Lecture 4

Frequency domain speech analysis (2)



Speech Signal ANALYSIS

Time domain: Frequency domain:
Average and maximum amplitude - DFT (FFT)

Amplitude density « LPC analysis

Average energy - Digital filter bank

IEREIER SN , * Cepstral analysis
Number of zero crossings . Perceptual analysis

Fundamental frequency (FO)
TESPAR coding

Time-frequency analysis
 Short-time Fourier transform (STFT)
* Discrete wavelet transform (Haar) (DWT)
 Continuous wavelet transform (Morlet) (CWT)
* Pseudo-Wigner distribution

https://www.clear.rice.edu/elec631/Projects99/mit/index2.htm
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1. THE SPECTROGRAM (time-frequency-amplitude representation)

e Evolution of the SS spectral function over time - the spectrograph

* Spectrogram plotting can be: contour or bright/dark;

* The firstinstrument used by phoneticians - Key Elemetrics;

« Composed of: modulator, filter, sonogram plotting drum (f/t)

 The principle is superheterodyne filtering, if SV is s(t), the modulated signalis

§(t) = s(t)*cos 21mtft and the spectrum is shifted to higher frequencies and sweeps the input
of a BPF;

|S(w)| A

- modulation

* The energy in this band is obtained by rectification-integration;

* Modify the carrier frequency to sweep the entire signal spectrum in the filter band,;

* B=300Hz - broadband spectrogram - emphasizing the temporal changes of the signal
* B=45Hz - narrow band spectrogram - emphasizes frequency changes in the signal
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PER SECOND
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Obs. If B—>0 the spectrum >>> Fourier spectrum


http://upload.wikimedia.org/wikipedia/commons/b/bd/Window_function_%28rectangular%29.png

Broadband spectrogram - has broad spectral spikes (formants) in
time - highlights most of the individual periods of the FF as vertical
grooves that the IR filter is comparable in time to a period of the FF.

Narrow-band spectrogram

* FF harmonics visible in sonorous regions

« formant frequencies still visible

 FF usually visible

« unvoiced regions do not show a well-profiled structure



2. Spectral speech analysis - FFT

- the signal is a sum of sinusoids or complex exponentials, and it leads to practical
solutions to problems (estimating formants, estimating FO, and analyzing the signal
itself)

- Fourier representations provide - a convenient means of determining the response of
linear systems to a sum of sinusoids

- clear evidence of signal properties hidden in the original signal

- the FFT algorithm (Cooley-Tukey 1965) allows real-time signal processing
-1
Xy => xm)Wy", 0k {N-1
K]
W;..r _ E—jﬁ i 4T
1 =1 .
x5 =EZE{£:}H}}” , 0<m < N-1
Ml

https://www.cis.rit.edu/class/simg716/Gauss History FFT.pdf 9
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» the short-term power spectrum is composed of the global spectral envelope and the
fine structure
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Short-Time Fourier Transform (STFT) - (time-frequency)

Technigue typique : Transformeée de Fourier a Court Terme (TFCT)

X(t. )= | x(t+ ) wm(n)e " dr
i

Position Fenétre a
du bloc support fini

En pratique : Transformée de Fourier Discrete (TFD)
= impléementation numerique
N échantillons

- — j2an— e N
X(k,m)=> x(k+mw(me 7 canauix

frequentiels
n=0

Taille : 20 a 30 ms «— 320 a 480 echantillons a 16kHz
(en pratique 256 ou 512)

Module? = Densité Spectrale de Puissance (DSP) (a court terme)

W(SO—m\ w(100—m) w(200-m)



FT can't do simultaneous localization in time and frequency, not useful for
time-varying signal analysis, non-stationarity

Wide window = with good resolution in frequency and poor in time

W (t)=1, infinitely long: = STFT transforms to FT, giving excellent frequency
localization but no time localization.

