -1
—_— 2n—k 5.8
2N—2COS<F2N2) (5.8)
is an orthonormal basis for the symmetric extensions in R?N =2

Solution. We compute the IDFT for all vectors in (b). Since the IDFT is

unitary, this will give us an orthonormal basis for the symmetric vectors in
R2N-2 Since (Fn)" ¢, = e, we get that

1 0
H, _ 4 _
(Fn)"eo=¢o = Nk <27r2N — 2k>

1

(Fx) (\}5@” + eQN_g_n)) = s (Bt fax 2 0)

_ 1 1 (eZTrikn/(QN—Q)+e—2ﬂikn/(2N—2)>
22N —2
1 n
N—1COS( "IN 2 )
1 N -1
Fy)fey_1 = = — 2 k.
(Fn)"en—1=¢Nn_1 2N2COS<W2N—2>

These coincide with the vectors listed in the exercise.

d) Assume that S is symmetric. Show that the vectors listed in (5.8) in the
compendium are eigenvectors for S,., when the vectors are viewed as vectors in
R, and that they are linearly independent. This shows that S, is diagonalizable.

Solution. Since S is symmetric, it preserves vectors which are symmetric
around N — 1. In the frequency domain, applying S to a vector listed in (5.8) in
the compendium corresponds to multiplying the vectors listed in Equation (5.7)
in the compendium with the frequency response. Since this does not introduce
any more components, it is clear that the new vector must be a multiplum of the
same vector, so that these vectors indeed are eigenvectors. But then the vectors
restricted to RY are also eigenvectors for S,., since this is simply S when viewed
on the first N elements. Since the vectors in R?V =2 are linearly independent, it
is imemdiate that the corresponding vectors in RY also are linearly independent,
since the second part of the vectors mirror the first part.
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Exercise 5.37: Diagonalizing S,

Let us explain how the matrix S, can be diagonalized, similarly to how we
previously diagonalized using the DCT. In Exercise 5.36 we showed that the

vectors
N-1
(on—"k (5.9)
cos 9N —2 L .

in RY is a basis of eigenvectors for S, when S is symmetric. S, itself is not
symmetric, however, so that this basis can not possibly be orthogonal (S is
symmetric if and only if it is orthogonally digonalizable). However, when the
vectors are viewed in R?V~2 we showed in Exercise 5.36c) an orthogonality
statement which can be written as

2N-3 2 ifng =ny € {0,N -1}
1 o _ _ . . B
Z cos<27r2N_2k)c05( 2N_2k:>_(N 1)xq1 ifny=ny & {0,N—1}.
=0 0 if nq 75’112
(5.10)

a) Show that

1 ifnlanE{O,N—l}
(N—].)X % 1fn1:n2§§{0,N—1}
0 if’fll%’ﬂg
1 n1 1 N2
— il 2 .
2 ( TON —2 0>\/§COS<W2N—2 0)
N-2 n n
1 2
—&—;cos( N_Qk)cos<27r2N_2k>
1

+ 75 08 (27r2N sV - 1))\}5c08(27r2]\722(1\7—1)>-

Hint. Use that cosz = cos(2m — ) to pair the summands k and 2N — 2 — k.

Solution. Using that cosz = cos(2m — x) we can here pair the summands &
and 2N — 2 — k to obtain
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2N-3 n
2
Z cos <27T 5N — 2k:) cos (27T2N2k)

k=0

na
= 2 2 .
COS(?TQN )COS(T(QNQ O)

N-2 n
2 k 2 2k
+ klcos( 2N—2>COS<7T2N_2>

+ cos <27T2N1_2(N—1)> (27T2N_2(N—1)>.

If we divide by 2 and combine these equations we get the result.
Now, define the vector dg,l ) as

1 n N=2 n
dp, —cos | 2mr——— -0 k ,—=cos | 2n—— (N — 1 ,
’N<ﬂc°s<”2N—2 ) o (v t)} e (w5 ))>

and define dé{)N = dS\I,)_LN =1/v/N -1, and dg}N =+/2/(N —1) when n > 1.
The orthogonal N x N matrix where the rows are dg) is called the DCT-I,

and we will denote it by Dg\l,). DCT-I is also much used, just as the DCT-II of
Chapter 4 in the compendium. The main difference from the previous cosine
vectors is that 2N has been replaced by 2N — 2.

b) Explain that the vectors dg ) are orthonormal, and that the matrix

/v2 0 -~ 0 0 1/vV2 0 0 0
: 0 1 -~ 0 0 0 1 0 0
| | (s (emash)) | z
0 0 --- 1 0 0 0 1 0
0 0 -~ 0 1/V2 0 0 0 1/V2
is orthogonal.
—1
c) Explain from b. that (cos (27rﬁk)) can be written as
/2 0 - 0 0 1/2 0 0 0
) 0 1 -~ 0 0 0 1 0 0
|t | (s (omamsk)) | 1 :
0 0 -~ 1 0 0 0 1 0
0 0 -~ 0 1/2 0 0 0 1/2

With the expression we found in c., .S, can now be diagonalized as
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(cos (2m555k) ) D (cos (Zwﬁk))_l .



Chapter 6

The filter representation of
wavelets

Exercise 6.1: Compute filters and frequency responses 1

Write down the corresponding filters Gy og G for Exercise 5.32. Plot their
frequency responses, and characterize the filters as lowpass- or highpass filters.

Exercise 6.2: Symmetry of MRA matrices vs. symmetry of
filters 1

Find two symmetric filters, so that the corresponding MRA-matrix, constructed
with alternating rows from these two filters, is not a symmetric matrix.

Solution. You can set for instance Hy = {1/4,1/2,1/4}, and Hy = {1} (when
you write down the corresponding matrix you will see that Ag; =1/2, A1 =0,
so that the matrix is not symmetric)

Exercise 6.3: Symmetry of MRA matrices vs. symmetry of
filters 2

Assume that an MRA-matrix is symmetric. Are the corresponding filters Hy,
Hy, Gy, G also symmetric? If not, find a counterexample.

Solution. The Haar wavelet is a counterexample.

Exercise 6.4: Finding H,, H, from the H
Assume that one stage in a DWT is given by the MRA-matrix

95
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1/5 1/5 1/5 0 0 0 0 1/5 1/5

~1/3 1/3 -1/3 0 0 0 0 0 0

g |15 15 15 15 1/5 0 -~ 0 0 0
0 ---0 0 0

0 0o -1/3 1/3 -1/3
Write down the compact form for the corresponding filters Hy, Hy, and compute
and plot the frequency responses. Are the filters symmetric?

Solution. We have that Hy = ${1,1,1,1,1}, and H; = ${-1,1,—1}. The
frequency responses are

1o 1., 1 1 .1 o
)\HO (w) - 362’;0) + gelw + g + ge_lwge—mw
2 2 1
= cos(2w) + £ cosw + R
A, (w) = low L 1w 2 oL
H,\W) = 36 3 36 = 3 w 3

Both filters are symmetric.

Exercise 6.5: Finding G, G; from the G
Assume that one stage in the IDWT is given by the MRA-matrix

1/2 —-1/4 0 0
1/4 3/8 1/4 1/16
0 —1/4 1/2 —1/4
0 1/16 1/4 3/8
o 0 0 —1/4
o 0 0 1/16
o 0 0 0

o 0 0 0
1/4 1/16 0 0

Write down the compact form for the filters Go, G1, and compute and plot the
frequency responses. Are the filters symmetric?

Solution. We have that Go = {1/4,1/2,1/4}, and G1 = {1/16,—1/4,3/8,-1/4,1/16}.
The frequency responses are
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1, 1 —tw
)\G0 (CLJ) = Zelw + 5 + Ze
1 1
=3 cos(w) + 5
1 1w 1 w 3 1 —iw 1 —2iw
Ag, (W) = Eez ~ 7€ + 3 1€ T 2
1 1 3
= gcos(2w) — 5 Cosw + 3

Both filters are symmetric.

Exercise 6.6: Finding H from H,, H,

Assume that Hy = {1/16,1/4,3/8,1/4,1/16}, and H; = {-1/4,1/2,—1/4}.
Plot the frequency responses of Hy and Hp, and verify that Hy is a lowpass
filter, and that H; is a highpass filter. Also write down the change of coordinate
matrix Fe, ¢, for the wavelet corresponding to these filters.

Solution. The frequency responses are

1oy Lo, 3 1 1 g0
)\HO(W) = Eemw + Zezw + g + 16 E 2
1 (2w) + 1 n 3
= - cos(2w) + - cosw + <
8 2 8
1 w 1 1 —w
Ay (W) = =€ 45— 7¢
1
. cos(w) + 3

The two first rows in Pe, ¢, are
3/8 1/4 1/16 0 --- 1/16 1/4
~1/4 1/2 -1/4 0 -~ 0 0

The remaining rows are obtained by translating these in alternating order.

Exercise 6.7: Finding G from G, G,

Assume that Gy = %{1,1, 1}, and G; = %{1,—1,1,—1,1}. Plot the frequency
responses of Gy and G, and verify that G is a lowpass filter, and that G is a
highpass filter. Also write down the change of coordinate matrix Py, ¢, for the
wavelet corresponding to these filters.
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Solution.

)‘Go (w)

Acy (w)

The two first columns in Py, ¢, are

The frequency responses are

1 . 1 1 _. 2 1
ge“"—l—g—i—ge_“”:gcosw—&—g
) 1 . 1 1 .1 ;

- 2w T iw - T —iw T —2iw
5 T5° T575° 5
2 2 1
E cos(2w) — 7 CosW + E

1/3 -1/5

1/3 1/5

0 -1/5

0 1/5

0 0

0 0

1/3 1/5
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The remaining columns are obtained by translating these in alternating order.

Exercise 6.8: Computing by hand

In Exercise 5.17 we computed the DWT of two very simple vectors &1 and xs,

using the Haar wavelet.

a) Compute Hox1, Hix1, Hoxo, and Hixo, where Hy and H; are the filters

used by the Haar wavelet.

b) Compare the odd-indexed elements in Hyx; with the odd-indexed elements
in Hyxs. From this comparison, attempt to find an explanation to why the two

vectors have very different detail components.

Exercise 6.9: Comment code

Suppose that we run the following algorithm on the sound represented by the

vector x:
N=size(x,1);
c = (x(1:2:N, :) + x(2:2:N, :))/sqrt(2);
w = (x(1:2:N, :) - x(2:2:N, :))/sqrt(2);
[c; wl;

newx =
newx = newx/max(abs(newx));
playerobj=audioplayer (newx,44100) ;
playblocking(playerobj)
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a) Comment the code and explain what happens. Which wavelet is used? What
do the vectors ¢ and w represent? Describe the sound you believe you will hear.

