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@ Introduction

o Brief overview of voiced-driven biometric applications
s Principles of speech production (voice properties)
@ Problems of voiced-driven biometric techniques

@ Speech characteristics and features for identification
Speech pitch (fundamental frequency)

o Spectral characteristics

o Formants

@ Cepstrum, cepstral distance

<

@ Spectrographic techniques
(expert based identification /verification)
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Introduction, speech production
and general overview of
speaker recognition task



Applications of voiced-driven verification/identification

o verification of speaker identity (security application)
¢ motivation for an usage of voiced-driven system:
- naturalness of voice communication
- replacement of more complex systems
o authorized access (to a system, bank account, object, etc.)
o criminalistic and judicial practice, i.e. forensic applications
(frequently still subjective phonetic analysis of voice)

o identification of speaker identity (recognition)
- call centers - identification of clients
(often troublesome and annoying ones)

@ identification of a speaker with most similar charactersitic
used often within advanced speech recognizers
(LVCSR - dictation and transcription systems)

- speaker dependent models (for one user/person)
- gender acoustic models
- group models



General speech properties

Speech production - Human articulatory organum

nasal cavity

__teeth and lips
buccal cavity
tongue

bony §hard) palate
velum (soft) palate
axial cavity

vocal cords

i/
to stoma

to lungs

Genesis of acoustic speech signal (sound wave):
- excited by air flow from lungs (wideband excitation)
- change of excitation character by vocal cords (vibrating/slacked)

voiced/unvoiced
- frequency modification in vocal tract cavities (and external articulators)



Samples of different parts of speech
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Speech production - signal model of speech genesis

fo Parameters of
i articulatory
G (amplif.) system

generator W

of pulses \—‘ ’—‘
s[n]

L ulnl | Model of [

’ production
generator voiced/unvoiced
of noise Leluber et

Speech production model - AR model S(z) = H(z) - U(z)

G
H =
(2) 14+ a1z714+...a,z7P

- the simplest case of modelling
- easy identification of parameters ay, ..., a, using LPC
- modelling of resonators ( cavities ) within articulatory system



General properties of speech signal at acoustic level

@ generally non-stationary signal

@ quasistationary signal (10-30 ms)

@ quasiperiodic vs. non-periodic (voiced vs. unvoiced)
@ band-limited (8000 Hz resp. 4000 Hz) — f;

= important for computation of speech features



Biometric identification based on speaker originality

speaker voice originality - pitch and color

- speaking style - various duration of phones, speech rate, etc.
general variability of particular realizations - PROBLEM
voice imitation - PROBLEM

Biometric identification

[\)
2
B .
= Iris
Hand
Signature
Fingerprint
Face
.~
Voice
accuracy

+ differences in pitch, color, or prosody of speaker voice
— possible identification based on voice or speaking style

— general variability of particular realizations
— decision is ambiguous !



Voiced-Based Speaker ldentification (Verification)

Possible solutions of speaker identification:

- subjective expert-based decision
(phoneticians, linguists, spectrographic methods)

- modern automated methods

Speaker
database

signal (spky)
O—

features
acoustic creation of
analysis voice
y reprezentation

—| COMPARE

Motivation for usage of voice-driven identification
- naturalness of voice communication, rather easy implemetation
- necessary choice when only voice is available
(e.g. anonymous calls, forensic tasks, call centers, etc.)
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Speech features

for speaker recognition



Speech features in speaker recognition tasks

General requirements for features used in speaker recognition
@ high variability for different speakers

@ low variability for one speaker
(influenced by: state, mood, stress, noise, speaking style)

@ easy and efficient computation
@ noise and distortion robustness (above mentioned phenomena)

@ robustness to voice imitation

4

Inner characteristics - related to human voice apparatus

Learnt (given) characteristics - related to dynamic of
voice apparatus movement (given by environment)



Choice of speaker recognition features - problems

Inner speaker characteristics

@ given by physical dimensions of vocal articulatory organum
(difficult to imitate)

@ influenced by a health state (a disease)
(e.g. nosal cavity : unchaged dimensions during an
articulation — small influenza = principal change)

Learnt (given) speaker characteristics
@ speaking style (timing, intonation, roughness, vitality, force,

intelligibility) — complex speaker characteristics
(use by a human for natural indentification)

