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Introduction

Signal Processing:
e signal: sound, image, seismic trace, prices,...
e classical processing: transmission, denoising, coding,...
e other processing: signal analysis (detection, pattern recognition, segmentation...), synthe-
sis,...
This course: Introduction to (classical) Signal Processing.

Mathematically correct but some (technical) details swept under the carpet.

Focus on selected real-life issues:

e FFT: Fast implementation of Discrete Fourier Transform, an ubiquitous algorithm in the
discrete world (JPEG, MPEG,...).

— Stress importance of the Fourier transform in (TT) Signal Processing,
— Explain the discretization effects using (a simplified) Distribution Theory,
— Analyze Discrete Filtering up to basic z transform.
e Voice processing: Vocoder (synthesis and compression)
— Justify the time-frequency analysis (and representation) by the non-stationarity
— Introduce stochastic (locally) stationary modeling
— Describe the LPC modeling for synthesis and basic compression
e Image compression: GIF, PNG and JPEG (no need for justification...)
— Lossless Image Coding: Shannon theory and predictive
— Lossy Image Coding: quantization and transform coding
e Trends in Signal Processing:
— Sparse modeling
— Inverse problem

— Segmentation



— Learning and features
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Chapter 1

Analog Signal, LTI and Fourier
transform

1.1 LTI and Analog signal

System: input an signal in a space Z, process it and output another signal in a space O
(Operator)

Examples: Heat equation, radio communication, electrical circuit, optical lens, CD, TV...

Very general framework: We focus here on the case where the signals are analog (think of
continuous function) and the operators are Linear and Translation Invariant operators.

Linearity: L(Af+g) = AL(f) + L(g).

Translation Invariance: Denote by 7a f(t) = f(t — A) the A-shifted version of f, we assume
that L(taf) = 7a(Lf) (the image of a translated signal is the translation of the image of the
original signal).

Continuity: Require to specify the input set Z, the output set / as well as their topology...
Much more complex that it may look like. All the interesting LTI operators we will see satisfy
this continuity assumption in a generalized sense (distribution).

Such a LTT operator is called a filter, we will see later why.

Examples: Heat equation, radio transmission, equalizer...
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Figure 1.1: LTI properties
L(f) = T Moving average
" "
- ’ L(f) = T Low pass filter
L(f) = J Differentiation
y

Figure 1.2: LTI examples
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Figure 1.3: Impulse response

Fundamental example: convolution with a function h
Lf=hxfe Lf(t)= /f(u)h(t — u)du.

h is called the impulse response of the operator. This case is very generic but this definition
supposed that the convolution is well defined...

Example: Local smoothing and low pass filter.

Proposition 1.1: a LTI operator commutes with the derivation operator.

Proof: L(T"J;;f) = T"L";;Lf

Stability of a filter: continuity for specific norms. Most classical one is BIBO (Bounded
Input Bounded Output) which corresponds to the property

”fHoo < 400 — HLfHoc < +o0

Proposition 1.2: If Lf = hx f then this is equivalent to ||h]|; < +o0.

Causality: an important property for instance for a real-time process is that the output should
not depend on the future, this property is called causality.

Proposition 1.3: If Lf = h* f then this equivalent to h(u) =0 if u < 0.
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Lf= ° Moving average

f= N Lf= ° Low pass filter

Lf= N /\/\/\/\/\/\/\/\/\/\1 Differentiation

Figure 1.4: Exponential and LTT

Exponential input: Let ¢, (t) = et with o € C, and assume e, € Z,
Proposition 1.4: Le, = H(o)e, where H(o) = Le,(0)
Proof:
L(tae,) = 7a(Les)
= Le %e) = e "2 Le,
and thus
Le, = e““1alLe,
which implies
—o(t=4)

e e, =e TA

or equivalently
e_oLe, =Ta(e_sLey).

e_osLes is thus constant and hence Le, = H(o)e, where H(o) = Le,(0).

1.1.1 Formal Fourier analysis

Back to linearity: By definition, if

F=> cre,

kel
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then
Lf= Z e H(og)es, .

kel
For all such functions, the response is entirely specified by the eigenvalues of e, with o € D.

Extension: It is then tempting to extend this result to functions

f= / f(o)eqdo
D
for which one expects

Lf= /D f(o)H(0)eydo.

Formal Fourier transform: The most classical case, Fourier transform, corresponds to D =
iR. Indeed, formally, the inverse Fourier transform is given

flt) = % /R Flw)eiw(t)dw

with the Fourier transform defined by

flw) = [ e ictar
so that one expects

Lf= %/}RH(iw)f(w)ew(t)dw.

Laplace transform: Lf:o0+— [, f(t)e_,(t)dt with similar inversion formula

1
—— Lf(o)e do
207 Jycarir

could also be considered.

Transfer function: A LTI can be seen in the Fourier domain as the multiplication of the

Fourier transform f(w) by w — H(iw), a function called the transfer function. We are filtering
the frequencies by this function.

Again formally, if Lf = h* f then
Lei,(t) = [ eiw(u)h(t —u)du

~

h(u)efiw (t - u)du = h(W)em

—

and thus
H(iw) = h(w).

We should work now to make those formal definitions mathematical ones... and as general as
possible.
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Figure 1.5: Frequential filtering

1.2 Fourier analysis

1.2.1 Simple Fourier transform

The Schwartz class S

is the class of C*° functions verifying

o°
sup sup taf(t)‘ < 400

of ter | dtP

Within this space, we say that fy L f if and only if

(fn—f)

ta
de?

lim su
N—oo aBp

(0] 0

Note, by definition, if f € S then sup,cg |(1 + %) f(t)] = C < 400 and thus |f(t)] < C/(1+t?)
which implies that f € L.

Fourier transform: As F C L!, the Fourier transform of f € S can be defined by

flw) = /]R F(t)e_i(t)dt
:/f(t)e_i“tdt
R
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Beware: there are other definitions that differ either by a constant factor or a change of variable,
w = 27 f, (angular frequency vs classical frequency).

Proposition 1.5 (Basic properties): If f € S

~

o Taf(w) = e Af(w)
o B f(w) = 7aflw)
e f real implies f(—w) = f(w)
Proposition 1.6 (Regularity properties): If f € S

—

o 2L(w) = (iw)” f(w)

— ar

o —iPtPfw) = 35 (W)

~

[~

Stability of S: feS = feS

Convolution:

. IfheSandfESthenh*fESandm:ﬁf

~

) IfheSandfeSthenhxfeSandﬁ\f: h*f.

1
2m

Inversion: If f € S then

1) = 5= [ Frea

~

Remark: 27f(t) = }(—t)

Impulse response and transfer function: If h € S and f € S then

hx f(t) = ! /R h(w) f(w)e™dw

T or
A filter is nothing but the multiplication by a transfer function in the Fourier domain...

Plancherel: If f € S and g € S then

_ 1 “
| s = 5 [ Foias

1.2.2 3 extensions

Need for extensions: Previous analysis is valid only under the strong assumption that f € S,
h € §. One would like to weaken this assumption... As a first step, we look at 3 extensions of
the Fourier transform.
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First extension is the extension to L', which is unfortunately not stable under the Fourier
transform and leads to strong assumptions in order to obtain some results.

Second extension is the extension to L? using Plancherel equaity. L? is as S a stable class
for the Fourier transform which plays a very important role, in particular in numerical analysis
(Sobolev spaces).

Third extension is an extension to generalized functions S’ (distributions) which is stable for
the Fourier transform and the most appropriate setting to understand LTI operators.

Note that the section dedicatd to this extension is not intended as a comprehensive course but
only as a (almost) mathematically correct introduction.

1.2.3 L! Fourier transform

L' Fourier transform: For f € L',

flw) = /R F(t)e_i(t)dt

L' continuity (in S): For any f € L! (or S)

£l < I£12

The density of Sin L' allows to see the Fourier transform in L' as the extension by continuity
of the Fourier transform in S...

Proposition 1.7: If f € L! then fis well defined and is a bounded continuous function which
vanishes at infinity.

Proposition 1.8 (Basic properties): If f € L!,

o Taf(W) = e A f(w)
o eDf(w) = 7af(w)

~ =

e f real implies f(—w) = f(w)

Proposition 1.9 (Regularity properties):

o It 24 € L' then 21 (w) = (iw)? f(w)

o If tPf € L' then —irt? f(w) = 2L (w)

dwP

Regularity is almost equivalent to fast decay of the Fourier transform.
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Proposition 1.10: If f € L' and fe L' then

1) = 5= [ Fapeta.

This property could be rewritten as f: 2 f(—.)

Proposition 1.11: If f € L' and h € L' then Lf = hx f € L' and

~

Lf(w) = h(w) x f(w).

Proposition 1.12: If f € L',h € L' and f x h € L then

— 1~ -

fxh(w) =5 hx fw)

Impulse response and transfer function: If f € L', h € L' and h x f € L', we can thus
write

L) = 2 /R () Flw)er (£)dw

T on

1.2.4 [? extension

L? continuity in S: By Plancherel equality, for all f € S,

1 -~
2 __ 2
1713 = 51713

The density of S in L? allows to extend f — f to L2. Note that there is no explicit formula
for the Fourier transform. To stress this, we will use the notation Ff instead of f when f ¢ L.

Stability of L?: If f € L? then Ff € L?.

Limit formula: If f € L?,
, M

Ff L lim we f(t)e“tdt.
M — o0 M

Proposition 1.13 (Basic properties): If f € L2,
o Flraf) = “AFf
o F(e®tf)=7aAFf
e f real implies Ff(—) = Ff
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Proposition 1.14 (Regularity properties):

o 1t 55f € 12 then F (5f) = (iw)rF

o If t7f € L? then F(—iPtPf) = 21

dwP

Again, regularity is almost equivalent to fast decay of the Fourier transform.

Proposition 1.15: If f € L?, f = %]—']—'(—-) or equivalently

e

2

1N :
FE lim we —/ Ff(w)e™ dw.
27T _N

N—o0

We denote by F~! this application, by construction F~*(U) = 5= FU(—).

Proposition 1.16: If f € L? and h € L' then Lf = hx f € L? and

F(Lf) =hx Ff.

Proposition 1.17: If f € L2, h € L? and Ff x Fh € L? then Lf = h* f € L? and
F(Lf)=Fhx Ff

Using the stability of L?, we obtain

Proposition 1.18: If f € L?,h € L? and Fh Ff € L? then
F(hx f)=FhxFf

Impulse response and transfer function: If f € L?, h € L', we can thus write Lf =

FYh x Ff)
If fe€L? heL?and Fh x Ff € L?, we obtain Lf = F~Y(Fh x Ff)
1.2.5 Dirac delta function and distributions

Dirac delta function: Originally the distributions did not appear to extend the Fourier trans-
form but rather to give a proper framework to work with Dirac delta functions.

The Dirac delta function at 0 is the operator that associates to a continuous function f its value
at 0, f(0). Although this operator cannot be written as a scalar product with a function ¢

fos / (ot

it can be written as a limit of such scalar product

S /R K (0)dt
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where K, is a sequence of approximate identity. In the distribution theory, one identify the
function K, with the corresponding operator on continuous function. Its action on a function
f is denoted (K, f) to stress its resemblance with a scalar product. If we denote by (J, f) the
action of d on f, i.e. f(0), we observe that

VICO (K, f) = (8, f).

In the distribution theory such a property will correspond to the fact that K,, — ¢...

Distributions: More precisely, a set of Distributions is defined as the set of Continuous Linear
Forms on a (very) regular function set. The classical distributions D’ are defined by their actions
on D the set of compactly supported C> functions while the tempered distribution S’ are defined
by their actions on S. The continuity assumption means that if ¢, — ¢ in D (respectively in S)
and U belongs to D’ (respectively to S’) then (U, ¢,) — (U,¢). The ' in the notation stresses
that those spaces are topological dual (for which the topology is implicitely specified through
the previous sequential definition...).

One verify that 8’ C D’. One can verify that LP C §’. Finally C*° ¢ &’ but C* C D'.

By construction, § = g belongs to S’ C D'.

Properties: Without any proofs, we give some important properties of distributions
e Translation invariance of &’ and D’.

e Differentiation for U € D': U’ always exists and is defined by (U’, ¢) = —(U, ¢') (By parts
integration)

e Fourier transform for U € &’: the Fourier transform FU always exists and is defined by

~

(FU, ¢) = (U, ¢) (Plancherel)
e Inverse Fourier transform for U € 8's F~'U = = FU(—).

e Convolution: F(U xV) = FU x FV (if everything is well defined which is not always the
case...)

Fourier series: Let f be a T-periodic C! function, f can be decomposed into its Fourier series
f — Cnel’ﬂ T

where the Fourier coefficients c¢,, are defined by

1 /T/2 (e in ¥
Cp = — f t e_lnT dt.
T J_ 1)

With our strong regularity assumption, the convergence is true pointiwse or in L2-loc for instance.
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Approximation of the identity: Let x|o,7) be a compactly supported non negative function
such that

ZX[O,T](' —kT) =1,

keZ

1 —in<L
Cn = / F(t)x0,m(t)e Flar.
R

Such functions X[ 7] exist and can even be chosen in C*.

Fourier series for periodic distribution: Let U be a T-periodic distribution in D’.

U:E Cn€;, 2
n=in 2

newL
with

en = (U, "5 e 3.

Furthermore U belongs to S’ and ¢,, grows at most polynomialy with n. Its Fourier transform
exists and is given by

FU = 2#2(:”5“2%.

Examples:

e Box function and sinc function:

. A e—iwt 14
e = [ etar= [
—A —A

sin Aw
_ - A
iw Aw
= Asinc(Aw)
1
Fsinc(A-) = ZF}"I[,A,A]
2m
= A l-aa

e Dirac and complex exponential:

G%@=®n@=&ﬂ=/¢®€m&
R
JT"CST =€_ir
Feisy = FF6 -y
= 270y,
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e Dirac comb: E OnA
neZ

F (Z 5nA> =Y Fona

nez neZ

— Z einé

neL
Proposition 1.19 (Poisson formula): 7 (3, ., 6na) = &>, 7 0n2n/a

Proof: AsC' =5 _,0,a is a A periodic distribution

C= Z Cn€in2m /A

neEZ

nez

with ¢, = (C, %X[O7A]6_in2ﬂ-/A> = i and thus

C= %Z Cin2m/A-

As FeinQﬂ'/A = 27T6n27r/A7

21
FC = K ;Z(sn%r/A

LTT and distributions: Most general definition of LTI operator as operator acting on distri-
butions...

Impulse response and transfer function: If LU = h* U (and everything is well defined)
then
h=hx6=Ld

hence the name impulse response and
(LU, §) = (LU, F~16) = (F(LU), F~'6) = (F~"(Fh x FU),9)
where we recover the spectral representation of the filtering.

One can verify that this interpretation is thus coherent with the one of the previous section.

1.3 LTI, convolution systems and examples

1.3.1 LTI and convolution system

a LTT operator is not necessarily a convolution: A folk’s theorem states that every LTI
is a convolution system (this can be found in many courses). This not true!

BIBO counter-example: U +— (¢t — Hma_oo(U, ¢a(- — t))) where po = x¢(t/A) with
¢ € D, ¢ >0 verify L§ = 0 while L1 = [ ¢(f)d¢1.

Issue lack of continuity in D’...



20 CHAPTER 1. ANALOG SIGNAL, LTI AND FOURIER TRANSFORM

1

16|
08

s 1

04 2

02 ~ 10

f = ° f = 8
-02
04
05
08

x10*

08
06

04 0
02

h = i fh =

04

02 ~ 10

Lf=hxf= o FLf)=Fhxf= .
-02

04 °
06
-08
-

Figure 1.6: Frequential filtering I1

LTT and convolution: Most general results:

e If L is continuous from D into D’ then it exists an impulse response h € D’ such that for
feD,Lf=hxf

e If L is furthermore continuous from D’ (or &’) into D’ then L§ = h and L is entirely
specified by its impulse response h.

In practice, almost every LTI can be rewritten as a convolution...

1.3.2 Application to Amplitude Modulation multiplexing

AM multiplexing: To illustrate the power of those tools, we describe how to to use them to
analyze a classical example, the AM multiplexing system used in radio transmission. Assume we
have at hand K signals s; (radio shows) each having a Fourier transform supported in [—B, B],
we want to mix them into a single signal S to be transmitted in such a way that all those sigals
can be recovered from S.

Multiplexing: We start by the following observation, if Fsj is supported in [—B, B] then
F (s x cos(wgt)) = Fsk*1/2(0_y,, + 0w, ) is supported in [—wy, — B, —wy, + B]U |wy, — B, wy, + BJ.

Thus if we let wy = 2(k — 1) B, all the signals s X cos(wyt) have disjoint frequency support. We
can hope thus to recover them from their sum S = Zle sk X cos(wgt).
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Figure 1.7: Frequential filtering III

Demultiplexing: Indeed, if one multiplies S by cos(wyt), one obtains

K

S x cos(wgt) = Z sg X cos(wgt) X cos(wgt)

k=1

Now

F(sk x cos(wit) x cos(wprt)) = Fsp* 1/2(0_w, + 0wy, ) x 1/2(0—s,,, + dus,,)

1

= -7:5k * (5—wk—w§€ + 5—wk+w;c + 6wk—w;€ + 5wk+w§€)

T4

is such that its support does not intersect [—B, B] as long as k # &k’ and in this case

1
F (s x cos(wgt) X cos(wit)) = i]—‘(sk) * (20 + 0o, + 02wy, )-

If we let h be the low pass filter such that Fhp = 1_p p], we obtain thus that

F(S x cos(wgt)) x Fh = %]—'sk

or equivalently in the spatial domain

1
(S x cos(wyt)) x hg = 25k

21

Remark that our process is not LTI as the multiplication by cos(wgt) is not a spatial LTT (but it

is a frequential one).



22 CHAPTER 1. ANALOG SIGNAL, LTI AND FOURIER TRANSFORM

N b )
4y |
] Wl
e
»
. IN

Figure 1.8: AM Multiplexing/Demultiplexing

So far, we did not discuss the possibility to implement the filter used. In practice, this issue is
however very important as those analog system are implement using real hardware...

1.3.3 Causality and realizable filter

Causality: The first observation is that, as one cannot foresee the future, any physical system
should be a causal one. This turns out to be an issue as, for instance, the ideal pass-band filter
is not causal...

Electrical implementation: Classical implementation rely on electrical circuit made of Re-
sistor (R), Inductor (L), Capacitor (C) and Operator Amplifier (OA) or rather in integrated
circuit (SSI, MSI, LSI, VLSI, ULSI) only with R, C and OA for sake of space. As you may recall,
in an electrical circuit, the input f and the output Lf are relied through a linear differential

equation
K, Ky
> arf® =3 be(Lf)®
k=0 k=0

which can be conveniently rewritten in the Fourier domain as
K, Ky
> an(iw) " Ff = bi(iw) F(Lf)
k=0 k=0

so that X
e apiw)*

FED SR bi(iw)®

Ff
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and the transfer function is rational in iw.

BIBO stability implies that K, > K, and that the poles of the rational fraction are in the
right hand side of the plane.