Solution. c¢ and w represent the coordinates in the wavelet bases ¢ and ).
The code runs a Haar wavelet transform. The sound is normalized so that the
sound samples lie in the range between —1 and 1, and the resulting sound is
played. The sound is split into two parts, and c represents a low-resolution
version of the sound (with half the number of samples), so that we first will
hear the sound played at double pace. After this we will hear the detail w in
the sound, also played at double pace. We should also be able to recognize the
sound from this detail.

b) Assume that we add lines in the code above which sets the elements in the
vector w to 0 before we compute the inverse operation. What will you hear if
you play the new sound you then get?

Solution. This corresponds to reconstructing a low-resolution approximation
of the sound.

Exercise 6.10: Computing filters and frequency responses
1

Let us return to the piecewise linear wavelet from Exercise 5.31.

a) With 1/3 as defined as in Exercise 5.31b), compute the coordinates of 1& in the

~

basis ¢1 (i.e. [¥]g,) with N =8, i.e. compute the IDWT of

~

[,(/)]((bn,'l/)o) = (—047 _67 _5a 07 07 07 07 _’Y) 2] (1’ 0) 07 07 Oa 07 07 0)7

which is the coordinate vector you computed in Exercise 5.31d). For this, you
should use the function IDWTImpl, with the kernel of the piecewise linear wavelet
without symmetric extension as input. Explain that this gives you the filter
coefficients of G1.

Solution. The code which can be used looks like this:

g1=IDWTImpl ([-coeffs(1);-coeffs(2);-coeffs(4);0;0;0;0;-coeffs(3);...
1; 0; 0; 0; 0; 0; 0; 0], 1, QIDWTKernelpwlO, O);
gl = [g1(14:16); g1(1:6)]; % Compact filter notation

Note that we have used a kernel which does not make symmetric extensions.

b) Plot the frequency response of G.

Solution. The code can look as follows:
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omega = linspace(0,2%pi,100);
plot(omega, gl(5) + gl(6)*2*cos(omega) + gl(7)*2*cos(2*omega). ..
+ g1(8)*2xcos(3*omega) + gl(9)*2*cos(4*omega))

Exercise 6.11: Computing filters and frequency responses
2

Repeat the previous exercise for the Haar wavelet as in Exercise 5.33, and plot
the corresponding frequency responses for k = 2,4, 6.

Exercise 6.12: Implementing with symmetric extension

In Exercise 3.6 we implemented a symmetric filter applied to a vector, i.e. when a
periodic extension is assumed. The corresponding function was called filterS(t,
x), and used the function conv.

a) Reimplement the function filterS so that it also takes a third parameter
symm. If symm is false a periodic extension of x should be performed (i.e. filtering
as we have defined it, and as the previous version of filterS performs it). If
symm is true, symmetric extensions should be used (as given by Definition 5.42
in the compendium).

Solution. The code can look like this:

function y=filterS(t, x, symm)
tlen = length(t); NO = (tlen - 1)/2;

N = size(x, 1);
n = size(x, 2);
if symm
y = x(NO+1):(-1):2, :) ; x; x((N-1):(-1):(N - NO), :)];
else
y = [x((N - NO + 1):N, :); x; x(1:NO, :)];
end
for k=1:n
z = conv(t, y(:,k));
x(:,k) = z((2*NO+1) : (length(z)-2*NO)) ;
end
y =%

b) Implement functions DWTKernelFilters (HO, H1, GO, G1, x, symm, dual)
and IDWTKernelFilters(HO, H1, GO, Gl1, x, symm, dual) which compute
the DWT and IDWT kernels using theorems 5.42 in the compendium and 6.5 in
the compendium, respectively. This function thus bases itself on that the filters
of the wavelet are known. The functions should call the function filter$S from
a). Recall also the definition of the parameter dual from this section.

Solution. The code can look like this:
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function x=DWTKernelFilters(HO, H1, GO, G1, x, symm, dual)
f0 = HO; f1 = Hi1;
if dual
f0 = GO; f1 = G1;
end
N = length(x);
x0 = filterS(f0, x, symm);
x1 filterS(f1, x, symm);
x(1:2:N) = x0(1:2:N);
x(2:2:N) = x1(2:2:N);

function x=IDWTKernelFilters(HO, H1, GO, G1, x, symm, dual)
f0 = GO; f1 = G1;
if dual
f0 = HO; f1 = Hi;
end
N = length(x);

x0 = x; x0(2:2:N) = 0;
x1 = x; x1(1:2:N) = 0;
x0 = filterS(f0, x0, symm);
x1 = filterS(f1, x1, symm);

x = x0 + x1;

With the functions defined in b. you can now define standard DWT and
IDWT kernels in the following way, once the filters are known.

f
invf

@(x, symm, dual) DWTKernelFilters(HO,H1,G0,G1,x,symm,dual);
@(x, symm, dual) IDWTKernelFilters(HO,H1,G0,Gl,x,symm,dual);

Exercise 6.13: Finding FIR filters

Show that it is impossible to find a non-trivial FIR-filter which satisfies Equation
(6.28) in the compendium.

Exercise 6.14: The Haar wavelet as an alternative QMF
filter bank

Show that the Haar wavelet satisfies Ay, (w) = —Ag, (w + 7), and G = (Hp)T,
Gy = (H1)T. The Haar wavelet can thus be considered as an alternative QMF
filter bank.

Exercise 6.15: Plotting frequency responses

The values Cy, D, can be found by calling the functions mp3ctable, mp3dtable
which can be found on the book’s webpage.

a) Use your computer to verify the connection we stated between the tables C
and D, i.e. that D; = 32C; for all .
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b) Plot the frequency responses of the corresponding prototype filters, and verify
that they both are lowpass filters. Use the connection from Theorem (6.26) in
the compendium to find the prototype filter coefficients from the C,.

Exercise 6.16: Implementing forward and reverse filter bank
transforms

It is not too difficult to make implementations of the forward and reverse steps
as explained in the MP3 standard. In this exercise we will experiment with this.
In your code you can for simplicity assume that the input and output vectors to
your methods all have lengths which are multiples of 32. Also, use the functions
mp3ctable, mp3dtable mentioned in the previous exercise.

a) Write a function mp3forwardfbt which implements the steps in the forward
direction of the MP3 standard.

b) Write also a function mp3reversefbt which implements the steps in the
reverse direction.

Solution. The code can look as follows:

function z = mp3forwardfbt (x)

N = length(x);

z = zeros(N,1);

C = mp3ctable(); % The analysis window;
x = flipud(x);

x = [x; zeros(512-32,1)];

°

% The 32x64 matrix M
M = cos((2%((0:31)°)+1)*((0:63)-16)*pi/64);

start = length(x) - 511;

n=1;
for n = 1:(N/32)
X = x(start:(start + 511));
Z = C.xX;
Y = zeros(64, 1);
for j = 0:7
Y= ¥ + 2((64%) + 1):(64%(§ + 1)));
end

z((1+(n-1)*32) : (n*32)) = M*Y;
start = start - 32;
end

function x = mp3reversefbt(z)
Ns = length(z)/32;
x = zeros(32#Ns, 1);
D = mp3dtable(); % The reconstruction window.
V = zeros(1024,1);
% The 64x32 matrix N
N = cos((16+((0:63)°))*(2x(0:31)+1)*pi/64) ;

U = zeros(512,1);
for n = 1:Ns;
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V(65:1024) = V(1:(1024-64));
V(1:64) = N*z((1+(n-1)*32) : (n*32));
for i = 0:7
U((i*64 + 1):(i*64 + 32))
U((i*64 + 33):((1 + 1)%*64))
end
W = U.*D;
for i = 0:15
x(((n-1)*32 + 1):(n*32)) = x(((n-1)*32 + 1):(n*32)) + W((32*i + 1):(32*%(1i + 1)));
end
end

V((i*128 + 1):(i*128 + 32));
V((i*128 + 97):((i+1)*128));



Chapter 7

Constructing interesting
wavelets

Exercise 7.1: Implementation of the cascade algorithm

Let us consider the following code, which shows how the cascade algorithm can
be used to plot the scaling functions and the mother wavelet of a wavelet and
its dual wavelet with given kernels, over the interval [a, b].

function plotwaveletfunctions(invf,a,b)
% Plot scaling functions and mother wavelets (dual or not),...
% using the cascade algorithm.
nres = 10;
t=linspace(a,b, (b-a)*2 nres) ;

coordsvm = zeros((b-a)*2 nres, 1);

coordsvm(1l) = 1;

coordsvm = 27 (nres/2)*IDWTImpl(coordsvm, nres, invf, 0, 0);
subplot(2, 2, 1);

plot (t,coordsvm([(b*2 nres+1) : ((b-a)*2 nres) 1:(b*27nres)]))
title(’\phi’)

coordsvm = zeros((b-a)*2 nres, 1);
coordsvm(b - a + 1) = 1;

coordsvm = 27 (nres/2)*IDWTImpl(coordsvm, nres, invf, 0, 0);
subplot(2, 2, 2);
plot(t,coordsvm([(b*2 nres+1): ((b-a)*2 nres) 1:(b*2"nres)]))
title(’\psi’)

coordsvm = zeros((b-a)*2 nres, 1);

coordsvm(1l) = 1;

coordsvm = 27 (nres/2)*IDWTImpl(coordsvm, nres, invf, 0, 1);
subplot(2, 2, 3);
plot(t,coordsvm([(b*2 nres+1): ((b-a)*2 nres) 1:(b*2 nres)]))
title(’\phi~’)

coordsvm = zeros((b-a)*2 nres, 1);
coordsvm(b - a + 1) = 1;

coordsvm = 2~ (nres/2)*IDWTImpl(coordsvm, nres, invf, 0, 1);
subplot (2, 2, 4);

104
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plot(t,coordsvm([(b*2 nres+1): ((b-a)*2 nres) 1:(b*2"nres)]))
title(’\psi~’)

a) Run the function plotwaveletfunctions with the three different kernels
IDWTKernelHaar, IDWTKernelpwlO, and ‘IDWTKernelpwl2‘ to plot all scaling
functions and mother wavelets for the Haar wavelet and the two piecewise linear
wavelets we have encountered. This should verify the different plots for these we
have seen previously in the book.

Solution. The code can look as follows:

plotwaveletfunctions (@IDWTKernelHaar, -2, 6)
plotwaveletfunctions (@IDWTKernelpwlO, -2, 6)
plotwaveletfunctions (@IDWTKernelpwl2, -2, 6)

b) Explain that the input to IDWTImpl in the code above are the coordinates of
$0,0, Y0,0, $0,0, and o0 in the basis (Po, Yo, 1,2, -+ ,%m-1), respectively.