@ not so easy to be modelled

@ speaking style is easy to be imitated



Speech pitch

fo

generator
of pulses

Parameters of
articulatory

G (amplif.)  system
I g

generator

of noise
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\ production
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bzl

o fundamental frequency f, =1/T,

@ for voiced sounds with harmonic structure

@ related to vocal cords vibration

@ value of f, is influenced by vocal cords properties
(elasticity, weight, length)
— possible (rough) speaker feature



Pitch - estimation techniques
- (-z)

The most frequent estimation - from autocorrelation function
(looking for side maximum of ACF)

signal frame
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Time dependency of pitch in an utterance

Short utterance - word

200 T
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Frame No.

Longer utterance - sentence
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Time depandency of f, — utterance intonation (given feature)
Mean value of f, — speaker pitch (inner characteristics)



Spectral characteristcs of speech

f, Parameters of
i articulatory
G (amplif.)  system
generator el

of pulses \—‘ ’—‘

~ u[n] Model of SLH]

\ production
generator voiced/unvoiced

of noise L] 1

spectral characteristics are related to vocal tract state

Question: "What's suitable spectral feature for speaker recognition?”



DFT based spectral analysis of speech signal

Typical setup of DFT-based spectral analysis of speech:

@ speech is non-stationary
= processing in short-time frames is necessary (spectrogram)

@ speech is quasi-stationary
(i.e. stationary in short-time sense - approx 10-100 ms)
= 20-30 ms - length of short-time processing frame

@ DFT spectrum - standardly affected by spectral leakage
= using of weighting window is necessary (Hamming)
= segmentation with overlapping is necessary (usually 50%)

1

2 ’
w[n] = 0,54 — 0, 46 cos %”

pro0<n<N-1. 0z
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Various spectral representations of an utterance

Spectrogram of whole utterance

%Ii

Short-time spectral representations (for selected S-T frame)
Downslope of magnitude spectrum - higher frequencies - lower energy
DFT spectrum: LPC spectrum: Cepstrum:

.
= Mgt~

300 2000 4000 6000 8000 - 0 2000 4000 6000 8000 - 0 2000 4000 6000 8000
256 spectral samples 16 coefficients aj 16 coefficients ¢,
(magnitude sp.) (autoregressive coef.)  (real cepstrum)




Preemphasis of signal

Purpose: compensation of magnitude spectrum downslope
s'[n] = s[n] — m - s[n — 1], m = 0.97

Frequency response of preemphasis filter
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[llustration of impact of preemphasis in spectrogram
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Linear predictive analysis - AR modelling of speech

P
Linear prediction : 5[n] = — Z aks[n — k] .
k=1

Linear predictor

s[n] i m m ’
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—ay —ay —ap_1

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Error signal (measure of predictor quality)

e[n] = s[n] —5[n] = s[n] + Z ais[n — k] = Z ags[n— k] .
k=1 k=0

- R ‘
=] i =] l L :
ai a2 ap—1 ap
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Principles of LPC analysis

IDEA: more precise prediction — lower level of error signal

Criterion - power of error signal

J= E{e2[n]}

Looking for coefficients a, = Minimizing of prediction error
= looking for minimum of J, i.e.

oJ
— =0, for kK =1,2,...,p = p linear equations
8ak

Solutions and computational procedures
(for varying definitions of J):

@ autocorrelation method - the most frequent approach
(Yule-Walker)

@ Levinson-Durbin alg. (fast computation of Yule-Walker eqs)

@ Burg algorithm - originates from lattice structure of FIR filter



Autocorrelation method, Yule-Walker equations

RO) RO REI .. Rp-11] ¢, 4
R[] R[O] R[] R[p—2] .
R2] R[] R[] - R[p-3]

Rlp—1] R[p—2] R[p—3] ... R[0] .

R[K] .... autocorrelation coefficients of analyzed signal

RESULT:
ak .... autoregressive coefficients (AR model)
P
P, = R[0] + Z akR[k] .... power of error signal

k=1

RO T

R[2]

| Rlp] |



AR model of signal

p
Decorrelating (analyzing) filter : A(z) = Z az "
k=0

s[n] o——= A(z) ——=o €[n]

Synthesis with real error signal (ideal case)
1

Az)

e[n] o—— o0 s[n]

Synthesis with artifficial signal with unit power (AR model)

- G is related to the power of prediction error (G = /Pp)
G

Alz)

u[n] o——» o0 3[n]