Narrow window = with good time resolution and poor frequency resolution

W (t)=0(t), infinitely short: = results in the signal in time (with a phase factor),
giving excellent time localization, but no frequency localization.

STFTfu (t', u) = J[ f (t) : 5('[ _t')] e 12Uty — f (tr) gt




Exemples typiques : blocs cohérents de sons

voises (voyelles)
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Exemples typiques : blocs cohérents de sons
non-voises (fricatives)
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NB : Pour des sons non-stationnaires, c'est plus délicat !
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e a periodicity can be seen in time and frequency

e We can see the first formant (300-400 Hz), the second resonance at 2200 Hz, and the third at
3800 Hz. 1



0.4 RECTANGLUAL AR WINDOW

-;’ o Si ; ‘ A 7 P AP A ﬂ AN giae
E \ 100 \ /200 Tes Wy I koo o =50
= \ v/

s} j w’ @
? 4‘! lh 1000 ‘
tﬁ: /J 8 5000
F e M\W (YW \ V,m
=

Myt

-clear evidence of FF harmonics can be observed in the case of the rectangular window (RW),
due to the narrower main lobe

- the frequency spectrum is noisier (RW), due to inter-harmonic interference, because the R
window has side lobes with only -14 dB attenuation 17
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(a) (b)

Frame of “a” vowel and its Fourier spectrum (256) using rectangular
window (a) and Hamming window
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= L[20dB/div ]
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(b)

The “a” vowel Fourier spectrum (512) using Hamming window
for man-speaker (a) and women-speaker (b)
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Frame of “s” consonant and its Fourier spectrum (512)
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with/without preemphasis
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Principle of spectrogram
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T F[Hz] The Spectrogram

sh iy j ax s h ae dx| ax b ey b iy

o 1.059

t[s]
« Graphe 2D : spectre (TFCT) au cours du temps
(x = temps, y = fréquence, couleur ou niveaux de gris = intensite)

- Limitation de la résolution temps-frequence : spectro a large bande vs.
spectro a bande étroite

23



3. The filter bank from FFT
Nb = w,

I X(K) |

LIJ LLI LLII,.

e T TTT]

Band 1 (0-200Hz) - 4 Fourier coefficients
Bands 2-13 (200-3000Hz)- 6 Fourier coefficients/band
Bands 14-17 (3-5KHz) - 13 Fourier coefficients/band

N=256, fs=10kHz => 0~ 40Hz

24
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4 L[kH=z1]
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Intra-speaker variability reflected in the averaged spectrum for 100 frames obtained from
the utterance of the vowel "a" by 2 male speakers
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4. Speech analysis by digital filter bank
xi (N) =s(N) ® h;(nN) = = h; (M)s(n —m)

X;(2) =S(2)H,(2) = Z{s(n) ® h;(n)}

BANDPASS
FILTER & X, (el@)
1
SPEECH :
s {n) -
BANDPASS
FILTER » X, ( vwa)
Q
iy ﬁ;"z iy o
1 ] ] I
’ 1 ! ] ! | \ - & e I
! ' : /_:_L
Wy j E Win I~ E ’ gy woy gy
ey Wy

Bank-of-filters analysis model.
- SS energy is measured in certain bands

- Analog filters (Dudley 1939, Bell Labs) >>> digital filters 7



si(nN) =s(n) ®h;(n) Retains the CC component Retains the CC component

L-1 and removes HF images and removes HF images
- Z hi (M)s(n —m) created by non-linearities created by non-linearities