¢) In the code above, we wanted the functions to be plotted on [a,b]. Explain
from this why the coordsvm-vector have been rearranged as on the line where
the plot-command is called.

d) In the code above, we turned off symmetric extensions (the symm-argument is
0). Attempt to use symmetric extensions instead, and observe the new plots you
obtain. Can you explain why these new plots do not show the correct functions,
while the previous plots are correct?

e) In the code you see that all values are scaled with the factor 2”/2 before
they are plotted. Can you think out an explanation to why this is done?

Exercise 7.2: Using the cascade algorithm

In Exercise 6.10 we constructed a new mother wavelet ’(/AJ for piecewise linear
functions by finding constants «, 3,, ¢ so that

=1 — agoo — Bbo — 00,2 — YPo,N—1-

Use the cascade algorithm to plot 1& Do this by using the wavelet kernel for
the piecewise linear wavelet (do not use the code above, since we have not
implemented kernels for this wavelet yet).

Solution. Assuming that the vector coeffs has been set as in Exercise 6.10,
the code can look as follows
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m = 10;

t = linspace(-2, 6, 8%27m);

coordsvm=2"(m/2) *IDWTImpl ([-coeffs(1); -coeffs(2); -coeffs(4); O;...
0; 0; 0; -coeffs(3); 1; 0; 0; 0; 0; 0;...
0; 0; zeros(8*x2°m-16, 1)1, ...
m, QIDWTKernelpwlO, O);

plot(t, coordsvm([(6*27m+1):(8+2°m) 1:(6%27m)]))

Exercise 7.3: Implementing the traspose transforms

Since the dual of a wavelet is constructed by transposing filters, one may suspect
that taking the dual is the same as taking the transpose. However, show that
the DWT, the dual DWT, the transpose of the DWT, and the transpose of the
dual DWT, can be computed as follows:

DWTImpl( x, m, DWTkernel, 1, 0); % DWT

DWTImpl( x, m, DWTkernel, 1, 1); 7% Dual DWT

IDWTImpl(x, m, IDWTkernel, 1, 1); % Transpose of the DWT
IDWTImpl(x, m, IDWTkernel, 1, 0); % Transpose of the dual DWT

Similar statements hold for the IDWT as well.

Solution. Assume that the kernel transformations of the DWT and the IDWT
are H and G, respectively. The formulas for the DWT and the dual DWT are
obvious. For the transpose the point is that, while the kernel transformations
of the DWT and the dual DWT are H and G7, we compose the kernel with a
permutation matrix when we compute the DWT. When we transpose, the order
of the kernel and the permutation changes, so the transpose must use an IDWT
implementation instead.

The kernel for the transpose of the DWT is H”, which is the kernel of the dual
IDWT. This explains the third line.

The kernel for the transpose of the dual DWT is (GT)T = G, which is the kernel
of the IDWT. This explains the fourth line.

Exercise 7.4: Compute filters

Compute the filters Hy, Go in Theorem 7.12 in the compendium when N =
Ny = Ny =4, and Q; = QW, Q, = 1. Compute also filters Hy, G so that we
have perfect reconstruction (note that these are not unique).

Solution. We have that
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(1 +coso.1)) e Q=01 Cosw)) = (;(1 +Cosw)>2

2
1. ) 1 .. , , )
(1 + —e™ 4 e‘““) = —16(e2‘“ +4e™ 4+ 6+ de” ™ 72w,

Therefore Gy = 1—16{1, 4,6,4,1}. We do not recommend to compute Hy by hand.
With symbolic math toolbox in Matlab you can do as follows to compute Hy.

syms x
ezpand( ((1+x/2+1/(2%x)) /2) "2%. ..
(248 ((1-x/2-1/(2%x)) /2) +20% ((1-x/2-1/(2%x) ) /2) "2\
+40* ((1-x/2-1/(2%x))/2)"3) )

Here we have substituted x for e®, 1/x for e7™. The first part represents
(%(1 + cos w))2, the second part represents Q) (u) = 2 + 8u + 20u? + 40u> with
u=3(1-cosw) =3 (1— Fe™ — $e7™). This gives

1
T 128

Using Theorem 6.16 in the compendium with o = 1, d = 0, we get

H, {=5,20, —1,—96, 70,280, 70, —96, —1,20, —5}.

1
Hl - E{:L _47§7 _47 ]-}
1
G = 755 (5.:20,1, 96, ~70,280, =70, ~96, 1,20, 5}

Exercise 7.5: Viewing the frequency response

In this exercise we will see how we can view the frequency responses, scaling
functions and mother wavelets for any spline wavelet.

a) Write a function which takes N7 and Ny as input, computes the filter coef-
ficients of Hy and Gq using equation (7.29) in the compendium, and plots the
frequency responses of Gy and Hy. Recall that the frequency response can be
obtained from the filter coefficients by taking a DFT. You will have use for the
conv function here, and that the frequency response (1 + cosw)/2 corresponds
to the filter with coefficients {1/4,1/2,1/4}.

Solution. The following code can be used
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function plotsplinefreqresp(N1, N2)
N = (N1 + N2)/2;
hO = computeQN(N) ;
for k=1:(N1/2)
hO = conv(hO, [1/4 1/2 1/4]);

end
go = [1];
for k=1:(N2/2)
g0 = conv(g0, [1/4 1/2 1/4]);
end
L = 100;

hO = [hO0 zeros(l, L - length(h0))];
g0 = [g0 zeros(1l, L - length(g0))];
omega = 2xpi*(0:(L-1))/L;

subplot(1,2,1);
plot(omega, abs(fft(h0)))
axis equal

subplot(1,2,2);
plot(omega, abs(£ft(g0)))
axis equal

b) Recall that in Exercise 6.12 we implemented DWT and IDWT kernels, which
worked for any set of symmetric filters. Combine these kernels with your computa-
tion of the filter coefficients from a), and use the function plotwaveletfunctions
to plot the corresponding scaling functions and mother wavelets for different Ny
and Ns.

Exercise 7.6: Wavelets based on higher degree polynomials

Show that B,.(t) = *},_;X[-1/2,1/2)(t) is 7 — 2 times differentiable, and equals a
polynomial of degree r — 1 on subintervals of the form [n,n + 1]. Explain why
these functions can be used as basis for the spaces V; of functions which are
piecewise polynomials of degree  — 1 on intervals of the form [n2™™, (n+1)27™],
and r — 2 times differentiable. B, is also called the B-spline of order r.

Exercise 7.7: Generate plots

Generate the plots from Figure 7.3 in the compendium using the cascade algo-
rithm. Reuse the code from Exercise 7.1 in order to achieve this.



Chapter 8

The polyphase
representation and wavelets

Exercise 8.1: The frequency responses of the polyphase
components

Let H and G be MRA-matrices for a DWT/ IDWT with corresponding filters
Hy, Hi, Gy, G1, and polyphase components H (+) G(W

a) Show that

A, (W) = A0 (2w) + € "J)\Hm 1 (2w)
A (W) = Agan (2w) + e A0 (2w)
AGo (W) = Ao (2w) + e “’)\G(l 0y (2w)
g, (W) = Aga.n (2w) + e Ago) (2w).

Solution. G(©9 G are the even-indexed filter coefficients of Gy, G, re-
spectively, so that Aqz,0) (2w), a1 (2w) represents the half of Ag, (w), Ag, (W),
respectively, from the even filter coefficients. G(':%) are the odd-indexed filter
coefficients of Gy. Since coefficient 0 in G(19) equals coefficient 1 in Gy, it is clear
that e Xg1.0) (2w) represents the half of Ag, (w) from the odd filter coefficients.
This proves the first formula. The second formula follows from the same kind of
reasoning.

If we transpose H (also in polyphase form), we get an MRA-matrix where the
columns are given by the filters (Hg)?, (H;)T. Inserting these in the formulas
we just proved we get that

/\(HO)T (w) = )\(H(0,0))T (2w) + e_iw)\(H(U,l))T (2w)
)\(HI)T (w) = )\(H(1,1))T (2w) + eiw)\(H(l,O))T (2w).

109
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If we conjugate these expressions we get

A, (W) = Agro,0 (2w) + €iw)\H(o,1) (2w)
)\H1 (w) = )‘H(l’l) (Qw) -+ eiiwAH(Lo) (2w),
and the proof is done.

b) In the proof of the last part of Theorem 6.17 in the compendium, we
defered the last part, namely that equations 6.17 in the compendium-(8.3) in
the compendium follow from

GO0 gD aE_gHOY  —aqF_ 40O
GO gy | T\ _qE_4HOY  oE_,HOO |-

Prove this based on the result from a).

Solution. The first column in the matrix on the left hand side gives the filter
Go. On the right hand side, a) states that the even-indexed columns are taken
from the filter with frequency response

Map_gmon (20) + e A op g (2w)

= a/\Efd(Qw) (/\H(1,1) (Zw) - 6_iw/\H(1,0) (2(,0))

= qe?id ()\H(l,l) 2w+ 7)) + e CFIN a0 (2w + w))) = e® ¥ Ny, (W + ).
This shows that Ag, (w) = ae?@ \g, (w + 7). We obtain Equation (8.2) in the
compendium easily from this. Now, the second column in the matrix on the left

hand side gives the filter coefficients of G;. On the right hand side, a) states
that the odd-indexed columns are taken from the filter with frequency response

AaEidH(O,O) (2(.0) + eiw/\,aEde(O,l) (2(.0)
= a)\Efd(Qw) ()\H(o,o) (Zw) — €iw)\H(0,1) (2w))

= qe¥id (AH(O,O) (2(w + 7)) + @D\ o (2(w + w))) = e \ g, (w + 7).

This shows that \g, (w) = ae? ¥ g, (w + ), which is Equation (8.3) in the
compendium.

Exercise 8.2: Finding new filters

Let S be a filter. Show that
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“fs 1)

is an MRA matrix with filters Gy, Gy, where

a)

Ag, (W) = A, (W) + As(2w)e ™ Ag, (w),
Solution. We have that
G(0,0) G(O,l) I 0 G(0,0) + SG(O,l) G(O,l)
gLy qgan)\s 1)~ \gto 4 gqgt) gy |-
Using Exercise 8.1a), the even-indexed columns in this matrix are taken from

the filter with frequency response

AGo.0) 5600 (20) + €7 Aga.0 4 sgan (2w)

= Agoo (2w) + e Aga0 (2w) + As(2w) (Agon (2w) + e “Agan (2w))
= Ag, (W) + As(2w)e™™ (Aga.n (2w) + € Ago.n) (2w))

= A, (W) + As(2w)e ™ g, ().