Proposition 1.20: If £ is a rational function then there exist a electrical circuit implementing
a filter g such that |Fg| = |Fh| as soon as K, > K.

il

Example of a low pass filter: An electrical circuit analysis yields:
f = Rl’il, Lf = —RQil, Lf, = —Cig, and ’il = iQ +23
In the Fourier domain, we have thus

.]?: Rlav Z} = *RQZ.;) wz? = 70{;7 and 11 =12 + ’L/;

A straightforward computation allows to obtain the transfer function H(iw) such that Z}‘ =
H(iw)f:

iy =
+ W
If R = Ro,
. 1
|H (iw)] = —
Lt ()

this is a low pass filtering with cutoff frequency we ~ C/Rs!

Better (rational) approximation of the box function could be obtained with more complex cir-
cuits... (this is the subject of analog filter design theory)
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Chapter 2

Discrete Signal Processing

In the previous section, we have studied analog signal which are parts of our environment.
However, we are living in a more and more digital world and in this world signals are not
continuous but discrete, they are sequences of numbers. To be more accurate, as a computer can
only handle finite precision, those numbers are quantized so they belong to a finite set. In this
section, we should neglect this quantization.

2.1 Discretization and sampling

2.1.1 Discretization and Fourier transform

AD conversion: We consider here a canonical process of Analog to Digital and Digital to
Analog conversions from a theoretical point of view, that will lead to practical insight.

Sampling: We assume the AD conversion is the most simple one. Let A € Ry be a discretiza-
tion step, we assume we can acquire from a function f the sequence of samples

(f(nA))neZ .

Band-limited functions: Note that we should assume that f is at least continuous in order
to define the samples. In order to derive our theory, we will require a much stronger regularity

- 0111001010101
o [{ﬂ\ m m — 0000101010110
N 00010011100. . .

AR

o o5 1 15 2 25 3 35 4 0125 013 0135 0

Figure 2.1: Digital world

25
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assumption. We will assume that the Fourier transform Ff of f exists (which implies that f is
at most polynomially increasing) and that has a compact support. We will call such a function
a band-limited function. This is a very strong assumption as one can show that this implies that
f is analytic.

The sequence (f(nA)), c; is not the most interesting way to represent the discretized version of
f. Within the distribution setting, one can define a better representation

fa =A% f(nA)sua

which converge to f in D’ when A goes to 0.

As soon as f(nA) is at most polynomially increasing, fa belongs to S’ and one can thus compute
its Fourier transform. It turns out that if f is band-limited then F fa is the periodization of F f
with period 27/A.

Theorem 2.1: if f is band-limited then
Ffa =Y Ff(-—n2n/A)

Proof: A proof of this result can be obtained easily by noticing that
fA = Af X Z 5nA

nez
so that
1
Ffa= %A}'(Z 6nn) * Ff

n€e”Z

= Z(gn%r/A*-Ff

nez

= Ff(-—n2m/A)

The band-limited assumption implies that Ff is a compactly supported distribution and then
that all the convolution make sense.

2.1.2 The Shannon sampling theorem

Formal derivation: If Ff is supported in (—7/A,w/A) then there is no overlapping in the
periodization process. Formally, we deduce

Ff=Ffa X1 n/an/a]
and then

f=fax % sinc(-/A)

= Z f(nA)sinc ('_A"A>

nez

which gives a reconstruction formula of f from its samples. There is however a subtle issue in
this reasoning: the object Ffa X 1(_x/a x/a] is not defined in term of distribution due to the
lack of regularity of the characteristic function.
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fand Xfa " /r(ﬂ\ 0 m m ; Ff and Ffa

h= %sincA‘ o :j Fh = 1(—7r/A,7r/A)

f7 7%fA

Figure 2.2: Shannon Theorem

A first fix is to reinforce the support assumption into supported in [(—(1 —¢e)7/A, (1 —€)7/A]
and replacing the characteristic function by a regularized version ha with value 1 in [—(1 —
e)yn/A, (1 —e)r/A]. This will indeed lead to a reconstruction formula using the same derivation.

A second one: If we want to keep the assumption “supported in (—7/A, 7/A)”, then we need
an additional assumption that could be either f € L? or f is a finite sum of complex exponential
Yoo Kage™xt,

Theorem 2.2 (Shannon, Nyquist, ...): If f isa band-limited function supported in (—7/A, 7/A)
and either f € L? or f is a finite sum of complex exponential (or a sum of two such functions)
then

)= X fnasysine ()

ne”Z

The two proofs are very different...

2.1.3 Aliasing

A natural question is what is going on if one sample at rate A a function f which is not
band-limited in (—7/A,7/A).
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Figure 2.3: Aliasing

Aliasing: If f is band-limited, one still has
Ffa =Y _ Ff(-—n2n/A)

but there is an overlap between the different translation of the support [—B, B] of Ff so that
Ff cannot be recovered from Ffa X 1[_z/a r/a]- Furthermore, the Fourier transform of the
reconstruction is different from Ff X 1|_r/a »/a]- This phenomena is called aliasing.

The cos case: An interesting insight is obtained by studying the case f = cos(wpt) = %(e*“")“r
e™ot) which is a finite sum of complex exponentials. One has thus

Ff = 1(0—ssg + 0uy)

and, as f is band-limited,

ffA =T Z((s—wo-&-n%r/A + 6w0+n2ﬂ'/A)'
neZ
One verify then that
FIaX Y q/am/n) = (0w + 0uy)

where wyj is the unique translate wo+n27/A in [-7/A,7/A) (i.e. wy = (wo+7/A) mod 27/A—
w/A). As soon as, wy € [—7/A,7/A),wy # w| and thus we do not recover f. For instance if
wo=m/A+0 with0 < 0 <7/A, w) =—m/A+0 so that the angular speed of the reconstruction
is m/A — 6 which is slower than the original speed.

This phenomenon can be observed in practice in movies in which wheels sometime appear to
rotate in the reverse way that they should. This is due to the time sampling of the movie.
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Shannon formula stability: If f is not band-limited but satisfies some structural assumption,
one can prove the stability of this sampling process, which is only mildly perturbed if there is
only a small component outside the set [—m/A, 7/A]

Theorem 2.3 (Brown): If f € L? is continuous and such that Ff € L! then

)= 3 fnsysine (£

neE”Z

d
<2 /W/A I f () dw

Note that essentially the same results holds for finite sum of exponential if we replace the right

hand side by
2 > lul
klwk|>7/A

Optimized AD conversion: Note that whatever g

F (ég(nA) sinc (tA”A>>

is compactly supported in [—7/A, 7/A] if it exists and if f € L? then

. 2 1
ar min — =F (FfxX1li_r/anx .
ggeLz,supp]—'gC[fw/A,w/E] ”f gH ( f [=m/A, /A])

The best L? AD strategy is thus to project f into the space of band-limited function supported
in [-7/A,7/A] by low pass filtering and to sample the resulting function.

Smoothing before sampling is the strategy always used in practice.

2.2 Discrete Signal and LTI

2.2.1 Discrete Signal and LTI

Discrete signals are nothing but sequences (f[n])nez.
LTI operators are (continuous) Linear Translation Invariant operators on sequences.

Kronecker symbol: ¢ is the sequence §[0] = 1 and d[n] = 0 for n # 0 and, as for the Dirac
delta functions, let §; = §[- — k.

Kronecker decomposition: f[n] =", f[k]d[n — k] = >, f[h]ox[n]

Impulse response: h = Lj
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Convolution: Formally:

Lf = L) f[k]oy) = > f[k]LS[- — k] =h«f

k k

As in the analog case, this holds under some mild continuity assumptions on L (and always holds
for finitely supported signals).
Stability: is again nothing but continuity for specific norm.

BIBO stability: ¢ — > continuity is equivalent to h € ¢! if Lf = h « f.

Causality: A LTI operator is causal if and only Lf[n] depends only on {[k] with k& < n.

Proposition 2.1: If Lf = h x f then L is causal if and only if h[k] = 0 si k& < 0.

Exponential: Exponential are eigenfunctions of L

L’Tkes = TkLes

= Le *%e, = e *5Le,
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Figure 2.6: LTI examples

Figure 2.7: Impulse response
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Figure 2.8: Exponential and LTI

which implies

Tr(e—sLes) = Tpe_s X T Leg

—efe_y x e FLey = e_4Le,

i.e. e_sLes is constant and thus Les = H(s)e, as in the analog case.

Note that as e, is valued only at integer values e; = €54497-

2.2.2 Distribution and Fourier transform of discrete signals

The simp/; case: Assume that (f{n]) belongs to ¢!, we can define a Fourier transform of f by
letting
Ff(w) = fln]e"
nez
which is a continuous 27-periodic function. To stress this periodicity, one often uses the notation
f(e™) instead of Ff(w). By construction,
fln] = L/ fle ™)™ dw
27

—Tr
that is an inverse Fourier transform.

We show now how to extend this construction to sequences that do not belong to ¢! using the
distribution theory.
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Figure 2.9: Discrete signal and periodic spectrum

Distribution representation: Let f[n] be a at most polynomially increasing sequence, in
analogy with our discretization study, we can represent the sequence by the tempered distribution

fa =A% fn]dna

neE”Z

where the f[n]s play the role of f(nA) of the discretization case. A is either naturally defined if
indeed the sequence is the result of a discretization or can be chosen arbitrarily, with a classical
choice of A = 1.

Direct Fourier transform is defined through the Fourier transform of fa:

Fat=Ffa =AY flnle_ina = AFf(-/A)

which is a 27 /A periodic (generalized) function in &’ as soon as f grows at most polynomially.
Note that, for A = 1, this definition is consistant with the one for ¢! sequences.

Inverse Fourier transform is defined through the tempered distribution theory. As Faf is
a 2m /A periodic distribution and thus can be decomposed in Fourier series

A
fAf = Z<]:Af7 %X[,W/A’W/A]efinA>einA
nez
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and thus using Flejna = 6_na
A
fa = Z<]:Afa %X[—W/A,W/A]e—mﬂcs—nA
A
= Z 7<‘7:Afa X[fw/A,ﬂ'/A]einA>6nA~
neZ 2m
This implies
1
fin] = gU:Af,XHr/A,n/A]emA)
which becomes
1 /A i
fln] = —/ Faf(w)e™> dw
2 —m/A

as soon as Faf belongs to L'-loc, which is the case for instance if f € ¢!

Link with Fourier series: Af[—n] is nothing but the nth Fourier coefficient of the 27/A
periodic (generalized) function Faf.

Proposition 2.2 (Parseval): If f € /2 or equivalently Faf € L?loc then

A
Y=o [ R de
2 27 Ji—n/am/A)

nez

Duality:
o If f is discrete with step A then Ff is periodic of period 27/A
e If f is periodic of period T then Ff is discrete with step 2w /T

which is an instance of Fourier global/local duality (cf regularity properties).

DTFT (Discrete-Time Fourier Transform) corresponds to the choice A = 1 and, denoting
Ff= Fif, leads to the formulas

Ff= flnle_in
neZ

and

_

f[n] 5

<]:f’ X[—m,n] ein>

which can be rewritten if Ff € L'-loc as

1 [" ;
fln] = %/ Fi(w)e™ dw
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More classical notation:

S . 1 /7
f(e™) = Z fln]e™™" and f[n] = %/ f(e")e™ dw
neL -

2.2.3 Convolution and transfer function

Proposition 2.3: F(h x g) = Fh x Ff provided the convolution is well defined and all the
sequences h, f and h x g grow at most polynomially.

Transfer function: If Lf = h xf then provided all the sequences involved grow at most
polynomially

FLf = Fh x Ff
Lf[n] = (Fh x Ff, X[—r x]€in)

which can be rewritten if Fh x Ff € Ll-loc as

Lf[n] L 7T]-'h(w)]—"f(w)em“’dw.

~or o

Convolution corresponds to the multiplication by the transfer function Fh(w) in the Fourier
domain.
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2.2.4 Filtering examples

Delay: Lf[n] = f[n — A]
h[n] =da and Fh=e_;a

Moving average: Lf= ﬁl[_A,A] * £
1 sin(A +1/2)w
oagiiaal and Fh= o

Low pass filter: FLf=Ff x>/ 11_q wol4nzr (0 <wo <)

Fh = Z 1 _wowol+n2r and  hln] = wgsincwon
neL
Derivation: Lf[n] = (fln + 1] — f[n — 1])/2

h= (6 —9-1)/2 and Fh=(e_;—e;)/2=risin(")

Rational fraction and recursive filtering If Fh is rational in e~*:

Ka —ikw
_ Yoo Gke

K s
Zk:bO bke 1kw

then, provided everything is well defined, Lf = h xf and f

Fh

K, —ikw
_ Ziso e gy

FLf= =k 4
Zk:bo bke—zkw

Equivalently

K, Ky K, Ky
D areT M FLE =Y be T Y arLfln — k] =Y bifln — k]
k=0 k=0 k=0 k=0

We derive thus the following formula

K, Ky
aolfln] = = " axLfln — k] + > _ bif[n — k]
k=1 k=0

which corresponds to a recursive implementation of the filter. Note that there is an initialization
issue as the past of Lf should be known...

If the filter is causal and f[n] is assumed to be 0 for n < 0 then Lf[n] = 0 for n < 0 and thus this
implementation can be used...
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2.2.5 z-transform to analyze causality and stability

Extension of Fourier analysis: From the unit circle

Ff:w— Z flne™ ™ (=T(e™))
neZ
to the complex plane
§fozm Y fn]a " (=1(2)).
neZ

This extension shares similarity with the Laplace transform.

Laurent series (at 0) are expressions of the form
Z fln]z7".
neZ

Their domain of convergence is a possibly empty annulus (ring).

Inversion formula through analytic function theory:

1 5t(2) &

fin] = o— [ =
y 2

o

with v is counterclockwise around a closed, rectifiable path containing no self-intersections, en-
closing 0 and lying in the annulus of convergence.

Classical examples:

Foa =272 (z€C)
Fa™h = Fh(-/a)
Snh = —z(Fh)’
1
F(1n>0) = 1_.—1 (12| > 1))
1
F Lo = (21 < 1)
1
F(a"1,>0) = 1ot (|2 > lal)
1
S(—a"1lnco) = 1o 1 (Jz] < lal)
L1
§(nly>0) = m (lz] > [1])
—1 1+ —1
50150) = Z ) (11 > 1)

Proposition 2.4: A filter is stable (€ £!) iff the unit circle lies in its dom. of conv.
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A recursive filter h has a z-transform Fh(z) = P(271)/Q(z71)
where we assume that P and @ have no common roots. If it is stable then @ has no root of
modulus 1 and it is furthermore causal then @ has no root of modulus < 1. For Fh(z) this

correspond to having no pole of modulus > 1.

2.3 Finite Signal Processing

2.3.1 Finite Signal and periodization

Finite (Discrete) signal:

is a finite sequence {f[n]}o<n<n.

Boundary issues: What is going on before 0 and after N — 17

e Nothing (zero-padding): f[n] =0if n <0orn > N,

e The same thing (periodization): f[n] = f[n mod N],

e Almost the same thing (symmetrization and periodization): different choices for the sym-

metrization operator...

Periodization and distributions:

is a discrete (of step A) and periodic (of period NA) distribution whose Fourier transform is
thus a periodic (of period 27/A) and discrete (of step 27/(NA) distribution

f=> _fln mod N5,a

n

Ff= Z?A[n mod N]dar/(na)

where a simple computation (using Poisson formula) shows that

N-1
falk] = flnjer2mkn/N,
n=0

which is thus specified by N values, i.e. a finite signal.

Finite Fourier Transform a.k.a. Discrete Fourier Transform is defined in CV by

whose inverse is given by

R N-1
f[k] _ Z f[n}e—iQTrkn/N
n=0
1 N
— i2wkn/N
fln] = 5 Zf[k]e /N,
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Figure 2.12: DFT

This could be reinterpreted in term of the orthonormality in C of

1
{ \/Neﬂﬂ'k /N}0§k<N

but fails to convey all the subtleties of the DFT...

2.3.2 LTI, Circular convolution and Fourier filtering

LTI: Linear and Translation Invariant for finite signals means Linear and Translation Invariant
for periodized signals.

Convolution: If Lf = h «f then

Lffn] = > h[klh[n — k]

keZ

(]

h[kJh[n — k mod N]

keZ
N-1
= (Z h{k + lN]) hin —k mod N]
k=0 leZ
N_1~
= h[klh[n — k& mod N]
k=0

where h is a periodized version of h

h[k] = hlk +IN].

IEZ

This convolution is often called circular convolution and is denoted ® .
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Proposition 2.5 (Fourier and convolution):

—— A~

h® f = hf

2.3.3 FFT

Naive implementation: In order to compute
N-1
f[k?} _ Z f[n]eszWkn/N
n=0

for 0 < k < N, the easiest way is to compute those N scalar products, each requiring N
multiplications and N — 1 additions. The total number of operations is thus N? multiplications
and N? — N additions. As soon as N is large, this may prevent the use of such a transform in
real life situation.

The even N trick: If NV is even then

N/2-1
f2k) = > (fn] +fIN/2+ n]) e 2k n/(N/2)
n=0
N/2—-1
?[2]6/ + 1] _ Z (f[n] . f[N/2 + n]) e—iZﬂ/Ne—iQTrk"n/(N/Q)

n=0

and thus the DFT of size N can be computed from 2 DFT of 2 signals of size N/2 obtained by
N additions and N/2 multiplications. Using the naive previous implementation for those DFT
yields thus N/2 +2(N/2)? multiplications and 2(/N/2)? additions. There is thus a gain of almost
a factor 2!

The N = 2P case: In this case, this idea can be reused p times (the DFT of a signal of size 1
being trivial). Analyzing its complexity yields
Nb mult(2”) = 2Nb mult(2° 1) + 27 /2
Nb add(2P) = 2Nb add(2P~ 1) + 2P

and thus
'4 p—1
Nb mult(2P) _Nb mult(2P~1) 172
op opr—1
Nb add(2?) Nb add (2P 1) 1
o B 9p—1 +
so that

Nb mult(2P) = p/2 x 2P
Nb add(2P) = p x 2P.

In term of IV, one obtains thus a complexity of order N log N which is much smaller than N2!
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FFT (Fast Fourier Transform): This algorithm has been proposed in 1965 by Cookey and
Tuckey when N = 2P and is a crucial step in Discrete Signal Processing. Variations are possible
when N # 2P using factorization in prime factors.

2.3.4 'What is really computing the FFT algorithm?

Naive interpretation: It computes the Fourier transform of a function f...

Not so naive interpretation: It computes the Fourier transform of

faper =AY f((n mod N)A)d,a

or more accurately the N-periodic coeflicients of the Dirac comb

JTfA,per = Z/f\[n]énQﬂ'/(NA)

Relationship between the two transforms: As

faper = ((f X X[o,NA)) X Z%A) *AZ5kNA
n k

and thus at least formally

]:fA,per = 1/27T <(]:f*]:(X[O,NA))) *27r25n27r/A> X 2627r/(NA)
n k

which implies

fn] = Y " (Ff * Flxona))2r(n + kN)/(NA)).

kEZ

We compute thus the discretized version of the periodization of the convolution of the Fourier
transform of f with a sinc function!

