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Principle of Feature Extractign
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Influence of signal windowinb
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Hamming: w(n) = 0.54 — 0.46c0s(2 = x/N = n)

Linear Prediction Coding, LPC

- Historically one of the most important speech analysis techniqueq.
- Principle: Perform a linear prediction of the next sample as a weighted
sum of past samples

P
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- This linear filter has the transfer function:

1

Hz = —————
S T P

Linear Prediction Coding, LPC
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Idea: take into account the auditory system

Perceptual Linear Prediction, PLP
(Hermansky, 1990)
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Fourier Transform

Fourier transform of a signal x(t) :

- 1 = jer
X(w) = - _fx(t)e ot dt

Discrete Transform Fourier, DFT:

Discrete signal: x[n] n=0, N-1:
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Computation aspects: FFFgst Fourier Transform)
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Principle of spectrogram




Spectrogram reassignation
(Auger and Flandrin, 1995)

Idea: obtain a spectrogram optimal in terms of time &mduency precision.
Principle: place each point of the Fourier transform in mpo

of coordinatest(, ) where the energy of the signal is really present.
This point corresponds to tleenter of gravity of the signal energythe window:
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Spectrogram reassignation
(Auger and Flandrin, 1995)

In contrast to classical spectrograms, the enerdpetdisplayed at each point,
calledReassis the sum of all the energies that have beegrees to this point:

dw
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Bilinear Analyses

Limitation of spectrograms: lack of simultaneousoteson in time and frequency
(Heisenberg uncertainty principlef . t 1/4p (equality for Gaussian window))

=>Basis of time-frequency analysis revisited (Gali&#46)

In particular, computation of spectrograms by feiindistributions in which the
analysis window is replaced by a “kernel{« Cohen class »)
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Examples of the Cohen class

j ()=1 Wigner Ville

j ()= W(%).w(%) PseudoWigner Ville

o - (u-1)? o
)= ex Choi Williams
7 () p( at?s )

Japt?ls

Better resolutions than conventional spectrograms,
but pertinence to human auditory perception questionable.

Artifacts...

Sinusoid from 1 to 7 kHz in 3 ms

Spectrogram
narrow band

Spectrogram
large band
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Cepstral Analysi

- Speech signal: convolution of an input signal and the impulse respdra production
model.

- In order to caracterize the signal in terms of the paramefetse model, we must carry
out a deconvolution.

[92)

- Cepstral analysis is a common procedure used for de-convalution

- Association with a Mel scale, MFCC
(Mermelstein and Davis, 1980):
most popular analysis method for ASR

Mel Frequency Cepstrum Coefficients, MFC|

HUHRR
[ mrcc |

MFCC
IDFT

- Preaccentuation
- CC elimination

- Hamming windowing

IMFCC and related. .|

Linear Predictive Cepstral Coefficients, LPCC:

...but also Gammatone Cepstral Coefficients, GTCC:




Ear models
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Idea models inspired by the human auditory system

Example Gammatone filter to mimick the cochlea

Gamma envelope

Cosine wave

Gammatone filter

Example of Gammatone filterbapk
(after Chenget al,, 2005)

Use of Gammatone filterbank
(after Abdulla, 2003)

FFT +
Gammatone filtering
Preemphasis
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Gammachirp filter
(Irino and Patterson, 1997)

- The Gammachirp filter is constructed by adding a freqyenodulation term
to the Gammatone function.
This filter a good model of the asymmetric, level-departcauditory filter.
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Frequency Filtered Parameters, FF
(Nadeu, 2001)

Idea: keep the advantages of
- spectral coefficients: interpretation
- cepstral coefficients: decorrelation

l:l - Preaccentuation
- CC elimination DFT
- Hamming windowing

TSSP

FF

TemporelSequences oBpectralParameters

Channel Normalization

A simple, yet efficient technique, to reduce signal
variability is channel normalization:

- Cepstral Mean Normalization, CMN (Furui, 1984nd variantg:
Subtraction of cepstral mean to the cepstral coefftsien
Reduce time-invariant distorsions (channel, recordiexgice)

- RASTA (Hermansky, 1994):
Temporal filtering with a bandpass filter:

Associated with PLP: Rasta-PLP and JRASTA-PLP




Effect of cepstral mean normalizati|on

Representation ofycoefficient (energy of the signal):

Spectral estimation: MVDR
(Minimum Variance Distortionless Response

Principle the signal power at a given frequencyis
determined by an FIR filter designed with the constraint
that its response at this frequency has unity gain:

Interest MVDR eliminates the overemphasis of
harmonic peaks typically seen in medium and high
pitched voiced speech with classical spectral estimatio

Short-time spectrum and MVD|R

MVDR Low order LPC
High order LPC

FFT
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Principle of MVDR/MFCC analysis for noisy ASR

(after Dharanipragada)

Non-linear analyses

- Deficiencies of the linear model of speech production.
- Speech analysis based on non-linear models
in order to (Kubin, 1995):

- take into account phase information

- cater non-Gaussian signals

- deal with rapidly changing speech dynamics

- reveal information about non linear speech product
mechanisms

=>|nterest for high order statistics: bispectrum, etc.

o

Bispectrun

Definition:

Usages
- noise suppression

- voice activity detection
- noisy speech recognition (Onoue, 2008)
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Bispectrum computatign

Wavelets

Time-Scale analysis vs Time-Frequency analysis

Example: Real part of Morlet wavelet
Blue:a=1andb=0
Red:a=2andb=-5
Green:a=3andb=5

Other wavelets
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Applications of wavelets

Many uses in signal processing, particularly speeohgssing

- coding

- denoising

- computing energy in sub-bands
- approximating the Mel scale

- replacing the cosine transform

But no decisive advantage for speech recognition...

Conclusion

The core acoustic operation has essentially remained the sa
for decades:

the feature vector often derived from the power spectruman26r30ms
window, steeped forward by ~10ms step

Systems using short-term cepstra (MFCC) have been sudceq
in numerous applications but there are still significant
limitations, particularly for conversational speech and/or $pe¢g
with significant acoustic degradations.
Human phonetic categorization is poor for extremely short
segments (<100ms):

analysis of longer time regions is perhaps important
Determine optimal window sizes and frame rates for different
regions of speech: a signal-adaptive front end
Keep investigate alternative solutions: MVDR, non linear
analyses, bispectra, wavelets, etc.
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