“fo 7)

is an MRA matrix with filters G, G1, where

b)

AG, (@) = Ag, (W) + As(2w)e™ Ag, (w),

1

Solution. We have that

G0 qOlN /1 g G0,0)  §G0,0) 4 (0,1)

GO (LD 0o 1) gt ggto gy ):
so that the odd-indexed columns in this matrix are taken from the filter with
frequency response

A5G0 46 (20) + €“ Xg60.0 o (20)

= Agn (2w) + €“Ago.n (2w) + As(2w) (Aga.o (2w) + € Ago.0 (2w))
= Aa, (W) + As(2w)e™ (Agoo (2w) + e Aga.0 (2w))

= A, (W) + As(2w)e™ A, (w).



CHAPTER 8. THE POLYPHASE REPRESENTATION AND WAVELETS112

(5 7)7

is an MRA-matrix with filters Hy, H,, where

c)

A, (W) = Agy (w) + /\5(200)67“)\1-10 (w).

1&ST . T
0 [> Since H
I1&ST
0 I

Solution. We transpose the expression to obtain HT (

has filters (Ho)” and (H;)? in the columns, from b. it follows that HT (

has columns given by (Hy)” and the filter with frequency response

AT (W) + Ast (2w)e™ A11g)r (W) = A, (W) + As (2w)e ™™ Ap, (W),

I

so that (S&I

0) H has row filters Hy and a filter H; with frequency response

A, (W) = Ag, (w) + )\5(2(,0)671-“))\]-]0 (w).

o 1)

is an MRA-matrix with filters Hy, Hy, where

1

d)

Ay (@) = App (W) + As(2w)e™ Ay, (w).

Solution. We transpose the expression to obtain HT (STI&I 0>. Since HT
has filters (Hy)T and (H;)” in the columns, using a) we see that HT (STI&I 0)

has columns given by the filter with frequency response

Moyt (W) + Asr (2w)e™ A, yr (W) = Aay (w) + As (2w)e™ A, (w),

1&S
0o I

>‘I-f0 (w) = )‘Ho (w) + )‘S(Qw)eiw)‘Hl (w)7

and (H1)T, so that ( > H has a row filter Hy with frequency response

and H;.
In summary, this exercise shows that one can think of the steps in the lifting
factorization as altering one of the filters of an MRA-matrix in alternating order.
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Exercise 8.3: Relating to the polyphase components

Show that S is a filter of length kM if and only if the entries {S”}%;(l] in the
polyphase representation of S satisfy §(+7) mod M,(j+r) mod M _ Si.;j. In other
words, S is a filter if and only if the polyphase representation of S is a “block-
circulant Toeplitz matrix”. This implies a fact that we will use: GH is a filter
(and thus provides alias cancellation) if blocks in the polyphase representations
repeat cyclically as in a Toeplitz matrix (in particular when the matrix is

block-diagonal with the same block repeating on the diagonal).

Solution. If S is a filter we have that S(+r+siM)mod kM, (j+r+so M)EM
S(i+slM) mod M,(j+s2M) mod M’ 0<i,j< M. But since S(iJrslM) mod kM, (j+s2M)kM _

ngl’,jg)zv it follows that Sggz,;:r) mod M,(j+r) mod M) _ ngyﬂg)y 50 that §(i+r) mod M,(j+r) mod M _
Si.

Exercise 8.4: QMF filter banks

Recall from Definition 6.20 in the compendium that we defined a classical QMF
filter bank as one where M = 2, Go = Hy, G1 = Hy, and Ay, (w) = Ag, (w + 7).
Show that the forward and reverse filter bank transforms of a classical QMF

filter bank take the form
A —-B
HeG- ( 4 - )

Exercise 8.5: Alternative QMF filter banks

Recall from Definition 6.21 in the compendium that we defined an alternative
QMTF filter bank as one where M = 2, Gy = (Hy)T, G = (H1)T, and A\, (w) =
A, (w4 7). Show that the forward and reverse filter bank transforms of an
alternative QMF filter bank take the form.

AT BT A —BT AT BT\"T
H:(—B A) G:<B AT>:<—B A)'
Exercise 8.6: Alternative QMF filter banks with additional

sign

Consider alternative QMF filter banks where we take in an additional sign, so
that Ag, (w) = —Ap, (w+ ) (the Haar wavelet was an example of such a filter
bank). Show that the forward and reverse filter bank transforms now take the

form
AT BT A BT AT BT\"
i=(y %) e=(n Te)= (5 %)
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It is straightforward to check that also these satisfy the alias cancellation con-
dition, and that the perfect reconstruction condition also here takes the form
(Atzo W)+ [Apg (w + )] = 2.

Exercise 8.7: Polyphase components for symetric filters

Assume that the filters Hy, H; of a wavelet are symmetric, and denote by S(7)
the polyphase components of the corresponding MRA-matrix H. Show that
5(0.9) and SV are symmetric filters, that the filter coefficients of (1% has
symmetry about —1/2, and that SO has symmetry about 1/2. Also show a
similar statement for the MRA-matrix G of the inverse DWT.

Exercise 8.8: Implement elementary lifting steps

Write functions liftingstepevensymm and liftingstepoddsymm which take A,
a vector x, and symm as input, and apply the elementary lifting matrices as in
Equation (8.13) in the compendium, respectively, to @. The parameter symm
should indicate whether symmetric extensions shall be applied. Your code should
handle both when N is odd, and when N is even (as noted previously, when
symmetric extensions are not applied, we assume that N is even). The function
should not perform matrix multiplication, and apply as few multiplications as
possible.

Solution. The code can look like this:

function x=liftingstepevensymm(lambda, x, symm)
N = size(x, 1);

if ~symm

assert (mod(N,2) == 0)
end
if symm

x(1, :
else

x(1, :
end

x(1, :) + 2+lambda*x(2, :); % Symmetric extension

lambda*(x(2, :) + x(N, :)) + x(1, :);

if mod(N,2
x(N, :

1 % last is odd
x(N, :) + 2+lambda*x(N-1, :); 7% Symmetric extension

end

function x=liftingstepoddsymm(lambda, x, symm)
N = size(x, 1);
if ~symm
assert(mod(N,2) == 0)
end

x(2:2: (N-1), :) = x(2:2:(N-1), :) + lambda*(x(1:2:(N-2), :) + x(3:2:N,

if mod(N,2)==0 % last is even

if symm

x(N, :) = x(N, :) + 2#lambda*x(N-1, :); % Symmetric extension
else

x(N, :) = lambdax(x(1, :) + x(N-1, :)) + x(N, :);
end

end

)
)

x(3:2:(N—1g, :) = x(3:2: (N-1), :) + lambdax(x(2:2:(N-2), :) + x(4:2:N,
)

:)); % This saves one mt

:)); % This saves one mu
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Exercise 8.9: Implementing kernels transformations using
lifting

Up to now in this chapter we have obtained lifting factorizations for four different
wavelets where the filters are symmetric. Let us now implement the kernel
transformations for these wavelets. Your functions should call the functions
from Exercise 8.8 in order to compute the individual lifting steps. Recall that
the kernel transformations should take the input vector x, symm (i.e. whether
symmetric extension should be applied), and dual (i.e. whether the dual wavelet
transform should be applied) as input. You will need equations (8.13) in the
compendium-(8.12) in the compendium here, in order to complete the kernels
for bot the transformations and the dual transformations.

a) Write the DWT and IDWT kernel transformations for the piecewise linear
wavelet. Your functions should use the lifting factorizations in (8.16) in the
compendium. Call your functions DWTKernelpwlO and IDWTKernelpwlO.

Solution. The code can look like this:

function x = DWIKernelpwlO(x, symm, dual)

x = x/sqrt(2);
x = liftingstepevensymm(0.5, x, symm);

x*sqrt (2) ;
liftingstepoddsymm(-0.5, x, symm);

function x = IDWTKernelpwlO(x, symm, dual)

x = x*sqrt(2);
x = liftingstepevensymm(-0.5, x, symm);

x/sqrt(2);
liftingstepoddsymm(0.5, x, symm);

b) Write the DWT and IDWT kernel transformations for the alternative piece-
wise linear wavelet. The lifting factorizations are now given by (8.17) in the
compendium instead. Call your functions DWTKernelpwl2 and IDWTKernelpwl2.

Solution. The code can look like this:

function x = DWTKernelpwl2(x, symm, dual)

if dual
x = x/sqrt(2);
x = liftingstepevensymm(0.5, x, symm);
x = liftingstepoddsymm(-0.25, x, symm);
else
x = x*sqrt(2);
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liftingstepoddsymm(-0.5, x, symm);
liftingstepevensymm(0.25, x, symm);

end

function x = IDWTKernelpwl2(x, symm, dual)

if dual

x = x*sqrt(2);

x = liftingstepoddsymm(0.25, x, symm);

x = liftingstepevensymm(-0.5, x, symm);
else

x = x/sqrt(2);

x = liftingstepevensymm(-0.25, x, symm);

x = liftingstepoddsymm(0.5, x, symm);
end

c) Write the DWT and IDWT kernel transformations for the Spline 5/3 wavelet,
using the lifting factorization obtained in Example 8.14 in the compendium. Call
your functions DWTKernel53 and IDWTKernel53.

Solution. The code can look like this:

function x = DWTKernell53(x, symm, dual)
lambdal -1;
lambda2 0.125;
alpha = 2;
beta = 0.5;
N = size(x, 1);

if dual

x(1:2:N, :) = x(1:2:N, :)/alpha;

x(2:2:N, :) = x(2:2:N, :)/beta;

x = liftingstepevensymm(lambda2, x, symm);
x = liftingstepoddsymm(lambdal, x, symm);

else
x(1:2:N, :) = x(1:2:N, :)*alpha;
x(2:2:N, :) = x(2:2:N, :)x*beta;
x = liftingstepoddsymm(-lambda2, x, symm);
x = liftingstepevensymm(-lambdal, x, symm);
end

function x = IDWTKernellb53(x, symm, dual)
lambdal = -1;
lambda2 = 0.125;
alpha = 2;
beta = 0.5;
N = size(x, 1);

if dual
x = liftingstepoddsymm(-lambdal, x, symm);
x = liftingstepevensymm(-lambda2, x, symm);
x(1:2:N, :) = x(1:2:N, :)*alpha;
x(2:2:N, :) = x(2:2:N, :)x*beta;

else
x = liftingstepevensymm(lambdal, x, symm);
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tingstepoddsymm(lambda2, x, symm);
:) = x(1:2:N, :)/alpha;
:) = x(2:2:N, :)/beta;

x = 1lift
x(1:2:N,
x(2:2:N

end

d) Write the DWT and IDWT kernel transformations for the CDF 9/7 wavelet,
using the lifting factorization obtained in Example 8.15 in the compendium. Call
your functions DWTKernel97 and IDWTKernel97.