Remark: This analysis holds only if Ff is compactly supported. Imagine for instance that f
is equal to 0 in [0, N], then there is no chance to recover something different than 0 from the
samples in [0, N]... but if Ff is compactly supported then f is analytic and thus equal to 0 if it
vanishes on an interval.

Windowing: As the sinc decays slowly, the convolution may yields a significant modification
of the Fourier transform. To mitigate this effect, one can replace the multiplication by 19 ya)
by the multiplication by a smoother function W5 ya) which is equal to 1 in the middle of the
interval and decays to 0 at the boundaries.
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Figure 2.13: From Fourier to FFT
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Chapter 3
Time-Frequency Analysis

In the previous part, we have studied the Fourier transform of a signal which gives a frequency
view of it. In particular, it is hard to read the time behavior which was obvious is the time
representation. We should show here there is an intermediate way in which one can analyze the
signal simultaneously in time and frequency.

Assume one wants to analyze the sound of a women saying Greasy. So far we have two views of
the correspond signal: the temporal one and the spectral one using its Fourier transform.

Although those representation convey all the information cotained in the signal, they do not
correspond to the intuition that a sound is made of notes having a certain frequency and a
certain location, as they are described in a musical score. In this chapter, we will show how to
obtain a score in the time-frequency plane.

w

Figure 3.1: Spatial or spectral view of a signal

47
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Figure 3.2: Time-Frequency score

3.1 Time frequency atoms and Windowed Fourier Trans-
form

3.1.1 Localized Fourier transform

The Fourier transform and localization: When f belongs to L', one can write

flw) = [ seat

If one wants to study the behavior of f around 0 a natural idea is to multiply f by a bounded
real window w equal to 1 around 0 and vanishing away from 0 and to compute

/ F(w(t)e=tdt,
R

Windows: The most simple example of such a window is the characteristic set of [—h, h]. As
we have seen in the previous part, if f is band-limited, the resulting transform is the Fourier
transform of f convolved by a sinc function.

We will use more regular window w and define for f € L' its windowed Fourier transform at 0
by

Sf0,w) = /R f®)w(t)e™tdt

and more generally its windowed Fourier transform at u by

Sf(u,w) = /]Rf(t)w(t —w)e”“idt.
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N

Figure 3.3: Time-Frequency atom

The L2case: If we assume that w belongs to L? then for any f € L?

S F(u,w) = / Fw(t — w)e—"dt
R
is well defined and equal to

= (fw( — wew)

where the scalar product is now the hermitian scalar product.

Time-Frequency atoms: From now on, we assume that f € L? and w € L?. We do not
assume anymore that w is real valued and define

S (u,w) = /R FOwE = we—tdt

that the windowed Fourier transform can be interpreted as the collection of all scalar products
of f with the probes w,, , = w(- — u)e;, which are called time-frequency atoms.

3.1.2 Time-frequency atoms position

Fourier domain probes: Using Parseval equality, we deduce immediately that

Sfu,w) = (f, wy,w)
1

—(f,u0)

2

where jA’ denotes Ff and thus the Windowed Fourier transform can also be interpreted as the
collection of all scalar products of f with the probes %m .

-~ . e~ . —~ .
Atoms centers: As w,, = w(- —u)e’! and thus w,,(£) = (- — w), if we assume than
. o~ . .
w is centered on 0 and w is centered on 0 then w,, is centered on v and w,,,, is centered on w.
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Figure 3.4: Time-Frequency atom localization

Spatial and spectral densities and means: More precisely, to any g € L%\ {0}, we can
associate its spatial density |g|?/||g]|3 and its spectral density |g]?/||[g]|3. We define then its spatial
mean by

lg(t)?
pe(g) = [t dt
' g1l
and its spectral mean by
g(w)[?
1o (9) = / Wi dw.
I9(w)l3

Remark that those definitions are coherent with the idea that if g is symmetric around 0 then
its mean should be 0.

Atoms means: If we apply those definitions to w, ., one obtains that

Nt(wU,UJ) = Mt(wu,w’) =u+ Mt(w) and Mw(wu,w) = Mw(wu’,oJ) = W+ po(w).

If we impose that p:(w) = p,(w) = 0, that is w is centered spatially and spectrally then

Nt(wu,W) = Mt(wu,w’) =u and Nw(wmw) = Mw(ww,w) =w

3.1.3 Time-frequency atoms localization

3.1.4 Densities and dispersion

We can also measure the dispersion of a function around its spatial and spectral mean by defining
its spatial standard deviation o; and its spectral standard deviation o,:

o2(g) = /(tut(g))ﬂg(mz G and o2y — /(wuw(g))zm(w)zdt

lgli3 9113
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Figure 3.5: Heisenber boxes

3.1.5 Atoms localization:

If we apply those definitions to w,, ,, one obtains that
01 (Wyw) = or(w) and oy, (Wyw) = 0w (W)

so that all atoms have the same localization properties.

3.1.6 Heisenberg incertitude theorem

Heisenberg boxes: In a Time-Frequency plane, each atom w,. can be represented by a
Heisenberg box of size 204 (w) x 20,,(w) centered on (u,w). For a given w, all those boxes have
the same size. Intuitively, the smaller the box the better.

Heinseberg box and scaling: A first attempt is to replace w by w(./s), and thus @ by sw(s-),
a straightforward computation shows that

e (w(-/5)) = pe(w) /s and o, (w(-/s)) = sp(w)

while
or(w(/s)) = or(w)/V/s and oy (w(-/s)) = Vsou(w)

So that any gain is one domain is exactly compensated by a loss in the other one.

Heisenberg box and w: The only solution seems to be a clever choice of w. Unfortunately,
there is a lower limit on the product o; X o,.

Theorem 3.1: If w € L?\ {0} then

| =

o (g)on(g) >

with equality if and only if there exist a € C, b > 0, (u,w) € R? such that

g(t) — aefb((tfu)zeiwt
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Proof: Remark that o.(g) is equal to 0 if and only if ¢ is supported on a singleton, which is
impossible if g € L? \ {0}. Now if o,(g) = +00 or 0,,(g) = +oo the result is trivial and thus we
assume from now on that o:(g) < 400 or o,(g) < +oc.

Without loss of generality, we may assume further that

pe(g) =0 and  p(g) =0.

Indeed we have seen that for (u,w), 0¢(gu,w) = 0¢(g) and 0y (gu.w) = 0w (g) so we can replace g
by Gu.w with u = —p.(g) and w = —p,,(g) which satisfies those assumptions.

Assume for the moment that o4(g) < 400 and 0,,(g) < +o0 implies g continuous, lim;_, t[g(t)|* =
0 and ¢’ € L?

We have thus

2 =~ N|2
i) = [#EL [ ABOL,

lgli3 9113

1
2 2 B L \12
/t lg(t)|°dt x 2ﬂ_/|zwg(w)| dw

1
lgll2

as —iwg = gA’ , using Parseval equality we deduce

1
— o [ PlaoParx [1goPar
FE

By Cauchy-Schwarz, we obtain

! (; ‘ / tg(t)(g’m)dt‘ . ‘ [ o war )

~ llgllz

By triangular inequality

1 2

4lgll3

[ (s @) + 509 ®)

Let L be this quantity

2

1 7 (B
I = o /t (g(t)(g (1) +g(t)g (f)) dt

1
4lgll3

as g is continuous a by part integration yields

2

[ tgtoonzar

1 2

~ 4lgll3

and as limy|_,o t|g(t)[* = 0

a0 2~ [ lo)ae

1
L=—-.
4
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The Cauchy-Schwarz inequality is an equality if it exists (A,v) € C? such that

Ag(t) =g'(t), ~tg(t) =g'(t).

We have thus here A = 5. Now the triangular inequality is an equality if it exists v > 0 such
that

/ tg(t)g' (t)dt = v / tg(t)g (t)dt

/ E2lg(0)]2dt = w2 / 9(6)2[g () dt

which implies A € R. Now Mg(t) = ¢'(¢) implies g(t) = aeM’/? with a € C. Let b = —\/2, as
g € L%, we have b = —\/2 > 0 which concludes the proof as every function g = aeb(t=w)"¢eiwt
satisfies the equality constraints.

We should now go back to the proof that o.(g) < +o0 and o,(g) < +oo implies g continuous,
limyy o0 tg(¢)[* = 0 and ¢’ € L?.

Asge L? ge 8 and thus ¢ € S'. Now F¢' = iwFg = iwg and thus, as 62(g) = [w? IQH(WH)I dw,

0,(g) < co implies Fg’ € L? which in turns implies ¢’ € L.

The continuity of g is more involved. Let ¢, be a sequence of function in S such that ||g —
nll2 + |lg' — @53 converge to 0. The sequence ¢, is thus a Cauchy sequence for the norm
¢ — [19l3 + |¢'[|3. Now for any ¢ € S,

= $<w>ewdw\
or [ [o] @
<t ( / legdw)l/z ( Ja +w2>|$<w>2dw)1/2

1 1 1/2 ,
< ( / de) (I8l + 1612) 2.

Thus ¢, is also a Cauchy sequence for the norm || - || which implies that ¢,, converges toward
a continuous function and thus by unicity of the limit g is continuous.

lp(8)] =

IN

Now for any m < M,

/ Hg(0)2Ydt = [tlg)?]" - / o(t)dt

m m

and, as both integral have a finite limit when either m or M goes to respectively —oo and +o0,
so has t|g(t)|%. Let I; be the limit at +oo, |g(¢)|? is equivalent to I, /t and thus, as g € L?, I
cannot be anything but 0. A similar reasoning for —oo concludes the proof.

Examples:
o w=1p,q: u(w) = pu(w) =0, 0, =a/V3 and o, = +00,
o w=e b pe(w) = p,(w) =0, oy = v/2/V/b and o, = Vb/(2V/2).
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Figure 3.6: STFT representation of Greasy

3.2 Windowed Fourier transform or STFT

3.2.1 Definition

To simplify the computations, we assume from now on that ||w||3 = 1.

The Windowed Fourier transform, or Short Time Fourier Transform , of f € L? is
then defined as

(u,w) = Sflu,w) = /f(t)w(t —u)e At = (f wu.).
As we are working in a L? setting, we define the Spectrogram of f which measure the local energy
of f as
(u,w) = |SF(u,w) .
3.2.2 Completeness and stability of the STFT representation

Theorem 3.2: If w e L2N L' and w2 =1, then for any f € L2
10 [ [ siwwut - weauds
/|f(t)|2dt = QL // 1S f (u, w)|? dudw
T

Note that this is similar to an orthogonal basis decomposition as it can be rewritten as

= //(f, Wy )Wy o dudw

[israr=o- [ 1w dude

but with a lot of redundancy!
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-

Lapped transform interpretation: Assume f xw(-—u) € L? so that Sf(u,w) = f x W(w) €
L?. Assume further that w + Sf(u,w) belongs to L, then

FORE— ) = o [ Saueids

and thus multiplying by w(t — u)

F@) |w(t— u)\2 = % / S fuww(t — u)ei“tdw

/|f (2wt —w)Pdt = —/\wa| dw
/|f(t)|2\w(t—u)|2dt: %/\Sfu7w|2dw.

Integrating those equalities along u yields the result as [ |w(t — u)|*du = 1.

while

and thus

Discretization of u: Note that following this (formal) analysis hints that one could discretize
the position v and obtains

2
)£ Z/f,wwwwdudw

uely,

/'f(t)'gdt: 5 D /\<f,wu,w>\2dw
=
vy fw(t—u)? =

uely,

as soon as

Discretization of w: If w is compactly supported in [—A, A] then f(¢)w, . (t) is compactly
supported in [u — A, u + A]. One can thus use a Fourier series decomposition to show that

Fw(t —u) = ZSf u, k2 / A)wy kor/a(t)

kEZ

while

[1s@niE=al = 155 Y IS k2n/8),

kEZ
This amounts to a discretization of w of step 27/A.

Proof: We start by rewriting S f as a convolution
(u,w) / f@®) t —u)e it

_ 7'qu/f U*t) zw(uft)dt
= lwuf* W(—-) X e)(u).
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As f € L? and w € LY, for any w, u +— f % (W(—) X e;,) € L? and thus u +— Sf(u,w) € L?. Let
Sfo,(u) = Sf(u,w) =e " fx (W(—) X e;)(u). As

o=
/
/

E(_) X eiw(&) =

w(§ —w),

w(— ezwtefzgtdt
w

—i(§—w)td¢

(—t)
(t)e'Etqt
t)

w(t)e

one derives

FSf,=Ff(-+w) x .
By Parseval, one has thus for any w,

[1sttoPae= 5 [ 1756 +0)? 760 ae

— 5 [1FreR [EE=a] as
[ [1stwwpando = o [ [1776)P 7€) deaw

as everything is positive one can apply Fubini

[ [1stwpaudo = o [ [175(6)P 7€) vt
— 5 [ 11 [ [FE=)| dwa

= 2| f1[3]lwll3

which yields the energy conservation result.

and thus

and using again Parseval

Along the same lines,

[ stutwutt - weau = o [ ST Wt )(€)dee.

Now as

w(t —)(€) = [ w(t—u)e ®du

/
= /w(fu)e*if(“ﬂ)du
/

w(w)e " Hduy

e—i&t@
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we obtain
iwt 1 =7y gt iwt
[ stuturtt - wedu = o [ Fe +0)T@e a(e)dee
—/f§+w ()Pe'Etrae
— 5 [ FOIBE - vy
Thus

A A
[A/Sf(u,w)w(t — w)e“tdudw = [A % /ff(g)m(g _ w)[2eEtdedw

/A 27r/| D —w)le th’dgd“_*/ /IF (€ — w)|?dédw
(/v (e - ) de /2 (/W(E—M)Qdf)wdw

using ||lwl|jz =1

o (froscora)
g:;(/ 17 fwldfdw>1/2
<?(//|f (e - w|d5dw)1/2
< V2AV27|f||2 < 00

So we can apply Fubini and obtain:

A A
/_A / Sf(u,w)w(t — u)eiwtdudw = % /}‘f(g) /_A |@(E — W)|2dwei£td§

Let ga(§) = ffA |@(£—w)|>dw, by construction g4 < 1 and lima_,o, ga(€) = 1. Thus Ff(€) ffA |w(&—
w)|2dw = Ff(€) x ga(€) is in L? for any A. Furthermore by dominated convergence Ff X g4 is
a Cauchy sequence which converges in L? toward Ff. Now

A
/ /Sf(u,w)w(tfu)emdudw =F YFf xga)
—A
and thus converges in L? toward F~1Ff = f.
Discretization: Given two discretization steps A; and A, one can consider the countable

family of atoms
(WA, 1A, ) (k) ez?
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and define the discretized windowed Fourier transform of f € L? by

((fswra, 1n,)) (kyezz-

A natural question is whether similar energy conservation property and reconstruction formula
hold.

It turns out that a necessary (but not sufficient) condition is A; x A,, > 2, that is a sufficiently
dense sampling. We refer to Daubechies book for more details...

Finite Setting In this case, atoms are defined by

Wm[n] =wn —m mod Nle i2m

where w is supported in {0, ..., N — 1} such that Zg:o |w[n]|* = 1. Their Fourier transform are
thus

m(k—1)
N

W1 [k] = W[k — 1]e™™

The discrete Windowed Fourier Transform is then defined by

Sflm.1) = 3 flnfuln—mle™™ % = (wni) = A Foimn) = ful ]l
n=0

Note that using the FFT algorithm to compute fuT—\ m] at each position n yields an algorithm
of complexity O(N?log N).

Using the same proof technique than the one used in the lapped transform interpretation, one
obtains

1 N—-1N-1
— Sflim, Nwn,,
N
m=0 [=0
N—-1 1 N—-1 N-1
DI =5 1> Sfm
n=0 m=0 [=0

Z |w[kA +n mod N> =1,Vn
k=0

3.3 Instantaneous Frequency

In a musical score, one can see several frequencies that vary along time. To formalize this idea,
one need first to define the notion on Instantaneous frequency.
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3.3.1 Definition

The cos cas: Let f be a modulated cosine

f(t) = acos(wot + ¢o) = acos P(t)

its frequency wy measures the speed of rotation of the angle in the cos, which in nothing but the
derivative of the angle ¢.

A first (attempt of) generalization: Let f be a real valued signal
f(t) = a(t) cos &(t)
with a(t) > 0 and ¢'(¢) > 0, one could define its instantaneous frequency w(t) by
w(t) = ¢'(t).

This definition is not satisfying because the decomposition f(t) = a(t) cos ¢(t) is not unique and
thus there is no unique way of defining this instantaneous frequency.

An analytic fix: Let f be a real valued signal, as its spectrum has an hermitian symmetry,
it is entirely characterized by its Fourier transform restricted to the positive axis. We define the
analytic part f, of f has the function whose Fourier transform is defined by

~ _J2f(w) ifw>0
falw) = {0 otherwise -

By construction,

and thus 1
[ =5 (e t T2) = RO,

The signal f, is called analytic because it has an analytic extension in the upper half plane.
Now, as

fa(t) = |fa(t)|eAr8Sa®

we obtain

f(t) = [fa(t)| cos Arg fa(t).

One says that a(t) = |f.(¢)| is the analytic amplitude of f(¢) while w(t) = (Arg f,)'(t) is its
analytic instantaneous frequency. Both are defined now in a unique way.

Example: If f(t) = a(t) cos(wot + ¢g) then
Flw) = 5 (€90 — wo) + e~ i +wp)).

Assume that @ is supported in [—wq, wp], i.e.that a varies slowly with respect to the period 27 /wq
of the cos, then

~

falw) = ei®o a(w — wp)

and thus f,(t) = a(t) e!«wot+eo),
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Frequency Modulation: In order to transmit a band limited signal m(t), one transmits

f(t) = acos(wot + k/o m(u)du).

If wo/k is large with respect to the Nyquist frequency of m, then the instantaneous frequency of
f is very close from being equal to wg + km(t). The signal m can thus be recovered from f. This
methodology is more noise resistant and power efficient than AM.

Limit of the instantaneous frequency: If f is the sum of two cosines:
f(t) = acoswit + acoswst
then

fa(t) — aeiwlt + aez’wzt

W1 — Wy cwitwo
:acos< 5 t)el 7L

The definition is thus interesting only if there is one single frequency (or they are well separated...)