Spectral representations of AR model

General description of AR model (AR synthesis) in Z-domain
S(z) = H(z) - U(z)
Description of AR model in frequency domain
Ss(€”) = [H(&”)? - Su(e”)

Properties and consequences: - S,(e/?) is flat
— shape of Sz(e/?) is completely described by AR model

Y
LPC spectrum (if S,(e?) = 1)

G2

Sz(e?) = |H(?)? = TA()2



Comparison of LPC and DFT spectra

|SIKII?
N

Sz(€9) = [H(&®)?
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A 2
@ AR model: “all-pole” filter, — it models peaks in the spectrum
@ general peak is modelled by a pair of complex conjugated poles

@ higher order of AR = higher number of peaks in LPC spectrum
— typical values: p = 10 for f; = 8 kHz, p = 16 for f;, = 16 kHz

4

coefficients a, (within H(e/)) = compressed spectral reprezentation



Formants - definition

@ Formant (formant frequency)
— central frequency of vocal tract rezonator

@ significant peaks in SMOOTHED short-time spectrum
@ significant formants are F1 - F4, i.e. in the band upto 4 kHz
@ F5 - negligible (also higher estimation error)

@ !l Do not confuse formant vs. pitch fy !!
( fo is not identified in smoothed spectrum)

!

Relationship to vocal tract anatomy = suitable inner feature
(formant frequencies are inversely proportional to vocal tract length)
2i—1)-c
p_@i-1)
4.VTL



Formants - LPC-based estimation

peaks in LPC spectrum - rezonators = formants
Fi - formant frequency (central freuency of rezonator)

B; - band-width of formant (rezonator)

e © ¢ ¢

peaks are defined by poles p; of transfer function H(z)

Fi = fs-arg p;/2m
B; = —fs -In |p,-|/27r

Problems:

generally lower robustness of LPC analysis (data dependency)
@ sensitivity to choice of AR model order (for noisy conditions)
s removing of redundant poles (negligible peaks)

s sorting of computed poles (tracking of particular formants)

<



LPC based formant estimation - EXAMPLE

Signal waveform
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Formants as features for speaker recognition

Formants in speaker recognition:
- distance between neighbouring formants
- dynamics of formant changes

Special features:
e F2in “n"
@ F3in “u”

o F2in "i"

°

duration of “k"

...... general formulation .....

frequency of selected formant in selected phone
band-width of selected formant in selected phone
FO trajectory in selected sentence (word)

e © ¢ ¢

average value of FO in selected sentence (word)

= text dependent features



Cepstrum - definition and basic properties

Principal definition on the basis of Z-transform
e[n] = 2~ {In Z{x[n]}}
Direct computation using DFT
ck[n) = IDFT{InDFT{x[n]}} ... complex cepstrum
¢ [n) =IDFTA{In|DFT{x[n]}|} ... real cepstrum (speech)
¢ [n] = IDFT{In |%D}'T{x[n]}|2} ... power cepstrum

Properties:

@ ¢[n] .... infinite length, it decreases rapidly to zero (LPC cepstrum)

@ ck[n] .... finite length, non-symmetric, phase information

® ¢ [n] .... finite length, even, inf. about ampl. spectrum (speech)

® ¢,[n] .... in comparison to ¢[n], different scaling and c[0]

For all cases - cepstrum has always real values (speech is real signal)



Cepstrum - basic terminology

Basic word anagram: spectrum vs. cepstrum

Further anagrams:
@ quefrency (frequency) - basic variable of cepstrum [sec]
o lifter (filter)

o liftering (filtering) - modification of cepstrum
(weighting, cutting, shortenning)

@ short-time lifter (low-frequency filter)

@ long-time lifter (high-frequency filter)



Properties of real DFT cepstrum

¢/ [n] = IDFT{In | DFT{x[n]}|}

Properties:
@ Periodic and symmetric
@ The first part - basic information about a shape of magnitude

spectrum
i.e. spectrum of non-periodic part of the signal
i.e. spectral envelope (smoothed spectrum)

£
| XIk] |

ol
L

0 100 200 300 400 500

. . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500 !
n (quefrency) k (index of spectral component)

Smoothed spectrum: [ X[k]| = ePFT{enwal}



LPC cepstrum

Input: parameters of AR model - ax, G = /E,

C0:|nG
1n—1
n— —dn— — —k n—vf :1527"'7 ’
c a n;(n )akCn—k, forn p

(n—k)akcp—k, forn=p+1,p+2,...