Solution. The code can look like this:

function x = DWTKernel97(x,symm,dual)

lambdal = -0.586134342059950;
lambda2 = -0.668067171029734;
lambda3 = 0.070018009414994;
lambda4 = 1.200171016244178;

alpha = -1.149604398860250;
beta = -0.869864451624777;
N = size(x, 1);

if dual
x(1:2:N, :) =x(1:2:N, :)/alpha;
x(2 2:N, :)=x(2:2:N, :)/beta;
= llftlngstepevensymm(1ambda4 X, symm);

x = liftingstepoddsymm(lambda3, x, symm);

x = liftingstepevensymm(lambda2, x, symm);

x = liftingstepoddsymm(lambdal, x, symm);
else

x(1:2:N, :) = x(1:2:N, :)*alpha;

x(2:2:N, :) = x(2:2:N, :)x*beta;

X = llftlngstepoddsymm( lambda4, x, symm);

x = liftingstepevensymm(-lambda3, x, symm)

x = liftingstepoddsymm(-lambda2, x, symm);

x = liftingstepevensymm(-lambdal, x, symm)
end

function x = IDWTKernel97(x, symm, dual)

lambdal = -0.586134342059950;
lambda2 = -0.668067171029734;
lambda3 = 0.070018009414994;
lambdad4 = 1.200171016244178;

alpha = -1.149604398860250;
beta = -0.869864451624777;
N = size(x, 1);

if dual
x = liftingstepoddsymm(-lambdal, x, symm);
x = liftingstepevensymm(-lambda2, x, symm);
x = liftingstepoddsymm(-lambda3, x, symm);
x = liftingstepevensymm(-lambda4, x, symm);
x(1:2:N, :) = x(1:2:N, :)*alpha;
x(2:2:N, :) = x(2:2:N, :)x*beta;

else
x = liftingstepevensymm(lambdal, x, symm);
x = liftingstepoddsymm(lambda2, x, symm);
x = liftingstepevensymm(lambda3, x, symm);
x = liftingstepoddsymm(lambdad, x, symm);
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x(1:2:N, :)/alpha;
x(2:2:N, :)/beta;

:2:N, @)
2:N

x(1
x(2:2:N, :)

end

e) In Chapter 5 in the compendium, we listened to the low-resolution approxi-
mations and detail components in sound for three different wavelets, using the
function playDWT. Repeat these experiments with the Spline 5/3 and the CDF
9/7 wavelet, using the new kernels we have implemented in this exercise.

Solution. The following code can be used for listening to the low-resolution
approximations for a given value of m.

playDWT (m, @DWTKernel53, Q@IDWTKernel53, 1);
playDWT (m, @DWTKernel97, @IDWTKernel97, 1);

f) Use the function plotwaveletfunctions from Exercise 7.1 to plot all scaling
functions and mother wavelets for the Spline 5/3 and the CDF 9/7 wavelets,
using the kernels you have implemented.

Solution. The code can look as follows.

plotwaveletfunctions (@IDWTKernelb3, -4, 4)
plotwaveletfunctions (QIDWTKernel97, -4, 4)

In the plot for the CDF 9/7 wavelet, it is seen that the functions and their dual
counterparts are close to being equal. This reflects the fact that this wavelet is
close to being orthogonal.

Exercise 8.10: Lifting orthonormal wavelets

In this exercise we will implement the kernel transformations for orthonormal
wavelets.

a) Write functions 1iftingstepeven and liftingstepodd which take A1, Ao
and a vector x as input, and apply the elementary lifting matrices (8.18) in the
compendium, respectively, to . Assume that IV is even.

Solution. The code can look like this:

function x = liftingstepeven(lambdal, lambda2, x)
N = size(x, 1);
assert(mod(N,2) == 0)
x(1, :) = lambdail*x(2, :) + x(1, :) + lambda2*x(N, :);

x(3:2:(N-1), :) = lambdal*x(4:2:N, :) + x(3:2:(N-1), :) + lambda2*x(2:2:(N-2),

1)
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function x = liftingstepodd(lambdal, lambda2, x)
N = size(x, 1);
assert (mod(N,2) == 0)

x(2:2: (N-1), :) = lambdal*x(3:2:N, :) + x(2:2:(N-1), :) + lambda2*x(1:2:(N-2),

x(N, :) = lambdal*x(1, :) + x(N, :) + lambda2*x(N-1, :);

b) Write functions DWTKernelOrtho and IDWTKernelOrtho which take a vec-
tor « as input, and apply the DWT and IDWT kernel transformations for
orthonormal wavelets to . You should call the functions 1iftingstepeven and
liftingstepodd. As mentioned, assume that global variables 1lambdas, alpha,
and beta have been set, so that the lifting factorization (8.8) in the compendium
holds, where lambdas is a n X 2-matrix so that the filter coefficients {A1, A2} or
{A1, A2} in the ¢’th lifting step is found in row ¢ of lambdas. Recall that the last
lifting step was even.

Solution. The code can look like this:

function x = DWTKernelOrtho(x, symm, dual)
global lambdas alpha beta
N = size(x, 1);

if dual
x(1:2:N, :) = x(1:2:N, :)/alpha;
x(2:2:N, :)=x(2:2:N, :)/beta;
for stepnr = size(lambdas,1):(-2):2
x = liftingstepodd(lambdas(stepnr,2), lambdas(stepnr,1), x);

x = liftingstepeven(lambdas(stepnr-1,2), lambdas(stepnr-1,1), x);

end

if stepnr ==
x = liftingstepodd(lambdas(1,2), lambdas(1,1), x);

end

else
x(1:2:N, :) = x(1:2:N, :)*alpha;
x(2:2:N, :) = x(2:2:N, :)x*beta;

for stepnr = size(lambdas,1):(-2):2
x = liftingstepeven(-lambdas(stepnr,1), -lambdas(stepnr,2), x);

x = liftingstepodd(-lambdas(stepnr-1,1), -lambdas(stepnr-1,2), x);

end
if stepnr ==

x = liftingstepeven(-lambdas(1,1), -lambdas(1,2), x);
end

end

function x = IDWTKernelOrtho(x, symm, dual)
global lambdas alpha beta
N = size(x, 1);

if dual
stepnr = 1;
if mod(size(lambdas, 1), 2) ==

x = liftingstepodd(-lambdas(stepnr, 2), -lambdas(stepnr, 1), x);

stepnr = stepnr + 1;

1)
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end

while stepnr < size(lambdas, 1)
x = liftingstepeven(-lambdas(stepnr, 2), -lambdas(stepnr, 1), x);
stepnr = stepnr + 1;
x = liftingstepodd(-lambdas(stepnr, 2), -lambdas(stepnr, 1), x);
stepnr = stepnr + 1;

end

x(1:2:N, :)
x(2:2:N, :)
else
stepnr = 1;
if mod(size(lambdas, 1), 2) ==
x = liftingstepeven(lambdas(stepnr, 1), lambdas(stepnr, 2), x);
stepnr = stepnr + 1;
end

N, :)*alpha;
:N, :)*beta;

while stepnr < size(lambdas, 1)
x = liftingstepodd(lambdas(stepnr, 1), lambdas(stepnr, 2), x);
stepnr = stepnr + 1;
x = liftingstepeven(lambdas(stepnr, 1), lambdas(stepnr, 2), x);
stepnr = stepnr + 1;

end

:)/alpha;

x(1:2: N,
x(2:2 :N, :)/beta;

1:2:N, :)=x1
2:2:N, :)=x(2:
end

c) Listen to the low-resolution approximations and detail components in sound
for orthonormal wavelets for N = 1,2, 3,4, again using the function playDWT.
You need to call the function 1iftingfactortho in order to set the kernel for
the different values of .

Solution. The following code can be used for listening to the low-resolution
approximations for a given value of m.

liftingfactortho(2);
playDWT (m, @DWTKernelOrtho, @IDWTKernelOrtho, 1);

liftingfactortho(3);
playDWT (m, @DWTKernelOrtho, Q@IDWTKernelOrtho, 1);

liftingfactortho(4);
playDWT (m, @DWTKernelOrtho, @IDWTKernelOrtho, 1);

d) Use the function plotwaveletfunctions from Exercise 7.1 to plot all scaling
functions and mother wavelets for orthonormal wavelets for N = 1,2, 3,4. Since
the wavelets are orthonormal, we should have that ¢ = ¢, and ¢ = ¢. In other
words, you should see that the bottom plots equal the upper plots.

Solution. The code can look as follows.
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liftingfactortho(2)
plotwaveletfunctions (@IDWTKernelOrtho, -4, 4)

liftingfactortho(3)
plotwaveletfunctions (QIDWTKernelOrtho, -4, 4)

liftingfactortho(4)
plotwaveletfunctions (@IDWTKernelOrtho, -4, 4)

Exercise 8.11: 4 vanishing moments

In Exercise 5.31 we found constants «, 3,,§ which give the coordinates of 1& in
(¢1, 1), where ¢ had four vanishing moments, and where we worked with the
multiresolution analysis of piecewise constant functions.

a) Show that the polyphase representation of G when 7,/3 is used as mother
wavelet can be factored as

%({1/2{1/2} (I’) ({) {—%‘0‘}‘5"5}) (8.1)

You here need to reconstruct what you did in the lifting factorization for the
alternative piecewise linear wavelet, i.e. write

Pp, (1) = Poie-@1.90 (g1 1) (81,31)°

By inversion, find also a lifting factorization of H.

Solution. We have found constants «, 4§ so that

~

[,(/)]((bn,'l/)o) = (—047 _67 _6a 07 07 07 07 _,Y) 2] (17 0) 07 07 Oa 07 07 0)7

From this it is clear that

p (T 5
(pr,91)(P1,91) — \o T

where Sy = {—v, —a, —3, —J} This gives as before the lifting factorization

1 1 0 I - =&, _Bv -6
P’D1<—(¢1,1&1) - ﬁ (Sl [> (0 { K a[ }) : (8.2)

where 1 = {1/2,1/2} as before.

Exercise 8.12: Wavelet based on piecewise quadratic scaling
function

In Exercise 7.4 you should have found the filters
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1
Ho = $5={~5.20,~1,-96,70,280,70, ~96, —1,20, -5}
1
Hy = —{1,—-4,6,—-4,1
1 16{ ’ ;ﬁv ) }
1
= —{1,4,6,4,1
GO 16{ ) aﬁa ) }
1
G = $55{5,20,1,-96, ~70,280, 70, -96,1,20,5}.

a) Show that

(o O Ly D FY)e=(5 9)

From this we can easily derive the lifting factorization of G.