3.3.2 Instantaneous frequency and Windowed Fourier transform

It turns out that the instantaneous frequency can be read in the Windowed Fourier Transform or
in its spectogram. Let w be a window in L' N L2, with ||w]||2 = 1, centered in time and frequency
and such that w(w) < 1 as soon as |w| > A. We define its scaled version by

ws(t) = Lw(t/s)

Vs
and let the Windowed Fourier Transform depends on s:
+oo

Sf(s,u,w) = / a(t) cos p(t)ws(t — u) e~ Wit = (fswWs )

Theorem 3.3: Let f(t) = a(t) cos¢(t). If the variations of a(t) and ¢'(t) are small on the
support [u — s,u + s] of wy(- — u)

+oo
/ ‘a(t + )P g u)et (P (1)

— 00

s (t)|dt < a(u)v/s|wl

and if ¢/(u) > s71 A then for all w > 0,

Sf(s,u,w) ~ %a(u)eiw(“)_““)@(s[w - qb'(u)]).
Proof: As
Sf(57 u, w) = <f7 ws,u,w>

o0 )
= / a(t) cos p(t) w5 (t — u) e~ “'dt

— 00

+oo
= %[m a(t) (eid’(t) + e*m(t)) We(t — u)e” “idt
= (19) +1(~9)).
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Figure 3.7: STFT

Now

“+o0

“+o0o

\\

— 00

+/ ( (t_|_u)ei¢(t+u) _ a(u)ei(¢(u)+¢’(u)t)) ws(t) e~ iw(tHu) qq,

—+oo

Q

Q

alu

Now using the same computation

1(=9) ~ a(w)e )

~ a(u)e' B (W — ¢ (u))
(w)e! = /5w (s(¢/ (u) -

o0 )
/ zd) (t) Ws (t . u) 7uutdt
t + u z¢(t+u) (t) efiw(t+u)dt

$(u)+¢' (w)t) 75 w5 (1) e iw(ttu) gy

a(u)wy (t)e! (P —ww g=ilw=e" (W)t gy

w))

“\/5g(s(—¢' (u) — w))

Asw >0, s|w+ ¢ (u)] > A and thus |g(s(—

¢'(u) —w))| <1 and I(=¢) < [a(u)|-

61
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Ridges: Under the local assumptions of the previous theorem, the spectrogram
Pf(s,u,w) = |Sf(57 uvw)|2 = |<f7 wS»u,w>|2
of f(t) = a(t) cos ¢(t) is approximately
2

Pf(s,u,w) = Zla() | (s — o/ (w)])*.

Under the mild assumption that |@| is maximal at 0, the spectrogram is thus maximum at
w(u) = ¢'(u), the instantaneous frequency. The points (u,w(u)) are called ridges.

At those points,
S (p(u)—&u)
51 €)) ~ La(u)e @ -E95(0)
so that

1S f (s, u, w(u)].

a(u) ~

2z
Vs |[@(0])]

Furthermore,

0

Iy (0(w) = &u)(u,§(u) = ¢'(u) = £(u) = 0

and thus the phase is approximately constant along the ridges.

3.3.3 Multiple frequencies:

If a function is a finite sum of terms ag(t) cos ¢y (t)

K
= Z ag(t) cos g (t)

k=1

then the Windowed Fourier Transform will allow to separate those terms, provided their instan-
taneous frequencies are sufficiently separated. More precisely, assume the assumption of the
previous theorem holds for all couples (ag, ¢r) then

K
s i(Pr(u)—wu) =~
Sf(s,u,w) ~ % > ag(w)eer) )w<s[w - ¢;C(u>]).

k=1
Separated ridges: As soon as ming .y |¢},(u) — ¢}, (u)| > £ then in the neighborhood of
Pk (w),

S i —wu)

Sf(s,u,w) ~ %ak(u)ezw’“(") )w(s[w — qbﬁc(u)])

and thus a ridge corresponding to ay, cos ¢y (t) exists.
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Figure 3.8: Ridges

Interferences: When miny ., ¢} (u) — ¢}, (u)| < 2, the previous analysis cannot be used.

The two ridges are not separated anymore, and interference patterns may be observed.

Window scale choice: The scale s of the window is a crucial parameter: on the one hand it
has to be small so that the local approximation of a(t) cos ¢(t) by a(u) cos(p(u) + ¢’ (u)(t — u))
is valid on the neighborhood of u of size O(s), on the other hand it has to be large so that the
frequencies could be resolved, as the separation limit is given by A/s.

Additive synthesis: Assume we analyze a sound f and that one detects K ridges, the sound
f is then naturally modeled by

K
Z ak(t) cos Pi(t).
k=1

This representation is particularly well suited to scale the duration of a sound without modi-
fying its tone or the other way around. Indeed, the ear is sensitive to the amplitude and the
instantaneous frequency, which are quantities that should be preserved.

A sound time scaled by a factor a can thus be defined by

K

Z ay(t/a) cos (ag(t/a))

k=1
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while a sound frequency scaled by a factor a can be defined by

K
S ax(t) cos (adi (1))
k=1

Note that more advanced modeling of the amplitude and the phase is possible.
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Chapter 4

Discrete Stationary Random
Process

In the previous figure, a chaotic part seems to exist. In order to model such a behavior, we will
go to random modeling.

We consider here discrete sequences in a random process setting. This is the natural setting
when there is uncertainty in the measures or when one wants to model the variability of a signal
class.

We will restrict ourself to some simple processes: the wide-sense stationary processes.

4.1 Wide sense stationary processes

4.1.1 Definition

A discrete random process X is a sequence of random variables X [n] with n € Z. We restrict
ourself to real or complex random variables. Such a process is entirely characterized by the joint
laws of finite random vectors extracted from X: it suffices to know Vk > 0, ¥(ny,...,n;) € ZF,
V(Al, ceey Ak) € Bk,

P(X[?’Ll] € Aq,.. X[’I’Lk] S Ak),

where B is the set of Borel sets.

Stationarity: A random process is said to be strictly stationary if, ¥(ni,...,ns) € Z* and
any § € Z the law of (X[ny +4],..., X[ng + ¢]) is the law of (X[n1],..., X[ng])

We restrict ourself to the important class of random processes having finite moments of order 2,
vn,E (|X[n]|?) < +oc.
Those processes are such that E(X[n]) exists and is finite as

E(X[n])| < E(X[][*)'/?E(1)"2 = E( X))/,

67
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Definition: Let X be a process having finite moment of order 2, the discrete function Ry
defined by

V(n,m) € Z%, Rx[n,m] = Cov(X[n], X[m]) = E ((X[n] —EX[n]) (X[m] IEX[m}))

is called the autocovariance function of X.

The finite moment of order 2 assumption ensures that this function is well defined.

Definition: A discrete wide-sense stationary process (WSSP) is a discrete process X such that
Vn € Z X|[n] has a finite moment of order 2 and satisfies

o Vn ez, EX[n] = EX[0],
e Y(n,m) € Z, Rx[n,m] = Rx[n —m,0].

If X is a WSSP, with a slight abuse of notation, the autocovariance Ry is seen as discrete
function of a single variable: Rx[n] = Rx|[n,0].

Gaussian case: If a discrete process is Gaussian then its wide-sense stationarity implies its
strict-sense stationarity!

Proposition 4.1 (WSSP):

i) Let Xy be a random process having a finite moment of order 2, the random process X
defined Vn € ZX[n] = X, is a WSSP.

ii) Let (Y[n]) be an ii.d. random variables sequence having finite moment of order 2, the
process Y is a WSSP.

iii) Let (Z[n]) be a sequence of decorrelated random variables having the same mean and the
same variance, the process Z is a WSSP.

Proof: i) X is a process such that Vn € Z, X[n| has a finite moment of order 2, EX[n] =
EXy = EX|[0] and ¥(n,m) € Z?

Rx[n,m] = Cov(X[n], X[m]) = Cov(Xy, Xo) = Rx[n —m,0].
ii) Y is a process such that Vn € Z,Y[n] has a finite moment of order 2, and such that, using
the i.i.d. property, Vn € Z; EY[n] = EY[0] and ¥Y(n,m) € Z?

Ry [n,m] = Cov(Y[n],Y[m]) = Cov(Y][0], Y[0])d[n — m] = Ry [n — m)].

iii) The result is obtain with the same computations than for case ii)

White noise: A zero mean WSSP with autocovariance function 2§ is called a white noise.
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4.1.2 Autocovariance function properties

Proposition 4.2: The autocovariance function Rx of a WSSL X satisfies
e Rx|[0] € RT,
e Vn € Z, Rx[—n] = Rx|n]
e Vn €Z, |Rx[n]| < Rx|0]

Proof: The proof of the first item is immediate: Rx[0] = Cov(X[0], X[0]) > 0 as a variance is
non negative.

The proof of the second item is obtained from the definition of the autocovariance and the
stationarity of the process

Rx[—n] = Cov(X[—n], X[0]) = Cov(X]0], X[—n]) = Cov(X|[n], X[0]) = Rx|[n]

The last item is proved in a similar way that the Cauchy-Schwartz inequality to which it corre-
sponds.If Rx[n] = 0 then the property holds. Otherwise, VA € C,
Cov(X1[0] + AX[n], X[0] + AX[n]) = Cov(X[0], X[0) + X Cov(X[0], X[n])
+ A Cov(X[n], X[0]) 4 |A]* Cov(X[n], X[n])

[
= (14 [A?)Rx[0] + (ARx[n] + ARx[n] > 0.

Applying this result to A = u‘gi m‘ with p real yields Vi € R, (1 + u?)Rx[0] + 2u|Rx[n]| > 0.

The discriminant of this real polynomial of degree 2 is non positive, that is |Rx[n]|* < Rx[0]2.

Theorem 4.1: The autocovariance function Rx of a WSSP is a discrete function of positive
type, i.e. Vk € N* V(ny...,n;) € Z, [RX [n; — in a positive semi definite hermitian

njH 1<i,j<k
matrix:

Vk € N*,V(ny...,m) € Z,Y(&1, ..., &) €CF, > &Rx[ni —nylg; € RY,
1<i,j<k

Proof: It suffices to notice that

Z &iRx[ni —nyl€; = Z & Cov(X[ni], X[n;]&;)

1<i,j<k 1<i,j<k

= Cov Z & X[, Z & X [ny]

1<i<k 1<i<k

is a variance and thus non negative.

4.1.3 Ergodicity, mean and covariance estimation

Setting: Assume we observe a sample of N succesives values X[0],..., X[N — 1] of a WSSP
X. One may be interested in estimating its mean p and its covariance function Rx from those
observation.
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Figure 4.2: Autocovariance functions (with some zoom around 0)

Mean estimation: The most natural estimate is the empirical mean of the process

= %ZXUC].

While unbiased (Eiz = p), it is not necessarily consistent when N goes to +oo. For instance, if
X[k] = X[0] then = X]0]...

Consistency and ergodicity: If i is consistent for the quadratic loss, the process is said to
be ergodic for the mean.

Proposition 4.3: the process is ergodic for the mean if only if

1 = l
RIS (“zv)RX“]Zo
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Figure 4.3: Mean estimation
Proof:

E (v — 1) = 32 | 3 N~ WXn] — ) (KT~ )

0<n,m

1

0<n,m<N-1
1

= N2 Z (N = |t)Rx[l]
—N+1<I<KN-1
1 N-1 ‘n|
Bl - =y X (1-5) rxli
n=—N+1

Corollary 4.1: The process is ergodic for the mean if lim o Rx[k] = 0.

Classical covariance estimate: VO< k<N —1

N 1 N—-1-k
Bxlb =+ > (XIn) - DX —F 7
=0

Although this estimate is biased, it is a positive type function and thus very useful in practice.
Proving its consistency is more challenging and require some technical assumtions on the process.
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Figure 4.4: Covariance estimate

4.1.4 Autocovariance function and spectral measure

Theorem 4.2 (Herglotz): If R is a discrete function of positive type, then it exists a unique
positive measure p on [—7, 7] such that

Y
Vn € Z,R[n] = %/ e du(w).

Remark: This is nothing but a specific Fourier transform representation.
Corollary 4.2: If R € (', i = R(e™)dw where

R(e™) = Z R[nje™ .

ne”z

Remark: In ¢!, one can verify that h/\*g = ng.

Proof: Let

VN > 0,Ry(e™) = Z e~ ""“e"™ R[n — m] > 0 by assumption.
0<m,n<N

= Y (1 [nl/N)Rxfnle "
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Figure 4.5: Power spectral density

The measure duy(e™) = ]/%-;(eiw)dw is then non negative and satisfies Vn € Z,
1 " inw
(1= nl/N) i) = o [ em“dun ().

It suffices then to let N goes to infinity and to extract from py([—m,7]) = 27Rx[0] a sub-
sequence converging tightly to a positive measure p which satisfies the equality of the theorem.

Uniqueness is obtained by observing that the family (e™),,cz is dense into the bounded contin-
uous functions of [—m, 7] and thus a measure is entirely defined by its action on this family.

Definition: Let X be a WSSP, the measure px associated to the autocovariance function Ry
is called the spectral measure of the process. If R, € ¢}, the Fourier transform of Ry Ry (e™)
is called the spectral density, or the power spectral density, of X.

Remark: The use of the word power will be justified later.

4.1.5 Process filtering
Theorem 4.3: Let X be a WSSP and h € ¢!, the process Y = h x X defined by, ¥n € Z,

Yin] = hlk]X[n - k|

kEZ
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is a WSSP of autocovariance function
Ry = hxh*Rx,

where h is defined Vn € Z, h[n] = h[—n]. Moreover, the spectral measure uy of Y is given by
dpsy (@) = [h(e™) Papuxe ().

Remark: If E(X[0]) =0 and Rx € ¢! then h € 2 is sufficient for the well definition of hx X.

Proof: For sake of simplicity, we denote for any random variable Z having a finite moment of
order 2 || Z||? = E(] Z|?) this moment and talk of L? convergence for a convergence in this norm..

Given n € Z, for any k € Z, the random variables h[k]X [n — k| in the sum defining Y'[n] satisfy

Bk X [n — k]|l < [BK]| X [0 = K]ll2 = [B(k)[/[EX[0]]2 + Rx[0]
because X is a WSSP. So
S O InEX [0 =Kl < |1k K]ll2 = ||kl /EX[0]]2 + Rx[0] < +o00.

kez kEZ

This implies the almost everywhere convergence of ), _, |h[[k]|X|[n — k] and thus the one of
> rez k] X[n — k]. The random variable Y'[n] is thus well defined.

The bound ), ., |h[k]X[n — k]||1 implies that E|Y'[n]| = [|[Y||; is finite and that a
= h[KEX[n — k] = EX[0] ) _ hlk]
kEZ k€Z
The mean of Y[n] is thus independent of n.

In a similar way, the bound on Y, o, ||h[k]X[n — k]||2 implies that E|Y[n]|* < +oc. It remains
to prove the formula for the variance. For any N € N*, we define

k=—N

which converges to Y in L? when N goes to infinity,

Cov(Yn[n], Yn[m cov< > hlk — K, Y h[k]X[m—k])

k=—N k=—N
N

> h[k]A[l] Cov(X[n — k], X[m —1])

k=—NI=—N

> hk] Z Rx[(n —m) —k —1]

thus lettlng hN[k'l] = h[kl]l‘k"lSN
Cov(Yn[n], Yn[m]) = (hn x hy x Rx)[n — m).

By L? continuity of the covariance operator Cov(Yx[n],Yx[m]) tends to Cov(Y[n],Y[m]). For
the convolution result, it suffices to notice that
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e Ry isin £,
e hy tends to h in ¢*

e and the convolution of a ¢ discrete function by a ¢! discrete function is /> discrete
function and this application is continuous with respect to the two variables

to obtain (hy % hy x Rx)[n — m)] o (h % h* Rx)[n —m]. This concludes the proof that ¥
— 100
is a WSSP and that the covariance formula holds.

The spectral measure associated to Yy can be obtained from the previous formula:

Ryy[n Z Zh R[l[Rx[n —k+1]

k=—NIl=—N

which yields by inserting the spectral measure px of X

33 MR [ e

—NIi=—-N

1 T ”Lw Z Z ]’L _lk“mdux(w)
—Nl=—

T

™| () Pdpx ().

Ry, [n] = o0
By L? continuity of the covariance, Ry, [n] tends to Ry[0]. The sequence hy tends to h in
0!, which implies that hy tends uniformly to h which is a bounded continuous function. The
spectral measure formula is thus obtained, using the continuity of the action of a measure on
bounded continuous function and the unicity of the spectral measure, by going to the limit in
the previous equality.

The h € (? case: If we assume that EX[0] = 0 and Rx € ¢! then Y = hx X exists even if
h € ¢? and is a WSSP of autocovariance function

Ry = hxh*Rx,

where h is defined Vn € Z, h[n] = h[—n]. Moreover, the spectral measure uy of Y is given by
dpy (w) = |h(e’)Pdpx (w) = ()] Rx () dw.

Proof: The proof is again based on Yy = hy * X which is a well defined zero mean stationary
process. Now Yy — Yy = (hy — hpr) * X is also well defined and satisfies

RYN,YM = (hN — hM) * (hN — hM) *Rx.

If we use the property that ||g * ¢'||ec < min(||g||2]lgll2, [|9]lscllg’|l1; one obtains thus

[Ryy —varlloo < [1hn = harll2ll(hy — has)ll2l| Rx |11
< |IRx |l llhn — hatl3-
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Figure 4.6: Process filtering
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As h € L?, hy is a Cauchy sequence in L? and thus Ve > 0 it exists Ny such that N > Ny and
M > Ny implies ||Ryy—vy |loo < €. As EYx[n] = 0, this implies that Yy[n] has a limit Y[n] for
the convergence in L? and that this limits satisfies EY [n] = 0. Now using the continuity of the
convolution with respect to the £2 norm of the filter on verify that

RyN :hN*]/l-;/\r*RX —)h*E*RX = Ry.

Finally,

T [T o~ s l?2=—, .
RYN[TL]:g/ e““"‘hN(ew)‘ Rx(e™)dw

—T
which converge to

1 (™ e 2

because Rx € ¢! implies E)\( € L™ and h € ¢? implies that

s

1 ™

2
— ‘ dw.
2 J_,

ﬁ(eiw)

—~ .2 1
hN(e“*’)‘ dw%Q—/
71'

—T

Remark: If X has a spectral measure of density R(ei“’) with respect to the Lebesgue measure
which is continuous, the filtering of X by the filter h. ., whose Fourier transform is given by

by ,e(€™) = %I{WO—WKS/Q}

yields a centered random process Y. ., whose variance tends to R(e™°) when ¢ tends to 0. The
name of spectral density (or power spectral density) is due to this.

4.2 Wiener filtering

4.2.1 Filter to estimate?

In many applications, instead of observing a WSSP X, one observes a WSSP D linked to X
through its covariance and one wishes to estimate X from D. This model is rather general and
includes for instance the cases of

e denoising: D = X + B where B is a independent WSSP of noise,
e deconvolution: D = g+ X + B where g is a know filter.

All signals being WSSP, it is natural to use a translation invariant method. If one further imposes
that the method is linear, one imposes to estimate X from D by a LTI system and thus by the
convolution of D with a filter h.
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4.2.2 Wiener filtering

Theorem 4.4: Let X be a WSSP of zero mean and D another WSSP of zero mean such that
the covariance function
Rxp[n,m] = Cov(X|[n], D[m])

depends only on n — m. If it exists h € ¢! such that
RXD =hx* RD

then the best linear prediction of X in the space generated by D in term of quadratic error is
given by
X=hxD

and

E (| X[n] = X[n]]?) = Rx[0] — ZWRXDU“]

Proof: Let n € Z, the best prediction X[n], in term of quadratic error, of X[n] in the space
generated by all D[k] with k € Z is by the hermitian structure of the L? space, the projection of
X[n] onto this subspace. This projection is entirely characterized by the projection theorem:

e X[n] € Vect(D)
e and Vk € Z, Cov(X[n] — X[n], D[k]) = 0.
Moreover
E(|X[n] — X[n]]*) = Cov(X[n] — X[n], X[n] — X[n]) = Cov(X[n], X[n] — X[n])
= Cov(X|[n], X[n]) — Cov(X[n], X[n]).