m=0

Shifts the spectrum from the

band to the LF band _

Reduce data -
and creates HF images Compression
Log, m-law
BANDPASS [s1(n) viin} | Lowpass [ti(n) | SAMPLING [y (m)| amPLITUDE [X1(m)
" FILTER1 NONLINEARITY === "¢, rep 9 REDUCTION | |COMPRESSION[—
ION
\
(20-30 Hz)  (40-60 Hz)
® ® e ® L
s (n)
— ® ® ® ® ®
@ o ® ® L
BANDPASS [Sa(n) vain) LOWPA ta(n) SAMPLING ug(m)| ampuTuDE [*a(m)
—CL FILTERG | NONLINEARITY[— LOWPASS RATE COMPRESSION
REDUCTION X
Figure 3.4 Complete bank-of-filters analysis model.
1. PBF -uniform-non/uniform (log, Mel, Bark) 4. Fes reduction(~50Hz)
2. signal rectification - FPB output >>Orig. 5. Amplitude compression - laws A, u

3. LPF — comp < 20-30Hz 28
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Typical waveforms and spectra of a voice speech signal in the bank-of-filters

analysis model.
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Uniform Filter Bank

No.

Filter Band Central . _ _ il
(no Overlapping) Frequences fi = ( AJI 1<1<Q
_N
Q="

_\ 1 2 3 Q
Fs
-_—W_—
4 { $ + + { + f
Fs 2Fg 3Fg QFg
N N N N

Ideal (a) and realistic (b) set of filter responses of a Q-channel filter bank
covering the frequency range F; /N to (Q + '/)F;/N.

Q — filters are uniformly distributed over the SS frequency band 30



Non-uniform FB

— Frequency log scale
— Critical band scale
— Mel Scale

— Bark Scale

Logarithmic frequency scale

e For QBPF, central freq., f; .., band b;:

Arbitrary band
bl =C for 1st filter
bi:abi_]_! ZSiSQ

i—1 b . b
log. growth f=f+2.b+ (b =)
Factor usual 2 -1 2

Central Frequency
Arbitrarily for the 1st filter

31



C =200Hz; f,=300Hz;, o=2;, Q=4
] (a)
w 1 i=1 i=2 =3 iza
(@]
2
E 200
g po——an— 400 —epa——g800 ————— 1600 —
3
o 1 1 i 1
0 200 400 800 1600 3200
f ta f3 f4
C=50Hz; f, =225Hz; =133 Q=12;
} i) j=3 ()
w | tr2fie4i=5i=6 =7 -8 =9 i =10 i=19 iz12
2 |so
> 65 1300170 200| 260
Z 'gg -~ =340 10— 400 —te— 520 ——eto—— 680 — o~
s
0 il 1 1 1 1 1 § i 1 1 -
200 4 4%0046 0630 800 1000 1260 1600 2000 2520 3200  f

250315 8

f1fofzfy fg

fe f7

fa

fo fi0

Ideal spectifications of a 4-channel octave band-filter bank (a), a 12-channel third-octave band filter bank (b),
and a 7-channel critical band scale filter bank (c) covering the telephone bandwidth range (2003200 Hz).
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The critical (perceptual) band scale

']
. (©
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o
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z
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; 200 ] 230

o —— gt 2 90O 350 —ew— 450 600 aso =
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o] 200 400 630 920 1270 1720 2320 3200 ¢
fy fo fa ts fs fe f-

Ideal specifications of a 4-channel octave band-filter bank (a), a 12-channel third-octave band filter bank (b),
and a 7-channel critical band scale filter bank (c) covering the telephone bandwidth range (200—3200 Hz).
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ceptually based critical band scale. 33
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Figare A8 Typical waveformms and spoctra for analysis of a pure sinuasold
in the filter-bank mmodel.

Ex. Simplified, for BPFi
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BANDPASS LOWPASS
—> ftert [T MAGNITUDE p—= FILTER 1 —3=! DECIMATE +—={ ENCODE }—>=
L] - L] L ] [ ]
MAGNITUDE
SIGMALS
xin)
- - L] [ ] -
BANDPASS LOWPASS
_—
s 00 B b PLTERN | | P AR -‘mmmz [=
VOICING V/UV SIGNAL
| DETECTOR -
PITCH PITCH SIGNAL
> DETECTOR >

Block diagram of channel vocoder analyzer.