Solution. The polyphase factorization of the IDWT is

1
(1161{1,6, 1} 135{5,1,=70,-70,1,5} ) _
+{4,4}  135{20,-96, 280, 96,20}

We can first apply an even lifting step:

(I —1{1,1}) (llﬁl{l,&l} 3515,1,=70,-70,1,5} ): (1116{4} 135120, =116, —116, 20} )
0 I E{ZL’ 4} m{20a —96, 280, —96, 20} ﬁ{4a 4} m{205 —96, 280, —96, 20}

We can now apply an odd lifting step

I 0\ /[ {5{4  35{20,-116,-116,20} \ _ (i 135{20,=116,—116,20}
—{1,1} 1) \{5{4,4} 35{20,-96,280,-96,20}) — \0 4

Since

I —55{20,-116,-116,20}
0 I

1218{20,12?,116,20}):@ 0)
0 4)°

O Rl

it follows that

o =) iy D 7)o 68)

b) Implement the kernels of the wavelet of this exercise using what you did in
Exercise 6.12.
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HO = [-5 20 -1 -96 70 280 70 -96 -1 20 -5]/128;

H1 =[1 -4 6 -4 1]/16;

GO =[146 4 1]/16;

Gl =[5 20 1 -96 -70 280 -70 -96 1 20 5]/128;

f = @(x, symm, dual) DWTKernelFilters(HO,H1,G0,G1,x,symm,dual);

invf = @(x, symm, dual) IDWIKernelFilters(HO,H1,G0,G1l,x,symm,dual) ;
Solution.

c) Listen to the low-resolution approximations and detail components in sound
for this wavelet.

Solution. The following code can be used for listening to the low-resolution
approximations for a given value of m.

playDWT (m, £, invf, 1)

d) Use the function plotwaveletfunctions from Exercise 7.1 to plot all scaling
functions and mother wavelets for this wavelet.

Solution. The code can look as follows.

plotwaveletfunctions(invf, -4, 4)

Exercise 8.13: Run forward and reverse transform

Run the forward and then the reverse transform from Exercise 6.16 on the vector
(1,2,3,...,8192). Verify that there seems to be a delay on 481 elements, as
promised by Therorem 8.20 in the compendium. Do you get the exact same
result back?

Solution. The following code can be used:

x = (1:8192)7;
x = mp3reversefbt (mp3forwardfbt(x));
plot (x)

There are some small errors from the original vector in the resulting vector, when
one compensates for the delay of 481 elements.

Exercise 8.14: Verify statement of filters

Use your computer to verify the symmetries we have stated for the symmetries
in the prototype filters, i.e. that

o [ Csini #6418, 448
") Criams Q= 64,128,...,448.
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Explain also that this implies that h; = hg1o_; for i = 1,...,511. In other words,
the prototype filter has symmetry around (511 +1)/2 = 256, so that it has linear
phase.

Exercise 8.15: Lifting

We mentioned that we could use the lifting factorization to construct filters on
the form stated in Equation (8.21) in the compendium, so that the matrices on
the form given by Equation (8.25) in the compendium, i.e.

1 (32—1) V(@
(_V(64—i) V(32+i)> )

are invertible. Let us see what kind of lifting steps produce such matrices.

a) Show that the lifting steps

[ AE; I o
(0 I ) and ()\I I)

applied in alternating order to a matrix on the form given by Equation (8.25)
in the compendium, where the filters are on the from given by Equation (8.21)
in the compendium, again produces matrices and filters on these forms. This
explains how we can parametrize a larger number of such matrices with the help
of lifting steps.It also explain why the inverse matrix is on the form stated in
Equation (8.25) in the compendium with filters on the same form, since the
inverse lifting steps are of the same type.

b) Explain that 16 numbers {\;}18, are needed (together with what we start
with on the diagonal in the lifting construction), in order to construct filters so
that the prototype filter has 512 coefficients. Since there are 15 submatrices,
this gives 240 optimization variables.

Lifting gives the following strategy for finding a corresponding synthesis
prototype filter which gives perfect reconstruction: First compute matrices V, W
which are inverses of oneanother using lifting (using the lifting steps of this
exercise ensures that all filters will be on the form stated in Equation (8.21) in
the compendium), and write

v @\ /w3 V4SO RN Va¢) (WHT — (weHT T
VW = <_V<3> V(4>) (W@) W ) = <_V<3> V(4)) <_(W<3))T (W<4>)T>

v VN CEsWOT B W (B 0
VO V) —Es(WE)T B (WE)T 0 Es)

Now, the matrices U(") = Ey5(W )T are on the form stated in Equation (8.21)
in the compendium, and we have that

V(l) V(Q) U(l) U(Q) B FE_qi5 0
—v® y@ )\ yg® W)\ 0 E_i;
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We can now conclude from Theorem 8.19 in the compendium that if we define
the synthesis prototype filter as therein, and set ¢ = 1,d = —15, we have that

GH = 16E481_32.15 = 16E1



Chapter 9
Digital images

Exercise 9.1: Generate black and white images

Black and white images can be generated from greyscale images (with values
between 0 and 255) by replacing each pixel value with the one of 0 and 255
which is closest. Use this strategy to generate the black and white image shown
in Figure 9.2(b) in the compendium.

Solution. The code can be found in the notebook for generating the figures in
this chapter.

Exercise 9.2: Adjust contrast in images 1
Generate the right image in Figure 9.9 in the compendium on your own by

writing code which uses the function contrastadjust.

Solution. The code can be found in the notebook for generating the figures in
this chapter.

Exercise 9.3: Adjust contrast in images 2
Let us also consider the second way we mentioned for increasing the contrast.

a) Write a function contrastadjustO which instead uses the function from
Equation (9.1) in the compendium to increase the contrast. n should be a
parameter to the function.

Solution. The code could look as follows:

function Z=contrastadjustO(X,n)
Z = X/255; 7, Maps the pixel values to [0,1]
Z atan(n*(Z-1/2))/(2*atan(n/2)) + 1/2;
Z = Z%255; Y, Maps the values back to [0,255]

126
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b) Generate the left image in Figure 9.9 in the compendium on your own by using
your code from Exercise 9.2, and instead calling the function contrastadjustO.

Solution. The code can be found in the notebook for generating the figures in
this chapter.

Exercise 9.4: Adjust contrast in images 3

In this exercise we will look at another function for increasing the contrast of a
picture.

a) Show that the function f : R — R given by
fn(x) = :L'na

for all n maps the interval [0,1] — [0, 1], and that f'(1) — co as n — oc.

b) The color image secret. jpg,shown in Figure 9.1, contains some information
that is nearly invisible to the naked eye on most computer monitors. Use the
function f(z), to reveal the secret message.

Figure 9.1: Secret message.

Hint. You will first need to convert the image to a greyscale image. You can
then use the function contrastadjust as a starting point for your own program.

Solution. The secret message is revealed in Figure 9.2.



CHAPTER 9. DIGITAL IMAGES 128

Figure 9.2: Secret message revealed!

Exercise 9.5: Implement a tensor product

Implement a function tensor_impl which takes a matrix X, and functions S1
and S2 as parameters, and applies S1 to the columns of X, and S2 to the rows of
X.

Solution. The following code can be used:

function X = tensor_impl(X, S1, S2)
M = size(X, 1); N = size(X, 2); sz = size(X);

szl = sz; sz1(1) = [1; szl = [szl 1];
sz2 = sz; sz2(2) = [1; sz2 = [sz2 1];
Y1 = zeros(szl);
Y2 = zeros(sz2);
for n = 1:N
Y2(:, :) = X(C:, n, :);
X(:, n, :) = S1(Y2);
end
form = 1:M
Yi(:, :) = X(m, :, :);
X(m, :, :) = S2(Y1);
end

Exercise 9.6: Generate images

Write code which calls the function tensor_impl with appropriate filters and
which generate the following images:

a) The right image in Figure 9.11 in the compendium.

b) The right image in Figure 9.13 in the compendium.
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c) The images in figures 9.14 in the compendium.
d) The images in Figure 9.15 in the compendium.
e) The images in Figure 9.16 in the compendium.

Solution. The code can be found in the notebook for generating the figures in
this chapter.

Exercise 9.7: Interpret tensor products
Let the filter S be defined by S = {-=1,1}.

a) Let X be a matrix which represents the pixel values in an image. What can
you say about how the new images (S ® I)X og (I ® S)X look? What are the
interpretations of these operations?

b) Write down the 4 ® 4-matrix X = (1,1,1,1) ® (0,0,1,1). Compute (S®I)X
by applying the filters to the corresponding rows/columns of X as we have learnt,
and interpret the result. Do the same for (I ® S)X.

Exercise 9.8: Computational molecule of moving average
filter

Let S be the moving average filter of length 2L+1,1.e. T = +{1,---,1,1,1,--- ,1}.

2L+1 times
What is the computational molecule of S ® S7

Exercise 9.9: Bilinearity of the tensor product

Show that the mapping F(x,y) = € @y is bi-linear, i.e. that F(ax; + fxq,y) =
al(z1,y) + BF(x2,y), and F(z,ay: + fy2) = aF'(z,y1) + BF (2, y2).

Solution. We have that

F(azy + Bxa,y) = (a1 + fz2) @ y = (a1 + B2)y”
=ax1y’ + fry’ =a(z1®y) + Bz yY)
= al'(z1,y) + BF(x1,y).

The second statement follows similarly.

Exercise 9.10: Attempt to write as tensor product

Attempt to find matrices S; : RM — RM and Sy : RY — RY so that the
following mappings from Ly n(R) to L n(R) can be written on the form
X — 81X(S2)T = (S1 ® S2)X. In all the cases, it may be that no such Sy, S»
can be found. If this is the case, prove it.
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a) The mapping which reverses the order of the rows in a matrix.

Solution. Multiplicaton with the matrix

0 0 O 0 0 1
0 0 O 01 0
S = oo : Do
O 10 --- 0 0O
1 00 --- 0 0O

reverses the elements in a vector. This means that

(SeD)(z®y)); = ((52) ®Yy)i; = (ST)iy; =2m-1-1Y; = (T O Y)M—1-i-

This means that also ((S® I)X);; = Xap—1-4,; for all X, so that S ® I reverses
rows, and thus is a solution to a).

b) The mapping which reverses the order of the columns in a matrix.
Solution. Similarly one shows that I ® S reverses columns, and is thus a
solution to b..
¢) The mapping which transposes a matrix.
Solution. It turns out that it is impossible to find S; and S5 so that transposing
a matrix X corresponds to computing (57 ® S3)X. To see why, S; and Se would
need to fulfill

(Sl ® Sg)(ei ® ej) = (Slei) X (Sgej) =e; ®e;,

since e; ® e; is the transpose of e; ® e;. This would require that S1e; = e; for
all 7, j, which is impossible.