Let h € ¢* such that

Rxp =hxRp,
the process Z = hx D is a WSSP defined Vn € Z by

Z[n] =Y h[k]D[n — k.

keZ

By construction, Z[n] € Vect(D). Furthermore, V(n, k) € Z,

Cov(Z[n], DIk]) =Y _ h[l] Cov(D[n — 1], D[k]) = > h[l|Rp[n — 1 — k]
l€Z leZ
= (hx Rp)[n — k.

We have thus

Cov(X|[n] — Z[n], D[k]) = Cov(X|[n], D[k]) — Cov(Z|n], D[k])
= RXD[n — k] — (h*RD)[n — k]
=0.

This implies that Z[n] is the projection of X [n] on Vect(D) and thus X[n] = Z[n] = (hx D)[n].
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The last item of the theorem comes from

P

E(IX[n] = X[n]|*) = Cov(X[n], X[n]) — Cov(X[n], X[n])
= Cov(X|[n], X[n]) — Cov(X|[n], Y h[k]D[n — k])

B
m

Z
= Cov(X[n], X[n]) = Y h[k] Cov(X[n], Dln — k])
keZ

E(|X[n] — X[n]|*) = Rx[0] - ZmRXD[k]'

Corollary 4.3: Under the assumptions of the previous theorem, if Ry € ¢, Rp € /' and
Rxp € ¢, h satisfies

~

h(eiw)

_ RXD(eiw)
RD(eiw>

and

:% .

E (|X[n] — X[n]?) ! /W (Rx(ew)— |RXD<€°J)|> dw.

) is non zero

_ i/ﬁ Rx(e™)Rp(e™) — [Rxp(e™)[?
2 J_ . ]%D(eiw)

If Rp(e™) in non zero when Rx (e

E (| X[n] — X[n]?) dw.

Proof: The first item is obtained by computing the Fourier transform of the equality Rxp =
h  Rp which involves ¢! discrete functions and thus yields almost surely

Rxp(eiw) = ﬁ(eiw)RD(eiw).
This implies that one can define h = {?X p(e)/Rp(e™) when Rp(e’) # 0 and otherwise
arbitrarily because if Rp(e’) = 0 then Rxp(e™) = 0.

The second item is obtained from

E (|X[n] — X[n]|*) = Rx[0] — ZWRXD[M
kez

which becomes using the spectral density of Rx et Rxp which are both £, the reconstruction
formula and Parseval equality

1 (™ . . 1 [T =4 .
= — Rx(e")dw — — h(e)Rx p(e™)dw
2 J_, T ) .
1 ™ R . > w2
= Rx (") — 7|R¥D(e, ) dw
2T —r RD(e“*’)

and thus because Rp(e') does not vanish where Rx (e’) is non zero

_ 1 [T Rx(¢*)Rp(e™) — |Rxp(e™)?
2r J_ . Rp(e)

dw.
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Figure 4.7: Wiener filtering

Examples: Let X and B be two independent zero mean WSSP with known spectral densities.

e Denoising: one observes D = X + B, then
Rp(e™) = Rx(e) + Rp(e™) and Rxp(e™) = Rx(e™)

and if 3h € ¢! such that Rp = hx Rxp then

s Rx(ei‘“) an ol — - " o i ™ RB(eiw) . eiw y
" I:E(eiw)x +EB(eiw) d E(|X[ | = X[l ) T or /_Tr ﬁfx(eiw) +RB(eiw)RX( Jdeo-

e Deconvolution: on observes D = g« X + B with g € ¢! known, then
Rp(e™) = [§(e™)PRx (™) + Rp(e™) and  Rxp(e™) = g(e™)Rx(e™)
and if 3h € ¢! such that Rp = hx Rxp then

g(e™)Rx (™)

h=—— o
9(e)[2R(e™) x + Rp(e)

X2 = L " Rp(e™) B () duw
and E (|X[n) - X[nlP) = o- /_W R ) T R

In practice, Wiener filtering method consists in computing the inverse Fourier transform of
= Rxnle™)

Rp(e') R
one has to try to adapt the proof. For instance, if h € L?([—m,n]) then h € % and one can still
use this filter if Rx, Rxp and Rp are in ¢'.

and checking that it belongs to ¢1. If it is the case, the theorem applies otherwise
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Figure 4.8: AR example

4.3 ARMA process

4.3.1 AR process and canonical decomposition

The AR processes are simple processes corresponding to recursive sequence in the deterministic
case. They are frequently used in random modeling because they are both simple and versatile.

Definition: A WSSP X is autoregessive (AR) if it exists a non zero polynomial P and a
normalized white noise B such that

pxX =B

where p is the filter associated to P (p(e™) = P(e™™)).
Provided Py = P(0) # 0, we have thus a recursive definition of X [n]

poX|[n Zkan— | + Bn]

P cannot be arbitrary.

Proposition 4.4: P has no roots of modulus 1.

Proof: By the filtering theorem, [p(e™)[?dux (w) = dup(w) ie. |P(e™™)|dux(w) = dw.
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Mean: In particular, as Epx X = P(1)EX = E(B) = 0, this implies that EX[0] = 0.

Inverse filter: If p has an inverse p~! € /! then X =p~ ' x B .

Proposition 4.5: If P is a polynomial without roots of modulus 1 such that P(0) # 0 then its
associated filter p admits a stable inverse p~!. Furthermore, this filter is causal if and only if the
roots of P are of modulus strictly greater than 1. Lastly, p'[0] = P(0)~!.

Proof: The proof is similar to the one of the recursive filter inversion and is based on the partial
fraction decomposition of 1/P(X).

Stable and causal inverse: as it was the case for recursive filtering, one can always assume
this is the case by modifying P.

Proposition 4.6: Let P be a polynomial without roots of modulus 1 and such that P(0) # 0,
it exists a unique polynomial Py and a unique positive real gy such that

e VzeCll =1 = oolP(2)| = |Po(2)]
e every root of Py has a modulus strictly greater than 1

e P(0)=1

Canonical couple: The couple (Py,0¢) associated to P is called the canonical couple associ-
ated to P.

Proof: Existence:

[P(2)] =

N
CH(Z —-&)

where the &; are the roots of P

N
= eI 1z - &l-
i=1

One verify easily that for all z € C of modulus 1 and all £ € C,

|z =&l =zllz — €| =1 - &2] = [€2 — 1| = [¢]

|
zZ— =|.
£

One can thus replace every occurrence of |z —&| by |&|

z— %‘ for all roots &; of modulus strictly

smaller than 1. Up to a reordering of the roots, this require to modify only the N’ first roots, so
that

v
1
1P(2) =l [[1&l |z —=| J] NI=-¢&l
i=1 &i i=N'+1
N’ N’ 1 N
— (1] & H(z—g,) I -
i=1 i=1 i/ i=N'+1

1
= ;O|P0(Z)\
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Uniqueness: Let A and B two polynomials such that |A(z)| = ¢|B(z)| on the unit circle, A(0) =
B(0) = 1 and such that their roots have a modulus > 1.

Let & be the roots of A andny the ones of B: for z of modulus 1,

N M

[[c-E-8 =][E-nE-m
i=1 i=1
Multiplying on the left and on the right by z¥*M and using 2z = 1 yields
N - M
M- &)1 =G2) =N [[(z—m)(1 - ma).
i=1 i=1

Those two polynomials are equal on the unit circle and thus equals. The set of their roots are
thus identical and

1 1
{£k7:71§k§N}:{nk7:71ngM}
§k Mk

This implies that N = M and the assumptions || > 1 and 1| > 1 ensure that

e, 1<k <N} ={m, 1 <k <M}
The two polynomials A and B are thus proportional and as A(0) = B(0) are identical.
Theorem 4.5: Let X be an AR WSSP, it exists a unique couple (P, 09) such that

e the filter py associated to Py satisfiespg x X = 09 By where By is a normalized white noise.

e Py(0) =1 and all the roots of Py have a modulus > 1.

Such a couple is called the canonical decomposition of the AR WSSP X.

Corollary 4.4: if X is an AR WSSP, it exist a unique stable causal filter p, 1 a unique standard
deviation o and a normalize white noise By such that

X:U()pal*BO

Proof: X is an AR WSSP and thus it exists a polynomial P such that the filter p associated
to X satisfies px X = B with B a normalized white noise. Let (Py,09) be the canonical couple
associated to P. The process pg x X is a WSSP process of power spectral density

\ﬁo(eiw)|2dﬂx(w) = JQ\ﬁ(eiw)PdMX(W) = Ugdw-

and thus a—lopo * X is a normalized white noise.

Let (Py,01) be a couple satisfying the same constraints, we have thus
1 A w2 1 A w2
§|Po(€ Wrdpx (w) = §|P1(€ ) dpx (w)
1

which implies
—iwy|2 i —iwy (2
[Fo(e™™)Pdpx (W) = —51Pi(e™™)Fdpx (w).
1

This implies thus that Py = P; and o9 = 07.
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4.3.2 Prediction and coefficient estimation

Prediction: How to predict X[n 4 1] from the already observed values of X: X[n — k] for
k € N?

Projection: If one restricts ourself to linear prediction, the very same analysis than the one
conducted to study Wiener filtering shows that the best prediction X[n + 1] is the projection of
X [n + 1] onto the space Vect,, (X) = Vect(X[n — k], k € N) that we denote Pyec, (x)(X[n +1]).

Theorem 4.6: Let X be AR WSSP of canonical decomposition pg* X = o¢By then

Pyer,,(x)(X[n+1]) = =D polk + 1] X[n — k]
k>0

and
E (| X[n+ 1] = Preer, ) (X[n + 1)) = o,

The proof relies heavily on the following proposition:
Proposition 4.7: If X is an AR WSSP with canonical decomposition py x X = 09Bgy then
o the filter p, ! is a stable causal filter such that
- X =oopy L % By where By is a normalized white noise
~po 0] =1
e Vect, (X) = Vect, (By).
Proof: The first part is a restatement of a previous proposition.
The second part is obtained by noticing that the canonical decomposition yields

Boln] = ! (po * X)) Zpoﬂ — k]
0 k>0

because pg is a stable causal filter. This implies that Vect,,(By) C Vect,(X). Along the same
line,

X[n] = (po * By)[n —UOZPO k|Bo[n — k]
k>0

because p; * is also a stable causal filter. This implies that Vect,,(X) C Vect,,(By).

Proof (of the theorem): As Vect,(X) = Vect,(By) and By is a white noise Bg[n + 1] is
uncorelated with Vect,,(X). This can be rewritten as

Pyect,, (x)(Bo[n + 1]) = 0.
The canonical decomposition of X at n + 1 yields

ooBoln+1] = X[n+ 1]+ Y polk + 1] X[n — k]
k>0
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and thus if we project this equality
50 Pect,,(x) (Bo[n +1]) = Pyect,, (x) (X[ + 1)) + > po[k + 1] Pyeet,, (x) (X [n — k])
k>0
which yields
0= Pyect, (x) (X[ +1]) + Y polk + 1] X [n — k]
k>0
which is the first item.

The second one is immediate once we notice that X[n + 1] — Pyect, (x)(X[n — k]) = 00 Bo.

Corollary 4.5: The best linear prediction of X[n + k] fromy Vect,, (X), Pyect, (x)(X[n + k]) is
obtained by applying the previous formula recursively

PVcctn(X) (X[n + k]) = PVCctn+k,1(X) . PVcctn(X) (X[TL + k])

and

E (| X[ + K] = Pyect, ) (X[n + K])[*) = 02 > [ [P

Proof: The first item is immediate as Vect,(X) C Vect,/41(X). For the second one, starting from
the decomposition

X[n+1 =00 py [|Bo[n+k—1]
>0

and projecting it on Vect, (X) = Vect,(Bo) yields
Pyect, ) (X[n+1)) = 00 > pg [|Boln+ & — 1]
1>k

which implies
k—1

X[n+l] PVectn(X) X[n+l _UOZPO Bo[n-ﬁ-k‘—l]
1=0
which yields the result because By is normalized white noise.

Estimation: In practice, the parameters of the AR WSSP are often not known and need to
be estimated.

Using the representation X = ogp, 1'% By one can show that both the covariance estimates
VO<E<N-1

| Noick
=N Z X[n—k-pn
1=0

are consistant for an AR process.

Now as

p()*X[N] :O'Bo[N}
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we have for all &’

K
S polk] Cov(X [N — k], XN — K]) = o Cov(Bo[N], X [N — k'])
k=0
and thus
K
Zpo[k]RX [k — k] = 0%6p—o
k=0

Pluging our estimate of Rx for 0 < &’ < K allows to estimate py and o2 from this set of linear
equation, called the Yule-Walker system.

An efficient implementation of the resolution of this system known as the Levinson-Durbin is
often used in practice instead of a brute force inversion.

Yule-Walker as a least square:

Theorem 4.7: The minimizer in py of

S (Xl + 3 polk) X[ — K]

is the solution of the Yule-Walker system.

Proof: A necessary condition to minimize the convex function

2

N-1 K
S AXWI Y polkIX [0 — K|,
n=K k=1

is that the gradient at that point is 0 and thus that for all 1 < k' < K

N-1
23 > k=0%p[k]X[n— k]X[n - K] =0
n=K

K N+1

Zpo[k] Z X[n—kX[n—-k]=0

k=0

K
> polkINRx [k — k] = 0.
k=0

4.3.3 Generalization to ARMA process

Definition: A WSSP X is an ARMA (Auto Regressive Moving Average) if there exist a non
zero polynomial P, a non zero polynomial @@ without roots of modulus 1 and a normalized white
noise B such that

px X =q*xB

where p (respectively ¢) is the filter associated to P (respectively Q).
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N
%Z [ X[n] — an X[N = 1] — e X[N — 2]
n=3

Figure 4.9: AR parameter estimation

Theorem 4.8: Let X be an ARMA WSSP, it exist a unique triplet (P, Qo, o) such that

e po*x X = 0gqo x By where By is a normalized white noise.

e Py(0) = Qo(0) =1 and the roots of Py and Qg have a modulus > 1.

e Py and Qg no common roots.

e po admit a stable causal inverse p, ! verifying Do ! [0] =1 such that X = ogp, L% go * Bo.

e go admit a stable causal inverse g ! verifying q ! [0] = 1 such that 0By = ¢ Lypo x X.
Theorem 4.9: If X is a ARMA WSSP with canonical decomposition pg * X = ogqg * By then
Vect,, (X) = Vect,, (By),

Pyect, (x)(X[n+1]) = — Z(%—l *po)[k + 1] X[n — k]
k>0

and

E (| X[n+ 1] = Preer, ) (XIn+ 1)|*) = o3

Corollary 4.6: The best linear prediction of X[n + k| from Vect,, (X), is obtained by applying
the previous formula recursively

Pyect, (x) (X[ 4+ E]) = Pyect,, i1 (x) * Pyect, (x)(X[n + k)
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and

E
—

E (|X[n+ 4] — Preet, ) (X[n+B)[°) = 0 3 105" o) 0%
l

Il
=]

Coeflicient estimation: For ARMA process, using the representation X = oop, L% qo * By
one can show that all the covariance estimates VO < k < N — 1

N—-1-k

! (X[ - X+ k-7

N
l

EX [k] =

are consistent. This is the basis of most methods of estimation of the parameters.
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Chapter 5

Voice modeling

In this chapter, we study the voice production mechanism. We start by a physiological description
that leads to a physical model. We show how to compute solutions from this model using Fourier
technique and how this modeling can be used to synthesize efficiently voices.

5.1 Anatomy and physics

5.1.1 Anatomical description

The voice production mechanism can be divided in three phases:
e Respiration: Air goes from the lungs to the trachea

e Phonation: In the larynx, with the help of the vocals cords, an excitation signal is
produced.

e Articulation: This signal is deformed by the vocal tract to produce an articulated sound.

In the phonation step, the vocal cords can either vibrate to produce a quasi periodic signal
(voiced sound) or let the air go through to produce a turbulent signal that can be modeled by a
white noise (unvoiced sound). The frequency of vibration of the vocal cords is called the pitch
and gives the fundamental frequency of the sound. This pitch is typically between 100 Hz and
300 Hz, but can be as high as 3000 Hz for a soprano.

In the articulation phase, the signal produced by the vocal folds in filtered by the vocal
tract to produce articulated sound. Playing with the shape of the mouth, pharynx and nasal
cavities, one obtains different sounds.

5.1.2 Physical modeling

Physics of tube: we focus on the effect of the vocal tract which one models by a simple 1D
tube. The physical behavior will be described by four quantities:

91
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Nasal
cavity

Hard palate

Lips
Teeth

Soft palate

Pharynx
Tongue —

Epiglottis

Vocal cords
Larynx
Trachea

Qesophagus

To stomach

1t

SIDE VIEW
X-ray view scheme

Figure 5.1: Voice anatomy

ny B -

Figure 5.3: Vocal tract for different vowels
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Phoneme

Semivowels

‘ Consonants ‘

Diphtongs

Whisper

Fricatives ‘ ‘ Affricates ‘

Nasals ‘ Stops ‘

Front

‘ Voiced H Unvoiced H Voiced H Unvoiced H Voiced H Unvoiced ‘

IY AA Uw AY w M B P v F JH CH H
TH ER UH oYy L N D T DH TH

EH AH/AX OW AW R NX G K VA S

AE AO EY Y ZH SH

Figure 5.4: Phoneme classification

Nose — Nostrils
Velum

Larynx —— Pharynx Mouth =« Lips

Vocal folds = Tongue hump

Trachea and Bronchi ——

Lung

7777777777777777777777
7707727777777727777777
777777772777777272277277

NN

Figure 5.5: Speech production system

Figure 5.6: Tube model
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Figure 5.7: Mass conservation

e the tube area A(z,t)

e the air velocity: v(z,t)

the Pressure: P(z,t)

and the air density: p(z,t).

Pressure and density: in an adiabatic gas, one has PV = cst or equivalently Pp~7 = cst’.
We will assume here the more general relationship P = f(p) where f increases with p. Physical
consideration shows that the air density can not vary drastically from the ambient air density
so that p = pg + pe with pe < po (Ambient air density). We can thus use a Taylor expansion to
obtain (at least approximately) that

P = f(po) + ’{2106

with k2 = %(PO)- In particular
dP = k%dp

Mass conservation: one of the most fundamental principle of physics is mass conservation.
The mass of an infinitesimal slide at (z,t) is given by

plx, t)A(z, t)dx
while the mass of the same slide at time ¢ + dt is given by

p(x +v(x, t)dt, t + dt) Az + v(x, t)dt, t + dt)
X [z + do + v(z + dz, t)dt — (x + v(x, t)dt)]

So gathering p and A, we obtain

pAdx = | pA+ %vdt + %dt dx + @dxdt
ox ot Ox



5.1. ANATOMY AND PHYSICS 95

Figure 5.8: Momentum

which leads to the equation

OpA vt 8pA+ Aav —0

ox ot ox
Momentum: The momentum conservation principle says that F' = m‘?;t’ Here, the only force
is the pressure force:
OPA
P(z,t)A(z,t) — P(x + dx, t)A(x 4+ dz,t) = — 3 dz
x
while the momentum derivative is given by
v v
— = pAdr—.
Mot TP
This leads to
OPA ov 0
0 ot
Physical equations: We have thus
P = po+ pe and P = f(po) + K*pe
8pA,U+8pA+pA8v70 and 8PA+pA6v70

A classical approximation consists in neglecting some spatial deformation if front of temporal
. OpA OpA
ones: WU < ot -

OpA + Aav —0 and 8PA =+ Aav -0

{p Po + Pe and P = f(po) + K?pe

Rewriting this system in p. yields

p0%+ape +pA61+p€A6U:0
.f(pO) oz +"‘326Pe A(% +peA% =0
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Figure 5.10: Two waves

Now neglecting p. in front of py yields

Ope A
po%e + ngA%:O
Fpo) G + K955 + ppAGE = 0

which is a complex model for which no explicit solution exists.