35



Analyzer Transmission Synthesizer

Band-pass Recti- Low-pass | Modu la- Bond-pass

fitters fiers filters : :tors filters
200 - | _ L] 200- |
soonz [ 1 [ 22H2 : EQ '{300&4:
| |
o | =
asonz 1P —{2ore - <+ 280n:
Microphone ; ' - : Speaker
! i !
| ' | ) ‘oo '
Do IR T T O I N O I <
——— ' . 1 —
Speech i L Speech
2800- | T - 2800~ tput
input 3200Hz—-l »t }—={20Hz -—:- : % 32 . outpu
: 3200H
\
: l
=, o '
unv
detector : : Swiich
FTTTTT ,
Pitch : : H Puise Noise
ex!ractor , | generator| | generator

Structure of the (channel) vocoder.



15-Channel
vocoader

Ex. What is the compression
ratio of a Q=16 PBF channel
vocoder processing SS at
B-band<8kHz compared to PCM
coding? Let's assume that

fes =20kHz, and the ADC
resolution is 12 bits.

S PEE CH COMMUN I cC A
37

Fig. 6.63 An example of a 15 channel vocoder. (After Flanagan [31]).



5. Cepstral analysis

— Speech analysis => estimate the parameters of a speech production model and
measure their variations

SV = excitation * system response

* If you want to separate the SV excitation from the vocal tract response,
homomorphic filtering methods are used Linear systems respect the principle
of superposition:

L]

)..
x(n) y(n) =L [x(n)]

x(n)=ax,(n)+ bx,(n)
v(n) =L [x(n)] = al. [xl (n)] + bL[xZ (n)]



—> Homomorphic systems respect the principle of generalized superposition
(convolution):

x(n) H[ ] .

- For a LTI system

e

y(n) =x(n)*h(n) = Z x(k)h(n—Fk)

k=—wn

The principle of “generalized” superposition replaces + by convolution * :

x(n) = x;(n) *x,(n)

y(n) = H[x(n)| = H|x (m)]*H[x,(n)]

39



*  Homomorphic filtering => homomorphic system [H], which allows the desired
signal to pass unaltered and stops the unwanted signal.

xX(1) = x;(n)*x,(1) x1-unwanted

H | x, (I’F)] —> X, (1)

H|x(n)|=H|x (n)|* H|x,(n)]

H _:1(1?)] — o(n) - removal of x,(n)

H [.1*(1?)] =0(n)*x,(n)=x,(n)

- For linear systems, we can draw an analogy with additive noise elimination

Voiced T I T
Unvoiced %ﬂww

uln] —=

H(z)

— = 5[] U ” “

et



The canonical form of homomorphic convolution

* +

+

~ 0]

x(n)

X1(n) * xz(n)

x(n)

—>

x(n) + %,(n)

|

|

+

+

y,(n) +y,(n)

;(n)

o

*

y(n)

y‘(n) * YZ(n)

- Any homomorphic system can be represented as three cascaded systems for

convolution

1. The system takes the convolution input and combines it to make additive outputs

2. System is a classical linear system.

3. 3rd is the inverse of the first system - additive inputs into convolution outputs

x(n) =x,(n)*x,(n)

x(n) =D, [.T(H)] = x, (1) + X, (n)
v(n) = L[:?l (n) +x,(n) ]: v, (1) + v, (n)

yv(n) =D [{1 (n)+ v, (H)]: vy ()= v, (n)

- Convolution

- Additive relationship

- Linear system

- Inverse convolution
relation



The frequency canonical form

- It is found a system that transforms the convolution into a sum

x(n) = x;(n) *x,(n)
X(z2)=X(2)- X,(2)

- The logarithm function transforms the product into a sum

X(2) =log[X(2)] = log[ X, (2) X,(2)]