Exercise 9.11: Computational molecules
Let the filter S be defined by S = {1,2,1}.

a) Write down the computational molecule of S ® S.

Solution. The computational molecule of S ® S is

(L2, )®(1,2,1)=(1,21)e(1,21) =

=N =

1
(12 1)=12
1

N = DN
— N =

b) Let us define x = (1,2,3), y = (3,2,1), z = (2,2,2), and w = (1,4,2).
Compute the matrix A=z y + z ® w.
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Solution. We get that

1 2
A={2|(B 2 1)+ (2|1 4 2
3 2
321 2 8 4 5 10 5
=6 4 2|+(2 8 4|=(8 12 6
9 6 3 2 8 4 11 14 7

¢) Compute (S ® S)A by applying the filter S to every row and column in the
matrix the way we have learnt. If the matrix A was more generally an image,
what can you say about how the new image will look?

Solution. We need to compute (S ® S)A = SAST, which corresponds to first
applying S to every column in the image, and then applying S to every row in
the resulting image. If we apply S to every column in the image we first get
29&46&23
the matrix SA = | 32&48&24 |. If we apply the filter to the rows here we get
35&50&25
12781448121
SAST = | 136&152&128 |. Since the filter which is applied is a lowpass filter,
145&160&135
the new image should look a bit more smooth than the original image.

Exercise 9.12: Computational molecules
Let S = 1{1,2,1} be a filter.

a) What is the effect of applying the tensor products S® I, I® S, and S® S
on an image represented by the matrix X7

Solution. Note forst that the filter is a smoothing filter (a lowpass filter). We
know that S ® I corresponds to applying S to the columns of the matrix, so that
we get the result by applying the smoothing filter to the columns of the matrix.
The result of this is that horizontal edges are smoothed. Similarly, the tensor
product I ® S corresponds to applying S to the rows of the matrix, so that
vertical edges are smoothed. Finally, S® S corresponds to applying S first to the
columns of the matrix, then to the rows. The result is that both horizontal and
vertical edges are smoothed. You could also have computed the computational
molecules for S® I, I ® S, and S ® S, by taking the tensor product of the filter
coefficients 1{1,2,1} with itself. From these molecules it is also clear that they
either work on the columns, the rows, or on both rows and columns.

b) Compute (S ® S)(x ® y), where x = (4,8,8,4), y = (8,4,8,4) (i.e. both x
and y are column vectors).
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Solution. A 4 x 4 circulant Toeplitz matrix for S is

2 1 01
1 1 2 1 0
410 1 2 1
1 0 1 2
From this we can quickly compute that
2 1 0 1 4 2+2+1
Sm*} 12 10 8| |4+2+1
410 1 2 1 8| (4+2+1|
1 0 1 2 4 24241
2 1 01 8 44+1+1
g _lfr 2 10 41 |124+2+2
Y=20o 1 2 1| |s| " [4+1+1
10 1 2 4 2+242
From this it is clear that
5 30
(S@S)@oy) =(Sz) Sy =] |6 6 6 6=
v= ve= ~ |42
5 30

Exercise 9.13: Comment on code

SO OO Ut = Ut

30
42
42
30

30
42
42
30

132

30
42
42
30

Suppose that we have an image given by the M x N-matrix X, and consider the

following code:

for n=1:N

X(1, n) = 0.25%¥X(N, n) + 0.5*%X(1, n) + 0.25%X(2, n);

X(2: (N-1), n) = 0.25%X(1:(N-2), n) + 0.5%xX(2:(N-1), n) ...

+ 0.25%X(3:N, n);

X(N, n) = 0.25%X(N-1, n) + 0.5*xX(N, n) + 0.25%X(1, n);

end
for m=1:M

X(m, 1) = 0.25%X(m, M) + 0.5*%X(m, 1) + 0.25*%X(m, 2);
X(m, 2:(M-1)) = 0.25%X(m, 1:(M-2)) + 0.5%X(m, 2:(M-1),) ...

+ 0.25%X(m, 3:M);

X(m, M) = 0.25%X(m, M-1) + 0.5%X(m, M) + 0.25%xX(m, 1);

end

Which tensor product is applied to the image? Comment what the code does, in
particular the first and third line in the inner for-loop. What effect does the

code have on the image?
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Solution. In the code the filter S = {1/4,1/2,1/4} is applied to the clumns
and the rows in the image. We have learnt that this corresponds to applying the
tensor product S ® S to the image. k=1 in the outer for-loop corresponds to
applying S on the columns, k=2 corresponds to applying S on the rows. The
first and last lines in the inner for-loop are necessary since we apply S to the
periodic extension of the image. Since S is a smoothing filter, the effect will be
that the image is smoothed vertically and horizontally.

Exercise 9.14: Eigenvectors of tensor products

Let v4 be an eigenvector of A with eigenvalue A4, and vg an eigenvector of
B with eigenvalue Ag. Show that vy ® vg is an eigenvector of A ® B with
eigenvalue Mg Ap. Explain from this why ||A® B|| = || A||||B||, where || - || denotes
the operator norm of a matrix.

Exercise 9.15: The Kronecker product

The Kronecker tensor product of two matrices A and B, written A ®F B, is
defined as

a11B ai2B -+ ayuB

& a27lB a272B R CLQ,MB
AR" B = : : , . )

ap,lB ap’gB e ap7MB

where the entries of A are a; ;. The tensor product of a p x M-matrix, and a
g X N-matrix is thus a (pg) x (M N)-matrix. Note that this tensor product in
particular gives meaning for vectors: if x € RM, y € RV are column vectors,
then  ®* y € RMY is also a column vector. In this exercise we will investigate
how the Kronecker tensor product is related to tensor products as we have
defined them in this section.

a) Explain that, if £ € RM, y € RV are column vectors, then & ®* y is the
column vector where the rows of x ® y have first been stacked into one large

row vector, and this vector transposed. The linear extension of the operation
defined by

RM.N RMN

TRYE —>a:®ky€

thus stacks the rows of the input matrix into one large row vector, and transposes
the result.

b) Show that (A ®* B)(x ®" y) = (Ax) ®* (By). We can thus use any of
the defined tensor products ®, ®j to produce the same result, i.e. we have the
commutative diagram shown in Figure 9.3, where the vertical arrows represent
stacking the rows in the matrix, and transposing, and the horizontal arrows
represent the two tensor product linear transformations we have defined. In
particular, we can compute the tensor product in terms of vectors, or in terms



CHAPTER 9. DIGITAL IMAGES 134

of matrices, and it is clear that the Kronecker tensor product gives the matrix
of tensor product operations.

z®y —F (Az) ® (By)

|

A k
z @F y —%Az) ok (By),

Figure 9.3: Tensor products

Solution. We have that

(A®" B)(z 0" y)

annB ai2B -+ aiuB 1Y (@121 + ...+ a1mzm)By
ang (ZQQB e (ZQMB T2Y ((1211‘1 + ...+ CLQMI'm)B’y
apm B apB -+ apuB TMY (aprz1 + ...+ aprzm) By
(Azx), By
(Azx); By

(Az),By

c) Using the Euclidean inner product on L(M, N) = RM¥ je,

M-1N-1

(X, )=>Y > X,

i=0 ;=0

and the correspondence in a) we can define the inner product of ; ® y; and
x2 ® Y2 by

(1 @Y1, 22 @ Y2) = (T1 2"y, 2o @F Y2).
Show that

(1 ® Y1, T2 @ Y2) = (@1, T2) (Y1, Y2)-

Clearly this extends linearly to an inner product on L, .

Solution. We have that



CHAPTER 9. DIGITAL IMAGES 135

(x1)oy (2)0y2 _1
(X1 @Y1, T2 @ Ya) = < : ; : > =) (@)i(@2)i(y1, v2)
(T1)Mm—1Y1 (x2)p—1Y2 =0
M-1

= (Y1,92) Z (@1)i(@2); = (T1,22)(Y1,Y2).

=0

d) Show that the FFT factorization can be written as

Frnie Dnj2Fnye > (IN/2 Dy/s )
- I @) Fya).
(FN/2 —Dny/2Fnyo Ina =Dy (I2 @k Finy2)

Also rewrite the sparse matrix factorization for the FFT from Equation (2.18)
in the compendium in terms of tensor products.

Exercise 9.16: Implement DFT and DCT on blocks

In this section we have used functions which apply the DCT and the DFT either
to subblocks of size 8 x 8, or to the full image. Implement functions which applies
the DFT, IDFT, DCT, and IDCT, to consecutive segments of length 8.

function x = DFTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (n+7), :) = fft(x(n: (@+7), :));
end

function x = IDFTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (+7), :) = ifft(x(n: @+7), :));
end

function x = DCTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (n+7), :) = det(x(m: (@+7), :));
end

function x = IDCTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (+7), :) = idct(x(n: (@+7), :));
end

Solution.

Exercise 9.17: Implement two-dimensional FFT and DCT

Write down code for running FFT2, IFFT2, DCT2, and IDCT2 on an image,
using the function tensor_impl.
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Solution. The following code can be used.

tensor_impl(img, @fft, Q@fft);
tensor_impl(img, Q@ifft, Qifft);
tensor_impl(img, @dct, @dct);
tensor_impl(img, @idct, @idct);

o Rl
nnnn

Exercise 9.18: Zeroing out DCT coefficients

The following function showDCThigher applies the DCT to an image in the same
way as the JPEG standard does. The function takes a threshold parameter, and
sets DCT coefficients below this value to zero:

function showDCThigher (threshold)

img = double(imread(’images/lena.png’, ’png’));
zeroedout = 0;
img = tensor_impl(img, @DCTImpl8, @DCTImpl38);
thresholdmatr = (abs(img) >= threshold);
zeroedout = zeroedout + prod(size(img)) .

- sum(sum(sum(thresholdmatr)));
img = tensor_impl(img.*thresholdmatr, QIDCTImpl8, QIDCTImpl8) ;
imshow (uint8(255*mapto01 (img))) ;
fprintf(’Yi percent of samples zeroed out\n’,

100*zeroedout/prod(size (img))) ;

function x = DCTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (n+7), :) = DCTImpl(x(n:(n+7), :));
end

function x = IDCTImpl8(x)
N = size(x, 1);
for n = 1:8:N
x(n: (@+7), :) = IDCTImpl(x(n:(n+7), :));
end

a) Explain this code line by line.

b) Run showDCThigher for different threshold parameters, and check that this
reproduces the test images of this section, and prints the correct numbers of
values which have been neglected (i.e. which are below the threshold) on screen.