Cylinder model: in order to be able to compute explicit solution, we will assume that A is
constant along the tube spatially and temporally. In that case, the equation system becomes

Aaapte —+ poA% =0
KJ2A% + poA% =0

which implies the wave equation:

0%v 1 0%

o 2oe

Note that the application which assign a solution to an initial condition is Linear (time) Trans-
lation Invariant...

Resolution: One computes first the Fourier transform of the system along the time:

%0

da?

1 5.
(z,w) + W O(z,w) =0
It leads to a second order linear differential equation of solution:
6(:177&}) — ;J\r(w)efiwr/n _ F(w)e+iwz/n
v(x,t) = / ﬁ(w)eiw(t—m/n)dw _ / ;:(w)eiw(urz/n)dw
R

R
=ovt(t—a/k) —v (t+/K)
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+ +
Vo U

P — ,53
Vg v,

Figure 5.11: Boundary conditions

The solution can be obtained as the sum of two waves, a forward wave v and a backward wave
v~, both going at speed k.

For the air density (and the pressure), we use
v=0v"(t—a/k)—v (t+x/K)

0pe ov
o "% =0

which yields

Ope \ py_ po (007 gv-
5 (z,t) = - ( 5 (t—x/k)+ 5 (t—|—x//§)>
Po

pel,t) = - (vF(t—a/k) +v (t+x/K))
The pressure is thus given by

P(a,t) = f(po) = po (vH(t — /) + v (t+2/r))

Continuous physical quantities: before we consider boundary condition, we may notice that
two physical quantities should remain continuous in the system:

e the air flow:

poAv(x,t) = poAvT (t — z/K) — poAv™ (t + x/K)

e the pressure:

P(a,t) = F(po) = po (v* (t = 2/5) + v~ (t + 2/w))

Boundary conditions: We focus here on two very simple boundary conditions: open end and
close end. In an open end, the pressure remains constant, equal to the ambient pressure so that

vt —x/K) = —v (t+2/K)

o+ (w)eiwz/m = —ou— (w)e—iww/n
In a closed end, no air flows across the boundary so that
vi(t—a/k) =v (t+2/K)

o~

v+<w)eiww/n — ;:(w)e—iww/m
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+ +
Yo vy

- —H 777777777777777 *)Fff;r
v v,

Figure 5.12: Tube as a system

More general boundary conditions can be obtained by assuming the existence of a complex
impedance Z, such that

—

ﬂ(w)ei“’x/“ = Z,(w)v~ (w)eii”m/“

5.2 Modeling and Estimating

5.2.1 System modeling

Tube as a system: Our physical modeling gives a relationship between v} (t) = vt (t — x/k)
and v, (t) = v* (t + x/k) for different position. In term of (vq, vy )t and (v;h, v, )!, one has

vf(t) (vt =1/R)\ _ (vd(t—1/K)
or ) =\t +1/m)) = \eg e+ 1/m)
or equivalently in the Fourier domain
(ﬁw)) _ (/ 0 ) (E (w))
- - —iwl/K -
v (W) 0 e v (W)
We would rather look at this system the other way:
<1E(w)> _ <e—iwz/ﬁ B ) (@m)
— WL/ K _
v (W) 0 o (w)

If we want to obtain a system in term of input and output velocity, one should specify some
boundary conditions.

+

Simple open end model: We assume that the mouth can be modeled by an open end:
vt (t —1/k) = —v~(t +1/K) = v(l,1)/2 or equivalently if the Fourier domain v, (w) = —v; (w) =
Loi(w). A forced velocity vy at 0 is thus related to v; by:

amt oo () =0 (7" 8 (£)
0 (T ) (H)e

14+ €2iwl/m
2eiwl/K vl

0o = cos(wl/k)D;
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This corresponds to a transfer function:

,D\l 26iwl/n 1

Go L+ e2wl/s cos(wl/kK)

in which resonance occurs for wy, = wx/1(1/2 + k)!

Attenuation: In practice, attenuation of the waves by a factor 0 < a < 1 when traveling from
one side to the other so that the transfer matrix becomes

E(“ﬁ) _ ée—iwl/m 0 <,;\/14\r(w)>
(vo ) < 0 act > o (@)
Thus

_ Le—iwl/x 0 1/2°\ ~
Yo = (1 _1) ( 0 aeiwl/n _1/2 Uy

_ 1 _2wl/k
o+ e
2e—iwl/K

~

Vo

00y = [(a+ 1/a)cos(wl/k) +i(a — 1 /) sin(wl/k)] U;

so that the transfer function is

i}\l 2€7iwl/n

E)\O —a+ ée—ﬂwl/n

2
(a4 1/a)cos(wl/k) +ila — 1/a)sin(wl/k)
‘fl = - ! <1 % ifa<l
Vo 7/0{0‘ +cos2(wl/k) ~ /a—a

Note that the transfer function can be written as

e—iwl/ﬁ

P(e—ﬂwl/n)

with P a polynomial of degree 1. This is thus compatible with a discretization with time step
I/(Nk) with N € N. Indeed, assume 7y is compactly supported in (=7 Nr/l, TNk/l) then so is
v;. This implies that both vg and v; can be recovered from their sampled version

vo,1/(vr) = L/(NK) Y vo(nl/(N&))6ps ()
neEZ

v/ (Nw) = U/ (NK) Z vi(nl/(NK))0ni(Nw)
nez

which are related by

e—’inl/fi
Foriy(Nw) = —P(eiiWQNl/(NN))]:’UO,Z/(N/{).
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8
H

<=
=1
=)

T[
w

e~
|
=)
<
>

Figure 5.14: Interface

Sequence of tubes: we will model our vocal tract by a sequence of tubes of constant width. We
denote by Ay the surface of the kth tube lying between Ly = Zk,<(k_1) lgrand Ly = > 0 i
Its velocity is parameterized by : for « € (Lg_1, Lg)

— Ly — Ly
v(x,t) = vg(x — Lk—1,t) :Ulj (t_ M) — vy <t+m>
K K

and its pressure by

Plat) = S0y = (v (1= 7)o (14 221

Inside the kth tube,
(%(M) _ i/ </ o) (; <w>>
v,;o(w) 0 Qg Uk, (w)

Looking at the continuity of the air flow and of the pressure, we deduce

—_—

+ -\ _ + -
Ak po (Uk,lk - Uk,lk) = Ap+1p0 (vk+1,0 - vk+1,0)

—_— — —_—

+ -\ _ + —
Po (”k,zk + vk,lk> = po (”k+1,o + ”k+1,0)
Solving this system in U,jlk and v, yields

= 24, Vpr1,0t 94, Ukt 1,0

Ukl =
- Ap — Akt ¥ Ap + Appr\ —
Uity = 94, Vpr1,0 T 24, Vkt1,0

- <Ak+Ak+1> A~ App —
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Figure 5.15: Sequence of tubes

Ap—Akq1

Denoting —1 <1y = Apt+Api1

< 1 the reflection coefficient, one has thus
T T
Gw>: ! C?)Gﬁ@)
- r -
PN L e AT Vkt1,0
¥ T
Ukn | = L (1T (Phaao
/U]; ]_ + ’]"k Tk ].

One has thus

i Vk+1,0
/-l-\ iwly /K 1 —iw2ly /K +
Gm>_€ I (are 0N (1 e (i
- 1+7r 0 a re 1 -
Vk,0 k k Vk+1,0
T 1/ / / -
iwlg /K 1 w2l /k Tk ,—iw2l /K
<[ﬁ“\0> = ¢ ax © ar © Yk11,0
- 1+7r T « -
Vg0 k kTk k V41,0
Cascading this structure yields:
’U+ eiwLK_l//{ - Leiuﬁlk//n Meiwﬂk//m U+
it FLUN g a "K—1,0
= K—1 -
V1,0 w—1(1+7w) o Ak Tr! R VK10
As
¥ , 1 —iw2lx /K +
<U/K£> = Wi/~ (axe 0 0 ) VKl
— a —
Yk.,0 K VK .ix
One has

/+\ iwwLk /K K-1 1 —iw2l /K Tk’ +
(”,Q) i o W U
_ - K-1 —iw2ly, /K _
V1,0 o1 (LA 7)oy \ O 7€ ) \V 1

where we have set rx = 0. Finally using the open end boundary condition at the end

— iwLk /K K /1 w2l /s T —iw2ly [k
Vo _ (1 _1) e (ak,e k ase k ) (1/2)

UKl ME_ A +r) g2\ awme aw ~1/2

The resulting transfer function is thus
emiwki/n H§=1(1 + 1)
1 —iw2ly [k Tkl ,—iw2l /K
K (o3 € F (e 7N e k 1/2
(1 )Ty ( r * ) (_1/2>

Q! Tk Qfer

101
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Figure 5.16: Constant length tubes

Extending to complex impedance at the end:

el Ty (L4 )
T (/ /) (ZK,sz)/(ZK,ZK(w)—l))

k=1 QU T Qyyr 1/(ZK7IK (w) - 1)

Constant length tubes: A very interesting case is the one of constant length tubes [ = I:

e—inl/n/Hfl:l(l_’_rk,)
1 —iw2l/k Tk —iw2l/k
K [ /e (e /e 1 2
1 -1 Hk’—l( * * ) <_1//2>

Q' Tk [69°%

efinl/n

" Pr(ewZl/x)

where Pk is a polynomial of degree at most K.

Time discretization: By construction

e*inl/n

Py (e—iw2l/r)

is a 27k /1 periodic function which is thus compatible with a discrete signal with sample [/(Nk)
with N € N. Such a compatibility is ensured in the complex impedance case if Zg ;(w) =
Wi (e !/ (NK)Y (at least approximately for |w| < 7Nk/l). Assume ¥ o is compactly supported
in (—wNrk/l,7Nk/l) then so is Ux,;. Both v19 and vk, can be recovered from their sampled
version

v1,0,1/(Nk) = I/(NK) Z v1,0(nl/(NK))Oni/(n)
nez

e/ = L/(NE) Y vca(nl/(NK)) St/ (i)
nez

which are related by

efinl/n
FURc1/(Nw) = N vy VL0 ()
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Figure 5.17: Typical AR filter with poles and squared modulus

If we denote vy g[n] = v1,0(nl/(Nk)) and v ;[n] = v1,0(nl/(Nk)), one deduces
V/K\J(efiw) _ efinN
V/lz(e—iw) PK(e—ioJ2N)

which, up to a fixed delay of KN, corresponds to an AR filter of size 2K N with value separated
by 2N. Such a filter can be implemented by an AR filter with K parameters!

Finally, in the case of complex impedance Z for the boundary condition:

V/I'(\’l(e—iw) e_i“KNZK7l(ei“’

Tro(e™) ~ PR M) + PR (=) Zica(e*)

which is an AR filter up to a know FIR if Z ; is a polynomial in €™ (or better in e?2V)!

5.2.2 Voiced and unvoiced case modeling and estimation

Unvoiced case modeling: The vocals folds are not oscillating: the excitation v; g is a random
noise whose power spectrum is supported in (-7 Nrx/l,7Nk/l). Its discretization vy o with step
[/(Nk) is thus a discrete random noise (a zero mean WSSP) whose power spectrum density
‘R/V\I,O (™)) is supported in (—m, 7). By construction, vy is thus a WSSP whose power spectrum
density is given by

— 1 —

Rowcile™) = [ tmmmay o€ ™)
If we do a further approximation, the one that v, o is a noise whose spectrum is the inverse of a
polynomial

RV1,0(6_WJ)) = 2 = RVK,I,(e_Zw)) = |PK(6—1‘2NUJ)Q(€—¢2N&J)‘2

|Q(e=2Ne)|

then vk ; is an AR process!

Unvoiced case synthesis: As it is sufficient to reproduce a random signal having the same
frequential behavior, it suffices to generate a white noise of the right variance and to apply the
AR filter to this noise.

Unvoiced case estimation: We are exactly in the setting of the estimation of the parameters
of an AR so that the Least Square method of the previous chapter can be used.



104 CHAPTER 5. VOICE MODELING

Figure 5.18: Windowing principle

Voiced case modeling: Now the vocal folds are oscillating: the excitation v; g is a periodic
signal of period P, > [/(Nk) and band-limited in (—7Nk/l,7Nk/l) If we assume that P, =
Pl/(Nk) with P € N, this periodicity corresponds to a periodicity of P >> 1 samples compatible
with the time discretization of {/(N ) The Fourier transform of vy ¢ is thus discrete of step 27/ P.
vk, has thus the same properties and its Fourier transform satisfies

in2n)Py _ efinKN27r/P

_ 7in27r/P)
Px (e—in4N7r/P)

vii(e vio(e

—in27r/P)

Again if we assume that vq (e is the inverse of a polynomial:

efinKN27r/P

—in2w/Py _ - — —in2w /Py _
)— Q(e_in477/13) = VKJ(B - PK(e—in4N7r/P)Q(e—in4N7r/P)

Vi, 1 is, up to a delay, approximately the convolution of an AR filter with a Dirac train of period
P!

vio(e

Voiced case synthesis: It suffices to generate a Dirac train of period P and correct amplitude
and to apply the AR filter to this train.

Voiced case estimation: Both the period and the AR parameters should be estimated. Sev-
eral methods have been proposed to estimate the period, the easiest one is based on the compu-
tation of

A@) = 17 3 icaln] — vicaln — 7l

If the minimum is small and attained at P, the sound is voiced with a period P otherwise it is
unvoiced... AR filter parameter estimation by the same least square method used for random
process! The theoretical justification is complex. Heuristically, in

Plilvi[n] = =Y k= 1"Plklvi[n — 1] + summdmp

the part — >k = 1" P[k]v[n — 1] is much bigger than 1 due to the resonance phenomena and
thus the least square fit is only mildly perturbed by neglecting this part!

Windowing: the stationarity assumption does not hold in practice but it holds approximately
locally. Using the same windowing technique than the one used if the Short Time Fourier
Transform, one can split the signal in overlapping piece in which the signal is multiplied by a
suitable window. The LPC model is used on each piece, called a frame, and the reconstruction
is obtained by combining those reconstruction using the same window.
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5.3 Linear Predictive Coding

This model can be used to compress a speech signal. Instead of sending the values of v, one can
send the parameters of the model (the AR coefficients, the power and the pitch) and use those
parameters to synthesize an approximated version of the speech. This compression algorithm
principle has been introduced in the late 60’s and popularized in the 70’s. It is still used for
speech coding for instance in VoIP products.

The most classical version is called LPC10 and used a 10 order model with windows of size 180.
It transmits 2400 b/s for a signal sampled at 8 kHz and produces a reconstruction of good quality.
An important issue is the quantization of the AR parameters. For stability reason, it turns out
that it is much better to quantize not the coefficients themselves but a reparameterization based
on the reflectivity coefficients seen in the tube model.

The residual, the error between the reconstruction and the original signal, can be further reduced
by selecting the excitation signal in a dictionary instead of either a Dirac train or a purely random
noise. This technique called CELP (Code Excited Linear Predicting) is the one used in speech
codec today. If one wants to compress other types of sound, the model is not accurate anymore
and one has to resort to the information theory technique presented in the next chapter.
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Image compression: Information
Theory and Transform Coding
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In this last part, we will study how to compress images. We will consider two forms of com-
pression: the lossless coding in which no information loss occurs and the lossy ones in which one
trades more compression with a loss of quality.
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Chapter 6

Lossless coding

6.1 Coding

Symbols and words: More generally, we consider objects that can be described by words, i.e.
finite sequences of symbols. We let A = {a}1<k<k be a dictionary of K symbols and denote w
a word of size |wl, i.e. a finite sequence w'w? ... w!"! with w’ € A.

Set of words: Objects of interest belong to subsets W of |W| words:
e Words of 1 symbol: W = A with |W| = | A|.
e Words of n symbols: W = A™ with |W| = |A|".
e Words of less than n symbols: W = U}_; A" = A*" with [W| = W

e Words of arbitrary size: W = U 2J A" = A* with |W| = +o0

Code: a code C assign a finite length binary sequence to any word of the subset W:
w —{0,1}"
w — C(w)
Lossless coding means perfect reconstruction, i.e. that C should be injective:
C(wl) = C(wz) — W1 = W2.

Such a code is said to be non-singular.

Fundamental list example: the simplest code is obtained by an enumeration principle
e Chose [ such that 2! > (W|.

e List all words of W in an arbitrary order.

111
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e List all binary words of {0,1}! in an arbitrary order.

e Assign to the ith word in the list of W the ith in the list of {0, 1}!

Proposition 6.1: This code is non singular.

Code length: For any code C, the length of the codeword C(w) is denoted by I(w). For
instance, for the fundamental list example

o Ywe W, l(w) =1
e Smallest size obtained for I, [ = [log, [W|]

Code efficiency: a good code will be one whose length is small.
Proposition 6.2 (Pigeonghole principle): If C is a code from {0,1}*" into {0, 1}* such that
Jw, l(w) < |w| then Jw’, [(w") > ||

To compress some strings, one should expand other ones!

Shannon approach: Assume there is a (known) probability law P on the words and mesure
the efficiency of a code by its average length:

Z P(w)l(w).

6.2 Compression limit and entropy

Entropy as a lower bound: the entropy H(P) of P is defined by

H(P) =~ Y P(w)log, P(w)
weW

appears as a lower bound on the efficiency of a code.

Proposition 6.3: For any non singular code C

Z P(w)l(w) = H(P) — log,[log, [W]]
weWw

Later, we will show that if one is restricted to interesting code,

> P(w)l(w) > H(P)

weWw

and that among those interesting code there is one such that

> P(w)l(w) < H(P) +1
wew
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Entropy and complexity: Let P be any law defined on a discrete set €2, its entropy H(P) is
defined by

H(P)= - P(w)log, P(w).
weD
Proposition 6.4: e 0 < H(P) <log, |W|
e HP)=0 = Jw,P(w)=1
e H(P) =log, | W| = Yw, P(w) =1/|W|

H is a measures of the complexity of P, which is maximal when all events are equiprobale and
minimal when on is certain.

Entropy and information content: Let I be a function measuring the information content

of A C P(Q).
Proposition 6.5: If we assume that
e [ is a non increasing continuous function of P(A)
o J(A3UAs) =1(A1) + I(As) as soon as Ay and Az are independent
then I(A) = —klog, P(A) with k > 0.
Corollary 6.1: H(P) is the average information content in the atomic event of € for the choice
k=1
Compression limite and entropy: For any code C on W, we denote by 5(C) = 3, ), 27/ %) <
|W)| and for any set C of codes, 3(C) = supgee 2(C)
Theorem 6.1 (Shannon):

min P(w)l(w) > H(P) — log,(X(C)).