o
Il
|
S|
X
M-
i,

Properties:

o Coefficients of Taylor expansion of In H(z) (inverse Z-transf.)
Infinite length, the first values are again the most significant
Recurrent computation
It does not contain stochastic component

Shape of spectrum is related to LPC spectrum



Cepstral analysis in speech processing

LPC spectrum: Cepstral-based estimation of PSD:

[ Mv‘ tu
o M WMM@W NJJM

0 2000 4000 6000 8000 0 2000 4000 6000 8000

@ The first cepstral coefficients carry principal information about
magnitude spectrum shape (12-20 cepstral coefficients)

@ cepstra of similar frames are grouped in clusters (!!!)
— suitable features for recognition (classification)
@ cepstrum carries an information about vocal tract

— possible usage for automated voice identification
TEXT INDEPENDENT FEATURE !!



DFT and LPC cepstrum - block diagrams

Computation of DFT-based cepstral coefficients

s[n] S[K] In [S[K]| Cn
o— DFT = In|| = IDFT —o0
s[n] S[K] In [S[K]| Cn
o—| DFT = In|| » DCT ——o0

Computation of LPC cepstral coefficients

s[n] ak Cn
o— LPC a—»c — »0

Y




Mel-cepstrum - melodic frequency scale

More suitable computation of cepstrum for speech :
~ modeling of non-linear frequency perception by human

Non-linear frequency warping - melodic scale
fmel = Mel (f) = 2595 |Og10 (1 + m)
f = InvMel (f,e/) = 700 - (10% —1)
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MFCC - Mel-cepstral coefficients

Block scheme of mel-cepstral coefficient computation

s[n S
o[—]> DFT 1K

fme/,k In fmel,k
= Mel-BF -

= In(.) > DCT o0

Energy computation in one band

2 1
2
8
4

uu“wﬂ [IThRNY
N/2 (

HH ‘HH“‘H\ |
il \ i
T — In Z |S[k]|2Hme/J[k] 02‘\““\‘”\ ‘\/ ‘\L“\H‘\“\\\
k=0

Al
01 02 03 04

Computation of cepstrum using DCT

P .
2 T,
ci =4/ P jEZl gj cos <F(_] - 0.5))

@ the most frequently used features in ASR
o used for SPEAKER identification as well

(text independent speaker identification /verification)



Cepstral (spectral) distance
Spectral distance based on L-norm

[ 1Su(e)P -
L, = /In %d@ (definition of Ly-norm)

—T

3 1n SI14F
~ > In |51[k]|2 (computation from DFT spectra)
2
k=0

Spectral distance

S(e)[? [dB]

Nyquist frequency — 6

— quantification of the area between given two spectra (curves)



Cepstral distance

Cepstral distance

L
CD = | (cs[0] — cx[01)2 + 2> " (cs[k] — cx[K])?
k=1

Cesptral distance

Spectral distance

18(€)/? [9B]
18()/? [9B]

Nyquist frequency — 6

2
Nyquist frequency — 6

@ CD approximates spectral distance based on Ly-norm
@ |t uses just the first part of cepstrum

@ Distance is related to spectral envelopes
(i.e. smoothed spectra)



Various definitions of cepstral distance

Euclidan distance: CD = (cs[k] — c[k])?

Euclidan distance without
c[0]: D=

-] 1M

(cs[k] — ex[k])?

k=1
. . L
square Euclidan distance B 3
without ¢[0]: D = ;(Cs[k] — cx[k])

L
weighted (liftered) cepstral B B ,
distance: D = ;W[k](cs[k] e« [k])

Always some kind of quantification of spectral difference

Varying sensitivity and varying scaling



Expert approaches to speaker identification

@ Forensic linguistics and phonetics
@ observation of distinctive features in speaker speech
o focus on articulatory pecularities
s typical tracks of speech melody (intonation)
o traditional approach: subjective classification based on listening

@ Spectrographic methods
o usage of representations based on discussed speech features
(spectrograms, track of pitch - f,, formant trajectories, etc.)
@ solved again at expert level (additional supporting approach to
standard subjective classification)
o focus on details of selected phone realizations
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Spectrograms & Formants & Pitch - Praat estimation
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Spectrograms & Formants & Pitch - Praat estimation
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Thank you for your attention !