Exercise 9.19: Comment code

Suppose that we have given an image by the matrix X. Consider the following
code:

threshold = 30;
M, N] = size(X);
for n = 1:N
X(:, n) = FFTImpl(X(:, n), @FFTKernelStandard);
end
for m = 1:M
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X(m, :) = FFTImpl((X(m, :))’, @FFTKernelStandard);
end

X = X.*x(abs(X) >= threshold);

for n = 1:N

X(:, n) = FFTImpl(X(:, n), @FFTKernelStandard, 0);
end
for m = 1:M

X(m, :) = FFTImpl((X(m, :))’, @FFTKernelStandard, O0);
end

Comment what the code does. Comment in particular on the meaning of the
parameter threshold, and what effect this has on the image.

Solution. In the first part of the code one makes a change of coordinates with
the DFT. More precisely, this is a change of coordinates on a tensor product,
as we have defined it. In the last part the change of coordinates is performed
the opposite way. Both these change of coordinates is performed is performed
the way we have described them, first on the rows in the matrix, then on the
columns. The parameter threshold is used to neglect DFT-coefficients which
are below a certain value. We have seen that this can give various visual artefacts
in the image, even though the main contents of the image still may be visible. If
we increase threshold, these artefacts will be more dominating since we then
neglect many DFT-coefficients.



Chapter 10

Using tensor products to
apply wavelets to images

Exercise 10.1: Implement two-dimensional DWT

Implement functions DW2TImpl and IDW2TImpl which perform the m-level DWT2
and the IDWT2, respectively, on an image. The functions should take the
same input as DWTImpl and IDWTImpl, with the input vector replaced with a
two-dimensional object. The functions should at each stage call DWTImpl and
IDWTImpl with m = 1, and each call to these functions should alter the appropri-
ate upper left submatrix in the coordinate matrix. If the image has several color
components, the functions should be applied to each color component. There
are three color components in the test image 'lena.png’.

Solution. The following code can be used:

function X = DWT2Impl(X, nres, f, symmarg, dualarg)
symm = 1;
if nargin >= 4
Symm = symmarg;
end
dual = 0;
if nargin >= 5
dual = dualarg;
end
M = size(X, 1); N =
MO = size(X, 1); NO size(X, 2);
szl = sz; szl1(1) (1;
sz2 = sz; sz2(2) [1;
for res = 0:(nres - 1)
sz2(1) = M; Y2 = zeros(sz2);
sz1(1) = N; Y1 = zeros(szl);
if length(szl)==
Yi=zeros(szl, 1); Y2=zeros(sz2, 1);
end
for n = 1:27res:NO
Y2(:, :) = X(1:2"res:MO, n, :);
X(1:2°res:MO, n, :) = £(Y2, symm, dual);

size(X, 2); sz = size(X);

138
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end
for m = 1:27res:MO
Yi(:, :) = X(m, 1:2"res:NO, :);
X(m, 1:27res:NO, :) = £(Y1, symm, dual);
end
M = ceil(M/2); N = ceil(N/2);
end

X = reorganize_coefficients2(X, nres, 1);

function X=IDWT2Impl(X, nres, f, symmarg, dualarg)
symm = 1;
if nargin >= 4
Symm = symmarg;
end

dual = 0;

if nargin >= 5
dual = dualarg;

end

X = reorganize_coefficients2(X, nres, 0);

M = size(X, 1); N = size(X, 2); sz = size(X);
szl = sz; szl1(1) 5

3

sz2 = sz; sz2(2) 8
for res = (nres - 1):(-1):0
sz1(1) = length(1:27res:N); sz2(1) = length(1:27res:M);
Y1 = zeros(szl); Y2 = zeros(sz2);
if length(szl)==
Yi=zeros(szl, 1); Y2=zeros(sz2, 1);
end
for n = 1:27res:N
Y2(:, :) = X(1:2"res:M, n, :);
X(1:2°res:M, n, :) = £(Y2(:, :), symm, dual);
end
for m = 1:27res:M
Yi(:, :) = X(m, 1:2"res:N, :);
X(m, 1:27res:N, :) = £(Y1(:, :), symm, dual);
end
end

Exercise 10.2: Comment code

Assume that we have an image represented by the M x N-matrix X, and consider
the following code:

1:N

(X(1:2:M, n) + X(2:2:M, n))/sqrt(2);
w = (X(1:2:M, n) - X(2:2:M, n))/sqrt(2);
X(:, n) = [c; wl;

for n
c

1:M

(X(m, 1:2:N) + X(m, 2:2:N))/sqrt(2);
W (X(m, 1:2:N) - X(m, 2:2:N))/sqrt(2);
X(m, :) = [c wl;

for m
c
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a) Comment what the code does, and explain what you will see if you display X
as an image after the code has run.

Solution. The code runs a DWT over one level, and the Haar wavelet is
used. Inside the for-loops the DWT is applied to every row and column in the
image. k=1 i the for-loop corresponds to applying the DWT to the columns,
k=2 corresponds to applying the DWT to the rows. In the upper left corner we
will see a low-resolution version of the image. In the other three corners you will
see different tyoes of detail: In the upper right corner you will see detail which
corresponds to quick vertical changes, in the lower left corner you will see detail
which corresponds to quick horizontal changes, and in the lower right corner
you will see points where quick changes both vertically and horizontally occur
simultaneously.

b) The code above has an inverse transformation, which reproduce the original
image from the transformed values which we obtained. Assume that you zero
out the values in the lower left and the upper right corner of the matrix X after
the code above has run, and that you then reproduce the image by applying this
inverse transformation. What changes can you then expect in the image?

Solution. By zeroing out the two corners you remove detail which correpond
to quick horizontal and vertical changes. But since we keep the lower right
corner, we keep detail which corresponds to simultaneous changes vertically and
horizontally. The result after the inverse transformation is that most edges have
been smoothed, but we see no smoothing effect in points where quick changes
occur both horizontally and vertically. In Example 10.14 in the compendium,
this corresponds to that we emphasize the gridpoints in the chess pattern, mut
that we smooth out the horizontal and vertical edges in the chess pattern.

Exercise 10.3: Comment code
In this exercise we will use the filters Go = {1,1}, Gy = {1, —1}.

a) Let X be a matrix which represents the pixel values in an image. Define
x =(1,0,1,0) and y = (0,1,0,1). Compute (Gy ® Gp)(x @ y).

b) For a general image X, describe how the images (Go ® Go)X, (Go ® G1)X,
(G1 ® Gp)X, and (G; ® G1)X may look.

¢) Assume that we run the following code on an image represented by the matrix
X:

[M, N]=size(X);

for n=1:N
c = X(1:2:M, n) + X(2:2:M, n);
w = X(1:2:M, n) - X(2:2:M, n);
X(:, n) = [c; wl;

end
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for m=1:M
c = X(m, 1:2:N) + X(m, 2:2:N);
w = X(m, 1:2:N) - X(m, 2:2:N);
X(m, :) = [c wl;

end

Comment the code. Describe what will be shown in the upper left corner of
X after the code has run. Do the same for the lower left corner of the matrix.
What is the connection with the images (Go ® Go)X, (Go ® G1)X, (G1 ® Go) X,
and (G; ® G1)X?

Exercise 10.4: Zeroint out DWT coefficients

In this exercise we will experiment with applying the m-level DWT2 to an image.

a) Write a function showDWT, which takes m, a DWT kernel £, an IDWT kernel
invf, and a variable lowres as input, and

e reads the image file 1ena.png,

e performs an m-level DWT2 on the image samples using the function
DW2TImpl, with DWT kernel f

e sets all wavelet coeflicients representing detail to zero if lowres is true
(i-e. keep only the low-resolution coordinates from ¢g ® ¢y),

e sets all low-resolution coordinates to zero if lowres is false (i.e. keep only
the detail coordinates),

e performs an IDWT2 on the resulting coefficients using the function IDW2TImpl,
with IDWT kernel invf,

e displays the resulting image.

Solution. The following code achieves the task:

function showDWT(m, f, invf, lowres)
img = double(imread(’images/lena.png’, ’png’));
img = DWT2Impl(img, m, £);
if lowres
M =size(img, 1); N = size(img, 2);
tokeep=img(1: (M/(2°m)), 1:(N/(2°m)), :);
img=zeros (size(img));
img(1: (M/(2°m)), 1:(N/(2°m)), :)=tokeep;
else
sz = size(img);
sz(1) = sz(1)/2"°m; sz(2)
img(1:sz(1), 1:s2(2), :)
end
img = IDWT2Impl(img, m, invf);
imshow (uint8(255*mapto01 (img))) ;

sz(2)/2 m;
0;
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b) Do the image samples returned by showDWT lie in [0, 255]7

Solution. There is no reason to believe that image samples returned by the
function lie in [0,255]. You can check this by printing the maximum value in
the returned array on screen inside this method.

¢) Run the function showDWT for different values of m for the Haar wavelet, with
lowres set to true. Describe what you see for different m. For which m can
you see that the image gets degraded? How does it get degraded? Compare
with what you saw with the function showDCThigher in Exercise 9.18, where
you performed a DCT on the image samples instead, and set DCT coefficients
below a given threshold to zero.

d) Repeat what you did in c., but this time with lowres set to false instead.
What kind of image do you see now? Can you recognize the original image in
what you see? Try to explain why the images seem to get clearer when you
increase m.

e) In the code in Example 10.17 in the compendium, set lowres to false in the
call to showDWT also for the other wavelets. and repeat what you did in d..

Solution. After the replacements we get the following code.

showDWT (m, @DWTKernelHaar, QIDWTKernelHaar, O0);
showDWT (m, @DWTKernel53, Q@IDWTKernel53, 0);
showDWT (m, @DWTKernel97, QIDWTKernel97, 0);

Exercise 10.5: Experiments on a test image

In Figure 10.1 we have applied the DWT2 with the Haar wavelet to an image
very similar to the one you see in Figure 10.6 in the compendium. You see here,
however, that there seems to be no detail components, which is very different
from Figure 10.6 in the compendium, even though the images are very similar.
Attempt to explain what causes this to happen.

Hint. Compare with Exercise 5.17.

Solution. In Figure 10.6 in the compendium, the borders in the chess pattern
was chosen so that they occur at odd numbers. This means that the image can
not be represented exactly in V,,,_1 ® V,,_1, so that there is detail present in
the image at all the borders in the chess pattern. In Figure 10.1, the borders in
the chess pattern was chosen so that they occur at even numbers. This means
that the image can be represented exactly in V,,,_1 ® V,,,_1, so that there is no
detail components present in the image.
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Figure 10.1: A simple image before and after one level of the DWT2. The Haar
wavelet was used.

Exercise 10.6: Implement the fingerprint compression scheme

Write code which generates the images shown in figures 10.6 in the compendium,
10.6 in the compendium, and 10.23 in the compendium. Use the functions
DW2TImpl and IDW2TImpl with the CDF 9/7 wavelet kernel functions as input.
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