Proof: Let X(C) = Y
law of w.

wew 271 By construction, g(w) = 271*)/5(C) define a probability

Now, recall that the Kullback-Leibler divergence KL(p,q) = — >, oy p(w) log, q(w)/p(w) sat-
isfies K L(p, q) > 0 and thus with our choice of ¢

KL(p,q) = Y p(w)l(w) +log, 2(C) — H(X) >0
weW

Proof (Kullback-Leibler positivity): By convexity of —log,(z) and Jensen inequality

KL(p,q) == Y _ p(w)log, (q(w)/p(w)) == > p(w)log, (g(w)/p(w))

weW w,p(w)>0

<—logy | > pw)(gw)/pw)) | >—logy | > qw)] >0

w,p(w)>0 w,p(w)
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Proposition 6.6: If a code is non singular then X(C') < [log, [W]].

Proof: Let C be a non singular code for W and Iy its maximal length, Let N () be the number
of words whose codelength is equal to [ so that

Imax

B(C) =Y 27 =3 27N
=1

wew

By construction Z;:f N(I) = |[W| and as all codes should be different 0 < N(I) < 2!

Let I be the smallest integer such that N(I') < 2V

e if I’ < l,ax then one can construct a new non singular code C’ such by replacing a code of
length > I’ by a code of length I’ so that X(C") > %(C)

o if I’ > ).« then

lmax

B(C) = 27 N(l) < linax
=1

We have thus for the optimal bound

lmax_l

§" 5+ Nt =
=1

If I = Ippax then 1 < N(lpay) < 2 thus

Imax—1

o<W -1 2 — 1< W —1
=1

which implies lpax < logy |[W].
If I’ = lypax + 1 then |[W| = 2lmax+1 1 which implies

Imax < logy (W] +1) — 1 <log, |[W|.
Corollary 6.2: If C is a set of non singular code

ICI}EIICI P(w)l(w) > H(P) — log,[logy [W]]
weWw

A natural question is whether those lower bound can be attained.

6.3 Typical set and typical coding

i.i.d. setting: We focus on the case where W = A" with P,(w) = [[,_; P(w;).
Proposition 6.7: H(P,) =nP(H)
Proposition 6.8: Thanks to the Large Number Law

% Zn: —loga P(w;) — H(P)

i=1
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e-typical set: the e-typical set

A = {w € A, |- 3 ~log, Plu) ~ H(P)| < )

i=1
satisfies P (A7) — 1.

For any € > 0, it exists ng such that for n > ng, with probability larger than 1 — ¢, a random
word of size n belongs to this set...

Asymptotic Equipartition Principle: more precisely
Theorem 6.2: Ve > 0, Ing such that Vn > ny,
o Y € AP, 2 HX)H) < P () < 27H(P)=€)
e P(AM) >1—¢
° (1 _ 6)27L(H(P)—€) < |A?‘ < 2n(H(P)+e)
With probability close to 1, a random sequence w belongs to a set of size of order 2"#(P) where

all sequences have probability of order 2= (”)  In other words, A" behaves similarly to a set
of size 2"H(P) of equiprobable words!

Basic list code:
e List all words of A" and list all binary words of {0, 1}™loglAll,
e Assign to the ith word in the list of .A™ the 4th in the list of {0, 1}/ 1o8lAll
e Each word is coded by those [nlog|.A|] bits and thus whatever P

l Z P, (w)l(w) = [nlog |A[]

weAT

<log|A|+1

Typical code:

e List all words of A", list all binary words of {0, 1}[™1°8All list of all words of A" and list
all words of {0, 1}MHP)+)1,

e For any word w, if it belongs to A7 assign it the code 0 followed by the corresponding
word of {0,1}™(HP)+)]  Otherwise assign it 1 followed by the corresponding word in
{0, 1} log|All

e The code is non singular and

LS Paw)iw) = (L= 1+ [n(H(P) + 1) + (1 + [nlog|A])
weA"

< H(P)+e(log|A| — H(P))+ 1;6 =H(P)+o(1)

With this simple strategy, the average length per symbol can be arbitrarily close to the lower
bound given by the average entropy.
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Typical coding turns out to be complex to use as it requires the use of two very long lists
and is rarely used in practice.

6.4 Extension code and prefix code

Extension code: a much more practical coding scheme would be one such that if w =
wh ... w!®! then

C(w) = C(w')--- C(w™),
Indeed, in that case, it suffices to specify a code for the indivudual symbols to know the code for
the words. Such a code is called an extension code.

Proposition 6.9: If P, = [[" P then

K
% 3 Pl)i(w) = 3" Plag)l(ax)

weA™ k=1
Proof:

3

S Pw)iw)= > > [ J[Pw") = > iw)

weAN wled wreA \i=l1 Jj=1
n K
= Z Z P(w)l(w?) = nZP(ak)l(ak)
j=lwiceA k=1

Uniquely decodale code: any non singular extension code is called a uniquely decodable
code. Those code are easy to use in the coding part but may require to read the whole binary
sequence in the decoding part.

Prefix code: A code such that for any symbol ay, there is no other symbol ay such that C(ay)
is the prefix (the beginning) of C(a) is called a prefix code.

Proposition 6.10: A prefix code is uniquely decodable.

Furthermore, the decoding of a sequence is easy as one always knows when reading whether a
symbol should be output or not.

Prefix code, tree and intervals: there is a correspondence between prefix code, subset leaves
of binary trees and specific subsets of dyadic intervals.

Proposition 6.11: The following sets are in bijection:

e Prefix codes of size K: set of sets of K binary string cj of length [ such that no ¢ is a
strict prefix of ¢},

e Set of subsets of K leaves of a finite binary tree (¢ is the leaf label and [ is the depth)

e Set of sets of K disjoint intervals [1x27 %, (74 + 1)27%) with 44 € {0,...2% — 1} (¢}, is the
binary decomposition of 7 prefixed by sufficiently 0 to be of length ;)
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Kraft: a fundamental result on prefix code is

Theorem 6.3: If C is a prefix code then

K
Z 9—l(ak) <1
k=1

and conversely if

K
ZQ‘lk <1
k=1

then there is a prefix code C such that |C(ay)| = lk.

Proof: Let I, = [C(ax)27!%) (C(ay) + 1)2719%)) as C is a prefix code those intervals are
disjoint and included in [0,1]. Thus, denoting by |I| the width of an interval I,

K

K
224(“&) = Z I| < 1.
k=1

k=1

Conversely, assume [ are such that Zszl 27 < 1, we may assume without loss of generality
that [, < ly < ---lg. Denote Ly = Y5_, 27 and Ly = 0 and let I = [Ly_1,Ly). By
construction, those intervals are disjoint, included in [0, 1) and of length 2~'. Now

k—1 k—1
Y = QlkLk—l — ol Z 9=l — Z 2l(k:)7l(k:') eN
k'=1 k'=1

and, as k' < k, [(k) — [(K') € N so that I, = [v27%, (yx + 1)27%). The set of intervals I; has
thus a corresponding prefix code.

Theorem 6.4 (Shannon): If C is a prefix code then
1
— > Pu(w)l(w) > H(P)
" weA™
and it exists a prefix code C' such that
1
- Z P,(w)l(w) < H(P)+1
weA"

Proof: We start first by recalling that by construction

K
LY Pw)iw) = 3 Plai(a).
k=1

weAm

Now, let C be the set of prefix codes, using notation of Theorem 6.1,

K
3(C) = sup 2~ Har) <1
€= am 2.
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and thus

K

inf > Play)i(a) > H(P) ~ logy(2(C)) = H(P)
k=1

By construction, if we let I, = [—log, p(ag)] then

K

K K K
227% _ 227(7 log, p(ax)] < Z2log2 plar) _ Zp(ak) =1
k=1

k=1 k=1 k=1

thus it exists a prefix code C' such that I(ar) = I = [—logy p(ar)] < —logy p(ar) + 1. Using
this code, one obtains immediately

K K
> pla)l(ar) <Y Plax)(~logy Plax) +1)
P k=1

< H(P)+1

Optimality of the bound: The only code for A = {0,1} is a code of constant length 1 but

P(0)—0
o

H(P) = P(0)log, P(0) + (1 — P(0))log,(1 — P(0)) 0.

Theorem 6.5 (Mc-Millan): If C is a uniquely decodable code then

1
— > Pu(w)l(w) > H(P)
" weAT

Not much loss by considering only prefix code!

The proof is a direct consequence of

Proposition 6.12: If C is a uniquely decodable code then

K
Z 9—l(ax) <1
k=1

Proof: As C is a uniquely decodable code, by definition C(w) = C(w!)---C(w™) is a non-
singular code for W = A™. We have seen that this implies

3 271 < log, W] = nlog, Al
weW

As C is an extension code

Z 9—l(w) _ Z Z Z Q—Zf;ll(w’) _ (;2—1(‘%))

weAn wleAw2eA wneA
This implies

K
7 27100) < (nlog, | A])!/" = p0oes mHogs logs |AD /n 20
k=1
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6.5 Practical codes

We assume first (without loss of generality) that p(ai) > -+ > p(ag).

Rounded code: let [, = [—log, p(ax)] so that I3 < --- < lx. We can rely on the construction
of the previous section to obtain a good code. It suffices to let Ly = 0 and Ly = Zz,zl 27l
and define C'(ay) as 2 Lj,_; prefixed by sufficiently 0 to be of length Ij.

Shannon code: Shannon proposes a similar construction relying on the cumulative probability
function. Let I, = [—log, p(ax)] and define Ry = 0 and Ry = ZZ,:lp(ak/), the cumulative
probability functions evaluated at the jumps. We can then define C(ay,) as |2 Ry_1 | prefixed
by sufficiently 0 to be of length I (i.e. the l) first binary digits of Ry_1)

Proof: We will prove that the intervals I, = [C(a;)27 ', (C(ax) + 1)27!*) are disjoint as this
suffices here to obtain the prefix property of the code. Notice that (C(ag) 4+ 1)27% < Ry_1 +
2=l < Ry. Furthermore as lpyq > lx, C(ary1)27 %+ > (C(ag) + 1)27% which concludes the
proof

Proposition 6.13: For both code:

HP) <L S Puw)i(w) < H(P)+1

weAN

Assuming that the probability are sorted is not an issue in theory but may becomes a practical
one if the number of symbols is large.

Shannon-Fano code: Fano proposes a variation of Shannon code that do not requires p(a;) >

- > p(ag) at the price of a large code. Let I = [—logyp(ax)] + 1, Ry = 0 and Ry =
ZZ,:l p(ax), one defines C(ay) = [2'* Ry_;] prefixed with sufficiently 0 to be of length [.
Proof: We will prove that the intervals I}, = [C(ay)27 ', (C(ax) + 1)27%) are disjoint as this
suffices here to obtain the prefix property of the code. Note that Rj, + 27 < C(a;)2~" and
thus m Ry < C(ay)27% < (C(ay) +1)27% < Ry, + 22 < Ry which concludes the proof.
Proposition 6.14: For this code

H(P) < 1 > Pa(w)l(w) < H(P) +2

weEAN
Shannon code yields an average length smaller than H(P) + 1 but are not necessarily the most

efficient one.

Huffman code: Huffman propose an explicit construction of an optimal code construction of
an optimal prefix code Cg, i.e. a code such thay for any prefix code C:

K K
ZP(ak)l(ak) 2 ZP(ak)lH(ak)
k=1 k=1

Not that there is no unicity of such a code. For instance, the roles of 0 and 1 in the binary
sequences can be exchanged.



120 CHAPTER 6. LOSSLESS CODING

Huffman tree: Huffman code is obtained through the recursive construction of a dyadic tree
associated to the dictionary A of size K.

e Start from the dictionary made of all symbols
e At each step,
— search for the two least probable symbols in the current dictionary

— remove those two symbols from the dictionary and add a new symbol corresponding
to their union

— represent this operation by drawing two branches going from this new symbol to the
two removed ones

e In K steps, the dictionary is empty and thus all the original symbols are the leaves of a
dyadic tree.

The proof of the optimality is also obtained by recursion.

Average loss and grouping: Shannon proof gives the existence of a prefix code C for the
dictionary A such that

Assume we define the dictionary as A", the very same theorem yields the existence of a prefix
code for the dictionary A™ such that

H(P,)=nH(P) < Y Py(w)l(w) < H(P,)+1=nH(P)+1.
weA"
Dividing the previous inequalities by n shows the upper bound of the coding loss goes from 1 bit
per symbol in the first case to 1/n in the second case. This later strategy is nevertheless rarely
used in practice as the cardinality of A™ can be very large making the code construction hardly
feasible.

Block coding: If one code a word of A" as a word of n/B symbols in A? (assuming for sake
of simplicity that B divides n) using a good prefix code Cp for AP

HP) <+ 3 Puw)ls(w) < H(P)+ 4

weAn

The larger B the closer we are from the optimal bound!

6.5.1 Non i.i.d. case, arithmetic coding and dictionary approach

Non i.i.d case: Our asymptotic analysis has been base on the assumption that P,(w) =
[T, P(w") (ii.d assumption) but using A™ as a dictionary, as in the previous section, always
yields that the best uniquely decodable code is such that

H(P,) < > Pu(w)l(w) < H(P,) + 1.
wGA”
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Asymptotic behavior: If %H (P,) — H, the best uniquely decodable codes are such that

% > Pu(w)i(w) = H

weAT

For instance, this properties holds if we assume that (w?); is a Markovian process.

Markovian modeling: to illustrate the importance of going beyong the i.i.d. case, we give
here some typical sequence obtained by Shannon using different Markovian model of the English
language:

e i.i.d modeling:
OCRO HLO RGWR NMIELWIS EU LL NBNESEBYA TH EEI ALHENHTTPA OOBTTVA
NAH BRL

e Second orderd markov modeling on character:
IN NO IST LAT WHEY CRATICT FROURE BIRS GROCID PONDENOME OF DEMON-
STURES OF THE REPTAGIN 1S REGOACTIONA OF CRE

e Second order Markov modeling on words:
THE HEAD AND IN FRONTAL ATTACK ON AN ENGLISH WRITER THAT THE
CHARACTER OF THIS POINT IS THEREFORE ANOTHER METHOD FOR THE
LETTERS THAT THE TIME OF WHO EVER TOLD THE PROBLEM FOR AN UN-
EXPECTED

Better modeling yields a better comprehension because less sequences of the typical set are
useless...

Practical? optimal codes: a natural question is how to construct a uniquely decodale code
optimal up to 1/n bit as such a code exists. We already know to way of constructing such a
code using Shannon coding of Kraft coding. However as explain before, the construction of such
codes requires sorting the symbols and thus becomes hardly tractable when n is large and thus
cannot be used in practice.

Individual coding: using P, (w) = [[,_; P(w*|w!,...,w*"1), one can try to code each letter
wk of the word w using the law P(-|w!,...,w*™1). Both Shannon and Kraft strategies require
to sort the letter at each step and thus are still computationaly heavy. Furthermore, the loss is
up to 1 bit per symbol. Note that using the block coding strategy, with blocks of size B, reduces
this loss to 1/B bit per symbol at a larger computational price.

Arithmetic coding: the most used strategy in this setting is to use a clever implementation
of the Shannon-Fano coding scheme. The code obtained guarantees only a loss of up to 2/n
bits with respect to the optimal one but its implementation is much more simple than the one
of Shannon code or Kraft code. This clever strategy is based on a recursive construction of the
interval

I (w) = Z Pn(w/)a Z Pn(w/)

w’ <w w’ <w
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used in Shannon-Fano. This construction is based on the observation that

k k-1

Iy (w! - wh) = Z H P (w* [w" -+ w1 Z P (alw" w1

k=1k"=1 a<wk’

k—1
+ H P (w® w1 [O,Pk(wk|w1 cwhTh) .
K=1

One can thus compute sequentially Iy D Iz D --- D I, without having to compute P, (w) for all

words. Furthermore, b bits can already be output as soon as I belongs to a dyadic interval of

size 27°. Arithmetic coding is a clever implementation of this idea that avoid precision issues

and do not require to read all the data to start encoding. It is particularily well adapted to
lwl

Markovian modeling in which P(w) = H P(w;|wy «+ Wi—m).
i=1

Adaptive approach: In practice, the law P is not necessarily known and should be estimated
from the data. The most natural way is probably to estimate the law P by reading first all the
data and to use this estimated law to encode the data. However this approach, called offline
approach, suffers from two drawbacks: it requires to read first all the data, which leads to a delay,
and to transmit the law, which leads to an overhead. A much better approach is to learn the law
online, i.e. to estimate a law for each character using the ones previously seen. This strategy
avoids the drawbacks of the offline one to the price of a law that can be less well estimated.
Two major implementations of this stragegy exist: the first one is base on a straightforward
modification of the arithmetic coding scheme and the second on a dictionary approach. For the
arithmetic coding strategy, it suffices to notice that we use the law P(w*|w! ---w*~1) which is
naturally learnt in an online way.

The dictionary approach differs from the explicit code strategy described so far. It is based
on the online construction of a dictionary that is used to code new sequences of character using
their position in the current dictionary. Numerous variations on the dictionary construction and
its use exist (LZW,ZIP,...). Proofs of the asymptotic optimality of this strategy for stationary
law exist.

6.5.2 GIF and PNG

GIF: This lossless image compression algorithm has been introduced by Compuserve in 1987.
It is dedicated to 8 bits images seen as a list of pixels values (grayscale or colormap). A universal
dictionary entropy encoder of the LZW family is used to encode those values.

PNG: This algorithm has been introduced in 1995 as replacement of GIF which was hindered
by a patent complain. It is not meant to used for colormap images and can thus interpret
pixel values as color intensities. Instead of coding the raw pixel values, it codes, using a (non
patented) variant of universal dictionary coder, the difference between the pixel values and their
predictions from previous values. It also adds some new functionality such as true color images
and transparency.
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Lossy coding

7.1 Continuous signal and Distortion-Rate

Continuous dictionary and approximation: While the finite dictionary case can be easily
extended to a countable setting, no direct extension can be made to a continuous dictionary C:
specifying a value requires an infinite amount of information. The only solution in such a setting
is to allow error, i.e. code some approximation of the original values with a countable dictionary.

Quantifier and quantization error: a quantifier is an application QC — A where A is a
finite (or countable dictionary) of elements of C. We measure the error between the value x and
its quantized version Q(x) by a loss £ so that the quantization error for x is given by £(z, Q(x).
To obtain a lossy code for C, it suffices to provide a lossless code for A.

Simplest case: the simplest quantifier for real values is the uniform scalar quantifier ) : R —
AZ

x +— Around(z/A)

and the simplest loss is £(x, Q(x)) = (z — Q(x))2. Note that A = AZ can be identified with Z.
Remark: the same strategy can be used if C is countable but very large...