= lmg[)fl (:)] +log [Xz (:)] = }E'l (2)+ }E'E (2)
Y(z)= L[i’l (2)+ i’g(:)} =Y (2)+Y,(2)

¥(2)=exp| () +1,(2) | =K () %(2)

> Iog[
X(z)

J

+ +

X|(Z)' Xz(Z)

—> |
X(z)

+

+

X,(2) + Xp(2)

?,(z)+;r2(z)

Q(z)

—

o]

]

D, [x(n)] =x,(n) + x,(n) = x(n)
D.[X(2)]=X,(2)+ X, (2) = X(2)

>
Y{iz)

Y, (2)-Ya(z)



ES DFT

x(n)

Cepstrum for SS

X (el W *)

LOG

MAGNITUDE

— Signal z(n) = z1(n) * x2(n)

— Transformee de Fourier (pour passer de la convolution a une
multiplication) X (w) = X (w) X2 (w)

— Logarithme

X (w) = In[X(w)] = In[X1(w)] + In[X3(w)] = X1 (w) + Xa(w)

— Transformee de Fourier inverse. Le signal revient dans le domaine

temporel mais 1l reste additif. z(n) = z1(n) + z2(n)

X(n)

%

_|_

I.F

_|_

+

Ln

T.F.I

x(n)

43
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s(n) w(n) x(m) X(k)

—_—

c(m)

| FFT | Log

w'(n)

X*(K)

c(m)

e

” FFT

Detec!iﬂ

FF

-

IFFT +—

Smoothed
Spectrum

FO Detection

Speech
cpectrum

The voiced spectrum
is the product of fine
and formant structure

|

*’ HLHW — Log(|.) —*
!‘rﬂ .
£
Around the origin
related to Tl]EIll tract
1 Ce(n) N
— = f

1 Periodic pulse relate
! pitch (glottal pulse)

—que-frency



Spectru ! FFT + FFT cepstru
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spectru ¢ FFT + FFT cepstru Cepstru FFT
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FFT cepstrum and its Fourier and smoothed spectra for a speech frame ("a") (256) uttered
by a woman, using a 3.2ms liftering window

A
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FFT cepstrum and its Fourier and smoothed spectra for a speech frame ("a") (256) uttered
by a woman, using a 1.2ms liftering window
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x(n) time domain signal

x(w)=dft(x(n)),frequency
signal
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Liftering

to find the glottal excitation

cepstrum (remove this part for siEl |
speech recognition. ' Mt

0
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: Quefrency {samples)
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Vocal tract
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e Low time liftering: Used for
— Magnify (or Inspect) the low time to Speech. _
find the vocal tract filter cepstrum TEEOHIIOT Glottal excitation
\ Cepstrum
. AN
mi N
02 / : . . :
e High time liftering: -y i Cepstrum !
— Magnify (or Inspect) the high time !
01F : i
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Reasons for liftering Cepstrum of speech

e Why we need this?

-remove the ripples of the spectrum caused by glottal excitation.

Too many ripples in the spectrum are
caused by vocal cord vibrations.

But we are more interested in the speech
envelope for recognition and synthesis

, Fourier
1 Speech signal, x[n] Spectruny of speech signal, X{w)

Transform ,,¢
0.5F : = "
3 'Q : f %— OF/
= o F) .o @
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-0.5F 1
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_1 L i L 1 | i L ] L 1 i 1 L i
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Speech signal x(n) Spectrum of x(n) 54



Homework

SS is sampled at 20kHz. For short-term spectral analysis, a sliding window of 20 ms is used,
which moves by 10 ms for the analysis of consecutive frames. The radix-2 FFT method is used to
calculate the DFT.

1. How many samples are used for each analysis frame?
2. What is the frame analysis rate for short-term spectral analysis?
3. What is the size required for DFT and FFT to guarantee the absence of temporal aliasing?

4. What is the frequency resolution (Hz) between 2 consecutive samples?
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