Distortion-Rate: two different measures of the quality of such a coding scheme are used. The
first one, the distortion, measure the average error

D= / U, Q(a))pla)de

123
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while the second one, the (entropy) rate, measure the average of bits per symbol

R= Z lk/ p(z)dx

ar€A z,Q(z)=ak

~ = Z / p(m)dmlogg/ p(z)dz.
ar€A z,Q(x)=ag z,Q(z)=ak

Those two quantities are expected to be small for a good quantifier but, obviously, a smaller
distortion comes at a price of a larger rate and, conversely, a smaller rate implies a larger
distortion. A good quantifier is one yielding a good tradeoff between those two quantities.

Scalar quantizer: We focus now on the case of a scalar quantifier @ : R — A = {ay}_,
with ar, € R and N € N* (extension to N = +oco possible). The set Qr = {z,Q(z) = ay} is
called the cell associated to ai. For sake of simplicity, we assume the error is measured with the
quadratic loss I(z,y) = (z — y)?. The distortion is then

N

D= /(ac — Q(x))*p(z)dx = Z/ (z — ax)?*p(x)dz
k=17 %€Qk
while the rate is
N N
R=— Z/ p(z)dz 10g2/ pla)dz = =Y pqklog, po.
k=17 %€k TEQ k=1

if we let pg r = waQk p(z)da (which depends only on Q).

Remarks:

e For a fixed set of cells (and thus a fixed R), the choice a = [

v, tP(x)dz leads to the
minimal distortion D.

e For a fixed set of quantizer (but no fixed R), the choice Qy = {,argming (z — ax/)? = k}
minimizes the distortion.

Optimal quantization for a uniform source: we focus now on a simple case, the one of a
uniform source belonging to [0, 1], i.e. whose law has a density p(x) = 1,1 and study the choice
of a quantifier @ with N cells. For any @,

N
D= Z (x — / udu)?dx
k=1 TEQK UEQk

N
R:_Z/ dxlogg/ dx:—Z|Qk|log2|Qk|
TEQ z€Qk k=1

k=1

where |Qp| is the measure of the cell Q.
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Cell shape: Let N be fixed, assume |Q1], ..., |Qx| are fixed, then

N

D= / (x — / udu)?dz
Z T€Q uEQ

k=1

S Qu?
> Z Qx| l; da
k=1

1

with equality if and only if the cells are intervals. If we do not use entropy coding so that
R = —log, N then the best choice is |Q;| = 1/N leading to D = 17k=.

Entropy coding: Let N be fixed

N
R=—"|Qx|log, |Qxl

k=1

N
> 1Qk[logs Qi

k=1

1 N
—5105%22 |Qkl|Qk|?
k=1

N

Q|
12

v

1 N
D) log, 12}; |Qk|

v

1
—5 log, 12D

with equality if |Qr| = 1/N and @y are intervals, so that the best choice is the same than the
one without entropy coding.

Coding an uniform source: If p(x) = 19y,

1 1
R>—-log,12D « D> 272k
=g 0% =12
with equality if the quantizer is uniform of step 1/N. In that case, i.e. uniform and equiprobable
bins, we obtain the same result than with and without entropy coding;:

1

R=1logN and D= TaN?

Note that no explicit rules are given to attains intermediate rates or distortion...

High resolution assumption: to go beyond the uniform source case, we will rely on a
classical approximation, the high resolution assumption. It is based on the observation that,
locally, a pdf p can be approximated a constant p(zg) and thus, according to the previous
analysis, locally the best choice is a uniform quantifier of size A(xg)... The high resolution
assumption is a formalization of this idea as a limit property on a family of quantifier.
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Limit quantifier width: More precisely, let AN (z) be the width of the quantifier with N bins
of this family, we assume that

NAN(z) — A(z).

Proposition 7.1: % is a density function.

Proof: By construction, AY(z) > 0 so that A(z) > 0, now

1 N -2
NZ W BV TN

so that going to the limit yields the result.

Az Can thus be interpreted as the local number of cells by units!

The high resolution assumption holds if

N?DN - / A g, - p
12
RN —logN — — / )log, (p(x)A(z)) de = R™.
Note that this is an assumption on both the quantifier family and the density law.

Practical use: replace DY by D> /N2 and R™ by log N+ R and optimize in A. The resulting
optimum should give an idea of the best possible quantifier...

Heuristic of high resolution assumption: We provide here without any justification a
sequence of computation showing why the high resolution assumption may hold:

DY = N* [ [~ Qa) Pola)
~Z/ o~ axpla ng A )
5 (el
v
- Z / p(z)log, < / kp(z’mx’) -y | p)tons (p)a¥ @)
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Best quantization without entropy coding: we use here a N cell quantifier without entropy
coding so that RN = log, N and try to optimize in A the approximate distortion D®N? =

12N
the existence of A such that

daA(/p()lw (/A >>:o.

_ Jp@)Bde 1 pa)'’
A(x) = p(z)1/3 = A(x) - fp(x)l/?’d:r'

[ p(z) A(T) dz instead of the true one DV. As ﬁdw = 1, the Lagrangian formulation implies

This yields

This can be interpreted as a recommandation for smaller cell (or denser cell) where there is a
high density of the source.

Summarizing the result in thid case yields

R =logy, N

= 12;[2 (/p(x)1/3dx>3 = WT”

Best quantization with entropy coding: we assume now that we use an entropy coding
scheme for the symbols so that we need to optimize R +1log N and D> /N (instead of RY and
DV). Some simple computations shows that

R>® = — /p(a?) log, (p(z)A(z)) da

= H(p) — /p(ac) logy A(x)dx = H(p) — %/p(aﬁ) log, A(z)*dx

1 1
> H(p) - 5log, [ pla)Ae)de ~ H(p) - 3 log, 12D
where H(p) = — [ p(z)log, p(x)dz. The inequality becomes an equality if and only if A(z)

is constant (Whlch is possible only if p is close to be compactly supported). This asymptotic
distortion-rate analysis can be summarized by

1 2H (p) -
R* > H(p) - 5log, 12D% & D*> %2—%
If we go back to RN ~ log N + R*® and DN ~ L7 we obtain
1 e2H(p) N
RN > H(p) — 5 logy 12D <= DV > TQ_QR

with equality when A(z) is constant. This leads to a gain with respect to the strategy without
entropy coding because e2# () < (fp(a:)l/?’dx)d.
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Uniform quantization strategy: In practice, this suggests to use a uniform scalar quantifier
with step A with an entropy coding scheme. If the high resolution assumption holds for this
quanfifier then

DN ~ DHR _ A72
12
1
RN ~ RUE = H(p) - 5 logs 12DHE = H(p) — log, A.
Note that
e2H(p)
12

1 ,
R = H(p) — 5 log; 12D"" & DMIt = 2R

means

2H(p
e () _oRN

1
RN ~ H(p) — 5 logy 12DV = DN~

12
One has to remember that the assumption may not hold!
7.1.1 Sub-band allocation
Sub-band allocation: we consider z = (x!,... ,xB) € RE and let p; be the marginal law of

z*. We do not assume independence but will code those components independently. We want to
study the optimal allocation in each of the different sub-bands. Namely, we assume we spend R;
bits to encode x' (sub-band 4) resulting in a distortion D; so that the total distortion and the
total rate are

B B
D:ZDZ- and R:ZRZ-.
i=1 i=1

The question on how to allocates those bits to reach a given rate R or a given distortion D in
an optimal way?

High-resolution analysis: We assume the high-resolution holds on all sub-bands so that the
best choice is a uniform quantifier of bin length A;

A2
DHE — 1—21 and RAR = H(p;) —log, A;.

The resulting total high resolution distortion and total high resolution rate are thus
B A2 B
HR _ il HR _ ) )
Dt = Z T and R"" = ;H(p,) log, A;.

i=1

Assume we want to optimize A; for a given (high resolution) rate R¥f then, using a Lagrangian
formulation, it exists A > 0 such that the optimal solutions satisfies

0 [ A2 &
A Zﬁ—&-)\ZH(pi)—logQAi =0
¢ i=1

i=1

A; 1
— —A—=0.
< 6 A;log2 0
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This yields A; = A and thus
B
=Y " H(p;) — Blog, A.

We deduce

A _ 12D o Qé(ZLB:l H(pi)—RHR)

Plugging this into the expression of D% and RH yields
2 B
BeB Zq‘,:l H(ps) _oRHR 12DHR
DHR:?Q 25~ and RHE = g H(p;) — log2T.

Provided the high resolution assumption holds for the uniform quantifier, we deduce that the
optimal choice is use the same bin width A for all sub-band and that the resulting quantifier
satisfies

A2
D~ DHE — B— and R~ RHE = EHpZ — Blog, A
so that
BeB DL HPO o 5 B 12D
D~——75—27"% and R~i§:1H(pi)*510g2?'

Weighted Distortion optimization: when the distortion is measured with different weights
for each sub-band, the previous analysis is only slightly modified. If we define the weighted high
resolution distorsion and the high distortion rate by

B
DR = ZW and R"F =" H(p;) —log, A;,

then, again using the Lagragangian formulation, we obtain that the optimal choice satifies A; =
\/% and thus

A? < 1
DHE = Bﬁ and RFF = Z(H(pl) -3 log, W;) — Blog, A

i=1
for a suitable A. One obtains thus

B
DII}_IVR _ Be% Zz:l(i(pr)_é IOgQ W’L) 2_2R2R

B 12D{R
and R= Z log2W) 5 logz BW
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Provided the high resolution assumption holds for the uniform quantifier in all sub-bands, this

implies that the best choice is to use a uniform quantifier of size \/% in each sub-band and that

B

A? 1
Dw ~Dif' = BTo and R~ R""= ;(HQ%‘) — 5 logy Wi) — Blog, A
so that
2 B N—1 ; B
Bet Lin(Hp=3lom Wy B, 12Dy
Dy ~ B 27°%  and RNZH(pi)—510g2 5

i=1

7.1.2 Transform coding

Basis and transform coding: assume now, we observe f € V, a (hilbertian) space of dimen-
sion B. In any basis (b;)2 ;,

where (E )B | is the dual basis. f can thus be described by the finite sequence of coefficients
((f,b:))1<i<p- In a transform coding scheme, those coefficients are then coded in a lossy scheme
consisting of a quantization step followed by an entropy coding step.

Example: f is an image described in the canonical basis and the quantization step amount to
a reduction of the number of color used.

Independent quantification: For sake of simplicity, we assume we use B independent quan-
tifiers (Q;)E., for the B coefficients and let

B
fo= Z@((f@))b

Distortion/Quantization error: For sake of simplicity, we assume that the quantization
error for f is measured in term of the I2 error of the coefficients so that

(. fo) = e

Note that if (b;)2_, is an orthonormal basis then b; = b; and for W; = 1 £(/, fo)=IIf — foll®

Basis and high resolution assumption: If we assume that the high resolution assumption
holds for the uniform quantifier for all coefficients then the best strategy is to use a uniform
quantifier of step \/%. The previous rate/distortion analysis yields then

2

A 1
Dw ~B— and RN;( fb})—210g2Wi)—Blog2A
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which implies

Be# oo (H{Fbi)~3 logy Wi )
DW ~ 12 (&

R
—2&

B
~ 1 B 12D

and R~ Z (H(<f, b)) — 5 log, Wz) -3 log, TW

i=1

Orthonormal bases: for any orthonormal basis (b;)2 | and the choice W; = 1, the distortion
is measured with respect to the same L? norm. The best strategy is to use the same bin width

A for all coefficients and leads to the relationships
A2 &
D~B—; and R~ ;H(U,bm — Blog, A

which implies

B
B 12D
and R=Y H((fb)) - 5 logy ——-

i=1

Be® 2oy HUFb)
- 12

6_2

Wl

D

As the loss is the same whatever the orthonormal basis, the question of the basis choice in such
a coding scheme has a sense. A straightforward observation shows that the best basis is the one
minimizing

Best basis for Gaussian process: in this paragraph, we assume that f is a centered Gaussian
process: f € REB ~ N(0,T') and study the best orthornormal basis.

Theorem 7.1: As long as the high-resolution assumption holds, the best orthonormal basis is
the one that diagonalizes I'.

Proof: The proof is based on an explicit formula for Zf; H({f,b;))
Note that this result can be understand intuitively. The diagonalization basis is the one that
decorrelates the coefficients and thus they are independent. There is thus no loss by coding them

independently as we are doing here. Finally, this theorem justify the use of Fourier type basis
for locally stationary process as we know that such a basis diagonalizes the covariance matriz...

Sparse coding: For sake of simplicity, we assume now that the b; are orthonormal basis and
that we use an independent lossy coding scheme for each coeflicient. We have thus

B
i=1

fo=">_QUf bi)bi

i=1
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and the quantization error is given by

B
If = fol* = _Z [(fbi) — QU b))

In practice, one observe that, for suitable bases and for interesting signal, a lot of coefficients are
very small, much smaller than A/2 for reasonable A and thus quantized to 0. Such signals are
called sparse and require a different coding analysis as the high resolution assumption does not
hold for the 0 bin.

Sparse quantification error:  we focus first on a deterministic upper bound of the quantifi-
cation error

B
D(A) = |If = fall® = Y 1(f,b:) = QU b))

i=1

= > Lo+ (£ bi)
1<i<B,[(f;bi)|<A/2 1<i<B,[(f,bi)[>A/2

A2 )

< > (L0 + = {1 << B [(f,0)] > A/2}]

1<i<B,|(fbi)|<A/2
approximation error quantization error
AQ
< AA) + - M(8)

The approximation error A(A) can be much smaller than %2 H1 <i<B,|{f b)) <A/J2} =
ATQ(B — M(A)) and thus ||f — fgl|? can be much smaller than BATZ.

Sparse rate: we describe now a two step sparse coding strategy: first code for each coefficient
if it is quantified to 0 or not, second code the M (A) non zero coefficients. For sake of simplicity,
we assume first that we don’t use a entropy coder. To code the position, we can code M(A)
using at most log, B bits and then the position of the M (A) coeflicients by log, (M](gA)) bits. It

remains then to code the M (A) values with log,(2 max) — log, A. The total length of this code
is thus

R(A) =log B + log, ( + M(A) (logy(2max) — logy A).

i)

Using now (M](BA)) < 2BHM(A)/B) e deduce

R(A) <log B+ BH(M(A)/B) + M(A) (logy(2max) — logy A).

We have thus

D(A) = [If ~ fall* < Ad) + S (a)

R <logB+ BH(M(A)/B) + M(A) (logy(2max) — logy A).
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Assume now that A is large (at least larger than A,y ), so that M(A) is small with respect to
B, we can provide a simpler estimate of R:

R(A) <log B — B(M(A)/Blogy(M(A)/B) + (1 — M(A)/B)log,(1 — M(A/B)))
+ M(A) (logy(2 max) — logy A)

S M(A) (1 —logy(M(A)/B) + logy(2max /Amin))
< M(A) (1 +logy B+ logy(2max /Amnyin)) -
Proof: As
n n Y\, & n—k
n" =(k+(n—k)) Z(k>k (n—k)" ™%,
we deduce

(Z> S ((k/mk/m - k/n)l-k/n)n B <2Hl<k/>)
(

n
< 2nH(k/n)
)<

Compressibility: If there exist v € [0, 1] such that

A? A?
A(D) + M) < CBA? <« B

for A > Anin, we say that the signal is compressible.

In that case,
M(A) < 4CBA20-1)

which implies

1

R(A) 5 4CB (1 + 10g2 B + 1Og2 (2 max /Amin)) m

~

B\
<4CB (1 +logy B + logy(2max /Apmin)) (&M)

R(A) < 4(CB)7 (1 +log, B + logy(2max /Apim)) D(A) ™ 7

and thus

~

D(A) £ (4(1 +logy B + logy(2max /Awin))) ™7 (CB)™ R(A) 7.

We do not obtain the exponential decay of the high resolution analysis D(A) ~ 27%(2) which
seems less attractive but, we are interested in low bit rate, that is the behavior for small R (but
not too small as R can barely go to 0 here). In that case, one observes that the decay of the
error is much faster with the sparse coding strategy than with the high resolution one.
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7.2 JPEG, block transform and MP3

JPEG: this image compression standard has been proposed in 1990 by an expert committee
whose members were coming from both industry and academy. It relies on a transform coding
strategy. The image is split into 8 x 8 blocks that are further transformed by a 2D Fourier type
basis (Discrete Cosine Transform). The resulting coefficients are then quantized and entropy
coded using a different strategy for the means of the blocks than for the other coefficients. The
first ones are first predicted by the value of the mean of the previous block and then encoded
by an Huffman code. The second ones are encoded block by block through a combination of
Run Length Encoding and Laplacian model. The quantification strategy is adapted to the eye
perceptual properties: the high frequencies are more roughly quantized than the low ones.

Block transforms: more generaly, the block strategy can be used to generate basis of 1?(Z)

from finite basis of ¢2({0,...,N}). It suffices to notice that for any increasing sequence ay
such that limg_, o ar = —o0 and limg_, o ap = 0o we have Z = Ugez{ag,...,arr1 — 1}. We
deduced immediately that if (bxi)o<i<aj ;—a, 15 an orthonormal basis of Cag,...,apr1 —1})

then (bi,i)kez,0<i<ay 1 —ay, is an orthonormal basis of (%(Z). Given a family {{e]¥ }o<i<n}nen of
local orthonormal basis of £2({0, ..., N}), we obtain that

Ap41—0k
{el [. B ak]}
0<l<ary1—ag

kEZ

is a valid block by block basis of £*(Z).

Note that a similar construction can be performed in the continuous domain.

Local basis family: a classical choice of local orthonormal basis is to used a local Fourier type
basis. The easiest choice is to use the Discrete Fourier Transform
N LpE

e [n] = \/—Ne

in

This solution implies an implicit periodization and thus suffer from strong discontinuity artifact
at the boundaries of the block. A better solution is to used a local Cosine basis in which the
periodization is preceded by a symmetrization, so that only derivative are discontinuous at the
boundaries. The most classical choice is the Discrete Cosine Transform I:

eNln] = )\l\/zcos <]7\T[l(n + ;)>

for which a Fast transform is available. This is the one used in the JPEG standard.

Overlapped block transform: the previous local basis strategy still suffers from discontinuity
artefacts, as the reconstruction may be discontinuous at boundaries. The overlapped block
strategy is an overlapping windowing strategy proposed to reduce this issue. It relies on a clever
orthonormal projection operator, defined from a suitable window family, the signal in a direct
sum of spaces Vj space of size a1 — aj located in a neighborhood of {ay ...,agt1 — 1}. Those
projections are specified by their coefficients in a suitable basis of the Vi, with a systematic
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construction from any basis of {ay ...,ar+1 — 1}. The most used choice is the Discrete Cosine

Transform IV
2 — 1/2
builn] = grln]y | ——— cos <7r(z L1t 12 )
Ap4+1 — Ak Ap4+1 — Ak

with g, the window of space Vj. A fast transform is available and is used in the MP3 standard.

MP3: the compression method relies on all the tools seen so far. It decomposes the sound
in projection in spaces of adapted sizes, compute the cosine type transform coefficients for each
window, use a psychoaccoustic model to quantify the coefficients, capitalizing on the different
sensitivities for different frequencies and on the masking effect of a strong frequency, and then
encode the coefficients with an entropy coder.
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